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Abstract: Although the main purpose of conventional geographical positioning systems (GPSs)
is to determine either the fastest path or the shortest distance to a destination, this function may
not be enough for electric vehicles (EVs). This is simply because the fastest/shortest path may
consume relatively higher energy when compared to other paths depending on the nature, speed
limit, and topography of the road. This means that the driving range of the EV per charge decreases
dramatically. This paper aims to develop a new algorithm and model dedicated for EV GPS which
not only selects shortest/fastest routes, but also focuses on the most energy efficient route. This is
achieved by considering many factors including aerodynamics, wind speed, topology of roads, with
a clear objective of reducing the energy consumed from the battery. A MATLAB Simulink model is
developed and validated with real-life case studies to ensure the results are realistic and accurate.

Keywords: electric vehicles; optimum route planning; energy management; energy consumption
calculation; wind speed; electric vehicle model

1. Introduction

In recent years, there has been a large growth in new electric vehicle models across
various segments, from sedans to trucks, reflecting the mainstream acceptance of electric
vehicles [1]. The future of electric vehicles appears promising, with advancements in
affordability, range, and reliability expected to drive further adoption [2]. Governments
worldwide are also incentivizing the transition to electric vehicles, further fueling their
popularity [3]. With the continued decline in battery costs and improvements in charging
infrastructure, electric vehicles are poised to eventually replace gasoline-powered vehicles,
according to some experts [4]. Additionally, electric vehicles are becoming more economical
to use as maintenance costs are significantly lower compared to fuel-based vehicles, and
recharging costs are often a quarter of refueling costs in some countries [5].

Based on current EV growth and lessons from prior technological revolutions, re-
searchers at RMI suggest a curve model which predicts that EV sales will expand at least
four-fold by 2030, accounting for 62 percent to 86 percent of worldwide automobile sales [6].
EV sales may surpass internal combustion engine (ICE) sales as soon as 2026, as shown in
Figure 1 [6]. The graph depicts the projected market share of electric vehicles (EVs) and
internal combustion engine (ICE) vehicles over the years from 2015 to 2030. The red line
until year 2022 represents the “EV-actuals”, which shows the historical market share of
EVs, starting at a low percentage in 2015 and gradually increasing over time. The red line
after year 2022 labeled “EV-faster” shows a forecasted faster adoption of EVs, reaching a
higher market share by 2030 [7].
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after year 2022 labeled “EV-faster” shows a forecasted faster adoption of EVs, reaching a 
higher market share by 2030 [7]. 

The green line until year 2022 represents the “ICE-actuals”, which shows the histori-
cal market share of ICE vehicles, starting at a high percentage in 2015 and steadily declin-
ing over time [6]. The green line after year 2022 labeled “ICE-faster” shows a forecasted 
faster decline in ICE vehicle market share [7]. The lighter green line labeled “ICE-fast” and 
the yellow line labeled “EV-fast” provide alternative forecasts, with ICE vehicles declining 
more rapidly and EVs gaining market share more quickly by 2030 [7]. 

  
Figure 1. Global EV and ICE market share forecasting as (%). 

However, there are still challenges regarding the range per charge and charging time 
of electric vehicles [8]. For instance, while using a fuel-based vehicle, refueling is quick 
and gasoline stations are widely available; therefore, the total trip time is mainly 
composed of road time, with refueling time being negligible [9]. In contrast, electric 
vehicles may require 3–6 h for charging, depending on the availability of charging points 
infrastructure and the remaining energy capacity in the battery of the vehicle, which 
significantly impacts the total trip time [8]. Figure 2 shows a full comparison between the 
total time spent on a journey using an EV vs. ICE, and shows the time spent in refuel-
ing/recharging. 

 
Figure 2. EV and ICE journey time plus refueling/recharging time comparison. 

Figure 1. Global EV and ICE market share forecasting as (%).

The green line until year 2022 represents the “ICE-actuals”, which shows the historical
market share of ICE vehicles, starting at a high percentage in 2015 and steadily declining
over time [6]. The green line after year 2022 labeled “ICE-faster” shows a forecasted faster
decline in ICE vehicle market share [7]. The lighter green line labeled “ICE-fast” and the
yellow line labeled “EV-fast” provide alternative forecasts, with ICE vehicles declining
more rapidly and EVs gaining market share more quickly by 2030 [7].

However, there are still challenges regarding the range per charge and charging time
of electric vehicles [8]. For instance, while using a fuel-based vehicle, refueling is quick and
gasoline stations are widely available; therefore, the total trip time is mainly composed
of road time, with refueling time being negligible [9]. In contrast, electric vehicles may
require 3–6 h for charging, depending on the availability of charging points infrastructure
and the remaining energy capacity in the battery of the vehicle, which significantly impacts
the total trip time [8]. Figure 2 shows a full comparison between the total time spent on a
journey using an EV vs. ICE, and shows the time spent in refueling/recharging.
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Moreover, the proposed algorithm has many advantages over some other algorithms
such as considering all vehicle parameters when calculating the energy consumed. Ad-
ditionally, wind speed and direction are taken into consideration. This requires few data
as input to select the optimum route with minimal energy consumed. This energy con-
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servation translates into monetary savings for the journey and ultimately extends the
battery’s lifespan.

