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Abstract

The adoption of Electric Vehicles (EVs) has grown substantially in recent years, offering a cleaner
and highly promising pathway toward the decarbonization of urban environments. However, this
trend introduces new challenges in charging infrastructure and management. This paper proposes
a synergistic integration of Business Intelligence (BI) and Artificial Intelligence (AI) techniques -
including machine learning and data analytics - for solving the EVs charging problem. We begin
with an in-depth analysis of charging behaviors, leveraging extensive datasets from EVs, Charging
Stations (CSs) and auxiliary sources. Based on this analysis, we introduce a BI framework utilizing
advanced data mining methods to utilize large-scale data effectively. We then present a BI-based
decision-making model that enables comprehensive analysis and optimized solutions for EV charging
scheduling and the cooperation among different CSs owners. The model is validated across multiple
real-world scenarios and case studies, demonstrating significant improvements in charging efficiency,
utilization, and reliability. By showcasing the practical applications of BI-driven analytics, our findings
underscore the transformative impact of data-informed methodologies on EV charging operations.
The paper concludes with a discussion of open research opportunities in AI- and BI-driven intelligent
transportation—specifically in EV charging optimization, grid integration, and predictive analytics.

Keywords: business intelligence; electric vehicles (EVs); electric vehicles charging; decision model;
data mining

1. Introduction
In recent decades, there have been tremendous advancements in wireless and communications

technology that has led to the development of Internet of Things (IoT). IoT includes the interconnection
of smart devices and the exchange of information among them. The analysis of the collected data
through Artificial Intelligence (AI) technology and machine learning techniques enables faster and
more efficient decisions. The use of IoT is extended and affects all the aspects of everyday life, however
in this paper, our focus is the Electric Vehicles (EVs) technology [1,2].

1.1. Motivation

The market of EVs is growing at a fast pace due to their advantages. Electric vehicles contribute to
the decarbonization of road transport, noise-free traffic, the decrease of operational and maintenance
costs [3,4] and the convenience of charging [5]. In addition to being pollution-free and ecologically
efficient, EVs frequently use renewable resources and positively contribute to the transportation system
of smart cities. However, EV charging poses significant challenges for the power grid network. In
order to charge the increasing number of EVs, huge amounts of energy are needed, especially during
particular times of the day, when large number of owners of EVs want to charge their vehicles. If
charging occurs without control and scheduling, various problems appear, including limited number of
Charging Stations (CSs), slow charging and long queues and waiting time. Therefore, the collaboration
of many vehicles and charging stations might result in notable energy savings, particularly during
periods of peak load. The cooperation concept is of the main contributions of the paper. Furthermore,
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a major factor in the energy balancing of the smart transportation system is the dynamic utilization
of CSs. The proposal of efficient scheduling techniques is important to encourage owners of CSs and
EVs to take part and cooperate in the energy charging market. The primary problem is to create an
incentive-compatible and energy efficient market that maximizes the benefits of the market participants
and allocates energy efficiently in a market model while taking into account EVs and CSs individual
interests, and the overall market gains.

1.2. Contributions

In this paper, we explore an energy trading market where a number of EVs are in motion in
a geographical area, where a number of CSs, owned by different stakeholders, are deployed. The
EVs need to charge their batteries with varying demands and the stakeholders offer energy to sell
in different prices. Thus, all the participants of the market are independent and have competitive
interests. Additionally, a great challenge of the market includes the ignorance of the preferences, needs,
decisions and actions of each of the participants. More specifically, this market characteristic is very
crucial during peak demand time periods, since imbalances are created and even delays and queues at
the charging stations. These problems are energy inefficient, create unnecessary costs and time wastes
for all the participants of the market. Thus, if we assume that the electric vehicles could be motivated
to disclose truthfully their demands, a decision making policy could be employed to optimize the
operation of the market. An operator is responsible to gather the large volume of information. The
abundance of information has to be processed in order to be useful and to be utilized in the decision-
making process. With the gathered information, an energy model is proposed to deal with the different
desires and needs of the participants and an equilibrium can be reached.

Given the aforementioned issues, and the economic nature of the market, the tools of AI, namely
machine learning, data analytics, are exploited and a Business Intelligence (BI) model is proposed.
Machine learning and data analytics are appropriate tools when large number of information are in
hand. The conflicting interests of the participants involved in the market make the proposal of a BI
model suitable for the problem. In the paper, a BI energy trading strategy is proposed. The system
layout, time-varying energy characteristics (e.g., peak and off-peak periods), and the unique features
of market participants (e.g., electric vehicles and charging stations) are all taken into consideration in
the strategy.

The main contributions of the paper are the following:

1. We present an innovative system layout, where EVs, owned by distinctive individuals, compete
with one another to buy energy from different CSs that are deployed by different stakeholders.

2. We summarize the data that are employed in an energy trading market. It is important to identify
the sources of spatial and time data that are processed in the BI model.

3. We propose a business intelligence model. More specifically, we analyze the different layers that
the BI is composed of, including the data layer, the BI layer and the decision layer.

4. We present optimal solutions for addressing a number of energy charging problems, including
the charging schedule recommendation, the cooperation among different CSs stakeholders and
optimal infrastructure planning. Various strategies are investigated, including double auction
strategies and iterative approaches.

