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ABSTRACT

The transportation sector is the largest contributor to global greenhouse gas emissions. Disruptive tech-
nological changes in this sector, such as alternative fuel vehicles, are crucial for emission reduction. We
show how a cost-minimizing strategic transition plan to adopt electric trucks over time can be developed
for a firm that owns and operates a fleet of diesel trucks. We consider the case in which the firm de-
cides to invest in the charging infrastructure required to support this transition, either because the pub-
lic charging infrastructure is currently inadequate or for strategic reasons. The congestion effect at the
charging stations, the charging times, and the potential loss of productive driving time due to detours to
reach charging stations are explicitly considered. By developing an independence property, we are able to
model this problem as a linear integer program without specifying origins and destinations. We illustrate
the resulting transition plan with realistic parameter configurations. Our results indicate that a firm with
high transportation demand density over a given service region significantly benefits from adoption of
electric trucks, while also enjoying substantial carbon emissions savings. High demand density also fa-
vors smaller battery capacity with shorter ranges under the optimized charging network capacity, even
though larger battery capacity would increase productivity with extended ranges. Our analysis also offers
insights for governments and regulators regarding the impact of several influential factors such as carbon
cost, content of renewable energy in electricity mix, diesel engine efficiency, and subsidizing the charg-
ing infrastructure. Additionally, we present an extension to the model that allows for different modalities
of partnership in the infrastructure investment; notably public-private and private-private partnerships.
While in general our results suggest that such partnerships are beneficial to all involved, the amount
and relative distribution of the potential gains depend on the topography and on the density of charging
infrastructure.

© 2022 The Authors. Published by Elsevier Ltd.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

Under current trends, energy demand and emissions related
to transportation are predicted to double by 2050 [3]. There-

Technological change is necessary if we are to meet the aggres-
sive emission targets of the 2016 Paris accords. This is particularly
true for the transportation sector, one of the largest contributors
to global greenhouse gas (GHG) emissions. As of 2017, this sector
generated the largest share (28.9%) of all U.S. GHG emissions [1].
Globally, the estimate is close to 25% [2]. Moreover, road transport
accounts for approximately 80% of all such emissions [2].
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fore, disruptive—rather than progressive—change is needed to meet
emission targets in the sector [4]. Some estimates indicate that an
adoption of alternative fuel vehicles (AFV) in the order of 50% for
overall traffic is required, by 2050, to stay within the 2-degree cli-
mate target [5]. Other estimations are equally radical [see, e.g., 6].

On the commercial front, the International Energy Agency has
developed two scenarios for the evolution of energy demand from
freight vehicles [7]. The first scenario estimates the evolution of
the sector solely based on advances in current technologies (i.e.,
based on policies and measures that are currently adopted or an-
nounced, e.g., improvements in fuel efficiency, vehicle utilization,
and routing). This scenario leads to an increase in GHG emissions
in the order of 55% by 2050. The second scenario, however, explic-
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itly considers the adoption of a new type of “modern truck” based
on radical technological change; it achieves a reduction in GHG
emissions in the order of 60%. In this scenario, the penetration of
AFVs in commercial fleets is in the order of 85% for light vehicles,
75% for medium freight vehicles, and 70% for heavy freight vehi-
cles. Currently, the adoption of AFVs in the commercial space is
virtually zero; particularly in the medium/heavy freight space. As
of the end of 2018, the number of AFVs on the road was around
5 million, the vast majority of which were consumer vehicles [8].
Of these, 3 million are battery electric vehicles. (This is equivalent
to approximately 0.1% of the total number of consumer vehicles on
the road.)

The lack of adoption of AFVs in the industrial sector can be at-
tributed to a number of reasons. Limited range, high cost of fixed
assets, and a lack of fueling infrastructure are consistently listed
as the primary factors holding firms back [7]. Moreover, the lack
of full-scale adoption of AFVs also impacts the uncertainty of their
resale value, further limiting adoption. In contrast to the consumer
space, an investment in AFVs can potentially represent a signifi-
cant portion of a firm’s total investment, particularly for logistic
service providers. A change in the technology basis of their largest
asset base is non-trivial. Thus, it is understandable for firms to take
a wait-and-see approach, allowing for the market to become less
uncertain (i.e., allowing for the different technologies to mature)
before formulating an alternative-fuel strategy [9].

