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Abstract

Electric vehicle (EV) supply equipment location and allocation (EVSELCA) problems for
freight vehicles are becoming more important because of the trending electrification shift. Some
previous works address EV charger location and vehicle routing problems simultaneously by
generating vehicle routes from scratch. Although such routes can be efficient, introducing new
routes may violate practical constraints, such as drive schedules, and satisfying electrification
requirements can require dramatically altering existing routes. To address the challenges in the
prevailing adoption scheme, we approach the problem from a fixed-route perspective. We develop
a mixed-integer linear program, a clustering approach, and a metaheuristic solution method
using a genetic algorithm (GA) to solve the EVSELCA problem. The clustering approach
simplifies the problem by grouping customers into clusters, while the GA generates solutions
that are shown to be nearly optimal for small problem cases. A case study examines how
charger costs, energy costs, the value of time (VOT), and battery capacity impact the cost of
the EVSELCA. Charger equipment costs were found to be the most significant component in
the objective function, leading to a substantial reduction in cost when decreased. VOT costs
exhibited a significant decrease with rising energy costs. An increase in VOT resulted in a
notable rise in the number of fast chargers. Longer EV ranges decrease total costs up to a
certain point, beyond which the decrease in total costs is negligible.

Keywords: EV charging facility location and capacity allocation, freight electrification, truck
electrification, fixed-route electrification, optimization

1 Introduction

The widespread use of fossil fuels to meet energy requirements produces greenhouse gas (GHG)
emissions that negatively impact the climate and environment (Metz et al., 2007). According to
the US Environmental Protection Agency (2020), the transportation sector is the most significant
contributor to GHG emissions in the United States, accounting for 27% of the total emissions.
Medium-duty (MD) and heavy-duty (HD) trucks are responsible for 26% of the total emissions in
this sector. With the increase in e-commerce, the number of trucks and their total miles traveled



are expected to grow, resulting in higher emissions from freight transportation (Hovland Consulting
LLC, 2020).

Truck electrification is a promising solution that can help mitigate the negative impact of their
GHG emissions (Talebian et al., 2018). By replacing conventional engines with electric motors, the
transportation sector can significantly reduce GHG emissions. While conventional trucks can cover
long distances without refueling, a critical factor for electric trucks is their relatively shorter battery
range (Hovland Consulting LLC, 2020). The range of a typical MD/HD electric truck is around
130 miles (Lightning eMotors, 2022), which limits their use in long-haul trucking. Additionally,
the time required for recharging electric trucks can be another significant challenge: Depending on
the charging method, it can take 20 minutes to 8 hours to fully recharge their batteries (Bennett
et al., 2021). This can lead to significant downtimes for trucking companies, which affect their pro-
ductivity and profitability. Therefore, efficiently solving electric vehicle supply equipment location
and capacity allocation (EVSELCA) problems is crucial to making electric trucks a viable option
for commercial transportation. The EVSELCA problem is to find optimal locations, numbers, and
types of electric vehicle (EV) supply equipment (i.e., EV chargers or chargers for short) to minimize
strategic investment costs while satisfying operational constraints.

We present a new approach to solve the EVSELCA problem by developing a mixed-integer
linear programming (MILP) model that optimizes the locations and numbers of various types of
chargers. The objective of the MILP model is to minimize strategic investment costs while satisfying
operational constraints. To achieve this, our MILP model takes into account fixed-facility costs,
charger costs, recharging energy costs, and value of time (VOT) costs. VOT costs account for
the time spent traveling to a recharging station, waiting and recharging, and returning to service.
By finding the optimal balance between these cost components, our model can aid in long-term
EVSELCA planning. Because of the problem’s complexity, we use a clustering approach that
groups customers into clusters and allows recharging only after servicing these clusters. Moreover,
we propose a metaheuristic solution method based on a genetic algorithm (GA) to generate near-
optimal solutions within a reasonable time, enabling the model to be applied to large-scale instances.

Our study contributes to the EVSELCA literature through four crucial aspects. First, when
designing EVSELCA for the freight transportation industry, it is important to consider fixed routes
(Ghamami et al., 2016; Wang et al., 2016). The EVSELCA problem has often been modeled as an
EV location routing problem (EVLRP), which solves both the strategic charging facility location
(and allocation in some cases) problem and the routing problem (Yang and Sun, 2015; Hof et al.,
2017; Schiffer and Walther, 2017; Schiffer et al., 2018; Schiffer and Walther, 2018; Raeesi and
Zografos, 2022). Although creating new routes for EVs can lead to better solutions (Shojaei et al.,
2022), the convention in this industry is to use a fixed-route approach, usually electrifying existing
routes that are shorter than an EV range. Second, the location and allocation decisions should
be made jointly, with the numbers and types of chargers for each location serving as decision
variables (Davatgari, 2021; Ghamami et al., 2020; Londono and Granada-Echeverri, 2019). The
type of charger impacts recharging time and infrastructure costs, while the number of chargers
affects installation costs and waiting times for recharging. Thus, strategic planning requires a
balance between waiting costs, recharging time, and infrastructure costs through the selection of
appropriate types and numbers of chargers. Third, it is crucial to take into account the dynamic
nature of charging demand over time since it plays a critical role, as highlighted by Ghamami
et al. (2016) and Wang et al. (2016). If multiple recharging events happen simultaneously, the
design would require an excessive number of chargers. By considering dynamic charging demand
for recharging, however, it becomes possible to schedule these events in a way that uses fewer
chargers, resulting in higher utilization rates. Therefore, the spatio-temporal aspect of the problem
is conserved. Fourth, partial recharging is crucial and should be considered in the EVSELCA