The remainder of the paper is as follows. In Section 2, we explore an overview of different
charging strategies that are investigated in the literature. In Section 3, we describe the system model
that we use in our work along with its operation. Additionally, the data sources needed in the charging
algorithm are presented. Section 4 focuses on the business intelligence model that we propose. More
specifically, a number of challenges and solutions are proposed and explained. The performance
evaluation of the proposed solutions are included in Section 5 and a discussion over the results is
given in Section 6. Finally, Section 7 concludes the paper.
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2. Related Work
The rapid growth growth of the electric vehicles market has directed the attention of the research

community towards the advancement of the charging station networks and the energy grid, in general.
Since the emergence of the EVs, their charging is among the most discussed issues. A great number of
works focused on the different charging technologies [6]–[12]. More specifically, the authors portray the
technologies, standards, topologies and methodologies for charging the EVs and discuss the challenges,
advancements, limitations and open issues of the energy grid.

However, the emerging use of EVs have created a great deal of challenges concerning the EVs
charging and the CSs infrastructure deployment. These two topics have been thoroughly investigated
in the literature. As the EVs traffic increased through time, the charging scheduling became difficult
problem to be solved, as delays and queues were observed in the CSs. In [13], the authors addressed
the problem of charge scheduling and classified the algorithms into unidirectional or bidirectional and
centralized or distributed. The economic aspect of the different approaches was examined in [14] and
different approached were investigated in [15]. Due to the complexity of the charging problem, the
researchers explored a number of optimization solutions. An overview of optimization scheduling
techniques is discussed in [16]. A heuristic linear programming method is discussed in [17] and the
authors in [18] formulate a dynamic programming algorithm for addressing the charging scheduling
problem. Continuously, works [19]–[21] propose optimal charging scheduling scheme, where different
optimization objectives are picked, such as charging costs, charging duration and charging demand
balancing.

Other works focus on identifying the optimal deployment of the charging stations infrastructure.
A comprehensive review of the strategies examining the optimal sites of CSs is provided in [22]. Mixed
linear programming is used for CSs planning [23]. A number of optimization methods for determining
the best location and capacity of charging stations [24]–[26]. Fewer state-of-the-art works exploit the
benefits of AI in order to specify the optimal locations of CSs [27,28]. Clearly, there are not many works
that use AI techniques. Thus, this is the focus of our paper.

3. System Model
In this section, we introduce the system model that we use in our work. Additionally, we explore

the variable types of data characteristics involved in the EVs charging.

3.1. System Model and Operation

The system model of our work is depicted in Figure 1. We assume an urban geographical area,
where a number of CSs are installed by multiple stakeholders and energy providers and a number of
EVs are moving within the range of the area. More specifically, we define the participants with the
following characteristics:

1. EVs: We assume that there are N vehicles in the geographical area, denoted by EVn, where
n ∈ N = {1, ..., N}. The EVs move around the area and are in search of CSs in order to charge
their batteries. The vehicles are equipped with telematic systems and sensors to make their
locations visible and provide useful data in the system.

2. CSs: We assume that there is a set of M CSs, denoted by CSm, where m ∈ M = {1, ..., M}. Each
CS acts as an aggregator in order to provide the ability to the EVs’ owners to communicate with
the power grid. Additionally, fundamental data are provided to the system through the CSs,
including locations, energy levels and availability in order to be exploited in the BI model.
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Figure 1. System model with N EVs and M CSs.

The communication between the EVs and the CSs facilitates the vehicles that have individual
interests to participate in the energy trading market. EVs declare their needs for energy, while CSs
state thier availability.

3.2. Spatial Data

Spatial data plays a critical role in the charging of EVs. Understanding the geographical distribu-
tion of both EVs and CSs allows the identification of high-demand areas and the reduction of charging
congestion. Moreover, spatial data enables the strategic placement of CSs based on their density, the
traffic patterns and the accessibility of locations [29]. The integration of spatial data into BI models
allows balanced energy distribution, efficient infrastructure utilization and enhanced user satisfaction.

3.2.1. Location Data of Electric Vehicles

The knowledge of the exact location of the EVs is important in the decision-making process and
the predictive analysis. EVs are equipped with GPS and telematics systems to generate continuous
data streams. The data are exploited to understand the driving behavior, the travel patterns and the
real-time location of the EVs. A BI model uses the data to recommend the proximal CSs, to predict
energy demand and to identify the charging hotspots. Thus, tracking EV locations provide valuable
insights for the charging scheduling.

3.2.2. Selection of Charging Station Location

The decision upon the CSs infrastructure is critical. The use of EVs is increasing at a fast pace
and among the disadvantages of their use is the problem of CSs location. If the CSs are not located
in the best locations, the owners of the EVs may be disappointed and this problem may affect their
motivation to use their EVs. Surely, the CSs cannot be placed randomly. Many works in the literature
have investigated the problem of the selection of the optimal location of the CSs. Consequently, the
CSs site election is a multiple criteria problem.

