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Abstract

To meet sustainability goals and regulatory requirements, transit agencies worldwide are planning
partial and complete transitions to electric bus fleets. This paper presents the first comprehensive and
computationally efficient multi-period optimization framework integrating the key planning decisions
necessary to support such electrification initiatives. Our model, formulated as a two-stage integer program
with integer subproblems, jointly optimizes yearly fleet and charging infrastructure investments as well
as hourly vehicle scheduling and charging operations. To solve instances of practical relevance to proven
optimality, we develop a logic-based Benders decomposition method enhanced by several techniques,
including preprocessing, partial decomposition, and a range of classical and monotone Benders cuts
derived from relaxations of the operational subproblems. These accelerations yield speedups of up to
three orders of magnitude and lead to practical and theoretical insights into Benders cut selection. We
also propose a heuristic tailored for long-term, citywide electrification planning. This approach, which
imposes and progressively relaxes additional scheduling constraints, consistently delivers high-quality
solutions with optimality gaps below 1% for instances an order of magnitude larger than those considered
in prior studies. We illustrate our model using data from the Chicago public bus system, providing

managerial insights into optimal investment and operational policies.

Keywords: Integrated planning, Bus fleet electrification, Logic-based Benders decomposition

1 Introduction

Several major metropolitan transit agencies have established ambitious electrification targets for their bus
fleets. In 2017, 35 cities across six continents pledged to procure only zero-emission buses starting from 2025
(C40/2023). In the United States, cities such as Boston, Chicago, and New York have committed to operating
fully electrified fleets by 2040 (MBTA| 2022} [CTA| 2022, [IMTA|2024b)), and the California Air Resources
Board’s Innovative Clean Transit regulation mandates that all public transit agencies in the state replace
conventional buses with zero-emission models by this time (CARB|2018)). Although full electrification is
the stated long-term goal, practical considerations such as funding availability, operational complexity, and
infrastructure readiness also lead agencies to initiate shorter-term, partial electrification projects targeting
selected routes or depots (e.g.,|(CTA|2022, MARTA|2023, MTA|2024a). Despite these initiatives, public data
from the Federal Transit Administration indicate that electric buses represented only 3% of the nation’s
60,995 transit buses and accounted for just 1.4% of miles driven in 2022 (Davidson|[2023)).

Designing an effective electrification plan, whether partial or complete, requires jointly optimizing several

interdependent decisions. While many studies have addressed individual aspects of electric bus planning and
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scheduling, the review article by |Perumal et al.| (2022) highlights that integrated planning, where long-term

strategic and short-term operational decisions are jointly considered, has received very little attention in the

operations research literature. In this context, the goal of this work is to propose the first comprehensive

and computationally tractable framework for integrated bus fleet electrification planning. We summarize

our contributions as follows.

Contributions

1.

Modeling: We introduce a new model for integrated bus fleet electrification planning (Section . At
the strategic level, our model optimizes the procurement of battery electric buses (BEBs), retirement
of conventional buses, and placement of chargers over multiple investment periods. At the operational
level, we propose a flexible flow-based formulation to model the hourly operations of the fleet and track
the state of charge at the individual vehicle level. The operations are optimized for a representative
day of each period, ensuring that service-level requirements on each bus line are satisfied and that
the same operations can be repeated daily. The resulting problem can be formulated as a two-stage
program with integer subproblems. Using historical service schedules and geospatial data from the
public transit agencies of eight major US cities, we construct a set of realistic benchmark instances for

the electrification of partial and complete bus networks.
Algorithmic Design and Computation:

e To solve small to medium-scale instances representative of real-life partial electrification projects, we
develop an accelerated logic-based Benders decomposition algorithm leveraging preprocessing, partial
decomposition, and custom cuts obtained from different relaxations of the operational model (Sec-
tions . We review Benders cut selection techniques, which leads us to establish the equivalence
of two methods from the literature (Section . We evaluate the impact of each proposed ac-
celeration through an ablation study, showing that our method achieves speedups of three orders of
magnitude compared to a decomposition framework recently proposed for the same class of prob-
lems (Section . Our exact method significantly outperforms Gurobi in both computing time and
optimality gaps (Section .

e To tackle long-term citywide electrification planning, we propose an easily implementable heuristic
that solves a sequence of problems in which restrictions on the schedule of BEBs are imposed and
progressively removed (Section . Our results show that our approach consistently achieves optimal-
ity gaps around 1% within reasonable computation times for challenging 10-year-long electrification

planning instances defined on complete networks with more than 100 potential charging locations, 100
routes, and 1000 buses (Section [5.3)).

Case Study: We present a case study of the Chicago bus network (Section . We analyze the
optimal sequencing of investments, the spatial deployment of charging infrastructure by technology,
and trends in bus utilization throughout the electrification process. We provide sufficient conditions
under which the optimal investment sequence exhibits a three-phase structure: (i) high-return early
investments, (ii) a period of inaction, and (iii) deferred, low-return investments required for regulatory
compliance. Our results suggest prioritizing early electrification of high-usage routes by deploying
BEBs supported by fast chargers, while completing electrification in less dense areas with BEBs relying

on overnight depot charging.



The remainder of the paper consists of a literature review (Section [2)) and a conclusion (Section @

2 Integrated bus fleet electrification planning

The literature on BEB systems planning can be divided into three streams. First, in the electric vehicle

scheduling problem (E-VSP), the goal is to construct schedules that respect the charging dynamics of a given

fleet and satisfy predefined service requirements (e.g.,[Parmentier et al.[|2023| |de Vos et al.[2024)). The second

stream disregards vehicle routing and scheduling, and focuses on strategic choices such as fleet composition

and charger placement (e.g., Xylia et al|2017, [Pelletier et al.2019). Finally, some studies integrate strategic

and operational decisions to design electrification plans that balance capital expenditures with operational
costs. Our work contributes to this last stream. In Table [I} we review selected publications on integrated

bus fleet electrification planning based on the decisions they model and the scale of the instances considered.

For general reviews on electric bus planning and scheduling, see [Perumal et al.| (2022) and Zhou et al.| (2024).

Table 1: Selected publications on integrated bus fleet electrification planning

Strategic planning Tactical/operational planning Largest instance

Bus/battery ~ Chargers  Multi-period  Depot  On-route  Charging Vehicle Routes Buses Charging

selection placement  investments charging charging scheduling scheduling locations

Rogge et al.|(2018] v v v v 3 14 1
Liu et al. (2021 v v v v v 17 252 15
] v v v v v v 60 357 182

v v v v 3 16 111

‘Wang et al.|(2022 v v v v v 4 28 31
He et al.|(2023a v v v v v v 3 6 3
He et al.|(2023b v v v v v v 36 170 29
Gairola and Nezamuddin] (2023} v v v v 18 285 21
This work v v v v v v v 140 1817 200

The first model to jointly optimize BEB fleet composition, charging infrastructure, and vehicle scheduling

was proposed by [Rogge et al| (2018). Their formulation constructs a heterogeneous fleet, determines the

number of chargers to install at a single depot, and designs schedules to cover a set of timetabled trips.

Building on this approach, [Wang et al.| (2022) and He et al| (2023a)) also optimize the deployment of fast

on-route chargers, which can be used between service trips during dwelling periods at terminal stations. In
addition to the location and configuration of chargers , models the hourly flow of vehicles
between each route and charging station to construct bus schedules without relying on predefined timetabled
trips. This first flow-based approach relies on simplifying assumptions, such as aggregating the state of
charge for all buses assigned to the same route, but scales to larger instances than other models that optimize

vehicle scheduling.

[Hu et al. (2022) and |Gairola and Nezamuddin| (2023) focus principally on chargers placement. Both

studies assume that the service trips of the BEBs are given and design charging infrastructure and charging

schedules to meet the fleet’s needs, allowing for heterogeneous batteries in the former study. The models of

[He et al| (2023b)) and Dirks et al|(2022) are the only ones to address strategic planning as a multi-period

process, thereby recognizing that fleet electrification is typically phased over time rather than accomplished
in a single step. For computational tractability, these studies assign each new BEB to a predefined service
schedule currently performed by a conventional bus, substituting a complex vehicle scheduling problem with

a simple assignment decision for each vehicle. While this modeling choice greatly reduces problem complexity,



it limits operational decisions to inserting charging events into existing schedules, which comes at the cost of
ignoring opportunities to optimize vehicle schedules in light of BEB range limitations and charging dynamics.

Most existing literature on integrated bus fleet electrification planning prioritizes new modeling ap-
proaches and case-study insights, with algorithmic development often treated as an afterthought. As a
result, these studies either omit vehicle scheduling or are restricted to small bus systems. Notably, none
of the works that incorporate vehicle scheduling solve instances to proven optimality. Rogge et al| (2018)
and [He et al.[ (2023a) use heuristic genetic algorithms, [Liu et al.| (2021) solve a surrogate relaxation without
providing global optimality bounds, and [Wang et al. (2022)) solve the mixed-integer linear programming
formulation of their model using Gurobi, which achieves a 4% optimality gap after 25 hours of computation
on a single-period instance comprising four routes.

To address the limitations of existing models, we introduce a multi-period framework that jointly op-
timizes fleet management and charger placement while explicitly integrating vehicle scheduling. Our oper-
ational model employs a flow-based formulation to construct bus schedules without relying on timetabled
trips and to track the state of charge at the individual vehicle level. With novel algorithms, we can achieve
proven optimality for realistically sized instances and deliver near-optimal solutions on systems an order of

magnitude larger than those considered in previous studies.

3 Problem formulation

This section presents our modeling approach for the bus fleet electrification problem (BFEP). The model
integrates a strategic problem and an operational problem, which are respectively introduced in Section [3.1]
and Section [3.2] Important properties of the problem are presented in Section [3.3

3.1 Strategic problem

We consider the problem of minimizing the investment and operational costs incurred by a central planner
over a multi-period transition horizon in which a bus fleet and its associated charging infrastructure are
progressively updated to achieve electrification targets. In each investment period p € P = {1,..., P}, the
state 2, = (Xp, {Mpr}rer) € Z7} of the system is described by charger-related variables x, = (X, Xx?), and
vehicle assignment variables 7, = (72,72, 7) for each bus line r € R.

It is assumed that the BEBs available for purchase can be partitioned into depot BEBs that only use
plug-in chargers located in depots and on-route BEBs that rely on fast chargers such as DC plug-in chargers
or pantographs installed at bus terminals. In each period p € P, each vehicle operates on a unique bus route.
The number of depot BEBs of each type b € B, of on-route BEBs, and of conventional buses assigned to
route r € R are respectively controlled by the decision variables 7%, 7, and 2. The number of chargers
of type k € K installed at depot ¢ € Z is given by X%, and 2? denotes the number of on-route chargers at
terminal j € J. The BFEP is formulated as follows:

X H%fin Z APt (p(zp — zp—1) + Op(zp)) (1a)
zp, VPEP
peEP
st Ip(xp —ap1) < IJP, VpeP, (1b)
o> X = VpeP,icT, kek, jeJ, (1c)
Sy omy s DY WeP, beB, (1d)
reR reR reER reR



w<y VpeP, be B, (1e)

reR reR

S o <a®, Vp e P, (1f)
rerR

b <xB X <RSP, VpeP, i€l jeJ, (1g)
ke

XP e 2Tk P e zd, Vp e P, (1h)
it ez, ey, it €Ly, VpeP, reR. (1i)

The discount factor v > 0 and the initial state o are given. The function O,(z,) := Hp(zp) + Qp(xp)
denotes the cost of maintaining and operating the system in state x, during period p. It is composed of a
nondecreasing linear function Hp(z),) modeling fixed maintenance costs and the optimal value Q,(x,) of a
fleet scheduling problem. The investment costs I,(x, —z,—1) are assumed to depend linearly on the number
of each type of assets acquired and sold in period p. Constraints impose an investment budget IEB
for each period p € P. Constraints 7 ensure that the chargers and BEBs acquired at any period
remain in the system during the following periods, whereas indicates that the size of the conventional
bus fleet cannot increase. Constraints impose retirement targets for the conventional buses, with 77
being the maximal number of conventional buses allowed to remain in use in period p € P. Constraints
specify the charger hosting capacity of each location. Constraints f give the domain of the strategic
variables. We denote by X the set of feasible solutions to problem .

3.2 Operational problem

For each investment period p € P, the operational problem is to construct a minimum-cost schedule that
satisfies minimum service level requirements and can be performed using the assets allocated at the strategic
level. A day is divided into a set of time intervals 7 = {0,1,...,7 — 1}, viewed as the residue classes
modulo T, to encode the daily cyclicity of the fleet’s operations.

For each route r € R, the number of conventional buses in service during interval ¢ € T is denoted by
wPt. We consider that on-route BEB in operation must be assigned to a terminal j € J(r) C J to charge
during layover times, with R(j) = {r € R : j € J(r)} denoting the set of routes connected to terminal j.
We capture the fast chargers’ power rating by a parameter p, defined as the maximum number of operating
BEBs each charger can accommodate in a given service interval. The number of on-route BEBs of route r
that rely on terminal j during a service interval ¢ is denoted by {Ef;. The operations of conventional buses
and on-route BEBs are thus modeled as simple task assignments.