problem (Li et al., 2016). In some cases, electric trucks may be partially recharged because of
operational time limitations, and a model without this consideration may produce impractical
solutions. Overall, the main contribution of our study is its comprehensive consideration of these
four key aspects of the EVSELCA problem. While other studies in the literature have addressed
these aspects, they modeled each aspect either individually or as a combinatorial subset that lacked
one of the other aspects.

In Section 2 we rst review studies that have used various approaches to tackle the EVSELCA
problem. We provide a more comprehensive de nition of the EVSELCA problem and clearly
demonstrate the MILP in Section 3. Metaheuristic solution procedures are developed in Section 4.
The setup and results of numerical experiments are presented in Section 5 using data from PO-
LARIS, the Planning and Operations Language for Agent-based Regional Integrated Simulation
developed at Argonne National Laboratory (Auld et al., 2016). In Section 6 we conclude the study
and discuss potential future research directions.

2 Literature review

Many studies explore the strategic planning of EV charger placement (Ghamami et al., 2020; Zhu
et al., 2016; Ghamami et al., 2016; Li et al., 2016; Wang et al., 2016; Davatgari, 2021; Whitehead
et al., 2021; Liu and Song, 2018; Worley et al., 2012; Speth et al., 2022; Londono and Granada-
Echeverri, 2019; Kavianipour et al., 2021; Singh et al., 2022; Kavianipour et al., 2023). Most of
these studies focus on light-duty (LD) vehicles rather than MD and HD vehicles (hereafter called
trucks) (Ghamami et al., 2020; Zhu et al., 2016; Liu and Song, 2018; Ghamami et al., 2016; Wang
et al., 2016; Kavianipour et al., 2021; Singh et al., 2022; Kavianipour et al., 2023). For example,
Davatgari (2021) develops a mixed-integer nonlinear programming (MINLP) model to solve the
EVSELCA problem considering routing for LD vehicles. Our study, in contrast, aims to solve the
EVSELCA problem for trucks with xed routes.

The planning of EV chargers for trucks is di erent from that of LD vehicles because trucks
often require fast recharging due to the high value of time in the business world and because
their larger batteries necessitate longer recharging times. Although fast-charging equipment can
reduce recharging time, it is also more costly. Additionally, unlike LD vehicles, trucks typically have
predetermined routes and operate with time limits enforced by law and regulations (Williams, 2020).
Given the di erences, the EVSELCA problem for trucks is an area that has not been extensively
explored in the literature, and this study aims to address this gap. The studies conducted on this
problem generally can be classi ed into two categories based on their methodology: (1) a coverage-
oriented approach (Whitehead et al., 2021; Speth et al., 2022) and (2) a demand-oriented approach
(Worley et al., 2012; Londofo and Granada-Echeverri, 2019; Liu and Song, 2018); our study falls
into the second category.

Coverage-oriented approaches aim to maximize the geographical coverage of a recharging ser-
vice. This approach often assumes that each charger location can meet the recharging demand
of a circular area. The objective is then to maximize the coverage of a region while minimizing
the number of circles, which represents the number of charger locations. Such approaches often
do not consider demand intensity, the potential impact of queuing during recharging events, and
other operational constraints such as the inability to recharge two vehicles simultaneously using
one charger. For instance, Speth et al. (2022) model a coverage-oriented approach as a linear pro-
gramming (LP) model to determine charger locations in order to minimize the number of chargers
while maximizing the geographic coverage. After locating a charger, the model uses gqueuing to
estimate the number of chargers in each EV charging facility. In contrast, our research focuses on



locating EV chargers and optimizing the number of chargers using a demand-oriented approach
that considers the impact of queuing during charging events.

