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Electric mobility is fundamental to combat climate change and attaining the
United Nations Sustainable Development Goals (SDG-11). However, electric
mobility necessitates a seamless integration between power and transporta-
tion systems, as the resiliency of both systems is becoming far more inter-
dependent. Here, we focus on disruption to Battery Electric Bus (BEB) transit
system charging infrastructure and offer a resilient BEB transit system plan-
ning model. The proposed model optimizes the BEB system costs while
ensuring the system’s robustness against simultaneous charging station fail-
ures. In our case study, a single charging station failure would lead to up to
34.03% service reduction, and two simultaneous failures would reduce the
service by up to 58.18%. Our proposed two-stage robust model addresses this
issue with a relatively small added cost (3.26% and 8.12% higher than the base

model). This cost enables uninterrupted BEB system operation during dis-
ruption, ensuring personal mobility, social interaction, and economic

productivity.

The electrification of public transit is a promising solution to combat
climate change'. Electric transit (e-Transit) renders substantial per-
passenger greenhouse gas (GHG) emissions?, aiding significantly in
reducing the transportation sector’s high GHG emissions share (20% of
global CO, emissions)**. During the past decades, battery electric
buses (BEBs) have been identified as a feasible alternative to fossil-
fueled buses*®. Moreover, BEBs’ market share is growing rapidly (91.4%
of the electric bus market in 2020) owing to their energy efficiency,
quiet operation, low maintenance cost, and zero tailpipe emissions’.
However, BEB transit system configuration requires advanced opti-
mization models for charging infrastructure allocation, fleet config-
uration, energy management, and charging schedule®°. Overall, the
complexity of designing a BEB transit system stems from the need to
balance contradictory objects/decisions, such as mitigating the
upfront investment costs (e.g., charging stations and fleet), annual
operational costs, GHG emissions, and utility grid impact. At the same
time, the system should satisfy the operational timetable and level of
service, energy supply considerations, and resiliency against
uncertainties.

Several studies have considered en-route charging for BEBs,
which exploits high-power fast chargers and utilizes layover times for
charging, leading to uninterrupted operation". En-route charging
diminishes the need for a sizable battery size (overnight charging) or
high labor cost (battery swapping). However, it relies on a seamless
energy supply at the charging locations™.

However, BEB transit system operation is susceptible to several
disruptions, such as power outages and equipment malfunction
(real-world examples are detailed in Supplementary Discussion 1).
Recent studies show that current BEB optimization models are
robust against disruptions if solved promptly (within 1 h)*. However,
daily disruption of one charging station could reduce the frequency
of the service by 57%. Therefore, unexpected disruptions can pre-
vent BEBs from being effectively and timely charged, halting their
operation.

Concerns about the effects of charging disruptions on the BEB
system have been pointed out as a critical issue, and calls for plans,
best practices, and models for a resilient BEB system are in place'®”.
Charging station failure is a binary random variable, and it should be
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included in BEB system configuration planning models to achieve a
resilient system design.

BEB transit systems are vulnerable to several external energy
management disruptions, such as energy consumption rates, disrup-
tions to charging components, and electricity outages. Recent studies
focused on BEB system planning under uncertainty, as summarized in
Supplementary Table 1. These studies developed BEB models incor-
porating uncertainty parameters related to energy consumption, tra-
vel time, charging time, passengers’ boarding and alighting time,
battery degradation, and power supply fluctuation®'®*.

Energy consumption is observed as the most investigated uncer-
tain BEB operation parameter, as it is affected by numerous uncertain
factors (e.g., the number of passengers, traffic, weather, etc.). Addi-
tionally, accurate energy consumption estimation is crucial to properly
configure and operate the BEB system®. Some studies also investi-
gated the uncertainty associated with the operation time?.

Most relevant to the present study are the recent works of refs. 22,
23. Their work designed the BEB system considering power supply
fluctuation uncertainty in single-stage robust optimization models
using the budgeted uncertainty set. Their results, solidifying our
argument, show that considering power supply fluctuation uncertainty
impacts the resulting BEB system configuration depending on the
priorities of decision-makers (changing the conservative level). Their
charging power variability formulation differs from the charging sta-
tion disruption uncertainty proposed herein.

First, the power supplied to a bus in a charging station was
assumed to be a random variable that varies within a continuous
uncertainty interval set. In comparison, the charging station failure
should be formulated as discrete (whether the charging station is
working or not). Second, the power supply fluctuation budgeted
uncertainty set in their work is related to the bus lines/trips, not the
charging stations***. In other words, the uncertainty set was for-
mulated for each bus line in each trip and budgeted the summation of
the supplied power deviation from the nominal value in all the char-
ging stations in this bus line/trip.

That said, the scope of previous studies did not consider the
optimal design of a resilient BEB system configuration under charging
station disruption uncertainty, where the uncertainty set is formulated
for the failure of the charging stations at the network level.

The definition of resiliency depends on application*. However,
there is a consensus that systemic resiliency is the system’s capacity to
adjust or react to disruptive events®. Four different concepts of resi-
liency are coined®: (1) robustness: effectively managing disruptive
events so that they have minimal or no impact on the functionality of
the network. (2) Rebound: effectively resuming normal network
operations after disruptions. (3) Extensibility: effectively addressing
unexpected events that may disrupt current activities by extending
system performance or capabilities. (4) Adaptability: effectively bal-
ancing competing priorities to develop the adaptive capacity that can
respond to constantly changing contexts®. This study focuses on the
robustness of BEB systems as the goal is to design a resilient BEB transit
network against charging station disruption uncertainty.

Optimization models for network resiliency are introduced to
assess how the network performance changes due to disruption and/
or identify operation recommendations to overcome network fragility
and vulnerability. The output decisions could be taken before (pre-
perturbation), during, and/or after (post-perturbation) disruption.

Generally, models to improve network robustness include survivable
network design, fault tolerance problems, two-stage stochastic net-
work optimization, interdiction, N - K, attacker-defender, defender-
attacker-defender, and robust optimization (RO), as detailed in ref. 25.

For BEB networks, charging station disruption conforms to
removing network components (nodes/edges). The design of resilient
networks that are robust against component failure uncertainty is
often referred to as survivable network design models (pre-
perturbation)”. These models ensure the resultant network is robust
against up to k network components removal while maintaining the
network operation®. The survivable network design could be addres-
sed in various ways, such as through probability-based models*, RO
models®, and two-stage RO models®. The selection of system para-
meters before component failures naturally leads to min-max-min
formulations, which nicely correspond to two-stage robust optimiza-
tion problems. Moreover, the two-stage RO formulation avoids the
necessity of the component failure distribution (probability-based
models) and provides a less conservative design (single-stage RO
models)*. As such, two-stage RO models have been widely used in
many applications to design a survivable network under component
failure uncertainty*.

Overall, the two-stage robust optimization method is a practical
approach to address the uncertainty in situations like charging station
failures in the BEB system configuration planning. The focus is not on
the probability of charging station failures but on ensuring that the
BEB system works even in the worst-case scenario. Herein, system
disruption is defined as a charging station failure that impacts the
entire operation day.

