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Abstract: The rising adoption of electric vehicles (EVs), driven by carbon neutrality goals, has
prompted the need for accurate forecasting of EVs’ charging behavior. However, this task presents
several challenges due to the dynamic nature of EVs’ usage patterns, including fluctuating demand
and unpredictable charging durations. In response to these challenges and different from previ-
ous works, this paper presents a novel and holistic methodology for day-ahead forecasting of EVs’
plugged-in status and power consumption in charging stations (CSs). The proposed framework
encompasses data analysis, pre-processing, feature engineering, feature selection, the use and compar-
ison of diverse machine learning forecasting algorithms, and validation. A real-world dataset from a
CS in Boulder City is employed to evaluate the framework’s effectiveness, and the results demon-
strate its proficiency in predicting the EVs’ plugged-in status, with XGBoost’s classifier achieving
remarkable accuracy with an F1-score of 0.97. Furthermore, an in-depth evaluation of six regression
methods highlighted the supremacy of gradient boosting algorithms in forecasting the EVs’ power
consumption, with LightGBM emerging as the most effective method due to its optimal balance
between prediction accuracy with a 4.22% normalized root-mean-squared error (NRMSE) and com-
putational efficiency with 5 s of execution time. The proposed framework equips power system
operators with strategic tools to anticipate and adapt to the evolving EV landscape.

Keywords: charging stations; electric vehicles; EVs’ charging behavior forecasting; machine learning

1. Introduction
1.1. Motivation

In the pursuit of a sustainable and low-carbon future, the world is currently expe-
riencing a transformative shift towards renewable energy sources and carbon neutrality,
propelling electric vehicles (EVs) to the forefront of reliable and economically viable so-
lutions for reducing greenhouse gas emissions [1]. This symbiotic relationship between
the increasing adoption of renewable energy and the commitment to carbon neutrality not
only curbs environmental impacts, but also catalyzes a revolutionary transformation of the
transportation landscape [1]. An influential driver in the transition to cleaner transportation
is the mandate established by the European Commission, which unequivocally stipulates
that, by 2035, all the vehicles sold within Europe must be zero-emission vehicles [2]. This
resolute directive underscores the urgency of embracing electric mobility and underscores
the pivotal role EVs will play in reshaping the automotive sector. The exponential rise
in EV adoption is not merely a projection, but a reality witnessed across continents [3].
Europe, in particular, has displayed remarkable growth, with EV sales in 2022 soaring with
an annual growth rate of 15% compared to preceding years [1]. This trend is emblematic of
a global shift toward sustainable transportation alternatives. Over the period from 2016 to
2021, China claimed the highest compound annual growth rate in EV adoption at 60%,
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trailed by the United States at 55% [1]. These figures underscore the global momentum
toward EV integration.

Nonetheless, the evolution towards electric mobility is not devoid of challenges,
especially concerning the seamless integration of EVs with the existing power grid. The un-
predictability inherent in the charging behavior of EV users translates into significant
fluctuations in power demand, potentially overburdening the power grid and leading to in-
stances of grid congestion. This demand variability could also precipitate local transformer
degradation, exacerbating the challenges in maintaining grid stability [4]. To fully exploit
the benefits of the electric mobility revolution, accurate forecasting of EV charging behavior
has emerged as an indispensable tool for harmonizing EV integration with the power
grid. This proactive measure is essential for preventing grid congestion, optimizing energy
distribution, and ensuring a consistent supply of electricity amidst the dynamic landscape
of charging behaviors. Consequently, accurate forecasting of EV charging behavior has
become a linchpin in effective power system planning, scheduling, and operation [5]. It
facilitates the judicious management of EV charging stations (CSs), enabling optimal and
secure management of power resources within the broader power ecosystem [6].

1.2. Background

The seamless integration of EVs into the power grid has required the development of
accurate forecasting strategies to optimize the management of EV charging behavior [7–9].
Researchers have explored diverse methodologies to predict EV charging behavior, en-
abling effective grid management and enhanced energy utilization. An EV charging load
prediction considering different types of EVs was developed by the authors in [10]. EV
characteristics such as charging start time, charging session, initial state-of-charge (SoC),
kilometers per day, and charging mode are analyzed in this EV charging prediction. More-
over, the GM (1, 1) model is used to estimate the EV owner behavior and to validate it
by comparing the forecasting results with actual results obtained by simulation. The EV
charging profiles obtained for each EV are clustered to create a total EV demand curve and
then are compared with the real load curve. The results obtained show a significant accu-
racy to give guidance for the operation and planning considering EV integration into the
grid. Even though the paper considered different types of EVs and charging characteristics
in the modeling, it did not consider other important stages such as data pre-processing,
feature engineering, and feature selection. A predictive model of EVs’ load consumption
was developed in [11], utilizing both statistical and machine learning models, including
Multiple Linear Regression (MLR), an Artificial Neural Network (ANN), Extreme Gradi-
ent Boosting (XGBoost), and Light Gradient Boosting Machine (LightGBM). EV energy
consumption data from Aichi Prefecture, Japan, was utilized for the analysis, and three
evaluation metrics—R2, RMSE, and MAE—were employed to assess the performance of
the forecasting models. Both XGBoost and LightGBM outperformed traditional models
such as MLR and the ANN, with LightGBM outperforming XGBoost in terms of prediction
accuracy. Despite including pre-processing, machine learning algorithms, and evalua-
tion stages in their methodology, this paper did not consider the feature engineering and
feature-selection stages, which are crucial for improving the forecasting results.

A methodology for predicting additional EV charging load in the mid-term and long-
term was proposed by the authors in [12]. Using probabilistic modeling based on the
Monte Carlo method, the authors analyzed EV charging profiles and forecasted future EV
ownership patterns. The results unveiled insights, including the projected EV charging
profile for 2025, forecasting an 11.08% increase in the existing load peak. However, despite
comparing different probabilistic models, this methodology did not include data prepara-
tion, cleaning, or a feature-selection process to identify the most optimal variables to be
used in the forecasting models. Lu et al. [13] harnessed the Random Forest (RF) algorithm
to devise a forecasting strategy for EV charging load, focusing on short-term predictions for
a single CS. Leveraging historical data, the RF algorithm provided an effective prediction
for charging load, by combining the regression and classification algorithms and offering a
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robust solution for CSs. The results demonstrated an optimized Random Forest structure
that achieved significantly small errors. Despite the practical application of the method
developed and tested, the performance of Random Forest was not compared with other
forecasting methods. Moreover, the forecasting performed by the authors considered only
the EV charging load and left out the plugged-in status.