From a technological perspective, however, we are currently at
the verge of maturity. Electric vehicles (e-vehicles) specifically tar-
geted at the consumer sector deliver outstanding performance [10-
13]. Recent research suggests that battery technology is now at a
stage where, even though they are still more expensive upfront,
the total ownership cost (considering maintenance costs and tax
rebates) of consumer e-vehicles is lower than the total owner-
ship cost of internal combustion vehicles (ICVs; [14-16]). Moreover,
forecasts estimate that the purchase cost of consumer e-vehicles
will be competitive with that of ICVs as early as 2025 [17]. Devel-
opments in the commercial space are slower, but several truck and
e-vehicle manufacturers such as Daimler, Mack, Tesla, Volvo, Sca-
nia, and DAF have announced plans to deliver long-haul e-trucks
[18]. Trucks based on other alternative-fuel technologies are also
under development. The question in the transportation sector is,
therefore, not whether the current standard for commercial appli-
cations will be replaced by new vehicle technologies, but how to
implement the upcoming technology change in the best way pos-
sible. This question motivates our research.

In this paper, we study whether e-trucks can become a feasi-
ble alternative for a firm that currently operates a fleet of ICVs -
typically, diesel trucks (d-trucks) - for its own operations or as a
service. We develop a model to optimize the investment and sal-
vaging decisions for a truck fleet (composed of d- and/or e-trucks)
together with the investment for the charging infrastructure asso-
ciated with e-trucks. We explicitly factor-in the congestion effect
at the charging stations due to scarce resources and lengthy charg-
ing times, which curtails the utilization of e-trucks. The argument
for considering vehicle and infrastructure decisions simultaneously
is threefold. First, there is no existing infrastructure for refueling
AFVs on the scale necessary for commercial use [18]. Thus, early
adopters must also invest in infrastructure. Second, even for a suf-
ficient coverage area of publicly available charging infrastructure,
fleet owners may want to avoid potential congestion, uncertain
waiting times, and unavailability due to maintenance and break-
downs. Third, the choice of charging technology and the density
of the charging infrastructure have a substantial impact on the ef-
fective utilization of trucks and, hence, on the level of customer
service provided. Moreover, fuel costs are of strategic importance
for road freight transport; estimates suggest that they comprise in
the order of 30% of total costs [19,20]. Therefore, fleet operators
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may want to maintain control of this significant cost component
and thus invest in their own refueling infrastructure for strate-
gic reasons. Even though there are not many e-trucks on roads as
of yet, other kinds of AFVs are getting increasingly more popular
and we already observe a recent spike in the number of providers
offering charging infrastructure solutions to companies for their
(and their customers’) electric vehicles, see e.g., ChargeUp Europe
(https://www.chargeupeurope.eu), which is a coalition of electric
vehicle charging infrastructure providers. Deutsche Post DHL, for
example, has come to an agreement already back in 2018 with
Innogy to provide charging infrastructure for its growing electric
vehicle fleet at DHL locations in 10 different countries in Europe
[21,22]. Kullman et. al. [22] report that French company ENEDIS
chose to invest in their own charging infrastructure when replac-
ing their fleet with EVs due to the uncertainty at public charging
infrastructure. We find that, among other insights, e-trucks can in-
deed become a feasible alternative for firms in the near future if
the density of the charging infrastructure is also optimized collec-
tively.

We develop a high-level strategic model that can provide valu-
able insights for the decision makers and the governing bodies. By
using our model, decision makers can identify when and if they
are ready to invest in e-trucks and the type of e-truck (in terms of
battery capacity) that best suits to their market structure. Govern-
ing bodies can benefit from our approach in developing policies to
accelerate the transition of the industry to sustainable transporta-
tion. With the help of a numerical study inspired by real-life pa-
rameter settings, our approach is also instrumental in developing
insights some of which may be counter to the common sense: (i)
Investing in e-trucks can be optimal only if the decision maker also
invests in their own charging infrastructure in an optimal manner,
(ii) larger battery capacity is not always the best option compared
to smaller battery capacity, and (iii) improvements in diesel engine
efficiency can be counterproductive in the long run and can thwart
the efforts to attain net-zero emission targets.

