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Part I1I.
Jinhua questions

Q: Maybe I’ll start with the first one you presented, where you mentioned that energy
consumption follows a kind of non-monotonic distribution. That’s very interesting to find, right?
But one thing I want to add is the comparison between diesel buses and electric buses in terms of
energy consumption. In diesel buses, we don’t care about the distribution; we care about the total
consumption. But for electricity, the time-of-day distribution matters critically.
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With the same total amount of electricity, depending on whether it is distributed during peak
hours or non-peak hours, the impact on the grid—and therefore the cost to the agency—differs
significantly. Right? So, tailoring the methodology to incorporate this type of varied energy cost
over time into the process is important.

A: So, first of all, thanks for highlighting that. Obviously, the energy cost and the function we
mentioned here apply to battery-electric buses under these conditions. It’s not for diesel, which
operates differently. That was also one of the challenges—developing energy consumption
models for electric buses.

Now, this study only focuses on a corridor. One of the things we want to do is examine it at a
broader level, where we incorporate these aspects into the dispatching process. That way, an
operator can understand and integrate charging into the system, including dispatching and
operations.

Q: I see. Thank you. The other thing I noticed—you mentioned one point where you said the
optimal solution is about 35 buses per hour, right? For a U.S. audience, that’s like, “Wow!
We’ve never heard of this number,” right? But in many places, like in Europe and Asia, we
sometimes have headways as short as half a minute. That’s actually the reality there.

So, on that note, I do want to ask—given that level of high density, how much burden does this
add to the grid? From an infrastructure point of view, for example, in your experience with
European or Asian cities, how do those cities handle such strong energy demand on the natural
grid?

A: I cannot say that I’'m an expert on this part. As you’re talking about electric vehicles in
general, we’ve had a lot of discussions about that—how the grid handles it, how the
infrastructure supports it. Last week, we had an event where we discussed this, and there were
representatives from some companies that develop high-voltage chargers for electric vehicles.
They mentioned that they aren’t allowed to install them in certain places because the grid doesn’t
provide the necessary support. So, this is obviously a big issue.

We’ve also discussed this with bus operators, where they say, “Okay, as you mentioned, having
an entire fleet that is all-electric is a huge challenge.” But imagine depots where all these buses
need to be charged at the same time. Obviously, significant investment in infrastructure is
required, right? And we know that in China, they take a very strong end-to-end approach to these
things.

By the way, speaking of China, I was in Changsha, Hunan Province, in November for a
conference. It was in a different context—road safety—but we had a discussion about how China
is classified. Some Americans and Europeans said, “Oh, China is developed!” We were amazed
at some of the advancements there that we don’t even have in Europe or the U.S. But then, local
professors said, “No, no, no, we are still developing.” Some things may look modern, but the
classification isn’t always straightforward.

So, this also ties into a broader point—it’s not easy to categorize countries in a specific way.
Saying a country is “developed” or “developing” assumes many things, but a more fine-tuned
analysis is needed for specific aspects.



Q: That’s interesting. “Developing” and “developed” in the Western context are used to refer to
the status of development as a noun. But in China, they interpret “developing” as a verb,
describing the fact that they are changing quickly.

On that note, you mentioned that the barriers have different priorities between developing and
developed countries. In developing countries, you particularly highlighted management as a key
barrier, right? Can you elaborate on this? What types of management challenges have you
encountered?

A: Yes. Again, ’'m Greek, so theoretically, it’s a developed country—but that’s another
discussion.

Currently, besides the fact that in many of these papers, my co-author and the co-supervisor of
Mohammed was Alejandro Tirakini, I also have a PhD student from Chile, Cesan Nunez, who is
actually working on mobility as a service from a management perspective. And precisely
because of these issues, we have been discussing this a lot.

In some countries, you have difficulties in organization, in establishing regulations, in
developing in an organized way, and in maintaining well-adhered schedules. There are also
challenges related to non-corruption, ensuring employees arrive on time, proper training, etc.
This is the kind of management issue we’re talking about.

It seems that in many of these countries, managing public transport services is tricky. While
technological and economic issues exist everywhere and are obviously important, on top of that,
you have challenges that, in the developed world, are generally expected to function more
smoothly due to better structure and governance. These are things that people in developed
countries may not think about on a daily basis, but in certain parts of the world, they present real
barriers.

I don’t know if this helps as a response.

Q: Yeah, thank you. Maybe one question—if you look at a particular agency in the United
States, it may have 5 electric buses, or it’s still really at the pilot stage. And suppose, let’s say, by
2040, many cities are aiming for 100% electrification. The reality and the ambition seem to have
a huge gap.

In optimization, we often optimize for a specific time point. We say, “Okay, here’s the optimal
solution with this number of buses, this number of chargers, etc.” But what I find is that many
agencies need help in optimizing a trajectory. Meaning, this year I have five licenses—next year,
can I get to 20? Can I get to 50? They need an optimized pathway forward, particularly
considering the dependency between buses and chargers. Can they grow hand in hand in a
proportional way?

Instead of just finding the optimal final solution, we should be identifying the optimal pathway
forward. Is there a way academics can help in that regard?

A: I think there are several ways—both technical and explanatory—to address the difficulty you
mentioned.

Again, [ have another example from a Mediterranean country in Europe that, at some point, was
trying to secure funding from the European Investment Bank for buses in general. To make it



more appealing, they proposed that all 1,500 buses for which they requested funding should be
electric. However, the European Investment Bank immediately rejected the proposal.