Depot BEBs differ in that their schedules are represented as circulations on cyclic time-expanded graphs
of state of charge (see Appendix for an illustrative example). Specifically, for each route » € R and each
type of bus b € B, we maintain a graph with nodes (¢,s) € T x{0, ..., sy}, where s = 0 and s = s, respectively
represent the fully depleted and fully charged states. In each interval, a depot BEB can be in service, idle,
or initiate a charging trip to one of the depots i € Z equipped with plug-in chargers of any type k € K. The
flow variables w?;, %y, and {Zflfiks}(i,k)eIx « respectively represent the number of vehicles initiating each
possible service, idling, and charging operations from node (¢, s). Working for one interval reduces the state
of charge by one unit, idling does not affect the battery level, and k,p;ks intervals are needed to perform a
round-trip from route r to depot i and fully recharge from state s using a type k charger. We denote by

W ={1,2,...,s}, S ={0,1,...,s} and S = {0,1,...,s, — 1} the charging states from which service,



charging and idling operations can respectively be initiated. Denoting by y,, = (w2, v, 22, wP, wF) € Zm’”

ryYryCry

the decisions variables that pertain to each route r € R, the problem can be expressed as:
- : T
Qp(zp) = ypf,né?eva ;2 4 Ypr (2a)
T

Krbiks —

st > ) Z P <K VieI kekK teT, (2b)

beBreR s€S; =0

> @t < pxt, VieJ, teT, (2¢)
r€R(J)

SNod wh + > at+art > d, VreR, teT, (2d)
beB sESY JET(r)

whh, + v =303 ST AB ) D) VreR, beB, teT, s=s, (2

1€L k€K s’ €SE

rbs rbs + Z Z Zrlnk?s = 7-b 5+i) + rlgi 1)7 Vr e R’ be Bv teT se Sb \ {Oa 1}7 (Qf)

€L kek
t—1 t—1

Z Z Zrbzks rbe = wfls(sjti) + vflgs )’ Vr € Rv be Ba te T» s = Oa (Qg)

i€L kek
Krbiks — (-

Z w'rbs + Z Urbs + Z Z Z Z szks = nrb’ vre R’ be B’ (2h)
565“’ s€Sy i€l keK SESZ =0

Sooati<ap, wrt <, VreR, teT, (2i)
jeI(r)
wh € ZT P yp ¢ gTBXSo o ¢ g EXDKXS Vr e R, (2))
a? ez gr e, VremR. (2k)

The nonnegative objective coefficients ¢}, include the energy costs, driver wages, and variable maintenance
costs associated with each operational decision. For each depot ¢ € 7 and each charger type k € K, constraints
([2D) ensure that the capacity ¥, is never exceeded by the number of BEBs simultaneously in charge. The
charger usage at time t € 7T is given by the number of BEBs of any type b € B that initiated a charging
operation toward a charger of type k at depot ¢ from any route r € R and any state of charge s € §7 in
the last k,pirs intervals. Constraints ensure that on-route charger usage respects the installed capacity
at each terminal location j € J. Constraints indicate that the number of buses in service on each
route r € R and interval ¢ € 7 must be at least dP!. Constraints f model the depot BEBs charging
dynamics by enforcing flow conservation on the cyclic time-expanded graphs of state of charge for each
route 7 € R and bus type b € B. In each flow balance equation, the left- and right-hand sides respectively
correspond to the outflow and inflow at a node (t,s) € T x Sp. For the fully charged state s = s, the outflow
is given by the number of vehicles in service or idling in state s at time ¢, whereas the inflow corresponds
to the number of vehicles that were idling in state s in interval ¢ — 1, or initiated, k,pikss intervals earlier, a
charging trip to any location ¢ € Z and charger type k € K from state s’ € Sf, and thus become available
and fully charged at time ¢. A similar logic applies to the partly depleted states s € Sy \ {0, 1} and the fully
depleted state s = 0. Constraints and ensure that the allocated fleet size is respected. Constraints
7 give the domain of the operational variables.



Throughout the paper, we will use the following compact form of problem :

Qp(zp) := min Z cg:ym (3a)
Ypr€ZLT", VTER T TH
s.t. Z Arypr < Bin (Sb)
rTER
D, ypr < epr + Enpyr, Vr e R. (3c)

Constraints (3b]) represent the charger availability constraints 7, and the route-separable constraints
include the service level, battery dynamics, and fleet size constraints 7. If solution x, leads to

an infeasible operational problem, then Q,(z,) = +oc.

3.3 Properties of the problem

Although our depot BEB scheduling model closely resembles a minimum-cost circulation problem due to the
flow conservation constraints 7, the chargers capacity constraints (2b]) and service level requirements
(2d) act as side constraints that break the total unimodularity property (see Schrijver|[2003). It follows that

instances with nonzero integrality gaps can easily be constructed.
Remark 1. The operational problem does not have the integrality property.

As a consequence of Remark , classical Benders cuts do not suffice to obtain an exact decomposition
algorithm for the BFEP. However, the strategic variables only appear as positive terms in the operational
constraints, i.e., matrices B and E are nonnegative. This implies the result of Remark [2] which will be

leveraged in our exact logic-based Benders decomposition approach.
Remark 2. The optimal value Qp(xp) of problem is a nonincreasing function of .

We conclude this section by highlighting that, even under simplifying assumptions, the BFEP is strongly
NP-hard. The proofs of Propositions [1| and [2| are by reduction from the set covering problem (Hartmanis
1982). They are presented in Appendix

Proposition 1. The BFEP with one investment period, one time interval, and only on-route BEBs is
strongly NP-hard.

Proposition 2. The BFEP with one investment period and only depot BEBs is strongly NP-hard.

4 Solution methodology

The BFEP can be expressed in extensive form by replacing in problem the value function Q,(z,) by
its integer programming formulation . However, the resulting formulation rapidly becomes intractable.
Leveraging the structure of the problem is thus essential to achieve efficient solution methods. Section
presents preprocessing steps to reduce the size of the problem and strengthen its LP relaxation. In Section 4.2
we present our logic-based Benders decomposition method along with several acceleration techniques. Sec-

tion [£.3] introduces our restriction heuristic algorithm.



4.1 Preprocessing

This section presents valid inequalities (i.e., inequalities satisfied by any feasible solution) and dual reductions
(i.e., inequalities that can remove feasible solutions while guaranteeing that at least one optimal solution
remains) for the BFEP. In Section we exploit the set covering structure of the on-route BEB charging
dynamics to devise dominance relations between terminals and eliminate unnecessary locations. Section

presents valid inequalities on the size of the depot BEB fleet.

4.1.1 Dominance relation between terminal locations

Since we assume the installation cost of on-route chargers to be linear in the number of chargers and to be the
same at each terminal, the choice of the best location for fast chargers is driven by route covering. Definition
establishes a dominance relation between terminals j € J based on their connectivity to bus lines and

their hosting capacity X;.JB. We break equalities based on an arbitrary indexing J = {j1,72,-- -, Jm}-
Definition 1. Terminal j, is dominated by terminal j, if one of the following conditions holds:

1. R(jb) C R(ja),

2. R(jv) = R(ja) and xIP < XV5,

3. R(jy) = R(ja) and Xj]° = X7 and b < a.

Proposition [3| provides valid dual reductions on the number of on-route chargers installed at dominated
terminals. The proof is given in Appendix

Proposition 3. Let J(j) be the set of terminals dominated by j € J. Imposing the following inequalities
foreach j€ T, 7€ T(j), p € P is awvalid dual reduction for the BFEP :

1 /
~p 1 p't| _ ~UB
X} < max ¢ 0, pplerg,a)t(eﬁr eRE(-)dT X . (4)
rER()

The upper bounds of Proposition can be computed outside the optimization process. In addition
to strengthening the upper bounds )Z}JB, this inexpensive preprocessing step generally eliminates several

terminals, hence reducing the size of both the strategic and operational models.

4.1.2 Valid inequalities on fleet size

The service level requirements drive investments in new vehicles. Indeed, they imply that the number
of buses assigned to a route r € R in period p € P cannot be less than the peak demand max;c7 dPt. For
conventional buses, which can be in service without interruption, this trivial bound on fleet size is tight,
and the same holds for on-route BEBs given that enough on-route chargers can be installed. However, the
LP relaxation of the operational model does not provide a tight lower bound on the number of depot BEBs
needed to satisfy the service level constraints. We thus propose to precompute lower bounds on fleet size for
each route.

Given that at most m conventional buses and on-route BEBs are assigned to route r € R in period
p € P, the minimum number of depot BEBs needed to satisfy the residual service level requirements can be

computed by solving the following restricted problem:



~LB
npr ( ) = min mpr anb s.t. ’I”yp’f‘ S ePT + Enpﬂ 77r + 77p < m. (5)
TR R €Ly, TRELY, ypr €LY beB

Problem is constructed by projecting the operational problem onto y,,, relaxing the charging capacity
constraints , and taking the fleet assignment parameters 1,, as decision variables. It follows that ﬁ}];TB (m)
is a valid lower bound on the number of depot BEBs that must be assigned to route r in period p to
complement any fleet of ¥ 4+ 72 € [0, m] conventional buses and on-route BEBs. These lower bounds can be
added directly to the strategic problem as Big-M constraints. However, doing so requires introducing up
to max;e7 dP? binary variables in the model for each route 7 and period p, i.e., one for each integer value of

m for which problem can provide a nontrivial lower bound. Instead, we propose to approximate these
maxee T dft

constraints using the piecewise-linear lower envelope of the set of points My, := {(m, ﬁII;P (m)) }neo

This lower envelope corresponds to the convex hull of the epigraph of the function ﬁ;;TB (m) evaluated for a
number of buses m ranging from 0 to the peak demand on route r in period p, and can be expressed as a
set of linear inequalities on the original strategic variables. The following constraints can thus be added to

model without introducing additional variables:

(ﬁ;p + ﬁg’ Z nfb> € conv (epi (Mp'r)) . (6)

beB

4.2 Accelerated logic-based Benders decomposition algorithm

For any clause C, we define its indicator function by

1, if C holds,
1[C] = (7)

0, otherwise.

Let X, be the projection of X onto z,. By Remark 2| the value function Q, : X, — [0, +0o0] is nonin-
creasing. Therefore, for any solution x;, € A}, the function D;P : Xp = [0, +00], defined as:

DIP(xpv p)' Qp( ) [z pr;,L (8)

where the inequality is taken componentwise, is a lower approximation of Q, (i.e., D;P(xp;x;) < Qyp(xy,)

Vi, € X,), and is strong at z, (i.e., D}F (] 2,) = Qp(a7,)). It follows that bounding the value function Q,

of each period p € P by the family of functions {D;"( - ;) : 2}, € A, } allows us to reformulate the BFEP

as the following master problem:

mln Zf xp+27p e, (9a)

GERP peEP pEP
s.t. ©p > Dy (zp;3;,), Vp€EP, Vo, € 5(Q,), (9b)
1z, <z,] =0, VYpeP, Vr, € X,\S(Q,), (9¢)

where the support S(Q,) := {z, € X, | Qp(xp) < +00} of the extended real-valued function Q, corresponds
to the subset of &}, for which problem is feasible, and the vector of coefficients f, € R™ synthesizes the



discounted investment costs and fixed maintenance costs of model . In this formulation, the monotone
cuts and respectively act as optimality and feasibility cuts.

Problem @ can be solved by constraint generation using a multi-cut approach. Constraints and
are initially relaxed. At each iteration I € {1,2,...}, the current relaxed master problem is solved to
optimality, and its optimal solution (z!,0!) € X' x R” provides a lower bound ZpGP f;—mé + ZpEP ’yp_l@]lg
on the optimal value of the master problem. For each period p € P, the operational problem is then
solved for ), = x!. The feasibility cut 1[z, < xL] = 0 is added to the relaxed master problem if Q(xl) =
+00, and the optimality cut ©, > DZI,P(xp; mé
Q(x!) in the objective function of the relaxed master problem then yields the upper bound ZPEP fJ xé +

) is otherwise generated. Replacing each lower bound ©' by

P
ZpeP vplep(asé). This process is repeated until the optimality gap reaches the desired tolerance. Given
that X has finite cardinality (which holds for the BFEP assuming finite budget constraints), this logic-based
Benders decomposition algorithm is guaranteed to converge in a finite number of iterations (Hooker and
Ottosson/2003).

Unfortunately, this simple algorithm performs poorly in practice. It is also what Liu et al.| (2024])
recently observed in the context of local multi-energy system’s optimal design. Their problem is similar
to the BFEP in that it is formulated as a multi-period planning problem with MILP operational problems
with nondecreasing value functions of the investment variables. For this class of problems, minimizing the
investment and operational costs are antagonistic objectives. Since the operational model is completely
ignored in the initial relaxed master problem, the first iterations of the algorithm visit solutions characterized
by significant underinvestment. Consequently, as the monotone cuts and are only active over the
lower orthant associated with the visited points xé € &), the cuts generated in early iterations only provide
a nontrivial approximation of the value function Q,, over a very limited subset of A),, and are therefore very
weak. To alleviate this drawback, we develop a range of techniques to achieve a tight and computationally
tractable approximation of the value functions Q, as early as possible in the execution of the algorithm.

Sections and introduce relaxations of model that are respectively used to disaggregate
the operational costs by route and to strengthen the relaxed master problem formulation. Section [£.2:3]
reviews Benders cut selection techniques and their application to the LP relaxations of our operational
problems. Section presents problem-specific feasibility cuts and an improved encoding technique for

monotone cuts. The outline of our accelerated logic-based Benders decomposition algorithm is presented in

Section 2.5

4.2.1 Disaggregation of the operational problem

For a fixed strategic solution € X'| the BFEP decomposes into a set of P independent operational problems.
This is exploited in the master problem @, where a variable ©, bounds the scheduling costs for each period
p € P. Here, we propose to further decompose each operational problem by route. Since the operational
variables {y,, }rer of each period are readily partitioned by route, it suffices to apply the linking constraints
individually to each route to obtain a separable relaxation of problem . The single-route operational
problem of route r € R in period p € P is given by:

ép,.(xp) = min cg:yp,. (10a)
Ypr €L T

s.t. Arypr < Bxp, (10b)

Dirypr < epr + Enpy. (100)

10



Since the variables {y, }rer and the matrices {A,},er are nonnegative, constraints are implied
by for each route r € R. For any feasible solution {Zp,}rer to the operational problem , Ppr 18
thus feasible for for each route » € R. The objective coefficients of each variable being identical in
both formulations, solving the single-route subproblems separately and summing their objectives yields a
lower bound on the original operational problem, i.e. > épr(xp) < Q,(zp). To take advantage of the
single-route subproblems, we thus define an auxiliary variable 6, for each period p € P and each route

r € R, and add the following constraints to the master problem:

Op = Op, VpeP. (11)

reR

The LP relaxation of the single-route subproblems is used to generate classical Benders optimality
cuts on the 0, variables, as well as feasibility cuts. Although they apply to a relaxation of the operational
problem, the single-route cuts have the advantage of being sparse, as each of them only involves the subset
of strategic decisions that impact the operations on a specific route. Furthermore, they can be generated in
large numbers at each iteration of the algorithm, which allows to obtain a good approximation of the value

functions Q, in fewer iterations.

4.2.2 Partial decomposition

A common drawback of Benders decomposition is that the initial relaxed master usually provides a weak
relaxation of the problem. This limitation can be mitigated by using an alternative master formulation that
includes explicit information from the subproblems. In the context of two-stage stochastic programming,
the partial Benders decomposition approach, which consists of retaining a set of second-stage scenarios
in the master problem, can significantly improve the overall performance of the algorithm (Crainic et al.
2021). Alternatively, for two-stage problems with integer subproblems, the initial master problem can be
strengthened by retaining all the second-stage variables and relaxing their integrality (Gendron et al.[2016)).
However, the resulting master formulation, sometimes described as semi-relazed (Liu et al.|2024), may
include a prohibitively large number of variables and become impractical to solve.

We propose an alternative master problem formulation inspired by the partial Benders decomposition
and semi-relaxation approaches. The idea is to include in the master problem a compact LP relaxation of the
operational problem. To this end, we define for each period p € P a collection wy, = {wp, }rer of nonnegative
continuous variables representing the average service level provided by each type of bus on each route. Their
feasible set 2, (z;) is constructed from surrogate relaxations and valid linear inequalities devised from model
(2), and lower bounds on the operating costs of each type of vehicle are taken to define their objective

coefficients {c;, }rer. The operational costs on each route are then bounded by the following constraints:
Opr > Cprpr,  Vp € P,V € R. (12)
A detailed formulation of the approximate model is provided in Appendix [A4]

4.2.3 Benders cut selection

The monotone cuts and suffice to construct strong approximation of the value functions Q,, p € P.
However, relying exclusively on these non-convex constraints is a bad strategy for three reasons. First, their

generation requires solving integer subproblems, which can be computationally expensive. Second, monotone
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cuts alone are generally ineffective at increasing the optimal value of the relaxed master problem, as they are
active on a small region of the master problem domain. Third, generating monotone cuts requires adding
binary variables to the master problem. These limitations can be mitigated by generating Benders cuts from
LP relaxations of the subproblems before resorting to monotone cuts.

