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Abstract. In 2016, the Dutch government, in pursuit of the UN’s sustainable development
goals, set a target that all its diesel transit bus networks should be fully electrified between
2025 and 2030. A research team from Rotterdam School of Management has since worked in
close collaboration with Rotterdamse Elektrische Tram, the public transport operator in the
city of Rotterdam, to accomplish this complex transition. This paper presents essential lessons
learned and key practical implications derived from the project. As part of the transition pro-
cess, we developed a discrete-event simulation model that can simulate the network using
different settings and under uncertainty. We also formulated a mixed-integer linear program-
ming problem to optimize the charging schedule. To mitigate the critical impact of uncertain-
ty regarding traffic delays and energy consumption on the electrified transit bus network op-
eration, we developed a real-time decision support system that adjusts and reoptimizes the
charging schedule during the day according to the realizations of this uncertainty. We use
this system to achieve better coordination between the charging schedule of the electric buses
and electricity generation from renewable energy sources with the latter involving high levels
of uncertainty. Our study shows the benefits of real-time optimization comparedwith off-line
planning and other greedy strategies. We also show that even highly conservative off-line
planning might not be sufficient to maintain reliability levels under extreme operational un-
certainty conditions. Additionally, our results and insights have substantially contributed to
the success of the first phase of the project, which involved electrifying seven essential bus
lines in the city, in realizing a robust and reliable operational plan. Finally, our study shows
the potential substantial positive impact of installing renewable energy generators and coordi-
nating the electric buses’ charging schedule with their output power profile. Based on our rec-
ommendations, RET developed a real-time monitoring system and is working on incorporat-
ing our charging schedule optimizer into its planning process.
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Introduction
In March 2010, the European Commission (2010) pro-
posed Europe 2020, a 10-year strategy with an overall ob-
jective of attaining smart, sustainable, and inclusive
growth. The strategy’s two main objectives were reduc-
ing greenhouse gas emissions by 20% compared with

1990 levels and increasing the share of energy generated
from renewables by 20%. In 2015, the Paris Agreement
was signed by a global alliance, including nearly every
country worldwide and the European Union, to reaffirm
the importance of these objectives, which are aimed at
mitigating the effects of climate change.
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To meet these goals, governments have developed
and implemented new regulations and laws to force or-
ganizations across various economic sectors to adapt
their systems and operations to achieve these sustainabil-
ity objectives. Organizations are increasingly being man-
dated to limit their greenhouse gas emissions and to
draw a larger share of their energy needs from renew-
able sources. This has led to challenges for organizations
in energy-dependent economic sectors. Public transpor-
tation is one of the most critical among these sectors be-
cause it emits harmful gases and consumes huge
amounts of energy on a daily basis (Kammen and Sunter
2016). Although many other means of public transporta-
tion have already been electrified, transit bus networks
(TBNs) still rely on diesel or other fossil fuels. In addi-
tion, TBN operations and the associated emissions are
frequently centered in densely populated downtown
areas, further exacerbating this problem. Thus, electrify-
ing TBNs and replacing conventional diesel buses (DBs)
with electric buses (EBs) have become an urgent building
block for sustainable urban transport.

In 2016, the Netherlands set a target to have all the
TBNs in the country fully electrified between 2025
and 2030. Thus, public transport operators had ap-
proximately 9 to 14 years to make all the changes nec-
essary to meet this goal. Although this may sound like
a long time, large public transport operators in major cit-
ies in the Netherlands faced an enormous challenge be-
cause of the complexity of the problem. This work
presents the results, insights, and lessons learned from a
collaboration between a research team from Rotterdam
School of Management (RSM) and Rotterdamse Elektri-
sche Tram (RET), the public transport operator in the
city of Rotterdam. RET is responsible for operating all
public transportation in this city of around one million
inhabitants. The city has an extensive TBN that includes
61 lines to serve passengers in Rotterdam, its suburbs,
and some neighboring towns. The RSM team has been
working closely with RET since early 2017 to carry out
all the necessary strategic, tactical, and operational plan-
ning needed to achieve a successful and efficient transi-
tion from a DB to an EB transit bus network.

The main practical result from this collaboration
was the development of a real-time decision support
system to enhance the decision-making process under
uncertainty. We developed an efficient optimization
formulation based on event-based discretization that
can quickly reoptimize and update the charging
schedule during the day given the real-time opera-
tional conditions of the network. Finally, we devel-
oped a simulation tool to evaluate the performance of
our proposed models and test the network perfor-
mance under any scenario and subject to uncertainty.

Our results show that optimizing the charging
schedule can keep the network’s reliability within the
desired levels while significantly reducing the number

of charging events by more than 60% compared with
alternative charging strategies. We show that even
conservative off-line planning is insufficient to guaran-
tee the network’s reliability under highly uncertain oper-
ational conditions. Hence, online adjustment of the
charging schedule during the day is needed. Moreover,
we show that using renewable energy generators in our
case study can reduce the impact of electrifying the tran-
sit bus network on the grid by, on average, 71.4% in
summer and 28.4% in winter. Furthermore, using real-
time decision support with updated renewable energy
generation predictions can increase the renewable energy
utilization by 2%. Wibout van Ede, head of business op-
erations at RET. says, “The group from RSM has worked
closely together with RET to support our decision mak-
ing from the early preparation till the implementation of
the electric bus fleet” (van Ede 2020).

In the next section, we briefly discuss research that
focuses on electrifying transit bus networks. We then
present details of the project, discuss the problem, and
demonstrate the models and simulation tools that we
developed. Next, we describe the phases of the TBN
electrification project and present our results. In the
last section, we highlight the main academic and prac-
tical implications and lessons learned from the project.

Related Work
The problem of electrifying TBNs spans multiple deci-
sion levels and encompasses various subproblems. Sev-
eral studies examine the strategic decision of choosing
the charging method by investigating different modes of
charging, such as opportunity and overnight charging,
battery swapping (Li 2016, Mohamed et al. 2017), and
wireless inductive charging (Chen et al. 2018), to show
their advantages and disadvantages. Other studies focus
on the problem of optimizing the allocation of opportu-
nity chargers in the networks (Kunith et al. 2017, Xylia
et al. 2017). Finally, several papers address the tactical
problem of planning the trip and vehicle assignment
schedule in electric fleet transportation networks (Paul
and Yamada 2014) and the operational problem of devel-
oping the charging policy and schedule (Ke et al. 2016,
Qin et al. 2016, Pelletier et al. 2018, Abdelwahed et al.
2020b). In this work, we contribute to the literature by in-
vestigating how to optimize the charging schedule of the
electric bus networks and coordinating it with renewable
energy generation profiles. Additionally, to our best
knowledge, we are the first to study the impact of uncer-
tainty in traffic delays and energy consumption on the
reliability of the network and how to mitigate that im-
pact via online optimization.

