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Article
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* Correspondence: gspanos@iti.gr

Abstract: Achieving the Sustainable Development Goals (SDG) requires a transition from conventional
fossil-fuel-powered vehicles to alternative energy sources, such as electricity. However, accurately
forecasting energy consumption remains a critical challenge in the widespread adoption of Electric
Vehicles (EVs), as it directly impacts operational efficiency, route planning, and charging strategies. To
address this, a novel approach is proposed, combining advanced machine learning models—such as
XGBoost, Random Forest, and regression-based techniques—with innovative dataset manipulation us-
ing statistical methods. The methodology integrates feature engineering to incorporate vehicle-specific
metrics, including driving patterns and environmental conditions, ensuring models dynamically adapt
to real-world scenarios. The proposed framework demonstrates high accuracy and robustness in
predicting energy consumption, providing valuable insights for sustainable transportation and efficient
energy management toward SDG achievement.

Keywords: Machine Learning; Statistical Analysis; Energy Consumption Forecasting; XGBoost; Ran-
dom Forest; Regression

1. Introduction
The global shift from traditional fossil fuels to renewable energy sources marks a pivotal step in or-

der to achieve Sustainable Development Goals (SDG). In particular, toward sustainable transportation,
the key component is the transition to the electric vehicles (EVs) as they offer a cleaner alternative to
internal combustion engine vehicles [1]. However, despite their growing adoption, several challenges
prevent their widespread use, such as driving range, charging time, battery cost, and battery weight
[2].

Energy consumption plays a crucial role in the operation of electric vehicles, as it affects their
efficiency, the planning of their routes, and the scheduling of refueling [3]. Energy consumption
in EVs is highly dynamic and its influenced by factors such as driving patterns, traffic conditions,
weather, and vehicle-specific metrics. Hence, one of the most prominent challenges pertains to the
inaccuracy in the prediction of energy consumption under varied driving conditions [4]. Accurate
energy consumption forecasts can help drivers better manage their vehicle’s performance, contributing
to more efficient driving and energy usage [5] and in general, to optimize of the overall use of electric
vehicles. Hence, poor predictions of energy consumption result in inefficient charging infrastructure,
higher range anxiety for the driver, and inefficient energy management strategies.

Several machine learning models have been employed to improve prediction accuracy, however,
existing approaches often fail to capture the temporal dependencies and variability inherent in real-
world scenarios [6]. For instance, many models rely on static datasets that do not account for the
fluctuating energy demands caused by stop-and-go traffic, elevation changes, or extreme weather
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conditions. This limitation not only reduces the reliability of predictions but also undermines user
confidence in EVs, slowing their adoption.

Energy consumption forecasting, particularly for long-term predictions, is essential for effective
infrastructure planning [7]. Accurate forecasting is crucial for optimizing the placement of charging
stations and managing energy distribution efficiently. As the EV market continues to expand, existing
infrastructure will face increasing strain, necessitating the development of reliable energy consumption
models [8]. Addressing these challenges is fundamental to ensuring the long-term viability of electric
vehicles and facilitating a seamless transition toward sustainable transportation.

In this article, a novel framework for EV energy consumption forecasting is proposed leveraging
advanced machine learning models and innovative data preprocessing techniques containing statistical
analysis. More specifically, the suggested approach using a publicly available dataset addresses the
energy consumption forecasting problem by i)incorporating feature engineering to capture vehicle-
specific metrics and environmental conditions, ensuring adaptability to diverse real-world scenarios,
ii)leveraging statistical analysis of the extracted features, and iii)employing machine learning algo-
rithms such as XGBoost, Random Forest, and regression-based models. The purpose of the current
research is to deliver high-accuracy predictions that support sustainable transportation and efficient
energy management.

The remainder of this paper is structured as follows. Section 2 provides a review of related
work, highlighting current advancements and limitations in EV energy consumption forecasting.
Section 3 details the methodology, including dataset preprocessing, feature engineering, and model
implementation. Section 4 presents the experimental results and discusses their implications. Finally,
Section 5 concludes the paper and outlines potential future directions.

2. Related Work
In recent years, the rise of EVs has driven extensive research into optimizing their energy con-

sumption. This has led to the development of machine learning models for predicting energy usage,
along with applications designed to help users manage their vehicles more efficiently. In the following
paragraphs representative research studies focusing on energy consumption forecasting are presented.

