
Citation: Orbe, D.; Salazar, L.;

Vásquez, P.; Chamorro, W.; Medina, J.

Influence of Optimal Charging Station

Integration on Electric Power

Distribution Grid: Case of Electric

Bus-Based Transport System. Eng.

Proc. 2024, 77, 22. https://doi.org/

10.3390/engproc2024077022

Academic Editor: Jaime Cepeda

Published: 18 November 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Proceeding Paper

Influence of Optimal Charging Station Integration on Electric
Power Distribution Grid: Case of Electric Bus-Based
Transport System †

Daniel Orbe * , Luis Salazar , Paúl Vásquez, William Chamorro and Jorge Medina

Escuela Politécnica Nacional, Quito 170525, Ecuador; luis.salazar@epn.edu.ec (L.S.); paul.vasquez@epn.edu.ec (P.V.);
william.chamorro@epn.edu.ec (W.C.); jorge.medinaj@epn.edu.ec (J.M.)
* Correspondence: daniel.orbej@epn.edu.ec
† Presented at the XXXII Conference on Electrical and Electronic Engineering, Quito, Ecuador, 12–15

November 2024.

Abstract: Electric mobility is one of the main pillars of the global energy transition towards a more
sustainable and environmentally responsible model. Greenhouse gas emissions could be drastically
reduced with electric mobility massification. Public transport systems represent the first step of this
massification due to government policies, but these electromobility projects should optimize their
resources to be cost-effective. Furthermore, the implementation of charging stations could cause
negative impacts on electrical distribution networks, which should be evaluated beforehand for the
adequate planning of power grids. A methodology was developed and implemented herein for the
technical and economic evaluation of electric bus-based transport systems.

Keywords: electric mobility; electric power distribution; electric public transportation; optimization

1. Introduction

The incorporation of electric buses (EBs) into the public transportation system is a
valuable asset in the energy transition process, as they reduce environmental pollution with
low noise levels and zero CO2 emissions [1]. Due to the advantages of electric mobility,
the incorporation of EBs is growing worldwide. According to Bloomberg New Energy
Finance’s Electric Vehicle Outlook, it is projected that by 2025, the number of EBs worldwide
will reach 1.2 million, which would imply that 47% of buses will be electric [2]. In 2024,
Ecuador approved the “Energy Competitiveness Law”, which established that by 2030, all
vehicles incorporated into the country’s public transportation system must be zero-emission
or electric [3].

EB-based transport systems have some limitations, for example their limited driving
range and extended charging time, much longer than a fuel-powered bus. Therefore, it
is essential to implement charging strategies for EBs to maintain their daily operations
properly in accordance with planning schedules. The choice of these strategies will influ-
ence not only the number of buses available to be deployed on a transit route but also
the energy consumption level and battery life expectancy. As studied in [1], to implement
charging strategies for EBs, it is necessary to accurately know the energy consumption of
each transport unit along the operational route. This depends not only on the mechanical
and electrical characteristics of each unit but also on the topographical features of the route
and traffic conditions [2]. The conventional charging strategy consists of recharging the
battery when it is almost depleted until it is fully charged. However, based on [2], it has
been shown that bringing the vehicle battery to its minimum charge level significantly
reduces its lifespan. Therefore, to mitigate this depreciation, it is advisable to maintain
battery operation at an adequate charge level (ACL). However, this condition would require
increasing the size of the bus fleet. Considering battery characteristics, an intelligent option
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is to maximize downtime during off-peak hours to recharge EBs. This will increase their
driving range, reduce energy consumption, and avoid the early need to expand the fleet
size due to charging demands, maintaining the ACL at a reasonable level and prolonging
battery life. The duration and number of downtimes for each bus during daily operations
directly depend on the trips it must make, which are organized by schedules [2].