The Project of Electrifying Rotterdam’s
Transit Bus Network
The cooperation between RSM and RET started in ear-
ly 2017. At the time, the primary concern was that EBs
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have a limited driving range and need to have their
batteries recharged frequently between trips. By re-
placing DBs with EBs, RET would have to redesign
several planning processes. Crucial decisions had to be
made at various decision levels. At the strategic level,
RET needed to determine the type of chargers, the
number that would be required, and their locations.
Additionally, the fleet size needed to be readjusted.
Moreover, if the TBN was to be fully or partially pow-
ered by renewable energy, the type and the capacity of
the renewable energy generators (REGs) would need
to be determined. At the tactical level, the trip and bus
assignment schedules would have to be replanned to
guarantee enough charging time for the EBs between
trips. At the operational level, crew scheduling would
have to be changed to accommodate EB recharging.
Finally, a charging schedule would have to be devel-
oped to determine where and when each EB would be
recharged and the time required.

In summary, electrifying the TBN meant completely
restructuring the network and raised challenges at
various decision levels (see Figure 1). The strategic de-
cisions about the charging infrastructure involved
several stakeholders, including RET, the municipality,
and the grid operator, all of whom imposed con-
straints. Hence, the locations of the chargers had
already been determined in the early stages of the pro-
ject. Fast chargers with high charging power were to
be used only at selected terminal stations to recharge
EBs during layovers between trips, whereas slow
chargers were to be used for overnight charging at the
garage. Next, two critical and interrelated problems—
developing the bus assignment and charging sched-
ules—had to be solved to guarantee the TBN’s
reliability. Attempting to solve these two problems si-
multaneously would result in a large and multilayer

optimization problem; therefore, we decided to solve
this problem iteratively. Thus, we followed a closed
feedback–loop structure in determining the necessary
tactical and operational plans as Figure 1 illustrates.
RET would be responsible for the trip schedules and
bus assignments to guarantee sufficient layover time
between trips at charging terminals. The RSM group
would use the output as an input to the problem of de-
veloping the optimal charging schedules given vary-
ing objectives and would be responsible for evaluating
the network under uncertainty to assess its reliability.
Through RSM feedback, RET could make the neces-
sary changes to the trip and bus assignment schedules.
As a final step, RET developed the crew schedule
based on multiple factors, such as labor law and driv-
ers’ requirements (this step exceeded the scope of the
work we present in this paper).

The city of Rotterdam is split into two main sections,
the northern and southern sections, separated by the
Maas river (see Figure 2). Therefore, the plan to electrify
the TBN was divided into phases, each focused on one
part of city. The northern part (phase 1), which includes
the central station, is the most vital part of the city and
was electrified at the end of 2019. Plans are in place to
electrify the southern part (phase 2) in the coming
years. Because the two city districts have different struc-
tures and settings, they require different analyses,
which we present in detail in the next sections. Figure 3
shows the approximate timeline of the phases and the
project progress since 2017. We present the main find-
ings and implications in the next sections.

During the early stages of the project (phase 0),
RET’s main concern was the substantial uncertainty
related to the TBN’s electrification process. RET need-
ed a tool to test a range of scenarios with varying
parameters, settings, and schedules. Thus, the first

Figure 1. (Color online) Multiple Decision Levels and Stakeholders Involved in the Project

Abdelwahed et al.: Optimizing Electric Transit Bus Networks
INFORMS Journal on Applied Analytics, 2021, vol. 51, no. 5, pp. 391–407, © 2021 The Author(s) 393



objective of the RSM group was to develop a simula-
tion tool that it could use to test any scenario in a risk-
free environment. Meanwhile, RET and the other
stakeholders were involved in strategic decisions
about the charging infrastructure and the EB specifica-
tions. In phase 1, RET developed the trip and bus as-
signment schedules for the northern network, and the
RSM group used these as input for a mathematical op-
timization model to develop charging schedules. The
group implemented and compared different discreti-
zation techniques to efficiently solve the optimization
problem. The optimization model and the simulator
were then integrated to assess the value of using real-
time monitoring and decision support systems in miti-
gating the effect of uncertainty and improving other
performance measures. In phase 2, the RSM group ad-
vised RET about the benefits of adding renewable
energy generators and energy storage systems to the
network to charge EBs. We proceed by describing the
methods and results for the three project phases. In
Table 1, we list the acronyms used in this paper.

Phase 0: Exploring the Impact of
Electrification
At the beginning of the project, RET’s first goal was to
investigate the possibility of electrifying the network

without making substantial changes to its trip and bus
assignment schedules. Thus, examining the impact of the
various electrification parameters, such as battery capaci-
ty and charging power, on the feasibility of the electrifi-
cation process was important. Hence, the RSM group de-
veloped a discrete-event simulation through which the
network could be evaluated under various scenarios.
Later, it was also used to simulate various charging strat-
egies and to evaluate the network under uncertainty.

For this analysis, we considered the first lines that
were to be electrified in the northern part of Rotterdam’s
TBN. To investigate the distinct impact of the trip and
bus assignment schedule on the feasibility, we fixed the
infrastructure effect by assuming that enough chargers
are available for every arriving EB at each terminal sta-
tion with charging facility. As a result, all EBs arriving at
these terminal stations always start charging. Thus, the
number of chargers does not have an impact on the feasi-
bility of the network. This also results in the maximum
possible state-of-charge (SoC) profile for each EB given
the original DB trip and bus assignment schedule.