Huang et al. [9] introduced a novel approach to understanding the factors influencing EV energy
consumption. The study addresses a key limitation of previous research studies, which primarily
examined statistical correlations without exploring causal relationships. By applying double/debiased
ML combined with bootstrap-of-little-bags inference, the authors inferred how various factors affect
energy consumption.

Petkevicius et al. [10] tackled the growing challenge of EV energy consumption prediction, partic-
ularly in long-distance route planning. The authors proposed a two-tier architecture for forecasting
both energy consumption and travel time. The first tier consists of a routing and travel-time prediction
subsystem that generates a suggested route and predicts speed variations. The second tier predicts
energy consumption based on speed profiles, weather conditions, and road slope.

Hua et al. [11] proposed a method for accurately estimating EV energy consumption, emphasizing
its importance for optimizing charging station deployment, promoting eco-friendly driving practices,
and extending EV range. Their approach comprises three key components: segmentation-assisted
trajectory granularity, knowledge transfer from internal combustion engine/hybrid electric vehicles to
EVs, and time-series estimation using a bidirectional recurrent neural network.

Athanasakis et al. [12] introduced a novel methodology for forecasting the State of Charge (SoC)
in EVs. Their approach integrates lightweight regression-based models with feature engineering to
enhance SoC prediction accuracy. To validate the effectiveness of their methodology, experiments were
conducted on both a private dataset of automated EVs and a public EV dataset. The results demon-
strated the efficiency of their lightweight approach and its superiority over more computationally
intensive methods, such as deep learning (DL) models and gradient boosting algorithms.
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Chen et al. [13] addressed the challenges of energy consumption estimation in EVs, particularly in
scenarios where certain features are unavailable. To account for uncertainties introduced by transient
factors, the authors implemented an XGBoost prediction model, which outperformed other approaches
in point-value energy consumption estimations.

Tang et al. [14] presented a predictive energy management approach that optimizes energy
consumption for plug-in hybrid electric vehicles using travel route data. Their methodology incor-
porates battery temperature as an optimization factor in the energy cost function and employs an
extreme learning machine as a short-term speed predictor. By training the speed predictor on historical
real-world speed data and integrating travel route information, the study achieved higher forecasting
accuracy than traditional driving cycles.

Polymeni et al. [15] developed a machine learning-based approach for energy consumption
forecasting in fuel cell electric vehicles. Their methodology incorporated techniques from three distinct
machine learning families—statistical-based models, ensemble methods, and deep learning. Using an
artificial dataset of hydrogen vehicles generated through the Future Automotive Systems Technology
Simulator [16] and considering real-world booking records from an on-demand public transportation
service in the Geneva Canton region, they achieved high forecasting accuracy, with errors remaining
below 10%.

This work distinguishes itself from related studies that focus solely on forecasting energy con-
sumption or State of Charge (SoC) by introducing a novel methodology that leverages machine
learning models—including Random Forest, XGBoost, and regression-based techniques—applied
across multiple time intervals (1-minute, 5-minute, and 10-minute) for energy consumption prediction.
By capturing temporal dependencies at different time resolutions, the proposed approach enhances
predictive model robustness. Additionally, the methodology employs diverse strategies for selecting
input variables, incorporating historical energy consumption, external vehicle-related features, or
a combination of both, representing a novel contribution to the field. Unlike previous studies, this
approach systematically evaluates the impact of exogenous factors such as elevation, vehicle speed,
acceleration, and air conditioning power on energy consumption, ensuring a more comprehensive
analysis of EV energy dynamics. Furthermore, the statistical analysis of these contributing factors, as
presented in this study, has not been previously explored in related research.

3. Dataset Description
Zhang et al. [17] introduced the extended Vehicle Energy Dataset (eVED), an enhancement

of the well-established Vehicle Energy Dataset [18], designed to provide more accurate vehicle trip
data for large-scale energy consumption analysis. The eVED dataset ensures data sufficiency for
machine learning applications by incorporating precise GPS coordinates and enriched features. It
includes a comprehensive set of variables that capture both internal vehicle dynamics and external
environmental factors, essential for understanding vehicle behavior and traffic patterns. The dataset
consists of multiple electric vehicles with diverse operational characteristics, and for this study, three
EVs (vehicle 10, vehicle 455, and vehicle 541) were utilized. Structurally, eVED is formatted as a time
series, representing vehicle routes and their corresponding data over time.