In this section, we present a unified review of the main Benders cut selection methods from the literature,
and study their application to our problem. Although we use the notation of model , the discussion is
general and not limited to the present application. This will lead us to the main result of this section, which
we state in Proposition [d] A standalone proof is provided in Appendix [A-2]

Proposition 4. The closest cuts of|Seo et al| (2022) and the Conforti-Wolsey deepest cuts of|Hosseini and

Turner| (2024) are equivalent.

Standard cuts. Let A\, and {u,,}rer be the dual vectors of constraints and , respectively, and
let m = (Ap, {itpr }rer) denote their concatenation. The dual of the LP relaxation of the operational problem
(3) of period p € P can be expressed as:

max D" (zp; 7), (13)

where the objective is defined by DyF (x,;7) := A] Bxp + ., cx Hyy (€pr + Enp,) and the dual feasible set
is 1L, := {m = (Ap, {tpr}rer) <0 : ATN, + D, iy < ¢4, Vr € R}. Note that the problem is always dual-
feasible given that the vectors of coefficients {Cgr}reR are nonnegative. Consequently, whenever the primal
subproblem associated with a master solution x; = (X;, 771’9) € X, is infeasible, the dual admits at least one
unbounded direction, i.e., a solution 7, = (A, {fipr}rer) < 0 respecting AN\, + D, fi,r < 0 Vr € R and
D]I;P (73,5 7p) > 0. In this case, the standard cut generation method consists of selecting such an unbounded

direction 7, arbitrarily, which yields the feasibility cut:
D" (2 7p) < 0. (14)

If the dual subproblem is bounded and admits an optimal solution 7, € I, then D;;P(xp; 7p) is a lower
approximation of the value function Q¥ (z,) of the LP relaxation of model (3), and the optimality cut
can be added to the master:

O, > ’DZI;P(xp;ﬁp)‘ (15)

The basic Benders cut selection approach consists of solving the primal subproblem and retrieving an
optimal dual solution from the LP solver if the primal is feasible, and an unbounded extreme ray otherwise.
In both cases, the cut is selected arbitrarily and can often be weak. This motivated the development in the

literature of systematic cut selection techniques.

Magnanti-Wong (MW) cuts. A first strategy is to make use of a fixed master solution to guide the
selection of Benders cuts. This idea was first exploited in the seminal work of [Magnanti and Wong| (1981)
on the selection of strong optimality cuts for subproblems with complete recourse.

Let 7!, 72 € II, be two feasible solutions of the dual problem . The optimality cut associated with
7! is said to be dominated by the one provided by 2 if DL (z,;72) > DL (zp; ') Va, € X, and there is at
least one solution in A}, for which the inequality is strict. Magnanti and Wong| (1981) showed that one can
leverage any core point, that is, a point in the relative interior ri()(;) of the convex hull X7 of X)), to identify

a nondominated (also called Pareto-optimal) optimality cut. More precisely, an optimal solution 7, € II, to
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problem that provides the best dual bounding function attainable at a core point z; € ri(XZf), i.e., that
satisfies DY (29;7) > DEF (29;m) Vi € 11, is Pareto-optimal. For a solution ), € X, this yields the MW
separation problem:

LP LP LP
7172%}; D, (zp;m) st Dyt (wp;m) = Q) (). (16)
It was shown by [Papadakos| (2008) that, for some classes of problems, milder conditions than being a core
point suffice to ensure that a guiding point xj leads to Pareto-optimal cuts. However, the main drawback
of the MW cut selection technique is that it cannot be applied when the dual subproblem is unbounded, in

which case one has to resort to standard feasibility cuts.

Minimal infeasible subsystem (MIS) cuts. It was observed by Fischetti et al|(2010) that identifying
a violated Benders cut can be formulated as a pure separation problem. Given a solution (2’,0’) to the
master problem @D, a violated cut exists for the LP relaxation of the operational problem of period
p € P if and only if the extended primal feasibility subproblem is infeasible.

- T
- 0 s.t. Z & Ypr < O}, Z Arypr < BXp,  Drypr < epr + Enp,, VreR. (17)
= rer reR

Denoting by I := {(m,m0) = (Ap, {ttpr }rer, m0) < 0 : mocY, + AT Ay + D, iy <0 Vr € R} the feasible
domain of the dual of problem (17), whose objective is to maximize mo©], + Dy¥ (x},; 7), the infeasibility of

(17) equivalently means that the following normalized dual is feasible:

i 0 st. 1O +DP(zl:7) =1. 18
ey 0 0O+ Py 1

A solution (7, 7o) to problem yields a Benders cut of the form:
_ LP =
700, + Dy (w5 7) < 0. (19)

If 79 = 0, the unified cut simplifies to the feasibility cut associated with solution 7. Otherwise,
it corresponds to the optimality cut associated with solution —7/7g. When the master solution (z,, ©;))
violates both feasibility and optimality cuts, problem yields an arbitrary violated cut, whereas the
standard cut selection method always produces a feasibility cut.

The key idea of [Fischetti et al.|(2010) is to replace the trivial objective function of problem by a linear
function h : Hg — Ry. Since the objective and the left-hand side of the normalization constraint are both

positive homogeneous in the dual variables (7, m), their role can be inverted (Cornuéjols and Lemaréchal
2006), which yields the unified Benders cut selection problem ([20).

max_ m©, + DY (al;m) st h(m, m) = 1. (20)

(m,mo) €I
Fischetti et al.|(2010) propose to define h as the magnitude of the coeflicients (7, 7p) multiplying nontrivial
functions of the master problem’s variables (z,,©,) in the unified cut . This choice seeks to identify a
minimal infeasible system (Gleeson and Ryan/[1990) in the constraints of the extended primal . Denoting
by S(M) the row support of a matrix M, the MIS cut selection problem is obtained by using the following
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normalization function:

hayrs(m,mg) := —mo — Z Api — Z Z Hopri- (21)

i€S(B) reRi€S(E)

Closest cuts. A solution (23,09) € X x Ry that satisfies ©F > QL (29) does not violate any Benders
cuts. Consequently, a unified cut is violated by a point (z7,,©;,) if and only if it defines a hyperplane
that separates (z,,©;,) from the guiding point (x5, ©). From this observation, Seo et al.| (2022) proposed to
select a Benders cut based on its distance from (z7, ©7) at its intersection point with the half-line {(zp, ©5)+
B(x), — x5, 0, —02)|3 > 0} joining (x5,07) and (z),,©}). Assuming that the unified cut associated with
solution (7, ) is violated by (z},,©}), setting it to equality for (z,,0,) = (x5, 05) + B(z;, — z5,0;, — O3)

and solving for § gives:

m00), + DpF (x),; )

=1- .
b m0(0), — 09) + ’DII;P(x;}; ) — D;;P(a:g; )

(22)

The closest cut from (z5,©5) that is violated by (zj,,©;,) can be identified by solving problem with
8 as the objective function. By imposing the constraint of problem to the numerator of , the
objective can then be reformulated as minimizing the expression in the denominator. From there, we notice
that the closest cut selection problem corresponds to the unified Benders cut selection problem , with

normalization function heo(m, mo) := mo(0), — ©9) + DL (a]; w) — DEF (x9; 7).

Deepest cuts. For a solution (7, ©}), the deepest cut selection framework of Hosseini and Turner| (2024)
identifies the violated cut defining the hyperplane whose distance from (z,,©;) is the largest with
respect to some pseudonorm. This approach can be seen as a natural extension of the work of [Fischetti et al.
(2010), where h : Hg — R is taken as a general positive homogeneous normalization function in the unified
Benders cut selection problem . Indeed, |Hosseini and Turner| (2024) show that taking he (7, 7o) :=
(w0, Ay B, {1ty E}rer)||q yields the violated cut whose £, distance from the current solution is maximized.

Moreover, they show that the technique proposed by |Conforti and Wolsey| (2019) to identify a facet-
defining cut separating a point from a polyhedron can be exploited within the deepest cut framework. In
the context of Benders cut selection, the considered polyhedron is the epigraph & := {(zp,0,) € &, x R, :
0, > QII;P(JC,,)} of the Benders’s subproblem value function. The separation problem of |Conforti and Wolsey
(2019) is defined based on a point (:cg, ©jp) in the relative interior of &, i.e., a core point xj and a value
09 > QpF (x9). It identifies a facet of £ that is traversed by the line joining (x7,©;,) and (x5, ©9). Hosseini
and Turner| (2024) show that this facet corresponds to the cut returned by the unified Benders cut
selection problem associated with the so-called Conforti-Wolsey pseudonorm hcw (mo, 7) := mo(©;, —
09) + A) B(x}, — X2) + 2.y er Hpr E(1,. — 15,). By expanding the definition of D5 (z,;7) in the closest cut
normalization function heoo(w,mg), we observe that hoo(m, m9) = hew (mo, 7), and Proposition 4| directly
follows. To the best of our knowledge, this equivalence has not been highlighted in the literature. In
particular, although |Seo et al.| (2022)) discuss an earlier version of [Hosseini and Turner| (2024) that already
presented the Conforti—-Wolsey deepest cuts, neither of the two papers seems to have observed the equivalence

between the closest cuts and the Conforti-Wolsey deepest cuts.

Implementation. In our algorithm, we generate Benders cuts from the operational problems and their

single-route relaxations . The single-route cuts of period p € P for route r € R are obtained by replacing
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everywhere in the above section the set of routes R by the singleton {r}, the auxiliary variable ©, by 0,,,
and the value function Q, by @pr.

For the MW and closest cuts, we use the procedure proposed by [Seo et al.| (2022) to identify a guiding
point (xg,@g) € X5 x Ry that does not violate any Benders cut. First, we solve the LP relaxation of
problem in extensive form, which gives a solution (x;, y;,) for each period p € P. We then set O to the
objective value ) _» chT Y, of solution y;, for the operational problem , similarly define ), = c]?;’TT Ypr
for single-route problems, and take xj = x;, + €l for € = 0.1. The added perturbation, which slightly relaxes
the operational constraints 7, makes it more likely for z° to be a core point and for the closest cut
separation problems to have unique solutions.

In Appendix [AZ8] we present a computational comparison of the standard cuts, the MIS cuts, the MW
cuts, the closest cuts, and the /—1 deepest cuts as part of our accelerated logic-based Benders decomposition.

The closest cuts achieve the best performance and are used throughout Section

4.2.4 Monotone cuts

If a master problem iteration returns a solution (2/,0") € X x R for which (x7,,©),) violates a Benders cut
in at least one period p € P, one can directly proceed to the next iteration without considering integer
subproblems. Monotone cuts are only needed when classical cuts do not suffice to eliminate a solution from
the feasible domain of the restricted master problem. In the integer phase of our algorithm, we solve for
each period p € P the integer subproblem associated with solution z/. If this problem is feasible and

) < oo, then

/
p

its optimal value is strictly underestimated at the current master solution, i.e., ©, < Q(x;

p

we generate the optimality cut ©, > DZI,P (wp;a:;). However, if the integer problem is infeasible, instead
of directly generating a generic feasibility cut 1[z, < m;] = 0, we execute a sequence of tests aiming at

identifying a subset of components of z;, that cause the current solution to be infeasible.

Strengthened monotone feasibility cuts. First, for each route » € R and period p € P, we verify
whether the fleet assignment decisions n/? imply the infeasibility of the operational problem by solving
the single-route feasibility problem y,,. € ZT”", Dy ypr < epr + En;,r, which relaxes the charging capacity
constraints . Since on-route BEBs and conventional buses can be continuously in service in this model,
if Vor () 1= {ypr € Z'"" : Dyyppr < €pr + En)y.} = 0, then we conclude that the fleet of depot BEBs is

insufficient to satisfy the service level requirements unless the fleet size of conventional buses and on-route

BEBs is increased. We obtain the following feasibility cut:

(a2, m2+n7) < (3P, mP+mF)] = 0. (23)

If the single-route fleet assignment tests are inconclusive, we solve a multi-route feasibility problem that
considers the on-route charging infrastructure and the total number of installed depot chargers. We replace
the original set Z of depots by a unique aggregate depot ¢* and the original set IC of charger types by a
unique model k*. For each tuple (r,b,s) € R x B x [0 : sp—1], we set the charging time parameter of
the aggregate depot to Kypi*k+s = Min;ez kek Krbiks- Lhis has for effect of aggregating the depot charging
capacity constraints and relaxing them by considering optimistic charging times. The feasibility test consists
in solving the operational problem of period p for the current fleet and on-route chargers (X;,, nj’j), with the
singletons {i*} and {k*} replacing the original sets Z and K, and the objective of minimizing the number
of depot chargers, which becomes a variable. If )Z;LB = min{x’,. € Zy : — ,ypT € ZT“ Vr € R}
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exceeds the number of depot chargers >, 7>, )2;7; from the current solution, we conclude that the total
number of depot chargers or at least one component of the fleet sizing or on-route chargers installation

decisions vectors must be increased to recover feasibility. This results in the following feasibility cut:

1 [(np,?,z > < (v, -;,“31)] =0. (24)

i€Z kek

Finally, if these feasibility tests fail to eliminate xj, from the feasible domain of the relaxed master
problem, we resort to the generic feasibility cut, which states that at least one component of the strategic
solution x, must be strictly higher than in solution a:;:

1z, <] =0. (25)

It is immediate that = == , with the first implication holding for any route » € R. In
addition to eliminating a larger subset of the master problem’s domain, the sparser infeasibility cuts require

fewer componentwise comparisons in their indicator function.

Sparse encoding of monotone cuts. The monotone cuts , , , and are active when
a collection of componentwise lower-bounding inequalities on integer vectors is respected. For a decision
vector v € Z7" and a fixed solution v’ € Z%', the condition 1[v < ] = 0 holds if and only if the disjunction
VIm (v > 1] + 1) is satisfied or, equivalently, if >, 1{»; > v/ + 1] > 1. Adding such disjunctive constraints
to the relaxed master problem requires keeping track of each clause using a binary variable (Balas||1979). In
our implementation, for each period p € P and each component x,,; of the vector z,, we maintain a pool A
of indicators apy, € {0,1}, each bounded by a constraint (k+1)apr < z,; enforcing that app < 1z > k+1].
Initially, each pool A, is empty, and a, is generated when x;l = k appears as the threshold value in a
monotone cut. A feasibility cut is then reformulated as Zln:1 pi(a!) > 1, and an optimality cut
becomes ©, > Q,(z7)(1 -3, api(ar,))- Similarly, a pool of binary variables is maintained for each sum of
decision variables appearing in the feasibility cuts and .