2. Literature Review

Numerous studies have been conducted in this field to determine the most efficient
route, considering variables such as distance, traffic, road elevation, and vehicle energy con-
sumption [10]. While route planning has traditionally relied on algorithms like Dijkstra [11],
adapting them to suit the unique requirements of electric vehicles has proven challenging.
The authors of [12] introduced a multi-objective optimization technique aimed at balancing
energy usage and travel time in EV route planning. This approach seeks to optimize both
time and energy efficiency simultaneously by identifying Pareto-optimal solutions.

Asghari and Al-e conducted a comprehensive review of the green vehicle routing
problem, highlighting challenges such as limited battery range, charging infrastructure,
and energy consumption. They also surveyed various optimization techniques employed
in the literature, including exact algorithms, metaheuristics, and hybrid methods [13,14].

Castaneda et al. proposed an energy consumption optimization model for the electric
vehicle routing problem with time windows. Their model considers both energy consump-
tion and time windows simultaneously, emphasizing the importance of optimizing both
objectives. They also provided a thorough review of optimization techniques utilized in
the existing literature [14,15].

Also, as mentioned by Lu et al., advances in routing optimization with a hybrid BSO
method tailored for 4PL challenges enhance search efficiency and solution accuracy by
mimicking beetle foraging behavior. This technique is crucial for electric vehicle (EV)
routing, addressing logistical issues, and improving operational efficiency [16]. Similarly,
the same authors have explored a unique delivery strategy combining drones and riders,
optimizing delivery with a framework that considers time frames, capacity limits, and
energy usage, aligning with EV range maximization and sustainable practices [17]. Addi-
tionally, another study introduces an ACO method for energy-efficient EV path planning,
factoring in road incline, traffic, and charging station placement, emphasizing adaptive
algorithms to minimize energy use and improve EV routing accuracy [18].

Wu et al. [19] propose a comprehensive technique to EV charging scheduling. It ad-
dresses the use of time-of-use (TOU) pricing to optimize charging periods and reduce peak
demand on the power system. The paper proposes methods which achieve a compromise
between economic efficiency and grid stability using efficient algorithms. This research is
relevant to our study because it emphasizes the need for optimizing numerous parameters
that influence EV energy use, such as charging timings and patterns. Integrating these
insights into route planning algorithms has the potential to improve the success of EV
range maximizing tactics, particularly when external elements like aerodynamics and wind
conditions are considered [19].

Similarly, Wu et al. investigate the complexity of scheduling EVs among several
depots while keeping in mind power grid restrictions. This study examines the logistical
obstacles of EV adoption, highlighting the importance of power grid features in the design
process. The study’s focus on optimizing routes and timetables to guarantee effective
energy consumption is consistent with our goal of increasing EV range. By combining
multi-depot scheduling insights and grid interaction dynamics, our MATLAB Simulink
model may be further modified to account for real-world restrictions, thereby boosting the
accuracy and reliability of energy consumption estimates verified using real-life data [20].

Therefore, this study aims to address these challenges by examining the energy con-
sumption of electric vehicles across different road topologies and evaluating the impact of
various vehicle models, wind speed, and direction on energy consumption. The aim is to
identify the most environmentally friendly route for specific vehicles by mathematically
analyzing various factors and employing a MATLAB Simulink model. Additionally, the
methodology will be validated using a real electric vehicle on roads to ensure the accuracy
of our results.
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This paper is organized as follows. in Section 2, the data present detailed information
on how the conventional GPS applications work on suggesting routes. Then, the next
section shows the mathematical model developed with the equations used to calculate
the total energy consumption. After that comes the results carried out for the case studies
to show how some factors, when they change, affect the range of the vehicle per charge,
some of these factors include the car model, wind speed, and road inclinations. Moreover,
a validation for the simulated results is carried out in real life, and then the discussion of
these data is followed by the conclusion.

Most of the geographical positioning systems (GPSs), such as Google Maps which is
the most used application, utilize distance between two locations as a criterion for selecting
optimal routes [21]. Other factors considered include current traffic flow, speed restrictions,
availability of alternative routes, and user preferences such as avoiding tolls or congested
highways. Machine learning techniques are employed by Google Maps to enhance the
accuracy of its routing algorithms, ensuring that proposed routes are regularly updated to
reflect the latest traffic conditions and other variables [22].

When calculating routes between unique locations, Google Maps takes the following
criteria into consideration:

• Shortest path: Google Maps frequently seeks the path that connects two places in the
least period, but this is not always the greatest option because it does not account for
considerations such as traffic.

• Fastest way: Google Maps may also attempt to find the shortest path between two
places, even if it means taking a longer, less-traveled route.