Compared to other datasets commonly used in energy consumption research, such as simulated
datasets [15] or aggregated trip-level records [19,20], eVED offers a higher temporal resolution by
capturing real-world driving conditions at minute-level intervals. This fine granularity enables detailed
temporal analysis and improves machine learning models’ ability to capture short-term fluctuations
in energy usage. Key features influencing energy consumption predictions include vehicle speed,
air-conditioning power, heater power, and smoothed elevation data. These variables provide insights
into both vehicle performance and the external factors affecting energy consumption. As a result, the
eVED dataset serves as a valuable and diverse resource for robust energy consumption modeling
across various driving conditions and vehicle types.
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3.1. Preprocessing and Data Preparation

To effectively utilize the dataset and ensure its compatibility with the selected predictive al-
gorithms, several key preprocessing steps were applied, constituting one of the main novelties of
this study. As previously mentioned, the dataset includes three EVs: vehicle_455, vehicle_10, and
vehicle_541. Initially, a separation based on vehicle ID was performed to distinguish between the three
electric vehicles. Additionally, the original timestamps, recorded in milliseconds, were aggregated into
one-minute, five-minute, and ten-minute intervals, generating three distinct datasets for each vehicle
to facilitate the calculation of energy consumption and acceleration.

Following the initial data filtering, a statistical analysis of fundamental metrics was conducted.
This analysis, inspired by relevant literature [21,22], aimed to better capture variable distributions. By
computing and recording various statistical measures—including mean, median, minimum, maximum,
and standard deviation for each feature—the dataset’s structure and key characteristics were more
thoroughly examined.

Standardizing the raw timestamps into consistent minute-based intervals ensured uniform time
series data across all vehicles. Within these intervals, feature-specific metrics were recalculated, provid-
ing a more detailed and accurate temporal representation of the dataset. The described preprocessing
approach is essential for maintaining consistency across the time series while also improving the
accuracy and reliability of the energy consumption predictions. Table 1 shows the initial variables of
the dataset and Table 2 depicts the dataset after the preprocessing procedure.

Table 1. eVED Dataset Raw Data Variables.

Variable Type Description
DayNum Numeric Numerical representation of the day
VehId Numeric Unique vehicle identifier
Trip Numeric Identifier for each trip
Timestamp (ms) Numeric Time recorded in milliseconds
Latitude, Longitude Numeric Geographical coordinates
Vehicle Speed (km/h) Numeric Speed of the vehicle
OAT (°C) Numeric Outside ambient temperature
AC Power (W), Heater
Power (W)

Numeric Power usage of AC and heater

HV Battery Current (A) Numeric High-voltage battery current
HV Battery SOC (%) Numeric State of charge of the battery
HV Battery Voltage (V) Numeric Voltage of the battery
Elevation
Raw/Smoothed
(m)

Numeric Raw and processed elevation values

Gradient Numeric Road slope gradient
Energy Consumption
(kWh)

Numeric Energy used per trip

Matched Latitude Lon-
gitude

Numeric Matched GPS coordinates

Match Type Categorical Type of GPS match
Speed Limit (km/h) Numeric Road speed limit
Speed Limit (Direction)
(km/h)

Numeric Speed limit considering direction
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Table 2. eVED Dataset Processed Data Variables.

Variable Type Description
1min Interval Numeric Time interval in minutes
Energy Consumption
(kWh)

Numeric Total energy consumed in the interval

Acceleration (Mean, Max,
Min, Median, Std)

Numeric Statistical measures of vehicle acceleration

Speed (Mean, Max, Min,
Median, Std)

Numeric Statistical measures of vehicle speed

OAT (Mean, Max, Min,
Median, Std)

Numeric Outside ambient temperature statistics

AC Power (Mean, Max,
Min, Median, Std)

Numeric Air conditioning power usage statistics

Heater Power (Mean,
Max, Min, Median, Std)

Numeric Heater power usage statistics

Elevation (Mean, Max,
Min, Median, Std)

Numeric Statistical measures of elevation

4. Methodology
In this paper, an energy forecasting framework for EVs is presented, aiming to provide accurate

predictions and insights about energy usage. Considering their particular high performance to different
prediction problems [5,15,23–26], Random Forest [27], XGBoost [28] and regression-based algorithms
[29] were selected in the suggested methodology. The selection of ML algorithms from different families
is in accordance with the literature [15] for generalization purposes of the proposed methodology.