Why? Because, as you mentioned, you cannot switch your fleet overnight. To do so, you would
need to build enough chargers for 1,500 electric buses right away. You would have to train
maintenance personnel, drivers, and everyone else overnight. It’s simply not feasible. The grid
wouldn’t be able to handle it, and so on.

Simple things like this need to be understood—don’t get overly excited; recognize the challenges
so that you can say, “Okay, I have a plan, and I understand how to get there.” I think this is
important—not just the detailed technical aspects, which, of course, are also necessary. But
again, technology is often not the primary barrier. We’ve seen this repeatedly in many fields.

Q: I'see. Thank you! That example is actually very interesting. I really like that case.

So maybe one last question from me before I pass it to John for audience questions. When we
talk to U.S. agencies, I’'m familiar with many of the Asian systems, like those in Shanghai and
Singapore. Often, the response is, “Oh, Singapore is so different from us—we can’t learn from
them. That’s too far removed from our reality.”

With that in mind, do you have good examples from European cities where you think public
transit electrification is being implemented successfully? Which cities would you name as the
best models for us to study and learn from?

A: I’m going to avoid answering this question because I don’t feel confident enough. I have
some ideas about certain systems, but not enough to say definitively whether they are really good
examples or not.

I mean, there are many cities where you casually see electric buses—Ilike in Munich, where they
are well integrated into the system, even in cold weather. It’s a system that I believe works very
well. Many cities are doing a good job, but I don’t feel comfortable saying which ones are better
or worse. Sorry about that.

Audience

Q: I"d like to take a step back to the charging segment that you presented. You made the point
that, overall, overnight charging is a better solution than opportunity charging. But I’d like to
double-click on that a little bit—what variables did you consider behind that conclusion?

For example, Jinhua mentioned that the time of day is a major factor in electricity pricing. Of
course, we might see very different situations depending on the region—such as in New York
State, where electricity may be more expensive during the day, versus California, where it may
be less expensive. So, there are these regional differences to consider.

There’s also the factor of the overall fleet. I guess my question is, if you had to explain this to a
smart 14-year-old, how would they think about the decision between opportunity charging and
overnight charging? Recognizing, of course, that overnight charging requires a different vehicle
with a larger battery.

A: Right. So, first of all, again, great question—or I guess, a summary of a collage of multiple
questions.



I think the important thing to consider here is that the way the criteria are selected, ranked, and
evaluated comes from experts, not from us. We developed this methodology with multiple steps,
and then we conducted a number of surveys with selected experts who provided this information.
The process follows these steps:

1. First, we gather a long list of criteria from the literature.
2. Then, experts refine the list.
3. Next, experts rank the criteria and assign weights to each of them.

4. Finally, we run applications using the Best-Worst Method (BWM) and Fuzzy RAFSI
methodologies.

From this process, we identified key criteria, which I mentioned earlier: economic,
environmental, social, operational, and quality of service factors.

For example, if we take the social aspect—because technology and environmental aspects are
more straightforward—the social criteria include:

» Job opportunities created by each option,

» Fire risk at various stages (on the vehicle, at the depot, and at the charging station),
* The impact of charging infrastructure on surrounding residential areas, and

* The effect on the city’s landscape.

As you can see, this is a relatively broad approach. I hope this first part of my answer helps put
things into context.

Now, for the smart 14-year-old—I’m trying to think, as that’s just a bit younger than my
youngest child. We have two charging technologies. The key question is:

* Do we want to charge a big battery overnight, then carry it around all day, ensuring we won’t
run out of energy?

* Or do we want a smaller battery to avoid carrying excess weight all day, leaving more space for
passengers, while periodically stopping to recharge during bus stops using opportunity charging?

Now, I realize my bias may have come through regarding one option over the other. But the most
interesting takeaway from this study is not just that overnight charging appears to slightly
outperform opportunity charging, but rather, the sensitivity analysis—understanding how robust
these results are and how confident we can be in our conclusions.

For example, we found that if the weight of charging time as a criterion increases by just 13%,
the ranking of alternatives switches. And 13% isn’t a huge change—it’s within the range of
variability we observed in our estimates. So in that case, we can’t be super confident in saying
that one method is clearly superior. Statistically, overnight charging seems better, but in some
scenarios, the reverse could also be true.

I think I may have lost the 14-year-old by the end—no matter how smart he or she was—but
hopefully, this explanation helps clarify the thought process.



Q: But maybe it’s safe to say that for different cities, different geographies, and different
agencies, some solutions will clearly be better than others. It could be that opportunity charging
is actually a superior solution for a particular agency compared to overnight charging. Is that a
fair assessment?

A: Absolutely. Ideally, if a specific city or NPO wants to do this, they can reapply the
methodology for their own city, using experts familiar with their local context. They can tailor
the parameters to reflect the city’s landscape, population type, and other specific factors.

In our case, we chose to be location-agnostic and designed the study around a general, average
situation. However, someone could take this methodology and apply it with local experts,
guiding them to respond specifically for their area. Alternatively, they could use the existing
weights and experiment by adjusting them—for example, increasing the weight of a particular
criterion by 20% or 30%—to see how it impacts the outcome.

So, this could be another way to apply the methodology effectively.

Q: Excellent! Starting with the first segment of your talk on E-bus planning, Don McKenzie had
a question: What is it that drives bus energy use per passenger down in the intermediate range of
frequency? Average bus making fewer stops, nonlinear dependence of energy use on the load.