So far, several investigations emphasize planning the charging strategy from a battery,
vehicle, and route perspective. Besides the charger deployment, how to schedule the bus
fleet in an efficient way is also a critical issue for the BEB system. It is demonstrated that
the reasonable scheduling of the bus fleet has great potential to reduce the fleet size and
corresponding investment costs [4]. Simulation optimization approaches have been used
to evaluate energy consumption and determine optimal charging station placement [5].
Bi-level optimization models have been developed to design efficient transit routes and
locate charging infrastructure simultaneously [6]. Operational challenges, such as limited
range and long charging times, can be addressed through optimization models that assign
buses to routes, allocate parking spaces, and optimize charging schedules [7]. Several
techniques such as genetic algorithms have been employed to solve this combinatorial
optimization problem, considering factors like battery autonomy, charging opportunities,
user demand, and vehicle capacity to determine optimal timetables and fleet composi-
tion [8]. These previous studies demonstrate the potential of optimization techniques to
overcome the limitations of electric buses and support the design of sustainable public
transportation systems.

Likewise, it is necessary to analyze the impact of incorporating charging stations
for EBs into the electric power distribution grid (EPDG) [9]. Charging stations connect
to the EPDG, and due to their consumption characteristics, they can generate negative
impacts on the grid, such as transformer overloading, distribution line overloading, in-
creased power and energy losses, voltage disturbances, and power quality issues [10].
Therefore, a key challenge in station planning is to find an optimal sizing for new charging
stations that meets transportation demand and is cost-effective from an electrical grid
perspective. Considering both perspectives will not only reduce total costs from a systems
perspective, thus increasing social welfare, but will also accelerate the incorporation of
EBs into transportation companies [11]. Over the years, efforts toward the construction
and management of electrified transit systems have been made by both the industrial and
academic communities [12].

This article focuses primarily on analyzing the impact of incorporating charging
stations for electric buses into the EPDG. The analysis will be conducted for the route
studied in [3], starting with a description of the case study, and then studying EB energy
consumption and incorporating battery charging restrictions. The optimization problem
will be described, as it is necessary to find an optimal sizing for the charging stations. The
second part of this work is focused on vehicle charging stations’ impact on the EPDG.
It begins with a demand analysis, incorporating energy consumption characteristics of
BEBs into a database modeled in specialized software for electrical studies in distribution
power systems such as CYME 9.3. Once the charging station demand is incorporated
into the feeder that provides electricity in the operational area of the case study route,
quasi-steady-state simulations will be performed to evaluate distribution grid performance.
Finally, the results obtained will be presented and analyzed, followed by the conclusions
drawn from this work.

2. Study Case Description
2.1. Public Transportation Route Model

For this study, the “Marín–Ciudadela Tarqui” route was used, which is currently a
public transportation route in Quito–Ecuador. This route covers a total distance of 10.67 km.
The selection of this route was due to the significant elevation changes along its path and
the traffic levels it experiences. It is considered that the altitude difference is a determining
parameter for electric vehicle consumption in Quito. Topographic information was obtained
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from the United States Geological Survey (USGS), which provides the necessary SRTM files
to determine the elevation of any point on Earth with 30 m resolution [3].

2.2. Electric Bus Parameters

Technical specifications of electric buses used in this study were obtained from man-
ufacturer catalogs and are summarized in Table 1. The selected bus manufacturer has
units operating in several cities across Latin America, including Ecuador, and according
to the e-bus radar platform [13], their vehicles account for 45% of the buses operating in
the region.

Table 1. Technical specifications of electric urban transport buses.

Parameter Value

Brand BYD
Model C9

Engine Power 360 kW
Battery Capacity 438 kWh

Autonomy 300 km
Height 3.55 m
Length 12.9
Width 2.55
Weight 18,000 kg

Capacity 53 p

Hence, an optimization model was developed to determine the optimal strategy for the
electric bus charging system, aiming to minimize annual operational costs while ensuring
the proper operation of the BEB transportation system. The most critical considerations for
the optimization problem are detailed in Section 4, including the objective function and
problem constraints.