• Least crowded path: Google Maps may prioritize the least congested way between
two places, even if it requires a longer or more difficult route.

• Toll-free path: Google Maps may attempt to locate a route that avoids tolls, even if it
means taking a longer route.

• EV-friendly path: Google Maps may search for an EV-friendly route, considering
possibilities that pass by recharge stations.

Users have the option to set personal preferences, such as avoiding toll roads, which
Google Maps will then take into account when generating the route [20]. Several factors
will be considered based on the user’s selections and the prevailing traffic conditions.

The current issue lies in the fact that conventional GPSs fail to account for the recharg-
ing time discussed earlier. This means that they may suggest a route based solely on the
shortest time or distance, disregarding the energy consumption involved. Conversely, there
may be another route that proves more economical, minimizing the need for recharging [23].

3. Mathematical Modeling and Proposed Algorithm

To ensure precise prediction of vehicular energy consumption, a comprehensive exam-
ination of vehicular dynamics is imperative [24]. Electric vehicles (EVs) possess various
dynamic parameters categorized into longitudinal, lateral, and vertical dynamics [25]. Un-
derstanding the influence of distinct driving resistances on EV performance is crucial [26].
This study focuses specifically on the impact of driving resistance, a facet of lateral dynamic
parameters, on vehicular performance.

Figure 3a,b illustrate the longitudinal motion and resistances of a vehicle on level
ground and on an inclined road, respectively [26,27]. The driving force, situated at the
drive axle, is the aggregate of the vehicle’s propelling force and the resistances impeding its
motion. Primary resistances include aerodynamic drag and rolling resistance. Aerodynamic
drag is contingent upon factors such as air density, frontal area, drag coefficient, vehicle
velocity, and wind velocity. Rolling resistance, on the other hand, is influenced by the
vehicle’s mass, velocity, and tire pressure [26,27].
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Figure 3. (a) Longitudinal motion and resistances of the vehicle on a flat terrain. (b) Longitudinal
motion and resistances of the vehicle on an inclined road (θ is the gradient under consideration).

Traction power fluctuates with various factors, including road type (as the coefficient
of rolling resistance varies), driving style (acceleration pattern), aerodynamic drag, and
road gradient [28]. Auxiliary power encompasses components such as power steering,
lighting, audio systems, air conditioning, suspension type, tire slippage, and other installed
features [29].

The energy consumption model is primarily built on traction forces, auxiliary power
needed, power train efficiency, auxiliary power efficiency, and brake requirements [30].

As shown in the figure below, the total power consumed can be divided into the
following five main forces:

• Resistive Force
• Grade Load
• Inertial Load
• Brake Recuperation
• Auxiliary Loads

The resistive force (Fres) is the force needed to overcome the wind speed according
to the aerodynamics of the vehicle, and includes the rolling resistance coefficient and the
vicious friction coefficient of the tires [26]. These forces can be expressed as follows:

Fres = A + B V + C V2 (1)

where ‘A’ is the rolling resistance coefficient, ‘B’ is the viscous friction coefficient, ‘C’ is the
drag coefficient of the vehicle, and ‘V’ is the relative vehicle speed in m/s [26].
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The second force is the grade force which changes according to the road topology, and
this can be calculated as follows:

Fgrade = mgsinθ (2)

where ‘m’ is the vehicle mass in kg, ‘g’ is the gravitational force, and ‘θ’ is the inclination of
the road in radian [31].

As for the third force, which is inertial load, it is derived from Newton’s First Law
of Motion, which stipulates that an item in motion will maintain its velocity unless acted
upon by an external force [32]. Therefore, every attempt to modify the motion of a body
needs overcoming its inertia, which results in the application of an inertial load, and it can
be expressed as follows:

Finertia = ma (3)

where ‘a’ is the vehicle acceleration in m/s2 [32].
The next one is brake recuperation which is the only force that affects the total force

positively on the vehicle. It works when the vehicle is decelerating or braking, and it saves
energy from this braking and recharges the battery with this energy, which is why all
other forces are added to the total forces while this one is subtracted, and can be expressed
as follows:

−Fregen = −(η regen × ηbattery to wheel × m × a) (4)

here there are two types of efficiencies taken into consideration: ‘ηregen’ ranges theoretically
from 0 to 1 and represents the amount of energy regenerated from braking when powering
the wheels the value becomes zero, and for idling or braking the value sometimes reaches
about 80%. This value differs according to the vehicle used and regenerative system inside
the vehicle. While ‘ηbattery to wheel ’ represents the energy losses from the battery to the wheel
as a coefficient which ranges theoretically from 0 to 1 and includes the battery efficiency,
power electronic converter, and motor efficiency [33,34].

The last part is the power consumed by the auxiliary loads from lights, horn, air
conditioner, and radios, for example, [34]. Therefore, the total power consumed by the
vehicle can be finally represented as follows:

Pdrive(Watt) =

(
A + Bv + Cv2 + mgsinθ

ηbattery to wheel
+

ma
ηbattery to wheel

− (ηregenηbattery to wheelma)

)
v +

Waux

ηdc−dc
(5)

where ‘ηdc−dc’ is the efficiency of the dc-to-dc converter used in the vehicle to supply the
auxiliary loads [35].