In [14], the authors proposed a forecasting model for CSs’ occupation considering the
Markov chain model. Information such as the distribution of EVs at the charging station, the
average time of connection, and energy consumed was used to obtain information about the
occupancy model for a particular charging station and then to construe the charging profiles
curve. Nevertheless, the proposed model was not trained to achieve a high resolution,
nor to consider seasonal charging behavior to analyze different patterns, and it presented
the limitation of the available data. A decentralized deep learning approach to reduce the
waiting time of EV users of public CSs was proposed by the author in [15]. The main focus
of this work was to predict the CSs’ occupancy by guaranteeing the privacy security of the
CS operators since sensitive data that cannot be exposed to external entities are shared by
the EV users. The decentralized deep learning model was based on an individual deep
learning model to solve the problem for each CS and then was aggregated to deal with the
information of all CSs.

In [16], the authors proposed the usage of historical charging data in conjunction with
weather, traffic, and events data to predict EV session duration and energy consumption.
They employed popular machine learning algorithms including RF, Support Vector Machine
(SVM), XGBoost, and Deep Neural Networks. The results showed that the best predictive
performance was achieved by an ensemble learning model, with SMAPE scores of 9.9%
and 11.6% for session duration and energy consumption, respectively, highlighting the sig-
nificance of traffic and weather information for charging behavior predictions. Nonetheless,
the study did not forecast the plugged-in status. A hybrid predictive modeling approach
for forecasting EV charging demand was introduced by the authors in [17], by merging the
strengths of the Autoregressive Integrated Moving Average (ARIMA) and Artificial Neural
Network (ANN) methodologies. The results indicated that machine learning techniques
based on the proposed hybrid strategy outperformed existing statistical models, particu-
larly RF, thereby improving accuracy in predicting charging demand. However, while the
study emphasizes the importance of hybrid models in addressing the complexities of EV
charging demand prediction, it did not include a feature-selection technique to determine
the optimal features for the model.

Many research works have been focused on EV charging load prediction by consid-
ering aspects such as different types of EVs and implementing statistical methods and
machine learning models [10,11]. Short-term, mid-term, and long-term EV charging load
prediction approaches have been proposed by some authors [12,13]. Table 1 presents a
summary of the main works related to EV charging behavior forecasting and compares the
different components included in each paper with the contributions of this work.

Table 1. Main works addressing EV charging behavior forecasting.

Reference Plugged-in Power Consumption Pre-Processing Feature Feature Forecasting ValidationForecasting Forecasting Engineering Selection Methods

[10] ✓ ✓
[12] ✓ ✓
[14] ✓
[13] ✓ ✓ ✓ ✓
[11] ✓ ✓ ✓ ✓
[16] ✓ ✓ ✓ ✓ ✓
[17] ✓ ✓ ✓ ✓ ✓

This work ✓ ✓ ✓ ✓ ✓ ✓ ✓

1.3. Main Contributions

Considering the literature review, it is clear that there is a lack of papers devoted to
considering important stages such as data preparation, cleaning, pre-processing, feature
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engineering, and feature selection even without considering seasonal charging behavior
to evaluate different patterns, and consequently, there are the limitations of the available
data. Recognizing these imperatives, this study presents a comprehensive computational
methodology designed to predict EV charging behavior at CSs. This methodology considers
the entire spectrum—from raw data analysis and transformation to pre-processing, feature
engineering, feature selection, the utilization of diverse machine learning algorithms for
forecasting, rigorous validation, and meticulous performance evaluation. The proposed
framework establishes a structured pathway to augment the precision of EVs’ plugged-
in status and power consumption predictions, thereby contributing to the seamless and
sustainable integration of EVs into the evolving energy ecosystem.

In light of these studies, this paper seeks to enhance the domain of EV charging
behavior prediction by proposing a novel and comprehensive methodology that stands out
in its approach and scope. The key contributions of this work are listed as follows:

• Unlike many existing studies that focus solely on isolated aspects of forecasting, this
methodology addresses the entire trajectory of EV charging behavior prediction. It
bridges various stages, including data pre-processing, feature selection, and feature
engineering, alongside the utilization and comparison of diverse forecasting methods,
followed by a thorough validation and performance evaluation. This framework aims
to harmonize and optimize every stage of the predictive process, enhancing the overall
accuracy and reliability of EV charging behavior forecasting.

• This methodology places specific emphasis on forecasting both the plugged-in status
and the power consumption of EVs at CSs, recognizing the significance of under-
standing both aspects for effective grid management. This is particularly important
to determine the flexibility of the charging process, enabling the smart charging of
the EVs.

1.4. Paper Organization

The rest of the paper is structured as follows. Section 2 describes the proposed
methodology for EVs’ plugged-in status and power consumption forecasting, including the
different stages. Section 3 presents a case study applying the methodology to a real-world
dataset, including an in-depth analysis and discussion of the results. Section 4 summarizes
the main outcomes of the paper.

2. Methodology

This section explains the methodology developed to forecast EVs’ plugged-in status
and power consumption at CSs. The process, as shown in Figure 1, is composed of six
stages: inputs, pre-processing, feature engineering, feature selection, forecasting methods,
and validation. A detailed description of the entire methodology is presented to ensure the
proposed approach can be fully replicated and understood, particularly in the context of
forecasting EV charging behavior.

Missing Data

Outliers

Pre - Processing

Data PreparationHistorical Data

Inputs

# Days to Forecast

Starting Date of the
Forecast

Correlation Matrix

Feature Selection

Filter Method - K Best

Embedded Method

Date/Time Features

Feature Engineering

Lag Features

Clustering

Forecasting Methods

XGBoost LightGBM

MLR DT

RF LSTM-NN

Post - Processing

Performance Evaluation

Validation

Cross Validation

Figure 1. Proposed forecasting methodology.

2.1. Inputs

The successful implementation and execution of the methodology requires the follow-
ing inputs:
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• Time series data:
The initial dataset contains EVs’ charging sessions for a single CS. The data should
include at least the following:
Start date time (time stamp): The date and time at which the EV is connected for charging.
End date time (time stamp): The date and time at which the EV is disconnected. It
includes both the periods for which the EV is connected and actively charging and the
periods for which the EV is connected, but no longer charging.
Charging duration (minutes): The number of minutes the EV is connected and ac-
tively charging.
Energy consumed (kWh): The amount of energy that has been dispensed by the CS to
the EV during the charging session.
The size of the dataset can vary, but the more data available, the better.

• Number of days to forecast:
It is necessary to define the time horizon of the forecast (in days), e.g., 1 day, 7 days (a
week), and 30 days (a month).

• Starting date of the forecast:
It is necessary to define the starting date for the forecast period. All the data available
before this date are used for training, and from this point onward, the specified number
of days is forecasted.