4.1. Machine Learning Models

As mentioned above, XGBoost, a Regression-based model, and a Random Forest model were
implemented. Wang et al. [30] highlighted the Random Forest algorithm as a promising tool for energy
prediction, demonstrating stability, strong fitting capabilities, and the feasibility of homogeneous
ensemble learning in energy forecasting. The Random Forest model, an ensemble learning method,
was selected for its ability to reduce overfitting while maintaining accuracy through multiple decision
trees. It was trained using preprocessed features such as vehicle speed, air-conditioning power, heater
power, acceleration, and smoothed elevation, aggregated into one-minute, five-minute, and ten-minute
intervals. This model effectively captured nonlinear relationships between these features and energy
consumption, ensuring reliable predictions even with a high-dimensional feature space.

XGBoost, a gradient boosting algorithm, was also employed in this study due to its efficiency
in handling large datasets and its iterative learning process, which enhances predictive performance.
XGBoost includes built-in regularization to prevent overfitting, making it particularly suitable for
datasets with diverse driving patterns. The model was trained using the same feature set and time
intervals and underwent hyperparameter tuning, optimizing parameters such as learning rate, maxi-
mum tree depth, and the number of boosting rounds. Ma et al. [31] demonstrated the superiority of
XGBoost for wind power forecasting, showcasing its effectiveness in handling complex time-series data.
Additionally, XGBoost efficiently optimizes hyperparameters using techniques like the Tree-Structured
Parzen Estimator (TPE) [32], ensuring robust and precise results. With these advantages, XGBoost is
well-suited for forecasting the energy consumption of electric vehicles in real-world applications.

A third model used in this study is Dynamic Linear Regression, a well-established technique
known for its simplicity and interpretability. This regression model, widely employed in predictive
analysis for time-series data [4], integrates lagged features of both the target variable (energy con-
sumption) and external factors such as acceleration, vehicle speed, and air-conditioning usage. By
incorporating historical patterns through a lagged structure, the model captures temporal dependen-

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2025 doi:10.20944/preprints202503.0161.v1

https://doi.org/10.20944/preprints202503.0161.v1


6 of 14

cies and the influence of exogenous factors on energy usage. The model’s simplicity allows for easy
hyperparameter tuning and residual analysis, enabling the detection of temporal patterns or anomalies.
As a result, Dynamic Linear Regression serves as a useful baseline for identifying and quantifying the
dynamic factors affecting energy consumption in electric vehicles.

Additionally, an AutoRegressive Integrated Moving Average (ARIMA) model was deployed.
ARIMA has proven effective in handling complex datasets by capturing temporal dependencies within
time-series data. As discussed by Moslemi et al. [33], ARIMA primarily focuses on autoregressive and
moving average components but can also handle non-stationary data through differencing, making it
a suitable choice for energy consumption forecasting.

4.2. Different Input Space

As mentioned in the Introduction, three different approaches were followed regarding the input
space. Specifically, to capture the temporal dependencies in energy consumption, three distinct feature
sets were implemented:

1. Energy Consumption Lags Only: This configuration relies solely on past values of energy
consumption to predict future consumption, identifying auto-correlations within the dataset [34].
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2. Feature Lags Only: his setup includes only lagged values of relevant features (e.g., vehicle speed,
air-conditioning, and environmental factors), excluding past energy consumption values. This
approach evaluates the influence of external factors on energy consumption over time [35].

3. Combined Lags: This configuration integrates both energy consumption lags and feature lags,
providing a comprehensive analysis of the relationships between past consumption patterns and
vehicle dynamics.

These configurations were designed to assess the predictive strength of different feature structures
and identify the most effective approach for modeling temporal energy consumption patterns. For
each model, three distinct versions were implemented to examine the relationship between the target
variable (energy consumption at one-, five-, and ten-minute intervals) and additional features, as well
as their impact on prediction accuracy.