A: The issue is that you have more buses than you actually need. In this intermediate range,
energy use per passenger drops because there are more buses serving roughly the same demand.

So, what happens is that the benefit we get from not having too much weight on each bus seems
to outweigh the inefficiency of adding more buses. Essentially, there are more buses carrying
fewer passengers per bus, which results in a drop in energy use per passenger.

At the beginning of the range, I think the increase in energy use is due to the rise in the number
of buses being introduced into operation. So, we see a pattern of increase, then decrease, then
increase again. I explained it in reverse because that was easier for me to conceptualize.

I’m not sure if this fully satisfies the person who asked the question, but I’d be happy to follow
up if needed.

Q: I think that makes sense. There’s a sweet spot where having fewer passengers per bus actually
reduces energy consumption.

Let’s move on. There was another question about the definition of the segment, which I believe
is on the slide after this. You talked about different segments—could you clarify that?

A: So, a segment simply refers to dividing the route from beginning to end into sections so that
we can calculate the slope more effectively.

Sorry for jumping back and forth—I know it can be a bit annoying. But we took this route in
Santiago de Chile and split it into segments to standardize the slope and make it easier to
calculate. Since the calculation isn’t done continuously—though it theoretically could be—we
break it into manageable parts.

The idea is that higher or lower energy consumption along different segments reflects the
topography of the route.



Since we’re talking about this—sorry, just to clarify—on the X-axis, we have the direction of the
route, and here again, we have a histogram. On the X-axis, we also have energy consumption,
allowing us to see the density and how it evolves.

So, what we’re looking at is the percentage of energy consumption per segment.

Q: Yi Wei had a question: Does this study consider transfer time when passengers transition
from a traditional bus to an electric bus in the proposed model for the planning process? In
addition to riding time costs and waiting time costs, are you also looking at factors like transfer
time and other aspects of the planning process?

A: The short answer is no.

To explain, this study focuses on a long bus line primarily used for commuting. It extends far
from the city center, covering a large area, rather than being a short central line that is fully
integrated and analyzed as part of the broader system. We isolated this route and used demand
patterns from the existing line for our analysis.

As I mentioned in response to a previous question, one of our next goals is to expand this
approach and examine how it operates within a larger network, incorporating additional
parameters.

For now, we consider:

» Waiting time before boarding,

» Waiting time due to rejected or declined boarding, and
* Onboard time in terms of passenger waiting time.

Q: Another question from Kelly Connor was: Did you consider energy costs, time-of-day
charging, and grid reliability in the decision-making framework for selecting the type of charging
approach? I think we touched on that a little bit already.

A: no. In this case, we assume that charging occurs without explicitly modeling energy costs or
time-of-day pricing. One of the reasons for this is that we focus on a single tour, which is much
shorter than the 400-kilometer range that the bus has. Incorporating charging into city-wide
planning and dispatching is a separate challenge that goes beyond the scope of this study.
Regarding the multi-criteria decision-making analysis, I’ve already addressed what was covered
and what was not.

Q: Okay. And there’s a follow-up question here: How does cybersecurity play into the decision
about charging strategies? I guess the concept is that if you have a network of opportunity
charging stations, it may present a greater cybersecurity risk compared to a centralized depot
with overnight charging infrastructure.

A: So, I quickly looked at the criteria, and cybersecurity did not come up in the process of
identifying them. However, it’s clear that a larger network of charging stations presents a greater
surface for cyberattacks.



This factor was not considered in our analysis, nor was it found significant by the experts we
consulted. However, it is certainly something that could be relevant and of interest in future
studies.

Q: Adrian Down had a question about charging: Did you consider a hybrid model that combines
both overnight and opportunity charging?

A: No, we did not consider that.

When you present respondents with more than two options, it becomes trickier to compare them.
Off the top of my head, I’'m not sure how we could incorporate a hybrid model directly into the
analysis, though it’s certainly an interesting idea.

Methodologically, we typically compare one option against the other in terms of criteria. The
challenge is not just in the criteria themselves but also in how the options are defined.

Thinking out loud—one possible way to approach this could be as a post-processing step. We
already have the criteria and their weights for the two main alternatives (overnight charging and
opportunity charging). If we were to create a hybrid model, we could potentially construct
weights for this intermediate solution—not necessarily by averaging but by adjusting each
criterion individually to see where it would fall.

Of course, another approach would be to redo the exercise with three options, though I’m not
sure off the top of my head how best to handle that. But it’s definitely an interesting point to
consider.

Q: Jeremy Fichter had a question: Does the model account for the cost of infrastructure needed to
maintain reliable service at such short headways? For example, dedicated right-of-way, signal
priority, active service management, etc.

So, this is really taking a big step back and asking, to some degree—does the model consider the
advantages of a full BRT system versus a non-BRT system?

A: Let me answer indirectly by explaining exactly what the model captures—I think that can be
helpful in addressing some of the questions.

The first part focuses on energy consumption dynamics. For this, we use a longitudinal vehicle
dynamics model, along with additional models that capture vehicle-related factors. Specifically,
we consider:

* The impact of vehicle speed,
* Total weight, which includes both vehicle weight and passenger load, and

* Regenerative braking, which is particularly important in routes with slopes, as it allows for
energy recapture.

