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Abstract: With the global shift to electric vehicles, countries face unique challenges and opportunities
shaped by their geographical and economic contexts. This paper presents a system that leverages
smart transport technologies, the Internet of Things, and decision-making algorithms, such as
PROMETHEE, to optimize charging stations and their positioning in diverse urban and rural settings.
The system addresses key obstacles, including managing charging infrastructure, balancing energy
consumption, and enhancing transport accessibility. By analyzing local conditions, the proposed
solution incorporates innovative algorithms for electricity demand forecasting, charging station
management, and integration with urban transport systems. This approach ensures a flexible,
scalable, and sustainable electric vehicle management system that aligns with international standards
and evolving technological trends.

Keywords: electric vehicle; power supply; decision support system; MCDM; intelligent control
system; machine learning remote control; process optimization; process monitoring; automation
of processes

1. Introduction

Electric vehicle transport is becoming a key element of sustainable development
initiatives in the global effort to decrease carbon dioxide emissions and shift to renewable
energy sources [1]. Nations globally are dealing with the consequences of climate change
and working to reduce its impact. Currently, Europe is the global front-runner in the
adoption of electric vehicles. For example, according to European Environmental agency
data [2], in 2022, the share of electric vehicles in new car registrations increased in almost
all countries (EU-27, Iceland, Norway) compared with 2021. The highest shares were found
in Norway (89%), Sweden (58%), and Iceland (56%). The use of electric vehicles is a crucial
step in reaching these objectives outside Europe as well [3].

Electric vehicles provide numerous benefits compared to traditional internal combus-
tion engine vehicles, such as decreased noise pollution, no exhaust emissions, and lower
operational expenses [4,5].

A significant proportion of Europe’s urban population lives in cities where EU air
quality standards for the protection of human health are regularly exceeded. Air pollution
continues to significantly impact the health of Europeans, particularly in urban areas, lead-
ing to economic costs such as shortened lifespans, increased medical expenses, and reduced
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productivity through lost working days. The pollutants with the most serious impacts on
human health are particulate matter, nitrogen dioxide, and ground-level ozone [6]. This
backdrop of environmental and health challenges has driven the rapid global adoption of
electric vehicles as part of broader sustainability strategies.

According to the Energyprom analytical website, the surge in electric vehicle adoption
in Kazakhstan is partly attributed to the Eurasian Economic Commission’s Council decision
to extend duty-free imports of electric vehicles until the end of 2025. This aligns with global
trends highlighted by the International Energy Agency, which reports that electric vehicle
sales increased dramatically worldwide, from approximately 1 million in 2017 to over
10 million in 2022. However, while the global market reflects a growing acceptance of
electric vehicles, Kazakhstan faces distinct challenges.

Kazakhstan represents an evolving and rapidly growing market for electric vehicles,
with significant potential driven by its energy market. As a country with abundant energy
resources, including renewable energy development initiatives, Kazakhstan is well posi-
tioned to support the transition to electric vehicles. However, issues with infrastructure,
such as insufficient charging networks and an uneven distribution of charging stations,
pose significant obstacles to widespread EV adoption. These barriers must be addressed to
fully realize the potential of Kazakhstan’s electric vehicle market.

This research addresses these barriers by focusing on the development of an inte-
grated decision-making system tailored to Kazakhstan’s unique geographical, economic,
and infrastructural conditions. Such a system is vital, as evidenced by the rapid growth
in the number of electric vehicles in Kazakhstan, which increased by 9.2 times between
2021 and 2023, from 914 to 8366 units [7]. Most of these vehicles are concentrated in urban
centers like Almaty (4946 units), Astana (1044 units), and the Almaty Region (379 units),
indicating uneven adoption across the country. By linking global electric vehicle trends
with Kazakhstan’s specific constraints, this work highlights the need for context-sensitive
solutions to bridge the gap between global innovations and local realities, ultimately fos-
tering sustainable mobility solutions tailored to the region’s needs. This research was
performed to ensure that Kazakhstan can fully utilize electric vehicles to further its envi-
ronmental, economic, and social goals. Kazakhstan’s climatic conditions, such as extreme
temperatures, reduce battery performance and require electric vehicles to be adapted to
these challenges. Additionally, the high cost of EVs and limited public awareness hinder
accessibility, slowing adoption despite government support measures. Global practices
offer adaptable solutions, such as renewable energy-powered charging stations in Norway
or subsidized loan programs in Uzbekistan [8]. These strategies can overcome barriers and
enhance the impact of existing policies. This study proposes an approach that integrates
global best practices with Kazakhstan’s unique needs to build a sustainable system for
advancing electric vehicle transport in the country.

The socio-economic landscape of Kazakhstan, with differing levels of urbanization
and economic development in various regions, requires an adaptable strategy for electric
car implementation. The decision-making mechanism should consider regional variations
in income, urban infrastructure, and public awareness, customizing projects to the distinct
needs and capacities of various areas.

A major challenge is the early stage of electric vehicle infrastructure, especially the lim-
ited availability of charging stations, which are essential for the mobility and convenience
of electric vehicle users. The extensive distances separating Kazakhstan’s urban areas
exacerbate this issue, requiring a comprehensive system of charging stations to facilitate
long-distance journeys for electric vehicle users.

This system would involve a comprehensive strategy that includes infrastructure
development, financial incentives, and educational efforts to promote the use of electric
vehicles. The process would utilize data analytics and stakeholder feedback to pinpoint
optimal locations for charging stations, matching them with current travel routes and
geographic characteristics. Moreover, the system could help with the introduction of
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incentives or financing alternatives to reduce the financial obstacles for prospective electric
vehicle purchasers.