3. Energy Consumption for Electric Buses

Electric bus battery (EBB) performance depends on environmental variables such
as temperature and humidity, construction factors like manufacturing tolerances, and
other variables that are more difficult to determine precisely, such as the battery’s age and
previous usage patterns. The route model presented in Section 2.1 was implemented using
SUMO 1.21.0 (Simulation of Urban Mobility) software. It is one of the most efficient and
frequently adopted microscopic traffic simulation tools. An energy estimation model was
implemented based on vehicle and road characteristics [14]. BEBs were also modeled based
on the parameters shown in Table 1, considering traffic demand.

For this study, five operational scenarios were analyzed to evaluate battery consump-
tion. Two scenarios assessed the battery state of charge (SOC) for the “Marín–Ciudadela
Tarqui” route, considering the topographic profile presented in Figure 1. The remaining
three scenarios incorporated levels of service (LOSs) related to vehicular traffic, considering
three levels of service: light, moderate, and heavy. Each scenarios was also associated with
an occupancy level ranging from 20% to 100% of the total passenger capacity [3]. Based
on the conclusions reached in [3], battery charge has a moderate dependency on traffic
levels, but its consumption behavior significantly changes when considering the elevation
profile. This is evident in Figure 1a, which shows the evolution of the SOC along the route
at 100% occupancy, considering both flat and hilly routes. In the present study, the battery
consumption model considered a hilly route with elevation changes, medium traffic levels,
and 100% occupancy, to provide an energy performance very close to the real operating
conditions performance. With these considerations, the battery consumption is shown in
Figure 1b.
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Figure 1. BEB SOC considering (a) elevation and (b) elevation and traffic level [3].

4. Optimization Problem

The case case entails a transport system, which is composed of a departure terminal
(the starting point) and a main terminal (the terminal point). The departure station has a
plug-in charging infrastructure and a bus depot. A service loop is considered to be the path
from where the BEB departs from the starting point and operates along the route until it
returns to the starting point. The BEB one-line transport system considered in this study is
illustrated in Figure 2. This section aims to determine the optimal scheduling of the BEB
charging system, minimizing the total costs while ensuring the normal operation of the
system [15]. Therefore, some assumptions were considered to achieve the optimization
problem formulation:

• Each bus has a predetermined schedule that specifies the arrival and departure fre-
quencies to terminals.

• In every loop, the charging times are the same for all buses in the route.
• All loops have the same length, duration, and energy consumption, and all buses were

produced by the same manufacturer and have the same driving range.
• There is only one charging station in the transportation system located at the start-

ing point.
• All chargers are identical, and each charger is equipped with only one outlet.
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4.1. Problem Formulation

Considering the assumptions declared above, the objective function is structured
as follows:

min C = ∑
b∈B

∑
i∈S

cmdibD + ∑
i∈S

∑
n∈N

(ce pcun)DXn
i + ∑

n∈N
12 pccd + ∑

n∈N
αc f 1 + ∑

n∈N

(
αc f 2 + Dcm2

)
(1)

where cm is unit cost of maintenance ($/km), dib is each loop driving distance (km), ce is the
electric energy cost ($/kWh), cd is the electric demand cost ($/kW), pc is the charger power
(kW), un is the charging duration (h), D is the number of operating days in a year, xn

i is a
binary variable which represents whether each bus recharges its battery in trip i at charging
station n, α is the annualized factor, c f 1 is the fixed cost per BEB (purchase investment, $),
c f 2 is the charging station fixed cost (construction investment, $), and cm2 is the charging
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station maintenance costs. N indexed n is the set of chargers in charging station, and S is
the set of scheduled loops [16]. B indexed b is the set of BEBs operating on the route.