In contrast with standard implementations (e.g., [Hooker and Osorio||1999, [Liu et al.|2024)), where a new
collection of n binary variables is generated each time a monotone cut is added to the master problem,
we allow the indicators a,; to appear in all the cuts where the same threshold on z,; is encountered. In
practice, this makes a significant difference in the number of variables added to the master problem. Indeed,
monotone cuts are mostly needed in late iterations of the algorithm, where near-optimal solutions that only
differ in a few components are sequentially visited and bounded by monotone optimality cuts. By reusing
previously generated binary indicators, such cuts can be generated by introducing a small fraction of the

indicators required by the standard approach.

4.2.5 Outline of the algorithm

We implement our algorithm in a classical Benders decomposition fashion. The initial relaxed master problem
is equipped with the disaggregated auxiliary variables of Section and the relaxed operational model
of Section 4.2.2] Each iteration comprises three phases. In the first phase, the current master problem
is solved, and the global lower bound is updated. In the second phase, Benders cuts are generated at
the current master solution by applying the closest cut selection method from Section to the LP
relaxations of the operational problem and of the single-route relaxations . The third phase is entered
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if the LP relaxation of each operational problem is feasible for the current strategic solution. It consists of
solving the operational problems with integrality constraints, generating the monotone cuts of Section [4.2.4
and updating the incumbent solution. The algorithm iterates until the desired tolerance is reached. The

pseudocode and further discussion on implementation are provided in Appendix

4.3 Arc selection algorithm

Exact and heuristic algorithms serve complementary roles in this work. Our logic-based Benders decompo-
sition algorithm is designed to expand the frontier of instances for which provably optimal solutions can be
obtained. Notably, we can achieve optimality for instances of practical interest to transit authorities, who
typically plan electrification projects in phases by considering a subset of routes at a time. However, as
the planning scope broadens to long-term, citywide electrification, even finding a feasible solution becomes
challenging, and heuristic methods become essential.

We propose a simple approach that exploits the structure of the depot BEB schedules as circulations
on dense graphs. Since flow variables represent the vast majority of the decision variables in the extensive
formulation of the BFEP, sparsifying these graphs can significantly reduce the size of the problem. Our
method identifies a restricted set of relevant arcs by considering the active variables in the optimal solutions
of a collection of single-route problems and LP relaxations of the BFEP. The algorithm solves a sequence of
restricted problems where these arcs are progressively introduced. Finally, the original extensive formulation
is solved, subject to a time limit. This last step provides a global optimality gap and makes it possible to use
the arc selection algorithm as an exact method. At each step, the incumbent solution is used to warm-start
the next problem.

The arc section algorithm comprises four phases. In the first phase, three sets of arcs associated with
the flow variables {(w?,vE, 22)}(, r)epxr of the depot BEB scheduling model are constructed. The first two
sets ELP1 and £MF? correspond to the active arcs from the LP relaxation of the extensive formulation of
the problem, solved without and with additional constraints on early charging. To construct the third set
ESRwe solve for each period p € P, each route r € R, each type of depot BEBs b € B, and each fleet size
m € {0,1,...,max;er dP* — 1} of on-route BEBs and conventional buses a single-route scheduling problem
in which the charging capacity constraints are relaxed (i.e., an infinite number of chargers is assumed
to be available at each location). Each arc that is active in at least one optimal solution is included in 5.
In the second and third phases, we solve the extensive formulation of the BFEP associated with the edge
set EFPL U EMP2 ) and then with the edge set ELPT U EFP2 U €5, Finally, in the fourth phase, we solve the

warm-started extensive formulation without restrictions. The pseudocode of algorithm AS is provided in

Appendix [A26]

5 Computational experiments

This computational study evaluates: (i) the impact of our acceleration techniques on the performance of
the logic-based Benders decomposition framework; (ii) the ability of our exact algorithm to solve partial
network electrification planning instances to optimality; and (iii) the scalability of our heuristic algorithm
on citywide electrification planning instances. Section [5.1] studies the acceleration techniques. Sections
and present results for the partial and complete bus networks. Finally, in Section we illustrate our

model on the Chicago transit system. The experiments were conducted with a Python implementation and
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Gurobi 10.0.3 on a computing cluster node equipped with 48 Intel Xeon Platinum 8260 cores @ 2.40 GHz
and 192 GB of RAM. The relative optimality tolerance of the algorithms was set to 0.01%.

Our instances are constructed from historical data made available by transit agencies on the Mobility
Databasel. We selected eight US cities, for which we built our instances based on the routes (R), terminals
(J), and depots (Z) currently in use. We defined the minimum service requirement parameters on each
route as the average number of buses in service during each hour (7'=24) of a typical weekday, and assumed
that this level would remain constant throughout the planning horizon (d?=d?" Vp, p’ € P). More details on

the parameters used for our tests are given in Appendix [A.7]

5.1 Acceleration techniques

We study the effect of each of our acceleration techniques on the overall performance of our logic-based
Benders decomposition framework. To do so, we evaluate the individual impact of replacing the closest
cut selection method (CC) of Section by standard Benders cuts, and of removing the preprocessing
(PP) of Section the disaggregation method (DA) of Section the partial decomposition (PD) of
Section and the improved monotone cuts and encoding techniques (MC) of Section Finally, we
consider using none of these acceleration techniques. Except for minor practical enhancements, such as the
early-stopping condition applied to our master problem iterations (see Appendix , the unaccelerated
version of our logic-based Benders decomposition exactly corresponds to algorithm GBD2%* of Liu et al.
(2024)), which we take as a baseline.

We consider for each problem size (|R[,|P|) € {(3,4),(6,6),(9,6)} a set of 10 instances composed of
disjoint subsets of routes from the Atlanta network. We impose a time limit of four hours per instance
for each method, with the default optimality tolerance of 0.01%. Table [2| presents average results for the
computing time, in seconds, the number of iterations (Iter), the number of Benders cuts (BCuts) and
monotone cuts (MCuts) added to the model, and the number of binary indicators (Ind) needed to encode
the latter. These metrics are reported as geometric means to better reflect central tendencies. We present
the percentage of computing time spent on the master problem (MP), the linear cut generation subproblems
(LP), and the integer monotone cut generation subproblems (IP). Finally, the number of instances solved to
optimality, and the average optimality gap, taken as 0 for instances that terminated before the time limit,
are reported. Instances that reached the time limit contribute to the overall results using the figures recorded
at termination.

The results of Table [2| show that our acceleration techniques drastically improve the performance of the
logic-based Benders decomposition framework. Indeed, they allow solving 29 instances to optimality within
the time limit, compared to 11 for the baseline method. Moreover, for challenging instances, they reduce
the average computing time and optimality gap by three orders of magnitude.

Our ablation study reveals that our acceleration techniques act in complementarity to improve the overall

performance of our logic-based Benders decomposition.

e (PP): The preprocessing step divides the average solving time and the number of iterations by a factor of

two across all the groups of instances.

e (DA): Disaggregating the operational model based on single-route relaxations is our most impactful accel-
eration technique. It slightly increases the number of generated Benders cuts for smaller instances. However,
in the last group, excluding this technique reduces from nine to two the number of solved instances and

increases the average computing time by two orders of magnitude.
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e (PD): Including a relaxation of the operational model in the master problem formulation is our most
efficient acceleration technique for the smallest instances, where it divides by two the number of iterations
and by three the number of generated Benders cuts. This technique always remains beneficial, but is less

impactful for large instances.

e (CC): Using closest cuts systematically reduces the number of generated cuts. For the last group, it divides

the solving time and the number of iterations by almost six and three, respectively.

e (MC): This set of acceleration techniques is the one whose impact on performance is the most subtle.
Since the LP relaxation of the operational problem is rather tight and our algorithm relies in priority on
classical Benders cuts, the number of monotone cuts required to attain provable optimality is usually very
small. Consequently, although the sparse encoding makes a noticeable difference in the number of indicators,
the size of the master problem remains manageable even with a naive encoding, and the impact on the
algorithm’s overall performance is limited. For the same reason, monotone feasibility cuts are rarely needed,
and our infeasibility detection tests are rarely executed. In the last group, a single instance stands out as an
exception. This instance is solved to optimality by the variants All, All-DA, and All-PD, which all generate
two single-route fleet assignment cuts . In contrast, it cannot be solved within the time limit with the

variant All-MC, which had instead generated five weaker generic infeasibility cuts at termination.

Table 2: Performance of LBBD with different acceleration techniques

Instances . Summary Cuts Time (%)

Accelerations

(IRl 1P1) Opt  Gap Time  Tter BCuts MCuts Ind MP LP  IP

All 10 0.0000 11.1 5.9 33.1 1.7 3.1 10.5 44.7 10.2

All — PP 10 0.0000 17.2 10.3 57.3 2.1 3.4 22.8 52.3 10.6

All — DA 10 0.0000 11.8 8.4 19.2 1.9 3.3 15.8 37.1 12.2

(3,4) All — PD 10 0.0000 18.6 114 90.4 1.9 3.3 7.8 65.9 8.0

All — CC 10 0.0000 12.1 9.4 58.2 2.1 4.5 29.7 19.6 21.0

All — MC 10 0.0000 10.9 6.1 33.5 1.9 6.2 11,5 450 7.9

None 10 0.0000 174.3 65.0 219.3 2.4 27.2 58.3 24.8 15.7

All 10 0.0000 56.9 10.3 113.3 1.9 4.9 29.7 383 13.3

All — PP 9 0.0010 133.0 22.5 164.6 2.6 5.6 39.0 358 16.3

All — DA 10 0.0000 146.8 26.8 101.8 2.2 6.6 57.6 28.3 5.6

(6,6) All — PD 10 0.0000 69.8 14.2 241.5 1.6 3.2 19.9 58.2 8.7

All — CC 10 0.0000 108.1 21.0 230.1 2.4 7.2 63.1 13.5 14.6

All — MC 10 0.0000 57.9 10.8 114.6 2.1 17.6 31.7  38.3 11.3

None 1 0.7932 13747.4 209.3 1141.6 2.8 90.2 95.7 2.6 1.5

All 9 0.0037 372.8 24.0 247.9 3.5 13.1 54.5  29.2 7.7

All — PP 8 0.0095 659.4 33.2 317.7 5.9 10.4 62.4 26.2 7.5

All — DA 2 0.0498  10306.1 80.3 308.2 4.1 275  95.7 2.9 0.9

(9,6) All — PD 9 0.0038 444.9 26.8 422.0 3.9 13.0 45.1 39.4 8.3

All — CC 6 0.0334 2137.6 61.3 581.8 5.5 35,5 82.1 6.3 9.8

All — MC 8 0.0084 398.8 24.9 251.8 3.6 364 532 29.2 8.8

None 0 2.6173  14400.0 198.9  1190.7 1.1 134 919 4.8 3.2

19



5.2 Partial network instances

In this section, we evaluate the ability of our accelerated logic-based Benders decomposition (LBBD) algo-
rithm to solve instances of moderate size to optimality. We compare LBBD to the extensive formulation
(EX) and arc selection (AS) approaches. Our benchmark set is generated from the networks of Atlanta,
Boston, Chicago, and Dallas. For each city, we consider the electrification of a subset of routes over |P| €
{2,4,6,8,10} years, with and without on-route chargers and BEBs. We take |R| € {3,6,9,12,15} routes
when on-route BEBs are allowed, and |R| € {2,4,6,6,10} otherwise, for a total of 200 instances. The time
limit is set to two hours per instance, and the preprocessing steps of Section are applied to all methods.
For AS, 75% of the time budget is allocated to the heuristic phase, with 75% of this share being allocated
to the second restricted IP. The remaining computing time is used to solve the warm-started extensive
formulation.

Figure [I] shows the cumulative number of instances solved to optimality as a function of time and a box
plot of the final optimality gaps for each method. Table [3| separates the results by availability of on-route
BEBs and number of routes. We report the number of solved instances, the average optimality gap, and the

count of instances on which each algorithm provides the best performance.
Figure 1: Solved instances and optimality gaps for partial networks
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Table 3: Results per group of instances for partial networks
Instances with on-route BEBs Instances without on-route BEBs
EX AS LBBD EX AS LBBD
IR| [R]
Opt Gap Best Opt Gap Best Opt Gap Best Opt Gap Best Opt Gap Best Opt Gap Best
18  0.01 3 18 0.01 0 19 0.00 17 2 12 0.04 9 11 0.04 O 17 0.01 11
13 0.18 1 13 0.09 0 17 0.00 19 4 5 0.33 2 6 024 O 11 0.03 18
2 0.29 0 8 0.09 1 13 0.01 19 6 1 0.56 0 2 0.20 1 0.06 19
12 1 0.42 0 3 0.19 1 7 0.04 19 8 1 0.89 0 0.25 4 1 0.10 16
15 1 0.46* 0 0.22 4 4 0.06 16 10 0 1.12 0 0 024 5 0.15 15
Tot/avg 35 0.27 4 46 0.12 6 60 0.02 90 Tot/avg 19 0.59 11 20 0.19 10 34 0.07 79

* excludes an instance for which no solution was found
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The results show that LBBD significantly outperforms the other methods. It solves 94 instances, com-
pared to 54 for EX and 66 for AS, requires only 2.5% and 5.3% of the time limit to match the number of
instances solved by the other two methods, and achieves the best performance in 169 out of 200 instances.
The largest optimality gap obtained with LBBD is 0.23%, whereas 50 instances exhibit an optimality gap of
0.64% or higher (up to 2.93%) with EX, and of 0.21% or higher (up to 1.45%) with AS. AS maintains the
most stable performance as the number of routes increases, particularly when on-route BEBs are prohibited.
In this case, meeting electrification targets requires larger fleets of depot BEBs, and the scheduling simpli-
fications performed in the first heuristic phase greatly reduce the computational effort needed to identify
good-quality solutions. Nevertheless, AS provides limited improvements over EX in the number of instances

solved to optimality.

5.3 Complete network instances

In this section, we evaluate the ability of our heuristic method to scale to long-term, large-scale electrification
planning problems. We construct our instances from the complete bus networks of eight major US cities,
with a transition horizon of |P| = 10 years. For comparison purposes, we also consider a simple policy
restriction (PR) heuristic, where the arc selection phase of algorithm AS is replaced by the most efficient a
priori arc elimination rules we identified in preliminary experiments. In this approach, the depot BEBs are
only allowed to charge starting from the fully depleted battery state (i.e., 2%, . = 0 if s > 0), and cannot
idle during service times, except in the fully charged state (i.e., vfis = 0if s < s and dP* > 0). The extensive
formulation is first solved with these restrictions, and the incumbent solution obtained from the restricted
model is then used to warm-start the original formulation. This approach is intended to serve as a fair
baseline method against AS. Table ] reports lower and upper bounds, in millions of dollars, and optimality

gaps, in percentage, for EX, PR, and AS, on instances including and excluding on-route BEBs.

