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Abstract: Electric vehicles (EVs) are becoming more commonplace as they cut down on both fossil
fuel use and pollution caused by the transportation sector. However, there are a number of major
issues that have arisen as a result of the rapid expansion of electric vehicles, including an inadequate
number of charging stations, uneven distribution, and excessive cost. The purpose of this study is to
enable EV drivers to find charging stations within optimal distances while also taking into account
economic, practical, geographical, and atmospheric considerations. This paper uses the Fez-Meknes
region in Morocco as a case study to investigate potential solutions to the issues raised above. The
scorching, arid climate of the region could be a deterrent to the widespread use of electric vehicles
there. This article first attempts to construct a model of an EV battery on MATLAB/Simulink in order
to create battery autonomy of the most widely used EV car in Morocco, taking into account weather,
driving style, infrastructure, and traffic. Secondly, collected data from the region and simulation
results were then employed to visualize the impact of ambient temperature on EV charging station
location planning, and a genetic algorithm-based model for optimizing the placement of charging
stations was developed in this research. With this method, EV charging station locations were initially
generated under the influence of gas station locations, population and parking areas, and traffic, and
eventually through mutation, the generated initial placements were optimized within the bounds
of optimal cost, road width, power availability, and autonomy range and influence. The results
are displayed to readers in a node-link network to help visually represent the impact of ambient
temperatures on EV charging station location optimization and then are displayed in interactive GIS
maps. Finally, conclusions and research prospects were provided.

Keywords: electric vehicles; EV charging stations; location optimization; genetic algorithm;
integer linear programming; geographic information systems

1. Introduction

In recent years, electric vehicle sales have skyrocketed. They can use green energy to
reduce their environmental impact. EV owners can also save money on gas due to generous
subsidies offered by many countries to promote EV adoption [1]. The global EV market has
grown rapidly due to these benefits.

Range anxiety [2], the fear of running out of charge while driving, is one of the biggest
obstacles to EV adoption [3-5]. Range anxiety is reduced by adding charging stations to
a transportation network [6]. Enough en-route charging opportunities can reduce range
anxiety for individual EV drivers by providing at least an energy-feasible path from origin
to destination and a desired cost-minimization route.

Charging stations are needed as more people buy alternative-fuel electric cars. Electric
vehicle charging stations should be distributed optimally to meet demand. Since then,
EV charging station placement has been studied extensively. This study has attracted taxi
drivers [7-9], bus drivers [10], and EV owners. Price and consumer interest economists
also contributed. Although the EV industry in many countries is large and promising,
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current charging station allocation is small due to a lack of organization and planning,
which will affect the EV market in the long run. Thus, EV market growth is driven by EVCS
deployment that meets regional and market needs.

In Africa, the range anxiety might be worse, and the planning of EVCS might be more
challenging due to the hot arid climate. The range of electric vehicles may be significantly
affected by high ambient temperatures, according to AAA’s research [11]. A decrease in the
driving range of about 17% is typical when the temperature is 35 °C, for instance. It is well-
documented that a rise in temperature significantly quickens the rate of Li battery decay.
The rate and efficiency of chemical reactions inside a battery are affected by the surrounding
temperature, which is why this factor is so important. The rapidity of the reaction increases
as the temperature rises because more energy is available [12]. In Africa, high temperatures
are very common and could reach 50 °C in sub-Saharan countries, and this should be in
consideration when planning the optimal placement of EV charging stations.

The focus of this paper is to analyze the impact of geographical weather on EV
battery’s autonomy and visualize the effect of this latter on the optimal placement of
EV charging stations, from the node-link network and geographic information system
(GIS) perspectives, respectively. New modeling variables, components, and techniques
are offered and assessed alongside these two visualization approaches. Results display
a correlation between atmospheric conditions and battery autonomy, which then impacts
the number of EVCS; therefore, optimal placements.

2. Literature Review

Studying what factors affect where a charging station is placed and developing
an algorithm to implement the model are the two broad areas into which the research
on the placement of EV charging stations can be sorted.