The constraints associated with the study problem are shown below [16]:

∑
n∈N

xn
i ≤ 1 ∀ i ∈ S (2)

Ei + ∑
n∈N

(Tcun) xn
i ≤ Emax ∀ i ∈ S (3)

Ej = Ei + ∑
n∈N

(Tcun) xn
i ∀ i ∈ S (4)

Ei ≥ Emin ∀ i ∈ S (5)

Emin = 0.2 Ecap, Emax = 0.8 Ecap ∀ i ∈ S (6)

xn
i = {0, 1}, ∀ i ∈ S, ∀ n ∈ N (7)

where Ei is the remaining energy at the end of trip i (kW), Tc is the recharging rate, Emax
is the electric bus battery maximum useful charging capacity (kW), Emin is the electric
bus battery minimum useful charging capacity (kW), Ej is the remaining energy at the
beginning of the trip j (kW), and Ecap is the electric bus maximum battery capacity declared
by the manufacturer. The constraint in Equation (2) prevents two buses from charging
on the same charger at the same time. The constraint in Equation (3) does not allow
the maximum percentage of battery charge to be exceeded during charge cycles. The
constraint in Equation (4) refers to energy conservation. The constraint in Equation (5)
ensures that energy is not consumed beyond the minimum battery capacity. Constraint
(6) establishes the minimum and maximum recommended SOC values. Constraint (7) is a
binary requirement.

4.2. Route Optimization Results

The problem formulated above corresponds to a combinatorial optimization problem,
where the decision variables are discrete (pc and N). In the optimization method choice
process, rhw objective function evaluation computational cost was analyzed. Since the as-
sumptions considered simplify the problem substantially, it is possible to perform multiple
evaluations of objective function in a relatively short time with low computational cost,
which makes the optimization problem quite tractable. The problem was solved using a
combinatorial search algorithm under different scenarios of BEB prevalence. For example,
a 20% prevalence rate will mean that 20% of the route units are electric. Considering
incentives and regulations issued by the Ecuadorian government, an exponential growth
of electric bus prevalence in public transportation is expected. Under a “Maximum effort
towards energy transition” (MEET) scenario, 85% of the bus fleet being electric would be
reached by the year 2050 by considering the aggressive growth in the number of electric
buses, while under a “Conservative effort towards energy transition” (CEET) scenario, the
electric bus number would reach 34% in 2040. Conversely, in a “Business as Usual” (BAU)
scenario, electric bus prevalence is negligible [17].

Route frequencies are adapted to different levels of BEB prevalence. Figure 3a,b show
the distance covered as a function of time in each loop completed by BEBs under 10% and
50% prevalence scenarios, respectively.
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One of the most important results of the optimization problem is the operational pro-
gramming of charging time intervals in accordance with technical and logistical constraints.
The BEB public transport system operation time per day is divided into Y periods, and
travel and charging periods are interleaved equally between all transport units. The charg-
ing models used in this work to calculate the battery SOC were obtained experimentally by
the Ecuadorian National Energy Regulatory Agency ARCERNNR, based on measurements
at various charging station models. Figure 4 shows the charging models obtained.
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Figure 4. Electric vehicle charging models.

Optimal results were obtained for the scenarios shown in Table 2, considering
80 kW chargers.

Table 2. Optimal solutions summary.

Scenario (Prevalence) Projected Year Charging Stations Minimum Total
Costs (USD)

20% 2030 1 1 85,464.55
50% 2037 1 1 204,626.64

100% 2055 1 2 413,614.68
1 Foresight scenarios based on [17].

Figure 5 shows the battery SOC of each electric bus on the route in the highest preva-
lence scenario. It denotes the constraints fulfillment considering that batteries can only
safely operate without a detrimental impact on their health and longevity at between a 20
and 80% SOC level [18].
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5. Demand Analysis

A feeder labeled as 5D in “Chilibulo´s” substation is where the charging station would
be connected, and it belongs to the “Empresa Eléctrica Quito” electric utility company.
This feeder is located in southern Quito–Ecuador, and it is characterized by predominantly
residential customers. It supplies power to 268 distribution transformers at a 22.8 kV
voltage level. To further analyze the impact of implementing the charging stations on the
case study feeder, it is necessary to estimate the customer and charging station demand
curves. The customer demand curves correspond to typical curves obtained from stratified
customer cluster analyses [19]. This methodology allows for the obtaining of typical
customer power demand curves, which adapt to the monthly consumption of any feeder
customer. Using estimated daily power load profiles, quasi-dynamic load flows can be
carried out on the feeder.