Table 4: Results for complete networks

With on-route BEBs Without on-route BEBs

City EX PR AS EX PR AS

UB Gap UB Gap UB Gap UB Gap UB Gap UB Gap

Atlanta — — 964.36  0.63 962.32 0.42 — — 1103.09 6.45 1045.61 1.30
Boston — - 2384.71 * 2379.87 0.81 * * 2561.54 7.15 2397.25 0.78
Chicago — — 2734.13 0.83 2727.72 0.59 — - 2890.68 5.41 2744.84 0.39
Dallas — — 1205.69 0.85 1200.61 0.44 — — 1319.92 4.86 1262.80 0.56
Detroit 439.06  0.83  439.23 0.60 438.46 0.43 — - 459.80 2.24 451.84 0.51
Houston 197256 17.51 1644.14 1.03 1630.17 0.18 — — 1763.37 6.23 1659.81 0.38
Las Vegas - - 634.02 0.09 634.01 0.08 — - 690.75 1.01 686.69 0.43

Los Angeles 4078.27 18.75 3344.34 0.95 3325.93 0.40 -— - 3556.79 6.04 3361.52 0.59

— no feasible solution was found within the eight-hour time limit, * out-of-memory error

The results indicate that sparsifying the depot BEBs scheduling graphs makes it possible to achieve
good solutions for otherwise intractable instances. AS systematically dominates, most noticeably when on-
route BEBs are unavailable. Since both PR and AS limit the efficiency of the depot BEBs by restricting
the flexibility of their schedules but do not affect on-route BEBs, it was expected that they would provide
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solutions of lower quality in the second group of instances. The relatively stable optimality gaps of AS,
whether on-route BEBs are available or not, confirm that the active arcs from the LP relaxations and integer
subproblems considered in our method suffice to construct schedules of high quality. This is not the case for
a priori restriction rules.

Interestingly, the lower bound Gurobi achieves at the root node tends to become better as instance size
increases, although it usually stops making progress once the solver starts branching on large instances. In
Benders decomposition, the initial master problem shows the opposite trend, and solving each cut separation
problem can take several minutes. As a consequence, AS can achieve optimality gaps that are not
much higher for complete networks than for the partial networks of the previous section, whereas our exact
algorithm would not be competitive for complete network instances. We conclude that citywide instances are
best approached with primal heuristics, and that relying on a lower bound from the extensive formulation
of the problem is sufficient to obtain very good optimality gaps in this context. Further discussion, along
with detailed results for each phase of algorithms AS and PR, is provided in Appendix

5.4 Illustrative example on the Chicago network

We conclude our computational study by discussing high-level managerial insights and illustrating the prop-
erties of our model. We consider the best solution identified in the previous section for the complete network
instance of Chicago with on-route BEBs. Figure [2] presents the number of buses and chargers in the system
in each year of the planning horizon, as well as the yearly investment and operational costs, and Figure
[3] summarizes the daily service level of each type of bus in each period. A visualization of the network of

chargers throughout the transition is provided in Figure [4
Figure 2: Planning solution and costs summary — Chicago
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Assuming that the objective coefficients and service level requirements are constant across all investment
periods and electrification targets are imposed only in the last planning period, it can be shown (see Ap-
pendix that an optimal solution starts with a phase of investments that yield a least (1-v)% in yearly
operational savings, followed by a phase without investments, and a last phase of investments that provide at
most (1-7)% in yearly operational savings. Since this instance satisfies these assumptions, it is indeed what
we observe. The yearly budget is almost fully used from years 1 to 5. In this phase, the return on investment
(ROI), defined for period p as (Op(zp) — Op(xp—1)) /Ip(xp — zp—1) ranges from 10.26% in year 1 to 5.38%
in year 5. Year 6 marks the end of the first phase, with an ROI of 4.36%, slightly above the threshold of
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(1-v)=4%, on $94.8 million in new investments. We also observe nonzero investments in year 7, with an
ROT of 4.3%, highlighting that this solution is slightly suboptimal. Indeed, advancing these investments to
year 6 and adjusting the operations accordingly would improve the value of the solution by $16.5 thousand
(< 0.001% of the overall costs). After a phase where no additional investments are made, we observe a last
phase of investments whose purpose is to complete the electrification of the fleet by the end of the planning
horizon. These last investments fall below the rentability threshold (ROI of 3.57% and 2.5% for years 9 and
10, respectively), and are thus delayed as much as possible.

Due to the cheaper operating costs of BEBs compared to conventional buses (and following Proposition,
the operational costs decrease monotonically throughout the transition. The initial annual operational costs
of $240.4 million reach $150.4 million at the end of the first phase of investments, and $141.2 million in year
10. Overall, the initial fleet of 1495 conventional buses is replaced by a fleet of the same size consisting of
788 on-route BEBs, 690 short-range depot BEBs, and 17 long-range depot BEBs, supported by 106 on-route
chargers and 157 depot chargers, for investment costs totaling $1.52 billion, and operational costs of $1.66

billion over 10 years.

Figure 3: Number of buses in service per hour by year — Chicago
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In the first three years, all the investments are made in on-route BEBs and fast chargers. Depot BEBs
are progressively introduced starting from year 4, and represent the quasi-totality of the BEBs acquired in
the last phase of investments. This can be explained by the usage profile presented in Figure[3]l For example,
in year 2, the 413 on-route BEBs are in service 84.2% of the time, and are all in service for 14 consecutive
hours starting from 5 am. In comparison, depot BEBs can be in service at most 66.7% of the time, since
we assumed they require 1 hour of charging for every 2 hours of operation. The hourly operating costs of
conventional buses being by far the highest, on-route BEBs are thus preferable to depot BEBs as long as
conventional buses are still needed to satisfy the base load. After that, short-range depot BEBs, which are
the cheapest to acquire and operate, become the most cost-efficient option. They are mostly used to satisfy

the service requirement in peak hours, and recharge around noon and at night.
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Figure 4: Chargers deployment — Chicago
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Regarding charger locations, Figure [4] shows that fast chargers are principally deployed in densely con-
nected areas. Terminals located on the city outskirts are never equipped with fast chargers, meaning that
the routes outside of the city center are mostly serviced by depot BEBs. Interestingly, no chargers are
installed after the first investment phase. Indeed, although more chargers could reduce the operational costs
by increasing the scheduling flexibility of the depot BEBs introduced in years 9 and 10, these savings in
the final years do not suffice to offset additional capital investment. If operational expenses were taken
into account beyond the 10-year planning horizon, the resulting extended amortization period might justify

further investments in the last phase.

6 Conclusion

This paper presents a flexible and scalable framework for bus fleet electrification planning, jointly optimizing
strategic and operational decisions. The proposed model yields a two-stage integer program with separable
subproblems whose optimal values are monotone in the first-stage variables. Building on a logic-based
Benders decomposition framework recently proposed for this class of problems, we introduce a suite of
acceleration techniques that achieve speedups of up to three orders of magnitude, enabling the solution
of practically relevant instances to proven optimality. Additionally, we develop an easily implementable
restriction heuristic tailored to very large-scale problems. Experiments on real data demonstrate optimality
gaps below 1% can be achieved on citywide electrification problems, providing valuable decision support for

transit agencies.
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We made simplifying assumptions throughout the paper. At the operational level, we considered a non-
preemptive charging policy and assumed that each bus type uses a single charging technology. Importantly,
these assumptions are not fundamental to our algorithms. Their relaxation would preserve the monotonicity
property leveraged by our logic-based Benders decomposition, as well as the circulation structure of the
schedules exploited by the arc selection algorithm. Also, inherently uncertain parameters such as future
energy costs, driver wages, and vehicle and charger characteristics were treated as deterministic. As a
possible extension, uncertainty in operational parameters could be modeled by scenarios, and uncertainty
in strategic parameters could be accounted for by jointly optimizing over different trajectories for future
technology. These generalizations of the model would result in additional separable subproblems that could
be efficiently handled by our decomposition framework. Crucially, long-term planning models should in
practice be applied in a rolling horizon fashion to guide short-term decisions, with parameters updated as
new information becomes available and careful sensitivity analyses performed at each stage of deployment.

A promising avenue for future research in integrated bus fleet electrification planning is the modeling of
interactions between charging infrastructure and the power grid. At the strategic level, this includes incorpo-
rating grid capacity expansion decisions to accommodate increased loads from chargers. At the operational
level, integrating vehicle-to-grid scheduling would enable transit agencies to respond to daily price fluctua-
tions and participate actively in electricity markets. From an algorithmic perspective, embedding advanced
solution methods for E-VSP within an accelerated logic-based Benders decomposition could facilitate the
integration of detailed scheduling and routing models into long-term planning problems or, conversely, enable

key strategic decisions to be incorporated into E-VSP formulations.
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A Appendix

A.1 Notation

Table A.1: Indices and sets, strategic variables, operational variables, parameters, value functions

Notation Description
peP Investment period (year); P = {1,2,..., P}
teT Operational time interval (hour); 7 = Z/TZ the cyclic group of integers modulo T'
reR Bus route
beB Type of depot BEB
1€l Depot location
jedJ On-route terminal
kel Type of depot charger
s €S Charging state for buses of type b; S = [0: sp]; S = [1: 8] ; Sf =1[0: sp—1]
R(j) Set of routes connected to terminal j
J(r) Set of terminals connected to route r
zp Strategic variables of period p; 2, = (Xp, {1pr}rer) € Z7}
Xp Chargers location decisions; x, = (X*, x*) € Zf_x’c X Zf
Tpr Fleet size decisions on route r; n,, = (2,72, 7E) € Z5 x Zy x Zy
Xy # of chargers of type k at depot i in period p
)?’; # of fast on-route chargers at terminal j in period p
ﬁfb # of depot BEBs of type b assigned to route r in period p
e # of on-route BEBs assigned to route 7 in period p
P # of conventional buses assigned to route r in period p

Operational variables of period p on route r;

Yor Ypr = (WP, VP, 22, WP, WP) € ZZ:XBXS;U X ZIXBX‘S" X ZIXBXIXKXS; X ZIXJ(T) x ZT
wfis # of depot BEBs of type b in service in state s on route r during interval ¢ of period p
vf}is # of depot BEBs of type b idling in state s on route r during interval ¢ of period p
ot # of depot BEBs of type b assigned to route r starting to charge
rbiks in state s at depot i on a type k charger in interval ¢ of period p
wht # of on-route BEBs in service on route j in interval ¢ of period p
wP? # of conventional buses in service on route j in interval ¢ of period p
5 Yearly discount factor
cp Coefficient (coefficient vector) of component(s) ! of decision variables u
IEB Investment budget in period p
ﬁg B Maximum number of conventional buses allowed in period p
B Maximum number of chargers that can be installed in depot ¢
)?}JB Maximum number of chargers that can be installed at terminal j
dart Demand (minimum number of buses in service) on route 7 in interval ¢ of period p
p # of on-route BEBs allowed to share the same charger during a service interval
Krbiks # of time intervals needed to perform a round-trip between route r and depot @

and fully charge a BEB of type b starting from state s using charger type k

I,(zp—xp—1) Investment costs of period p
Op(zp) Operational costs of period p; Op(zp) = Hp(xp) + Qp(z)p)
H,(zp) Fixed maintenance costs of period p (do not depend on operational decisions)

Qp(zp) Optimal variable operational costs of period p given z, (also called scheduling costs)
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A.2 Proofs

Proof of Proposition [ Let R be a set of demand points and J be a set of candidate locations, with
J(r) C J the subset of candidate locations that cover the demand point r € R. The set covering problem

(SCP) can be formulated as:
min Z Uj (A.la)

JET

s.t. Z u; > 1, vr e R, (A.1Db)
jed(r)
u; € {0,1}, ViedJd, (A.1lc)

where we assume without loss of generality that |7 (r)] > 1 Vr € R, and the problem is thus feasible.

By associating each candidate location j € J to a terminal location with capacity )Z}JB = 1 and each
demand point € R to a route, with the same covering locations J(r) C J Vr € R, the SCP reduces to
the BFEP with P = 1 investment period (P = {1}), T' = 1 time interval (7 = {0}), no depot locations
(Z = 0) and depot BEBs (B = 0)), a retirement target 7y ® = 0, a fast-charging parameter p = |R|, unit lower
bounds d}:o =1 Vr € R on service levels, trivial operational costs O;(x1) = 0 for any x;, investments costs
Li(z1—20) = Y je s Xj given by the number of installed on-route chargers, a nonbinding budget I;’® = | 7|,
and an initial solution zg in which no chargers are installed and only one conventional bus is assigned to
each route in period 0. Omitting the variables that must be fixed to 0 and the constraints that are respected
by construction of the problem, as well as the indices on period and time interval, this special case of the
BFEP can be written as:

min Z X (A.2a)

JjeT
sty iy > 1, VreR, (A.2D)
JeIT(r)
> @y <IRIXG, vjed, (A.2¢)
re€R(J)
>y < Vr € R, (A.2d)
JEIT(r)
X; €{0,1}, VieJ, (A.2¢)
Ny € Ly, Vr e R, (A.2f)
Wyj € Ly, VreR, VjeJ, (A.2g)

where (A.2b)), (A.2d), and (A.2d)) are the service level, on-route charging capacity, and fleet size constraints,

respectively.

For X fixed, the objective value of any feasible solution is jes X;, and the restricted problem admits a
feasible solution if and only if Zjej(r) X; > 1Vr € R. Indeed, suppose that 3 r € R such that Zjej(r) Xj =
0. Constraints (A.2d), then imply that w,; = 0 Vj € J(r), so that the service level constraint on
route r cannot be respected. Otherwise, we can build a feasible solution by setting 7, = 1 Vr € R and, for
each r € R, wy; = 1 for an arbitrary j € {j' € J(r) : X;; = 1} and w,; = 0 for all the other terminals. We
conclude that the BFEP can equivalently be expressed as the SCP , where the decision variable
X; replaces u; for each j € J. 0
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Proof of Proposition @ The proof is again by reduction from the SCP . Let the set of depot locations
T of the BFEP be equal to the set of candidate locations J of the SCP, and let each depot have unit
capacity, i.e., x{® = 1 Vi € Z. We consider T = |R| + 1 time intervals and retirement target 775 = 0.
Each route » € R only requires one bus in service in the interval ¢ = 0, and none in other intervals. We
and consider a single type of depot BEBs B = {b} with battery capacity s, = 1, and a single type of
chargers L = {k} that can recharge a depleted depot BEBs in one time interval, taking x4ix0 = 1 for all
(r,i) € R x Z. The cost of charging at depot i € Z for a BEB operating on route r is set to zero if i € J(r)
and |Z| otherwise. The other operational costs are taken as trivial, leading to the operational costs function
O1(z1) = 2 cr 2oien\g(r) 2oteT zf. The investments costs Iy (1 —xo) = Y_;c7 X} are given by the number
of installed depot chargers. We take a nonbinding investment budget I7® = | 7|, and an initial solution zg in
which no chargers are installed and only one conventional bus is assigned to each route in period 0. Omitting
the variables that must be fixed to 0 and the constraints that are trivially respected by construction of the
problem, as well as the indices on period, time interval, type of depot BEB, and chargers, this special case
of the BFEP can be written as problem , where are the service level constraints, —
are the depot BEB dynamics constraints, are the depot charging capacity constraints, and are

the fleet size constraints.

min Z)‘(i +|Z] Z Z Z 2L, (A.3a)

ieT rERIET\T (r) teT
st wpy > 1, vr e R, (A.3D)
Wy +0py = szo + ol VteT, reR, (A.3c)
1€

Dzl vl = witt kg, VteT, reRr, (A.3d)

i€
Z Zrio < Xis Vte T,Viel, (A.3e)

reR
Wiy + v+l + 200 < Vr e R, (A.3f)
Xi € {Oa 1}7 Vi e T, (A3g)
r € Ly, Vr € R, (A.3h)
why, vkg, vk, 2ty € 2y, VieT, VreR, Viel. (A.31)

We consider two cases. First, consider a feasible solution to problem in which there is some route
r € R for which none of the depots permitting free charging trips is equipped with a charger, i.e., x; = 0
Vi € J(r). For the service level constraint - to hold for route r, we need w% > 1. As a consequence of
the flow balance constraints m this implies that at least one chargmg variable 2!, t € T,i €
takes a strictly positive value. By the charging capacity constraints , at least one charging variable

ZloteT,ie{i’ €Z:x;=1} C(Z\ J(r)) thus takes a strictly positive value. The objective value of such
a solution is thus lower bounded by Y7, X; + |Z| > |Z] + 1.