2. Related Works

The landscape of electric vehicle technology has rapidly evolved, with decision-making
systems playing a crucial role in addressing operational efficiencies, user satisfaction, and
environmental sustainability. Examples from international practice, including the successful
strategies of Norway and China, demonstrate that a holistic approach—encompassing the
availability of charging infrastructure, the use of renewable energy sources, and government
support—is a key factor for success. At the same time, Kazakhstan faces several specific
challenges, such as extreme climatic conditions, a shortage of charging stations, and a low
level of public awareness. For the sustainable adoption of electric vehicles, the country
must adapt these international practices while taking into account its geographic, climatic,
and socio-economic characteristics.

The investigation into optimizing electric vehicle charging processes by developing a
decentralized and hierarchical system for efficient electric vehicle power grid interactions
was highlighted in [9]. This research addresses grid load and charging station congestion,
offering dynamic charging control and Internet of Things (IoT) integration as solutions.
It underscores the necessity for a unified approach to charging station management, high-
lighting the critical role of inter-grid communication and data exchange in enhancing
electric vehicle infrastructure utilization.

In [10], the authors delve into creating a decision support system for electric carsharing
system management. They examine the logistical and operational intricacies of carsharing,
advocating for effective vehicle redistribution to boost availability and diminish environ-
mental harm. The study suggests employing discrete event modeling and Information
and Communication Technology (ICT) tools for fleet oversight and management, under-
lining the need for sustainable, flexible management tactics to enhance carsharing service
efficiency and appeal.

The work presented in [11] is dedicated to the development of a smart charging sys-
tem for electric vehicles, adaptable to the preferences and priorities of drivers. It explores
various optimization methods, such as the Genetic Algorithm and Particle Swarm Opti-
mization, alongside the analytical hierarchical process (AHP), for charging station selection.
The study also incorporates the OPC-UA standard for electric vehicle charging station com-
munication. The findings from numerical experiments validate the system’s performance
across various charging situations. The authors assert that their system enhances flexibility,
meets individual driver requirements, and optimizes charging station usage, thereby ele-
vating driver contentment and charging management efficacy. This research is pivotal for
advancing electric vehicle charging infrastructure and fostering more sustainable mobility.

The research described in [12] tried to find the best electric vehicle by using several
types of decision-making methods, such as the principal option method and the analytical
hierarchical process. The study pinpointed essential criteria for choosing an electric vehicle
and conducted a thorough comparison among them. After collecting and evaluating data
with these multi-factor decision-making tools, the findings revealed that electric vehicle
No. 1 emerged as the superior choice regarding cost, range, and cargo capacity. Electric
vehicle No. 2 also emerged as a compelling choice under these same considerations. The
study’s conclusions highlight the critical role of multi-factor evaluation techniques in the
electric vehicle selection process. These techniques facilitate a more objective assessment of
various factors, offering a fuller perspective for well-informed decision-making, particularly
within the context of the electric vehicle market.

The study outlined in [13] delves into the decision-making challenges within the
electric vehicle sector, scrutinizing various market facets, such as international and govern-
mental initiatives, manufacturers, and policy influences. It provides a detailed examination
of electric vehicle types, focusing on their fundamental components, like batteries and
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motors, alongside the operational infrastructure. The research emphasizes creating mathe-
matical frameworks to aid in decision-making processes related to electric vehicles.

Examples from international practice, including the successful strategies of Norway
and China [14], demonstrate that a holistic approach—encompassing the availability of
charging infrastructure, the use of renewable energy sources, and government support—is
a key factor for success. At the same time, Kazakhstan faces several specific challenges,
such as extreme climatic conditions, a shortage of charging stations, and a low level of
public awareness. For the sustainable adoption of electric vehicles, the country must
adapt these international practices while taking into account its geographic, climatic, and
socio-economic characteristics.

The proposed system relies on a multi-level framework that incorporates global trends
and local realities. One of its key components is a mechanism for the optimal placement of
charging stations, considering long distances between settlements, travel routes, and the
availability of power grids. This system aims to create a convenient infrastructure for both
urban and rural areas, which is particularly relevant for Kazakhstan.

Additionally, the system integrates external data, such as weather conditions, traffic
levels, and charging costs, to provide drivers with up-to-date and personalized recom-
mendations. For example, under Kazakhstan’s harsh climate, the system will recommend
stations equipped with protective technologies capable of withstanding severe cold and
extreme heat. This is particularly important, as low temperatures in winter reduce battery
efficiency, while high temperatures in summer can lead to overheating.

The novelty of this study lies in the creation of an integrated system that combines
infrastructural, technological, and socio-economic aspects. This solution not only addresses
current issues, such as the lack of charging stations and the high cost of electric vehicles,
but also lays the foundation for the long-term sustainable development of electric vehicle
transportation in Kazakhstan. By combining global experience with local realities, the
proposed system becomes an important step toward creating an environmentally friendly
and efficient transportation ecosystem.

3. Calculation of Charging Station Demand

There is an increasing awareness of the need to promote more sustainable transport
patterns globally. This has heightened the importance of measuring and assessing the
sustainability of present and future transport trends and policies. Environmental issues
are becoming more prominent in decision-making processes concerning transport policies,
plans, programs, projects, and technologies. The environmental impacts to be considered
increase in complexity and relevance, depending on the decisions to be taken [15]. In
addition, there is a sustainability demand to pre-determine the required number of infras-
tructure objects. Specifically, forecasting the demand for electric vehicle charging stations is
a complex task that requires the consideration of many factors, including current vehicle
sales data, electricity consumption, existing infrastructure, and global trends. To develop
this forecast, we used a step-by-step approach that allowed us to build a robust model and
present future scenarios for the development of charging station infrastructure.