Additionally, we account for:

* Route gradient and its impact on energy consumption, which was a significant factor, and



* Auxiliary energy consumption, such as heating, ventilation, and air conditioning (HVAC).
While heating isn’t a major factor in Santiago de Chile, ventilation and air conditioning are
relevant considerations.

In terms of passenger flow, we considered:
* Time-dependent variations in passenger flows,

* Stop-level interactions—for instance, the impact of passengers remaining at stops and increased
boarding times,

* Passenger variations between stops, and
* Crowding impacts, including failure-to-board scenarios, which were explicitly modeled.

For the formulation of the problem, we incorporated this detailed tenancy model into the
planning of battery electric buses and formulated it as an integer nonlinear problem. This allows
us to optimize:

* Vehicle type selection,
* Service frequency, and
* Cost considerations, including both user costs and operator costs.

This framework enables average cost analysis, economies of scale assessments, and other
evaluations.

I hope this answers what is explicitly captured in the model. The study was applied to a single
corridor, a single route, to demonstrate the benefits—or rather, the differences—in performance.

To compare model performance, we evaluated the output of our model against a model that
assumes average energy consumption. While such models are not bad—many models don’t even
consider energy consumption in this way—our results show a 13% to 17% difference, depending
on demand levels.

We argue that, assuming this detailed model is more accurate (since we know detailed models
can sometimes introduce larger errors), the observed difference suggests an improvement in
model performance and the reliability of results.

Part IV. Summary of Memos.
Themes from Other Memos

1. Inspired by the clearly illustrated and laid out rankings of what operators consider
problematic — economic, management or operational troubles. However, the complexity
of MINLP and hybrid metaheuristics proved challenging to grasp, prompting a shift
toward more accessible sources for deeper understanding.

2. Interested in the complexities of integrating technological advancements, economic
feasibility, and policy considerations into real-world applications. However, it also raised
an important question: How can transportation agencies implement these complex models



in practice, given their resource constraints and data limitations? Another crucial aspect
was the trade-off between different charging strategies for electric buses. Strengthening
institutional capacity and improving coordination among different stakeholders is just as
important as investing in new transportation technologies.

Fascinated about how they applied their model to Santiago’s unique urban layout and
terrain. One of the key features of their optimization model was the detailed energy
estimation framework. Integer Nonlinear Programming (INLP) to minimize passenger
and vehicle costs was particularly interesting. Their fusion of a genetic algorithm with
simulated annealing was an approach I’d never considered. At a broader level, I felt their
overall findings on electric bus planning had several important real-world implications.

Reflection on the real-world applicability of these models in different contexts. The goal
of the control is to optimize service frequency and vehicle type to minimize total costs,
which include passenger, operator, and energy costs. A hybrid meta-heuristics was
introduced to improve performance in large instances, which was demonstrated by
comparing it with several other solution algorithms. This work also demonstrated how
the proposed model outperforms traditional fixed-energy consumption approaches,
offering more accurate and reliable results.

Optimizing electric bus routing within current electric grid constraints or expanding the
grid to meet future needs presents a true challenge. “Economic barriers are the most
challenging aspects to electrifying bus systems worldwide.” He emphasized the
development of a general optimization framework and stressed the need for expert
opinions to be included in the model. Cities looking to electrify their bus fleet will have
to make significant capital investments up front, and this capital will limit their
deployment strategy.

Particularly interested in the discussion of charging strategies. The divergence between
the US and Asia is an interesting comparison of whether charging capacity and methods
can be fully converted to pure electric buses. The key challenge is the vast one-time fixed
cost to transform the current bus fleet into the electric fleet and the lack of central power
or significant government-oriented funding to support this one-time transformation.
Furthermore, the cost of labor, durable batteries, and charging infrastructure in the US is
much higher than in Asia. There are simply no incentives to lead this gigantic change.

The research considers variables such as passenger load, route gradients, and auxiliary
energy needs, integrating them into a mathematical model for decision-making. Second
thing I'm interested in is the comparative analysis of overnight charging versus
opportunity charging for electric buses. This highlights the need for localized assessments
rather than a one-size-fits-all solution. It was also noted that cities and transit authorities
can apply this framework to their specific conditions, adjusting criteria weights
accordingly.

Future research should explore hybrid charging strategies, dynamic grid impact analysis,
and long-term electrification pathways for transit agencies. Investigating vehicle-to-grid
(V2G) integration, cybersecurity risks in charging infrastructure, and economic
incentives for BEB adoption could further enhance deployment. Additionally, case
studies in high-density cities can provide insights into best practices for large-scale



electrification. These areas will help shape more efficient, cost-effective, and sustainable
electric bus networks worldwide.

My Reflection

This week's talk provided a valuable insight of approaching the electric vehicle routing
problem (E-VRP), no matter for passengers or freights. The model proposed considered four
aspects: Energy consumption dynamics, passenger flow behavior, operation research and
transport economics.

In the current state of E-VRP research, articles tend to assume linear energy consumption
function to simplify the VRP model. However, the power needed for electric vehicles along
paths is highly non-linear, which is influenced by different aspects, such as vehicle type, weight,
heating, and most intuitive road slope. It is insightful to incorporate the non-linear energy
consumption function into the model to make the model more practical and real-life feasible.
Additionally, the charging function is also non-linear, which can be formulated as piecewise
linear. This has already been widely used in E-VRP studies.