For the XGBoost model, three distinct versions were developed: i) Learnable Edge Collaborative
Filtering (LECF) [36] that incorporates lags from both the target variable (energy consumption) and
external vehicle features, ii) a version utilizing only historical values of energy consumption, and iii) a
version considering only historical values of external features. A similar approach with XGBoost was
followed for the Random Forest algorithm to implement these three different configurations. For the
regression-based models, a Dynamic Regression model was implemented to i) capture historical values
from both energy consumption and external features (representing the LECF version) ii) capture only
exogenous features (analogous to the LF version). Finally, an ARIMA model was deployed to focus
exclusively on historical energy consumption values, without incorporating exogenous variables.

4.3. Configurations

To optimize model performance using the eVED dataset, a grid search was employed to identify
the most suitable hyperparameters for each model. Grid search [37] is an exhaustive search tech-
nique that evaluates multiple combinations of hyperparameters, ensuring the selection of an optimal
configuration to enhance predictive accuracy.

For the Random Forest model, 300 decision trees were selected to enhance robustness and reduce
variance. The maximum tree depth was set to 20, balancing complexity and generalization, allowing
the model to learn patterns without overfitting to the training data. Additionally, the minimum number
of samples required to split an internal node was set to 2, ensuring trees grow to their full potential. To
guarantee reproducibility, a fixed random seed was used.

For the XGBoost model, various hyperparameter combinations were tested, with the following
configuration proving most effective. The maximum tree depth was set to 3 to prevent overfitting
while capturing essential patterns. A learning rate of 0.2 was chosen to balance learning speed and
error minimization without overfitting. The number of boosting rounds was set to 300, providing
sufficient iterations while incorporating early stopping to prevent overfitting. The objective function
was set to minimizing squared error, a common loss function for regression problems. A fixed random
seed was used to ensure reproducibility.

For dynamic regression models, an extensive grid search was conducted to determine the optimal
lag selection for both the target variable (energy consumption) and exogenous variables such as vehicle
speed, acceleration, elevation, and air conditioning. The most effective configuration included up to
four lagged values, allowing the model to capture temporal dependencies and the dynamic effects of
external factors over time. This approach enabled the model to learn both short-term variations and
long-term trends in energy consumption.

A similar hyperparameter tuning approach was applied to the ARIMA model to determine the
most suitable configuration for the dataset. After an extensive grid search, an (3,0,1) order was found
to be the most effective across different vehicles and datasets. The autoregressive (AR) component of 3
uses three lagged observations of energy consumption to predict future values, effectively capturing
dependencies over longer intervals. The differencing order of 0 indicates no differencing was required
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to achieve stationarity, avoiding unnecessary complexity while maintaining predictive accuracy. The
moving average (MA) component of 1 uses a single lagged forecast error to correct future predictions,
smoothing short-term fluctuations in energy consumption. Additional hyperparameter tuning was
performed to optimize the differencing order and enhance the model’s fit to the dataset’s unique
temporal patterns. By focusing on autoregressive components and smoothing forecast errors, the
ARIMA model effectively captures energy consumption variations while leveraging historical data.
This makes it particularly useful for analyzing temporal patterns, even when external exogenous
variables are not considered.

Beyond hyperparameter tuning, lag selection was optimized for each algorithm through an
exhaustive search to determine the most suitable lag number for each sub-dataset. This process
provided a comprehensive understanding of feature distributions and variability, ensuring each model
was tailored to the specific characteristics of the dataset. Finally, the dataset was spitted into training,
validation and testing set following a distribution of 60 : 20 : 20 split aligned with the literature
[24,25]. All models were trained with different number of lags in order to identify the most effective
lag number for every model. Lag observation differs from dataset to dataset as three different sub-
datasets were utilized for every vehicle (one-minute, five-minute, and ten-minute intervals). The
overall methodology is depicted in Figure 1.

Figure 1. XGBoost Model LECF, Vehicle 455, 1-minute intervals.