2.1. Influencing Factors

Kong et al. [13] examined county charging station limits, which depend on power grid
safety and operator investments. Guo et al. [14] used fuzzy TOPSIS to discover the best
environmental charging station location. It was suggested that the cloud model be used
in tandem with a decision system based on the Preference Ranking Organization Method
for Enrichment Evaluations (PROMETHEE) for EVCS location selection. Zhu et al. [15]
used charging station travel costs to find the best EVCS. In addition to that, the authors
considered the number and types of charges at every charging station. Frade et al. [16]
studied delayed EVCS placement in a Lisbon region with a large number of vehicles
parked for long periods. Baouche et al. [17] created a network design decision support
tool and a real-world charging station allocation system. They evaluated EV use based on
realistic travels using home travel survey trip OD matrix data and a dynamic vehicle model
(urban drive cycles). EVCS was planned for the Lyon Metropolitan Area’s energy needs.
Sun et al. [18] estimated charging station distribution by grouping residents through short-
and long-distance trips. The model is split in half: one half caters to commuters who use
slow charging (SC) facilities, while the other half caters to long-distance travelers who use
fast recharging (FR) facilities. The proposed model seeks to make the most of available
resources to satisfy the highest potential charging demand, which includes both parked
and in-transit automobiles.

Some studies have also examined how user behavior uncertainty affects charging
station location. Pan et al. [19] studied EV drivers’ charging station layout choices and
created a site model for EV public charging stations to maximize EV drivers’ existing
activities. To replicate EV drivers’ charging choices, a deterministic process is proposed. EV
drivers’ current activities, home, and public charging access, range anxiety, and remaining
trip energy use are involved. Based on that, an EV public charging station coverage location
model is presented to maximize EV drivers’ existing activities. Dong et al. [20] clearly
examine the strategic behavior of EV users and its impact on EVCS planning efficiency, as
well as the impact of EV load unpredictability on EV charging station optimization [21].



Energies 2023, 16, 753

30f19

2.2. Algorithm Layout

Scholars used models and algorithms to configure charging stations. Using the analytic
hierarchy process, Xie [22] creates a hierarchical matrix based on the five most important in-
dicators of location, accessibility, traffic volume, proximity to other businesses, and market
saturation to assess the gas station’s proposed outlet development. Wang et al. optimized
distribution networks and charging stations [23]. YALMIP/CPLEX and 2-stage optimiza-
tion were employed to plan the lower-level charging station layout for the lowest cost.
Dong et al. [24] used the SNN clustering algorithm to analyze circular expressway charging
station planning to minimize planning costs. Brandstaetter et al. [25] used heuristics and
two-stage stochastic optimization to arrange charging stations. Bouguerra and Layeb [26]
offered five ILP solutions to the problem of where and how big to install EVCS parking
lots in Tunis. Most of the models were for location-only decisions, but each group had
its own decision variables, objectives, and practical limitations. Computer experimenta-
tion showed public authorities the best infrastructure solutions for new environmental
legislation. Zhou et al. [27] developed a genetic algorithm-based charging station location
optimization model that reduced Ireland to a rectangle 350 km by 200 km, divided it into
small squares, and optimized the correlation coefficient to suit charging demand. This
method minimized operational costs given charging station depreciation time, power
consumption per unit distance, and vehicle charging probability. Huang et al. [28] used
a genetic algorithm to locate charging stations to maximize profit. Csiszar et al. [29] used
hexagons and a greedy algorithm to arrange charging stations in regions based on multiple
criteria. Algre et al. [30] modeled the electric car and parallel-hybrid electric vehicle using
MATLAB/Simulink to control and study the effects of engine power, battery type and
size, and vehicle weight on performance and range. The electric car’s autonomy was
obtained through a model simulation. They used a GIS and a genetic algorithm-inspired
mathematical algorithm to reduce upfront costs and optimize charging station distribution
for maximum service reliability.