3.1. Energy Demand per City

As the first step of modeling, it is necessary to estimate the number of charging
stations for the main cities—the main consumers of electric vehicles. This is a basic step in
performing the estimation of charging station positioning at specific destinations.

The demand analysis was performed based on the current state of the electric vehicle
market and charging infrastructure in key cities of Kazakhstan: Almaty, Astana, Karaganda,
Shymkent, and Aktau. The information regarding the energy demand in Kazakhstan was
analyzed according to research in the field [16,17]. These studies show that Kazakhstan has
experienced significant growth in electric power, which is very significant for EV market
growth. Based on this research, a model was created to estimate possible growth.

Nt - Nn + Ne (1)
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where N; is the total number of needed charging stations per city. The information is based
on the current state N, and the estimated number of required charging stations N,. It is
determined as the number of EV charging stations for which the cost function p(N) is
minimized. The cost function is determined as shown below:

Cd*P

c

= N2+ max( — (N, + x) % 100,0)? )

where 1 is a cost function used for the minimization function. It is determined to be a mono-
extremal function based on N, with additional data per city, such as C;—the current city
demand for electric power—and P and P.—the city and country populations, respectively.

The data included such aspects as the city population, existing charging stations,
and current electricity demand. Firstly, population data were obtained from reports from
the Bureau of National Statistics of the Agency for Strategic Planning and Reforms of
the Republic of Kazakhstan. Information on the number of existing charging stations in
each city was sourced from official reports and statistics [18,19]. Finally, current electricity
demand (kWh), reflecting the current load on charging stations, is crucial for determining
future infrastructure needs. This approach makes it possible to take into account real
conditions and create a reasonable forecast that can be used for the long-term planning of
charging station infrastructure development in Kazakhstan.

As the calculation result, the forecast shown in Figure 1 was created.

Accurate Charging Station Forecast Based on 2024 Real Data

175 1 BN Current
I Prognosis

150 +

Number of Charging Stations
]
(%]
1

3

25

——————

Almaty Astana  Karaganda Shymkent Aktau Atyrau
City

Figure 1. Charging station requirement forecast for main Kazakhstan cities.

As can be observed in Figure 1, the current charging station number is relatively
low in cities such as Karaganda, Shymkent, Aktau, and Atyrau. Based on this, it can be
assumed that a prediction based only on power supply demand can provide inaccurate
data. To enhance the data accuracy, the forecast of EV market growth has to be taken into
account, too.
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3.2. Forecasting Electric Vehicle Demand Growth

Kazakhstan is a growing country with a relatively small number of electric vehicles in
its current state. However, several studies, such as [20,21], have indicated that there has
been significant growth in EV vehicles registered for the 20222024 period. According to
relevant research in the field, such as [14], this trend is consistent with the global trend of
growth in the number of electric vehicles, both in relative and absolute terms. Therefore,
the global average market trend can be applied to forecast the electric vehicle market, both
by country and by city. The base values of this trend should be taken as the number of
electric vehicles in Kazakhstan for the period 2017-2023. To estimate the future demand
for electric vehicles and charging stations, an average annual sales growth rate of 10%
was applied. This growth rate aligns with global and regional trends, which indicate an
increasing market share for electric vehicles. According to the research provided by the
Astana International Financial Centre [22], the EV sales in Kazakhstan are evaluated at
2.5-2.7 thousand in 2023 and are estimated to reach approx. 3000 by the end of 2024. The
annual forecasts based on electricity consumption prediction are estimated to reach approx.
40,000 units by 2035.

To enhance the accuracy of our projections, we introduced an adjustment factor of 0.98.
This factor accounts for potential changes in electricity consumption, shifts in user behavior,
and advancements in charging technologies. This correction helps avoid overestimation of
infrastructure needs and provides a more realistic representation of operational conditions.

Sy, = [21,2.2,2.52,2.73,3.045], i = 2020,2021,...,2024,
Sp; =3.35 x 11072024 j = 2025,2026, ..., 2035,

n

Ne, = Y- (S0 +5p) x98),

i=1

where Sy, is historical sales per year (total in Kazakhstan), S, is projected sales based on mar-
ket growth, and N, is the cumulative stations needed for the country’s road infrastructure.

Based on the adjusted electric vehicle sales data, we calculated the required number
of charging stations. The formula used assumes 1 charging station for every 50 electric
vehicles, in accordance with international infrastructure standards and recommendations.
The final results were visualized and presented in the form of graphs and tables, illustrating
the following:

Annual electric vehicle sales (in thousands of units). The required number of charging
stations to meet demand. The cumulative number of charging stations needed to meet
growing demand over time.

Our forecast indicates steady growth in demand for charging stations, reflecting
the overall trajectory of the electric vehicle market in Kazakhstan. This model offers a
structured, data-driven approach to infrastructure planning, ensuring timely adaptation to
changing conditions. It also supports sustainable development in the transportation sector,
aimed at reducing the carbon footprint and improving energy efficiency.

As can be observed in Figures 1 and 2, the demand for EV charging stations is growing.
By 2030, approximately 8.00 charging stations will be required. By 2035, this number should
exceed 1400 to support the growing electric vehicle fleet. Engagement from both the public
and private sectors is crucial for investing in charging infrastructure, especially in regions
with lower station densities.
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Forecast of Charging Station Demand and EV Growth (2020-2035)
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Figure 2. Predicted charging station demand in Kazakhstan for 20202035 period.