As for the energy consumed per kilometer and the average range that the vehicle can
cover, this can be calculated as follows:

Edrive

(
wh
km

)
=

Pdrive(W)

V
(

km
hr

) (6)

Range(km) =
Battery Capacity × 1000

Edrive
(7)

To calculate the total energy for different routes, this process can be carried out
by following the flowchart in Figure 4. The flowchart appears to outline a process for
calculating and comparing the total energy consumed in different routes to select the
optimum route for a specific EV model. The flowchart follows a step-by-step approach:

• Start: This initial node marks the beginning of the flowchart.
• Divide routes into nodes: This step involves dividing the suggested routes into mul-

tiple nodes. Each node represents a specific point or location along the route. For
instance, a road of 10 km can be divided by 10 nodes. Also, as the number of nodes
increases, the results become more accurate.
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• Calculate the energy consumed in a specified distance for each node: Once the routes
are divided into nodes, this step calculates the energy consumed at each node for the
specified distance. It likely involves considering factors such as the terrain, speed, and
efficiency of the EV model.

• Repeat for the second node until the destination is reached: This step suggests that
the process of calculating energy consumption is repeated for each subsequent node
until the destination is reached. This allows for a comprehensive assessment of energy
usage throughout the entire route.

• Accumulate the energy dissipated for Route 1: At this point, the energy dissipated or
consumed at each node is accumulated to determine the total energy consumed for
Route 1. This step provides a measure of the energy usage for the entire route.

• Repeat the process for alternative routes: The flowchart indicates that the previous
steps are then repeated for alternative routes. This allows for a comparison of the
energy consumed on each route.

• Select the optimum route for the selected EV model: Finally, after calculating and
comparing the energy consumption of different routes, the flowchart concludes by
selecting the optimum route for the selected EV model. The selection is likely based on
the route that consumes the least amount of power or offers the best energy efficiency.
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Overall, the flowchart provides a systematic approach to evaluating and comparing
the consumption of different routes to determine the most energy-efficient option for a
particular EV model [36].
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4. Results

In this section, the results were carried out using a MATLAB Simulink model from
MathWorks for a complete simulation of an electric vehicle on a specific route and the
outputs are represented as curves [37].

As shown in Figure 5, this model primarily includes six blocks, each representing
a component of the vehicle model. The first block, named the Driving Cycle, represents
the relationship between time and speed for the vehicle during the selected journey, with
Figure 6 offering an example of a utilized driving cycle. The subsequent block, named
Environment, is tasked with adjusting any necessary alterations for the chosen route,
variables such as outside temperature, pressure, wind speed, wind direction, and changes
in vehicle inclination throughout the journeys can be adjusted through this block.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 8 of 22 
 

4. Results 
In this section, the results were carried out using a MATLAB Simulink model from 

MathWorks for a complete simulation of an electric vehicle on a specific route and the 
outputs are represented as curves [37]. 

As shown in Figure 5, this model primarily includes six blocks, each representing a 
component of the vehicle model. The first block, named the Driving Cycle, represents the 
relationship between time and speed for the vehicle during the selected journey, with Fig-
ure 6 offering an example of a utilized driving cycle. The subsequent block, named Envi-
ronment, is tasked with adjusting any necessary alterations for the chosen route, variables 
such as outside temperature, pressure, wind speed, wind direction, and changes in vehicle 
inclination throughout the journeys can be adjusted through this block. 

 
Figure 5. MATLAB Simulink model interface [37]. 

 
Figure 6. The FTP75 Driving Cycle (speed vs. time) used for Scenario 1. 

Additionally, there exists a block named Longitudinal Driver, housing relevant data 
for the driver. The subsequent two blocks, denoted as Controller and Passenger Car, are 
designed to represent every aspect of the vehicle, from regenerative braking and motor 
power to battery size, wheels, and differential. To facilitate the monitoring of results and 
energy consumption, a block titled Visualization is designed to generate a list of curves, 
providing insights into the state of charge (SOC%) of the battery, motor torque, and cur-
rent throughout the selected journey. 

0 500 1000 1500 2000 2500

Time (seconds)

0

5

10

15

20

25

30

FT
P7

5 
Ve

lo
ci

ty
 (m

/s
)

FTP75 Velocity

Figure 5. MATLAB Simulink model interface [37].

Appl. Sci. 2024, 14, x FOR PEER REVIEW 8 of 22 
 

4. Results 
In this section, the results were carried out using a MATLAB Simulink model from 

MathWorks for a complete simulation of an electric vehicle on a specific route and the 
outputs are represented as curves [37]. 