2.3. Novelty and Contribution to the State-of-the-Art

In conclusion, research into charging stations has garnered considerable interest, as
evidenced by the abundance of literature concerned with the best placement of charging
stations. Previous research has produced significant contributions in areas including the
identification of influential features in charging station design, the development of an
optimal charging station model, and the proposal of alternative model solution techniques.
This work builds upon the previous research in the field by analyzing the pertinent findings
and making new predictions. At the same time, much of the existing literature investi-
gates the diversity of optimization methodologies from the viewpoints of charging station
technology, user needs and behavior, environmental benefits, optimization of cost, and
so on and also illustrates the diversity of optimization methodologies. Nonetheless, this
paper considers the effect of geographical location and atmospheric conditions on battery
autonomy and thus on EVCS optimal placement as well. It is also worth mentioning that
research on EVCS is rare in Africa. Therefore, this paper constructs an optimal distribution
model of EVCS based on optimal investment cost (optimal number of EVCS and optimal
traveling cost), population density, parking areas, active population areas, traffic, road
width, gas stations, power grid, and battery autonomy. To use and adopt such a model,
a case study is required, and the authors opt for the region of Fez-Meknes in Morocco. This
latter is known for its hot arid climate, which is required to assess the impact of warm am-
bient temperatures on EVCS optimization. The results would be optimal EVCS placements
with respect to ambient temperature (as a variable). Ultimately, this paper combines all
influencing factors and adds the impact of African weather on the optimization; hence, the
novelty of this paper lies in the following:

e Developing an algorithm that combines all influencing factors.
e  Assessing the impact of the climate on EVCS planning optimization.
e Displaying the results in three different forms in the same paper.
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3. Algorithm Modeling
3.1. Framework Description

Genetic algorithms are used to build a model with the respected parameters. The aim
of this research is to represent the impact of ambient temperature on battery autonomy
visually, thereby visually representing the impact of ambient temperature on optimal EVCS
placement as well. To do so, first, battery autonomy should be modeled with respect
to ambient temperature using MATLAB. Second, battery autonomy should be held as
a variable to assess its impact on EVCS planning by the mean of genetic algorithms; the
output of the latter shall be coordinates of optimal EVCS with respect to battery autonomy.
Third, the GA output is used by integer linear programming to display a node-link network.
Fourth, the optimum node-link network shall be used on GIS and Leaflet maps. For this
to be achieved, different tools are used, namely, (1) Meteonorm for geographical climate
data, (2) MATLAB for battery-autonomy simulations, (3) Python for node-link network and
leaflet map, and (4) ArcGIS for geographical information system map. Figure 1 represents
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Figure 1. Research Framework.

The model is applied to the region Fez-Meknes in Morocco and is used for a case
study. The studied region is among the twelve regions of Morocco and is of an area of
47,705 km?2. National data [31] found a total of 4,236,892 people in the Fez-Meknes region;
of these, 60.52% live in urban areas, which is very close to the national rate of 60.36%. The
region’s population density is 105.7 habitants per square kilometer, which is significantly
higher than the national average of 47.6 habitants per square kilometer. The Region of
Fez-Meknes brings together two prefectures on the administrative level: the Prefecture of
Fez and the Prefecture of Meknes and seven other provinces, 194 communes, including
33 municipalities and 161 rural communes. Figure 2 shows a map of the case-study region,
divided into the nine official communes.
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Figure 2. Map of the Region Fez-Meknes [32].

Data for this research was gathered from different sources. Gas station coordinates
were collected from Google Maps. Population density, active population areas, and
road width were collected from local authorities. Parking areas and road traffic were
collected from Waze. Finally, the atmospheric conditions of the region were collected using
Meteonorm software.

3.2. Modeling of Battery Autonomy

MATLAB, version R2016a, has been used to model battery autonomy. Only battery
type, humidity, air pressure, ambient temperature, wind speed, and vehicle efficiency have
been included in the simulation models. Other factors can influence battery autonomy;,
such as driving style, infrastructure, and traffic [33], and they have been grouped and
classified under one constant in MATLAB. However, three curves of battery autonomy
will be displayed for the three classifications: best, average, and worst. The atmospheric
conditions of the Fez-Meknes region have been collected for all nine provinces using
Meteonorm. In their study, Donkers et al. [33] found that ambient temperature and wind
speed have more impacts on the battery autonomy of battery-electric vehicles than other
atmospheric parameters; hence, emphasis should be placed on them [33]. Consequently,
relative humidity and air pressure are set on average yearly values of the region, which are
26% and 8585 hPa, respectively. From Figure 3, it seems that the ambient temperature in
the region has a large monthly variability, unlike wind speed, which could be set constant
according to Figure 4. This means that wind speed will not have a significant impact on
planning EVCS; thus, only ambient temperature will be considered in modeling battery
autonomy in the region. Ultimately, wind speed will also be set at an average yearly value
of 11.8 km per hour.