Electric Chargers Demand Profile

Based on optimal charging scenarios obtained in the previous section, the charger
demand curves corresponding to each prevalence level are established and included in
the 5D feeder power flow analysis. Figure 6a shows the daily power demand curve of
the charging station corresponding to the 20% prevalence level. The charging time and
intervals allow the electric bus fleet to adequately maintain its charge level and minimize
transport system operating costs. Figure 6b shows the daily power demand curve for the
50% prevalence level, which represents the maximum level at which a single charging
station can supply all the system. Note that hourly tariffs have not been considered in the
energy cost calculation, which means that low-demand nighttime hours are not prioritized
for charging.
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Figure 7 displays the daily power demand curve in a 60% prevalence scenario where
one single charging station does not meet the BEB system’s charging needs, even if it
operates 24 h a day. This prevalence scenario requires the installation of a second charging
station. Finally, the daily power demand profile for two charging stations required in a
100% prevalence scenario is shown in Figure 8.
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6. Impact Evaluation

The CYME software was used to analyze the impact of installing charging stations on
the studied feeder during this work. In Ecuador, the CYME software is widely used among
electric utility companies to perform several studies in primary distribution networks,
as in the present work. Figure 9 shows the current power demand daily profiles of the
feeder under study. The three curves displayed represent the power demand for the
respective phases of the feeder. Demand data at 15 min intervals are considered for the
power flow analysis.
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Figure 9. Current 5D Chilibulo’s feeder daily power demand curves.

Electric utilities are now facing the challenge of managing new energy uses, such
as electromobility and distributed renewable sources of energy interconnected with the
EPDG. Both cases should be analyzed using power demand and energy production curves,
allowing for the conducting of quasi-dynamic power flows. The CYME software can
perform time-series simulations to study the impact of load variations and intermittency
of renewable sources, preparing the EPDG for future higher prevalence levels. Figure 10
shows the feeder power demand daily curves for a 100% electric bus prevalence level. A
6% increase in the maximum demand can be noted, considering that the charging times
coincide with the system’s peak hours. This results in a significant increase in power
losses of 8% during peak hours. The increase in demand is consistent across all phases,
attributable to the installation of three-phase charging stations.
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7. Conclusions 
The operation of a BEB transport system requires the optimal management of finan-

cial and energy resources, considering technical and operational constraints. In the pre-
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ciency and BEB autonomy could be improved through opportunity charging implemen-
tation, where pantograph or induction are typically used. 

The impact degree of charging stations on the power distribution grid is highly de-
pendent on the BEB prevalence level; high prevalence levels will cause high occupancy 
rates in charging stations; therefore, the coincident peak demand of the system may be 
significantly increased, producing possible negative effects on grid such as feeder over-
loading, voltage drops, and an increase in power losses. 
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7. Conclusions

The operation of a BEB transport system requires the optimal management of financial
and energy resources, considering technical and operational constraints. In the present
work, a methodology for solving the optimization problem was successfully proposed and
implemented, with a focus on a small case study. However, modern transportation systems
include multiple routes, with variable frequencies adapted to passenger demand. Although
these issues increase the complexity of the optimization problem (increased extension with
multiple solutions), the problem formulation does not change significantly.

The results indicate that BEB purchase costs, energy consumption, and demand
charges have the most significant impacts on total system annualized costs (approx. 65%).

Although the investment and maintenance costs of charging stations are not significant
in contrast to total system annualized costs, in more demanding routes, system efficiency
and BEB autonomy could be improved through opportunity charging implementation,
where pantograph or induction are typically used.