Metaheuristics or metaheuristics are good approaches to enhance adaptivity in this
problem. Per professor Antoniou's introduction, the research he has done developed hybrid
algorithms combining metaheuristics such as Generic Algorithm (GA) and simulation, to better
understand different scenarios for mixed fleets or types of buses. This also provides a potential
approach to the E-VRP for freights, which also includes multiple fleet types and scenarios.

What's interesting to me is the strategy selection and decision-making approach. As new
technology emerging, there could be different charging options. How to understand or predict
human's decision-making probability, in order to better implement charging facilities, is a critical
question when facing a facility location problem. Professor also discussed the differences
between developed and developing countries. The survey of ranking barriers gives us insights of
same or different emphasize in the electrification of bus systems.

In summary, this is a fantastic seminar, discussing various aspects in electrification and
scheduling electric vehicles. I am inspired by the approaches and methods professor Antoniou
presented.

Part V. Other Information

Other questions: How to combine the regenerative braking into the energy consumption
estimation formula, meaning both considering uphill and downhill power requirement? Do you
also consider battery swapping?

Other literature: Zhou, Y., Meng, Q., Ong, G. P., & Wang, H. (2024). Electric bus charging
scheduling on a bus network. Transportation Research Part C: Emerging Technologies, 161,
104553.
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1. Electric bus planning model
2. Mixed-fleet bus planning model

Charging strategy selection

Barriers to electric bus adoption
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Electric bus planning with a detailed energy consumption model

Relevant manuscript:

Sadrani, M., Tirachini, A., Antoniou, C., Electric bus planning with a detailed energy
consumption model. In Revision, 2025.
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Electric bus planning model

= Developing an optimization model for electric bus planning equipped with a detailed energy

estimation framework

= Modeling vehicle dynamics and road conditions affecting the energy demand of electric buses,

such as variations in passenger load, vehicle speed, and road slope
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Energy consumption of battery electric buses

» Several factors can affect the energy demand of BEBs (vehicle-related and route-related variables):

Vehicle weight (unloaded/empty)
Passenger load
Vehicle speed

Auxiliary devices (e.g., air conditioning, ventilation, heating, in-vehicle displays, and headlights)
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Model formulation for electric bus planning
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Route gradients

Aucxiliary energy to
power non-propulsion
systems, such as
heating, ventilating, and
air conditioning (HVAC)
services

We combine contributions from energy consumption dynamics, transport economics, passenger flow
behavior, and operations research to optimize public transport supply with EB fleets.
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Urban bus operations

The passenger load inside buses can vary at each trip segment

The total weight of a BEB = Empty Bus Weight + Passenger Load

500

................................. 30 pax
Boarding

Alighting
Bus stop

+ Y

0
[ofejm)

Bus capacity: 130 (pax)

Full passenger load:
130 * 75 = 9750 (kg)

Using a simplified fixed energy consumption rate for planning (e.g., 1.00 kWh/km) is not precise
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Energy estimation based on longitudinal vehicle dynamics

Total energy = Auxiliary power + Tractive power

» Auxiliary power (auxiliary facilities, such as air conditioning and heating)

» Tractive power (resistance forces based on Newton’s second law)

Tractive power changes, depending on driving and route

Air resistance

conditions

F. =0.5pAC,v’ + MgC.cos¢+Mgsing + SMa
t N d , N r g N s

~ ~ ~ —_ Rolling resistance
Aerodynamic  Rolling Grade Inertia
drag force resistance force force A7 ient resistance

We consider variations in passenger load, vehicle speed, and road slope

10
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Model formulation for electric bus planning

Integer Non-Linear Programming (INLP)

Decision Variables

e Service frequency selection
[integer variables]

e Vehicle type selection
[binary variables]

11
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Numerical experiments: Santiago case study

» Bi-directional BRT route connecting the east and west of the city
* 84 bus stops in each direction

* Mostly positive slope when moving from west to east

» Simulate a 3-h period (7:00 to 10:00 AM)

\ ‘ /
ydLas Condes

Santiago

Pudahuel

20 %

s u [
o % .
- [

-004 002 000 002 004 006
Route gradient

Road slope f?jr. W(i§t-to-East (W-E) Test corridor, bus route 506 in Santiago
irection

12
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Numerical results

3.0
-=«: Total
----- User
20" .
\ - Capital
’% : = Driver
8201\ - = Energy
) © N\
+ N, L~
8 1.5 1 g \."h._._.——"’./
)
o) .
o
Q 1.0 4 e
>
<
0.5
Increasing-Decreasing-Increasing

O-O I T 1] L T T
10 20 30 40 50 60

Frequency (veh/h)

-« Energy consumption cost function is not monotonic as a function of service frequency.

« Only a variable energy estimation model (sensitive to load and slope effects) can identify this

effect.



Chair of Transportation Systems Engineering (TSE)

Department of Mobility Systems Engineering
Technical University of Munich (TUM)

Sensitivity to demand level

601 wmm variable energy demand 17%
. Fixed energy demand

50 A

40 - Accuracy difference

w
o
1

Frequency (veh/h)
N
o

-
o
1

13‘/.i|
0 ] I
0.50

0.75 1.00 1.25 1.50
Demand multiplier

* Using a fixed energy consumption rate instead of a variable energy estimation model can
significantly reduce the accuracy of planning outcomes.

* Solutions are more sensitive to the energy estimation method at larger demand levels.