Battery specifications and vehicle efficiency necessitate vehicle identification.
In Morocco, the most used EV is Nissan Leaf e+ [34,35]. Table 1 sums up the technical
specifications of the chosen vehicle. Ultimately, ambient temperature is the only variable in
modeling battery autonomy; the other constants are humidity, air pressure, wind speed,
battery specifications, and vehicle efficiency (optimal vehicle consumption). Figure 5 sums
up the average hourly temperature in the Region Fez-Meknes of the data imported from
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Ambient Temperature (°C)

Wind Speed (kph)

Meteonorm. In addition, field research was carried out to organize data, collect missing
information, and verify gathered data.
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Figure 3. Monthly Average Ambient Temperature in the Region of Fez-Meknes.
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Figure 4. Monthly Average Wind Speed in the Region of Fez-Meknes.
Table 1. Technical Specification of Nissan Leaf e+.
Battery Technology Lithium-Ion
Battery Voltage 349V

Battery Capacity 40 kWh
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Figure 5. Average Hourly Ambient Temperature in the Region of Fez-Meknes.
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A Simulink/MATLAB model, in Figure 6, is developed to depict battery autonomy as
a function of environmental temperature to quantify the impact of climate on the range

of electric vehicles. The authors used results data from [33,36] to identify a

correlation

between battery autonomy and ambient temperature. A range of allowable temperatures is
constrained in this calculation. The minimum measured temperature serves as the lower
limit; extrapolating the curve to the point where the range is equal to the largest value
recorded gives us the upper bound (i.e., high temperatures). This yields minimum and
maximum limits of —4 degrees Celsius and 48 degrees Celsius, respectively, for the ambient
temperature. The extrapolation is required so that hot and cold areas can be fairly compared.
Each vehicle’s range in relation to its total battery charge can be calculated as follows:

Yo _oan-(110)", Ty, > 48°C
Yoo an-(Tign)", —4°C < Tygy < 48°C
Yoo n(—15)", T, < —4°C

Autonomy =

)

ay, is the coefficient of the polynomial in km/°C, and Ty, is the ambient temperature (°C)

atlocationl € {1,2,...,Nr}, dayd € {1,2, ...

,Np},and hour h € {1, 2, ..., Ny}, where

Np =1011, Np = 364, and Ny = 24. The battery autonomy results are displayed in kilometers.

Equation (1) is used to confirm the validity of the results, thereby confirming the
validity of the modeling in Figure 6 as well. The above equation has been deduced and
modeled from the state-of-the-art [33,36]. The coefficient of the polynomial depends on
pressure and elevation, wind, humidity, and driving behavior. The given constants under

power stand only for lithium batteries.

The authors are interested in displaying battery autonomy in three different ranges,
according to the values of the constant that groups traffic, infrastructure, and behavior.
Therefore, three different batteries have been used in Simulink, Figure 6. Consequently,
Battery A, Battery B, and Battery C will display the best autonomy range, the average
autonomy range, and the worst autonomy range, with respect to ambient temperature.
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Figure 6. Electric Vehicle Battery Model in Simulink/MATLAB.