2.2. Pre-Processing

In this section, the raw data from the dataset are first prepared and processed. They
are then treated and cleaned by addressing missing data and outliers.

2.2.1. Data Preparation

Since the majority of open-access EVs’ charging datasets correspond to charging
sessions (events) at the CSs, the initial step involves transforming the charging session
data into a time series that captures the plugged-in status and power consumption every
15 min at the CS. The variable “plugged” is used to determine whether an EV is currently
connected and actively charging during the given interval (1), or not (0). Meanwhile,
the variable “power consumption” represents the cumulative power consumed (measured
in kW) during that specific interval at the CS.

For the initial “start date time” of a charging session, combined with the “charging
duration”, the “plugged-in” variable receives a value of 1, and the “energy consumed”
is evenly distributed across that time span. In cases where multiple EVs are charging
simultaneously, as indicated by the same time stamp (from other charging sessions), their
energy consumption is aggregated. This process is iterated for all charging sessions.

Ultimately, any remaining time stamps that remain unfilled are allocated a “plugged-
in” and “energy consumption” value of 0. This signifies that, during those specific time
stamps, no EV was connected to the station, resulting in zero energy consumption.

The resulting final dataset is resampled to a 15 min data resolution, and the “energy
consumption” values are converted into “power consumption”.

2.2.2. Missing Data

To address missing data, two approaches are employed:

1. If the missing data gap consists of less than one hour of missing values, linear interpo-
lation is utilized to bridge the gap. Linear interpolation is widely used in time series
analysis and data imputation due to its simplicity and effectiveness [18] for handling
short gaps of missing data.

2. If the missing data gap spans over an hour of missing values, it remains unfilled.
This decision is made to avoid introducing artificial values for extended time periods,
which could potentially and adversely affect the accuracy of the forecasting process.
However, in the dataset used in the present paper, the missing values are always
lower than 1 h. For other datasets, the methods proposed in [18] can be applied.
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2.2.3. Outliers

Detecting outliers in the context of EV power consumption at CSs is challenging due
to the significant variability involved. Instances of both extremely high and remarkably
low power consumption values can occur. This variability stems from a range of factors,
including EV charging duration, the concurrent number of connected EVs, and the installed
capacity of the CS.

Consequently, the sole circumstance under which a data point is classified as an outlier
and subsequently removed from the dataset is when the power consumption ≤ 0.

2.3. Feature Engineering

In this section, several useful features that can be utilized as inputs for the forecasting
methods are generated. These features fall into two distinct categories: date/time features
and lag features.

2.3.1. Date/Time Features

Date/time features refer to specific characteristics or attributes associated with dates
and times. These features allow for time-based analysis, trend identification, pattern
recognition, and the extraction of meaningful insights from temporal data. From the time
stamp of each record, the following date/time features and their respective value ranges
are generated:

• Week of year: 1–52.
• Day of year: 1–365.
• Season: 1–4 (winter = 1, spring = 2, summer = 3, fall = 4).
• Month: 1–12.
• Day of month: 1–30/31.
• Day of week: 1–7 (Monday-Sunday).
• Weekend: 1 if weekend, 0 if not.
• Holiday: 1 if holiday, 0 if not.
• Hour: 1–24.
• Minute: 15, 30 or 45.

2.3.2. Lag Features

Lag features, also known as time lag variables, are variables created by shifting or lag-
ging past power observations. The lagged values are added as new features in conjunction
with the original time series data. Each lagged feature represents the value of the original
series at a specific time interval preceding the current observation. The subsequent lag
features are established:

• Power lag 1: power consumption 1 day prior.
• Power lag 5: power consumption 5 days prior.
• Power lag 7: power consumption 7 days prior.

2.3.3. Clustering

A clustering process is performed with the purpose of identifying patterns or relation-
ships between the EVs’ power consumption values at the CS. This entails categorizing the
power consumption data points into clusters or groups using the K-means [19] method.

K-means is an unsupervised learning algorithm that groups data, based on each
point’s Euclidean distance, to a central point called the centroid [20]. It aims to minimize
the Within-Cluster Sum of Squares (WCSS), which represents the sum of squared distances
between each data point and its centroid. Given a dataset with N data points and K clusters,
the objective function for K-means clustering can be written as [21]:

WCSS =
K

∑
k=1

N

∑
i=1

rik ||xi − k̄||2 (1)
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where rik is an indicator variable that denotes whether data point xi belongs to cluster k
(1 if it belongs, 0 otherwise), xi represents the feature vector of data point i, k̄ is the centroid
of cluster k, and ||xi − k̄||2 denotes the Euclidean distance. The goal is to find the optimal
values for rik and k̄ that minimize the WCSS.

To determine the optimal number of clusters K to use in K-means, the elbow method
is used. It involves plotting the sum of squared distances (WCSS) against the number of
clusters and looking for the “elbow” point on the graph [22]. The elbow point represents
the value of K at which the incremental gain in clustering quality diminishes significantly.
Sometimes, the elbow point may not be clear or easily identifiable.

Once the clusters (groups) are created, a new variable called cluster is generated
assigning the cluster number to every power consumption data point. This new variable
can also be employed as a feature within the forecasting methods.

2.4. Feature Selection

Feature selection is an integral process in machine learning involving the identification
of pertinent features or variables from a dataset. The primary aim of feature selection is to
curate a subset of features that hold the highest informativeness and influence in predicting
the target variable. Consequently, this subset of features is utilized as the input in the
forecasting methods.

Before selecting the features, it is essential to transform certain date/time features,
such as week of year, day of year, season, month, day of month, day of week, hour,
and minute. This transformation is imperative as these features inherently exhibit cyclic
behavior. Therefore, each of these features is converted into two components (x and y)
following the equations:

fx = sin (2π f /max( f )) (2)

fy = cos (2π f /max( f )) (3)

where f represents the cyclic feature to be transformed, fx and fy represent the first and
second components of the cyclic feature, and max( f ) corresponds to the maximum value
of the cyclic feature [16].

After the transformation of the cyclical features, a range of techniques and algorithms
for feature selection is utilized to ascertain which features will be employed in the forecast-
ing methods. These techniques include the correlation matrix, the filter method (K best),
and the embedded method.

2.4.1. Correlation Matrix

The correlation matrix displays the pairwise correlations between variables within
the dataset. It provides a quantitative measure of the strength and direction of the linear
relationship between variables. Each cell in the matrix represents the Pearson correlation
coefficient between two variables.

The correlation coefficient, typically denoted by r, ranges from −1 to 1. A positive
value indicates a positive correlation, meaning that, as one variable increases, the other
variable tends to increase as well [23]. Conversely, a negative value indicates a negative
correlation, indicating that, as one variable increases, the other variable tends to decrease.
A correlation coefficient of 0 suggests no linear relationship between the variables, and a
correlation coefficient of 1 suggests a perfect linear relationship between the variables.