14
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Variations in energy demand pattern

1

~
o

%\i: M.A NA A 14 %
oy alt :
2 Ml VAL
SR 1111 BRI

10 11 12 13 14 15 1.6
10 20 30 40 50 60 70 80 Energy consumption in kWh/km
Segments

o
©

o

* The average energy demand over this route is 1.34 kWh/km
» 34% higher than the simplified fixed value (1.00 kWh/km), lacking local slope and driving information

15
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Mixed-fleet bus planning

= Developing MINLP models for formulating mixed-fleet bus operations to optimize fleet size and
dispatching programs

. L . Decision Variables
Objective Function

e Fleet size
Minimizing Total Costs ‘
(User Costs + Operating Costs) e Dispatching time

L I

e Dispatching sequence

= In a mixed operating environment, operation of buses of different types is possible to serve
passenger demand

= Complex problem due to fleet heterogeneity, introducing an NP-Hard combinatorial optimization
problem

Demand

This is a combinatorial problem, e.g., with a mixed fleet
Of {AI AI AI AI AI AI BI BI BI BI BI CI CI CI C}I

15!
BIx5ixal 630,630 ways can be suggested only for

dispatching sequence.

> Time

17



Chair of Transportation Systems Engineering (TSE)
Department of Mobility Systems Engineering
Technical University of Munich (TUM)
- u
Mixed-fleet bus planning

= Need for more efficient algorithms to address solution complexity

= Developing two new hybrid metaheuristics to manage solution complexity:

4 )

= Genetic algorithm (GA)

= Grey wolf optimizer (GWO)

»| Established Algorithms

GAMS solvers

\_ Y,
>

\
Hybrid of genetic algorithm and simulated annealing (GA-SA) New Developed
Algorithms
= Hybrid of grey wolf optimizer and simulated annealing (GWO-SA) Hybrid Metaheuristics
\_ J

= Our numerical experiments demonstrate that the developed hybrid metaheuristics outperform the
established algorithms

18
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Performance of metaheuristics

Comparison of solution gaps: Relative to the optimal solutions from GAMS

Small-sized test instances

w

GAP (%)
relative to GAMS
N

_|

of ==

GA GWO GA-SA GWO-SA

GAP (%)
relative to GAMS

w

N

—
T

Medium-sized test instances

E

— —

=

GA GWO GA-SA GWO-SA

 The developed hybrid metaheuristics (GA-SA and GWO-SA) outperform the simpler

algorithms (GA and GWO).
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= CPU times of algorithms

11000 — T T T T T T T T T T T T T T T T T T T T T T T T T T T T 1 300
[ JGAMS L
10000 - —+—GA —{270
—o- GA-SA
9000 — o GWO 4240
-+-GWO-SA
8000 — —_
4210 @
—_ 1 (]
< 7000 £
o 1180 H—
£ — )
= 6000 a
o
= 1190 o
O 5000 ] ®
@ 5
= 1120 ©
5 4000 ) &
o do0 =
3000 le[l=
| o |fo | TZH _
2000 |- :%‘Jr—-ﬂ:—j(’ 1o 60
igﬁ J-odl o ©
1000 =351 : =30
mm p b b e Wb e b Iy B b by 0
S1 S2 S3 S4 S5 S6 S7 S8 S9 S10M1 M2 M3 M4 M5 M6 M7 M8 MOM10 L1 L2 L3 L4 L5 L6 L7 L8 L9 L10

Instance ID

Comparison of the solution methods in terms of CPU times

« The GAMS CPU times are notably high (even for small-scale problems), while the proposed
metaheuristics deliver high-quality solutions in significantly shorter CPU times.
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= Real-world application

[Juser
[ Operator
I Total
> Occupancy level
2 T 1
18 F 10.9
16} Total Cost o3

Reduction

14+

12+

08 F

Avqg. cost (€/pax)
Avg.occupancy level

06

04F

02F

GA GWO GA-SA GWO-SA

Comparing algorithms solutions regarding cost and occupancy levels

* GA-SA and GWO-SA solutions reduce total costs and improve trip comfort (lower crowding levels).

« This highlights the importance of generating precise dispatching plans through advanced algorithms.
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= Sensitivity to demand

[ JUser
[ Operator Large-demand (crowded) scenario
Il Total 2 : . . . 1
' Occupancylevel | 18} Total Cost 4,2.9 B
16 5 o Reducton 198 2
g14; 07 2
>
w12t 106 ©
s 11 105 &
o NnA
© 08 04 8 Low-demand scenario
206 103 © 2
0.2 <C>:’ 9

3~ 00

cost (€/pax

Av

Avg. occupancy level

- N W s~ O

Lo4gl} {0 18}
02+ {0.1 16}
(e 0 14}
GA GWO GA-SA GWO-SA 12+

1

08¢

206

04

02

0

GWO GASA GWO-SA

« Utilizing more advanced (hybrid) algorithms makes a difference in terms of service quality and optimal
fleet size in crowded scenarios, whereas the choice of solution algorithm becomes less significant as
demand decreases.
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Decision making framework for bus system electrification

= Developing a multi-criteria decision-making model for selecting the best charging strateqgies

Charging strategy selection

Multi-criteria
decision-making framework

|

Fuzzy Best Worst Method for ranking alternatives including:

I Opportunity charging Overnight charging

24



Chair of Transportation Systems Engineering (TSE)
Department of Mobility Systems Engineering
Technical University of Munich (TUM)

Advantages and disadvantages of different charging options

Overnight (slow) charging Opportunity (fast) charging

e Battery costs: Opportunity charging systems require smaller on-board batteries, reducing battery costs.