The impact degree of charging stations on the power distribution grid is highly depen-
dent on the BEB prevalence level; high prevalence levels will cause high occupancy rates in
charging stations; therefore, the coincident peak demand of the system may be significantly
increased, producing possible negative effects on grid such as feeder overloading, voltage
drops, and an increase in power losses.

Author Contributions: Conceptualization, D.O. and P.V.; methodology, D.O. and L.S.; software, D.O.,
L.S. and W.C.; validation, L.S., W.C., and J.M.; formal analysis, P.V., D.O. and L.S.; investigation,
D.O. and L.S.; data curation, J.M. and W.C.; writing—original draft preparation, D.O. and L.S.;
writing—review and editing, P.V., J.M. and W.C.; project administration, P.V. All authors have read
and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data will be available on request.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Skuza, A.; Jurecki, R.S. Analysis of Factors Affecting the Energy Consumption of an EV Vehicle—A Literature Study. IOP Conf.

Ser. Mater. Sci. Eng. 2022, 1247, 012001. [CrossRef]
2. Bie, Y.; Ji, J.; Wang, X.; Qu, X. Optimization of Electric Bus Scheduling Considering Stochastic Volatilities in Trip Travel Time and

Energy Consumption. Comput.-Aided Civ. Infrastruct. Eng. 2021, 36, 1530–1548. [CrossRef]
3. Orbe, D.; Salazar, L.; Vásquez, P. Estimación y Análisis de Sensibilidad del Consumo Energético de Buses Eléctricos mediante

Simulaciones Microscópicas en líneas de Transporte Público. Rev. Téc. Energ. 2024, 21, 105–113. [CrossRef]
4. Ibarra-Rojas, O.J.; Delgado, F.; Giesen, R.; Muñoz, J.C. Planning, Operation, and Control of Bus Transport Systems: A Literature

Review. Transp. Res. Part B Methodol. 2015, 77, 38–75. [CrossRef]

https://doi.org/10.1088/1757-899X/1247/1/012001
https://doi.org/10.1111/mice.12684
https://doi.org/10.37116/revistaenergia.v21.n1.2024.633
https://doi.org/10.1016/j.trb.2015.03.002


Eng. Proc. 2024, 77, 22 10 of 10

5. Sebastiani, M.T.; Lüders, R.; Fonseca, K.V.O. Evaluating Electric Bus Operation for a Real-World BRT Public Transportation Using
Simulation Optimization. IEEE Trans. Intell. Transp. Syst. 2016, 17, 2777–2786. [CrossRef]

6. Iliopoulou, C.; Tassopoulos, I.; Kepaptsoglou, K.; Beligiannis, G. Electric Transit Route Network Design Problem: Model and
Application. Transp. Res. Rec. 2019, 2673, 264–274. [CrossRef]

7. Messaoudi, B.; Oulamara, A. Electric Bus Scheduling and Optimal Charging. In Proceedings of the Computational Logistics;
Paternina-Arboleda, C., Voß, S., Eds.; Springer International Publishing: Cham, Switzerland, 2019; pp. 233–247.

8. Peña, D.; Dorronsoro, B.; Tchernykh, A.; Ruiz, P. Public Transport Timetable and Charge Optimization Using Multiple Electric
Buses Types. In Proceedings of the Genetic and Evolutionary Computation Conference Companion, Boston, MA, USA, 9–13 July
2022; Association for Computing Machinery: New York, NY, USA, 2022; pp. 751–754.

9. Unterluggauer, T.; Rich, J.; Andersen, P.B.; Hashemi, S. Electric Vehicle Charging Infrastructure Planning for Integrated Trans-
portation and Power Distribution Networks: A Review. eTransportation 2022, 12, 100163. [CrossRef]

10. Alamatsaz, K.; Hussain, S.; Lai, C.; Eicker, U. Electric Bus Scheduling and Timetabling, Fast Charging Infrastructure Planning,
and Their Impact on the Grid: A Review. Energies 2022, 15, 7919. [CrossRef]