3.3. Integration of Electric Vehicles and Power Infrastructure

Unlike traditional petrol vehicles, electric vehicles depend significantly on urban
infrastructure, which incorporates external telemetry, automated monitoring, and traffic
control systems. Since charging stations form an integral part of this infrastructure, the
patterns of electric vehicle usage must be considered when designing a decision-making
system for charging station allocation.

To delve deeper into this topic, it is essential to examine the utilization strategies
and foundational algorithms that govern both the operation of electric vehicles and the
supporting infrastructure. The diagram in Figure 3 shows the general-use strategy for EV
transportation in both cities and remote areas, with a focus on using renewable energy
sources. This explains the infrastructure approach for the EV demand, which will be
reviewed in the upcoming section.

Figure 3 addresses the following aspects:

*  Charging stations: The dispersion of charging stations for electric vehicles over the city.
These stations can be situated in a range of locations, such as public spaces, shopping
centers, and residential neighborhoods.

*  Mobile app integration: The integration of charging stations with mobile applications
to enable users to monitor station availability, charge duration, and service expenses.

¢  (City grid integration: The interaction of electric vehicles with the city grid using smart
grid technologies and intelligent power grids. This involves the capacity to optimize
energy use and grid interaction.

¢ Incorporation into transportation network: The integration of electric vehicles into
the urban transportation network to manage traffic flow, alleviate congestion, and
enhance route efficiency.

At the same time, the approach to EV integration with the general grid depends
on the overall use-case scenario and algorithms. Based on the EV general use-cycle, the
main infrastructure needs for EV application differ significantly, and this has to be taken
into account during model preparations. A previous review [23] shows that, although
the system may be built differently, the basic interactions between modules remain the
same. The basic scheme is shown in Figure 4 and can be considered a universal scheme.
It represents the usage diagram for EVs in both urban and remote areas, focusing on
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renewable energy sources, incorporating insights from [24] on the impacts and challenges

of EV deployment.

Figure 3. General scheme of electric vehicle integration into electric power grid.
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Figure 4 illustrates the integration of electric vehicles and the power infrastructure
to promote sustainable urban mobility. This integration leverages findings from [25] on
the smart charging of EVs and the use of Al in managing EVs, as highlighted by [24].
Based on this figure, it can be observed that the decision-making system has to include the
following components:

A datalink to communicate with vehicles and charging stations and provide real-time

data regarding the vehicle condition, battery charge, and route;

External data sources that provide additional data, specifically information about
weather, traffic, road construction works, and additional external factors;
A server cluster for the algorithmic analysis of the provided data and decision-making.

These components are usually organized into a decision-making system in the fol-
lowing way: the control center is connected to a computational cluster, which has access
to a database and algorithms. The datalink is connected to the control center to provide
vehicle data, as well as connected to external data sources. The system’s typical design can
be observed in Figure 5.



Appl. Sci. 2024, 14, 11150

9 of 20
Driver Electric_Vehicle Charging_Station Decision_Making_System External_Data
Charge level 30%
Request to find the charging station
Distance, price data
Weather, traffic data
Charging suggestion (distance, price, weather, traffic)
e
alt [Driver agrees]
Charging confirmation
................................................................ >
[Driver declines]
Feedback on the suggestion
...................................................................................................... >/
Adapted suggestion
I e PSS A
Driver Electric_Vehicle Charging_Station Decision_Making_System External_Data

Figure 4. Scheme of integration of electric vehicles.
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Figure 5. Decision-making system’s general design.

This structure is considered to be the basis for similar systems, as described in [26].
The system is used for data collection, data analysis, and parameter evaluation to make
the most appropriate decisions for the EV. Data collection algorithms gather data from
EV sensors—specifically speed, battery charge, traffic information, and weather
conditions—and transfer them for parameter evaluation. In this step, the driving speed,
route selection, and charging time are evaluated to make a decision regarding the next ac-
tions of the EV. This information is a basis for power source selection and their positioning,
which will be described further.

4. Methodology

In the context of transport and environmental sustainability, multi-criteria decision
analysis (MCDA) methods have been extensively researched and applied in decision-
making processes, particularly for complex systems such as electric vehicle (EV) integration
into power infrastructure [27]. MCDA enables decision-makers to evaluate multiple con-
flicting criteria, which is essential in energy systems where technological, environmental,
and economic aspects must be considered together [28,29]. Prominent methods include
ELECTRE, PROMETHEE, TOPSIS, and others. In this research, the PROMETHEE method
was chosen for its ability to provide a clear ranking of alternatives, handle complex trade-
offs, and visually represent decision-making criteria using the GAIA plane [30,31]. This
makes it particularly effective in evaluating EV and smart grid interactions, especially
considering the multi-dimensional aspects of transport and energy sustainability.
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4.1. Multi-Criteria Decision Analysis Framework

The integration of electric vehicles into the grid requires the consideration of numerous
criteria, including cost, environmental impact, energy efficiency, user convenience, and grid
stability. Given the complexity of these systems, MCDA provides a systematic approach to
handling these trade-offs, ensuring that no single criterion dominates the decision-making
process [32].