This work develops a resilient BEB system configuration model
that optimizes the total costs (capital and operational) while ensuring
the model’s robustness against k simultaneous failures of charging
stations, where k is a conservative risk level supplied by the decision-
maker. The proposed model provides the optimal BEB system infra-
structure, including locations of the charging stations, stations’ con-
figurations (power of charger and the number of poles), and BEB’s fleet
battery sizes. Furthermore, it provides a resilient charging/operation
schedule for the transit fleet under any k charging station failures. The
model is applied to a real-world, large-scale bus transit network and
demonstrates its effectiveness. Undeniably, a resilient BEB system
design comes with additional costs. The Price of Robustness of the
Robust Models with k=1and k=2 are marginal (3.26% and 8.12% higher
than the Base Model, respectively). This cost prevents a significant
service reduction if one (34%) or two (58%) charging stations fail.

Results

BEB system configuration: Base Model

The proposed resilient BEB system configuration model is formulated
as a two-stage RO and applied to the transit network in Oakville City
(see Supplementary Discussion 2). The solution framework is detailed
in “Methods: Solution algorithm”. In addition, the convergence of the
solution framework is shown in Supplementary Discussion 3.

The BEB system configuration of the Base Model (no station fail-
ure) is presented in Table 1. The optimal BEB system under the nominal
operation required five heterogeneous charging stations equipped
with eight poles. A fleet of 91 BEBs with heterogeneous battery capa-
cities is required to satisfy operation. Most buses (59.34%) are equip-
ped with 100 kWh battery capacity.

Table 1| Results of BEB system configuration (Base Model)

Total system cost ($/year) BEB fleet configuration (# x kWh) Number of charging

Power of charging units (# Number of poles (#)

stations x kW)
Base Model $ 6,959,381.19 54 x100 5 1x 250 8
34 x 200 4x500
3x 300
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Table 2 | System annual costs (Base Model)

Table 4 | Service reduction at r = 2 (Base Model)

Parameter Amount ($) Percentage (%) Disrupted Station ID 3 4 1n 14
Construction cost $ 39,957.07 0.574% 1 44.1M% 58.18% 46.43% 38.08%
Chargers cost $ 83,004.14 1.193% 3 38.72% 22.93% 14.59%
Battery cost $ 697,916.73 10.028% 4 44.54% 30.12%
Fleet cost $5,332,936.24 76.629% n 19.44%
Operational cost $ 805,567.01 11.575%

Total annual cost $ 6,959,381.19 100.00%

Table 5 | Results of BEB system configuration (Robust Models)

Models Total system BEB fleet con- Number Power of Number
. . . cost ($/year) figuration (# of char- chargin of
Table 3 | Failed buses and service reduction at r =1 LA x?(wh) ( ging unitsg(#g poles (#)
(Base Model) stations  x kW)
- - Base $ 54 x100 5 1% 250 8
Disrupted Station ID 1 3 4 1" 14 Model  6,959.38119 34 x 200 4 x 500
Number of failed buses 30 8 21 12 6 3 x 300
Service reduction 34.03% 10.28% 26.39% 14.55% 2.85% Robust $ 54 x 100 18 9 x 250 19
Model k 7,186,845.54 33 x 200 9 x 500
=1 2 x 300
1x500
The distribution of the BEB system costs is presented in Table 2, 1x 600
with a total annual cost of $6,959,381.19. It should be highlighted that  Robust $ 47 x 100 33 21x250 33
the capital expenses are amortized over the 12-year lifespan. The pri-  Modelk 7,524,798.35 29 x200 12 x 500
mary contributor is the fleet cost without batteries (76.63%), while = g: 288
operational costs (electricity ToU, demand charge, and GHG emis- 1x500

sions) account for 11.58%. In comparison, BEBs’ batteries contribute
10.03%, and the charging system (charging stations infrastructure and
chargers) accounts for 1.77%.

The optimal five locations for the en-route charging stations are
distributed across the network (see Supplementary Fig. 2). The num-
ber of BEBs charging at each station varies between 8 and 50 buses. In
turn, the charging instances, overall duration of charging, and energy
demand differ widely from one charging station to another. Each
charging station failure scenario affects the BEB system operation
differently. For example, Oakville GO Station (ID 1) is a critical charging
point. It charges 50 BEBs out of 91, serving 15 routes, using 318 char-
ging events with a total of 4837.02 kWh daily energy demand (27.45%
of the fleet energy demand). Therefore, any disruption to this station is
expected to significantly impact the system’s operation.

The robustness of the Base Model is assessed by estimating the
number of daily failed buses and service reduction in all the r simul-
taneous charging station disruption scenarios (r interdiction method).
This robustness assessment is calculated by solving the inner sub-
problem (ISP) (Egs. 75-77 in “Methods: Solution algorithm”) for each
failure scenario. It is worth noting that ISP is minimizing the impact of
the charging station failure scenario on the BEB system operation by
obtaining the optimal charging scheduling that reduces the number of
failed buses. The results of r =1and r =2 are presented in Tables 3 and
4, respectively.

In the event of a single charging station failure (designated as r =
1), the daily operation is reduced by up to 34.03%. In the case of two
simultaneous charging station failures (r=2), the failure of Stations ID 1
and 4 reduces the service by 58.18% due to a failure of 48 BEBs.

The robustness assessment of the Base Model emphasizes the
sensitivity of the BEB system operation to the charging station failure.
It demonstrates the importance of the developed resilient BEB system
configuration model in preserving the full operation and level of
service.

A resilient BEB system configuration

The BEB system configurations of the Robust Models (k =1 & 2) are
summarized in Table 5 (for more details, see Supplementary
Tables 4-6). For the Robust Model (k = 1), the BEB charging system
comprises 18 charging locations with a heterogeneous charger-rated
power and 19 poles. Moreover, the fleet configuration differs from the

Base Model, introducing BEBs with higher battery sizes (400 kWh, 500
kWh, and 600 kWh). This resulting BEB system configuration is robust
against any single charging station failure. During failure, the model
creates a new charging schedule utilizing the remaining charging sta-
tions and ensures that all BEBs complete their scheduled trips (an
example is illustrated in Supplementary Tables 7 and 8). For instance,
the energy demand of Bus ID 3 is 412.8 kWh drawn from four en-route
charging stations ID 4, 7, 19, and 24 in the nominal operation (163.79
kWh, 33.33 kWh, 118.52 kWh, and 97.18 kWh, respectively). In the case
of the failure of any of these four charging stations, Bus ID 3 charges
the same amount from the remaining three stations (for more details,
see Supplementary Tables 9 and 10).

In the Robust Model (k = 1), the day-to-day operational costs vary
from $2,021.47 (no disruption) to $2,069.85 (disruption of Station ID 4).
Supplementary Fig. 3 and Supplementary Table 11 illustrate the dai-
ly operational costs of all the scenarios of one and two charging
station disruptions in the Robust Models with k = 1 and k = 2,
respectively.

For a higher level of conservative (k = 2), a resilient BEB system
requires 33 charging stations with 33 poles. The remaining 31 stations
will satisfy the fleet energy demand if any two charging stations are
jointly disrupted.