¢ Planning efforts: Opportunity charging systems require more intricate planning with multiple charging
stations along bus routes.

e Charging infrastructure costs: Opportunity charging systems require higher infrastructure costs, related
to the installation of high-powered (fast) chargers and the procurement of land in multiple locations
throughout the city.

e Battery weight impacts: Overnight charging systems require heavier battery packs, increasing the
energy consumption of EBs.

e Electricity tariff: Overnight charging systems can take advantage of cheaper off-peak electricity tariffs at
night.

e Service delays: Overnight charging systems allow EBs to be charged while off-duty, reducing the risk of
operational delays caused by charging idle times during daily operations. 25



Chair of Transportation Systems Engineering (TSE)
Department of Mobility Systems Engineering
Technical University of Munich (TUM)

Decision making framework for electric bus charging
strategy selection

Designing fuzzy BWM

1 Extracting criteria 2 Refining list of criteria by experts ) . .
for gathering experts’ opinions

o 6 6 6 o o o
Literature review > > w “ w “ w
Extensive literature review to identify criteria Interview with experts to refine criteria list Quantifying the weights of criteria
5 Comparing the results 4 Designing fuzzy RAFSI for ranking

alternatives

S
a

Comparing the results of fuzzy RAFSI with fuzzy
TOPSIS and EDAS

Ranking charging options

BWM: Best-worst method
RAFSI: Ranking of Alternatives through Functional mapping of criterion subintervals into a Single Interval 26
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Infrastructure cost

Economic

Operational cost

GHG emission |

Criteria identification

Energy consumption

Important criteria affecting policymakers’ decisions in
selecting charging strategies I

Environmental pollution after
demolition

I GHG emissions for battery
production

Environmental

Water consumption in battery
production

Ecological environment

Job opportunity

Fire risk

Charging infrastructures'
impacts on surrounding
residential areas

Social

City landscape

Criteria

Vehicle capacity

Energy monitoring

Driving range

Operation

Charging duration

| Scheduling complexity

| Crowding

Travel time

| Reliability

Quality of service
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Fuzzy Best Worst Method (FBWM)

Example of fuzzy preferences for main criteria (fuzzy survey)

Step 1: Build a set of criteria.

Step 2: Choose the best criterion and the worst
criterion, representing the most important and the
least important criteria, respectively.

Step 3: Compare the preference of the best criterion
over all the other criteria (Best-to-Others), and the
preference of all the criteria over the worst criterion

(Others-to-Worst).
AB = (dp1,0p2, -, Gpn)
AW = (&1W1 Aoy, '"'anW)

Step 4: Calculate the optimal weights of the criteria by
solving an optimization model.

) Wg N Wj N
min max; —— — (dp; - — a;
J Bj |- W
W, Wy

( n ~
> RO =1
Jj=1

Y <m? < u
120

\ j=1,2,..,n

s.t. o

TUTI

Best criterion

Worst criterion

Criteria
Economic Social
Economic Equally important Absolutely important
Environmental Very important Weakly important
Social Absolutely important Equally important
Operation Weakly important Fairly important
Quality of service Fairly important Very important
Best-to-Others |<
Others-to-Worst |¢
28
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Example for economic criteria

e |5
SHlES
g g Criteria Short description Overnight charging | Opportunity charging
z
1 |Battery cost This relates to the Battery pack price. Good Poor
. . This relates to the costs of purchesing and installing of the
= g
2 |Charging equipment cost chargers, including charging equipments and charging stations. i i
E 3 |Land acquisition cost Th:s relates to the cost of purchasing the required land for charging o fois
@ stations.
@ This relates to the required dnivers and staffs salary who work on
a 4 |Labor cost the charging stations, taking into account the wages on the night Fair Fair
° shift.
=
1
= 5 |Electricity tariff This relates to electricity tariff cost during charging process. Good Fair
Thus relates to different aging phenomena resulting from battery
6 |Battery replacement cost charging frequency and power rates, and the need to replace them Poor Poor
after the specified working hours or duration.
7 |Maint et Thus relates to costs. of regular chec.ks, repwg, or replacing Fair Fair
components for vehicles and charging equipments.

29
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Results of decision-making model for charging strategy selection

= Weights of criteria from FBWM

Battery cost

e N -

Travel time

0.103

0.067

Land acquisition cost

- -
0.066
N » Ranking of alternatives from FRAFSI
Driving range
0.063
e e
GHG emission Higher value
Charging equipment cost_ 0.047 Lower value
: 0.30
o N > T
Ecological environment impacts_ 0.25 -
Crowding %
o 2 0.20
B e §
N
. . >
Schedullng complemty— 0.031 L 015 s
Environmental pollution after demolition —
T : 0.10
0.03
Charging infrastructures’ impacts_ 0.029 0.05
Battery replacement cost
GHG emissions for battery production_ 0.028 Overnight charging Opportunity charging

Job opportunity

City landscape

|
T « The results indicate a preference for
A -

Electricity tariff . h h ) ) h .
abor cost overnight charging over opportunity charging.
L

Water consumption in battery production

Fire risk 0.017

 Battery cost is the most important factor, followed by
reliability, travel time, land acquisition cost, and driving range. 30
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Sensitivity analysis