The rest of this paper is structured as follows. In Section 2 we
provide a survey of the literature related to sustainable transporta-
tion and fleet replacement issues. Then, in Section 3, we present
our modeling approach that let us formulate a linear model to
solve the problem efficiently. Section 4 contains the results of our
numerical study and scenario analysis that we conducted based on
a realistic data set. We conclude with Section 5.

2. Literature review

Our research is motivated by the sustainability-driven require-
ment for technological change in commercial transport. Our pa-
per is therefore positioned at the intersection of two literature
streams: sustainable operations (in particular, green transporta-
tion) and asset management | fleet composition.

2.1. Sustainable transportation

Within the general field of sustainable operations [see 23, for an
overview], much attention has centered around sustainable trans-
portation and, in particular, on the need to transition from ICVs
to AFVs, both as means of personal [see, e.g., 24,25] and com-
mercial transportation [e.g., 26,27]. Existing research ranges from
engineering considerations [28] to economic issues, including fis-
cal incentives [29] and total cost of ownership [30]. The particular
challenges facing commercial operators in adopting AFVs are most
relevant to our paper. In this context, Schneider et al. [31] and
Pelletier et al. [32] provide in-depth discussions of the challenges
firms face and of future research perspectives of goods distribu-
tion using AFVs. Note that, while there is no universal consensus


https://www.chargeupeurope.eu

0. Alp, T. Tan and M. Udenio

as to the optimal alternative fuel technology [see 7], electric vehi-
cles (EV) are typically considered the default AFV given the current
state of technology. Within the vast literature on sustainable trans-
portation, the electric vehicle routing problem (E-VRP) and facility
location problems (FLP) for optimal location of charging infrastruc-
ture have gathered considerable attention, on which we elaborate
further below.

Goods distribution using EVs poses a double challenge: lim-
ited range and long recharging times. This challenge requires ex-
plicit modeling of the charging technology, infrastructure, and pol-
icy. Even though there are several different charging technology
standards (see Appendix A and B), the majority of studies in the
literature model generic power and cost parameters. In our anal-
ysis, we use the American SAE standard and adopt the speed of
Level 3 charging system. We refer the reader to Das et al. [33] for a
thorough review of the different standards and charging technolo-
gies of EVs and Appendix A for a summary of existing charging
technologies.

Afroditi et al. [34] trace the early appearance of the E-VRP
to the beginning of the decade and suggest trends and insights
for future research: a call for real-world, industry-based solutions.
In subsequent years, the topic has sparked considerable interest
from the research community. Given that the problem is NP-hard,
hybrid heuristics are typically used to solve problem instances.
The charging schedule and timing can also be an important fac-
tor for different applications and analysis. For example, studies
within the E-VRP literature usually assume that the vehicles are
charged overnight in a depot so that vehicles start their routes
fully charged [e.g., 35]; a number of studies also foresee the use
of en-route charging stations with fast chargers [36] as a top-
off charge whenever necessary. Several extensions to the E-VRP
also consider different charging and/or routing policies; for ex-
ample, the inclusion of delivery time windows [37], minimizing
emissions [38] or energy consumption instead of costs [39], adopt-
ing battery-swapping instead of charging-stations [40-42], and us-
ing the driver’s lunch hour for partial recharging [43]. There are
also studies that consider long term planning and expansion of
charging stations. Kog¢ et al. [44] allow for shared charging sta-
tions with a joint investment of multiple firms in charging infras-
tructure, Xie et al. [45] deal with the long-term strategic plan-
ning of inter-city fast-charging infrastructure to satisfy the grow-
ing e-vehicle adoption in inter-city use, and Quddus et al. [46] in-
tegrate use of renewable energy and vehicle-to-grid mechanisms
in their problem settings. In recent works, Keskin et al. [47] and
Keskin et al. [48] extend the E-VRP with stochastic waiting times
in a recharging queue. They model the queues as M/G/1 systems
and introduce heuristic and simulation-based solution method-
ologies. The authors argue that modeling the waiting times may
be crucial, and should be taken into account, for routing deci-
sions. Finally, Kullman et al. [22] extend the E-VRP by explic-
itly considering a private-public recharging strategy and model-
ing congestion at the charger through M/M/c/oo queues. They set
the problem as an approximate dynamic programming model, and
propose a number of static and dynamic routing policies. They
find that with good dynamic routing policies, strategies consider-
ing public-private charging infrastructure consistently outperform
private-only solution strategies. We refer the reader to Macrina
et al. [49] and Keskin et al. [47] for up-to-date surveys of the re-
lated literature in this domain. In this study, in addition to charg-
ing infrastructure expansion decisions, we also consider fleet ex-
pansion and replacement decisions in an integrated manner.