Second, consider a fixed y such that >, g Xi =1 Vr € R. We show that we can build a feasible
solution that only relies on free charging trips and dominates any solution from the first case. We start by
setting 77, = 1 Vr € R. Then, let us index the set of routes as R = {1,2,...,|R|} and the set of depot
locations as Z = {1,2,...,|I|}, and assign to each route r € R an arbitrary depot i, € {i € J(r) : x; = 1}.

(&

For each route r € R, we take as only positive operational variables w% =1, vl = 1Vt € {1,...,r — 1},
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2o =1fort =7 and v}y =1Vt € {r+1,...,T — 1}, which yields a schedule in which the BEB is in
service during interval ¢t = 0, recharges during interval ¢ = r using the charger of depot ¢,, and idles during
all the other time intervals. This schedule respects the charging dynamics constraints, uses a single vehicle,
and meets the service level requirement for interval ¢ = 0. Furthermore, since the BEB assigned to route
r is only in charge during interval r at a depot location ¢ € J(r) equipped with a charger, each charger is
used by at most one vehicle at the time, and the charging capacity constraints are thus also respected. The
solution is thus feasible, with objective ., xi < |Z].

We conclude that any optimal solution to problem belongs to the second case. Using our construc-
tion, this special case of the BFEP thus reduces to finding a solution x with minimal support such that
D i gy Xi 2 1Vr € R, which is exactly equivalent to the SCP , where the decision variable y; replaces

7; foreach i€ Z = 7. O

Proof of Proposition @ Consider a solution such that Xﬁ-’ < )?}IB and )??, > 0 for some j € J, j €
J(j), p € P. By the monotonicity constraints , these conditions hold for a consecutive sequence of
periods {pi,...,p2}, for p1 < pa. Since R(j) 2 R(j'), we can modify the solution without affecting the
investment and operational costs by setting )?;/ — 52?/ +1 and )Zf,/ — )?f,/ — 1 for all p" € {p1,...,p2}, and
reassigning to the additional charger of terminal j the charging activities of min { 0, ZreR( ) @f;é} on-route
BEBs that relied on terminal j/ during each interval ¢ € T and period p’ € {p1,...,p2} in the original
solution. These steps can be repeated until no charger remains in locations dominated by terminals with
nonzero residual capacity, i.e., until X%, = 0 V5’ € J(j) if X; < Xj® for each period p € P and each terminal
j € J. This process terminates after a finite number of steps since the dominance relation of definition [} is
a strict partial order.

From there, we can assume that terminal j has reached its maximum hosting capacity %}JB before
considering installing chargers at a dominated location j' € J(j). The number of vehicles required to satisfy
the service requirements on bus lines connected to terminal j is at most max,ep te7 ZTGR( ) drt. The

demand for on-route chargers that cannot be satisfied by terminal j is thus upper bounded by:
max ¢ 0, max Z dPt — pX;-JB . (A4)

Since dominated terminals are only connected to a subset of the routes R(j), this upper bound is in
particular valid for the residual demand that can be supplied by location j' € J(j). The right-hand side
of inequality is the smallest integer number of chargers that suffices to satisfy the charging capacity
constraints at terminal j given this upper bound on charging demand. O

Proof of Proposition[j, We consider the following generic problem:

min flz+9Q(x) (A.5)
z€XCR!

where the subproblem value function is given by:

i T
Q(x) '_g;nelﬁ%r%; c'y (A.6a)
s.t. Ay > b— Buz. (A.6D)
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Problem (|A.5)) can be expressed in epigraphic form as:

. T
Ie/_g’nene]R+ fla+0 (A.7a)
s.t. 0> Q(x). (A.7b)

A solution (2’,0") € R}* x R violates constraint ((A.7b) if and only if problem (A.8)) is infeasible:

mﬂi@n 0 (A.8a)

yeRY

s.t. Ay > b— Ba/, (A.8Db)
cly <@, (A.8¢)

which equivalently means that the dual problem (A.9) is unbounded:
min 7' (b— Ba') — b, (A.9)
(m,mo)EIL
where I := {(m,m) € RT x Ry : 7' A —moe’ < 0}
Problem (|A.7)) can thus equivalently be expressed as:

. T
xe)g‘l’lleIlGR+ fla+0 (A.10a)
st. ' (b— Bx) —mof <0, Y(m,m) €I, (A.10b)

We consider an arbitrary solution (z',0") € R’ x Ry and a guiding point (2°,0°) € R* x R that does
not violate any Benders cut .

For the pair of points (z/,8’), (x°,6°), the Conforti-Wolsey deepest cut selection problem of
land Turner| (2024)) is obtained from problem by truncating the dual cone II with the normalization
constraint (A.11b)), resulting in the following separation problem:

min 71 (b— Bx') — mob’ (A.11a)
(m,mo) €L
st. m B(z® —a') + mo(6° — 0') < 1. (A.11b)

For the same pair of points (z’,0"), (x°,6°), (2022) formulate the closest cut selection problem

as:

—7 (b — Bz®°) + 0°n

i = A.12
GO B S B — ) £ (00— 0) (A-122)
st. m' B(x° —a') + m(0° — 0') > 0. (A.12b)

By maximizing 1 — f instead of minimizing (3, the closest cut selection problem (A.12)) can equivalently

be expressed as:

7' (b— Bx') — mot’
1-38= A.13
(o)t 0= B =) + mol0° — ) (A-13a)

st ! B(x® —2') +m(6° — 0') > 0. (A.13b)

Since the objective ([A.13a]) and the left-hand side of the normalization constraint (A.13b]) are both positive
homogeneous in the dual variables (, ), the normalization constraint can be replaced by 7' B(z° — z') +

mo(0° — 0') = 1, which yields the following formulation:

max  w' (b— Bx') — mb’ (A.14a)
(m,m0) €Il
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st. 7 B(z° — a') + mo(6° — 0') = 1. (A.14b)

By Proposition 6 of Hosseini and Turner| (2024)), constraint (A.11b)) is binding at optimality in the
Conforti-Wolsey deepest cut selection problem , which is thus equivalent to the closest cut selection
problem . This concludes the proof. O

As a direct consequence of Proposition [d] the Conforti-Wolsey deepest cuts inherit the theoretical prop-
erties demonstrated by |Seo et al.| (2022)) for the closest cuts. Indeed, in addition to supporting the feasible
region defined by all Benders cuts, the closest cuts are either facet or improper when the separation prob-
lem admits a unique optimal solution, and any optimality cut generated by the closest cut approach is

Pareto-optimal if z° is a core point.

A.3 Illustration of the operational model

We consider a problem with an operational horizon of T' = 6 intervals, one route, one BEB type, one depot,
and one charger type, i.e., R = {r}, B={b}, T = {i}, and K = {k}. In period p € P, we assume that the
fleet is composed of 77, = 3 depot BEBs with battery capacity s, = 3, and that the depot is equipped with
X%, = 2 chargers. Starting from state s = 2, one interval suffices to fully recharge the bus, i.e., Krpig2 = 1,
compared to two intervals for states s € {1,0}, i.e., Krpir1 = Krbiko = 2. The service level requirements
are given by dP = (dP®, dPt, dP? dP3 dP* dP°) = (2,3,2,1,1,1).

Figure A.1: Solution consisting of two cyclic schedules, with periods of one day (left) and two days (right)

0e L L 1
1 4

Figure depicts two cycles in which the arcs in gray have flow 0, and the arcs in black have flow
1. In the first schedule, a bus is in the fully charged state s = 3 at time ¢ = 0 and idles for one interval,
reaching state (¢,s) = (1,3). It is then in service for three intervals, reaching state (t,s) = (4,0). Finally, it
charges for two intervals, completing the cycle by returning to state (¢,s) = (0,3). The period of this cycle
is T intervals. This means that a single bus can repeat this schedule daily. The second schedule can be
interpreted similarly. However, since it spans 27 intervals, it must be executed by two buses staggered by
T intervals. At time ¢ = 0, one bus is thus in state s = 2, whereas the second bus is in state s = 3. After
one day, their role are inverted. It follows that each arc along the cycle is traversed once per day, and the
operations repeat daily at the fleet level.

The circulation obtained by summing these two cycles is a feasible solution for the operational problem
associated with the above parameters. It corresponds to setting the service variables wfzs such that
(t,s) € {(1,3),(2,2),(3,1),(0,3),(1,2),(2,1),(5,3),(0,2), (1,1), (4,3)}, the idling variables v¥;  such that
(t,s) = (0,3), and the charging variables 2%, . such that (t,s) € {(4,0),(2,0),(3,0),(5,2)} to 1, and all

the other operational variables to 0. The service level in this solution matches the minimum requirements
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imposed by constraints (2d]). The charger usage is 0 in intervals ¢t € {0,1}, 1 in interval ¢ = 2, and 2 in
intervals t € {3,4,5}, which respects the depot capacity constraints for x¥, = 2. The flow balance
constraints — are satisfied since the solution is composed of a set of cycles with unit flows. The
active variables that contribute to the fleet size constraint are wfgg, wfl?Q, and 1151?3, and the limit of
7%, = 3 vehicles is thus respected. Finally, constraints and are trivially satisfied due to the absence
of conventional buses and on-route BEBs in the solution.

This example illustrates that our model allows generating schedules that could not be achieved if, as
customary in the literature, each vehicle had to perform the same schedule daily. This increased flexibility
enables better coordination of the operations and allows meeting the service level requirements with fewer
BEBs. Indeed, in our example, one can verify that any cycle that repeats daily contains at most three service
arcs. Since the total demand is ), ., d&* = 10, four BEBs would be needed instead of three if each vehicle
had to perform the same schedule daily. This modeling choice can therefore result in significant savings in

many instances.

A.4 Approximate operational model

To approximate the operational decisions using a reduced number of variables, we introduce for each route
r € R and each period p € P a collection w? = (&P, wP,wP) € Rf‘“ of auxiliary variables representing the

average service level provided by each type of bus:

1
D= D D Wb b € B, (A.15a)
teT SESg"
1 _
Gr=> Y W (A.15b)
teT jeJ(r)
1
o= > vt (A.15¢)
teT

Averaging the service level constraints (2d|) of each period and each route over the time intervals t € T
yields a surrogate relaxation that can be expressed using the auxiliary variables (A.15a)—(A.15¢):

o~ 1
DR T OE > fzdft, VreR, peP. (A.16)
beB teT
For constraints (A.16]) to serve as nontrivial feasibility cuts in the master problem, the auxiliary variables

are then upper bounded by linear functions of the strategic variables. We obtain a first set of bounds by
averaging the fleet size constraints 1) over the operational time intervals:

&b < appiihy, VpeP, reR, be b, (A.17a)
wl <P, VpeP, reR, (A.17b)
Wl <P, VpeP, reR, (A.17¢)
where oy 1= maX;er kek, sesr ——2——— is an upper bound on the fraction of the time intervals during which

b Sb—StHKrbiks
depot BEBs of type b € B can be in service on route r € R while respecting the conservation constraints

f. This bound is attained by alternating indefinitely between working and recharging from the state
s € S¢ that maximizes the ratio of regained battery level s, — s to charging time min;ez ek Krpiks achieved

by using the fastest charger type at the nearest depot.

34



The average service level can also be bounded by the installed charging infrastructure. To do so, we
average the on-route charging capacity constraints of period p € P over the time intervals ¢t € 7. From
there, summing over the set of terminals j € J(r) connected to a route r € R, and over all the terminals

j € J, gives inequalities (A.18a)) and (|A.18bl), respectively.

@< Y pXE, VpeP, rewr, (A.18a)
JeIT (1)

@ <> px, VpeP. (A.18b)
reR JjET

Constraints (A.18a) enforce that the chargers installed at terminals connected to a route r € R suffice to
satisfy the average energy requirements of the on-route BEBs assigned to this route. In contrast, constraints
(A.18b)) ensure that the total charging capacity can satisfy the energy requirements of the fleet over the
complete network.

denote the max-

Similar bounds can be devised for depot BEBs. Let 8;; := MAX;eR,bEB,s€S] 5”;:
imum number of battery states that can be regained per time interval using a charger of type k € K
installed at depot ¢ € Z. By the depot charging capacity constraints (2b]), which limit to x%, the number
of vehicles simultaneously using chargers of type k& € K at depot ¢ € Z during period p € P, it fol-
lows that no more than >, 7>, Bik X%, units of charge can be regained by the fleet of depot BEBs in
each time interval. From there, since the flow conservation constraints f imply that the total flow
¢ . . .
DoteT DareR 2beB Zses;;’ w?, . on service arcs equals the number of units of charge regained by the fleet

over the operational horizon, the following inequalities hold:

Z Z@fb < Z Z BikXiys Yp€P. (A.19)

reER beB 1€L ke

Upper bounds on the average service level of on-route BEBs and conventional buses can also be devised
from the service level constraints. Indeed, since, for each (p,r,t) € P x R x T, the variables wP! and
WP are assumed to have positive objective coefficients in model , and the service level constraint
is the only one that impose a lower bound on their value, the level of service of conventional buses and
on-route BEBs never exceeds the demand dP! in an optimal solution. From there, given that m := 7P + 1P
conventional buses and on-route BEBs are assigned to route r in period p, their average service level WP + P
can be upper bounded by o, (m) = % > e min{d?*, m}. Analogously to the lower bounds @, these upper
bounds can be imposed by constructing the piecewise-linear upper envelope of the set of points M}, :=

maxier dPf ..
{(m, opr(m))},, 257 ™, giving:

(P + 1P, &P + @F) € conv (hypo (M;,,)) . (A.20)

Finally, for (p,7) € P xR, let cgr/T = minger cgtr and ch/T = MilyeT jes(r) cftrj denote the smallest
cost of operating a conventional bus and an on-route BEB for one interval, respectively. Similarly, let
Cop/T 1= MilgeT sesw Cpprps + MiMteT icT kek, seS; c’z’s’:%ss denote the smallest cost of operating a depot
BEB of type b € B for one time interval, where the second term in the definition represents the minimal
charging costs needed to replenish one unit of charge. The scheduling costs can be bounded by the average
service level variables as follows:

Opr = > oy @by + &P + 5, 3P (A.21)
beB
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We approximate the operational model by including in the master problem the auxiliary variables @f €
RE, wP € Ry, and WP € Ry for each (p,r) € Px R, along with constraints f. The approximation
of the operational problem provided by this method is weaker than that of the semi-relaxation approach,
which retains all the original variables in the master. However, since our approach relies on a very small
number of variables and constraints to approximate the operational model, it only marginally increases the
computational cost of solving the master problem. Our preliminary experiments showed that it consistently
outperforms the semi-relaxed formulation and the standard approach that does not include an approximate

operational model in the master.