To begin with, the first feature that is considered when choosing the location for the CS deployment
is the demographic profile of a geographical area. The demographic profile includes the population of
an area and its density, the number of EVs owners and the number of CSs owners that compete in the
same geographical area. A second factor that should be considered in the selection of the CSs’ location
is the daily activities profiles of the EVs’ owners. More specifically, it is important to examine the daily
needs and visits of the people around the geographical areas. For example, shopping malls, super
markets, restaurants, university campuses, public services locations, industrial and business locations
are widely visited and thus, the need of deploying charging stations in these locations is more than
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compulsory. Third, the traffic profile of the EVs’ owners is important to be investigated (time variance
of the traffic is examined in the next section). CSs can be installed in areas where there is large footfall.
For examples, charging station need to be deployed in highways, busy intersections and commuter
routes, since EVs are highly concerned with charging their batteries while traveling long distances.
Last but not least, an important upgrade will contemplate how delays can be avoided, especially in
highly congested areas.

3.2.3. Charging Stations Density

Along with the selection of the CSs location, the charging stations density is crucial. The investi-
gation of both the number and the proximity of EVs charging stations is thoroughly studied in the
state-of-the-art works. For example, even if we have a good number of CSs in a geographical area, if
they are apart from each other, problems might appear. Similarly, it is not convenient to gather a small
or a large number of CSs in a limited geographical area and have other areas with no CSs.

First and foremost, there is a critical factor that must be considered in the CSs density decision.
In specific geographical areas and at certain time of the day, the EVs owners may experience high
congestion and long waiting time when they want to charge their EVs. This may lead to lower
satisfaction, disappointment and frustration. Thus, it is important to be able to predict the charging
demand in urban and rural areas at different periods of the day. Over and above that, the accessibility
of the areas should be studied thoroughly in order to understand how many electric vehicles CSs
could be installed so as to fulfill the energy demands of the EVs owners. Again, shopping malls,
super markets, restaurants, university campuses, public services locations and industrial and business
locations are ideal areas for placing large number of CSs. Summarizing, the charging duration of an
electric vehicle is, moreover, a determining factor that affects the deployment of the CSs infrastructure.
When delays can be avoided, if there are are adequate CSs in an area, the life and experience of the
EVs owners is facilitated.

3.3. Time Data

Time data is crucial for understanding and predicting fluctuations in EV charging demand
throughout the day, week, and year. It enables the identification of peak and off-peak periods and
supports load balancing. Incorporating temporal patterns into BI models helps optimize energy
distribution and reduce grid congestion during high-demand time periods.

The charging demands vary dynamically over time. The charging profiles and patterns have been
investigated in depth in the literature. A large number of researchers investigate how the charging
demands differentiate according to the different time of the day. Peak and off-peak time of CSs use is
very important in the decision of CSs infrastructure planning. Based on the reports, its is observed
that the EVs owners prefer to start charging their vehicles in the afternoon or early evening. In most
cases, charging increases at midnight and thereafter decreases in the morning. Similar behavior is
observed during workdays and weekends. However, during the weekends, the charging demand
is slightly lower than in the workdays. When comparing the charging energy demand during the
different periods of the year, we notice that monthly consumption is larger in winter than in the
summer, however, the charging profile is similar, meaning that most of the EVs are charged in the
afternoon and in the evening [30].

4. Business Intelligence Model
In this section, we analyze the business intelligence model that is studied in this paper. We

describe the different aspects of the BI model concerning the data, we make a comprehensive analysis
of the EVs charging problems that its approaches and we demonstrate the various solutions that can
be proposed.
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4.1. System Overview

The last decades, an explosion of data has been observed. Large scale datasets are available. In
practice, companies and researchers have a large amount of structured or unstructured data in diverse
formats. However, the available data are useless if they are not organized, analyzed, and reported. To
this direction, data mining and analytics tools are employed in order for the diverse data gain value
and be transformed into information. Techniques such as artificial intelligence, machine learning and
statistics are used to create patterns and profiles for the categorization and clustering of the data. BI
models include these techniques. The reported data lead to improved data-driven decision and the
solutions that are presented, are designed to provide improved performance for the users. Finally, BI
models offer data visualization tools, which convert data into charts or graphs to make easier for any
key stakeholders or decision-makers to understand better the solutions and to implemented them. The
aforementioned procedures are divined into three layers: data layer, BI model layer and decision layer,
as shown in Figure 2. The layers are described in details in the next subsections.

Demand balancing

Energy scheduling 
and control 

management

Cost optimization

Charging schedule 
recommendation

Cooperation among 
different CSs owners

BI Model LayerData Layer Decision Layer

• Data from Evs
• Data from SCs
• Road traffic statistics
• Other

Processing and 
data analysisData 

cleaning

Figure 2. Business Intelligence Model Architecture.

4.2. Data Layer

The electric vehicles network produce a vast amount of data. Following, we discuss the sources
of the data:

• Data from EVs: The electric vehicles are often equipped with multiple sensors. The data that are
gathered include the type of vehicle, the location of the EVs, the direction of the route, the levels
of the battery health, the energy consumption, the urgency or not of the energy charging and
the vehicle and the driver performance. Additionally, historical data are gathered, e.g., typical
charging times, preferred charging locations, preferred routes or planned trips. As technology
advances and AI is used, information about predicted routes based on the EVs behavior can be
provided to help the BI model. The raw data need to be filtered, categorized in order to be easily
accessed and employed.