Even though the robust BEB system configuration has more allo-
cated charging stations (18 locations in k =1 and 33 locations in k = 2)
compared to the Base Model (5 locations), the number of charging
stations with multiple poles in the Robust Models is lower (one station
in Robust Model with k=1 and none in the Robust Model with k= 2). In
comparison, the Base Model has two stations with multiple poles.

The energy demand shows the same trend (Supplementary
Tables 12-14). The Base Model’s highest daily energy demand location
is 5679.78 kWh. However, in the robust BEB system configuration with
k =1 and k = 2, the highest daily energy demands are 2807.45 kWh
(=49% of the Base Model) and 1805.25 kWh (=32% of the Base Model),
respectively.

The Price of Robustness (PoR)
The proposed two-stage RO Model provides a resilient BEB system
configuration against k simultaneous charging stations. However, this
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comes at an additional cost, as presented in Table 6. This cost is called
the Price of Robustness (PoR) (see Eq. 22 in “Methods: Two-stage
robust model”).

The PoR of the robust BEB system configurations with k=1and k=
2 are 3.26% and 8.12%, respectively. Therefore, designing a robust BEB
system for Oakville’s transit network that can function with one char-
ging station failure will only cost 3.26% more than the Base Model. This
will prevent up to a 34.03% reduction in operation. The dollar value of
such service reduction is enormous. For k = 2, a robust BEB system
costs 8.12% more than the Base Model. However, it prevents up to
58.18% of service reduction if two charging stations are disrupted.
Eventually, system robustness enhancement increases the total
expenditure.

For further clarification, Fig. 1 shows the percentage cost devia-
tion of each component between the Base Model and the Robust
Models with k =1 & 2. All the capital costs are increased in the Robust
Models except the fleet cost (without batteries). The charging system
costs are also increased, including infrastructure costs (number of
stations) and chargers costs. The battery costs also increased, but not
as much as the charging system costs. On the other hand, the opera-
tional costs in the Robust Models are lower. Similarly, the on-peak

Table 6 | System annual costs (base and robust models)

Parameter Base Model Robust Model, k  Robust Model, k
=1 =2

Construction cost  $ 39,957.07 $143,845.43 $ 263,716.63

Chargers cost $ 83,004.14 $ 242,086.54 $ 405,324.47

Battery cost $ 697,916.73 $ 729,882.38 $ 836,434.56

Fleet cost $ 5,332,936.24

$ 6,153,814.18

$5,332,936.24
$ 6,448,750.60

$5,332,936.24
$ 6,838,411.89

Capital costs

Operational $ 805,567.01 $ 737,837.80 $ 686,386.46
costs®
Total annual cost ~ $ 6,959,381.19 $7,186,588.40 $7,524,798.35

2Operational costs include the electricity ToU, demand charges, and emissions costs and are
estimated in the Robust Models based on the scenario of no charging station failures (nominal
operation). Please note that the battery capacity of each model is a decision variable, hence the
variation of the battery cost across models.

600%
500%
400%

300% 260.0%

191.7%
200%

100% 25.2% 26.9%

20.9%
BB

-2.9% 12.3%

Deviation from the Base Model (%)

3.26% 4.6% 0.0%

0%
-8.4%

-100%
Robust Model, k=1

m Total annual cost ($) Infrastructure cost ($)

Fleet cost ($) Operational costs ($)

M Electricity demand charge ($) m Off-Peak Energy demand (kWh)

Fig. 1| Cost comparison between Base Model, Robust Model (k =1), and Robust
Model (k = 2). Each parameter in the Robust Model with k =1 (one charging station
failure) and the Robust Model with k =2 (two charging stations failure) is compared
with the Base Model parameter (no charging station failure). These parameters

include the system costs, GHG emissions, and energy demand in each period. Each

-64.4%

demand of the Robust Model with k=2 is 77% lower than the Base
Model. Most importantly, the total system GHG emissions of the
Robust Model with k=2 is 8% lower than that of the Base Model.

Discussion

Several certain (e.g., maintenance) and uncertain actions (e.g., elec-
tricity outage and component failure) face BEB transit systems,
accentuating the importance of a resilient BEB system configuration
implementation. However, the cost of a resilient BEB system is related
to the conservative level (k). The BEB system configuration, total sys-
tem costs, and surely the degree of the system robustness depend on
the k value. The appropriate k value for any given transit network
should consider the project budget, the risk facing the charging sys-
tem, the price of robustness (PoR) for several k values, and the
robustness assessment.

Motivated by these issues, this work contributes to the develop-
ment of a two-stage RO model for a resilient BEB system configuration,
planning, and operation that considers charging station disruptions. In
the first stage, the model decides the optimal locations and config-
urations of the charging stations and the BEB fleet configuration based
on the worst-case realizations in the charging station failures uncer-
tainty set. In the second stage, the recourse decisions of the charging
schedule are obtained based on the first-stage BEB system infra-
structure and the revealed uncertainty. In summary, the main con-
tributions of this work

1. The model estimates the optimal locations of the charging sta-
tions, the number of poles and charger-rated power (hetero-
geneous), and the BEB fleet battery capacities (heterogeneous).
The model minimizes the BEB system infrastructure and opera-
tional costs while accounting for the electricity Time-of-Use (ToU)
tariff and demand charges, the time-based spread of the GHG
emissions intensity, and limit constraints of the utility grid
demand.

2. The model guarantees that the optimal BEB system satisfies full
operation under any charging station failure scenario while opti-
mizing the BEB system configuration for planning and operation.

3. The proposed resilient BEB system configuration model is applied
to a real-world, large-scale multiple hubs transit network under

560.0%

388.3%

%
20.2%

— -
-77.2%

19.8%

0.0% 19.0%

8.12%

- 0,
-14.8% 7.7% -18.8%

Robust Model, k=2
Chargers cost ($)

B GHG emissions (tCO2e)
W Mid-Peak Energy demand (kWh)

Battery cost ($)
W Electricity ToU ($)
B On-Peak Energy demand (kWh)

bar represents the parameter’s relative percentage change in Robust Models from
the Base Model value. The relative percentage value is estimated using the fol-
lowing formula: (Robust Model parameter value — Base Model parameter value)/
(Base Model parameter value).
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the nominal condition (k = 0) and different charging station
failure budgets (k=1 & 2).

4. The model quantifies the price of robustness, enabling decision-
makers to balance costs and risks.

5. The proposed resilient BEB system configuration model against
charging station failure uncertainty could be readily implemented
in practice.

Previous works in the literature, including our work in Foda®,
focused on developing static and generic BEB system configuration
optimization models that are insensitive to the impact of charging
station disruptions on the system configuration. Considering our work
in Foda®® and recent BEB literature, the BEB system design is not robust
against charging station failure. Therefore, the service is susceptible to
severe operation reduction during charging station failure.

Thus, in this study, the proposed model provides an optimal BEB
system configuration design that satisfies full operation under any
charging station failure scenario while optimizing the BEB system
configuration for planning and operation. The obtained resilient BEB
system design provides a feasible charging schedule under any k
simultaneous charging station failure scenario.