A different modeling approach is the FLP, which decomposes
the problem by first identifying a route and then finding the opti-
mal station location among a set of potential candidates [e.g., 50].
In contrast to the E-VRP, the FLP typically uses the demand be-
tween origin-destination pairs to model the flow of vehicles, and
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treats the charging station location as a decision variable [51-53].
Finally, several assumptions can be made regarding the charging
function itself. The majority of studies assume either deterministic
charging times [35] or linear charging times, where every minute
of charging time increases the charge of a vehicle by a constant
[54]. Montoya et al. [55] however, argue that in real life, battery
charging is non-linear: the charging rate for the first 80% is signif-
icantly faster than the remainder.

A number of recent papers consider integrated location-routing
problems. Schiffer and Walther [37] recognize the “chicken and
egg” nature of the problem, in which the adoption of EVs is hin-
dered by a lack of infrastructure, and infrastructure investment is
hindered by a lack of EV adoption. They formulate the electric lo-
cation routing problem with time windows and partial recharging
as a mixed integer programming model and allow for simultaneous
routing and infrastructure decisions, considering partial recharging
and recharging at customer sites. Schiffer and Walther [36] later
extended this model to incorporate demand uncertainty with ro-
bust optimization.

In contrast to the short-term focus of the FLP and E-VRP, we
account for the characteristics of electric vehicles from a strate-
gic perspective, focusing on the investment decisions for the fleet
assets and the charging infrastructure. We estimate the required
capacity of the refueling infrastructure based on the total driving
times of vehicles scattered over a given region, without needing
to identify their exact routes. Rather than optimizing the rout-
ing, location, and sizing decisions based on a given infrastructure,
we optimize the timing of the capacity investment decisions for a
desired density of the infrastructure network at a strategic level.
When a strategic decision lays out a transition plan as an outcome
of our model, desired FLP and E-VRP models can be used by the
decision maker to convert this plan into tactical and operational
decisions for locating charging facilities and for identifying vehicle
routes and charging schedules.

This study is, to the best of our knowledge, the first to explic-
itly include the relationship between the fleet size, the capacity of
charging stations, and the expected waiting time. As we know from
queuing theory, the higher the capacity utilization, the longer the
waiting times. In the type of application that concerns us, a ca-
pacity utilization above 80-90% can easily result in waiting times
longer than the actual charging time. Therefore, it is necessary to
incorporate this effect to ensure that non-productive times are rea-
sonable. A number of recent studies contemplate different aspects
of the utilization/waiting time relationship. Kim et al. [56] use
a stochastic method to derive steady-state performance measures
for charging stations under first-in, first-out and processor shar-
ing scheduling methods. They find that the optimal scheduling
method depends on characteristics of the problem setting, such
as the available charging capacity and the behavior of arrivals.
Ghamami et al. [57] and Kavianipour et al. [58] consider the prob-
lem of planning the refueling infrastructure for intercity e-vehicle
travel, they take waiting times into account through a determinis-
tic queue assumption, where vehicles only wait if the (determinis-
tic) arrival rate is larger than the service rate; Chen et al. [59] con-
sider stochastic M(t)/M/n queues by allowing potential charging
stations within defined graphs. These studies remark on the im-
portance of modeling waiting times — however, in contrast with
our study, they treat the fleet size as exogenous.

2.2. Asset management, technology adoption, and equipment
replacement

The classical asset management/replacement problem consid-
ers the tradeoff between increasing operating, maintenance, and
depreciation costs of aging equipment against the salvage value
and replacement cost of new equipment [60]. A large literature on
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the subject considers deterministic [61] and stochastic factors [62].
Extensions to the pure replacement problem are the replacement
problem with new technology adoption [63], the renewal problem
[64,65], and the combined replacement and renewal problem [66].
When adopting a new technology, a decision maker faces the ad-
ditional uncertainty of future technological change, its associated
attributes, and cost [67,68]. Operationally, sustainability can be in-
corporated by framing the issue as a multi-objective problem, with,
e.g., energy consumption and GHG emissions as additional objec-
tives [69].