4.4. Evaluation Metrics

In order to evaluate the model performance and monitor how they behave in different conditions
and different vehicles, the following well-established evaluation metrics were used: Mean Absolute
Error (MAE), Median Absolute Error (MdAE), and RMSE, along with their normalized versions.
The selection of the aforementioned metrics is aligned with the respective literature [15,38,39]. The
following formulas show how these metrics are calculated:

MAE =
1
n

n

∑
i=1

|ei| (1)

where ei is the error between the actual and predicted energy consumption values, whereas n is the
number of values.

MdAE = median(ei) (2)

expressing the median error, thus more robust and resilient against outliers compared to MAE

RMSE =

√
1
n

n

∑
i=1

e2
i (3)
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the most stricter metric, as penalizes the big errors more due to the square power

nMAE =
MAE

max(y)− min(y)
(4)

where y is the vector of the actual energy consumption values

nMdAE =
MdAE

max(y)− min(y)
(5)

nRMSE =
RMSE

max(y)− min(y)
(6)

5. Experimental Results
In this paper, we presented an Automated Refueling Service aimed at optimizing energy consump-

tion management for Electric Vehicles (EVs) through predictive analytics and real-time monitoring.
By leveraging machine learning algorithms and real-time data collected from vehicle diagnostics,
our system successfully provides accurate energy consumption forecasts and refueling notifications,
contributing to more efficient fuel usage and enhanced driver convenience.

Figure 2. XGBoost Model LECF, Vehicle 455, 5-minute intervals.

Figure 3. XGBoost Model LECF, Vehicle 455, 10-minute intervals.

This section aims to provide extensive results of the experiments conducted using XGBoost model,
Random Forest (RF) and Dynamic Regression (DR) as well as ARIMA, utilizing every electric vehicle
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from eVED dataset. As described above, three different sub-datasets for every vehicle were created
(1-minute, 5-minute, and 10-minute).

Table 3. Model Metrics for Each Vehicle at 1-minute, 5-minute, and 10-minute Intervals.

At the 1-minute interval, XGBoost consistently proved to be the best-performing algorithm across
vehicles and configurations. For example, in the LECF configuration, XGBoost achieved a MAE of
0.04152, an RMSE of 0.05786, and an nRMSE of 0.03925 for Vehicle 455, demonstrating its capacity to
accurately capture short-term variations in energy consumption. This trend was consistent across other
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vehicles, with Vehicle 10 achieving an RMSE of 0.07156 in the same configuration, significantly better
than other models. Random Forest, while robust, exhibited slightly higher errors. For instance, Vehicle
455 under the Random Forest LECF (lags energy consumption and features) configuration recorded an
RMSE of 0.06909, which was higher than XGBoost’s performance. Similarly, for Vehicle 10, Random
Forest under the LECF configuration achieved an RMSE of 0.07951, reflecting its slightly weaker
performance in capturing complex patterns at this short interval. Dynamic Regression (DR) models
performed comparably well, particularly for Vehicle 455, where an RMSE of 0.07540 was recorded in
the LECF configuration, and for Vehicle 10, an RMSE of 0.06053 was observed. However, DR models
generally fell behind XGBoost in accuracy, as seen with Vehicle 541, where DR models recorded higher
errors compared to XGBoost. ARIMA, on the other hand, showed mixed results. While it achieved
reasonable accuracy for Vehicle 455 with an RMSE of 0.13865, its performance deteriorated for Vehicle
10, where an RMSE of 0.14059 was observed. This inconsistency highlighted ARIMA’s sensitivity to
data variability.

At the 5-minute interval, data aggregation resulted in increased errors across all models, but
XGBoost maintained its dominance. For instance, in the LF configuration, XGBoost recorded an RMSE
of 0.21649 for Vehicle 455, the lowest among all models for this interval. For Vehicle 10, XGBoost
LECF achieved an RMSE of 0.23141, showcasing its robustness even at this aggregated level. Random
Forest continued to deliver respectable results, though it trailed behind XGBoost. For Vehicle 455,
Random Forest LF recorded an RMSE of 0.22721, while for Vehicle 10, its performance was slightly less
accurate, with an RMSE of 0.23699. Dynamic Regression models remained competitive but slightly
inconsistent. For Vehicle 10, DR models recorded an RMSE of 0.21523 under both LF and LECF
configurations, which were comparable to XGBoost but higher than Random Forest in some cases.
However, for Vehicle 541, DR models produced higher errors, revealing limitations in handling data
variability. ARIMA demonstrated greater variability in its performance, particularly as the interval
length increased. While it achieved competitive results for Vehicle 455, with an nRMSE of 0.13612,
its accuracy declined for other vehicles at longer intervals. For instance, Vehicle 10 under ARIMA
recorded a significantly higher RMSE of 0.19365, highlighting the model’s increased errors and its
inherent difficulty in handling aggregated data and extended prediction intervals.