Because the energy consumption rate is higher in
winter than in summer because of the heating system,
we carried out the simulation twice with different rates.
We used the expected consumption rates provided by
RET of 1.93 kilowatt hours per kilometer (kWh/km) in

Figure 2. (Color online) Map of the City of Rotterdam Showing the North and South Sections

Abdelwahed et al.: Optimizing Electric Transit Bus Networks
394 INFORMS Journal on Applied Analytics, 2021, vol. 51, no. 5, pp. 391–407, © 2021 The Author(s)



the winter (Figure 4(a)) and 1.5 kWh/km in the summer
(Figure 4(b)). Figure 4 shows the number of EBs with a
SoC below the critical level of 10% during the day for
varying charging power and battery capacity values. As
Figure 4(b) shows, even with the lower energy consump-
tion rate, the highest potential battery capacity of 250
kWh and charging power of 250 kilowatts (kW), three
EBs’ SoC levels fall below 10%. Furthermore, the original
DB schedule was developed for a fleet of 74 buses, and
RET was planning to use approximately 50 EBs in the
electrified network. Because having fewer buses would
result in greater energy consumption per bus on average,
we expect that reducing the number of buses from 74 to
50 would result in poorer results

Our results from the initial exploratory phase
showed that, even in the most optimistic scenario and

network configurations, it is not reliable to use the DB
trip schedule for the electrified TBN. For RET, these re-
sults confirmed that it is practically impossible to use the
DB schedules and the necessity of taking into account
the SoC levels while optimizing the trip and bus assign-
ment schedule. van Ede (2020) says, “In the early phases,
the simulation tool developed by RSM gave us the op-
portunity to easily evaluate the impact of different speci-
fications regarding the battery size, the charging power,
and the energy consumption. The simulation convincing-
ly showed that significant changes had to be made to
our schedule to allow for a feasible electric bus operation
and that electric-specific features of the electric buses
should be taken into account while designing the trip
and bus allocation schedule.”

Phase 1: Electrifying the Northern Part of
Rotterdam’s TBN
As a next step, phase 1 included the iterative closed-
feedback approach between RET and RSM. In this
process, RET generated the trip schedule and assigned
trips to buses, guaranteeing sufficient layover time at
terminal stations with charging facilities. The RSM
group used the resulting output as an input to the
problem of optimizing charging strategies with vary-
ing objectives and evaluated the network under un-
certainty to assess its reliability. This feedback helped
RET in planning robust trip and bus assignment
schedules, which can realize higher levels of reliability
in the network and mitigate impact of uncertainty.

Figure 3. (Color online) Project Timeline Showing Our Progress and Our Cooperation with RET

Table 1. Acronyms Used in This Paper

Acronym Definition

DTB Dynamic threshold–based
EB Electric bus
ESS Energy storage system
FIFS First-in, first-served
LCHP Lowest-charge, highest-priority
MILP Mixed integer linear programming
OFO Off-line optimization
ONO Online optimization
REG Renewable energy generator
SDGs Sustainable development goals
SoC State of charge
TBN Transit bus network
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Seven two-way lines of the northern TBN of Rotter-
dam were selected to be electrified by the end of 2019.
The central station is 1 among 11 other terminal sta-
tions that serve these seven lines. Fourteen fast charg-
ers would be distributed among six of these terminal
stations. Slow chargers would be installed at a central
garage for overnight charging. Additionally, four fast
chargers would be installed in the garage to charge
EBs that have layovers there during the day.

Optimizing the Charging Schedule
While RET was working on developing the new trip and
bus assignment schedule, the RSM group developed a
mathematical model to optimize the charging schedule,
which is a time-dependent problem that requires discre-
tization. Adopting a time-expanded network at the
highest practical resolution would provide the nearest to
optimal solution. In our problem, this would imply using
a time-based discretization with a resolution of one mi-
nute because the TBN’s timetabling is developed at the
minute level. However, because this problem would
need to be solved in real time to mitigate the effect of
operational uncertainty, we presumed that using a time-
expanded network would not be the best alternative be-
cause of the large problem size and long solving time. To
address this, we developed discrete-event optimization
(DEO) and discrete-time optimization (DTO) models
and compared them (Abdelwahed et al. 2020b). Figure 5
shows the difference between the two techniques. Al-
though time slots are uniformly distributed in the DTO
formulation, they are distributed nonuniformly based on
the occurrence of events in the DEO. We developed the
event-based approach to reduce the problem size and
benefit from the nature of our problem, in which charg-
ing events would normally start only if a bus arrived at
or departed from one of the terminal stations with charg-
ing facilities. Thus, our initial hypothesis was that the
quality of the solution with respect to the resulting

objective function value that the DEO provides would be
close to that of the DTO but could be reached more
quickly because of the reduced problem size. According-
ly, the DEO can offer a more efficient model that can be
used in the online optimization, which we present in de-
tail in the next section.

The detailed mathematical formulations of the two
mixed-integer linear programming (MILP) models are
described in Abdelwahed et al. (2020b), and a summary
of the models is presented in the appendix. According to
RET’s operational requirements, our objective was to
minimize the number of charging events. RET’s reason-
ing is that more charging events have a negative impact
on the battery lifetime and increase operational complex-
ity. The main constraints in our problem are to control
the minimum and maximum SoC the EBs are allowed to
reach during the day, the capacity of the charging facili-
ties, and the minimum-allowed charging time. Addition-
ally, RET imposed several constraints to address some
practical issues in day-to-day bus operations. In the anal-
ysis, we use the values provided by RET for the average
active energy consumption (during driving) of 1.55
kWh/km and a charging power of 240 kW. Further-
more, we consider the passive energy consumption,
which is the energy consumed by the EBs for heating,
ventilating, and air conditioning during layovers, at a
rate of 10 kW. Because batteries charge less efficiently be-
yond 90% SoC, we do not allow charging during the day
beyond that limit. We consider a setup time of one mi-
nute, which is the approximate time needed to connect
EBs to chargers. We carried out a comparative study be-
tween the two formulations in two networks with differ-
ent sizes: a large network with 47 EBs and a smaller one
with nine EBs. To ensure a comprehensive comparison,
we generated 16 different instances per network with
different numbers of chargers, charging efficiency,
minimum-allowed charging time, and minimum al-
lowed SoC. We used a CPLEX solver to solve the MILP

Figure 4. (Color online) Graphs Showing the Electrified Network Performance Using the DB Schedule
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problems and set the stopping criteria to a time limit of
900 seconds or an optimality gap of 0.01%. We chose the
900-second time limit for this comparison because it is a
reasonable time that can be used later in online
optimization.