As shown in Figure 5, this model primarily includes six blocks, each representing a 
component of the vehicle model. The first block, named the Driving Cycle, represents the 
relationship between time and speed for the vehicle during the selected journey, with Fig-
ure 6 offering an example of a utilized driving cycle. The subsequent block, named Envi-
ronment, is tasked with adjusting any necessary alterations for the chosen route, variables 
such as outside temperature, pressure, wind speed, wind direction, and changes in vehicle 
inclination throughout the journeys can be adjusted through this block. 

 
Figure 5. MATLAB Simulink model interface [37]. 

 
Figure 6. The FTP75 Driving Cycle (speed vs. time) used for Scenario 1. 

Additionally, there exists a block named Longitudinal Driver, housing relevant data 
for the driver. The subsequent two blocks, denoted as Controller and Passenger Car, are 
designed to represent every aspect of the vehicle, from regenerative braking and motor 
power to battery size, wheels, and differential. To facilitate the monitoring of results and 
energy consumption, a block titled Visualization is designed to generate a list of curves, 
providing insights into the state of charge (SOC%) of the battery, motor torque, and cur-
rent throughout the selected journey. 

0 500 1000 1500 2000 2500

Time (seconds)

0

5

10

15

20

25

30

FT
P7

5 
Ve

lo
ci

ty
 (m

/s
)

FTP75 Velocity

Figure 6. The FTP75 Driving Cycle (speed vs. time) used for Scenario 1.

Additionally, there exists a block named Longitudinal Driver, housing relevant data
for the driver. The subsequent two blocks, denoted as Controller and Passenger Car, are
designed to represent every aspect of the vehicle, from regenerative braking and motor
power to battery size, wheels, and differential. To facilitate the monitoring of results and
energy consumption, a block titled Visualization is designed to generate a list of curves,
providing insights into the state of charge (SOC%) of the battery, motor torque, and current
throughout the selected journey.
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There will be four case studies represented with their results. The first case will
compare different aerodynamics of vehicles, the second will explore the impact of wind
speed and direction on consumption, and the third case will assess disparities in road
topologies and how inclination affects battery consumption. The last case is a validation for
the model used in other cases, but in real life, it will compare between simulation results
and real data. The figure below shows the MATLAB Simulink EV complete model used in
testing and executing the results.

4.1. Simulation Case Studies
4.1.1. Case 1: Impact of Aerodynamics and Weight on kwh Consumption

In this case, two scenarios will be presented to show the influence of aerodynamics,
frontal area of the vehicle, drag coefficient, and weight on the energy consumption of EVs
per charge. The first scenario contains a comparative analysis of the energy consumed
by seven distinct electric vehicle models mentioned in Table 1, each characterized by
varying aerodynamics at the same road to calculate the total energy consumed which can
simultaneously affect the total time of the trip.

Table 1. The data used to compare different vehicle models in Case 1.

Vehicle Type Drag Coefficient Frontal Area
(m2)

Weight
(kg)

Battery Capacity
(kWh)

Tesla Model S Plaid [38,39] 0.208 2.3 2214 100

BMW i3 [40] 0.29 2.38 1315 22

Nissan e-NV200 [41] 0.3 7.1 1700 22

Rivian R1T [42] 0.42 3 2669 135

Volkswagen ID3 [43] 0.267 2.36 1772 45

GMC Hummer [44] 0.35 3.21 4173 210

Volkswagen E-Lavida [45] 0.3 2.4 1500 30

In the first scenario, all vehicles adhere to a driving cycle wherein the maximum speed
reached was approximately 90 km/h, and at some point, the vehicles stop due to high
traffic. This can be visually depicted in Figure 6. Given the relatively moderate velocities
employed in this scenario, the influence of aerodynamics remains marginal. To explore the
impact of aerodynamics more comprehensively, Scenario 2 was initiated. Consequently,
the outcomes and energy consumption delineated in Scenario 1 predominantly hinge
on the vehicle’s weight rather than its aerodynamic properties. As depicted in Table 2
and Figure 7a, it is evident that vehicles with the lightest weight exhibit minimal energy
consumption, while those with the heaviest weight demonstrate the highest consumption.

Table 2. SOC% and DOD% of different vehicles used in Scenario 1.

Vehicle Type SOC% DOD% Energy Consumption

Tesla Model S Plaid 95.5% 4.5% 4.5 kWh

BMW i3 89% 11% 2.42 kWh

Nissan e-NV200 79.5% 20.5% 4.5 kWh

Rivian R1T 95.5% 4.5% 6 kWh

Volkswagen ID3 92.5% 7.5% 3.375 kWh

GMC Hummer 96.5% 3.5% 7.35 kWh

Volkswagen E-Lavida 91% 9% 2.7 kWh
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In the context of the second scenario, the velocity remains consistently set throughout
the entirety of the 68-km journey, with the vehicle maintaining a speed of 120 km/h as
shown in Figure 7b. Moreover, the duration of the journey is standardized across both
scenarios within Case 2, where the temporal span remains constant at 2040 s.