Sensitivity analysis on charging time weight

= = Overnight Charging Opportunity charging

S1

s5 $2
sag 549 851 _ =3 s

S47 -~ S5

~
S46 5 S S6
N\

45 . 57
sa4 N S8
\
s43 \ 59
542 ‘\ 510

s41 Vv s11
540 : 512
$39 ) 513
538 ; s14
537 / 515

/

$36 p 516
$35 / 517
/7
e
$34 . 518
$33 S < _-7 519
$32 - 520
$31 $21
$30 3522
528 <57 o5 S24
$26

A 13% increase in the weight of charging time leads
to a shift in ranking of alternatives, with preference
for opportunity charging in scenario 31.
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Sensitivity analysis on battery cost weight

= = Overnight Charging

S1
sa8 3315

= Opportunity charging

S2 o
S47 sS4
S46 - S5
545 051 S o s6
s44 7
543 s8
542 )
sa1 510

sS40 “ s11
$39 \ 512
38 : 513
S37 ] S14

!
$36 515

s35 516
s34 517
33 518
532 519
s31 520
$30 s21
529 522
S28 637 e g5 524 523

A 24% increase in the weight of battery cost leads to
a shift in ranking of alternatives, as seen in scenario
37. 31
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Decision making framework for bus system electrification

Developing a multi-criteria decision-making model for ranking barriers to bus system electrification

Ranking electric bus adoption barriers
| | | |

Multi-criteria
decision-making framework I

I Fuzzy Best Worst Method for ranking
barriers

e e
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Decision making framework for ranking barriers to
electrifying bus systems

1 Extracting barriers

Literature review

Extensive literature review to identify barriers

\ 4

2 Screening list of barriers by experts

didid

Interview with experts to refine barriers list

3 Finalizing list of barriers

Technological

Economic

Social

\ 4

Management

Environmental

A list of 28 barriers categorized into five groups

Conclusion

(<))

Identifying economic aspect as the top global barrier

Ranking barriers using
fuzzy best-worst method

(8]

Management - 0.058

Economic 0.038

Technological - 0.034

Environmental §0.000

Ranking barriers in developed and developing countries

4 Data collection with fuzzy survey

A

119141

Collecting perspectives from experts

A survey is applied to 48 experts

from 31 countries
34
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Barriers to electrifying bus systems

Evidence-based
comprehensive
interviews

set of barriers through a

literature

review and expert

Criteria

First level

Technological

Economic

Social

Management

Environmental

Second level

Range limitation ‘

Power grid instability ‘

Limited availability of charging infrastructure

High charging time

Scheduling complexity

technology

Challenges in selecting suitable charging ‘
Uncertainty of battery technology ‘

High purchasing cost of BEBs

High charging infrastructure cost

High electricity tariff

Disposal and recycling cost ‘
High maintenance cost of BEBs ‘

Service reliability challenges

Adverse impact on resident life

Lack of awareness of BEB benefits

Visual impact issues ‘
Site security issues ‘

Lack of regulations for BEB adoption

Lack of financing options

Lack of plan to remove current bus stock

Lack of supportive policies

Limited data and performance benchmarks

Informal transit issues

Challenges in training personnel for BEB

Lack of expertise ‘
operations ‘

Environmental pollution of BEB battery life cycle

Water consumption in battery production ‘

Limited availability of renewable energy sources
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Ranking of barriers in developed and developing
countries

[ Developed countries
B Worldwide
[ Developing countries

0.30 A

0.25 A

0.20 A

0.15 A

Crisp weight

0.10 A

0.05 A

0.00 -

Economic Technological Management Social Environmental
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Ranking of barriers in developed
and developing countries

The top two barriers globally are the
purchasing costs of BEBs and charging
infrastructure costs.

Lack of financing options, lack of plans to
remove diesel bus stock, lack of expertise,
and informal transit are specific barriers
with larger weights in developing countries.

Range limitation, high electricity tariffs,
uncertainty in battery technology are
specific barriers with larger weights in
developed countries.

High purchasing cost of BEBs

High charging infrastructure cost

Limited availability of charging infrastructure

High maintenance cost of BEBs

Range limitation

Lack of financing options

High electricity tariff

Service reliability challenges

Environmental pollution of BEB battery life cycle

High charging time

Disposal and recycling cost

Scheduling complexity

Uncertainty of battery technology

Power grid instability

Lack of regulations for BEB adoption

Limited availability of renewable energy sources

Lack of supportive policies

Lack of plan to remove current bus stock

Challenges in selecting suitable charging technology

Lack of expertise

Lack of awareness of BEB benefits

Water consumption in battery production

Site security issues

Limited data and performance benchmarks

Adverse impact on resident life

Informal transit issues

Challenges in training personnel for BEB operations

Visual impact issues

0.00

= Developed countries
= Worldwide
Developing countries

0.02

0.04 0.06
Global crisp weight

0.08
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Main conclusions

» Fixed energy consumption rates reduce accuracy in electric bus planning compared to detailed
energy estimation models.

= The energy consumption cost function is non-monotonic.
= Optimizing dispatching in mixed-fleet operations aligns supply with time-dependent demand.

= Advanced hybrid metaheuristics improve service quality and fleet size management in crowded
scenarios.

= Battery cost is the most important factor in charging strategy selection.
= There is a preference for overnight charging over opportunity charging.
= Economic barriers are the most challenging aspects to electrifying bus systems worldwide.

» Management barriers are more relevant in developing countries.
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