MCDA has been widely adopted for evaluating sustainability initiatives in transporta-
tion and energy sectors due to its flexibility in handling diverse criteria, ranging from
economic factors to environmental impacts [29,31]. Various methods, such as ELECTRE,
PROMETHEE, and TOPSIS, have been used for policy evaluation, with PROMETHEE
being particularly noted for its intuitive visual output and ease of interpretation [33]. For
this research, the PROMETHEE method was selected due to several key advantages over
other MCDA methods, such as ELECTRE and TOPSIS:

*  PROMETHEE offers a straightforward structure with positive and negative preference
flows, which makes it easier to interpret results compared to ELECTRE, which often
lacks transparency in ranking decisions [28].

e Unlike TOPSIS, which evaluates alternatives based on their proximity to an ideal
solution, PROMETHEE allows for nuanced pairwise comparisons using customizable
preference functions tailored to real-world decision contexts [34].

e  PROMETHEE provides unique visualization tools, such as the GAIA plane, which
enables stakeholders to understand trade-offs and dependencies among criteria.
This feature is particularly beneficial for complex systems like EV infrastructure
integration [31].

e  PROMETHEE supports both qualitative and quantitative criteria, making it adaptable
for integrating environmental, economic, and technical considerations [29].

e PROMETHEE has been effectively applied in studies evaluating renewable energy
integration and transportation systems, demonstrating its suitability for evaluating
EV infrastructure scenarios [30].

4.2. PROMETHEE Method and Its Application

The PROMETHEE method was selected due to its robust ability to handle multi-
criteria decision-making, offering a structured yet flexible way to rank alternatives based
on preferences across a range of criteria. PROMETHEE has been used in multiple domains,
such as transport policy, renewable energy planning, and infrastructure projects, where
multiple stakeholders and criteria are involved [29,31]. The PROMETHEE method includes
the following key steps:

1.  Alternatives represent different strategies for integrating EVs into transportation
and energy systems. For this research, the alternatives could include various EV
charging strategies, renewable energy integration models (such as wind and solar),
and smart grid interaction frameworks [30]. Criteria are selected based on factors like
cost, environmental impact, energy efficiency, user convenience, scalability, and grid
resilience [29].

2. In PROMETHEE, a preference function is defined for each criterion, which describes
how the performance of one alternative compares to another. Common preference
functions include usual, U-shape, V-shape, level, linear, and Gaussian functions. These
preference functions allow for flexibility in modeling both qualitative and quantitative
criteria [34].

3. For each pair of alternatives, a preference index 7t(a, b) is calculated, indicating the
extent to which alternative a is preferred over b. This index reflects the strength of
the preference, which is then used in subsequent steps to calculate the positive and
negative flows [28].
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4.  The positive flow ¢ (a) represents how much alternative a is preferred over other
alternatives, while the negative flow ¢~ (a) shows how much it is dominated by other
alternatives. These flows are computed as follows:

¢*(a) =) m(ab), ¢ (a)=) m(ba) 4)
b#a b#a

5. The net flow ¢(a), calculated as the difference between positive and negative flows,
provides a comprehensive measure of an alternative’s overall performance:

p(a) = ¢"(a) — ¢~ (a) (5)

A higher net flow indicates a more preferred alternative, which is then used to rank
the alternatives [29].

6. Based on the net flow values, the alternatives are ranked, providing a clear order
of preference. This ranking helps decision-makers choose the best strategy for inte-
grating EVs and renewable energy into the grid, accounting for multiple conflicting
objectives [31].

4.3. Aggregation of Indicators

The aggregation of sustainability indicators is critical for a holistic view of system
performance, especially when evaluating the integration of EVs into energy networks. The
PROMETHEE method is effective in aggregating indicators across various dimensions, al-
lowing for the consideration of both environmental and economic criteria without reducing
them to a single measure [27].

There are three primary ways to aggregate indicators in this context:

1. Indicators such as CO; emissions, energy efficiency, and grid stability are selected to
represent the global and local environmental impacts of EV integration [30].

2. By combining indicators such as cost and environmental impact into one composite
metric, a more balanced view of the system’s performance is achieved [35].

3. When necessary, indicators are considered jointly but not aggregated, allowing for
more nuanced prioritizations based on stakeholder preferences. This approach is
particularly useful when dealing with complex, interdependent criteria [31].

4.4. Research Task’s Mathematical Formulation

In the integration of EVs and smart grids, the task can be framed as a multi-objective
optimization problem. The mathematical formulation is as follows:

*  Let Dy be the distributed databases, W; the distributed web servers, and W, the web
server links.

e LetKe (Ky, Ky, ..., K;) represent a set of clients.

e Let Py(Py, Psy, ..., Py;) be the set of program agents, with P, performing smart charg-
ing tasks [36].

Define the cost matrix C = [c;;] and the quality matrix Q = [g;j|, where ¢;; is the cost
and g;; is the quality of the i-th charging station at the j-th coordinates. The binary decision
variable r;; indicates whether the j-th charging point is selected for the i-th station.

The optimization problem is

n o n
min Z Z Cijrij (6)

i=1j=1

subject to

rij = 1 V), rij € {0,1} (7)
1

]

n

n
21’1‘]‘ =1 Vl,
i=1
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To apply this to multi-criteria tasks, matrices are normalized:

i ’ i
J Cij(max) — Cij(min) /

chorm Cij B Cij(min) norm __ Qij B Qij(min) (8)

Qij(max) — Dij(min)

These normalization steps ensure that the criteria are comparable and ready for analy-
sis through the PROMETHEE method. The numerical example used is based on theoretical
scenarios derived from prior analyses conducted in the author’s engineering and master’s
thesis projects [37]. These scenarios reflect realistic conditions in EV charging infrastructure
deployment, including cost projections and performance benchmarks. This example serves
to clearly demonstrate the PROMETHEE methodology’s application, emphasizing its rele-
vance for sustainable energy systems and EV infrastructure planning. For this example, the
cost and quality matrices are as follows:

2 4 6 7 5 8
C=13 15|, Q=16 9 4
7 8 2] 3 2 6
Normalized matrices:
0 0.5 1 7 0.833 0.5 1
crorm = 10333 0 0.833|, Q"™ =10.666 1 0.333
0.833 1 0.167] 0.333 0 0.666

The task solution algorithm proceeds in steps, starting with the client (K) initiat-
ing an inquiry. The algorithm optimizes charging station locations by integrating smart
charging strategies and multi-criteria decision analysis [36]. By using the PROMETHEE
method, a ranking of charging station locations is derived, considering both cost and
quality indicators.