2.4.2. Filter Method: K Best

The filter method with the K best, also known as SelectKBest [24], is a feature-selection
technique used in machine learning and data analysis that aims to select the K best features
from a given dataset based on their statistical scores or relevance to the target variable.

The filter method evaluates each feature independently, without considering the
relationship between features. It relies on statistical measures such as the chi-squared,
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ANOVA F-value, mutual information, or correlation coefficient to assign a score to each
feature. After scoring each feature, SelectKBest selects the top K features with the highest
scores and discards the rest. The value of K is determined by the user and represents the
desired number of features to be selected.

2.4.3. Embedded Method (Feature Importance)

The embedded method, specifically the technique of feature importance, is a feature-
selection approach that incorporates feature selection directly into the process of training
a machine learning model [24]. Unlike the filter method, which evaluates features inde-
pendently of the learning algorithm, the embedded method considers the feature selection
process as an integral part of the model training process.

Embedded methods determine feature importance by leveraging the inherent feature-
selection capabilities of certain machine learning algorithms. These algorithms are de-
signed to automatically assign weights or importance scores to each feature during the
model training process. The importance scores reflect the impact of each feature on the
model’s performance.

Common examples of machine learning algorithms that incorporate feature impor-
tance are tree-based models like Random Forest and Gradient Boosting Machines [25].
During the training process, these algorithms evaluate the relevance and contribution of
each feature to the prediction task. The features that have a greater impact on the model’s
performance are assigned higher importance scores, while less influential features are
assigned lower scores.

2.5. Forecasting Methods

Six forecasting methods, namely Multiple Linear Regression (MLR), decision trees
(DT), Random Forest (RF), the Long Short-Term Memory Neural Network (LSTM-NN), Ex-
treme Gradient Boosting (XGBoost), and Light Gradient Boosting Machine (LightGBM) are
evaluated in terms of their predictive performance for forecasting EVs’ power consumption
at CSs. The selection of the regression methods was based on a comprehensive review of
the existing literature on power consumption forecasting, and aimed to cover a range of
traditional and modern machine learning methods, as well as deep learning techniques.
MLR, being the simplest model, is used as a benchmark. Additionally, for the plugged-in
status, the XGBoost classifier was employed to predict whether an EV will be connected (1)
or not (0). The description of each forecasting method is provided below.

2.5.1. Multiple Linear Regression (MLR)

Linear regression is a statistical modeling technique used to establish a relationship
between a dependent variable and one or more independent variables. It assumes a
linear relationship between the variables, where the dependent variable can be predicted
or explained by a linear combination of the independent variables [26]. The process
involves fitting a linear regression model to the historical data and then using the model to
make predictions.

2.5.2. Decision Trees (DT)

DT is a machine learning algorithm for classification and regression tasks that uses
a tree-like structure to represent a series of if–else decision rules to predict continuous
numerical values. Unlike classification trees that predict class labels, regression trees
predict numeric values based on the features of the input data. DT works by recursively
partitioning the feature space based on selected features and split points [27]. Each internal
node represents a decision rule based on a feature and split point, and each leaf node
represents a prediction value or a class label.

The recursion to create child nodes continues until a stopping criterion is met, such as
reaching a maximum depth, having a minimum number of instances in a node, or other
criteria. The prediction for each leaf node is typically the average of the target variable
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values within that region. To make predictions for new instances, the algorithm traverses
the decision tree based on the feature values of the instance until reaching a leaf node.
The prediction value associated with that leaf node is used as the final prediction.

The general structure of DT is presented in Figure 2.

Root Node

Internal
Node

Internal
Node

Leaf
Node

Leaf
Node

Leaf
Node

Internal
Node

Leaf
Node

Leaf
Node

Subtree

Figure 2. DT structure.

2.5.3. Random Forest (RF)

RF is an ensemble learning algorithm that combines multiple decision trees to perform
classification and regression. To solve regression-based problems, RF uses the principle
of averaging the predictions of individual trees to make the final prediction [28]. The con-
struction of the RF algorithm for regression is composed by the following steps [29]:

1. Parameters: n_estimators (number of decision trees to be included), max_depth (maxi-
mum depth allowed for each decision tree), and min_samples_split (minimum number
of samples required to split an internal node).

2. Building of decision trees: Each decision tree in the RF is constructed using a subset
of the original dataset. For each tree, a random subset of samples is selected with
replacement, known as bootstrapping [30].

3. Recursive binary splitting: If the stopping criterion is met (e.g., maximum depth
reached or minimum number of samples for splitting not satisfied), a leaf node
is created, and it is assigned the average target value of the samples in that node.
Otherwise, the best feature and the split point that minimizes the mean-squared error
(MSE) or any other splitting criterion are determined.

4. Final prediction: Once all the decision trees are constructed, the predictions are made
by aggregating the individual predictions from each tree, and the final prediction is
obtained by averaging the predictions from all decision trees.

The general structure of RF can be seen in Figure 3.
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Subset 1

Dataset

Subset 2 Subset n

Prediction 1 Prediction 2 Prediction n

Final
Prediction

Figure 3. RF structure.

2.5.4. Long Short-Term Memory Neural Network (LSTM-NN)

Long Short-Term Memory (LSTM) is a type of Recurrent Neural Network (RNN)
designed to address the vanishing gradient problem and to capture long-term dependen-
cies in sequential data. A typical LSTM-NN is comprised of memory blocks called cells,
where two states are being transferred to the next cell, the cell state and the hidden state.
The construction process of an LSTM-NN is detailed in [31,32].

The general structure of the LSTM-NN can be observed in Figure 4.

x

x x

Figure 4. LSTM structure (based on [33]).

2.5.5. Extreme Gradient Boosting (XGBoost)

XGBoost is a powerful and popular machine learning algorithm that belongs to the
class of ensemble learning methods, specifically gradient boosting. XGBoost is widely
used for both regression and classification tasks and has gained popularity due to its high
performance and efficiency. XGBoost uses decision trees as base learners and combines
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them to form a strong learner. The principle of the XGBoost algorithm is explained in detail
in [34,35].

The flow chart of the XGBoost algorithm is presented in Figure 5.

Dataset X

Tree 1

 

Tree 2

   

Tree k

...

Figure 5. Flow chart of XGBoost (based on [34]).

2.5.6. Light Gradient Boosting Machine (LightGBM)

LightGBM is an ensemble learning technique that utilizes a specialized form of decision
trees called Gradient Boosted Decision Trees (GBDT). These trees are trained sequentially,
where each subsequent tree corrects the mistakes made by the previous tree. LightGBM
employs a leafwise tree growth strategy, which differs from the traditional levelwise
strategy found in other gradient boosting frameworks like XGBoost [36]. The leafwise
strategy tends to result in deeper trees and provides more accurate predictions [37].