• Data from CSs: Data are available from the CSs, as well. Important information include the type of
CSs, the location of the CSs, the parking locations, their availability for charging, the real-time
waiting queues, the potential use of renewable energy sources, the charging speed and the cost of
the energy charging (e.g., flat rates, dynamic pricing). Information about the ownership can also
be used since the management of CSs through third parties affects both pricing and accessibility.
These data are crucial for the decision about charging schedule and infrastructure planning, if
they are classified and integrated correctly.

• Data from Geographic Information Systems (GISs) and other applications: The GISs are hardware and
software systems that collect, manage, analyze and visualize the geographical data. Both spatial
and temporal data are available. The amount and the variety of data from GISs are enormous,
nonetheless, we are interested in data that concern location of roads and railroads, traffic zones,
buildings locations and even temperature. The analysis of the data provides valuable information
about the mobility patterns of the EVs and infrastructure planning of the CSs.
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• Other data: Other sources of data include surveys and questionnaires that are addressed to
EVs’ owners and CSs’ stakeholders. Additionally, the use of applications by the involved users
and parties could provide real-time information and statistics. Other information are gathered
concerning the weather conditions, since they affect the energy demand, the traffic peak and off
peak conditions and the renewable energy generation. Regulation and law constraints are also
important. Based on the data, we are able to understand the the performance of our system and
adjust its operation to the needs and demands of the EVs’ users and the CSs’ owners.

Databases aggregated the historical and real-data from the aforementioned sources. Then, the
data are preprocessed. Data cleaning includes noise and erroneous values reduction, outliers and
missing values handling (e.g., removing outliers in battery level or filling missing GPS coordinates),
duplicate and redundant values detection, normalization, units standardization (e.g., energy in kWh,
distances in kilometers), etc.

4.3. BI Model Layer

The raw data that are gathered, are then processed in order to find solutions in a number of
problems concerning the energy charging of the EVs. Following, we describe the challenging issues
that the BI layer deals with:

• Demand balancing: One crucial challenge in electric vehicles charging is the problem of balancing
the charging load across the multiple charging stations that are scattered across the geographical
area. Charging load balancing is connected to the peak demand management with upper goal to
minimize the congestion to certain CSs and to divert charging demand away from peak hour of the
day. Another objective is to exploit renewable energy resources. The most common approaches
in the literature used to route the EVs individually in order to balance the demand. However,
these solutions are not mature and the demand balancing has limited prospects. Another set of
state-of-the-art works explore the load balancing demand from the perspective of EVs routing and
choosing the most suitable parking lot for charging the vehicle [31]–[34]. Other works focus on the
prediction of the EVs demand patterns and the analysis of energy demand fluctuations [35]–[38].
The proposition of a BI system enables the exploitation of the wide range of information that are
available and from different resources in order to provide improved solutions. To begin with,
BI employs the techniques of data analysis and mining in order to organize raw data, classifies
them and finds the useful information. Using this data, charging patterns are identified and peak
time demands and spacial congestion points are recognized. The time and spatial behavior of
the EVs is then evaluated and effectively analyzed. The main objective of demand prediction
is to be able to identify the high-demand time windows and anticipate the CSs use in order
to avoid overcrowding. Moreover, understand charging preferences and habits motivates the
recommendation of charging schedules based on the EVs behavior. The BI model are able to
predict the charging demand in a specific urban region based on EV density and nearby charging
stations. ARIMA and Long Short-Term Memory can be used for energy charging forecasting.

• Energy scheduling and control management: It is common that the owners of the electric vehicles
choose the time that they charge their vehicles based on their work and duties schedule or
based on the battery levels of their car. Therefore, there is no coordination between the EVs’
owners and the CSs to manage convenient charging. However, the uncoordinated charging has
negative impact on the energy grid that feeds the CSs infrastructure (e.g., energy deficiencies and
fluctuations) and on the satisfaction of the vehicles’ owners (e.g., long waiting times). A number
of works in the literature deal with the charging scheduling problem. In the majority of the
works, the problem is considered as an optimization problem, where a central controller manages
the system and decides the optimal schedule for the CSs’ stakeholder [39]–[47]. Fewer works
investigate the problem as a decentralized technique [48]–[52]. Concerning the objective goals, the
time and load fluctuations are considered. Additionally, there in the need of balancing the energy
charging so as to eliminate the peaks. Finally, the benefits of the CSs stakeholder are on focus.
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More specifically, the maximization of the utilization of CSs, the reduction of the queuing times
and the distribution of the EVs efficiently are the main objectives of the CSs owners. From our
point of view, there is a great need to take into account the demands and needs of all the involved
parties (e.g., CSs owners, EVs owners, energy providers). Additionally, the demand patterns and
the mobility of the vehicles could be exploited. Thus, a BI model considers the offered data at
their best. Next, a holistic technique identifies the objectives that may be contradictive and tries
to reach the optimal solution for everyone involved. Clustering models, linear regression and
optimization tools can be used.