3.3. Algorithm Building

The planning of EVCS is carried out using genetic algorithms. To optimize a sys-
tem, genetic algorithms (GAs) use an evolutionary model similar to that found in nature.
Survival of the fittest is a central tenet of biological evolution, and this idea underlies the
process by which the best value for the solution function is arrived at, via a combination of
encoding and ongoing evolution. In the genetic algorithm (GA), the three operations are se-
lection, crossover, and mutation. The genetic algorithm’s primary reproductive mechanism
is the crossover operation, which also serves as the primary means through which genetic
information is transferred from parent to offspring. Initial population setting, parameter
coding, fitness function design, genetic operation design, and control parameter setting
make up the bulk of the genetic algorithm’s central substance. Genetic algorithms start with
random generation and non-dominant categorization. Next, genetic algorithm selection,
crossover, and variation produce the first-generation population. Second, the parental
and offspring populations combine in the second generation, and the fast-non-inferior
frontier classification was conducted. Each non-focusing inferior’s distance was calculated
simultaneously. A new parental population was chosen based on focusing distance and
the order of the non-inferior individual. Finally, the genetic algorithm generates a new
offspring population via selection, crossover, and mutation until the program’s end con-
ditions are met. Figure 7 depicts the algorithm used for this research. GA outputs the
optimal coordinates of EVCS; these coordinates are then used differently by the mean of
linear integer programming, Leaflet, or geographic information systems. In the algorithm,
three different battery autonomies, from the average range curve, are inputted separately
to visualize the effect of ambient temperature on optimal EVCS location.
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(Substitution of coordinates)
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(Locating the final set of EVCS)

.

Evaluation of EVCS locations

Figure 7. Genetic Algorithm for the Paper.

The model imports input parameters, listed in Figure 1, from an Excel file. Battery
autonomy is also imported, but each time the model imports one range of the three.
Eventually, weights are assigned to inputs manually based on the impact of the input.
The code, then, generates an initial list of EVCS given the input parameters and assigned
weights. The generated list shall undergo a test of conditions (Equations (3)—(5)), and
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if failed, the program enters a loop. Within the latter, the algorithm sorts, eliminates,
and replaces non-suiting EVCS locations with better ones that fit the minimization in
Equation (2). The algorithm repeats the same process until all EVCSs are minimized under
the given constraints. Finally, the program exits the loop and saves the coordinates of EVCS
output on an Excel sheet.

3.3.1. Mathematical Modeling of Genetic Algorithm

In the first stage, data are imported from different excel sheets; the imported data are
as follows:

Population density areas.
Active population areas.
Parking area coordinates.
Gas Station coordinates.
Road traffic.

Road width (constraint).
Grid power (constraint).
Battery autonomy (variable).

The used road traffic was gathered from Waze for one week traffic while road width
information was gathered from local authorities. It has been assumed that in the future,
the traffic shall stay constant, and all ICE vehicles are to be replaced with electric vehicles.
The algorithm uses hourly traffic data 24/7, while the road width is used as a constraint in
the evaluation of EVCS location. Only service roads of over 7 m are considered, as shown
in Equation (3).

Different weights were assigned to the input parameters according to their importance.
Battery autonomy, gas station coordinates, and active population areas were given high
weights, while parking areas were given the least.

The placement of future charging stations is determined by (1) meeting supply con-
straints at stations, (2) ensuring that charging station sizes fall within a predetermined
range, and (3) meeting geographical constraints that have been taken into account. The
optimization and constraint equations in their mathematical notation are as follows:

EVES N dij djj )

Minimize : Cost = ijl Pt )
Constraints:
EVCS_N

Y Rw>7 ®)

j=1
ad;jX;; < D 4)

EV_N
Y Pev <Y Prvcs @)
j=1

Table 2 shows the list of parameters along with their units and meanings. The used
algorithm generates an initial list of EVCS based on the input parameters, then evaluates
the generated list with respect to cost and constraints. When the minimization, from
Equation (2), and constraints, from Equations (3)—(5), are not met, the algorithm enters
the loop for mutation. According to the constraints posed by Equation (4), the distance
between the vehicle and charging station j must be less than or equal to the maximum
allowable distance for driving. It is clear from the constraint condition (Equation (5)) that
the overall demand for charging automobiles at j cannot exceed the total power supply
j can give. The variable battery autonomy, with respect to ambient temperature, affects
the initial generation of EVCS and Equation (4), thus influencing the results. Once the
conditions are met, the code exits the loop. The output is then exported to an Excel sheet
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with the coordinates of optimal EVCS placements, which is then used on integer linear
programming, Leaflet, and ArcGIS.