From a strategic perspective, the timeframe for technological
change is aligned with the timeframe over which environmental
policies are evaluated [70]. Thus, the problem of strategic asset re-
placement with sustainable technologies has started to gain trac-
tion in the literature [71,72].

2.2.1. Strategic fleet replacement

A number of papers study the different strategic aspects of the
replacement of a fleet of ICVs by EVs. Ansaripoor et al. [73] use
a risk-type analysis to optimize the expected conditional value
at risk metric, Kleindorfer et al. [74] formulate a stochastic dy-
namic programming model with uncertain battery and fuel acqui-
sition prices to support the fleet renewal decision at the French
postal operator, La Poste. Kuppusamy et al. [75] study the tech-
nology overhaul of a taxicab service provider. In this setting, the
decision is whether to continue with ICVs or to fully switch to
an EV fleet with a corresponding battery swap station. They find
that the fleet technology decision depends on the expected num-
ber of miles driven and its variability, and that the structure of the
solution allows for switching (i.e., there are optimality ranges for
EV adoption). They observe a similar result when limited hetero-
geneity (where different vehicle types are allowed for short/long
haul). Feng and Figliozzi [76] and Davis and Figliozzi [77] evaluate
the cost competitiveness of a series of e-trucks against their diesel
counterparts. They embed their analyses within an optimal fleet
replacement framework to analyze the key economic and techno-
logical factors driving the cost competitiveness of an eventual tran-
sition to AFVs. They found that, given the high acquisition and bat-
tery costs, e-trucks required a combination of favorable factors to
become competitive; high utilization being a key driver. The au-
thors note, however, that a reduction in costs could favor AFVs in
the future. Battery costs, in particular, have fallen threefold since
the publication of these articles.

Wang et al. [78] and Patricksson et al. [79] are closest in spirit
to our paper. The former presents a dynamic capacity investment
model for two competing technologies: “green” and conventional.
The authors assume stochastic demand and operating costs, for-
mulating a dynamic programming model in which the decision to
invest/divest or do nothing is taken every period for a certain time
horizon. They illustrate an application of their model with a case
study of the diesel/electric vehicle fleet for Coca-Cola. The authors,
however, consider a 1-to-1 replacement of the diesel fleet with
electric vehicles, thus foregoing the interaction effect between in-
frastructure capacity and waiting times—and the associated impact
on the required fleet size. Patricksson et al. [79] study the problem
of fleet composition with regional emission limitations using RoRo
shipping as a case study. While they consider several technologi-
cal characteristics in their model, there is no infrastructure compo-
nent in their analysis. Islam and Lownes [80] analyse the joint fleet
and infrastructure investment problem from the perspective of an
American department of transportation, considering, in particular,
the opportunities for technology replacement in a passenger bus
fleet. In contrast to our work, the authors do not consider the in-
frastructure location as a decision variable (due to the assumption
of a central bus depot), nor do they consider congestion-related
queueing issues. Hu et al. [81] deal with an integrated planning
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of fleet size, hub locations, and hub capacities for a transportation
firm by explicitly considering road congestion. In contrast, we ex-
plicitly model the congestion at the charging stations while plan-
ning for fleet size and mix, and charging infrastructure capacities.
In a recent study, Pelletier et al. [82] examined the optimal tran-
sition strategy for a bus fleet. Similar to our study, they consider
the effect of charging speed and evaluate the sensitivity of their
solution to the future evolution of external parameters such as en-
ergy/fuel costs. Due to the difference in setting, however, their ap-
proach differs from ours in that they assume depot (or bus-stop)
charging, without the consideration of queuing effects.

We consider the specific strategic issue of the transformation
of an entirely diesel fleet into an electric fleet within a given time
horizon. The aim of our model is to assist with strategic decision-
making by finding the optimal investment decision in terms of
truck technology and charging infrastructure. We optimize over the
entire planning horizon; thus, our solution implies a time-varying
investment strategy. We make general assumptions regarding the
demand for transportation and the location of origins, destinations,
and charging infrastructure. In contrast to prior research, the num-
ber of facilities and charging instruments installed in a given year
are treated as decision variables; this allows us to trade off in-
frastructure investment against unproductive time (i.e., deviations
from route and queueing time prior to recharging).