Table 2 provides an overview of the results of the
comparative study. As initially expected, the results
show that the discrete-event model substantially out-
performs the discrete-time model in terms of search
time. In the smaller network, the DEO reaches almost
the same optimal value as that of the DTO but in a sig-
nificantly shorter execution time. The DEO’s average
execution time is around two seconds compared with
92 seconds for the DTO. For the large network, the
DTO cannot reach any integer solution for any of the
instances within the 900-second time limit although
the DEO reaches the optimal solution in an average
time of 22 seconds. Detailed results of the comparison
can be found in Abdelwahed et al. (2020b).

Our comparative study demonstrates the superiori-
ty of the DEO in solving our problem. It shows that
time-expanded networks are not necessary in solving
our problem because of its event-based structure. It
also shows the applicability of the DEO in online

settings to solve the problem in real time if needed,
whereas the DTO requires a substantially longer solv-
ing time.

Evaluating Under Uncertainty: Integrating the
Simulation and Optimization Model
In a next step, we upgraded the discrete-event simula-
tion to evaluate charging strategies under uncertainty
in trip delays and energy consumption and integrated
it with the optimization model as Figure 6 shows. Our
goal was to evaluate the robustness of the various
charging strategies under operational uncertainty.
Specifically, (1) we tested whether the optimal charg-
ing strategy was robust enough under uncertainty to
maintain the feasibility of the network, (2) we checked
whether applying a real-time optimization and updat-
ing the optimal strategy during the day would im-
prove network reliability, and (3) we compared the
off-line optimal strategy (OFO) and the online optimal
strategy (ONO) to a few established greedy strategies
and another heuristic that we developed.

The OFO always adheres to the day-ahead optimal
charging schedule regardless of any delays or un-
planned excess energy consumption. In contrast, the

Figure 5. (Color online) An Illustration of (a) the Time- and (b) Event-Based Discretization Techniques (Abdelwahed et al.
2020b)

Notes. This table is for one station. There are similar tables for each station. The “1s” in (a) mark that this bus is at this station during that minute;
therefore, it can charge at any of these one-minute slots. The dotted lines show themoments when an arrival or departure event occurs at this sta-
tion. The shaded time slots show that the corresponding bus is not allowed to charge during that time slot because it is not at the station. The un-
shaded ones show the available time slots for charging for each bus.
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ONO updates the charging schedule periodically dur-
ing the day to take into account any divergence be-
tween the actual operating conditions and the ex-
pected conditions. Because of this divergence, several
modifications to the off-line model were required
before it could be applied to the online setting; see
Abdelwahed et al. (2020a) for details. We present a
summary of the models in the appendix. In summary,
ONO also minimizes the number of charging events
during the day and aims to keep the SoC of all EBs
above (or as close as possible to) the prespecified
minimum limit. If maintaining the SoCs above the
minimum limit is not feasible because of a substantial
divergence between expected and actual operating
conditions, the objective of ONO is adjusted to keep
the minimum SoC of these EBs as high as possible
rather than optimizing the original objective.

We compare the OFO and the ONO to two
common greedy strategies: first-in, first-served (FIFS)
and lowest-charge, highest-priority (LCHP). FIFS

queues EBs for charging in the order of their arrival at
the station, whereas LCHP arranges them according to
their SoC by giving the highest priority to the EB with
the lowest SoC. LCHP also allows an arriving EB with
a low SoC to replace another EB that is using a charger
and has a higher SoC if no other charger is available.

Additionally, we developed the dynamic threshold–
based (DTB) heuristic strategy, which provides a
charging schedule adapted to the operational situation
without the need for a real-time communication sys-
tem. Similar to the OFO, the DTB strategy is based on
the day-ahead optimal schedule. Drivers are given a
card that contains a suggested SoC threshold after
each trip that ends at a terminal station with charging
facilities. The threshold values are based on the SoC
levels from the optimized schedule. If the EB’s SoC is
below that threshold, the driver should connect the EB
to an available charger. The EB then charges during its
entire layover time or until it reaches the 90% SoC lim-
it. If enough chargers are not available at the terminal

Table 2. Overview of Our Time- and Event-Based Formulations

Network

DTO DEO

Objective (number of charging events) Execution time, s Objective (number of charging events) Execution time, s

Nine EBs 53.17 92.18 53.83 1.98
Forty-seven EBs NA 900 250 22.09

Notes. All values are averaged over all the instances. The objective is to minimize the number of charging events. The maximum allowed
execution time is 900 seconds.

Figure 6. (Color online) Graph Showing the Architecture of the Integration of the OptimizationModel and the Discrete-Event
Simulation
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stations for all the EBs, the ones that arrive first are
given priority for a charging spot (similar to FIFS).
This may negatively affect the level of reliability and
feasibility as the charging spots are given to the buses
that arrive first and not to the more critical ones with a
lower SoC.

We simulated 30 days under uncertainty in trip
delays and compared the performance of the five
charging strategies. We assumed that operational de-
lays result in extra energy consumption. We used
truncated normal distributions for the trip delays
whose means and standard deviations are functions
of trip-specific parameters, that is, time of day, trip
duration without any traffic on its route, and time-
and route-specific delays accounted for by RET during
trip scheduling. The optimized strategies account for
these anticipated delays by including them in the pro-
jected trip duration. We set the objective function of
the optimized strategy to minimize the number of
charging events while keeping the SoC of all the buses
above a target threshold of 30%. We also calculated a
range of additional performance measures, including
overall feasibility, reliability, and the fast-charging
load on the grid. We did not optimize for these other
performance measures. However, they are correlated
to our main objective function of minimizing the num-
ber of charging events in the network. A smaller num-
ber of charging events would normally result in a
smaller charging load on the grid. Moreover, for the
same total amount of charging, a smaller number of
charging events results in longer charging events.
Thus, the impact of traffic delays on the reliability be-
comes smaller because missing a few minutes from a
planned longer charging event is not as costly as with
a shorter charging event.