11. Liu, K.; Yamamoto, T.; Morikawa, T. Impact of Road Gradient on Energy Consumption of Electric Vehicles. Transp. Res. Part
Transp. Environ. 2017, 54, 74–81. [CrossRef]

12. Li, X.; Castellanos, S.; Maassen, A. Emerging Trends and Innovations for Electric Bus Adoption—A Comparative Case Study of
Contracting and Financing of 22 Cities in the Americas, Asia-Pacific, and Europe. Res. Transp. Econ. 2018, 69, 470–481. [CrossRef]

13. E-BUS RADAR. Available online: https://ebusradar.org/es/ (accessed on 27 August 2024).
14. Validi, A.; Morales-Alvarez, W.; Olaverri-Monreal, C. Analysis of the Battery Energy Estimation Model in SUMO Compared with

Actual Analysis of Battery Energy Consumption. In Proceedings of the 2021 16th Iberian Conference on Information Systems and
Technologies (CISTI), Chaves, Portugal, 23–26 June 2021; pp. 1–6.

15. He, Y.; Liu, Z.; Song, Z. Optimal Charging Scheduling and Management for a Fast-Charging Battery Electric Bus System. Transp.
Res. Part E Logist. Transp. Rev. 2020, 142, 102056. [CrossRef]

16. Wang, Y.; Huang, Y.; Xu, J.; Barclay, N. Optimal Recharging Scheduling for Urban Electric Buses: A Case Study in Davis. Transp.
Res. Part E Logist. Transp. Rev. 2017, 100, 115–132. [CrossRef]

17. Estudio de Análisis y Prospectiva de La Electro-Movilidad En Ecuador y El Mix Energético al 2030, Instituto de Investigación
Geológico y Energético, Ministerio de Energía y Minas. Available online: https://www.geoenergia.gob.ec/wp-content/uploads/
downloads/2023/08/Estudio-de-analisis-y-prospectiva-de-la-electromovilidad-en-Ecuador-y-el-mix-energetico-al-2030.pdf (ac-
cessed on 3 August 2023).

18. Juan, A.; Marugan, C.; Ahsini, Y.; Fornes, R.; Panadero, J.; Martin, X. Using Reinforcement Learning to Solve a Dynamic
Orienteering Problem with Random Rewards Affected by the Battery Status. Batteries 2023, 9, 416. [CrossRef]

19. Orbe Játiva, D.; Salazar Yépez, G.; Vásquez Miranda, P. Estimación de Curvas Diarias de Demanda Eléctrica En Transformadores
de Distribución Mediante Redes Neuronales Artificiales. In Proceedings of the 2022 IEEE Biennial Congress of Argentina
(ARGENCON), San Juan, Argentina, 7–9 September 2022; pp. 1–5.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1109/TITS.2016.2525800
https://doi.org/10.1177/0361198119838513
https://doi.org/10.1016/j.etran.2022.100163
https://doi.org/10.3390/en15217919
https://doi.org/10.1016/j.trd.2017.05.005
https://doi.org/10.1016/j.retrec.2018.06.016
https://ebusradar.org/es/
https://doi.org/10.1016/j.tre.2020.102056
https://doi.org/10.1016/j.tre.2017.01.001
https://www.geoenergia.gob.ec/wp-content/uploads/downloads/2023/08/Estudio-de-analisis-y-prospectiva-de-la-electromovilidad-en-Ecuador-y-el-mix-energetico-al-2030.pdf
https://www.geoenergia.gob.ec/wp-content/uploads/downloads/2023/08/Estudio-de-analisis-y-prospectiva-de-la-electromovilidad-en-Ecuador-y-el-mix-energetico-al-2030.pdf
https://doi.org/10.3390/batteries9080416

	Introduction 
	Study Case Description 
	Public Transportation Route Model 
	Electric Bus Parameters 

	Energy Consumption for Electric Buses 
	Optimization Problem 
	Problem Formulation 
	Route Optimization Results 

	Demand Analysis 
	Impact Evaluation 
	Conclusions 
	References