3. Problem environment and model

We consider a freight-moving firm operating within a given ge-
ographical region. Similar to Pelletier et al. [82], we define the fleet
composition of the firm using the set of truck types K ={1,...,n}
where K. € K denotes the subset of truck types that are e-trucks
and Ky € K denotes the subset of truck types that are d-trucks. The
firm aims to minimize the investment and operational costs associ-
ated with its fleet composition over a certain planning horizon T =
{1,...,tg} of tp years. Let V;; denote the number of trucks of type
k operated by the firm in year t. We quantify the ‘sustainability’ of
the fleet composition through the Green Ratio (GR), which we de-
fine as the fraction of total demand carried by e-trucks; formally,
the green ratio in year t is given by GR: = > ke Vik/ >kek Vik- We
assume that the firm initially operates with a fleet composed en-
tirely of d-trucks (GRg = 0).

The firm might reduce the carbon footprint (and associated
emission costs) of its transportation operations by adopting a
‘greener’ fleet containing e-trucks. Given the current state of the
technology, we assume that the charging infrastructure required to
operate the e-truck fleet is not readily available, hence, the firm
must also invest in the charging infrastructure to materialize this
transition. Operational cost components are ‘fuel’ (diesel or elec-
tricity), carbon emissions, driver wages, and maintenance of trucks
and charging outlets. Investment cost comprises procurement costs
and salvage values associated with trucks and plug-in charging in-
frastructure.

We adopt a strategic level analysis of the freight movement op-
erations. We do not predicate our analysis on the exact locations of
origins, destinations, and the routes traversed, which might differ
on a daily basis. Instead, we assume that the trucks are continu-
ously traversing roads, destined for a drop-off, pick-up, refueling,
or parking locations in a given service region defined at a city,
country, or continent scale. Our analysis considers a dense road
network over which origins and destinations are randomly scat-
tered, implying that the traversing trucks are also randomly dis-
persed over the service area at any given time, without any con-
densed mass at a particular region. This topology fits well to Eu-
rope, where the road network is dense and origins and destina-
tions can be anywhere due to a large and dispersed population, as
well as highly populated areas such as Northeast of the US, North
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American coasts, and Asian, Latin American, and African metropoli-
tan areas. The problem under consideration applies to any firm
that owns and operates a fleet of trucks, whether in-house or for-
hire.

We define a “charging facility” as a charging station that con-
tains one or more charging outlets, which we refer to as “charging
instruments”. We treat the number of facilities and instruments in-
stalled as design variables to be optimized. We assume that a firm
adopts a single charging technology throughout its infrastructure,
which we model by parameterizing the charging times and acqui-
sition costs on the chosen technology. In terms of charging policies,
we assume deterministic charging in our numerical experimenta-
tion, and investigate the effect of non-linear charging by modeling
a scenario where batteries are only charged up to 80% in a shorter
time frame. Depending on the invested charging capacity, e-trucks
may need to detour to access a charging facility by deviating from
their main route and may also need to wait for an available instru-
ment, due to congestion at the facility. Because we do not model
specific routes, we do not distinguish between depots and en-route
charging stations; we consider a uniform distribution of equally-
spaced charging stations over the service area and include a “de-
tour” parameter to model the average (back and forth) deviation
of a truck from its route to a charging station. In contrast, we as-
sume that d-trucks can find a refueling station along their main
route whenever necessary and start refueling without delay, as gas
stations are ubiquitous and with abundant capacity.

3.1. Definition of demand and productive driving time

A typical trucking operation consists of productive and non-
productive work elements. Productive work elements are driv-
ing times to reach a drop-off, pick-up, or parking location.
Non-productive elements include loading, unloading, and refuel-
ing/recharging times. We assume that loading and unloading op-
erations are independent of the drivetrain technology of a truck,
and thus do not explicitly model them. Technology choice (and the
associated infrastructure), however, have a significant effect on the
non-productive element associated with the refueling/recharging
of a truck. For e-trucks, this includes the duration of the detour
required to reach a charging facility and to return to the main
route after receiving the service, potential waiting time at the facil-
ity for an available charging instrument due to congestion, and the
recharging time. For d-trucks, we assume that -given the high den-
sity and capacity of gas stations- the only relevant non-productive
element is the refueling time at the gas station.