Demand-oriented approaches aim to minimize strategic (e.g., infrastructure and charger) costs
and operational (e.g., time and energy) costs subject to demand-conservation constraints that guar-
antee a certain level of service based on a deployment decision. This approach is often modeled as
an EVLRP in the literature, which involves determining the allocation and location of EV chargers
and solving the routing problem (Yang and Sun, 2015; Hof et al., 2017; Schi er and Walther, 2017;
Schier et al., 2018; Schi er and Walther, 2018). For example, Worley et al. (2012) develop an
MILP to determine charger locations that minimize travel time, recharging costs, and construction
costs. While our study shares a similar objective, our approach di ers in the vehicle routing aspect
because we focus on xed routes. Additionally, our study takes into account several important
factors that were not considered in the aforementioned research, such as allocation, dynamic charg-
ing demand, and partial recharging. By taking into account these additional variables, we aim to
provide a more accurate and comprehensive solution. Another study by Liu and Song (2018) uses
a bi-level approach to model the EVLRP. In this approach, the upper level focuses on minimizing
GHG emissions by determining the optimal location of chargers, while the lower level solves a
mixed-tra ¢ assignment of LD vehicles and trucks. Our study di ers from this approach as well.
Specically, we use a xed-route approach to minimize the costs associated with charger place-
ment, location, energy consumption, the value of time for recharging, and detouring. Additionally,
like our previous example, we take into account allocation, dynamic charging demand, and partial
recharging. Table 1 summarizes relevant studies and compares our study with their objectives,
model types, and other features.

3 Problem de nition

We now formally describe the EVSELCA problem, which we model as an MILP. To ease reading,
we use calligraphic letters to represent sets (e.gR), uppercase Roman letters for parameters (e.qg.,
T), lowercase Roman letters for variables and indices (e.g.y;), and Greek letters (e.g., ) as
superscripts to modify parameters and variables.

Let C denote a set of customers, and leR denote a set of trucks serving these customers
with routes to be electri ed while keeping their routes intact. (That is, regenerating routes from
scratch due to electri cation is not of interest.) We call these routes EV routes. The goal of
the EVSELCA is to allow EVs to complete their daily operations at a minimum cost by plan-
ning recharging infrastructure and scheduling recharging activities. Although solving a strategic
decision-making problem, the model respects operational limitations, such as total route time
and charging capacities. Each EV router 2 R contains a subset of customers, denoted by
the subset C; = fcor;cCir;iiiiCirs iy Cnr g Satisfying 8i 6 j; (i;j) 6 (0;N) by the order of visits:
Cor ! Cuy! en 1r ! onr, Whereco = conr = depot of route r 2 R. A set of charger types
K can be located at a set of candidate facilitied=. The optimization time is discretized into a set
of time stepsT. Table 2 and Table 3 provide sets and parameters used in the model, respectively.
Note that the de nition of sets will be modi ed in Section 4.2 as we will cluster the customers to
simplify the problem.

We now state our critical modeling assumptions (and note that some of these can easily be
relaxed). We assume customer demand is deterministic, which means that the travel sequences
in the routes remain unchanged over time except for accommodating on-route charging activities.
Furthermore, the adoption of EV technology does not change the truck routes, and the customer
visit sequences of a route are assumed to be the same as in conventional truck routes. Additionally,



Table 1: Summary of the existing relevant literature

Study Vehicle Objective Model  Method (i) (i) (i) (@iv) (v) (vi) (vii) (viii)
Ghamami LD Minimize infrastructure cost MINLP SA X X X - - - X N/A
et al. and users' detour, waiting,
(2020) and charging delay
Zhu et al. LD Minimize construction costs MILP  GA X X X - - - - N/A
(2016) and station access cost
Ghamami LD Minimize infrastructure and MINLP SA - X X - X - X -
et al. battery costs, and recharging
(2016) and queueing time
Li et al LD Minimize cost of construction MILP  GA X X - - - X - N/A
(2016) and relocation of existing

chargers
Wang LD Minimize operational and MILP  CS - X - - X - - X
et al. construction costs
(2016)
Davatgari LD Minimize total system travel MINLP GA X X X X - - - N/A
(2021) time and construction cost of

EV charging infrastructure
Kavianipour LD Minimize the total system MINLP SA X X X - X X X N/A
et al. cost including charging station
(2021) and charger installation costs,

and charging, queuing, and
detouring delays

Whitehead MD Maximize coverage MILP NS X X - - - - - N/A
et al.

(2021)

Liu and MD Minimize emissions MPCC H X X - - - - - N/A
Song

(2018)

Worley HD Minimize transportation, MILP NS X X - - - - - N/A
et al. recharging, and charging

(2012) station placement costs

Speth HD Maximize coverage LP H X X - - - - - N/A
et al.

(2022)

Londoro HD Minimize energy consumption, MILP  CS X X - - - - - N/A
and charger installation, and

Granada- routing costs

Echeverri

(2019)

This MD/HD Minimize charger, location, MILP  GA - X X X X X X X
study energy, value of time for

recharging and detouring costs

(i) Route choice, (ii) Location planning, (iii) Number of chargers, (iv) Charger type, (v) Dynamic charging demand over time in
a day, (vi) Partial recharging, (vii) Queuing, (viii) Multiple xed routes, MPCC: Mathematical programs with complementarity
constraints, N/A: Not applicable, SA: Simulated annealing, GA: Genetic algorithm, CS: Commercial solver, H: Heuristic, NS:
Not speci ed.