Specifically, this work is different from our previous work in
Foda* across the following aspects: (1) the main objective here is to
develop a resilient BEB system configuration that is robust against
charging station disruptions. In comparison, the model in Foda®
focused on providing a static and generic BEB system configuration for
planning and charging schedules that did not consider the impact of
the charging station disruption. (2) The optimization model in the
present study is formulated as a two-stage robust optimization pro-
blem to address charging station failure uncertainty. The proposed
model is solved using the nest column-and-constraint generation
algorithm. In contrast, the model developed in Foda® is formulated as
an integer linear programming problem and solved by an over-the-
shelf solver. Therefore, the two models are different in the model
structure.

Indeed, the BEB transit system is susceptible to unexpected dis-
ruptions that could prevent BEBs from charging. In turn, BEB system
configuration predominantly relies on cost-minimization-based mod-
els, which are vulnerable to charging station disruptions®. Post-
perturbation efforts (e.g., external generators or bus replacement)
could either decrease the operation level of service (e.g., BEBs violate
the timetable) or increase the costs, lowering the BEB system’s eco-
nomic and reliability competitiveness. These concerns emphasize the
need for a resilient BEB system configuration model (pre-perturbation)
that could handle the charging station failures uncertainty while
minimizing the system costs and, most importantly, ensuring full-
service provision.

We developed a two-stage Robust Optimization model with a
budgeted uncertainty set that minimizes the total system annual costs,
including capital and operational costs. This formulation produces
fewer conservative designs compared to a single-stage model and
avoids the necessity of failure probability distribution required in
stochastic models.

The model is applied to a real-world, large-scale bus transit net-
work and demonstrates its effectiveness. The model is solved under
two different levels of disruption (conservative k = 1 & 2), as sum-
marized in Table 7. Undeniably, a resilient BEB system design comes
with additional costs. However, these costs will be lower than any
unoptimized post-perturbation activities to handle the charging sta-
tion failures impact. The PoR of the Robust Models with k=1and k=2
are 3.26% and 8.12%, respectively. This additional cost prevents a sig-
nificant service reduction if one (34%) or two (58%) charging stations
fail. Such service reduction could lead to enormous losses in economic
productivity, personal mobility, and social interaction. Interested
readers are encouraged to see Supplementary Discussion 4 for more
details.

The proposed model is applied to another transit network with a
different network structure, operational timetable, and number of
buses (Guelph City, Ontario, Canada). The detailed results are pre-
sented in Supplementary Discussion 5.

Sensitivity analyses are conducted to understand the impact of
parameter variations, including the charging system costs (infra-
structure and chargers), battery costs, and operational costs (elec-
tricity ToU, demand charges, and GHG emissions). The results of the
sensitivity analysis are detailed in Supplementary Discussion 6.

Methods

A BEB system comprises three components: a transit network, a fleet of
BEBs, and charging infrastructure (stations and poles). As such, it could
be abstracted as a directed graph G(V,E). A set of nodes N representing
potential charging locations, a set of edges E representing routes
served by BEBs.

This study develops a two-stage robust model for a generalized
resilient BEB system configuration. The proposed model optimizes the
total annual BEB system cost while handling up to k charging stations
failure (k > 1). The model estimates the optimal locations of the char-
ging stations, system components (number and location of charger
stations/poles, their rated power, and BEBs onboard battery size), and
optimal charging schedule (which station, charging time, charging
duration, and charged energy). Moreover, the model considers partial
and continuous charging strategies, electricity ToU tariffs and demand
charges, WTT GHG emissions temporal distribution, and the utility
grid power constraints at the station and network levels. The proposed
model follows six assumptions as follows:

* The operational timetable of the transit network is satisfied*”.
+  All BEBs begin their operation day at full charge®.

* The battery capacities of the BEB fleet are heterogeneous
* The number of stations, poles, and charger-rated power are

heterogeneous®,
+ System disruption is defined as a charging station failure that will

impact the entire operation day®.
* No backup buses are utilized to fulfill the trips of the failed buses

due to the high added cost.

36,37

The rationale of the last assumption is (1) the high cost of the BEB
relative to the cost of the charging station, (2) the high number of
failed BEBs due to daily charging station disruption (more than the

Table 7 | Cost and behavior of the proposed resilient BEB models

Model Base Model Robust Model, k=1 Robust Model, k =2
Total annual cost (budget) $ 6,959,381.19 $ 7,186,588.40 $ 7,524,798.35

Price of Robustness (PoR) NA 3.26% 8.12%

Additional cost from the previous model with k -1 NA $ 227,207.21 $ 338,209.95
Maximum service reduction if one station fails 34.03% 0.0% 0.0%

Maximum service reduction if two stations fail 58.18% 13.73% 0.0%

Maximum service reduction if three stations fail 59.67% 22.38% 8.92%
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Table 8 | Abbreviations and notations

Abbreviation Description Abbreviation Description
BEB Battery electric bus SP Sub-problem
WTT Well-to-tank LB Lower bound
GHG Greenhouse gas uB Upper bound
ToU Time-of-Use IMP Inner master problem
SoC State of charge ISP Inner sub-problem
MILP Mixed integer linear programming ILB Inner lower bound
C&CG Column and constrained generation 1UB Inner upper bound
NC&CG Nested column and constrained generation GTFS General Transit Feed Specification
MP Master problem VKT Vehicle kilometers traveled
Sets Description Index Description
I Set of potential charging station locations i Potential charging station location index
B Set of buses b bus index
Jp Set of segments accomplished by bus b j Segment index
A Set of power levels of the station charger unit t Timeslot index
Abatt Set of battery capacity levels q Failure scenario index
Reji Set of timeslots of the recovering time of bus b after accomplished seg- r Inner-level C&CG scenario index
ment j at the location i
g Set of the uncertainty of charging station failure ® Demand measurement interval index
Q Set of daily demand measurement intervals
T Set of the timeslots within a workday
To Set of timeslots in demand interval w
Parameters Description Parameters Description
o Construction cost of a charging station ($ per location) Q™ Maximum battery size (kWh)
o Charger cost ($ per kW) M Upper charging limit related to the battery capacity
Jolad Charger pole cost ($ per unit) pimax:st The station’s upper limit of power in timeslot t according
to ToU (kW)
ot Battery cost ($ per kWh) gmin Minimum SoC limit (%)
o3 Bus cost without battery ($ per bus) gmax Maximum SoC limit (%)
o Number of workdays (#) eh=2 The constant energy consumption rate (kWh per km)
Ts Timeslot duration (hour) s The energy consumption rate factor relevant to the BEB
battery size
pf(“‘ Electricity rate according to ToU in timeslot t ($ per kWh) ng* The charger pole’s maximum power (kW)
pem WTT GHG emissions rate in the timeslot t ($ per kWh) dp,j Segment je Jj, length of bus b (km)
T Annualization factor (#) N Ma)ximum number of charger poles in charging station
HE
P Electricity daily demand charges ($ per kW) k Maximum number of failed stations (#)
neh Charger efficiency (%) pren Penalty cost for the failed bus ($)
pimax.net The network upper limit of power in timeslot t according to ToU (kW)
spare ratio), (3) and the need to provide smooth operation to the Base Model

passengers, drivers, and transit agency even during charging station
disruption.