We denote the total working time of a truck, excluding the
aforementioned non-productive work elements, as the “productive
driving time”. For a truck of type k € K, the total productive driving
time per day, Df. is estimated by

D’[: _ Rk/vk H,. (1)
Ri/vi + T

where v, is the average speed of a truck of type k, R, is the driving
range of a type k truck, H is the total operating hours of a type
k truck per day, and 7, denotes the non-productive work element
due to recharging/refueling of a truck of type k, which is depen-
dent on the design of the refueling infrastructure, and is calculated
as per Equation (2).

3.2. Charging infrastructure design

Transitioning to a greener fleet can be viable only if the oper-
ations are backed up with sufficient charging capacity within the
geographical service area that the freight-moving firm operates in.
At any given year t € T, this capacity is fully determined by F, the
number of charging facilities installed in the service area in year ¢,
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and y;, the number of charging instruments installed within each
facility.

Recall that we consider the demand to be homogeneous across
the service area, meaning that the charging facilities are spread
uniformly within that region with identical capacities. For the op-
eration of an e-truck fleet, the firm must consider the trade-off
associated with installing more charging capacity, which will de-
crease the non-productive driving at the cost of increasing the in-
vestment requirements. Rather than setting Fr and y;: as indepen-
dent decision variables, we adopt a service level target aimed by
the decision maker through the design variables §, the distance be-
tween any two charging stations, and w, the average waiting time
at a charging facility due to congestion. In this section we present
an estimation of the required charging capacity based on the given
values of these design variables. Table 1 shows a summary of all
relevant notation for charging capacity estimation.

We model the congestion at a charging facility via a G/D/y;
queueing system, in which the ‘customers’ are e-trucks arriving
at charging facilities equipped with y; charging instruments. Even
though the state-of-charge (SoC) might differ for arriving trucks
in general, we assume in our analysis that the SoC of the arriv-
ing trucks will be consistently low, as the drivers would be in-
structed to maximize their battery usage before recharging. This
implies that the service delay at a charging instrument will be de-
generate with a service time equal to the recharging time of an e-
truck of type k € K., denoted by 1. The design parameters (6, w)
will dictate the arrival rate and the required y; value.

Estimating the Number of Facilities: Let G be the total area (in
km?) of the region served by the firm. Assuming that the charg-
ing stations are installed at the centers of § x § grids that span the
entire service areas on a continuous scale, F, the number of charg-
ing facilities required to ensure at most § kilometers between any
two charging stations can be estimated by F = G/§2. The maximum
detour length to access a charging station and return to the main
route, using a Euclidean metric, is thus /28 kilometers from any-
where on the road. Note that this estimation is an upper bound,
as it ignores the topology of the network. To account for more re-
alistic values, we include a coefficient, 6, to adjust for the maxi-
mum detour length. (6 =1 represents the most conservative sce-
nario, where an e-truck is always at the farthest point to the near-
est charging facility when it needs to be charged and returns to the
same point.) Given the ubiquity of gas stations, we assume that d-
trucks can always charge on-route, with negligible waiting time.

Under these constructs, the total non-productive time for
recharging/refueling a truck, 7, is given by
_ {Gﬁé/vk+wk+uk for k € Ke, 2)

‘ i for k € K4

where p; is the recharging/refueling time of a truck of type k.

If the firm operates with a mixed fleet of d- and e-trucks at
any point in time, a decision should be made regarding the allo-
cation of each type of truck to different regions and customers.
As the adoption of e-trucks requires investment in charging infras-
tructure and the charging facilities do not need to be located over
the entire service area at once, allocating the e-truck fleet to sat-
isfy the customer demand in a continuous sub-region as a whole
is more efficient than splitting the fleet to satisfy multiple sepa-
rate regions. As we assume that the trucks are scattered randomly
over the service area at any given time, the service area allocated
to the e-truck fleet must be proportional to the demand satisfied
by e-trucks. With this in mind, F, the number of charging facilities
required in year t, can be estimated by