• Cost optimization: Following the aforementioned challenge, it is important to investigate the
charging cost for both the EVs and CSs owners. Several works have addressed the specific
challenge and proposed solutions whose focus was the charging cost [53]–[58]. It is important to
use the BI tools to proposed strategies for dynamic pricing that will motivate the owners of the
electric vehicles to cooperate and charge their vehicles at specific time periods so as not to create
congestion and delays. Additionally, the research of optimal solutions is enabled through the use
of a business intelligence model. Machine learning and data mining can be explored.

4.4. Decision Layer

Following we propose the BI models to address different problems related to EVs and their
charging. We provide solutions for both electric vehicle owners and CSs. In order to fully understand
the context of our work, we analyze the scenario that is explored. Referring to Figure 1, we consider
a scenario with a large number (N) of EVs and a large number (M) of CSs. EVs are moving through
a wide geographical area where CSs are located. Both EVs and CSs are equipped with sensors and
communication systems in order to share information about battery levels, energy demand, location,
availability and charges. We further assume that EVs’ and CSs’ owners agree to cooperate using a BI
model with the goal to find overall optimal solution, however without denigrating their own demands
and desires.

• Charging schedule recommendation: Deciding the charging schedule is very important for the
improvement of our system performance. More specifically, it is important for the EVs to decide
dynamically when and where to charge and not deciding randomly simply based on their
proximity to a CS and the battery level. Additionally, CSs can play a crucial role when they
cooperate with each other and with the EVs. This is where a BI model is employed. A dynamic
schedule using optimization tools can minimize the cost and waiting times of the involved
counterparts while at the same time load balance is achieved across the CS by taking into account
the proximity of the EVs and CS, the charging speed and the energy cost. An application can notify
EVs’ owners for the optimal time and location of charging. The objectives of the optimization
problem are among others: (a) the minimization of waiting time and the travel distance of the
EVs, (b) the maximization of the CSs utilization and (c) the minimization of overloading the
energy grid during peak hours. Linear programming, multi-agent simulations, game theory
are employed. In our previous work, we proposed an innovative market formulation in which
autonomous EVs and CSs are motivated to cooperate dynamically with changing roles. We
adopted a multi-objective strategy that is repeated in steps [66]. Another formulation of the
optimization problem considers the minimization of the cost of both EVs and CSs, as follows:

P1: min
N

∑
i=1

M

∑
j=1

(
α · di,j + β · ti,j + γ · cj

)
· xi,j (1)

where di,j is the distance between EVi and CSj, ti,j is the estimated waiting time of EVi at CSj, and
cj is the charging cost per energy unit at CSj. The binary variable xi,j indicates the assignment
of the EVn at CSj (the value 1 indicates the assignment, 0 is when EVi is not assigned). The
coefficients α, β and γ are weight parameters for distance, waiting time, and cost, respectively.
The optimization problem is minimized under some constraints as follows:
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Each EV should be assigned to one CS,

M

∑
j=1

xi,j = 1, ∀i ∈ N (2)

Each CS has a limited number of available charging slots, qj, for the EVs to charge,

N

∑
i=1

xi,j ≤ qj, ∀j ∈ M (3)

The total energy charged to the EVs at the CSs (bi,j is the charged energy for EVi at CSj) should
not exceed the maximum grid energy level (namely P),

M

∑
j=1

N

∑
i=1

xi,j · bi,j ≤ P, ∀i ∈ N , ∀j ∈ M (4)

The optimization problem mentioned above is a mixed integer linear programming approach
and can be easily solved for medium-sized instances like 100 of EVs and CSs. However, solving
the charging schedule recommendation problem becomes computationally difficult in large-scale
and real-time scenarios. Thus, we adopt an efficient greedy weighted matching approach that
approximates the optimal assignment with significantly lower computational complexity. The
greedy approach, described in 1, we compute the cost for each EV-CS pair, based in the weighted
sum of travel distance, expected waiting time and energy cost. Next, each EV is assigned to the a
CS (the one with the lowest score), among those with available capacity. The algorithm is iterative
for all EVs. The complexity of the algorithm is O(N ·M · logM), making it suitable for real-time
applications.

Algorithm 1 Greedy charging schedule recommendation algorithm

1: Set of EVs: {EV1, ..., EVN} ▷ Input parameters
2: Set of CSs: {CS1, ..., CSM}
3: Distance from EVi to CSj: di,j
4: Estimated waiting time at CSj: ti,j
5: Cost per kWh at CSj: cj
6: Available charging slots at CSj: qj
7: Weight parameters α, β, γ
8: For each EVi and CSj, compute a score: ▷ Cost matrix computation
9: Scorei,j = α · di,j + β · ti,j + γ · cj

10: For each EVi ▷ Greedy assignment
11: Sort CSs by Scorei,j ascending
12: Assign to the first CSj with available slot qj > 0
13: Update qj = qj − 1
14: A mapping of EVs to CSs ▷ Output
15: Total system score ∑i Scorei,j