During operation, the recovering time between two consequence
trips is exploited to charge BEBs. Specifically, during each recovering
time, the decisions to charge and the charging duration are informed
through the BEB system configuration optimization. Moreover, each
charging event should satisfy two concepts: partial charging, which
caps the charging duration by the available recovering time, and
continuous charging, which restricts the charging to be in a con-
tinuous time interval. In addition, the charging power of each charging
event is variable. It is related to several parameters, such as the charger
pole-rated power limits, the available power depending on the sta-
tion’s charger unit-rated power, the number of BEBs charging simul-
taneously, and the BEB battery capacity.

For the reader’s convenience, the abbreviations and notations are
summarized in Table 8, and the decision variables are presented in
Table 9.

The Base Model, without failure uncertainty of charging stations, is
constructed as follows. Let / denotes the set of candidates charging
locations. The binary decision variable x; indicates whether location i €
I is selected as a charging station. The selection of candidate charging
station locations is based on three measures. First, the weighted
degree centrality (the number of buses recovering) of each bus stop,
terminal, or hub in the network is estimated, and stations with a higher
weighted degree are prioritized. Second, for each route, the start, end,
and any other en-route stop with a lengthy recovering time (>2 T,) were
considered. Third, the number of en-route candidate charging stations
in the routes for each bus should be at least k + 1, where k is the budget
of the charging station failure. The rationale is to ensure that the
resulting solution is flexible to address the failure uncertainty using all
the available decisions (charging station location and configuration,
onboard battery capacity, and charging schedule).

The charging station in location i (x;=1) is equipped with a charger
unit of rated power P{* and a number of charger poles N?°. A penalty
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Table 9 | Decision variables

Decision variables  Description

Xi A binary decision variable denotes whether the location i is chosen as a charging station or not

NP° A non-negative integer denotes the number of the charger poles in location i € |

pst The charger unit-rated power at station i €/

Qp The battery size for bus b € B

Zpj A binary decision variable denotes whether the bus b failed after serving segment j or not

Ybiit A binary decision variable, y, ;. = 1if the bus b charged in charging station i after serving segment j at timeslot t, yj,; ;. = O otherwise
Opjit An auxiliary binary decision variable

Vbt An auxiliary binary decision variable

P jit A non-negative continuous variable indicates the charging-rated power for bus b after accomplishing segment j in location i at timeslot t
Pf’ Peak power demand of charging station i

Ps Average power demand in charging station i during demand interval w

Sgel”’ A non-negative continuous variable presents the battery level of bus b before departure to serve segment j from the potential location i (kWh)
& A binary decision variable, & = 1if the charging station in location i is failed, & = O otherwise

An auxiliary continuous variable

An auxiliary continuous variable

Dual variable for the sub-problem continuous variables

cost of unsatisfied operation is added, which accounts for failed BEB
trips during disruption. This is to meet the relative complete recourse
property of the proposed two-stage robust model. For each bus b € B,
zp; is a binary variable indicating if bus b will fail to operate after
serving segment j due to insufficient battery state of charge (SoC)
under the lower limit. A high penalty cost with a suitably large value is
included ensuring that a full operation is satisfied. The trips of each bus
b are split into a set of segments J,, where the index j € J, indicates a
sub-trip between two consecutive potential charging locations. The
working day is discretized to uniform timeslots 7 and is indexed by
t € T. The objective function of the Base Model in (1) aims to minimize
the total annual BEB system cost, comprising six terms. The capital
costs are annualized using a factor 7 related to lifespan and the dis-
count rate.

Zpstx +TZ< ChP[+pp°N‘;w) +Tz(pbatth+pbus)

x,P%NP,Qz, y a, y P P4 e siep il beB

* ZZF’W"ZW*‘ST:

beB jeJy
I DC pd
S (o 7)o +6 3PP
teT iel beB jel, iel

@

In Eq. (1), the construction cost of charging stations is (p*),
followed by the cost of charging components (charger units p and
charger poles p). The fleet cost includes batteries p®® and buses
p?s. The penalty cost (p**") is allocated for unsatisfied trips due to
failed buses if they exist. The operational costs include electricity
ToU tariffs (p¢ect), well-to-tank (WTT) GHG emissions (p¢™), and
demand charges (p”). The first two parts of the operational costs are
related to the power to charge bus b in station i after serving seg-
mentj at timeslot ¢ (Pp;,), and the latter is related to the daily peak
power demand (P¢).

It is worth noting that including the temporal WTT GHG emissions
resulting from electricity generation in the proposed model aims to
decrease the overall GHG emissions of the entire system, enhances the
environmental competitiveness of the BEB system, and aligns with
carbon pollution pricing policies*’. In Rupp®, the charging schedule is
optimized, incorporating the electricity ToU rates and the time-based
values of CO,e emissions per kWh. The research reveals that inte-
grating WTT GHG emissions into the optimization process results in a

14.9% reduction in total system GHG emissions. Additionally, in Foda®,
when both the ToU of WTT GHG emissions and electricity tariffs are
taken into account, the total annual WTT GHG emissions decrease
by 13.34%.

The model in (1) is solved under a set of constraints (2-18).
Constraints for the battery state of charge (SoC) are described in
(2-5). The battery capacity of each bus b during operation is
limited to a predetermined range to satisfy the scheduled trips. In
(2 and 3), the arrival battery capacity of bus b to location i after
serving segment j should be higher than a minimum value (8™"
Qp). Equation (2) restricts the arrival battery level for the first sub-
trip as the buses are fully charged at the start of the operation
97 Qp (Assumption 2), while Eq. (3) constrains the remaining
sub-trips. Where S, "” is the battery level when bus b departs from
location i to serve segment j and dy,;(eboe +ebattQ,) is the con-
sumed energy in this segment. The consumed energy during
operation in segment is a function of the segment length d,,; and
the energy consumption rate. In this work, the energy con-
sumption rate is formulated as (€@ +eb%tQ,), where €*** is the
energy consumption rate for the base component without
including the battery weight, €*** Q, is the variable component of
the energy consumption rate due to the weight of a battery pack
with capacity Q,, and € denotes the extra energy consumption
rate resulting from an increase in the battery size by one unit**%
It is worth noting that raising the bus battery capacity results in
an increase in the weight of the battery pack, subsequently
leading to a higher bus energy consumption rate*’. While the
departure battery capacity (Sde”) is restricted below a maximum
percentage (3™*) of the battery capacity (Qp) as mentioned in
Eq. (4). Moreover, the relation between the departure battery
capacity of bus b from location i to serve segmentj (Sde") and the
following segment departure battery capacity S is presented
in Eq. (5).

In the case of a bus b failure after serving segment j (z,; = 1),
according to Eq. (5), all battery capacity constraints will be redundant,
the bus will be out of the charging network, and a penalty cost will be
added. While if no failure occurs, Eq. (5) emphasizes that the battery
capacity when bus b departure to segment j + 1 (Sb e ;) equals the
summation of the battery capacity when the bus departure to the pre-
vious segment j (Sde" ) and the charged energy during the recovering
time after serving segment Jj (ZthbN nhT.P, j,,¢) minis the consumed

b,/+ll
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energy during segment j.