EVs are assumed to be identical. The amount of energy received from a charger type is assumed
to be a linear function of recharging time, and the energy spent by EVs is assumed to be a linear
function of travel time. Furthermore, we assume there is a xed set of locations for possible EV
charging facilities.



Table 2: Sets used in the MILP.

Set De nition

C set of customers,C = [ (2rC;C \ Co=; 8rr°2R

C subset of customers in router 2 R, G = fcor;C1r;:iiCir ;i Cnr g Satisfy 8i 6 j; (i;j) 6 (O;N) by
continuation order of visit: cor ! cir ! ijen 1x ! Cnr, Where cor = one = depot of route r 2 R

Crt subset of customers in route r 2 R, after gerving WE;ch tihe vehicle may visit f 2 F for recharg-
ing athtlme step t 2 T, thatis G# = ¢ 2 Gj l' o T cjuny T 1o + Tg D¢ T
Py io ’

=i Tepcjuys T T, 8r2RF2F;t2T

F set of candidate EV charging facility locations

Fe, subset of candidate locations that the vehicle of r 2 R, after serving custolgner Cip, May possibly vsit
for recharging, that is, Fe, = f 2 FjT,, BANTo ¢+ Trepy, T Mot Topcpuay * Tey *

PN o1 10 n
H .B" i=0 chr iCj 41 B . S i R A

minf 0; =P —9 8cr 2 G nfenrgir 2 R f 2 FjTe,, ¢ BTy, ¢+ Ticy,
= Py 1h ! , R T
T j=0 Ter Cj+1 + chr +min fo’ = RJ}E L g 8r2 R

K set of charger types,K = f1;2;3;::;;K g

R set of routes

T set of time steps

Te, +  subset of time steps in the beginning of which the vehicle ong 2 Iﬁ after serving cystomer ¢, may
possibly VISrI]t f 2 F, for recharglng, thatis, Te, ¢+ = t2 Tj J' Tey ey ¥ T *+ Toy D¢
- P
T Mt Tep gy *Te, 86 2GCHr 2R;f 2 F,

Table 3: Parameters used in the MILP.

Parameter De nition

B maximum battery capacity in time unit

B, initial battery capacity of EV route r 2 R

B, desired nal battery capacity of EV route r 2 R

C value of time spent for recharging and driving to recharging facility

Cy energy cost of recharging per time unit with charger type k 2 K

(o cost of installing charger type k 2 K per time unit

C; xed charging facility cost at candidate location f 2 F per time unit
D actual time associated with time step t 2 T, thatis D; = tT

M an adequately large number, e.g.,M > 2B

Rk recharging amount received from charger type k 2 K per time unit

T maximum allowed operational time for each EV route

T duration of time steps

Ty o travel time from customer ¢, 2 G to customer ¢y 2 C by EVroute r 2 R
Te, 1 detour travel time from customer ¢, 2 C, by EVroute r2 Rtof 2 F
Te, time spent for serving customer ¢, 2 C, by EV route r 2 R

We let the binary variable X, fx¢ = 1 denote that the EV of route r 2 R recharges aff 2 F using
charger typek 2 K at time step t 2 T immediately after serving customerc; 2 C;; X¢, tkt = O,
otherwise. To ensurex, 1kt represents the desired value, we keep track of the start and end time
for recharging an EV for ¢, f, and k with continuous variables s, x and e, fx . Let the binary
variable X, ¢, =1 indicate that the EV route r 2 R is recharging at facility f 2 F using charger
k 2 K after detouring from ¢, 2 C; for time steps, where the associated timeD; falls within the
range [Q s, k) (excluding t 2 T). On the other hand, let binary variable X ¢, =1 denote that
the EV route r 2 R is recharging at facility f 2 F using chargerk 2 K after detouring from



Figure 1: Example of howXg, fk is maintained.

cr 2 G for time steps, where the associated timeD; falls within the range [0; e, 1k ] (including
t2T).

Figure 1 illustrates how our constraints ensure the variablexc, r: takes the desired value. In this
example, EV route r 2 R starts recharging at facility f 2 F using chargerk 2 K after detouring
from ¢, 2 C; at time s, 1k , where the equivalent time step is 2 and ends at timee, 1« , Where the
equivalent time step is 5, respectively. The binary variablex, ¢, =1 for all time steps preceding

and excluding time step 2, while the binary variable x ¢, = 1 for all time steps preceding and

including time step 5, respectively. Consequently, utilizing the equationXc; tkt = X¢ ke Xc; fkt -
the binary variable X, t is 1 only for the expected time steps that are in the interval [2 5].