• Cooperation among different CSs owners: The second direction of the BI model concerns the motiva-
tion for the cooperation of the CS owners in order to optimally utilize the resources and increase
the satisfaction of the electric vehicles’ owners. It is evident that the stakeholders that are in charge
of deploying the CSs have contraindicative interests. However, a cooperative scheme ensures
a fair profit distribution among all the participants of the charging market. After collecting the
required data from the EVs (e.g., battery level, charging needs, location, direction of traveling),
the CSs (e.g., location, availability, pricing, energy source), the traffic patterns (e.g., peak hours,
travel paths) and other sources (e.g., surveys, applications), the data are compiled and processed
in order to provide centralized and decentralized solutions, dynamic pricing approaches, load
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balancing models and profit sharing mechanisms. More specifically, all the CSs’ owners, or at
least their majority, are motivated to share some of their data in a common platform or application.
Through data processing and the use of AI algorithms, dynamic charging schedules are recom-
mended. These schedules prevent overloading or under-utilization. By using machine learning
strategies, we predict peak charging times, and we adjust pricing and availability accordingly
by taking into account waiting times, costs, and locations. The BI model decides the charging
schedule and then divides the profits fairly among the CSs’ owners based on metrics and key
indicators such as utilization and energy contribution. This scheme incentivizes the owners of
the charging infrastructure to collaborate without losing their competitiveness. In a previous
work, we proposed a double auction mechanism for a wireless network where network operators
cooperate to share their traffic [67]. Similar solutions could be employed for the charging market.
To facilitate the cooperation among independent CSs, we propose a BI-driven double auction
mechanism that enables real-time, market-based coordination of charging demand. In this
framework, CSs experiencing excess demand (i.e., overloaded stations) act as buyers (denoted
by B), submitting bids, bi, i ∈ B, to offload a portion of their incoming EV traffic. Let di be
the demand of buyer i, representing the number of EVs they wish to offload. Simultaneously,
underutilized CSs act as sellers (denoted by S), offering to accept redirected EVs in exchange for
compensation, defined by their ask prices, aj, j ∈ S . We assume sj is the available capacity of seller
j, which is the number of EVs they can accept. The BI system functions as a central auctioneer,
matching bids and asks based on pricing compatibility and capacity availability. When a match is
found, the participating CSs agree on a clearing price, typically the midpoint between the bid and
ask, which ensures mutual benefit. This approach encourages load balancing, enhances overall
infrastructure utilization, and creates economic incentives for collaboration, even in competitive
environments. The model is scalable, incentive-compatible, and adaptable to both energy and
service-based cooperation scenarios. The allocation problem is to determine the optimal solution
xi,j, i ∈ B, j ∈ S that maximizes the distinctive objectives of the involved parties in the auction,
subject to constraints. The decision variable xi,j decides whether a buyer i is matched with a seller
j (xi,j = 1) or not (xi,j = 0). We assume qij the number of EVs transferred from buyer i to seller j.
The maximization problem, reflecting the gain from each matched trade, where

(
bi − aj

)
is the

net benefit and qi,j is the trade volume, is formulated as follows:

P2: max ∑
i∈B

∑
j∈S

(
bi − aj

)
· qi,j (5)

s.t.

∑
j∈S

qi,j ≤ di, ∀i ∈ B (6a)

∑
i∈B

qi,j ≤ sj, ∀j ∈ S (6b)

xi,j = 0, if bi < aj (6c)

qi,j ≤ M · xi,j, ∀i, j (6d)

xi,j ∈ {0, 1}, ∀i ∈ B, ∀j ∈ S (6e)

qi,j ∈ Z+, ∀i ∈ B, ∀j ∈ S (6f)

Constraint 6a ensures that each buyer CS i (who wants to offload EVs) cannot offload more EVs
than it has in overflow, meaning that the total number of EVs redirected to all sellers from CS i
must not exceed demand di. Constraint 6b ensures that each seller CS j (who is willing to accept
redirected EVs) does not accept more than its remaining charging capacity. The total number of
EVs received from all buyers must be less than or equal to the station’s available slots sj. With
constraint 6c, a trade is disallowed between buyer i and seller j if the buyer’s bid is less than
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the seller’s ask. The constraint 6d links the binary match variable xi,j with the number of EVs
transferred qi,j. If xi,j = 0 (no trade between i and j), then qi,j = 0. If xi,j = 1, then qi,j can be any
value up to a large constant M. Constraint 6e is the binary decision variable and constraint 6f
represents a non-negative integer representing the number of EVs traded. A greedy heuristic is a
practical solution, which is at the same time fast, simple and effective, to solve the maximization
problem in Eq. 5. The double auction approach is shown in Algorithm 2.

Algorithm 2 Greedy double auction algorithm

1: Buyers: Each has a bid price bi and overflow di, ∀iB ▷ Input parameters
2: Sellers: Each has an ask price aj and available capacity sj, ∀jS
3: Initialize qi,j = 0, ∀i, j ▷ Initialization
4: for Each buyer i in sorted list do
5: Set demand← di
6: for For each seller j in sorted list do
7: if bi ≥ aj and sj > 0 then
8: Allocate: q = min

(
demand, sj

)
▷ Allocation phase

9: Update: ▷ Update phase
10: qi,j ← q
11: demand← demand− q
12: sj ← sj − q
13: if demand = 0 then
14: break
15: Return qi,j and optionally compute the gain: ▷ Output
16: Totalgain = ∑i∈B ∑j∈S

(
bi − aj

)
· qi,j

5. Case Studies Scenarios and Results
Having described in details the BI model, in this section we outline how the model can be

practically applied in the EVs market. The practical paradigms prove the benefits of the proposed BI
model. In this section, we present analytical results derived from simulated or real-world datasets,
evaluating the performance of the model in terms of scalability, decision support accuracy, and system
responsiveness.