8maXQb _ db,j (ebase +ebatth> > smin Qb vb e BJ-=1 (2)

st _d, (ebase +eb“fo,,) > gminQ, VbeBYjeJ\licl

bj,i

3)

SZ:;z < gmxQ, vbeBNjel\liel “4)

d d
Sb;ﬁl,i’ < Sb;,.’i —dp,; (eb75e +ebarr ) + [e%» ) 7! TsPosis
oA
+QMX 3 Zp; S)
Jsj

Vb e BNjj €J,\Li& €l

Through Egs. (6 and 7), the charging power of bus b after
serving segment j in location j during timeslot ¢ (Py;,) is boun-
ded. Constraint (6) works in two ways. First, the charging power
Py i is zero if the binary decision variable of charging bus b in
timeslot ¢ (V) is zero. In addition, Ppj;, is lower than a max-
imum charger pole’s power limit P,;™. In Eq. (7), the charging
power is lower than a maximum factor (A;) multiplied by the
battery capacity. This factor is related to the battery C-rate (the
rate of charge or discharge relative to the battery capacity).
Charging above the C-rate will lead to accelerated battery
fading*’.

Pyjie SPITO"Xbe'M VbeBNjelyiclvteR,;; (6)

Ppjie <AQ, Vb e BNj € )i el Nt e Rpji @)

Equations (8-10) establish a continuous charging strategy using
the auxiliary variables a;. and yy;.. From Eq. (8), ap ;. captures the
status of unplugging the charger pole. Similarly, in Eq. (9), yp,;. €quals
one if the charger pole is plugged into the bus. Therefore, Eq. (10)
enforces the charging continuity by setting the status change of
plugging and unplugging to be less than or equal to one during the
same charging process.

Apjiie ZVbjic —Vbjic+1 VbeBYjelpiclVteRy;; (8)

Vbjit ZVbjic — Vbjic-1 VbeBNjelyiclVteRy;; (9)

Z Apjic = Z Vbjie <1

Vb eBNjelyielVtcRy;; (10)
teRb.,-J- teRb.,-,[

The charging station constraints are presented in Eqgs. (11-13).
Equation (11) guarantees that if no charging station is built in location i,
there is no charger unit with N¥° charger poles deployed at this loca-
tion. Moreover, the number of charger poles utilized in any allocated
station is bounded by an upper limit N7 which varies across loca-
tions. Equation (12) ensures that the number of buses charging in the
same timeslot ¢ and location i is less than or equal to the deployed
charger poles. Similarly, in Eq. (13), the summation of the charging
power at the same location and timeslot will not exceed the charger-
rated power at this charging station (P{’). In Egs. (14 and 15), the total
charging power during each timeslot ¢ for each allocated station and
network level is restricted to be less than the upper bounds that

depend on the ToU.

NP < N™x; Viel a1
> VoSN Vielj, el)pVteT 12)
beB
> Py <P VieljelpVteT g3
beB
ZP bjit <P st VielVteT 14)
beB
DD Pojie P vteT (15)
iel beB

The electricity demand charges are determined by the peak
power demand recorded during a billing period. It is measured as the
maximum average electric power consumed within a specific time
interval (e.g., 1h). The average power of each demand measurement
interval w € Q in station i is calculated based on Eq. (16), where Q is the
set of daily demand charges measurement intervals and T, is the set of
timeslots in demand interval w. In turn, in Eq. (17), the maximum daily
power demand Pj-’ in charging station { is estimated.

tZT bzspbm 16
eT, be .
PovE = VielvoeQ (16)
Tyl
Pl =P VielVweQ  (17)
Equation (18) imposed the types of variables, such as

Xi,Zb V)i %, ;e ANd Vp ;. are binary, N?° is a non-negative integer,
andP,;; PP, and SZ;”[. are continuous. The variables P{ and Qp are

i’
selected from predefined finite sets that represent a wide range of the
available values/specifications in the market with the recent technol-
ogy. The Base Model of the BEB system configuration is formulated as a

mixed integer linear programming (MILP).

x; € {01} Viel

Pt e A% Viel

NP €Z,, viel

Q, € Abatt vb e B

z,; €{0,1} vb € BNj €/,

Ybjic €101} Vb eBYje)piclVteRy;;
apjic € 10,1} VbeBNje)yielVteRy;; 18)
Vbjic € 10,1} Vb eBYje)yiclVteRy;;
Ppjic20 VbeBNjelyiclVteRy;;
PY>0 Viel

sz')g >0 VielVoeQ

Sy =0 Vb eBYjelpicl

Two-stage robust model

The two-stage robust model satisfies all the charging station failure
scenarios at the minimum total system costs. A budgeted uncertainty
set presented in Eq. (19) is defined to allow up to k simultaneous fail-
ures of charging stations from the beginning of the BEB system
operation. Where & is a random binary variable denoting whether the
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charging station in location i € / fails.

9

z= {f eo: Zf,-sk}

iel

Given the uncertainty set = defined in Eq. (19), the resilient BEB
system configuration model is formulated as follows.

St AP0
LPENTQ g il beB

+ max min {Z > PPz,

€= 2y ay PPt s'? | bep Jely

o1 (S o

teT iel beB jeJy iel

min [T Zpstxi 4T Z (pC"Pft +ppoN,;70> +T Z (pbatth +pbus):|

(20)
Subject to: (2-12), (14-19), and

Zpb,j,i,t <P(1-§)

beB

vieljel,vteTSe= 1)

In this two-stage RO model, the decisions of the charging stations
allocation, charging unit-rated power, the number of charger poles in
each station, and the battery capacity of each bus are taken in the first
stage of minimization (here-and-now decisions). However, the actual
operation decisions, such as the charging schedule (charging decision,
charging power, and segments-specific departure battery SoC) and the
bus failure decision, are taken in the second stage after the charging
station perturbations have occurred via the maximization over the
uncertainty set = (wait-and-see decisions).

Most notably, multiplying the daily operational costs in the
objective function by the parameter é (number of workdays) does not
mean that the charging station failure £ € = will last for all the 6 days.
This approach is utilized as the operational costs are estimated daily
(depending on the charging schedule), and the objective function is
represented annually. Moreover, the two-stage optimization model
relies on minimizing the impact of the worst-case scenario approach,
which aligns with assuming the annual operational costs are caused by
the worst-case charging station failure on all days. However, this is just
the worst-case scenario. The actual annual operational costs of the
obtained resilient model are estimated after the realization of each day
charging station failure uncertainty.

The objective function of the two-stage RO model is solved under
the same constraints of the Base Model after modifying Constraint (13)
to Eq. (21) to include the uncertainty budget set constraint presented
in Eq. (19) and have the failure decision and the associate uncertainty
set in the model.