From the findings and Table 3, it becomes evident that aerodynamics significantly
impacts energy consumption, with vehicle velocity emerging as the primary determinant
due to the quadratic relationship expounded earlier in Equation (1). Notably, the energy
expended during extended distances and at fixed speeds undergoes exponential variation,
as corroborated by the results.
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Table 3. SOC% and DOD% of different vehicles used in Scenario 2 at 120 km/h fixed speed.

Vehicle Type SOC% DOD% Energy Consumption

Tesla Model S Plaid 76.5% 23.5% 23.5 kWh

BMW i3 18% 82% 18 kWh

Nissan e-NV200 0% 100% Did not reach

Rivian R1T 69% 31% 41.85 kWh

Volkswagen ID3 50% 50% 22.5 kWh

GMC Hummer 78.5% 21.5% 45.15 kWh

Volkswagen E-Lavida 38% 62% 18.6 kWh

4.1.2. Case 2: Impact of Wind Speed on kwh Consumption

In this case, a comparison will be carried out to study the effect of wind speed and
direction on the same vehicle and same road. Three scenarios will be executed to figure
out the effect of wind, the first one involves the vehicle navigating the road under calm
wind conditions, with a wind speed of 0 m/s. Subsequently, the second scenario replicates
the same vehicle and road conditions but introduces a headwind of 10 m/s, opposing the
vehicle’s direction of motion. Finally, the third scenario features a wind speed of 10 m/s
aligned with the vehicle’s direction of travel.

As shown below, the accompanying figure illustrates the vehicle’s driving cycle,
characterized by a constant speed of 25 m/s (approximately 90 km/h) which is maintained
for a duration of 2040 s (34 min), resulting in the coverage of 51 km as shown in Figure 8. It
is important to note that these results are derived under a fixed road inclination of 0 degrees,
a parameter consistent across all scenarios. This graph will be the same in each of the
three following scenarios, so that the only changed variable in Case 2 is the wind speed
and its direction.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 11 of 22 
 

Table 3. SOC% and DOD% of different vehicles used in Scenario 2 at 120 km/h fixed speed. 

Vehicle Type SOC% DOD% Energy Consumption 
Tesla Model S Plaid 76.5% 23.5% 23.5 kWh 

BMW i3 18% 82% 18 kWh 
Nissan e-NV200 0% 100% Did not reach 

Rivian R1T 69% 31% 41.85 kWh 
Volkswagen ID3 50% 50% 22.5 kWh 
GMC Hummer 78.5% 21.5% 45.15 kWh 

Volkswagen E-Lavida 38% 62% 18.6 kWh 

4.1.2. Case 2: Impact of Wind Speed on kwh Consumption 
In this case, a comparison will be carried out to study the effect of wind speed and 

direction on the same vehicle and same road. Three scenarios will be executed to figure 
out the effect of wind, the first one involves the vehicle navigating the road under calm 
wind conditions, with a wind speed of 0 m/s. Subsequently, the second scenario replicates 
the same vehicle and road conditions but introduces a headwind of 10 m/s, opposing the 
vehicle’s direction of motion. Finally, the third scenario features a wind speed of 10 m/s 
aligned with the vehicle’s direction of travel. 

As shown below, the accompanying figure illustrates the vehicle’s driving cycle, 
characterized by a constant speed of 25 m/s (approximately 90 km/h) which is maintained 
for a duration of 2040 s (34 min), resulting in the coverage of 51 km as shown in Figure 8. 
It is important to note that these results are derived under a fixed road inclination of 0 
degrees, a parameter consistent across all scenarios. This graph will be the same in each 
of the three following scenarios, so that the only changed variable in Case 2 is the wind 
speed and its direction.  

 
Figure 8. Driving Cycle used in Case 2. 

As for the first scenario, Figure 9 illustrates that the green line represents the energy 
consumption or state of charge (SOC%) achieved by the vehicle after covering 51 km at a 
constant speed. It reveals that the SOC presently stands at 75%, indicating that 25% of the 
battery’s energy has been depleted. Given that the vehicle model used is the Volkswagen 
ID3 Pure model, equipped with a battery capacity of 45 kWh, this means that the energy 
consumption amounts to approximately 11.25 kWh. 

Also, from the same figure, the blue line pertains to Scenario 2, featuring the same 
vehicle model, fixed speed, and distance covered. However, in this instance, the wind 
speed registers at 10 m/s, opposing the vehicle’s motion. Notably, the state of charge (SOC) 
of the vehicle stands at 65%, signifying a 10% increase in energy consumption compared 
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As for the first scenario, Figure 9 illustrates that the green line represents the energy
consumption or state of charge (SOC%) achieved by the vehicle after covering 51 km at a
constant speed. It reveals that the SOC presently stands at 75%, indicating that 25% of the
battery’s energy has been depleted. Given that the vehicle model used is the Volkswagen
ID3 Pure model, equipped with a battery capacity of 45 kWh, this means that the energy
consumption amounts to approximately 11.25 kWh.
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Also, from the same figure, the blue line pertains to Scenario 2, featuring the same
vehicle model, fixed speed, and distance covered. However, in this instance, the wind
speed registers at 10 m/s, opposing the vehicle’s motion. Notably, the state of charge (SOC)
of the vehicle stands at 65%, signifying a 10% increase in energy consumption compared to
Scenario 1, totaling 15.75 kWh consumed, with 4.5 kWh extra energy consumed only due
to wind speed and direction. This incremental loss underscores the pivotal role of wind
direction, a crucial consideration when selecting the optimum route for electric vehicles.