Table 2. List of GA Parameters.

Parameters Meaning Units
dij is the distance between the vehicle, i, and the charging station, j km
a is the distance per kWh km/kWh
p is the charging price $/kWh
v is the average speed km/h
c is the cost of users’ travel time $/h
EVCS_N is the total number of charging stations -
Rw is the road width m
« is a non-linear coefficient about roads and traffic -
Xij Vehicle, i, opt for charging station, j, for charging services -
D is the left battery autonomy range km
Pry is the demand for power by electric vehicles of the station, j kw
EV_N is the total number of electric vehicles at a charging station -
Prycs is the power of the charging station kW

3.3.2. Algorithm of Display—Integer Linear Programming (ILP)

This section uses the output coordinates from GA. It presents an implementation of
integer linear programming to create a node-link network and visualize the impact of
ambient temperature on EVCS coordinates. The node-link network is a simplified graphical
representation of EVCS as nodes and the distance between charging stations as weights.
The used mathematical expressions revolve around the concepts of sub-paths and pure
sub-paths. When two charging stations p and g are on the same path k, we say that the pair
r-s is on the subpath k"*77. If there are no other charging stations between the origin and
destination pairs r and s on the path k, then the subpath k"*#7 is considered pure.

The goal of a node-link network is to find the most direct route between two nodes
while minimizing the diversion cost associated with stopping for recharges. A trip’s
minimum path cost is the amount it would cost to travel from point A to point B without
taking any unnecessary detours. While doing so, a number of constraints show off. Simply
put, the node-link network model can be expressed as follows:

Minimize : mznxz dijxij (6)

Constraints:

x1] - ZZ]CI:S :]Sk/ ) €A (7)

Zn] (EVCS_N); ®)

2 = Qrs/ ) ew (9)
fI5>0,¥(r,s) €W, k € Kys (10)
nje{0,1}, VjeN (11)

]7(5 S {O, 1}, V(T’/ 5) eW, ke K (12)

y;s,pq €{0,1}, ¥(r,s) e W, k€ K5, (p—q) € V* (13)

Table 3 sums up the list of parameters used in integer linear programming along
with their meanings. Equation (7) is a definitional constraint that specifies the connection
and flow between links and pathways. According to Equation (8), the total number of
EVCSs generated by ILP must be equal to or less than the total generated by GA. Indeed,
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some of the GA may be disqualified from ILP due to their isolation from other nodes,
meaning that the distance between the disqualified node and the nearest node might be
long. Therefore, a detour might be less costly. Each origin-destination pair’s travel demand
must be allocated to only its connecting paths to satisfy the constraint in (Equation (9)),
which ensures flow conservation. Lastly, the constraints expressed by Equations (10)—(13)
are non-negativity or integrality constraints.

Table 3. List of ILP Parameters.

Parameters Meaning
Xjj is the traffic flow rate fromitoj
djj is the travel distance from i toj
i is the traffic rate on path k between r-s subpath
(51.’]?,k is a link subpath indicator and is equal to 0 or 1
1; It is equal to 1 when (7,j) are part of k connecting r-s
(EVCS_N)y is the output number of charging stations from ILP
Grs is the final number of charging stations from GA output
124 is the travel demand rate between r-s
Kys is a set of origin-destination pairs from GA output
N is a set of paths between origin destinations pairs
ve is a set of candidate charging station nodes from GA output
yis’p 1 is an activation indicator of path k

3.3.3. Other Displays—Interactive Maps

Leaflet maps and ArcGIS maps are two GIS interactive maps used in this paper. This
section displays the output coordinates from GA and displays it on interactive maps after
viewing the impact of ambient temperature on results in ILP. Only results from the average
range and optimal temperature are displayed on the map. In this way, data can be shown
in an interactive map that is simple to navigate and utilize for finding, manipulating, and
sharing relevant information. With a visual interface, even inexperienced users can quickly
and easily locate outliers, patterns, and correlations, streamlining the decision-making
process. Leaflet is a JavaScript package that may be used with Python to create simple
web maps from given coordinates. It is much like a Google Map with EVCS coordinates.
However, to gather, manage, analyze, share, and disseminate geographical data, ArcGIS is
a comprehensive system, and it allows the visualization of the outputs within the borders
of the region only. Ultimately, both interactive maps are used to ease the coordinate reading
on the map for all categories of readers.