The binary variable y; = 1 denotesf 2 F is open;ys = 0, otherwise. The variable z;x 2 Z ¢
denotes the number of charger typek 2 K allocated tof 2 F. Refer to Table 4 for the de nitions
of all variables used in the model. The EVSELCA problem is formulated as follows:

X h X
minC = C Ttk tWgtk +(C +Cug e +  Cpys
fore fok f2F
Fcir k2K
X (1)
+ Cy Zik
f2F k2K
subject to,
XCir fkt = XCir fkt XCir fkt 80“’ 2 Cl’vr 2 R,f 2 FCir ak 2K 1t 2 TCirf (2)
X
Xep Tkt Zik 8f 2F:k2K:t2T (3)
Cr 2G ;r2R
X
Ug kT X, fkt 8cr 2Cr;r 2R;f 2 F;, k2K (4)
2T, ¢
X
T XCir fkt Ucir fk T 8C|r 2 Cr,r 2 R,f 2 FCiI’ ,k 2 K (5)
27T, 1

Zsk My; 8f 2F;k2K (6)
Ug ik Mg, 1k 8cr 2Cr2R;f 2Fg k2K 7)
WCirfk Mopirfk 8Cir 2Cr,r2R,f ZFCIr,kZK (8)



Table 4: Variables used in the MILP.

Variable De nition
bgir ¢ remaining battery capacity (in time units) before arriving f 2 F for EV route r 2 R after detouring
fromc, 2 C
b, remaining battery capacity (in time units) before serving ¢, 2 C, of EV route r 2 R
de, departure time from ¢, 2 C. of EV route r 2 R
Ug, fk duration of recharging time EV route r 2 R spends atf 2 F using k 2 K after detouring from
cr 2 C
W, tk duration of waiting time EV route r 2 R spends to recharge atf 2 F using k 2 K after detouring
fromc, 2 C
Sc;, fk time that EV route r 2 R starts recharging at f 2 F using k 2 K after detouring from ¢, 2 C;
€, fk Eime that EV route r 2 R ends rechargingf 2 F using k 2 K after detouring from ¢, 2 C
1 if EVroute r 2 R detours from ¢, 2 C, to f 2 F to recharge usingk 2 K
G i g0 otherwise
51 if EV route r 2 R is recharging at facility f 2 F using charger k 2 K after detouring
from ¢, 2 C; for time steps where the equivalent time, D¢, falls within the range [0 ;sc; f« )
Xcip fkt .
2 (excluding t 2 T)
é 0 otherwise
51 if EV route r 2 R is recharging at facilty f 2 F using charger k 2 K after detouring
X from ¢, 2 C; for time steps where the equivalent time, D¢, falls within the range [0 ; e, t« ]
Cir Tkt 2 (including t2 T)
'8 0 otherwise
<1 ifEVroute r 2 R isrechargingatf 2 F usingk 2 K attime step t 2 T after detouring from
Xej fkt cr 2C
( 0 otherwise
1 if a charging facility is located at f 2 F
yi .
0 otherwise
Ztk number of charger type k 2 K installedat f 2 F, zx 2 Z ¢

X
Oc;, Tk Xgr fkt 8cr 2C;r2R;f 2 FCir k2 K (9)
t2T°irf
Xep tkt Oy fk 8cr 2Ci;r2R;f 2Fg ;k2K;t2 T ¢ (10)
X
G,k 1 8ar2Cir2R (11)
f2Fc, k2K
X
B¢ by Te o+ M G, k) 8cr 2 C;r 2 R;f 2 F, (12)
k2 K
X
R M G, fk 8cr 2 C;r2R;f 2 F, (13)
k2K
X _
b ¢ + U, fk B 8cr 2GCr;r2R;f 2 F, (14)
k2K
X X
bCi +1r b‘Cir Tcir iCisl (l Gc;, tk ) + M e, fk
f2Fc, k2K f2Fc, k2K (15)
8cy 2Cir2R



X 0 X
b3i+l T bcirf + RkuCir fk chi+l T C’Cir fk
f2F k
2Fc; 2>K< (16)
+M 1 O, tk 8¢ 2C;r2R
f2Fc, k2K
be,, = B, 8¢ 2C;r2R a7
b, B 8cr 2C;r2 R (18)
o2 3
X1 X
de, = 4Ter Gaa T (T, Gy fk + Utk + Wo 1) + T >+ Te, 19
j=0 f2Fc, k2K (19)
8¢ 2C;r2R
SCir fk = dCir + TCirquir fk + WCir fk (20)
8cr 2Cr;r2R;f 2 F¢, ;k2K;t2 T ¢
eCir fk = d"3ir + TCirfOCir fk t We, fk + Ug; fk (21)
8cr 2C;r2R;f 2 Fg ;k2K;t2 T, +
Se,fk  Dt+ T +M 1 Qg okt X, ke (22)
8cr 2Cr2R;f 2Fg ;k2K;t2 T, ¢
Se,tk De+ T M(2 Ok X, ke ) (23)
8cr 2Cr;r2R;f 2 Fg, ;k2K;t2 T ¢
€.tk Dt +M 1 0kt Xg gt (24)
8cr 2C;r2R;f 2 Fg ;k2K;t2 T, +
€tk Dt M 2 Qg Xg i (25)
8cr 2C;r2R;f 2 Fg ;k2K;t2 T, +
de,, T  8r2R (26)