The BI model enables strategic decision-making for a wide range of case studies and scenarios. By
integrating the data of EVs (e.g., temporal energy charging demand curves, customer preferences and
geospatial data), the data from CSs (e.g., information about the CSs infrastructure, real-time charging
data) and other data (e.g., surveys and questionnaires), the BI model provides solutions concerning
the energy charging problems. Next, we present several scenarios that illustrate the importance of the
application of the proposed model to common challenges.

5.1. Charging Schedule Recommendation

To evaluate the performance of the proposed greedy charging schedule recommendation algo-
rithm 1, we assume a real-world urban simulation scenario. There are 6 CSs with varying capacities
and service characteristics in the area. More specifically, each CS is located in a 10× 10 km urban
region, has a limited charging capacity (number of EVs it can serve concurrently), requires an esti-
mated waiting time and dynamic cost for energy charging that varies with congestion. The simulation
parameters of the CSs are summarized in Table 1.
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Table 1. Simulation parameters.

CS Capacity Location coor-
dinates

Wait time
(min)

Cost (€/kWh )

CS1 10 (2, 5) 5 0.30
CS2 8 (5, 8) 12 0.25
CS3 12 (8, 3) 10 0.28
CS4 5 (3, 1) 15 0.22
CS5 15 (6, 6) 8 0.35
CS6 7 (1, 9) 20 0.20

EVs are randomly distributed across the urban region and assigned to CSs based on the score
function, denoted in the Algorithm 1. We assume α = 1.0, β = 0.2 and γ = 5.0, and thus the score is
focused on the cost. This assumption is viable, since the minimization of the charging cost is of high
importance for the EVs’ owners. The simulation scenario involves 50 EVs that move in the investigated
geographical area, requiring energy charging from the CSs.

Figure 3(a) is a heatmap illustrating the EV-to-CS assignment. More specifically, each row
represents an EV and each column stands for a CS. When an EV is assigned to a CS, a black square
is represented. From the figure, its is served that the proposed algorithm successfully allocates the
EVs to the available CSs, while avoiding overlaps and congestion. Additionally, it is noted that the
distribution of the EVs across the CSs is non-uniform, reflecting variations in price, distance and
waiting time.

In Figure 3(b), the total score, including distance, waiting time and energy cost, of the greedy
charging scheduling algorithm is illustrated. Each bar of the histogram represents the number of EVs
that are assigned to a CS with a total cost within a specific range. From the figure, it is observed that
there is moderate concentration around medium costs (€4− 6). This shows that most EVs are assigned
to CSs with total scores in this range, highlighting the balance that is achieved through our proposed
strategy between distance, waiting time and enegy cost. Very few CSs are willing to accept higher-cost
assignments (up to €6.5), however some EVs accept higher-cost assignments when they are far from
CSs, or there is high congestion or limited capacity at low-cost CS. Few EVs are assigned to really
low-cost CSs (<€3.5) and their low cost is due to the small distance, but still they may suffer from
waiting times. From the figure, it is concluded that the algorithm effectively balances load and cost,
keeping most costs within a tolerable range. Even though the greedy algorithm does not reach a global
optimal solution, it avoids congestion. The algorithm performs well under constraints and provides a
viable solution and the BI charging scheduling model realistically distributes the energy resources.

 

(a)
 

(b)

Figure 3. Charging schedule recommendation results. (a) EVs assignment to CSs. (b) Distribution of assignment
costs.

Table 2 provides insight into how the charging schedule recommendation algorithm assigned EVs
across available CSs during the simulation. The table includes four key metrics, assigned EVs, CSs
capacity, utilization and average cost. It is observed that most CSs achieve high utilization (more than
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80%), indicating the ability of the algorithm to maximize the infrastructure usage. Additionally, the
proposed approach is cost-aware, since the CSs that offer energy with higher assignment costs, absorb
more EVs if they had excess capacity and are nearer to the EVs. A CS with low utilization might be
located further from demand points or have less competitive pricing. This summary validates the
effectiveness of the algorithm in spatially distributing EVs, optimizing CS utilization, and maintaining
cost-efficiency. It also reveals how BI-based decision-making can balance demand across heterogeneous
infrastructure, directly improving the quality of service and economic outcomes in EV environment.

Table 2. Performance summary of charging schedule recommendation strategy.