A.5 Pseudocode of the accelerated logic-based Benders decomposition

Algorithm 1 Accelerated logic-based Benders decomposition algorithm
1: Initialize LB + 0; UB + +o0; [+ 1;

Initialize the relaxed master problem MP':
min > prxp+ > P7re, st (1), (A16)-(A.21)
zeX, 0€RT IR ¥R weRT ¥ RX BT pep pEP

: while (UB — LB)/UB > rel_tol do

4
5 Solve MP! and save the components (z’,©’,6') of its optimal solution
T -1
6 Update LB «= > p f)y 2 + 2 ,cp 77710,
7 for p e P do
8 Solve the cut generation problem (20)), with h = he., and get the solution (7, 7o)
9 if a (7},,©))) violates the unified cut associated with (7, 7o) then

10: Generate the unified cut

11: for r € R do

12: Repeat steps [§] to with {r} replacing R and 6,, replacing ©,
13: end for

14: end if

15: end for

16: if the LP relaxation of at x;, is feasible for each p € P then

17: for p € P do

18: Solve the operational problem , with optimal value Q,(z;,)

19: if ©), < Qp(x},) < oo then

20: Generate the optimality cut ©, > DI (zp; x),)

21: else if Q,(z},) = oo then

22: For each r € R such that Y,.(n,.) = 0, generate the violated cut [23). If none is

violated, generate if XEB(X.m0) > iz Dowex Xip» and otherwise.
23: end if

24: end for

25: if > cp fp @, + > pep 1P 1Qp(x;,) < UB then

26: Update UB <~ > p [ @, + > per 1P Qp(x,); Set @' as the incumbent solution
27: end if

28: end if

29: end while

30: return the incumbent solution, with optimal value UB
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Algorithm [1| provides the detailed outline of our logic-based Benders decomposition approach. The global
bounds and iteration counter are initialized in step The relaxed master problem, equipped with the
disaggregated auxiliary variables of Section [£.2.1] and the approximated operational model described in
Section[4:2.2] and detailed in Appendix[A.4] is initialized in step[2] Each iteration of the algorithm comprises
three phases. In the first phase (steps 7 the current master problem is solved, and the global lower bound
is updated. In the second phase (steps , multi-route and single-route Benders cuts are generated at the
current master solution using the closest cut selection method from Section In the third phase (steps
, the operational problems associated with the current master solution are solved (step , which
allows generating optimality cuts (step and feasibility cuts (step as described in Section and
updating the incumbent solution (step . These steps are repeated until the relative tolerance rel_tol (e.g.
0.01%) is reached.

This implementation reflects a classical Benders decomposition framework, where the master problem
is solved to optimality at each iteration. Most recent applications of Benders decomposition instead use a
Branch-and-cut framework, in which violated Benders cuts are separated at each integer node (and optionally
at fractional nodes) of the branch-and-bound tree (Rahmaniani et al||2017). The Branch-and-Benders-
cut framework is not directly applicable in the context of our logic-based Benders algorithm, since adding
monotone cuts requires introducing new indicator variables to the model, and MILP solvers usually do not
support adding columns to a model inside callbacks. A possible alternative is to generate the Benders cuts in a
Branch-and-Benders-cut fashion before resorting to monotone cuts. This way, at each iteration, the identified
master solution satisfies all the Benders cuts (in particular, the first iteration provides an optimal solution
for the BFEP without integrality constraints on the operational variables), and the integer phase is then
executed as in Algorithm [I] before moving to the next iteration. In preliminary computational experiments,
we observed that this hybrid approach can outperform the classical framework for small instances. However,
it produces significantly more Benders cuts at each iteration compared to the classical approach, which leads
to very expensive master problem iterations.

We obtained our best results by instead adding an early-stopping condition on the master problem in
the classical framework, a technique that has previously been leveraged in the context of network design
problems (Geoffrion and Graves||1974, [Kewcharoenwong and Uster 2014). To limit the computing time spent
on the master problem iterations, we exit step [5] early when more than two seconds have been spent on
the current master problem, the lower bound LB! on the current master problem is larger than or equal to
the global lower bound LB, and the upper bound UB! on the current master problem and the global upper
bound respect (UB-UB!)/UB > rel_tol. The respective objective of these three conditions is to disable early
stopping when the master problem is very inexpensive to solve, to ensure that some progress is made on
the global lower bound at each iteration, and to avoid stopping if the current relaxed master problem may
suffice to show that the incumbent global solution attains the desired optimality gap. When early-stopping
is used, the only other change that must be applied to Algorithm [I]is to replace the update rule in step [6]
by LB < LB!. The experiments of Section [5| are based on this version of the algorithm.
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A.6 Pseudocode of the arc selection algorithm

Algorithm 2 Arc selection algorithm

1:
2:

3:
4
5:
6
7

8:

9:
10:
11:
12:
13:
14:

15:
16:

17:

Collect the active arcs for bus type b on route r in period p as &

Collect the active arcs from the single-route problems as £5F := U(p,r,b)erRxB ESR

Solve the LP relaxation of the extensive formulation, let £“F! be the set of active arcs (w, v, )
Solve the LP relaxation of the extensive formulation without early charging, i.e. with Sf = {0} Vb € B,
let £XP2 be the set of active arcs (w, v, 2)
for (p,r,b) € P x R x B do
for m € {0,1,..., max;e7 d?* — 1} do

With only depot BEBs of type b, i.e. B+ {b}, solve , with optimal value 77}];? (m)
Solve the following single-route depot BEB scheduling problem:
min sy
WLy, TWETE, yprerrr LT
st Drypr < €pr + Enpy, ’77?3 +r < m, ﬁfb = ﬁ;?(m)a ﬁfb' =0Vt eB \ {b}

Let £5%,, be the set of active arcs (w?,, v%,, 2%,) in the optimal solution

end for

SR ._ | maxteT d¥—1 oSR
prb T Um:O " gp'rbm

end for

prb

Solve the extensive formulation with positive flows allowed on the arcs E¥F1UEYP2, Save the incumbent
solution (z!,y!) when the time limit is reached

Solve the extensive formulation with positive flows allowed on the arcs EFPTUENP? U ESR | warm-started
at (x!,y'). Save the incumbent solution (x2,4?) when the time limit is reached

Solve the extensive formulation, warm-started at (22,3?). Save the incumbent solution (x3,y?) when
the time limit is reached, along with the bounds LB and UB on the optimal value

return the incumbent solution (z3,3?), and the bounds LB and UB

A.7 Description of instances

Table A.2: Characteristics of complete network instances

City # Depots # Terminals # Routes # Buses Service rate (%)
Atlanta ) 115 110 441 68.5
Boston 9 214 166 1286 53.1
Chicago 7 235 126 1495 51.3
Dallas 3 152 149 623 55.8
Detroit 4 90 42 214 60.6
Houston 8 135 117 941 47.3
Las Vegas 2 84 39 280 71.4
Los Angeles 12 188 140 1817 51.9

We assume that each terminal location has an installation capacity of )Z}JB=2 on-route chargers that can

serve up to p=8 on-route BEB each hour. We used geospatial images to estimate the maximum installation

capacity of depot chargers in each depot. All the cost coefficients we use are estimated using the baseline
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parameters presented in [Johnson et al.| (2020) and the references therein. We consider a single type of depot
charger (|KC|=1) reflecting typical specifications for a 70kW AC charger, with a cost of $60.05k, including
lifetime maintenance. The on-route chargers represent 325kW DC chargers with an acquisition cost of
$877.59k. Also, we consider |B| = 2 models of depot BEBs, respectively with s; = 6 and sy = 12 hours of
operational capacity, all requiring k,pixs = [ %52 | time intervals to travel between the route and any depot
and fully charge before reentering service. The unit cost of short-range depot BEBs is set to $943k per unit,
compared to $1093k for long-range depot BEBs and on-route BEBS. Salvage revenues from the retirement of
conventional buses are ignored. The operating costs of conventional buses were estimated to $50 per hour of
service, compared to $29 and $31 for depot BEBs and on-route BEBs after factoring charging and deadhead
costs, the later depending on the distance from each route to the selected charging location in the case of
depot BEBs. In addition, a fixed yearly maintenance cost of $10k per unit is applied to the conventional
buses. The operational costs are computed based on 250 days of service per year, and a yearly discount
factor of 4% (v = 0.96) is used. In all the experiments, we assume the initial fleet to be composed exclusively
of conventional buses, which must all be retired by the end of the planning horizon (782 = 0). For each
instance, we estimate the minimum investment budget needed to satisfy the electrification targets by solving
the LP relaxation of the problem with an alternative objective. This budget is then multiplied by 1.5 (2.5 for
instances where no fast chargers are allowed), and equally divided over the P investment periods to obtain
the yearly budget parameters III)J B Table summarizes the characteristics of each city. The number of
buses refers to the initial state of the system (year p = 0), and the service rate corresponds to the ratio of

. . 1 Ot . .
average service requirements 7 Y .z > ,c7 d," to fleet size in year 0.

A.8 Comparison of Benders cut selection methods

Instances  Cuts Summary Cuts Time (%)
(IR IPI) type Opt  Gap Time  Tter BCuts MCuts Ind MP LP  1IP
Standard 10 0.0000 12.1 9.4 58.2 2.1 4.5 297 196  21.0
MIS 10 0.0000 17.5 7.4 40.3 1.8 3.3 9.7  63.3 8.6
(3,4) Closest 10 0.0000 11.1 5.9 33.1 1.7 3.1 10.5 44.7 10.2
MW 10 0.0000 11.2 6.1 30.9 1.9 4.0 11.2 37.6 15.2
Deepest 10 0.0000 16.9 7.3 39.4 1.9 3.3 8.9 623 9.7
Standard 10 0.0000 108.1 21.0 230.1 2.4 7.2 631 13.5 14.6
MIS 10 0.0000 79.7 12.6 137.0 2.0 49 265 553 8.7
(6,6) Closest 10 0.0000 56.9 10.3 113.3 1.9 49 297 383 13.3
MW 10 0.0000 61.7 11.2 105.6 2.1 6.4 314 37.7 13.2
Deepest 10 0.0000 76.5 11.8 1314 1.7 3.3 257 553 9.2
Standard 6 0.0334  2137.6 61.3 581.8 5.5 35,5 821 6.3 9.8
MIS 9 0.0051 601.3 27.9 296.9 3.3 9.4 535 353 6.8
(9,6) Closest 9 0.0037 372.8 24.0 247.9 3.5 13.1 545 293 7.7
MW 8 0.0071 474.9 27.3 257.0 4.2 17.8 53.6 27.1 10.9
Deepest 9 0.0048 567.3 27.2 286.4 4.1 14.6 523 38.0 5.4

Table A.3: Performance of LBBD with different linear Benders cuts selection methods
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In Table we evaluate the performance of our accelerated logic-based Benders decomposition algorithm
(LBBD) with each Benders cut selection technique from Section namely the standard Benders cuts
(Benders|[1962), the MIS cuts (Fischetti et al.|[2010)), the MW cuts (Magnanti and Wong]|1981)), the closest
cuts (Seo et al.[[2022), and the /—1 deepest cuts (Hosseini and Turner|2024). We also performed preliminary
experiments with the /—2 deepest cuts, but solving the resulting nonlinear cut selection problems proved to
be prohibitively expensive. The experiments are performed on the instances presented in the ablation study
of Section and the same performance metrics are reported.

The results show that the Benders cut selection method has a significant impact on the overall perfor-
mance of the algorithm. For (|R|,|P]|) = (9,6), nine instances are solved to optimality with the unified cut
selection methods, compared to eight with the MW cuts, and six with the standard cuts. The closest cuts
provide the best performance across all groups of instances. They divide the average number of iterations
and generated cuts by more than two compared to standard cuts, and provide a speedup factor exceeding
two orders of magnitude for some instances. Although separating stronger Benders cuts requires more com-
putational effort than standard cuts, solving the master problem is the most computationally expensive step
of our algorithm for challenging instances, hence the importance of limiting the number of iterations and

generated cuts.

A.9 Detailed results on restriction heuristics

Figure A.2: Average number of arcs in restriction heuristics models - Complete networks
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Figure[A 2] presents the total number of arcs in the depot BEB scheduling graphs for the extensive formulation
(EX), the policy restriction model (PR), and the first (AS1) and second (AS2) restricted models solved in
the arc selection algorithm (steps and of Algorithm . The values are averaged over the complete
network instances of Section The fraction of each type of arcs (service arcs w, idling arcs v, charging arcs
z) retained in each model is also reported. Figure presents the average lower and upper bounds on the
objective value of each model solved in the PR and AS algorithms. The values are normalized based on the
best-known lower bound for each instance. Note that time limits of 1.5 hours and 4.5 hours are respectively
given to models AS1 and AS2, whereas 6 hours are given to model PR. In both the AS and PR algorithms,

the warm-started EX model is then solved for two hours.
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Figure A.3: Average objective bounds of restriction heuristics models - Complete networks
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The results show that, although models AS1 and AS2 are much sparser, they capture better solutions
than PR, especially for instances that rely exclusively on depot charging. AS1 retains 4.6% and 0.9% of the
arcs in the first and second groups of instances, respectively. These values are 12.1% and 11.1% for AS2, and
38.4% in both cases for PR, whose a priori selection rules retain the same arcs whether on-route BEBs are
available or not. In the second group of instances, AS1 provides feasible solutions with optimality gaps of
2% for the unrestricted model, compared to 7% for PR. We observe that the PR model can consistently be
solved to near-optimality, confirming that the a priori restriction rules eliminate the best feasible solutions
for the feasible set. In contrast, models AS1 and AS2 are more difficult to solve, but the good upper bounds
they provide confirm the existence of high-quality solutions that use only their sparse depot BEB operational
graphs. In algorithm PR, the two-hour computing budget allocated to the warm-started model EX suffices
to improve the heuristic solution provided by the restricted model. In contrast, the best solution identified
by model AS2 is almost never improved in the last phase of algorithm AS. In this case, the sole purpose of

solving the warm-started model EX is to obtain a valid optimality gap for the original problem.

A.10 Properties of optimal sequences of investments

In this section, we consider a generic multi-period integrated planning problem defined on a static system.
Studying the properties of this problem allows us to devise structural results on the sequence of optimal
investments for important special cases of the BFEP.