We carried out the comparative study for two net-
work configurations: full and reduced number of

chargers. With the full number of chargers (15), charg-
ing availability is guaranteed for every EB arriving at
a terminal station with charging facilities during the
day. Hence, the results between FIFS and LCHP do
not differ as Figure 7 shows. FIFS and LCHP also re-
sult in the highest possible level of reliability because
they achieve the maximum possible SoC profile for
each EB by maximizing the amount of charging dur-
ing the day. However, this also results in a consider-
able amount of unnecessary charging, which leads to
a significantly higher number of charging events and
load on the grid during the day compared with the
other strategies as is evident in Figure 7. In contrast,
despite the 30% SoC lower limit in planning, the OFO
has the lowest reliability with an average of 0.7 EBs
running out of energy per day. This implies that the
day-ahead planning is not conservative enough, and
the OFO cannot guarantee reliable operations. Thus,
planning needs to be done with a lower limit on the
SoC that is greater than 30%. However, doing so is not
possible for all the buses because the layovers result-
ing from the trip assignment schedule cannot be long
enough to grant that. On the other hand, the ONO
largely addresses this issue with only 0.1 EBs running
out of energy, on average, per day. It also has an aver-
age lowest SoC of 28.4%, which is the closest to the
target level of 30% compared with the other strategies.
Thus, although FIFS could be regarded as more reli-
able than ONO, this is achieved at the cost of substan-
tial redundant charging during the day. ONO reduces
the number of charging events (our main performance
measure and the objective value) by approximately
62% compared with FIFS. The ONO also uses, on av-
erage, approximately 20% less fast-charging energy
from the grid than FIFS uses per day.

The DTB strategy achieves a good level of reliability
because it keeps the lowest SoC of almost all the EBs

Figure 7. (Color online) Graphs Comparing Charging Strategies Under Uncertainty Using the Full Number of Chargers (i.e., 15)

Note. All values are averages over 30 days.
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above the 30% threshold with an average value of
40%. The results of the DTB reflect an excellent trade-
off between the higher reliability of FIFS and the
lower number of charging events and reduced fast-
charging grid load of the ONO. On the one hand, DTB
achieves higher reliability than the ONO while in-
creasing the daily number of charging events by 38%
and the load on the grid during the day by 12%. On
the other hand, compared with FIFS, DTB reduces the
number of charging events by approximately 47% and
the fast-charging load added to the grid by approxi-
mately 10%.

Next, we evaluate the charging strategies for a sce-
nario with a reduced number of chargers. We specifi-
cally consider an extremely pessimistic scenario in
which the number of fast chargers in the network is
reduced from 15 to 6. This is equivalent to removing
all chargers that are used for less than three hours
during the day when following the FIFS or the LCHP
strategies in the scenario with the complete number of
chargers. In this case, the OFO has the lowest reliabili-
ty, as Figure 8 shows, when compared with the four
other charging strategies because of its inability to
adapt to changing circumstances. Additionally, FIFS,
with an average of 1.1 EBs running out of energy per
day, is no longer the most reliable strategy. In contrast
to the case with the full number of chargers, the ONO
can maintain more reliable operations than FIFS. The
LCHP is now the most reliable strategy with, on aver-
age, a slightly lower number of EBs running out of en-
ergy than the ONO per day. However, the LCHP still
does not offer a very practical solution because it results
in a considerably greater number of charging events
and fast-charging load added to the grid. Thus, in the
worst-case scenario, the ONO would remain the most
practical and reliable option.

Practical Implications of Phase 1
Phase 1 provided us with several crucial lessons
learned. First, optimizing the charging schedule can
significantly reduce the number of daily charging
events compared with naïve greedy charging policies
(such as FIFS), which have a positive impact on battery
lifetime and also result in less complex operational pro-
cesses. Additionally, under more challenging opera-
tional conditions, naïve approaches cannot allocate
charging slots to buses in a way that produces a feasi-
ble operation. Based on these results, RET is currently
investigating how to integrate our proposed optimized
charging strategy into its planning process. van Ede
(2020) says, “The charging schedule optimization mod-
el has shown that we could do with fewer charging fa-
cilities and that significant improvements can be made
to the charging schedule. Using this optimization mod-
el, we are able to control various parameters and com-
pare different charging strategies. We are now in the
process of implementing the model in our software so
that it can be used for our day-to-day planning.”

Furthermore, the results show that operational un-
certainty and unexpected delays may have a large im-
pact on the reliability of electrified TBNs. Hence, even
conservative off-line optimization might not be suffi-
cient to guarantee feasible operations under uncer-
tainty, and any bus may run out of energy based on
the realization of that uncertainty. Thus, real-time
monitoring is required to detect and predict any po-
tential issue or infeasibility and to take the required
corrective actions in time. Supported by methods and
results from this project, RET developed a real-time
monitoring and control system; the first version is cur-
rently in operation. van Ede (2020) says, “During the
planning of the first batch of EBs, the simulation also
showed the impact of uncertainty in the trip durations

Figure 8. (Color online) Graphs Comparing Charging Strategies Under Uncertainty Using a ReducedNumber of Chargers (i.e.,
Six)

Note. All values are averages over 30 days.
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on the feasibility of the schedule. It showed that even
a conservative charging schedule would result in a
few buses that will run into problems during the day.
These results confirmed that real-time monitoring is
an absolute must. We used the ideas of the RSM team
in the development of a real time monitoring tool for
the EBs. This tool is now in operation.”

Phase 2: Electrifying the Southern Part of
Rotterdam’s TBN
Unlike the northern part of the TBN, Rotterdam’s
southern TBN has a centralized structure. All charg-
ing is planned to take place at the central Zuidplein
hub. Additionally, the existence of a huge nearby free
area of about 15,000 square meters (m2) offers an op-
portunity to install a photovoltaic solar park that can
be used to provide locally generated clean energy to
be used for charging EBs. The southern TBN consists
of eight lines with 50 EBs planned to operate along
them. Twelve 300-kW fast chargers are planned for in-
stallation at Zuidplein, sufficient to guarantee a charg-
ing spot for each bus arriving at the station under the
currently suggested trip schedule. Given the 15,000
m2 photovoltaic solar park that is scheduled to be de-
veloped and at an average peak power density of 175
watts per m2 (W/m2), this corresponds to a rated
peak power amount of 2.625 megawatts (MW). Addi-
tionally, a central garage for the southern network
will house four fast chargers for daytime charging
and 50 slow chargers for overnight charging.