Equation (21) ensures that the charging power in the failed station
is zero. Moreover, this emphasizes that the charging decision variable
Yb,ic Of bus b € B after serving segment j during timeslot ¢ € T in failed
station i will equal to zero as restricted in Eq. (6). It is worth noting that
this modification does not restrict charging infrastructure allocation in
the failed location. In contrast, and due to the maximization r?a_x to

€=

estimate the worst-case scenarios, the random disruption variable &;
will equal to one only in locations i chosen to build charging stations
(x;=1). Toward this end, the proposed resilient model provides the BEB
system infrastructure planning (number and configuration of charging
stations and BEBs configuration) that is robust against the charging
system infrastructure disruption.

The price of robustness is calculated using Eq. (22)%, where
ROSC(k) and DOSC are the optimal annual system cost of the Robust

Model with budget k and the deterministic Basic Model. The PoR of the
robust BEB system at each value k is calculated by comparing the
annual system cost with the Base Model (k = 0).

ROSC(k) — DOSC

22
DOSC @

PoR(k) =

Solution algorithm
The proposed two-stage RO model is considered a tri-level optimiza-
tion problem with mixed integer variables, which takes the form

of min —max— min . The solution algorithms are
XPINP,Q  §€E Zy,ay,PpY pE sl

detailed in Supplementary Discussion 7. Moreover, computational
performance enhancement approaches for the solution algorithm are
described in Supplementary Discussion 8. Fig. 2 depicts a framework
of the solution algorithm.

Nevertheless, the two-stage RO problems are generally NP-hard
and computationally intractable for more realistic size models®.
Moreover, the proposed model's second-stage problem is mixed-
integer programming (i.e., zy,a,y € {0, 1}). Therefore, the strong
duality cannot be directly applied to the second-stage problem

max — min . This condition renders the standard decom-
§e2 Zyayppl puE str

position methods such as the L-shaped method*, Benders
decomposition*’, and classical column-and-constrained generation
(C&CG) method**® unsuitable to solve the proposed model. There-
fore, we apply the nested column-and-constrained generation
(NC&CG) framework developed by Zhao and Zeng* to solve the two-
stage RO models with mixed-integer recourse problem. The NC&CG
method is proven to be an exact algorithm for solving the two-stage
RO problem in finite steps®.

In the NC&CG algorithm, the two-stage RO model is decomposed
into outer-level and inner-level problems. Each problem is solved using
the standard C&CG method. Specifically, the outer-level problem cal-
culates the BEB system infrastructure configuration by solving the first-
stage problem under the worst-case scenarios estimated using the sub-
problem. While the inner-level problem iteratively solves the second-
stage problem to identify the worst-case scenarios for the given BEB
system infrastructure configuration (i.e., x,P* ,N*°,Q) resulted from
the outer-level problem.

For any resulting first-stage variables (x,P*,N*°,Q), the second-
stage problem is feasible. As the recourse variables related to the
charging schedule (y,a,y,P,P¢,P%8,5%) and penalizing the unsatisfied
operational trips are addressed in the objective function of the second
stage (2). Therefore, the relative complete recourse condition is
maintained in the proposed model under any scenario estimated
according to the maximization function with respect to the random
failure variable (§).

Outer-level C&CG solution algorithm. The outer level of the NC&CG
algorithm is considered a standard C&CG framework*’. Generally, the
C&CG procedure comprises two problems, a Master Problem (MP) and
a Sub-Problem (SP), solved in an iterative process*®. This is based on
the formulation of the two-stage RO problem that includes a master
problem (first stage) in the form of min and a sub-problem (second
stage) in the form of max — min.

The MP and the SP of the proposed two-stage RO BEB system
configuration model are presented in Egs. (23-40) and Egs. (41-50),
respectively.

[MPI:

min szstxi " Tz(pchpl;t + PPN+ Z(pmeb +pP) 40
iel

X, PN ,Q29,9,9,y49,P9, P4 A sten icl beB
(23)
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Fig. 2 | Nested column-and-constraint generation solution algorithm. The
algorithm started with solving the master problem (MP) to estimate the first-stage
variables (locations of the charging stations x, charger-rated power in each station
P, number of poles N*°, and fleet battery capacities Q) and the iteration lower
bound (LB). Then, the sub-problem (SP) is solved using the column-and-constraint
(C&C) generation method. The SP includes solving the inner master problem (IMP)
to obtain the failure scenario § and the inner problem upper bound (IUB), along
with solving the inner sub-problem (ISP) to get the value of the discrete variables of
the ISP (z,y,a,y) and the inner problem lower bound (ILP). The values of the ISP

discrete variables z,y,a,y are used iteratively to update the IMP until the con-
vergence condition of the SP is reached (relative optimality gap of the inner pro-
blem G, is lower than a small number ¢). The solution of the SP is taken as the
iteration upper bound (UB). The obtained failure scenario from this iteration (¢) is
used to update the MP of the next iteration by adding the associated C&C. This
procedure runs iteratively until the termination criteria of the outer problem are
achieved (relative optimality gap of the outer problem Go, is lower than a small
number &).
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First, the MP is solved to obtain the optimal first-stage variables
representing the optimal infrastructure configuration, such as the
allocated charging stations X, charger-rated power in each station P
number of charger poles N, and the BEB fleet battery capacities Q
considering the charging station failure scenarios g < n obtained from
the SP solutions. Where ¢ is the failure scenario index, and n is the
number of scenarios. In the first iteration, the MP is solved with the
initial charging station failure scenario (n = 0). Then, the output MP

solution (fc,PSt, N 0, Q) are provided to the SP to estimate the worst-
case scenario of charging station failure (£) that has the highest
operational cost and failed buses (minimum level of service). In the
next iteration, the resulting worst-case scenario q (€) is added to the
MP (variables (z9,y9,a9,y9,P7 p%9 paved ¢%prd) and Constraints
(24-40)) to improve the first-stage solution (more robust). The new
solution of the MP will satisfy all the added charging station failure
scenarios (¢ < n) and provide robust BEB infrastructure decisions
against these failure scenarios.

As such, in each iteration, the sub-problem is mainly solved to
obtain the worst-case charging station failure { € = scenario
under the BEB system configuration estimated using the MP to add
this scenario in the next iteration. The SP takes the form of
max - min.

The outer-level C&CG algorithm iterates until reaching a robust
BEB system configuration against all the charging station failure sce-
narios that increase the second-stage costs. The MP’s objective func-
tion value is the solution LB. In addition, the summation of the
objective function of the SP and the first-stage infrastructure cost
denotes the solution UB. The gap between the UB and LB decreases
during iterations and the algorithm terminates after reaching a pre-
defined relative optimality gap (). It is worth noting that the relative
complete recourse property is satisfied in the proposed model.
Therefore, there is no need to add the feasibility cuts during the
iterations. Moreover, the algorithm guarantees convergence in finite
iterations as the extreme points of the feasibility region of the uncer-
tainty variable are finite. Finally, the outer-level C&CG solution pro-
cedure framework is summarized in Algorithm 1 in Supplementary
Discussion 7.