LightGBM applies gradient-based optimization techniques to efficiently find the best
split points and feature binning for each tree node. It uses a histogram-based approach to
compute gradients for feature binning, which reduces memory usage and speeds up the
computations [38].

2.6. Hyperparameter Tuning

Hyperparameters are parameters that are not directly learned from the data during
model training, but are set prior to training and influence the learning process. Hyperpa-
rameter tuning involves searching for the optimal set of hyperparameters that maximize
the performance of a model on a given task or dataset [39]. This process is essential for
achieving the best possible model performance and generalization to unseen data.

Optuna is a popular open-source framework for hyperparameter optimization, devel-
oped by Akiba [40]. It provides an automated and efficient method for searching the best
hyperparameters. This is accomplished by employing a technique known as “Sequential
Model-Based Optimization” (SMBO), which iteratively explores the hyperparameter space
and evaluates the performance of various configurations. It starts by sampling a set of
hyperparameters from a predefined distribution and evaluates their performance using
cross-validation or a validation set. Based on these evaluations, Optuna updates its internal
method to focus the search on promising regions of the hyperparameter space [41].

In this paper, the Optuna framework was utilized for hyperparameter tuning of the
RF, LSTM-NN, XGBoost, and LightGBM methods. The optimal hyperparameters found for
each method with Optuna are as follows.
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2.6.1. RF Hyperparameters

• Minimum samples leaf: 3;
• Number of estimators: 500;
• Minimum samples split: 7;
• Maximum depth: 30.

2.6.2. LSTM Hyperparameters

• Number of layers: 2;
• First layer: LSTM with 42 neurons and sigmoid activation function;
• Second layer: Dense with 16 neurons and ReLU activation function;
• Number of epochs: 10;
• Learning rate: 0.001.

2.6.3. XGBoost Hyperparameters

• Number of estimators: 500;
• Learning rate: 0.01;
• Minimum child weight: 1;
• Subsample: 0.7;
• Colsample by tree: 1;
• Regularization Alpha: 0;
• Regularization Lambda: 1;
• Objective: reg:linear;
• Booster: gbtree.

2.6.4. LightGBM Hyperparameters

• Number of leaves: 50;
• Learning rate: 0.1;
• Maximum depth: 5;
• Feature fraction: 0.9;
• Bagging fraction: 0.7;
• Bagging frequency: 10;
• Number of iterations: 50;
• Objective: regression.

2.7. Validation

This section includes the post-processing of the power consumption predictions ob-
tained after the forecasting stage, the cross-validation process, and the performance evalua-
tion of the forecasting methods based on statistical metrics and execution time.

2.7.1. Post-Processing

The following condition is verified:

ŷi ≥ 0 (4)

We ensured the absence of negative power consumption predictions (ŷi). In case
negative values of predicted power exist, those values are adjusted to 0.

2.7.2. Cross-Validation

Cross-validation is a crucial technique in machine learning for assessing the perfor-
mance and generalization ability of a model. The primary idea behind cross-validation is to
split the dataset into multiple subsets, train the model on some of these subsets, and then,
evaluate its performance on the remaining subsets [42]. This process helps provide a more
robust estimate of the model’s performance compared to a single train–test split.
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Time series split cross-validation is particularly suited for time series data. Unlike
traditional k-fold cross-validation, and time series split maintains the temporal ordering of
data when creating training and validation sets. This is crucial for time series data, where
observations at a given time point may be dependent on previous time points.

For this reason, time series split cross-validation works on a rolling basis. It starts with
a subset of data for training purposes, forecasts for the later data points, and then, checks
the accuracy for the forecasted data points. Subsequently, the same forecasted data points
are included as part of the next training dataset, and subsequent data points are forecasted.
This process is repeated for the defined number of rounds. Figure 6 illustrates the time
series split cross-validation process for four rounds.

Data

Train Test

Train Test

Train Test

Train Test

Figure 6. Time series split cross validation: 4 rounds (based on [43]).

2.7.3. Performance Evaluation

The F1-score, the Mean Absolute Error (MAE), the normalized root-mean-squared
error (NRMSE), the coefficient of determination (R2), and the model’s execution time were
used to compare the performance of the forecasting methods. The F1-score metric was
used for plugged-in status (classification), and the MAE, NRMSE, R2, and execution time
metrics were used for power consumption (regression):

• F1-score:

The F1-score is a metric commonly used in binary classification to evaluate the per-
formance of a model. It combines two other metrics, precision and recall, into a single
value [44]. These metrics are calculated using the concepts of true positives (TPs), false
positives (FPs), and false negatives (FNs) as follows:

Precision =
TP

TP + FP
(5)

Recall =
TP

TP + FN
(6)

The F1-score is then calculated as the harmonic mean of the precision and recall:

F1 = 2 × Precision × Recall
Precision + Recall

(7)

The F1-score ranges from 0 to 1, where 1 indicates perfect precision and recall and
0 indicates the worst possible performance. The harmonic mean gives more weight to
lower values. This means that, for the F1-score to be high, both the precision and recall
must be high, which is particularly useful when there is an uneven class distribution.

• Mean Absolute Error (MAE):

The MAE provides a measure of the average absolute deviation between the predicted
and actual values. It represents the average magnitude of the errors in the same unit as the
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original data, making it easily interpretable [45]. A lower MAE indicates better accuracy,
as it signifies that the model’s predictions are closer to the actual values. The MAE is
defined as follows:

MAE =
1
n

n

∑
i=1

∣∣yi − ŷi
∣∣ (8)

where yi is the real value, ŷi is the predicted value, and n is the sample size.

• Normalized root-mean-squared error (NRMSE)

The NRMSE is based on the root-mean-squared error (RMSE), which measures the
square root of the average difference between predicted values and actual values, but nor-
malized in this case by dividing by the maximum value of the actual value of power
consumption. The resulting NRMSE value is expressed as a percentage, which is easy to
interpret and allows for comparisons across different datasets. The NRMSE is defined
as follows:

NRMSE (%) =

√
1
n ∑n

i=1(yi − ŷi)2

ymax − ymin
× 100 (9)

where yi is the real value, ŷi is the predicted value, ymax and ymin are the maximum and
minimum values of power consumption, and n is the sample size.

• Coefficient of determination (R2):

The coefficient of determination, often denoted as the R-squared (R2), is a statistical
measure used to assess the goodness of fit of a regression model. It represents the proportion
of the variance in the dependent variable that can be explained by the independent variables
in the model. The R-squared ranges from 0 to 1 [46] and is defined as follows:

R2 =

[
∑n

i=1(yi − ŷi)
2

∑n
i=1(yi − ȳi)2

]
(10)

where yi is the real value, ŷi is the predicted value, ȳi is the mean of yi, and n is the
sample size.