As part of this transition, RET, the grid operator,
and the municipality faced three crucial questions:

1. What is the value of installing the solar park with
respect to reducing the impact on the grid?

2. How would installing an energy storage system
(ESS) affect the renewable energy utilization?

3. How can the intermittency and uncertainty of re-
newable energy generation be overcome to maximize
its utilization?

The current electrical cables and infrastructure feed-
ing power to Zuidplein cannot provide the entire
amount of power required to charge the EBs at the
newly planned charging facility; therefore, the first
question was very crucial to the grid operator and the
municipality. The answer would determine whether
installing REGs would be sufficient to resolve this is-
sue or whether a new electrical feeder cable would
have to be extended from the nearest distribution sta-
tion, which is located at a substantial distance from
Zuidplein.

To answer these questions, we use 2018 renewable
energy generation data from the city of Antwerp in
Belgium (Elia Group 2019). Antwerp is close to Rotter-
dam and has a similar solar irradiation profile and
weather conditions. Elia also provides day-ahead

predictions for renewable energy generation as well
as intraday predictions that are updated four times a
day. We use active average energy consumption rates
of 1.93 kWh/km in winter and 1.55 kWh/km in sum-
mer and passive rates of 18 kW in winter and 6kW in
summer as suggested by RET.

In the next section, we focus on the first two ques-
tions and investigate the benefits of adding renewable
energy sources and an ESS to provide locally sourced
power to the electric TBN. The benefit gained from
the renewable energy sources depends on how well
the charging schedule and the renewable energy gen-
eration profile are coordinated. However, this coordi-
nation can be difficult because of the intermittency
and uncertainty of renewable energy generation and
can reduce the benefits gained. To address these intri-
cacies, we split the analysis into two parts. In the first
part, we determine the maximum benefit that can be
gained from the REGs. Specifically, we follow the
FIFS charging strategy under deterministic trip-delay
settings and with a sufficient number of chargers to
provide energy to all the EBs during the day, which
maximizes the amount of charging in the network.
This approach maximizes the utilization of the renew-
able energy generated given the bus and trip assign-
ment schedule. However, because of the nature of the
FIFS strategy, it also maximizes the load imposed on
the grid compared with the other strategies.

In the “Using a Real-time Decision Support System
to Improve REG Utilization” section, we present the
full structure of our proposed real-time decision sup-
port system. The real-time decision support system also
uses the ONO techniques, which we presented earlier,
to reoptimize the charging schedule periodically during
the day. However, in the southern part of the network,
we also have renewable energy generators. Thus, as
Figure 9 shows, the real-time decision support system is
responsible for collecting real-time weather data to up-
date the renewable energy– generation predictions
throughout the day. It also collects real-time data from
the EBs to adjust to unplanned delays or changing ener-
gy consumption profiles in the updated charging sched-
ule (similar to the study presented in phase 1 in the
northern part of the network). Finally, the real-time deci-
sion support system schedules and then communicates
the new charging schedules to the operators at the charg-
ing facilities.

Evaluating the Benefits of Adding Renewable
Energy Generators and an Energy
Storage System
As we mention, to evaluate the maximum benefit and
REG usage, we follow the FIFS charging strategy us-
ing a number of chargers that is sufficient to guarantee
a charging spot for each EB arriving at Zuidplein dur-
ing the day. In addition to maximizing the renewable
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energy usage, this also maximizes the reliability of the
network. However, this puts the largest strain on the
grid because of excessive intraday charging. We con-
sidered adding an ESS of 600 kWh capacity and 300
kW charging power. We used a straightforward (dis)-
charging strategy for the ESS. It is charged whenever
excess renewable energy is generated and when the
output power of the REG is greater than the EB load,
and it is used to provide power to the EBs if the REGs’
power output is less than the EB load.

We simulated the network for a full year (2018) and
calculated our main performance measures, that is,
the impact on the grid and renewable energy usage
during each month. Because of the different energy
consumption rates in the seasons, the daily average
EB charging load at Zuidplein is 10,081 kWh in winter
and 7,824 kWh in summer. Figure 10(a) shows the av-
erage daily amounts of renewable energy generated
and the average daily load on the grid at Zuidplein
using three settings: without REGs, with REGs, and
with REGs and the ESS per month. The results show
that the average daily renewable energy generation is
3,846 kWh in winter and 11,305 kWh in summer. REG
output is particularly low in November, December,
and January with the average daily amounts falling
below 2,700 kWh. In contrast, it reaches the highest
levels between May and July with average daily val-
ues above 11,000 kWh. As a result, the load reduction
on the grid from installing REGs at Zuidplein is much
more pronounced during the summer (71.4% average

reduction) compared with the winter (28.4% average
reduction).

To assess the added value of installing an ESS, we
conducted a simulation with an added ESS of 600
kWh capacity at Zuidplein. Figure 10(b) shows that
adding an ESS can increase renewable energy usage
by approximately 520 kWh and 362 kWh, on average,
per day in summer and winter, respectively. This is
equivalent to further reducing the amount of energy
drawn from the grid by 23.5% in summer and 5.7% in
winter. It also corresponds to an increase in the aver-
age daily renewable energy usage of around 7.8% in
winter and 6.3% in summer as Figure 10(b) shows.

Using a Real-Time Decision Support System to
Improve REG Utilization
These results illustrate the potential value of installing
REGs to provide clean energy to charge EBs. Howev-
er, the previous analysis is based on the best-case sce-
nario to evaluate the maximum potential benefit from
the REGs because it considers deterministic delays
and does not account for uncertainty. We also used
the FIFS strategy, which maximizes the renewable en-
ergy usage. However, it also causes the largest
amount of fast charging load in the grid. Thus, in this
section, we consider a more realistic scenario and
compare the FIFS strategy to ONO and OFO under
uncertainty and with a sufficient number of chargers
available. We consider uncertainty in the trip
durations and energy consumption resulting from

Figure 9. (Color online) Graph Illustrating the Structure of the Transit Bus Network Using the Central Real-Time Decision Sup-
port System
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operational delays and uncertainty in renewable ener-
gy generation. Similar to previous analyses, the FIFS
performance provides an upper bound for the reliabil-
ity of the system if a sufficient number of chargers is
available but generates the highest impact on the grid.
Once more, we use an MILP formulation to optimize
the charging schedule for the optimized strategies.
The OFO provides an optimized plan based on the
day-ahead renewable energy generation prediction to
which it adheres regardless of any unpredicted delays
or weather conditions that affect the REG output. The
ONO collects real-time data on delays, energy con-
sumption, grid status, and weather, and accordingly
reoptimizes the charging schedule periodically during
the day. However, for the optimized strategies, we
consider a different objective function than in the
northern network. Because our aim is to minimize the
impact on the grid by maximizing the utilization of

renewable energy and shifting the load to off-peak
times, we adopt that objective. We take the day-ahead
hourly energy costs to serve as a proxy for the impact
on the grid because these prices reflect the difficulty
of balancing electricity supply and demand during
different times of the day. From the grid operator’s
perspective, charging the EBs when the prices are
lower is better because these are the off-peak hours
and vice versa. Furthermore, we assume zero costs for
charging from the REGs. Thus, the objective of mini-
mizing the charging costs implies minimizing the im-
pact on the grid as well as maximizing the renewable
energy usage. However, some modifications to the
MILP, which we discuss in Abdelwahed et al. (2020b),
are needed to incorporate the REGs and/or the ESS
into the system. Abdelwahed et al. (2020a) presents
the details of the modified formulation. We also pre-
sent a summary of the models in the appendix.