Xy fkt 5 Xy tkt 3 Xop fkt > Y6 Ger tk 21 0;105Zik 2 Z o7be;, ; dg, 5 Ug tk s We, ik 2 R o

The objective function (1) minimizes the costs associated with detouring, waiting, recharging,
energy consumption, charging facility, and charger installation. Note that all costs are minimized
per time unit (e.g., one day). Constraint (2) de nes the variable X, : in terms of x, ¢, and

X fkt - Constraint (3) ensures that the total number of trucks charging at a time step does not
exceed the capacity of the charging facility. Constraint (4) satis es that the recharging time does
not exceed the total time occupied by a truck at a facility, and constraint (5) ensures that a truck
does not occupy a charger while not recharging. Constraint (6) guarantees that if a charging facility
is not located at f , a charger should not be allocated. Constraints (7) and (8) enforce the charging
time ug, fx and waiting time w, fx to be zero when recharging does not occur. Constraints (9)
and (10) ensure that if the truck recharges, the charger will be considered occupied at least in one
time step. Constraint (11) ensures that a truck can recharge only at one facility using one charger
type after serving a customer.



Constraints (12){(16) de ne the remaining battery of trucks (in time units) after serving every
customer (i, ) and immediately before arriving at a charging facility (bgr ¢)- Constraints (17) and
(18) enforce the initial and desired nal battery capacity to be equal to B, and B} , respectively.
Constraint (19) de nes the departure time of trucks after serving each customer. Constraints
(22) and (23) de ne the variable x; ¢, . Similarly, constraints (24) and (25) de ne the variable

X, fkt - Constraint (26) ensures that the total operational time cannot exceed the maximum allowed
operational time for each EV route.

4 Metaheuristic solution approaches with clustering

We now present a metaheuristic solution procedure for solving the EVSELCA problem, as de ned by
Equations (1)|(26). We employ a metaheuristic approach because of substantial growth in solution
space of the EVSELCA problem as the problem size increases. First, we adopt a clustering approach
in Section 4.1 to simplify the problem. This involves rede ning sets, parameters, and variables in
the MILP so that it can be used with clusters, as shown in Section 4.2. Although clustering can help
address the computational di culty at a smaller scale, we further develop a metaheuristic solution
method using the GA to tackle the EVSELCA problem in Section 4.3. Then, in Section 4.4 we
describe a hybrid solution approach that combines the GA and MILP solvers.

4.1 Clustering

EVSELCA problems (Equations (1){(26)) can be complex, making solving them impractical for
large-scale instances. To overcome this challenge, we adopt a clustering approach proposed by
Cokyasar et al. (2023). This approach simpli es the problem by grouping customers into clusters
and limiting recharging to after the completion of service at these clusters. That is, rather than
considering recharging after any customer, we create clusters of customers and assume recharging
occurs only after completing service at these clusters.

The clustering method aims to identify the best cut-points with a given number of clusters to
satisfy the following conditions:

i. All customers in a cluster must belong to a single route.
ii. The intersection of any two clusters must be empty.
iii. Customers in a cluster must follow the order of service.

iv. The distance traveled within a cluster must not exceed a certain threshold, such as a portion
of the EV range.

This clustering method uses an optimization model that maximizes the spatial di erence be-
tween clusters. In this model, the binary variable, pre, = 1 indicates cut n 2 N is placed
right after customer c,. The auxiliary binary variable my;, = 1 for all customers belonging

the clustering model. The clustering optimization model is formulated as follows.

X
max Tcir le’ pncir (27)

cr 2Cr r2R;
n2N

10



subject to,

Pnciy = Mneiy  Mncjy 8cr 2C;r2R;n2N (28)
Mp+ie, Mg, O 86 2C;r2R;n2N (29)
X
Pre, =1 8r2R;n2N (30)
Cr 2Cr
X
Pnci, 1 8cr 2GCr2R (31)
n2N

The objective function (27) maximizes the total travel time between clusters to ensure that
clusters are su ciently apart from each other. Constraints (28) and (29) conserve the order of
cuts, preventing cut n from being placed after cutn + 1. Constraint (30) ensures that every cut is
positioned immediately after one speci ¢ point, while constraint (31) ensures that only one cut can
be placed after a particular point. The model in Cokyasar et al. (2023) also presents the within the
cluster travel time constraints. As these constraints require more parametric de nition, we refrain
providing these constraints for simplicity.

With a predetermined number of clusters, the clustering method may not always guarantee a
feasible solution because the travel time within clusters could exceed a preset threshold. In our
analysis, we start with a small jNj, solve the problem, and incrementjNj by one until a feasible
solution is obtained. Therefore, we nd the minimum number of clusters (Nj > 0) and their
partitioning. Note that such an approach sacri ces the solution quality to gain solution speed. Our
analysis in the upcoming sections will be a product of this sacri ce, and a real case should better
be handled with jNj large enough to obtain a higher quality solution.