As for the red line in Figure 9, the positive effect of wind speed on the energy con-
sumption is shown as the SOC when the wind direction aligned with the vehicle motion
reached 82%, which means that the wind reduced the energy consumed by about 7% when
comparing it to Scenario 1. Therefore, the energy consumed in this scenario is 8.1 kwh. A
comparison between Scenarios 2 and 3 reveals that about 7.65 kwh was saved from the
battery, which is about 48.5% from the energy consumed in Scenario 1.

4.1.3. Case 3: Impact of Elevation on kwh Consumption

In this case, a comparative analysis of two routes leading to the same destination with
identical vehicle models is used. This investigation aims to facilitate the selection of the
most optimal and cost-effective route, considering variations in topology and elevation
along different paths. The chosen location for assessment lies along the road to Hurghada,
Egypt, as illustrated in Figure 10. Google Maps suggests a route that offers a 4-min time
advantage over the alternative route, with comprehensive data provided in Table 4. In this
case, the main factor that will cause a very large difference in consumption is the difference
in topologies as shown in Figure 11 [46].

Table 4. Data of two suggested routes by Google Maps.

Route Route 1 Route 2

Distance 102 km 80.2 km

Time 1 h, 4 min 1 h, 8 min

Maximum Inclination 710 m above sea level 86 m above sea level

Average inclination 263.8 m 31.3 m
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Figure 11. Different topologies of routes in Case 3 [46].

From Table 4, it became apparent that the suggested route is less than the other by
4 min. However, a deeper analysis of energy consumption between the two routes reveals
pertinent insights, given that Route 1 has a speed limit of 120 km/h [47], while Route 2
imposes a lower limit of 80 km/h [48]. Moreover, in this evaluation, the influence of wind
is disregarded, as its effect remains consistent across both routes according to the Windy
Mobile app [49]. The accompanying graph depicts the vehicle’s speed profile for Route 1
over time until it reaches its destination, as shown in Figure 12a.
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Figure 12. (a) Route 1 Driving Cycle for ID3 Volkswagen. (b) SOC% for the energy consumed in
Route 1.

Figure 12b provides insight into the state of charge (SOC) upon arrival at the desti-
nation. From the graph, the data shown provide that the energy consumed by the vehicle
is about 48% from the battery as the SOC is 52%. This means that the remaining battery
capacity level following this trip is 23.4 kwh.

For Route 2, Figure 13a shows the velocity vs. time. Although it took more time to
reach the destination, but in terms of energy consumed if Route 2 was chosen the energy
consumed is about 28% of the battery capacity, which can be considered as 12.6 kwh as
shown in Figure 13b.

When comparing both routes, if Route 1 was chosen, then 4 min will be saved from the
traveling time. But if Route 2 was chosen as shown in Figure 10, this will save about 46% of
the energy consumed in Route 1 or it can be described as 10.8 kwh saved from the battery
capacity. Moreover, if the total duration of the journey was calculated for both routes, the
result will show that the time saved can be up to 1 h and a half from the total journey time
if Route 2 was chosen as shown in Table 5.
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Figure 13. (a) Route 2 Driving Cycle for ID3 Volkswagen. (b) SOC% for the energy consumed in
Route 2.

Table 5. Summary of data for two routes with total time for the journey.

Route Route 1 Route 2

Journey Time 1 h, 4 min 1 h, 8 min

Energy Consumed 23.4 kwh 12.6 kwh

Charging Time (7 kw Charger) 3 h, 20 min 1 h, 48 min

Total Time 4 h, 24 min 2 h, 56 min

Also, if the time for charging is calculated using a 40 kW DC charger, this can alter
the charging time to 35 min for Route 1 and 19 min for Route 2. This means that the ratio
between both routes is double the time needed when selecting Route 1 as your first option.

4.2. Real-Life Experment
Case 4: Real-Life Validation for Results

In this case, a validation of the MATLAB Simulink model is carried out in real life
using two different Volkswagen models. The first one is Volkswagen ID3 Pure, while the
second one is Volkswagen E-Lavida to compare between the results taken from the built
model to the real energy consumed in a real trip. The selected journey was from the Arab
Academy of Science and Technology in Smart Village, Egypt until MSA University in 6th of
October City. Google Maps suggested three routes. The main suggested route by Google
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Maps was taken as the real test, as shown in Figure 14, which is the distance and time of
the journey on Google Maps. The total distance covered will be 24.3 km in 30 min.
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Figure 14. Google Maps suggestion for Case 4.