Figure 10. (Color online) Graphs Illustrating Average Daily Renewable Energy Generation and Load on the Grid perMonth at
Zuidplein Using Various Settings
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We simulated the two months of January and July
2018 and applied the higher winter rates for active
and passive energy consumption for January and the
summer rates for July. Table 3 summarizes the out-
comes of the comparative study for July. The results
show that, as with the northern network, the OFO
cannot guarantee the reliability of the network under
uncertainty. In contrast and as expected, the FIFS
strategy has the highest reliability levels because it
keeps all the EBs’ SoC above 30%. The ONO can also
maintain the reliability of the system with no EBs run-
ning out of energy and approximately one EB with a
SoC dropping below 10% every few days, on average.
Furthermore, the FIFS strategy can utilize, on average,
5.5% more renewable energy generated than the
ONO. However, the ONO reduces the amount of
day charging in the network (at the garage and at
Zuidplein) by around 41% and reduces the impact on
the grid (proxied by the charging costs) by 17.5%.
Finally, compared with the OFO, the ONO uses, on
average, an additional 280 kWh (2%) of daily renew-
able energy.

In the winter, none of the three strategies can ensure
the reliability of the system under the current trip and
bus assignment schedule, thus uncovering a weakness
in the assignment schedule, providing RET with criti-
cal insights and highlighting the need to resolve this
issue. The development of the final trip, bus assign-
ment, and charging schedules is still ongoing as a
close collaboration between RET and RSM continues.

Practical Implications of Phase 2
During phase 2, we examined the value of installing
renewable energy generators to provide clean energy
to the southern part of Rotterdam’s TBN. We carried
out the feasibility analysis to answer critical questions
regarding the value of installing REGs and an ESS at
Zuidplein. The results from this phase provide the

stakeholders (i.e., the RET, the grid operators, and the
municipality) with critical input for the next rounds of
strategic decision making.

Our results show that integrating REGs can signifi-
cantly reduce the impact of the TBN’s electrification
on the power grid. In addition, we investigated the
benefits of installing an ESS to increase the utilization
of renewable energy generated. We showed that, in
this particular case, the additional benefit of installing
an ESS is limited because of the current trip schedule.
The schedule allows a sufficient number of layovers
with charging slots to use almost all the renewable en-
ergy generated. Finally, the benefit of a real-time deci-
sion support system to enhance the reliability and the
performance of TBNs was once more confirmed. In
addition to handling bus delays, it can improve the re-
newable energy utilization by incorporating real-time
renewable energy predictions.

Summary: Lessons Learned and
Managerial Implications
This study has examined the close collaboration be-
tween RET and RSM in a project to electrify Rotter-
dam’s TBN during the three-year period from 2017 to
2020. In addition to its essential contribution toward
the successful realization of the first phase of the
electrification process in late 2019, the collaboration
provided RET with important directions for future im-
provements. It has also resulted in more lessons
learned, models, formulations, and frameworks that
can support other public transport operators world-
wide in the transition toward sustainable electric bus
networks.

Our analysis shows that an existing diesel-based
TBN cannot be replaced by electric buses without set-
ting up an entirely new structure and replanning the
whole network. This is mainly a result of the need to

Table 3. A Comparative Study Summarizing Online and Off-line Optimization and FIFS in the Southern Network

Performance measure Metric (per day values)

Charging strategies

ONO OFO FIFS

Summer (July 2018)

Impact on the grid Average charging costs, e 451.72 428.90 548.20
Maximum charging costs, e 588.22 584.16 746.78
Average day load, kWh 2,442.34 2,001.40 4,158.95

Renewable energy utilization Average renewable energy generation, kWh 14,079.17

Average renewable energy utilization, % 39.47 37.37 45.14
Reliability Maximum number of infeasible EBs 0 3 0

Average number of infeasible EBs 0 0.58 0
Average number of EBs with 0 < SoC% ≤ 10 0.55 1.62 0
Average number of EBs with 10 < SoC% ≤ 20 1.61 5.27 0
Average number of EBs with 20 < SoC% ≤ 30 9.16 12.42 0
Average number of EBs with SoC% > 30 38.68 28.19 50.00
Average lowest SoC% 36.73 35.13 59.59
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recharge electric buses several times during the day to
maintain a feasible operation. Because of the complex-
ity of the problem, which involves interdependent
strategic, tactical, and operational decisions, we exe-
cuted an iterative approach using a closed-feedback
loop among the subproblems at the various decision
levels. Although this approach might not yield the
globally optimal solution for the entire system, we
demonstrate its practicability and efficiency in plan-
ning TBN electrification. Additionally, we illustrate
the substantial benefits resulting from optimizing the
charging schedule compared with following easier
naïve charging policies such as FIFS or LCHP. We
demonstrate that day-ahead off-line optimization
might not be sufficient to ensure the feasibility of op-
erations under uncertainty. Online monitoring and
control systems are required to supervise the network
in real time and to take corrective actions by adjusting
the operational schedules to avoid the negative impact
of uncertainty. We introduce the DTB strategy, an effi-
cient heuristic that yields a good trade-off between
the maximum reliability and the minimum number of
charging events in the TBN. Key advantages of the
DTB strategy are its easy implementation and reduced
costs because implementing it does not require so-
phisticated online communication or a real-time deci-
sion support system. Our analysis shows the potential
value of installing REGs to provide green energy to
TBNs and how these clean decentralized energy sour-
ces can significantly reduce the impact of electric
TBNs on electricity grids. Additionally, a real-time de-
cision support system can enhance renewable energy
usage by updating renewable energy predictions dur-
ing the day. Finally, our results show that the value of
adding an ESS to increase the renewable energy usage
at a specific station is limited by the load profile of the
EBs charging there.