Table 5: Sets and variables used in the clustering model.

Set De nition

N set of cut-points for clustering

Variable De nition

(
1 ifcut n2 N is placed right after customer c;
0 otherwise

Mnc auxiliary binary variable regulating the order of cuts

Pnc ir

4.2 Transformation

In switching from customer to cluster, the de nition of some sets, parameters, variables, and
constraints changes. It is straightforward to rede ne C from being the set of individual customers
to being the set of clusters of customers. We then de ne a new parametef., to represent the
total travel time based on the order of visits within the cluster for serving customers of clusterc
by the EV route r. Moreover, we rede ne parametersT,, . to be the travel time from the last

customer of clusterc; to the rst customer of cluster ¢, and TCirf to be the travel time from the
last customer of clusterc; to the location of facility f. The model in Section 3 could be structured
by considering the clustering approach from the beginning, yet we prefer the given presentation to
provide a general model without dependence on the clustering heuristic.

With these changes, we rede ne the subseC;t; in De nition 1.
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De nition 1. Foragivenr2R,f 2F,andt2T,

n X 1h i
Crft = ¢2 Cr] Ter Ci+1r + chr + chr + TCir + TCir
=0
X h io
t T T + T, 4T
ir ir

Cjr 3Cj+1 ;r
j=i

The de nition of Cy; requires that an EV route can recharge only after serving the last customer
of the cluster, rather than in the middle of the cluster. Therefore, C4t refers to the subset of clusters
on route r 2 R that the vehicle must complete before it can visitf 2 F for recharging at time step

t2T.
Furthermore, we rede ne F, and T, s due to the changes made to the de nition of parameters.

The updated F., denotes the subset of facilities that the vehicle of router 2 R can visit after
serving customers of clusterc,, as de ned in De nition 2. Similarly, T, ¢ denotes the subset of
time steps during which the vehicle of router 2 R can visit f 2 F¢, for recharging after serving
customers of clusterc; , as de ned in De nition 3.

Denition 2. Foragivenc, 2 C. nfeyrgandr 2 R,

n o o ) ¢ 1h i
Fcir = f2 I:jTCirf B~ TCirf + TfCi+1 r T Ter iCj+1r + Ter + Ter
j=0
BI’ i jN_Ol[TCj iCj+1; + Ter ] BI! 0
+minfQ; - ik RE
Rk g
n o o 4 1h i
f2 I:JTCNrf B TCNrf + TfCNr T Ter G+l r + Ter + Ter
j=0
P N 1 |
' 0
+minfo; Br j=0 [chr G+l + Ter ] BI’ g :
Rk
De nition 3. Foragivenc, 2C,, r 2R, andf 2 F¢,,
n K 1h i
TCirf = t 2 TJ Ter Cj+1r + Ter + Ter + TCir + TCir
j=0
X 1h io
t T Ter iCj+1 i + Ter + Ter :

j=i

Next, we replace the term customer with cluster wherever it is used in Table 2, Table 3, and
Table 4. Following the changes we have made to the sets, parameters, and variable de nitions, we
replace the constraints (12), (15), and (19) with (32), (33), and (34), respectively.

X
bgrf b, To T+ M2 O, fk ) 8cr 2Cr;r 2R f 2 Fg, (32)
k2K
X X
bCi 1T bcir (Tcir iCiel + TCir )(1 O k ) + M O, &
f2F¢, k2K f2Fc, k2K (33)
8 2Cr2R
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X1 X
dcir = 4T + Ter + (chr f OCJr fk + qur fk + Wcjr fk ) + TCJ'[ 5 34
j=0 f2Fg, k2K (34)

+ T, + T, 8cr 2Cr;r 2R

4.3 The genetic algorithm

In this study we employ a tailored genetic algorithm to solve the EVSELCA problem. The GA is
an evolutionary optimization search technique that has been widely used to solve MILPs (Katoch
et al., 2021). Algorithm S.1 provides pseudocode for the approach; the functions used therein are
detailed in the Supplementary Material. Key decision variables in the model areq, tk , Xc, fkt » Yf »
and z; , which are the same as in Table 4 with the rede nedC. Among key variables, y; and
zs relate to strategic decision-making, whilexg, ft aids in making an operational decision. At
the tactical level, g, 1 plays an important role since it determines after which cluster to recharge,
where to recharge, and what type of charger to use. To this end, we begin with exploring a solution
for the tactical variable that implicitly impacts solutions to strategic variables and provides implied
time bounds for the recharging time. That is, a solution to other variables can be derived for given
solutions to q, 1k . First, NP°° number of solutions for g, tk is generated via thelnitialization
function as an initial population. In the initialization step we randomly select a number of clusters,
following which a recharging is planned; and we select a facility for the recharging using a roulette
wheel selection method (i.e., closer facilities have a higher chance of being selected). Once the
where aspect ofq, 1k is addressed, we randomly select a type of charger for those facilities that
were just picked to be visited. This population is then passed intoCrossover and Mutation
functions to potentially nd a better solution.