At the 10-minute interval, the loss of granularity further increased the gap between the models.
XGBoost continued to dominate, particularly in the LECF configuration, where it achieved an RMSE
of 0.25073 for Vehicle 455. This result demonstrated its ability to maintain accuracy even in longer-
term predictions. For Vehicle 10, XGBoost recorded an RMSE of 0.31889, highlighting its superior
adaptability. Random Forest provided slightly less accurate predictions. For Vehicle 455, Random
Forest with the LECF configuration recorded an RMSE of 0.26294, while for Vehicle 10, the RMSE
reached 0.37340, indicating a slight decrease in performance at this interval compared to XGBoost.
Dynamic Regression models exhibited moderate accuracy at this interval. For Vehicle 455, DR under
the LECF configuration recorded an RMSE of 0.34969, while for Vehicle 10, it achieved 0.35169,
demonstrating a stable but less competitive performance compared to XGBoost. ARIMA struggled
significantly at the 10-minute interval. Its errors for Vehicle 10, for example, escalated to an RMSE of
0.62677, reflecting its difficulty in adapting to longer intervals with aggregated data. Even for Vehicle
455, where ARIMA typically performed better, its RMSE reached 0.57490, substantially higher than
XGBoost.

Across all intervals, XGBoost consistently outperformed other models, making it the most reliable
choice for energy consumption predictions. For shorter intervals, particularly the 1-minute interval,
XGBoost in the LECF configuration demonstrated remarkable accuracy, leveraging both feature and
energy consumption lags. For longer intervals, the LF configuration of XGBoost provided a good
balance of simplicity and performance. Random Forest proved to be a dependable alternative, offering
robust predictions but consistently trailing XGBoost. Its performance was particularly competitive
at the 5-minute interval but weaker at the 10-minute interval. Dynamic Regression (DR) models
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offered strong competition, especially at shorter intervals, but lacked the consistency of XGBoost
across different vehicles and intervals. ARIMA, while effective in specific cases, exhibited significant
variability and struggled with aggregated data at longer intervals. Its performance was often surpassed
by both XGBoost and Random Forest. These results highlight the robustness and adaptability of
XGBoost, making it the most suitable model for energy consumption prediction across varying time
intervals and vehicle data.

6. Conclusions
This research contributes to progress toward SDGs, particularly in sustainable transportation, by

offering a robust and adaptive service for optimizing energy consumption in electric vehicles, thereby
supporting decarbonization goals and the broader adoption of eco-friendly mobility solutions.

This research study proposed a novel methodology-framework for predicting energy consumption
in electric vehicles, based on an advanced combination of machine learning models and state-of-
the-art statistical data analysis techniques. The presented approach enabled the identification of
temporal dependencies and facilitated more robust predictions by structuring the eVED dataset into
multiresolution time intervals and applying lagged features.

Experimental results demonstrated that XGBoost, Random Forest, and regression-based models,
with different configurations in lag structure, achieved high prediction accuracy. Additionally, the
1-minute intervals provided the most detailed insights, while 5-minute intervals offered a practical
balance between accuracy and computational efficiency. The findings indicate that integrating time-
interval-based energy consumption modeling with machine learning enhances prediction accuracy
across various driving scenarios and vehicle characteristics. This improvement supports better energy
management strategies, contributing to eco-driving, refueling optimization, and range estimation.

Future work will integrate real-time data streams to enhance the applicability of the proposed
methodology in dynamic environments. In particular, ML operations will be incorporated into the
best-performing model, XGBoost, which utilizes both historical energy consumption and external
features transforminf the methodology into a service. This service will be deployed in a real-life
environment within the context of the SINNOGENES project.

Funding: This work was funded by the European Union’s Horizon Europe project SINNOGENES (Storage
innovations for green energy systems), under Grant Agreement No. 101096992.
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