• Execution time (in seconds):

The execution time refers to the duration it takes for the forecasting model to generate
predictions or complete the forecasting process. It represents the computational effort
required to implement the model and generate the desired output.

A faster execution time improves scalability and operational efficiency, particularly
when dealing with real-time or high-frequency data [47]. Models with a faster execu-
tion time require fewer computational resources, including processing power and mem-
ory. Efficient resource utilization lowers the operational costs and improves overall
system performance.

3. Case Study
3.1. Data Description and Inputs

The dataset employed in this study pertains to the city of Boulder, Colorado, and is
sourced from the City of Boulder Open Data Hub [48]. Given that the dataset includes all
CSs within the city, this study hones in on the specific CS named “N BOULDER REC 1”.
This particular CS contains 6508 EV charging session records spanning from August 2018
to May 2023. Each entry corresponds to an individual EV charging session, with provided
data encompassing fields such as “Station Name”, “Address”, “start date time”, “end date
time”, “Total Duration (hh:mm:ss)”, “charging duration (hh:mm:ss)”, “energy (kWh)”,
“GHG Savings (kg)”, “Gasoline Savings (gallons)”, and “Port Type”.

The designated forecast horizon for this study spans a single day (day-ahead forecast-
ing), with the forecast’s starting date set at “2023-05-04”. The choice of this forecasting day
aims to optimally utilize the majority of the data available to train the models.
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3.2. Pre-Processing

With the initial dataset of charging sessions, Figures 7–9 were generated to illustrate
the charging behavior at the CS. Figure 7 presents the distribution of the starting times
(hours) for the charging sessions, revealing two distinct peaks, one occurring between 8 h
and 9 h and another between 17 h and 18 h.

Figure 7. EVs charging start time.

In Figure 8, the charging duration (measured in hours) of these sessions is depicted,
with a majority lasting 1 h, although the average charging duration extends to 2 h.

Figure 8. EVs’ charging duration.

Figure 9 presents the energy consumption pattern across charging sessions, indicating
an average energy consumption of 9.79 kWh per charging session.

As outlined in Section 2.2, the initial dataset of the CS was transformed from charging
sessions to a 15 min time series detailing plugged-in status and power consumption. Subse-
quently, missing values and outliers were addressed based on the approaches established.

Figure 10 depicts the logarithmic histogram of power consumption obtained. The dis-
tribution of the histogram appears to exhibit a bell-shaped curve with a peak around 3 kW,
when excluding lower power consumption levels (between 0 and 0.3 kW), which represent
the vast majority of the data. The extended tail on the right side of the histogram is indica-
tive of occasional high-power consumption events, with a maximum power consumption
of 6.6 kW.



Energies 2024, 17, 3396 16 of 27

Figure 9. EVs’ energy consumption.

Figure 10. EVs power consumption histogram.

3.3. Feature Engineering

Figures 11–13 illustrate the power consumption behavior of EVs concerning several
date/time features crafted during the feature engineering phase (Section 2.3).

Figure 11 presents the average power consumption per hour, offering insights into
the daily CS pattern. Notably, two distinct peaks emerge: one at 9 h exhibiting an average
power consumption of 2.2 kW and another at 16 h, with an average power consumption
of 1.7 kW.

Figure 11. Average power consumption per hour.
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Figure 12 illustrates the average power consumption per month, revealing consistent
trends across the entire year. All months exhibit a relatively uniform range of average power
consumption, hovering between 1 kW and 1.3 kW. This suggests a consistent baseline of
power demand at the CS, regardless of the specific month.

Figure 12. Average power consumption per month.

Figure 13 showcases the average power consumption distributed across the four sea-
sons. Intriguingly, the values remain relatively close throughout the year, showcasing
minimal variation. While slight fluctuations are observable, with the highest power con-
sumption in spring and the lowest in fall, they are well within a narrow range, indicating
that the impact of temperature and weather conditions is negligible at this CS.

Figure 13. Average power consumption per season.

Regarding the clustering process, Figure 14 was employed to define the optimal
numbers of clusters (K) of power consumption. Based on the elbow method analysis, is
was determined that the optimal number of clusters for this dataset is K = 5. At this point,
there is a noticeable change in the slope of the curve, and beyond this point, the reduction
in the WCSS becomes less pronounced, indicating that additional clusters may not provide
significant improvements in capturing the data variance.

Figure 15 shows the clusters (or groups) of power consumption obtained from the
K-means method. Each data point in the plot corresponds to a specific power observation
of the time series, while the color of the point indicates the cluster to which it belongs.
By observing the plot, it becomes evident that the clustering algorithm effectively grouped
data points with similar power consumption levels together. The mean power consumption
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values for each cluster are as follows: 0.01 kW for Cluster 1, 6.1 kW for Cluster 2, 3.1 kW
for Cluster 3, 4.5 kW for Cluster 4, and 1.8 kW for Cluster 5.

Figure 14. Optimal number of clusters elbow method.

Figure 15. Power consumption clusters.

3.3.1. Feature Selection

The Pearson correlation coefficients between power consumption and the other fea-
tures in the dataset are presented in Figure 16. Features that exhibit a high positive
correlation with power consumption are positioned towards the upper end of the matrix
(in green), and features with a negative correlation are located towards the lower end (in
yellow). Moreover, features with low correlation coefficients, suggesting little to no linear
relationship with power consumption, are located in the middle of the matrix (in gray).

According to Figure 16, the most correlated features with power consumption are
“cluster”, “Hour_x”, “Power lag 7”, “Power lag 5”, “Power lag 1”, and “Hour_y”.

Figure 17 shows the feature-selection results obtained using the filter method with
the K best. The figure prioritizes and displays the best ten features correlated with power
consumption, and the features are presented in descending order of their corresponding
scores, indicating their significance. Based on the filter method results, the feature “Power
lag 1” stands out as the most influential feature to predict the power consumption, followed
by the other lag features and “cluster”.
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Figure 16. Correlation matrix for power consumption.

Figure 17. Feature-selection filter method.

Table 2 provides a comprehensive overview of the seven most critical features to
forecast the power consumption, obtained through the embedded method, specifically the
feature importance technique, for the Random Forest, XGBoost, and LightGBM models.
The features are listed from the most influential to the least influential, and notably, the best
features identified for all three models correspond to the lag features, highlighting the
importance of the temporal relationships in accurately predicting power usage patterns at
the CS.