5. Modeling of Power Supply

To calculate how many alternative energy resources, particularly solar panels, would
be required for electric vehicle (EV) charging stations, we must estimate the average
electricity consumption of these stations over various timeframes. This involves developing
load schedules for all planned EV charging stations, considering their maximum connected
capacities as specified in technical data. The consumption estimates are calculated for
annual, monthly, and daily periods using the following formula:

Exwn = Prw X tg, )

where
*  Ejwyp: energy consumption in kilowatt-hours (kWh);
* Py power consumption in kilowatts (kW);
*  t;: operational time in hours.

This calculation provides the foundation for integrating solar energy and battery
storage systems, allowing for continuous energy supply even during peak demand or low
solar irradiance periods.

5.1. Calculation of Solar Panel and Battery Requirements

The power output of solar panels is directly related to their area and efficiency. To
determine the area needed to meet the energy demand for each charging station, the
following equation is used:

. P x ty,
A, = 7]/] <1 (10)

where
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e A, p:required solar panel area in square meters;
*  1: solar panel efficiency (assumed 20%);
e [ solar irradiance (kWh/m?/day).

The following solar panel areas are needed for various charging station capacities:

* A 150 kW charging station requires a solar panel area of approximately 1529.7 m?.
¢ A 50 kW charging station requires a solar panel area of approximately 507 m2.
* A 22 kW charging station requires a solar panel area of approximately 75.6 m2.

In addition, battery storage is crucial for balancing supply and demand to ensure
reliability during peak usage. The following battery storage requirements were estimated
based on the daily energy consumption of each station:

* A 150 kW charging station requires a battery area of approximately 60 m2.
* A 50kW charging station requires a battery area of approximately 22 m?.
* A 22 kW charging station requires a battery area of approximately 4 m2.

Battery cooling and ventilation must also be considered, ideally through underground
installations with ventilation systems to maintain optimal temperatures and efficient battery
operation [31]. In addition, the balance between power consumption and generation has to
be taken into account. To achieve and maintain it, the following steps are proposed:

1.  Load Scheduling: Develop detailed load schedules for each station, considering peak
and off-peak usage patterns.

2. Solar Panel Sizing: Calculate the total number of solar panels required using Formula (10).

3. Battery Storage Sizing: Determine the required battery storage capacity to meet peak
demand and ensure reliability.

4.  Cost Analysis: Perform a cost analysis, calculating the total cost of solar panels and
battery storage for each station. An analysis of ROI and the payback period based on
energy savings is included.

5. Cooling and Ventilation: Design efficient cooling systems for battery storage, prefer-
ably underground with proper ventilation systems.

6. Integration with the Grid: Evaluate the potential for integrating the charging stations
with the local grid and using smart grid technologies for energy distribution and load
management [36].

5.2. Multi-Criteria Decision-Making (MCDM) Example Using PROMETHEE
To select the best configuration for EV charging stations, the PROMETHEE method is
applied. This method evaluates multiple criteria, such as cost, environmental impact, energy
efficiency, and user convenience. The following steps outline the decision-making process:
Step 1: Define the List of Alternatives. For this study, the alternatives (different
charging station capacities) are shown in Table 1.

Table 1. Alternatives and criteria definition.

Alternatives Description
22 kW Small charging station
50 kW Medium charging station
150 kW Large charging station

Step 2: Define Criteria and Assign Weights. The decision is based on the criteria and
weights shown in Table 2.

Table 2. Criteria and assigned weights.

Criteria Meaning Weight
Cost Solution cost in EUR 0.4
Environmental impact CO; savings in kg/year 0.3
Energy efficiency Panel efficiency (kWh/m?) 0.2

User convenience Usage satisfaction (score) 0.1
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Step 3: Compile the Evaluation Matrix. The evaluation matrix comparing different
charging station alternatives across the given criteria is shown in Table 3.

Table 3. Evaluation matrix.

. CO; Savings Efficiency Convenience
Variant Cost (EUR/year) (kg/year) (KWh/m?) (Score 1-10)
22 kW 15,000 50,000 200 7
50 kW 30,000 120,000 180 8
150 kW 70,000 300,000 170 9

Step 4: Normalize the Evaluation Matrix. Normalization ensures that all criteria are
on comparable scales. The normalized cost matrix C"*"™ and environmental impact matrix
E"" are presented:

0 0214 1
crorm =110333 0 0.833
0.167 05 0.167,

N 11
0.833 0.5 1 an
E"M = 10.666 1 0.333

0333 0 0.666]

Step 5: Calculate Preference Index and Flows. For each criterion, compute the
preference index for each pair of alternatives. The preference index for cost is given by

C,— Gy

P(ab) = —2——2
(El, ) Cmax - Cmin

(12)

Step 6: Rank the Alternatives. Using PROMETHEE, compute the positive, negative,
and net flows for each alternative using Formulas (4) and (5).