Inner-level C&CG solution algorithm. The inner-level C&CG solution
algorithm is utilized to solve the sub-problem (SP) presented in Eqs.
(41-50) that takes the form of max - min and supplies the MP with the
worst-case charging stations failure scenarios (£). The bi-level SP can-
not be directly reduced into a monolithic optimization problem using
the Karush-Kuhn-Tucker (KKT) conditions or the strong duality prop-
erty because of the integer recourse variables in the second level of the
SP (z,y,&,y). The main idea of the NC&CG method developed in ref. 49 is
to solve the bi-level SP by its equivalent tri-level problem. The tri-level
problem will take the form of max — min - min that is similar to a two-
stage RO model after separating the discrete variables (zy,a,y) from
the continuous variables (P,P¢,P%¢,59") in the second-stage problem
as presented in Eq. (51). In this case, the recourse variables in the third
level are continuous. Therefore, the standard C&CG solution frame-
work could solve the SP. This is called the inner-level C&CG solution
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algorithm.

maxmin >3 Pz * ppmn, 0T (Z 20 (/’f’e“ +p?m) P b,/',i,‘) +6y  p"Pf

beB joI, teT ‘il beB je, iel
(5D

Subject to: (6), (8-10), (14,17), (19), and (42-50)

After converting the SP to a tri-level model in Eq. (51), the proce-
dure of the C&CG is utilized. In other words, if all the points (scenarios)
of the feasibility region of the discrete variables z,y,a,y are included in
the problem, the tri-level problem could be converted to an equivalent
model presented in Eqs. (52-64), where r is the scenario index and R is
the total number of feasible scenarios. Therefore, the SP solution
algorithm comprises solving two optimization problems iteratively:
the inner master problem (IMP) to find the failure scenario () and the
inner sub-problem (ISP) to provide the IMP with the discrete variables
z"y",a’,y" scenarios.

Phjic 20 Vb € BYj € Jy,i € LVt € Ry, Nr<R

P{"20 Viel¥r<R »
Pl 20 VielYo € QVr<R (64)
SZ;’;J 20 Vb € BNj € Jp,i € L ¥r<R

A matrix formulation of the equivalent model in Egs. (52-64) is
presented in Eqs. (65-66) to simplify the following steps. Generally, to
convert the optimization problem in Eqs. (65-66) to a monolithic
optimization problem, classical KKT conditions or the strong duality
property could be utilized™. However, the extended relative complete
recourse is not guaranteed in the proposed model case. Therefore,
only strong duality could be used®.

max 0

§€2,020,P"20,P 20,PVE" 20,57 >0 (65)

Subject to:

max
§€Z,020,P" pir pusr slepr (52)
Subject to: 6<hz'+ min{gY’ CAY" = f+DEY = [Pr,Pd",P“"g",S"ep"] } vreR
(66)
0= 33z,
beB jdy Let " denotes the dual variable to the continuous variable
R 6TS<Z 5 5 (ot pem) P@-,,,,) A (53) yr =[P P paver gdepry of the minimization problem in the r* con-
pr pis s 1P teT icl bebjdy e straint of (66). Then, the equivalent monolithic formulation of the
S£54—64) problem in Egs. (65 and 66) is presented in Egs. (67 and 68). Even
though this new formulation is single-level programming, the problem
SiPr _d,; (ebase + ebaqu) 29mnQ, Vb € BYj € J,\Li € LVr<R becomes non-linear programming because of the multiplication of §
' 54 and the dual variable 7" in Eq. (68). As the failure random variable £ € =
(54) is binary, Eq. (68) could be linearized by the big — M method. Let V" are
auxiliary variables used in the linearization process.
Syl <9mHQ, Vb eBYjeJ,\LielVr<R (55 .
ma
555,620?1(1’20 (67)
SZ;l:rl,i’ SSZ%, —dy, (ebase +ebattab> - Z e TPyiie Subject to:
teRbJ»v,»r (56)
QY2 Vb e BNjj €J,\Li&i € L¥r<R OshZ’ +(f+D)'n’ vr<R (68)
Jsi
Al <gt vr<R (69)
Phjic<Ppa Vit Vb € BYj €Jp,i €1Vt € Ry;;,Vr<R
57) As such, the final formulation of the inner master problem (IMP) is
presented in Eqs. (70-74). This last formulation is linear programming
R and could be solved effectively using an over-the-shelf solver (e.g.,
Phjic<0Qp VbeBYje)yiclVteRy;;,¥r<R (58) CPLEX, GUROBI). Moreover, it is not required to include all the points
in the feasibility region of the discrete variables zy,a,y in the IMP
. - o solution. These scenarios will be added one by one in an iterative
ZP byt <Pi Vielje)yteTVr<R (59) process. Therefore, R is replaced by s, which represents the iteration
beB number. In each iteration, the values of z",)",a”,y" in the IMP will be
obtained by the solution of the inner sub-problem (ISP).
> Phiie SPIt VielVte TN¥r<R (60) [IMP]
beB
max 0 (70)
. £eZ,020,m" 20,V 20
Pl SPTEne vt e T¥r<R .
;; biie="t (61) Subject to:
O<hZ'+fm +> " V! vr<s (71)
> 2 Phjie 2.V
avgr _ (TubeB VielYo e QVr<R (62)
Lw 4 4 -
Il A <gt vrss (72)
PIT > plET VielYweQVr<R (63) V< ME vr<s 73)
V' <D'n’ vr<s (74)
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During the solution of the IMP, the resulting charging station
failure variable € will be provided to the ISP. Then, the ISP is solved to
estimate the minimum operational cost under this failure scenario.
The values of the discrete variables will be taken and included in the
next iteration of the IMP by adding new variables (P",P%" pw" sdepr)
and Constraints (71-74). The IMP and the ISP’s objective function
values are considered the IUB and ILB, respectively. Iteratively, the gap
will be reduced, and the inner-level C&CG algorithm will converge to
the worst-case charging station failure scenario & with respect to the
BEB system infrastructure configuration provided by the MP. Finally,
the inner-level C&CG framework summary is presented in Algorithm 2
in the Supplementary Discussion 7.

[ISP]

min |:Z pre"zb,j +6T, (Z Z Z Z(ﬁf’m +pfm)Pb,j,i,t> +6 ZPDCP?:|

e
2y, PP P S | beB jeg, teT ‘el beB jo, iel

75)
Subject to: (6), (8-10), (14-17), (42-48),
St e R -

> PP (1-§) VieljelyMteTEcZ (76

beB
zp; € {01} vb e BYj €/,
Yojit € 101,050 € (01),Vpj0c € (0,1),Pyj;,20 Vb e BYj e JpiclVt e Ry,
P{>0 viel 77)
Pﬁlg >0 VielVweQ
Spr=0 VbeBYjelyicl

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The Oakville Transit General Transit Feed Specification (GTFS) data
used in this study is publicly available at (https://transitfeeds.com/p/
oakville-transit/615). Source Data file has been deposited in Figshare
under the accession code https://doi.org/10.6084/m9.figshare.
24578710%

Code availability

The mathematical formulation and algorithms detailed in this work are
scripted in MATLAB (https://www.mathworks.com/products/matlab.
html), and the obtained MILPs are solved using Gurobi solver (https://
www.gurobi.com/). Custom codes used in this study are available from
https://doi.org/10.5281/zenodo.10114326%.
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