4. Results and Analysis

This section reveals and analyzes the results of EV battery modeling in MATLAB/Simulink
and the optimal placements of EVCS in the node-link network, leaflet map, and ArcGIS
map. To fine-tune the optimization process, it is necessary to do a number of tests beyond
those presented here. These include varying the program’s iteration count, crossover rate,
mutation rate, and so on.

4.1. Battery Autonomy Modeling Output

The region Fez-Meknes is known for its hot climate during summers and falls in
Morocco. However, the region has recorded a temperature of —3 °C in the Province of
Ifrane, which makes the range of temperature in the region between —3 and 49 °C. Figure 8
shows the results of the battery autonomy of the Nissan Leaf with respect to ambient
temperatures from MATLAB. Verily, the results are validated by the mean of Equation (1)
as the shape of the curve matches the equation.
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Figure 8. Battery Autonomy Range with respect to Ambient Temperature.

The results show three different range scenarios and assess the impact of traffic, infras-
tructure, and behavior on battery autonomy. The best range curve represents the ideal case
and reflects a higher autonomy in comparison to the average range curve and worst range
curve. Furthermore, Figure 8 also reveals the impact of ambient temperature on battery
autonomy. The latter’s maximum temperature is between 23 and 25 °C, and it reaches its
lowest temperature at the curves’ terminals. It has also been depicted that traffic, infrastruc-
ture, and behavior could affect the vehicle’s sensibility to ambient temperature; indeed, the
best range curve shows a peak of 22 °C in contrast to other curves that showed their peaks
at slightly larger ambient temperatures. Finally, battery autonomies of electric vehicles are
negatively impacted by heavy traffics, decaying roads, reckless driving behaviors, cold
weather, and extreme heat.

4.2. Node Link Network of EVCS

Assuming a realistic scenario of traffic, infrastructure, and behavior, only the average
range plot, from Figure 8, has been considered, and to evoke the impact of ambient temper-
ature on location optimization of EVCS, only optimum and terminal temperatures of the
regions are studied. The layout, link properties, charging stations, and origin-destination
pairings of this network’s supply are all displayed in Figure 9 for different ambient tem-
peratures. Figure 9a is the network of EVCS in the region Fez-Meknes for the optimal
ambient temperature of 23 °C; whereas, Figure 9b,c correspond to the coldest ambient
temperature of —3 °C and the extreme heat temperature of 49 °C, respectively. Obviously,
Figure 9a has significantly fewer nodes and links than it would if it represented extreme
weather; therefore, a lower number of charging stations could lower prospective investment
costs. Apart from extreme heat, Figure 9¢ could lead to the highest number of optimized
EVCSs in comparison with other temperatures. Ultimately, ambient temperatures affect
the optimization of EVCS locations, and Figure 10 shows a summary of results for ambient
temperatures from the minimum to the maximum temperature of the studied region.
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Figure 9. Node Link Network Representation of EVCS for (a) 23 °C, (b) —3 °C, and (c) 49 °C.

Node-link networks, according to Equations (6) and (8), provide nodes equal to or
less than the total output of GA if the distance between the disqualified node and the
nearest node is larger than the detour. However, the eliminated nodes will be plotted on

the interactive maps of Leaflet and ArcGIS.
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Figure 10. Number of EVCS with respect to Ambient Temperature.

4.3. EVCS Locations on Interactive Maps

The average ambient temperature in the region is 27 °C yearly, so interactive maps
will be plotted accordingly. The leaflet map is shown in Figure 11, while the ArcGIS map is
displayed in Figure 12. Results reveal an output of 39 EVCS in the region Fez-Meknes. The
output is crowded in and around the provinces of Fez and Meknes where dense residential
and active populations are located. Strategic parking areas in the region are all within
the metropolitan cities of Fez and Meknes. The figures show the most appropriate EVCS
deployment that takes into consideration optimal investment costs from an optimal number
of EVCSs and optimal traveling costs, parking coordinates, population density areas, active
population areas, the average range autonomy, the road width, and the power grid of
the region.