5.3. Example Calculations and Results

The final results based on the PROMETHEE method show that the 150 kW charg-
ing station has the highest net flow, making it the most preferred configuration for cost,
environmental impact, and user convenience.

Normalized criteria weights and performance scores are presented in Table 4:

Table 4. Evaluation of variants based on cost, CO, savings, efficiency, and convenience.

Variants Cost CO; Savings Efficiency Convenience
22 kW 0.214 0.16 0.5 0.77

50 kW 0.43 0.4 0.33 0.88

150 kW 1 1 0.44 1

The PROMETHEE analysis compares pairs of charging station alternatives, consider-
ing their differences across criteria such as cost, CO, savings, efficiency, and user conve-
nience, as shown in Table 5.

Table 5. Comparison of Pairs Based on Cost, CO, Savings, Efficiency, and Convenience.

Pair Cost CO; Savings Efficiency Convenience
(22, 50) 0.43-0.21 0.4-0.16 0.33-0.5 0.88-0.78
(22, 150) 1-0.21 1-0.16 0.44-0.5 1-0.77
(50, 22) 0.21-0.43 0.16-0.4 0.5-0.33 0.77-0.88
(50, 150) 1-0.43 1-0.4 0.44-0.33 1-0.88
(150, 22) 0.21-1 0.16-1 0.5-0.44 0.77-1

(150, 50) 0.43-1 0.4-1 0.33-0.44 0.88-1
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The positive and negative preference flows are then computed to determine the relative
ranking of the alternatives. For example, for the 22 kW station,

¢t (22) = (22,50) + (22,150);

¢~ (22) = (50,22) + (150,22); (13)

Similarly, the net flows for the 50 kW and 150 kW configurations are calculated using

$(22) = ¢7(22) — ¢ (22);
¢(50) = ¢ (50) — ¢ (50); (14)
$(150) = ¢ (150) — ¢~ (150);

The flow evaluation is presented as a final proposition for the system.

The results from Table 6 clearly indicate that the 150 kW charging station configuration
is superior in terms of both environmental impact and user convenience while also provid-
ing competitive cost efficiency compared to the smaller alternatives. This makes it the most
appropriate option for large-scale deployments in areas with high energy demand and a
focus on sustainability. These findings support the broader adoption of larger-capacity EV
charging stations, particularly when integrating renewable energy sources like solar power.

Table 6. Flow evaluation of variants and user convenience.

User Convenience

. CPRY + . —
Variant Positive Flow ¢ Negative Flow ¢ Net Flow ¢ (Normalized)
22 kW 0.4 0.6 —0.2 3
50 kW 0.5 0.5 0 2
150 kW 0.7 0.3 0.4 1

6. Discussion

This study contributes to the growing body of research on integrating electric ve-
hicle (EV) infrastructure with renewable energy sources and advanced decision-making
frameworks. By employing the PROMETHEE method, this work offers a structured and
transparent approach for evaluating complex multi-criteria scenarios. However, several
dimensions warrant further exploration to enhance the robustness, scalability, and practical
application of the proposed framework.

6.1. Critical Analysis of Previous Studies

Recent advancements in decision-making and control frameworks provide valuable
insights into managing uncertainties and optimizing system performance across various
domains. Studies such as [38,39] proposed fuzzy control models for supply chain systems
with lead times, demonstrating their ability to handle nonlinear dynamics and uncertain
demand patterns. These methods highlight the potential for adaptive strategies to address
fluctuations—a challenge that also resonates with EV infrastructure integration, particularly
in balancing energy supply and demand.

Further contributions, such as the mitigation of the bullwhip effect in closed-loop
supply chains using fuzzy robust control [40] and adaptive inventory control models using
fuzzy neural networks [41], emphasize robust methodologies to manage disruptions. These
adaptive approaches could inspire similar strategies in EV charging networks, especially
for ensuring system stability amid renewable energy variability.

While these studies predominantly address supply chain management, this research
extends their principles to energy infrastructure. By integrating PROMETHEE with fuzzy
robust control frameworks, this study bridges gaps in the existing literature, addressing
energy distribution challenges, grid stability, and infrastructure scalability for EVs.
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6.2. Key Contributions of the Proposed Framework

The primary contribution of this research lies in its novel combination of multi-criteria
decision analysis and adaptive strategies for EV infrastructure planning. Key benefits of
the framework include the following;:

*  Transparent decision-making facilitated by PROMETHEE'’s positive and negative
preference flows, which improve stakeholder engagement and clarity.

¢ Flexibility in evaluating both qualitative and quantitative criteria, such as environ-
mental impacts, costs, and user convenience.

*  Enhanced visualization of trade-offs using tools like the GAIA plane, aiding compre-
hensive understanding and collaborative decision-making.

By addressing these dimensions, this study lays a foundation for optimizing EV in-
frastructure deployment, renewable energy integration, and dynamic energy management.

6.3. Constraints of the Current Study
Despite its contributions, this study acknowledges the following limitations:

¢  Limited applicability to diverse geographical regions, particularly rural and remote
areas with unique grid demands.

¢  Challenges in integrating distributed renewable energy sources, such as solar and
wind, with existing grid infrastructures.

¢ Computational complexity in the real-time implementation of PROMETHEE and
adaptive control strategies for large-scale systems.