The driving cycle of the selected trip is shown in Figure 15a and the inclination of
the road is represented in Figure 15b. This shows that the starting point elevation is 72 m
above sea level while the ending point elevation is 207 m, and these inclinations can easily
alter the energy consumed by the vehicle on the selected route. Also, the results of the
simulation are carried out for the two vehicle models.

As shown in the results of this simulation in Figure 16a, the SOC% decreased from
100% to 92% approximately, which means that the energy consumed in this journey is
3.55 kWh for the ID3 vehicle while 2.88 kWh for E-Lavida as shown in Figure 16b. Now, it
is time to validate these data and the results in real life. The results and a full comparison
between energy consumption are shown in Table 6. From the data plotted, a deduction can
be made wherein for the ID3 there is a difference in the energy consumed by the model
and in real life about 1.4%, which is somehow a reasonable value. As for the E-Lavida, the
difference is approximately about 4.1%.

In Figure 17a,b, the energy consumed for the Volkswagen E-Lavida is shown as
follows: In (a), the percentage was at 100% before the journey began, then at (b), the
percentage dropped to 90% which means that energy consumed is about 3 kwh as shown
in Table 6. While Figure 18a,b shows the percentage difference between the start and the
end of the journey for the Volkswagen ID3 and how the battery dropped from 100% to
92%. Also, in Figure 18c, it is shown that the distance covered and time are the same as
in the simulation and the same as Google Maps suggested, knowing that this trip started
at 4:08 p.m. on 30 April 2024. Furthermore, the figure shows the energy consumption
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as 14.8 kWh/100 km, which means that the energy consumed throughout this journey is
3.6 kWh as mentioned earlier.
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Table 6. Comparison between real and simulated results.

Real Results Simulated Results

Vehicle Type SOC%
Real Life

DOD%
Real Life

Energy Consumption
Real Life

SOC%
MATLAB

DOD%
MATLAB

Energy Consumption
MATLAB

Volkswagen ID3 92% 8% 3.6 kWh 92.1% 7.9% 3.55 kWh

Volkswagen
E-Lavida 90% 10% 3 kWh 90.4% 9.6% 2.88 kWh
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to 92% at the end of the journey. (c) Some real data from the vehicle.

5. Discussion

As discussed, numerous factors identified in the results can impact the range of
motion for electric vehicles and may deplete the battery capacity. Some of these factors
are overlooked by conventional geographical positioning systems (GPSs), which prioritize
routes based solely on time or distance, disregarding energy considerations. Each case
presented in the Section 4 features a graph depicting the state of charge (SOC%).

In Case 1, research findings and resultant data demonstrate that variables such as
aerodynamics, drag coefficient, frontal area, and vehicle velocity can exert a significant
influence on total energy consumption. Disparities exceeding 60% between two vehicles
were observed.

Moving to Case 2, the outcomes revealed that wind speed and direction could conserve
approximately 49% of the battery’s capacity during a short journey spanning approximately
50 km. Considering a longer distance, the risk of depleting the entire battery capacity
escalates, emphasizing the crucial role of wind speed; therefore, at this situation wind
speed can rescue the situation if it was in the same direction of motion.

Regarding the third case, findings indicate that road topology can substantially impact
range prediction and energy consumption. Opting for a road with fewer inclines can result
in savings of about 46% compared to the aforementioned scenario. Additionally, in windy
locations, energy consumption may experience exponential growth.

Lastly, the final case involved the validation of the MATLAB Simulink model, ensuring
its alignment with real-life experiences with minimal tolerance. Knowing that the first two
cases were at 0 degrees of road inclination, while in the other two cases, inclination and
road topologies were taken into consideration in the calculation.

All the listed and studied data discussed above can be easily incorporated in a com-
mercial mobile application that includes predefined data about all EV models, with a
large database about each vehicle from the frontal area to the weight and drag coefficient.
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All the data needed from the user in this mobile application pertains to the used vehicle
model and the number of passengers inside the vehicle, as this will affect the total weight
which simultaneously affects the energy consumption. Finally, the starting point and the
destination reached need to be defined. The output will be the best or more economical
and energy efficient route. Also, the approximate calculation of data for energy consumed
for the specified destination considers the speed limits of the routes.

6. Conclusions

In conclusion, the primary objective of this paper was to develop a comprehensive
mathematical model for power and energy consumption in electric vehicles (EVs), alongside
creating a dependable algorithm using the MATLAB Simulink model to ascertain the state
of charge (SOC%) of the battery for any vehicle. Additionally, the aim was to conduct
comparisons between different routes to determine the most economical or optimal path
for EVs with minimum energy consumption. These models incorporate various factors,
including those intrinsic to the vehicle model such as aerodynamics and drag coefficient, as
well as external variables like wind speed and direction, and road inclination. In addition
to simulation, real-world experiments were conducted, and validated the accuracy of
data derived from the model. All these factors will help in saving money if taken into
consideration and the lifetime of the wheels and battery will increase when choosing the
optimum route for the EV.
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