The authors recommend these spots for installing charging stations in the Fez-Meknes
area so that public and private funds are not wasted while a sufficient level of service is
maintained for EV drivers.
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Figure 12. ArcGIS Map of EVCS.

5. Conclusions

This research presents a novel method for arranging charging stations that considers
a wide range of characteristics. Some external and internal parameters have been con-
sidered in order to compute the battery range for the electric car simulation. Methods
of conduction (driving cycle types), battery capacity, infrastructure, traffic, and weather
(including temperature and wind speed) are all variables to consider.

This research analyzes the technique used to model the most effective placement of
charging stations in each area. The data obtained from MATLAB/Simulink was used, in
addition to various constraints, in the optimization algorithm to perform complex opera-
tions with spatial data and to represent, via node-link network and geographic information
systems, the optimal placement of EVCS stations with respect to various ambient tem-
peratures. The planning model takes into account limitations on where charging stations
can be built or how far apart, they must be located to ensure that electric vehicles have
an adequate range between fill-ups. The influencing factors of the model are maximum
charging supply, road width, populations and parking areas, traffic, battery autonomy, gas
stations, and optimal cost.

This paper’s contributions are threefold: (1) the creation of an algorithm that takes into
account all relevant variables, (2) an evaluation of the effect of weather on the optimization
of EVCS planning, and (3) the presentation of the results in three different formats. These
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findings have significant ramifications for policymakers in Morocco and elsewhere in terms
of gaining insight into the impact of geographical location on EVCS planning. The findings
also contribute to the knowledge base by providing data on the potential of renewable
energy sources to meet EV demand under various future growth scenarios.

Although the study’s overall findings have broad applicability, the quantity and
placement of charging stations are also determined by other non-mentioned criteria such
as a country’s level of economic growth and political stability, all of which vary consid-
erably. In order to encourage the development of electric vehicles and to optimize the
placement of charging stations, it will be necessary to conduct future studies on various
types of countries.

The present paper gives rise to new research projects which might help improve the
modeling of electric vehicles and the positioning of charging stations. Possible directions
for future research and development include the improvement of energy efficiency in
battery-electric vehicles in hot-arid climates, the optimization of on-site use of renewable
energies on EVCS in Morocco, and the growth of supplementary optimization techniques.
Improving the energy efficiency of EVs would increase their battery autonomy, thus lessen-
ing the number of EVCSs needed. Cleaner air is the ultimate goal of the electric vehicle
movement. This will not be possible if increasing electricity demand necessitates spending
more money on fossil fuels to meet demand. When combined with efficient EV charging,
renewable energy powers the EV charging infrastructure without straining the grid or
the environment. Smart EV charging also makes it easy to change prices based on peak
demand, encouraging people to charge EVs during off-peak hours. Lastly, the incorporation
of new variables into EVCS planning is made possible by the development of supplemental
optimization approaches.

This article is the first research on the optimal location of EVCSs in Morocco and one
of the very few that focuses on an African country. Availability of data has been a major
problem in this study, as it is in most others. Currently, data require the assistance of local
authorities and network operators, and data availability in third-world countries, in general,
and African countries, in particular, is scarcer. One of the primary reasons and excuses for
not sharing data despite agreed norms is the fear of retaliation from the government in
some parts of Africa. The challenge then becomes how the industrialized world facilitates
obligation-free knowledge and data sharing. The unwillingness to share could also stem
from a misunderstanding of the value of shared data and information. Apart from commer-
cial competitiveness and political difficulties, protecting one’s reputation, not adhering to
international conventions, and a lack of research activities focusing on resource assessment
are all possible causes for either a lack of information or its suppression. Finally, to improve
research, governments, such as Morocco’s, should ease access to unthreatening data.
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Abbreviations

EV Electric Vehicles

EVCS  Electric Vehicles Charging Stations
GIS Geographic Information System
GA Genetic Algorithm

ILP Integer Linear Programming
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