6.4. Prospective Research Directions

Building upon the findings in the Section 5, this study emphasizes the importance
of expanding research directions to address the identified constraints while leveraging
advanced techniques and methods. The prospective research directions are as follows:

1.  Advanced Control Techniques: While the Section 5 demonstrates the feasibility of
balancing energy demand using solar panels and battery storage systems, integrating
advanced control frameworks could enhance system adaptability. Observer-based
sliding-mode control frameworks [42] and discrete-time interval type-2 fuzzy Markov
jump systems [43] can improve the robustness of the EV infrastructure by dynamically
adjusting to fluctuations in energy demand and renewable energy output. These tech-
niques can complement the PROMETHEE-based decision framework by providing
real-time adjustments to charging schedules and resource allocations.

2.  Integration of Renewable Energy: The integration of solar energy, as modeled in
the previous section, is a critical step toward sustainable EV infrastructure. However,
renewable energy sources like wind and solar are intermittent, requiring advanced
IoT-enabled monitoring and control systems [44] for seamless integration. Future
research could explore strategies to incorporate real-time data from IoT sensors to
optimize energy flow between solar panels, batteries, and the grid. These systems
can ensure a consistent power supply while maintaining grid stability during peak
usage periods.

3. Hybrid Decision-Making Systems: The PROMETHEE method provides a robust
framework for multi-criteria decision-making, but its integration with predictive
models like fuzzy neural networks and machine learning [41] could further enhance
decision accuracy. For instance, the insights from the solar panel and battery re-
quirements calculated earlier could be extended by incorporating predictive analytics
for seasonal variations in energy production and demand. This hybrid approach
would enable proactive decision-making and optimal resource allocation, ensuring
long-term sustainability.

4. Real-Time Monitoring and IoT Integration: The detailed load scheduling and sizing

calculations in the Section 5 highlight the need for real-time monitoring to balance
energy consumption and generation. IoT technologies [44] could be employed to
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gather real-time data on energy usage, equipment performance, and environmental
conditions. These data streams can feed into adaptive control models to dynamically
optimize charging station operations, detect faults, and predict maintenance needs,
significantly improving system efficiency.

5. H® Control for System Stability: The modeling section’s focus on battery storage
highlights the importance of system stability under fluctuating renewable energy
inputs. H* control models [45] offer a robust approach to maintaining operational sta-
bility in hybrid energy systems with finite frequency specifications. Integrating these
control models with the energy management strategies outlined earlier can ensure reli-
ability and efficiency in high-demand scenarios, especially in large-scale deployments.

6. Optimization of Charging Infrastructure: While the current analysis favors larger-
capacity stations for urban areas with higher demand, future research should examine
cost-effective strategies for deploying smaller stations in rural and remote regions.
Decision-making frameworks could be enhanced to factor in localized variables such
as solar irradiance, population density, and travel patterns. PROMETHEE, combined
with location-specific data, could optimize infrastructure placement to maximize
accessibility and energy efficiency.

7. Economic and Environmental Trade-Offs: The environmental and cost analyses in
the modeling section reveal the importance of balancing financial feasibility with
sustainability goals. Future studies could explore advanced life-cycle assessment
methods to evaluate the long-term benefits of renewable energy integration and
EV infrastructure investments. These analyses would help stakeholders prioritize
projects that align with regional sustainability objectives while delivering measurable
economic returns.

6.5. Implications for Sustainable Development

The proposed framework aligns with global sustainability goals by addressing critical
challenges in EV infrastructure planning. By incorporating renewable energy sources and
advanced control techniques, this research contributes to reducing carbon emissions and
promoting energy efficiency. Furthermore, the integration of IoT and decision-making
tools ensures system scalability, resilience, and user-centric solutions, paving the way for
sustainable urban and rural mobility solutions.

The results of this study are provided for general use. According to the authors’
concept, the main beneficiaries are governmental organizations involved in the transport
and energy sector. The proposed solution can be applied by the government of Kazakhstan
for efficient planning of energy infrastructure. Also, the methodology developed in this
paper can be useful for similar organizations in other countries, which can use it to calculate
the required infrastructure in their territory.

7. Conclusions

This study explores the design and preparation of a charging station system for
electric vehicles. The methodology applied involves a systematic approach, utilizing the
PROMETHEE methodology to select the optimal configuration of the power sources and
network. A comprehensive description of this methodology is provided, along with a
practical example of its application.

In the section titled “Modeling of Power Supply”, an example of using PROMETHEE
for calculating the necessary and feasible power supplies for such charging stations is
discussed. The study considers the use of solar panels, batteries, and the grid supply. The
methodology facilitates a multi-criteria decision-making process, incorporating factors
such as cost, environmental impact, efficiency, and convenience. Various power sources,
including 22 kW, 50 kW, and 150 kW, were evaluated. The preferred power configuration
determined through this method was identified as 150 kW.

Therefore, this work primarily aims to model the power supply for such a system. It
demonstrates how the power configuration can be precisely structured within the system.
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The findings suggest that the adoption of a 150 kW power source provides a balanced
solution in terms of performance and sustainability. The use of renewable energy sources,
such as solar panels, is emphasized for their potential to reduce the environmental impact
and enhance energy efficiency. Additionally, the integration of battery storage can improve
the reliability and flexibility of the charging infrastructure.

This study can serve as a foundation for further research aimed at developing an
efficient and self-regulating network of charging stations in the Republic of Kazakhstan.
Future studies may focus on optimizing the integration of renewable energy sources and
exploring innovative technologies for energy storage. The insights gained from this research
contribute to the broader goal of promoting sustainable transportation solutions. Overall,
this work highlights the critical role of strategic planning and advanced methodologies in
the successful deployment of electric vehicle charging infrastructure.
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