Based on the comprehensive examination of the results for feature selection, derived
from the correlation matrix, filter method, and embedded method, a set of top features has
emerged as the most influential predictors for accurate power consumption forecasting.
These features include Power lag 1, Power lag 5, and Power lag 7, which capture histor-
ical consumption patterns and temporal dependencies. Additionally, the cluster feature,
indicative of grouping power behaviors, and the Hour_x, Hour_y, Day of year_x, and
Day of year_y attributes, representing the hour of the day and the day of the year, have
demonstrated remarkable significance. These selected features collectively embody the
interplay of temporal trends, historical patterns, and grouping behaviors, thereby forming
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a robust foundation for precise EV plugged-in status and power consumption forecasting
at the CS.

Table 2. Most important features embedded method.

RF XGBoost LightGBM

Cluster Power lag 7 Power lag 7
Day of year_y Power lag 1 Power lag 5
Day of month_y Power lag 5 Power lag 1
Power lag 1 Hour_x Cluster
Power lag 7 Hour_y Hour_y
Hour_x Cluster Hour_x
Power lag 5 Month_y Day of year_x

To evaluate the impact of using different numbers of these eight top-ranked features
on the performance of the machine learning models, an analysis using subsets of the
highest-ranked features was conducted. The NRMSE for each model, using the top 2, 3, 4,
5, 6, 7, and 8 features, is summarized in Table 3.

Table 3. NRMSE of the machine learning models using top-ranked features.

Model
NRMSE (%) Top Ranked Features

Top 2 Top 3 Top 4 Top 5 Top 6 Top 7 Top 8

MLR 14.28 14.28 14.48 14.58 14.53 14.72 14.86
DT 4.32 4.50 4.31 4.18 4.80 4.25 4.37
RF 4.60 4.10 4.59 4.94 5.03 4.80 4.81
XGBoost 4.48 4.45 4.53 4.58 4.42 4.26 4.26
LightGBM 4.36 4.38 4.49 4.42 4.22 4.29 4.27
LSTM 9.92 9.90 10.01 10.20 9.40 9.87 9.91

Average 6.99 6.94 7.07 7.15 7.07 7.03 7.08

Table 3 shows that the differences in the NRMSE are minimal, indicating that the
performance of the models is robust regardless of the number of top features used. These
findings reinforce the validity of the feature-selection process and the reliability of the
methods in capturing the essential patterns in the data.

3.3.2. Forecasting and Evaluation

Given that the forecasting day corresponds to 4 May 2023, the rest of the data were used
for training, encompassing the time frame spanning from 22 August 2018 to 3 May 2023.
In the forecasting phase, the first “plugged-in” variable is predicted every 15 min, to de-
termine whether the EVs are connected or not, and subsequently, power consumption
predictions are made for those 15 min intervals wherein EVs are connected.

Figure 18 presents the EVs’ charging behavior (plugged-in status and power con-
sumption) for the forecasting day. The upper plot of Figure 18 displays the status of EVs
being either plugged in (1) or unplugged (0) throughout the day. A clear pattern emerges,
indicating a continuous connection of EVs from 8 h to 19 h, except for two brief periods: a
30 min interval from 12:30 h to 13 h and a 15 min interval from 17 h to 17:15 h, where no
EVs are connected. The lower plot of Figure 18 focuses on the power consumption of EVs
at the CS on the same day. There are five distinct “peaks” at various power consumption
levels, but notably, the highest peak occurs at midday, for a 15 min interval from 11:45 h to
12 h, revealing a high power consumption of 6.42 kW at the CS.

As mentioned in Section 2.5, the XGBoost classifier was employed to forecast the
plugged-in status. This predictive model aimed to determine whether an EV is connected (1)
or not (0) throughout the forecasting day. The results obtained from the binary classification
model are visually depicted through the confusion matrix in Figure 19.
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Figure 18. Plugged-in status and power consumption for forecasting day.

The confusion matrix illustrates the model’s ability to correctly classify the 96 instances
(intervals) of the forecasting day into four categories:

1. True positives (TPs): There are 39 instances where the actual class was plugged-in (1)
and the model has correctly predicted them as plugged-in (1).

2. False positives (FPs): The model has predicted three instances as unplugged (0), when
the actual class was plugged (1).

3. False negatives (FNs): The model did not predict any instances as plugged-in (1),
when the actual class was unplugged (0).

4. True negatives (TNs): The model has correctly predicted 54 instances as unplugged
(0), when the actual class was unplugged (0).

Figure 19. Confusion matrix for plugged-in status.

It is evident that the model performs well in terms of true positives and true negatives.
It correctly identifies positive cases (TPs = 39) and true negative cases (TNs = 54), and the
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small number of false positives (FPs = 3) suggests that the model occasionally misclassifies
negative instances as positive. Overall, the forecasting model for plugged-in status presents
an F1-score of 0.97.

To forecast the power consumption, the six regression methods mentioned and ex-
plained in Section 2.5 were tested using the hyperparameters found in Section 2.6. The re-
sults obtained are summarized in Table 4, which compares the performance of each method
in terms of the evaluation metrics and the model’s execution time.

Table 4. Comparative performance for all methods.

Model
Performance Evaluation

NRMSE (%) MAE (kW) R2 Execution Time (s)

LightGBM 4.22 0.15 0.97 5.0
XGBoost 4.42 0.15 0.97 50.0
DT 4.80 0.16 0.96 0.5
RF 5.03 0.16 0.96 180.0
LSTM-NN 9.40 0.25 0.86 780.0
MLR 14.53 0.59 0.58 0.2

The results presented in Table 4 indicate that the methods based on gradient boost-
ing, namely LightGBM and XGBoost, outperformed the rest of the methods. LightGBM
achieved a lower NRMSE, with an error of 4.22%, while for XGBoost, the NRMSE was
4.42%. Both methods, with an R2 of 0.97, exhibit highly comparable performance metrics,
showcasing their effectiveness in EV power consumption prediction accuracy. However,
when comparing the execution times, LightGBM emerges as the more efficient option,
with computations taking 5 s, being ten-times faster than XGBoost.

DT and RF also performed well, having similar values of the NRMSE, 4.80% and
5.03%, respectively, and the same R2 of 0.96. Nevertheless, DT stands out for its remarkable
computational efficiency, completing the computations within just half a second. RF, on
the other hand, requires significantly more time, with computations taking 180 s due to its
ensemble nature and the complexity associated with aggregating multiple decision trees.

The LSTM-NN, while renowned for its capacity to capture complex temporal patterns,
presents certain limitations within this context when compared to the other methods.
The higher NRMSE value of 9.40% and an R2 of 0.86 suggest that LSTM-NN’s predictions
exhibit more variability, and the longer execution time of 780 s is a disadvantage. MLR
(the simplest method used for benchmarking) displays the lowest accuracy among all the
methods, as evidenced by a higher NRMSE of 14.53% and an R2 of 0.58.