CS Assigned EVs Capacity Utilization
(%)

Average cost
(€)

CS1 10 10 100.0% 4.32
CS2 4 8 50.0% 5.62
CS3 10 12 83.3% 5.36
CS4 5 5 100.0% 4.93
CS5 14 15 83.3% 6.28
CS6 7 7 100.0% 5.87

5.2. Cooperation Among Different CSs Owners

To evaluate the BI-based double auction mechanism for the cooperation among different CSs’
owners, we assume 10 independently owned CSs in a high-demand urban area. In more details, we
assume that 5 CSs experience traffic overload, each one of them expecting to redirect 5 to 10 EVs that
are waiting. Concurrently, 5 underutilized CSs have spare capacity of 4 to 12 available charging slots.
The overloaded CSs submit bids indicating the price it is willing to pay per redirected EV, while the
underutilized CSs submit ask prices to accept incoming load. The BI model acts as an auctioneer,
matching buyer–seller pairs based on bid–ask compatibility and gain maximization. Simulation results
show that the auction effectively balances the load, increases infrastructure utilization, and generates
measurable economic gain, demonstrating the viability of cooperative load management among CS
stakeholders.

Figure 4(a) illustrates the economic gains that are produced after a matching of overloaded buyers
CSs with underutilized sellers CSs is succeeded. The rows and the columns represent the buyers and
the sellers, respectively. The values in each cell indicate the gains from each feasible matching. From
the figure, it is observed that a number of buyer-seller pairs achieve high gains (> €2.0), indicating
favorable trading conditions (high bid, low ask, and large quantity). The zero cells represent infeasible
matches, when the bids are too low or capacity and demand constraints prevent the trade. Thus, it is
concluded that the BI model prioritizes gain-maximizing matches, validating greedy matching logic.

Continuously, Figure 4(b) shows how many EVs each seller CS agreed to accept from overloaded
CSs as part of the double auction algorithm. First, one observation is that sellers with lower ask values
and higher capacity accept more EVs, confirming the gain maximization. A second observation is
noted from the figure. More specifically, one or two sellers may dominate the accepted load, indicating
that some CSs are more strategically positioned to absorb redirected traffic - due to either pricing
competitiveness or availability. Last, other sellers may accept fewer or no EVs, because: their ask
prices were too high relative to bids or their available capacity was exhausted in previous matches. In
conclusion, the proposed model improves the utilization and revenue of the CSs through dynamic
cooperation rather than isolated pricing strategies.

The histogram of Figure 4(c) shows the distribution of total gain values across all matched
buyer–seller pairs in the double auction. First, as it is observed, most matches achieve moderate gains
(€1− 3), while fewer achieve gain of €4. The distribution of the gains highlights the inefficient or
marginally profitable trades are excluded by the greedy approach. The mechanism not only balances
load but creates measurable financial value that could be shared among CS stakeholders. This supports
the economic feasibility and incentive-alignment of the cooperation model.
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(b)

 

(c)

Figure 4. Cooperation among different CSs owners results. (a) Gains for matching pairs of CSs and EVs. (b) EVs
accepted by each seller CS. (c) Distribution of gains across the matching pairs

6. Discussion
The results of the Algorithm 1 evaluated the performance in an urban scenario with spatial and

temporal variations. The assignment approach confirmed that the algorithm successfully distributed
EVs across CSs without violating capacity constraints. Additionally, the algorithm balanced user
preferences for proximity, waiting time, and cost. Moreover, the cost distribution analysis revealed
that the algorithm effectively adapted to spatial heterogeneity, allowing for fair and efficient allocation
even in scenarios with uneven demand and congestion. These results confirmed that the strategy
offers a scalable and responsive solution suitable for dynamic, urban charging environments.

The proposed double auction mechanism for the CSs’ cooperation was evaluated through a
simulated scenario involving multiple overloaded and underutilized charging stations. The auc-
tion generated economically beneficial matches between CSs. Additionally, the cooperation was not
uniformly distributed, meaning that CSs with competitive ask prices and sufficient spare capacity
absorbed a higher share of redirected load, improving utilization. The mechanism offered a great
potential for profit-sharing among independent CS operators. Overall, the results validate the via-
bility of using auction-based cooperation as a decentralized, market-compatible method to balance
infrastructure loads, reduce customer wait times, and enhance grid-wide efficiency without requiring
centralized ownership or regulation.

7. Conclusions
In this paper, we proposed a Business Intelligence model designed to enhance cooperation

between electric vehicles and charging station owners. We began by reviewing the state-of-the-art
literature, identifying both the innovations and limitations of existing approaches. Building on this
foundation, we introduced a multi-layered BI architecture that integrates spatial and temporal data
collection, predictive analytics, and decision-making components. The model addresses key challenges
in EV charging ecosystems, including demand balancing, energy scheduling, cost optimization, and
infrastructure planning.
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Two core decision-layer strategies were developed: (i) a real-time, greedy charging schedule
recommendation algorithm to efficiently assign EVs to CSs, and (ii) a cooperative double auction
mechanism that enables CS operators to dynamically redistribute load and share surplus capacity.
Simulation results demonstrated that our model improves charging coverage, energy utilization,
infrastructure accessibility, operational efficiency, and revenue distribution among stakeholders. These
findings highlight the potential of BI-driven coordination to support scalable, decentralized, and
intelligent EV charging networks.

Future work will explore real-time deployment in live urban networks and integration with
renewable energy forecasting for grid-aware optimization.
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