In Algorithm S.1, T, was used to represent the route travel time minus the time spent serving
customers, recharging, and waiting, as de ned in De nition 4.

De nition 4. For a givenr 2 R,
2 3
K 1 X
TI‘ = 4Ter Cj+ar + Ter f 0er fk 5 :
j=0 f2Fc, k2K

The value of zy is estimated to calculate the objective value for each gjyery;  in the initial
population. For a given ¢ r« equal to 1,z can get values between 1 and  ,c. r2r G fk @S
Lemma 1 denotes. (See the Appendix for proofs of Iemmgs). The trade-0 between the waiting time
and facility cost depends onzg . The maximum of zi ( ¢, r2r % k) iMplies zero waiting
time as stated in Lemma 2 but high charger cost. We use a local search to nd a suitabley, value.
In this regard we rst calculate the objective value (C) for the upper and lower bounds ofz ; if
the former has a lower objective value, we updatezs; by subtracting chargers usingzlUpdater
(Algorithm S.8). Otherwise (i.e., the latter has a lower objective value), we increase the value of
Zsx using zlUpdater  (Algorithm S.9) until C reaches the minimum. TheEvaluator  function
from (Algorithm S.6) updates the value of z .

P P
Lemma 1. Foragivenf 2 F andk 2 K, zy 2 [1,  2c. r2r % tk] if ¢ 20, Gtk > L
otherwise, z;, =0.

P
Lemma 2. Foragivenf 2 F andk 2 K, wg, 1k =0, if zw = ¢, G fk -
In each step of Evaluator , given g, t« and zs , we calculate other variables usingLower-

LevelEvaluator (Algorithm S.7). In LowerLevelEvaluator , we rst calculate the recharging
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time (ug, fx ) using uCalculation (Algorithm S.11). We assume that trucks recharge at a facility
for a duration su cient to complete the trip if it is less than the maximum battery capacity minus
the battery's current level; otherwise, they recharge to full capacity. Next, we calculate the wait
time (wg, 1k ) using wCalculation (Algorithm S.12). To do so, we follow the rst-come- rst-
served rule: that is, vehicles recharge at a facility in the order of their arrival times. Givengg, fk ,
U, fk » We, fk » and zg , calculation of other variables and thereforeC is straightforward.

4.4 A hybrid solution approach supported by the genetic algorithm

The GA initializes with estimating values for q, tx variables. A hybrid solution approach can
be formed by feeding these GA-generatedy, rx solutions into an MILP solver as a constraint
set. Therefore, the hybrid approach nds optimal solutions for xed q, fx decisions. This is
especially useful because many solutions can be investigated in parallel. In the following section,
the performance of this solution approach will be compared with that of the GA.

5 Case studies

This section describes the details of our experimental design and data in Section 5.1, demonstrates
the performance and limitations of the GA and the hybrid methods in Section 5.2, illustrates the
impact of the time step duration on system cost in Section 5.3, and provides key managerial and
policy insights along with extensive sensitivity analyses aiming to identify crucial parametric levers

in Section 5.4{Section 5.7.

5.1 Design of experiments

We conduct numerical experiments using the Chicago metropolitan area. E-commerce daily demand
and road network data are obtained from POLARIS (Auld et al., 2016). We utilize the framework
developed by Cokyasar et al. (2022) to form parcel delivery truck routes. For a given set of
customer and depot locations and other parameters (e.g., the operational time during a day and
vehicle capacity) the framework yields vehicle routes that are the sequences of customers to be
visited. Customers in these routes are aggregated at clusters using the RCP solution model in
Cokyasar et al. (2023).

Figure 2 depicts an example problem layout. In this gure, the centroids of tra ¢ analysis zones
(TAZs), de ned by metropolitan area organizations, represent candidate charging facility locations.

In the experiments we use 20 routes depicted and their feeder depot, called depot 1. The depot
serves 4,580 customers, and customers are aggregated at 89 clusters. Unless otherwise noted, in our
experiments we consider four candidate locations, namely, the depot and the three closest centroids
to the depot.

The problem parameters used, based on the literature (Electrify America, 2022; Williams, 2020;
Ellis, 2017; Davatgari, 2021; Lightning eMotors, 2022; Smith and Castellano, 2015), are summarized
in Table 6. Aside from these parameters, we estimatel, . , T, , and T, ; using Manhattan
distances and assuming a constant truck speed of 30 mph (lllinois State Police, 2022). Unless
otherwise stated, we letT =15 minutes. As with most studies in the literature, we consider three
charger types with varying powers (Liu and Wang, 2017; Yilmaz and Krein, 2013). The average
time required to power up a battery for 100 miles of range gain and charger installation costs are
shown in Table 7, which are derived from the literature (Bennett et al., 2021). All costs in the
objective function are converted to USD per day. To do so, the lifespans of chargers and facilities
are set to 10 and 40 years, respectively (Bennett et al., 2021).
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