Additionally, Figure 20 shows the actual power consumption and the corresponding
predictions derived from each method. The blue line represents the real power consumed
at the CS in that day, and the red, purple, gray, yellow, orange, and green dashed lines
represent the power consumption predictions for MLR, DT, RF, XGBoost, LightGBM, and
the LSTM-NN, respectively.

After comparing the six regression methods, LightGBM appeared as the most effective
(best overall performance) for predicting the power consumption of EVs at the CS. The dif-
ferences in the predictions among all forecasting methods were small, with the exception
of the MLR method, which is used as a benchmark for the rest of the methods. In general,
the power consumption forecasting results were very similar to the trend of real power
consumption, which explains the very good model performances obtained.

Figure 21 compares in detail the real vs. the predicted plugged-in status (upper plot)
and power consumption (lower plot) for the forecasting day. The actual plugged-in status
and power consumption values correspond to the blue lines, and the predicted plugged-in
status (XGBoost classifier results) and power consumption (LightGBM) corresponds to the
orange dashed lines.
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Figure 20. Power consumption forecast results.

The upper plot of Figure 21 attests to the effectiveness of the forecasting model in
accurately predicting EVs’ plugged-in status. The majority of the day demonstrates a
remarkable alignment between the actual and predicted behaviors, with the model effec-
tively capturing the nuances of EVs’ charging patterns. A few deviations can be observed
between the actual and predicted plugged-in status, around 13:30 h to 14:30 h, where the
model anticipated an intermittent unplugging, contrary to the continuous plugged-in state
observed. These discrepancies, while limited in occurrence, underscore the challenge of
capturing transient behaviors and unexpected shifts in EVs’ charging activity.

Figure 21. Real vs. predicted plugged-in status and power consumption.

In the lower plot of Figure 21, it is evident that, for the most part, the predicted and
actual EVs’ power consumption closely align. The forecasting model successfully captures
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the overall trend and magnitude of EVs’ power usage, depicting periods of power consump-
tion and idle intervals. Notably, the model predicted the highest power consumption peak
around 11:30 h, with a slight difference, but overestimated the actual power consumption
from 13 h to 14 h, predicting around 1.85 kW, while the actual consumption was 1.05 kW.
Similarly, from 17 h to 19 h, the model underestimated the power consumption, leading to
a discrepancy between the predicted and actual values.

In essence, the forecasting model’s strengths lie in its ability to predict overarching
trends in EVs’ charging behavior, namely plugged-in status and power consumption, accu-
rately. These strengths equip energy stakeholders with valuable information to optimize
resource allocation, manage peak loads, enhance grid stability, and support sustainable
energy practices.

3.3.3. Cross-Validation

A time series split cross-validation was performed as outlined in Section 2.7.2, to assess
and validate the accuracy obtained by the LightGBM method. A fixed test size of 96 points
(1 day) was defined using five rounds, which means that the 5 days prior to the forecasting
day were also forecasted, 1 day in each round.

Figure 22 compares the power consumption forecasts obtained in the cross-validation
for the 5 days prior to “2023-05-04” and the actual values.

The results in Figure 22 are consistent with the results obtained for the forecasting day.
Furthermore, the NRMSE obtained for the cross-validation was 5.21%, slightly higher than
the NRMSE of 4.22% observed for the forecasting day. This marginal rise in error can be
expected in cross-validated scenarios, as the model is rigorously tested on diverse subsets
of the data, reinforcing its ability to maintain consistency in predicting power consumption
trends over varying time frames. The results underscore the model’s reliability and suggest
that its forecasting capabilities extend beyond isolated predictions, thereby enhancing its
applicability and credibility.

Figure 22. Power consumption forecast cross-validation.

4. Conclusions and Limitations
4.1. Main Conclusions

EV charging behavior is highly dynamic and variable, influenced by factors such as
the discrete behavior going from 0 to Pmax when the EVs start charging, the type of EV, the
battery capacity, the charging speed, user habits, and the time of day. This variability can
lead to significant differences in charging patterns, as daily commutes, access to charging
infrastructure, and individual preferences play crucial roles.

In line with these unique characteristics, a methodological framework for accurate EV
charging behavior forecasting at CSs has been proposed in this paper. The structured and
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robust framework is able to transform EVs’ charging sessions data into a 15 min plugged-in
status and power consumption time series during the pre-processing and to apply the
stages of feature engineering, feature selection, forecasting methods, and validation.

The proposed framework has been applied on a real-world dataset from Boulder city,
and the results demonstrated the effectiveness of the framework in the task of EVs’ plugged-
in status and power consumption forecasting at CSs. XGBoost’s classifier predicted EVs’
plugging-in status with remarkable accuracy, setting the stage for precise power consump-
tion forecasting. A comprehensive evaluation of six regression methods spotlighted the
supremacy of gradient boosting algorithms, with LightGBM emerging as the the most
effective method to forecast EVs’ power consumption, due to its optimal balance between
performance and computational efficiency.

The insights gained from this study have profound implications for power grid man-
agement and the seamless integration of EVs. As EVs transition from being a passive
consumer to an active participant in the grid, this framework equips power system oper-
ators with a strategic advantage in anticipating and adapting to the evolving landscape.
Moreover, the proposed framework can be applied to any scale of CS, with the assumption
that EVs’ charging sessions are known and the inputs are established.

4.2. Limitations

While this study has made significant strides in accurately forecasting electric vehicles’
(EVs) charging behavior at charging stations (CSs), several inherent limitations warrant
consideration. The dataset used in this study was recorded at specific time intervals,
which may not capture rapid fluctuations or finer details in EV charging patterns. Higher
resolution data, with more frequent sampling intervals, could provide a more detailed and
accurate representation of EV charging behavior.

The forecasting models developed in this study rely heavily on historical data. While
historical data provide valuable insights, they may not fully capture evolving patterns due
to unforeseen changes in EV technology, user behaviors, or external factors such as policy
changes and economic shifts. This reliance may limit the models’ ability to adapt to future
changes and emerging trends in EV usage.

The computational complexity and efficiency of the models were appropriate for the
given dataset size and forecasting requirements. However, scalability and real-time fore-
casting in large-scale datasets may pose additional challenges. Computational limitations
could affect the feasibility of applying the proposed models in real time or on larger datasets
without optimization and resource allocation.

To enhance the framework’s versatility and robustness, future research endeavors
could focus on expanding its scope to encompass diverse geographical locations, varied
charging behaviors, and the integration of other relevant variables. This would require
further validation and adaptation of the methodology to accommodate different contexts
and datasets.
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