From an academic point of view, our research
contributes at several levels. We develop and com-
pare two MILP formulations based on different
discretization techniques to solve the problem of
optimizing the electric TBN charging schedule. We
demonstrate how choosing an appropriate event-
based discretization can reduce the size of the
problem and the run time compared with the time-
expanded network without having any significant
impact on the quality of the solution. We also show
that even conservative off-line optimization ap-
proaches might not be enough to guarantee the reli-
ability of a system whose feasibility is sensitive to
operational uncertainty. Thereby, we demonstrate
how real-time decision support systems can use
real-time data gathering, monitoring, improved
predictions, and online optimization to mitigate the
impact of uncertainty and improve performance
measures in similar problems.
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Appendix. Summary of Mathematical
Formulations and Models
We develop an MILP formulation to solve the charging
scheduling problem. In Abdelwahed et al. (2020b), we devel-
op and compare two formulations using two discretization
techniques: DTO and DEO. The former discretizes the prob-
lem to uniform one-minute time slots, and the latter discre-
tizes it to nonuniform time slots depending on bus arrival
and departure events in the trip schedule. Equations (A.1)
and (A.2) show the objective function of minimizing the
charging events in the two formulations, respectively,

min
(∑

t∈T

∑
b∈B

Ibt

)
, (A.1)

min
(∑

e∈E

∑
b∈B

Ibe

)
: (A.2)

In the previous equations, the decision binary variable I is
set to one if bus b started charging at time slot t (in the DTO
formulation) or time slot e (in the DEO formulation). Set B
includes all the buses in the network, and T and E are the
sets of the time slots in the two formulations, respectively.
The decision variable I in the two formulations depends

on the main decision variable in our problem, which is
Xbt (at the DTO) or Xbe (at the DEO). The variable X is a
binary variable that is set to one if bus b is charging at the
corresponding time slot. Thus, if bus b is charging for
more than one successive time slot, the variable I is set to
one at the first time slot.
Our model has several input parameters. The main one

is the trip and bus assignment schedule, which indicates
the location of each bus at each time slot. A bus location
could be at the garage, driving, at a terminal station with
no chargers, or at a terminal station with a charging facili-
ty. The latter case is the one at which a bus can recharge
its battery. In addition to the trip and bus assignment
schedule, we take as an input the number of chargers at
each terminal station, the setup time, the minimum charg-
ing duration, and the required SoC lower and upper
bounds. The setup time is the time needed for a bus to be
connected to a charger. The following constraints are
added to our formulations to

• Calculate the SoC of each bus at each time slot given
the energy consumed to perform trips and the decision vari-
able that indicates if a bus is charging during this time slot.

• Keep the SoC of each bus within a prespecified range
during the entire day. Thus, it does not fall below or ex-
ceed beyond the prespecified lower and upper limits.
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• Ensure that the number of charging buses at each sta-
tion never exceeds the number of chargers.

• Evaluate the value of the decision variable I from the
decision variable X.

• Prevent buses from charging for less than the prespeci-
fied minimum charging duration.

• Prevent buses from being connected to the chargers for
overnight charging more than once. Thus, buses cannot be
connected and reconnected to the chargers during over-
night charging.

In Abdelwahed et al. (2020a), we use the same DEO
model to optimize the charging schedule in the online set-
tings. However, we consider charging from various sources
at this work: the grid, renewable energy generators, and an
energy storage system. We adopt an objective function of
minimizing the total charging costs, which aligns with min-
imizing the impact on the grid and maximizing the renew-
able energy utilization as Equation (A.3) shows:

min
∑
e∈E

∑
s∈S

(ΠG
seP

G
se +ΠR

seP
R
se +ΠQ

seP
Q−
se ) Te

60

( )( )
: (A.3)

The parameters ΠG, ΠR, and ΠQ represent the charging
cost per kWh at each station s and time slot e from the
grid, the renewable energy generators, and the energy stor-
age system, respectively. The corresponding decision varia-
bles PG, PR, and PQ- are the charging power from each
source at each station and time slot; Te is the length of time
slot e in minutes. We proxy the impact on the grid by mini-
mizing the charging costs because charging at off-peak
times is less expensive than charging during peak times.
We consider zero charging costs from the renewable ener-
gy generators. Hence, minimizing the total charging costs
aligns with maximizing the renewable energy utilization.

The optimization problem is solved periodically during
the day to reoptimize the charging schedule according to
the realizations of uncertainty and the updated renewable
energy generation predictions. However, the main compli-
cation in this rolling horizon setting is the lower bound
constraint on the SoC of the buses. Because of uncertainty
in energy consumption or traffic delays, which may lead
to missing planned charging events, it might not be possi-
ble to maintain the SoC of all the buses above the prespe-
cified threshold. Hence, when this occurs, we relax this
constraint and replace it at each bus based on an algo-
rithm that redistributes the available charging slots to the
buses according to their SoC status. For simplicity, we as-
sume that the charging schedule is reoptimized at the be-
ginning of each hour. Our proposed algorithm attempts to
redistribute the charging events to the buses within the
next hour such that the most critical buses (i.e., buses
with the lowest SoC) are assigned more charging slots.
We present a summary of the algorithm steps that are ex-
ecuted at each reoptimization event during the day.

• Estimate the minimum future SoC of each bus that oc-
curs during the time remaining this day given its current
SoC, the trip schedule, and the previous charging schedule
after excluding all the previously planned charging events
during the next hour.

• If the minimum future SoC of a bus is above the mini-
mum threshold, a constraint is added to it to keep it above
that level.

• For the remaining buses, we classify them into groups
based on their level of criticality. For example, buses with
an estimated future SoC that is below 10% are grouped
into the most critical group, followed by buses with a value
between 10% and 20%, and so on.

• We start with the most critical group and attempt to
make all the buses in this group charge such that they
reach the 10% estimated future SoC by maximizing the
charge added to them. If a bus can reach the 10% thresh-
old, we move it to the next group. If not, we add a con-
straint to keep its SoC above the maximum value that we
realized from the previous solution.

• We repeat the process for all groups
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