We consider problems of the following form:

P
i P (T(zp_1, ) + S , A.22
My 2 ) 50) a2
Tp€X) (zp-1), pE[P] T

where X}, denotes the feasible states for period p € [P], X (x),_1) is the set of states that can be visited in
period p given that the system is in state x,_; in period p — 1, and X, 2 U;)D:l/'\,’p contains all the states
the system can visit. We assume that the transition cost function T : X, x Xo — R satisfies T'(zp, z,) = 0
Vz, € X, and respects the triangle inequality T'(zp, Tpi2) < T(2p, Tpr1) + T(Tpr1, Tpra), VTp, Tpi1, Tpia €
X,. The cost of visiting a state is defined by the function S : X, — R, and the initial state is the element of

the singleton Xy = {zo}.
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In Proposition[5} we show that, if a sequence of transitions can be advanced and delayed while maintaining
the feasibility of an optimal solution in this context, then applying either of these changes also preserves

optimality.
Proposition 5. For any optimal solution x to problem (A.22)) and any pair of periods p' < p”, p',p" €
{2,..., P — 1}, if solutions x' and 22, defined as:

Npelo,....p—2Yulp’,....P
L) pe{ p'=2}u{p }7 (A.23)

Tpr1 LVpEe{p —1,...,p" -1}

x NVpe{o,...,p—1}u{p’+1,...,P
2 ) pedi p—=1}u{p }7 (A.24)

Tp—1 LVpe{p,...,p"}
are both feasible, then they are both optimal.

Proof. Proof. Advancing by one period the sequence of transitions made in periods {p’,...,p"} affects the
transition costs of period p’—1, which change from T'(z, g, 2y —1) to T(2y _2, 7, ), and of period p”, which
change from T (2 _1,2p) to T(zyr, z,) = 0. In addition, in each period p € {p’ — 1,...,p"” — 1}, solution
x! visits state Zp+1 instead of state x,. The difference A; between the objective value of solutions 2zt and z
is thus:

p//_p/
Ay =777 (T(mp’—%xp’) - T(xp’—vap’—l)) SR A N Z WS (@) = S(@pr-144))
i=0

B p//_p/
=P T(xy—o,2p) = T(@p -2, @p—1) =7 P T (w1, ap0) + Z V' (S(@p+i) = S(@p—144))
i=0
’ [ — 1 ’ — pl/_p, .
<P 2 T(wp—1,mp) =97 77 +lT(xp”—la Tpr) + Z v (S(@p4i) = S(@p—144)) (A.25)
i=0

=: A,

where the inequality follows from the property of the transition cost function, which satisfies T'(z,—2, 2,) <
T(xp—2,Zp—1) + T (Zp—1,7,) for any Ty _1 € Xa.

Similarly, deferring by one period the sequence of transitions made in periods {p/,...,p"} affects the
transition costs of period p”+1, which change from T'(2,, xpry1) to T(zp—1, T 11), and of period p’, which
change from T'(zp—1,2p) to T(xy_1,2,-1) = 0. Also, in each period p € {p/,...,p"}, solution z? visits

state x,_; instead of state x,, so that the difference Ay between the objective value of solutions z? and

is:
"o, — — ’ — p//_p/ ’ .
Ay =1 (T(xp”—h Tpr41) — T(xp”axp"+1)) - _1T(mp’—1’$p’) + Z AP (S(zp—14i) — S(@pr+i))
i=0
’ [ 7" ;- — — p”_p/ .
S A R (T(xp”—lvxp”+1) - T(xp“vxp”—i-l)) = T(wp—1,2p) + Z 7 (S(@pr—144) — S(Tp44))
i=0
’ [ " — — pl/ p/ -
S AP T AP TP T @y, ap) = T -1, 1) + 7 (S(xp—144) — S(p1i)) (A.26)
i=0
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By optimality of =, we conclude that A = 0, and thus that z' and z2 are both optimal. O

We now consider the case where all the periods share the same feasible transitions, and all the nonterminal
periods share the same feasible set. Under these assumptions, Proposition [f] shows that there exists an
optimal solution whose periods can be partitioned into three consecutive, possibly empty phases, covering
periods {1,...,p}, {p+1,...,q — 1}, and {gq,..., P}, respectively, where 0 < p < ¢§ < P + 1. The first
phase is formed of nontrivial transitions that cannot be advanced, the second phase comprises only trivial

transitions, and the last phase contains nontrivial transitions that cannot be delayed.

Proposition 6. If X1 = Xy = -+ = Xp_y and X{(zp) = Xj(z,) = -+ = Xp(xp) = X'(xp) Vz, € A,
then there exists an optimal solution x to problem (A.22)) that satisfies x, ¢ X'(xp—2) Yp € {2,...,p}U{G+
1,...,P} and xp, = xp, VD <p1 <p2 < G—1, for somep<q, p,g€{0,...,P+1}.

Proof. Proof. We consider an arbitrary optimal solution z. First, assume that x does not admit any
trivial state transition, i.e., , # x,—1, ¥p € {1,...,P}. If there is some p € {1,...,P — 1} such that
xp & X'(rp—2) Vp € {2,...,p} U{p+2,..., P}, then we set § = p + 1, and = satisfies the conditions
of the corollary. Otherwise, there exists p’ < p”, p/,p” € {2,..., P — 1} such that z,; € X’'(z,/_2) and
Tpry1 € X'(xpr—1). Since Xy = Xy = --- = Xp_q, this is sufficient to conclude that solutions z! and 22,
as defined in equations (A.23)-(A.24), are both feasible and, by Proposition [5] optimal. From there, we set
2 = x1, and notice that we have recovered an optimal solution that contains a trivial transition in period p”.

Now, we assume that x is an arbitrary optimal solution that admits at least one trivial transition.
Assume that = admits nonconsecutive trivial state transitions, i.e., xp—o = Tp—1 # ... # Tpr = Tpr4a,
for some p’ < p”, p',p"” € {2,..., P — 1}. Again, we consider solutions z! and 22, as defined in equations
7. To show that all the transitions in solutions z' and 22 are feasible, it suffices to verify
their nontrivial transitions that are not present in solution x. We notice that there are no such transitions.
Indeed, the only candidates are (x, o, 2, 1) = (Tp—2, Tp) = (¥ 1,2, ) for solution z*, and (23,27, ) =

2. Therefore, they are both feasible and thus optimal. We set

(Xprr—1, Tpr41) = (Xpr—1, Ty ) for solution z
x = x1, and repeat the same procedure, where nontrivial state transitions are iteratively advanced by one
period while preserving optimality, until  no longer contains nonconsecutive trivial transitions.

From there, the only remaining case that needs to be considered is that of an arbitrary optimal solution
x with one or more trivial transitions, all of which take place in consecutive periods. Let p+1,...4—1
be these periods, for p < §—2, p,q € {0,...,P + 1}, so that x,, = z,, Vp < p1 < pa < g§— 1. If there
is some p € {2,...,p} such that x, € X'(z,_2), we set p’ = p, p”” = p, obtain that solutions z! and z?,
as defined in equations (A.23)-(A.24)), are both optimal, set z = z1, which now contains trivial transitions
in periods P,...q — 1, and return to the general case. Otherwise, if there is some p € {7+ 1,..., P} such
that x, € X'(x,_2), we set p = @, p” = p — 1, obtain that solutions z! and z2, as defined in equations
7, are both optimal, set x = x5, which now contains trivial transitions in periods p + 1,...q,
and return to the general case. When no such p remains, we conclude that = satisfies the conditions of the

corollary. O

A consequence of Proposition [f] is that, assuming period-invariant service level constraints and cost
coefficients, the BFEP reduces to a two-period problem when the investment budget applies to the full

planning horizon and retirement targets are only imposed in the last period.

Corollary 1. If the yearly budget constraints are replaced by a shared budget constraint ZpeP Iy(zp —

Tp—1) < IYB, the retirement constraints (1) apply to period P only, and the costs functions are the same
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for all periods, i.e., I1(:) = --- = Ip(-) =: I(:) and O1(:) = --- = Op(-) =: O(+), then the BFEP can be

reformulated as the following two-period problem:

P—-1
min I(z1 — o) + O(21) D oA A (I (xp — 21) + O(p)) (A.27a)
1,ZP =
s.t. I(xp — o) < ITY5, (Id)—(T). (A.27b)

Proof. Proof. In this proof, we express the BFEP under formulation (A.22)). By linearity of the investment
cost function I(-), the shared budget constraint > I),(zp — 2p-1) < IYB simplifies to I(xp — x¢) < IYB,
which only involves the last period state zp. Since we assumed that the retirement constraints only

apply to period P, the feasible set X, of each period p € {1,..., P —1} is thus only constrained by the upper

bounds on chargers, so that X; = --- = Xp_;. Furthermore, since each period is subject to the same
monotonicity constraints (Id)-(TLe), the BFEP satisfies X{(-) = X4(-) = --- = Xp(-) = X'(-).

From there, under the assumption that the investment cost coefficients are the same in each period, we
can define the transition cost function of the BFEP as T'(x,_1,2,) = I(x, — ¥,_1). Since the same holds for
the operational costs, we can define the state cost function of the BFEP as S(-) = O(-), and conclude that
the problem satisfies the conditions of Proposition [6]

Since the only linking constraints between periods for the BFEP are the monotonicity constraints f
, any feasible solution respects =, € X'(xzp_2) Vp € {2,...,P}. Therefore, Proposition |§| allows to

conclude that there exists an optimal solution x whose critical periods satisfy p < 1 and ¢ > P, implying

that 1 = 3 = --- = zp_;. Enforcing these equalities and omitting the redundant periods p € {2,...,P—1}
yields formulation O

The two investment phases identified in Proposition [6] thus collapse on the first and last investment
periods in the special case of the BFEP considered in Corollary [I] More generally, Corollary [2] shows that

these two phases are characterized by the return on investment (ROI) of their transition costs.

Corollary 2. Given the assumptions of Proposition[6, and that Xp C Xp_1, there exists an optimal solution
x to problem (A.22)) whose critical periods p and G, defined as in Proposition@ respect:

(1 =T (wp1,25) < S(xp_1) — S(xp), ifp>1, (A.28)
(1 =T (xg-1,2q) > S(xg-1) — S(zq), fG<P. (A.29)

Proof. Proof. Let x be an optimal solution that satisfies the conditions of Proposition [6} First, assume that
x does not admit any trivial state transition, i.e., zp # xp—1, Vp € {1,..., P}, meaning that p and ¢ must
be consecutive. There are two subcases to consider. First, assume that there is a period p € {2,..., P} that
satisfies x5 € X’(zp—2). In this case, the condition z, ¢ X' (zp—2) Vp € {2,...,p} U{G+ 1,..., P} implies
that p = p— 1 and ¢ = p. Let p’ = p” = p. Solution 22, as defined in equation (A.24), is feasible. By
inequality , the difference Ay between the objective value of solutions z? and x respects:

Ay < =P (A = NT (251, 25) + S(wp) — S(zp-1)] -

By optimality of z, we conclude that Ay > 0, hence (1 —~)T(z5-1,x5) < S(xp—1) — S(xp). Similarly, taking
p’ = p" = q, solution x!, as defined in equation (A.23)), is feasible. Note that in the case p = P, this would
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not be true in general without the assumption Xp C Xp_;. By inequality (A.25)), the difference A; between

the objective value of solutions z' and x respects:

Ay <772 [(1 =T (25-1,2) + S(xg) — S(xg-1)] -
By optimality of x, we conclude that A; > 0, hence (1 — )T (x5-1,25) > S(wz-1) — S(z4).
Now, assume that there is no period p € {2,..., P} that satisfies x, € X’ (x,_2), i.e., no pair of consecutive

transitions can be replaced by a single transition. If (1 — )T (2o, z1) > S(x9) — S(z1), then we set p =0

and ¢ = 1, and the conditions are respected. Otherwise, we set ¢ = p + 1 for:

p=max{p € {l,....,P}t: (1 =7)T(xp-1,2p) < S(xp-1) — S(zp)},

and the conditions are respected.

Now, we consider the case where x admits trivial state transitions. If 1 = xg, then p = 0, in which case
is respected. Otherwise, p = min{p € {1,...,P — 1} : 2, = xp41} and solution z?, as defined in
equation for p’ = p’’ = p is feasible. As before, by optimality of x, we conclude that As > 0, hence
(1 =T (vp—1,75) < S(xp-1) — S(x3). Condition is thus always satisfied.

If xtp_1 = zp, then § = P + 1, in which case is respected. Otherwise, § = min{p € {1,...,P}:
Tp_o = Tp_1 # 2} and solution ', as defined in equation for p’ = p’’ = q is feasible. As previously,
by optimality of z, we conclude that A; > 0, hence (1 —~)T(z4-1,77) > S(z4-1) — S(x7). Condition

is thus also always satisfied. O

For a discount factor v < 1, and assuming that the transition function 7T'(-) and state function S(-)
respectively reflect investment and operational costs, equations and admit an intuitive economic
interpretation. They indicate that the last investments of the first phase will return at least 1 —~ times their
costs in operational savings over one time period, a return that the last phase of investments does not achieve.
In the context of the BFEP, this suggests that early investments will be driven by operational savings,
whereas less profitable investments that are required to achieve electrification targets will be postponed to
the end of the planning horizon.

We conclude this section by showing that, if the parameters of the operational problem do not change
between periods, the investment costs are period-invariant and include the maintenance costs of new as-
sets, and retirement targets are only imposed in the last period, then the optimal operational costs are

nonincreasing in nonterminal periods for the BFEP.

Proposition 7. If the retirement constraints apply to period P only, the investment functions satisfy
I,(:) = I(:) Vp € P and do not depend on the 7¥ wvariables, and the operational costs respect Op(-) =
H(:)+ Q(-) Vp € P, with H(xp,) =€) x 0¥, for some constant ¢ > 0, then any optimal solution to the
BFEP satisfies O(xzg) > O(z1) > -+ > O(zp—_1).

Proof. Proof. Let ({xp}pep, {Upr}peprer) be an optimal solution for which there exists a period p €
{1,..., P —1} such that O(zp_1) < O(z,). We consider a modified solution in which we use in period p the
same assignment of conventional buses to routes as in period p—1, i.e., ¥ = 7?~! Vr € R. By the assumption
that period p is not subject to stricter retirement constraints than period p — 1, this preserves feasibility.
From there, the monotonicity constraints ensure that we can reassign depot and on-route BEBs in
period p so that the number of each type of bus on each route is nondecreasing from period p — 1 to period

p, ie., 7P > 7% " and 7P > 7P~ Vb € B, r € R. Finally, the monotonicity constraints on chargers
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allow us to conclude that x, > x,_; after modification. Noting that the optimal scheduling cost Q(-) is a
nonincreasing function of the strategic variables z, (see Remark , and using that H(z,) = H(z,—1) since
nP = P71, we obtain that the operational costs of period p now satisfy O(z,) < O(xp—_1). As the other

terms of the objective remain unchanged, we conclude that the original solution was suboptimal. O
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