F = F fork e K., (3)

t
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Table 1
Summary of parameters for the charging infrastructure design.
Dﬁ: Productive driving hours of type k vehicle in one day
F: Minimum number of charging facilities required to have an access within &
kilometers from anywhere on the road network
F: Number of charging facilities in year t
H: Number of operating hours of a type k vehicle per day
I: Payload efficiency of a type k truck
Ry: Range of a type k vehicle in kilometers, with a full tank or battery
Vik: Number of type k trucks operated in period t
W;: Daily productive driving hours necessary to satisfy the annual demand in year t
Vel Number of charging instruments kept in each charging facility in year t
8: Distance between charging facilities
Nk: Number of times that a type k € K, truck must visit a charging facility per day
0: Average detour length coefficient
Ak Arrival rate of type k € K. trucks per hour to a charging facility in year t
- Average recharging or refueling time for a type k truck
Vit Average speed of a type k truck
Tt Total time spent for refueling/recharging including the back-and-forth access time
to the charging facility for a truck of type k
wy: Average waiting time in the queue allowed at the charging facility for a type k € K. truck

where [, is the payload efficiency of a truck of type k to account
for an eventual reduction of the maximum load due to size/weight
of the battery packs, and W; is the total productive driving time
required to satisfy the demand for the trucking operations in year
t. (The latter depends on the number and locations of the destina-
tions to be visited in a given time period.)

Estimating the Arrival Rate: Under the settings described above,
the number of charging facilities is proportional to the number
of electric trucks. The intuition behind this is that as the elec-
tric fleet increases, the demand area covered by electric trucks in-
creases proportionally, enabling us to develop an efficient solution
approach. In particular, the proportional increase of identically-
spaced facilities allows us to formulate the problem as an integer
linear optimization problem, as explained in the next section. We
formalize this with the following proposition.

Proposition 1. The arrival rate of e-trucks of type k in year t to a
charging facility is independent of the size of the e-truck fleet, V,;, with
k € Ke, and is given by

Wi
k— vki;, fork e K,
RylyDPF
Proof.
)Lk _ TIerk _ nkvtk _ 771<Wt
t — - p_ — —>
E lVe Dy I,D°F
W, k

where 1, = v /R,.. O

Estimating the Number of Instruments: For any G/D/y: queue
with an arrival rate of Ak and service time of p; for e-trucks of
type k € Ke, the y; value that ensures the service level target w
can approximately be estimated by using the waiting time in the
queue as follows:

Ye=min{m: w, < Cj (}»fuk/m) 2(m+1)-1

forteT, (4
kekK, -2 m*)hiclik o € (4)

where C; is the coefficient of variation of the arrival time. See
[83] and [84] for discussions on estimating the waiting time in the
queue.

3.3. Problem formulation

In this section, we present a linear mathematical programming
formulation of the Sustainable Fleet Management Problem, SFMP.
Let J} = {0, 1,...,L¥} denote the set of possible ages for truck of
type k, with jeJ} representing an age of j years, and L¥ being

the maximum useful lifespan of a truck of type k. Similarly, let
Ji=1{0,1,...,L} be the set of possible ages for a charging instru-
ment, with j € J' representing an age of j years, and L' being the
maximum useful lifespan of a charging instrument. Then, we de-
fine the non-negative decision-variables used in SFMP as follows:
P}, indicates the number of type k trucks purchased at the begin-
ning of year t; Pt’ indicates the number of charging instruments
purchased at the beginning of year t; Q}’tk denote the number of
type k trucks of age j owned at the beginning of year t; Q}t in-
dicates the number of charging instruments of age j owned at the
beginning of year t, Sj’ftk denotes the number of type k trucks of age
j salvaged at the beginning of year t; and SS‘t denotes the number
of charging instruments of age j salvaged at the beginning of year
t.

Table 2 shows all the set, parameters, and decision variables
used in the formulation of the Sustainable Fleet Management Prob-
lem, SFMP, which for any given service level target pair (8, w), can
be formulated as a function of F and y; as follows:

SFMP(F, |8, ») :

Minimize » " i Ph—> > Best i

teT keK teT keK jeJy

+ Z Z Z,Bty(fjtk + mI]{tk)Dk J'Ufk

teT keK jeJy

200 Ay Dy

teT keK jeJy

+Y 0> BruYHQY,

teT keK jeJy

+Y BA+mDE+ Y BiciP =3 Bisi,Si,

teT tel tel jeji

subject to Qf, =P, teT kek (5)
itk = Q11— Sjue t € Tk e K, j e ;\{0} (6)
itk < Qlq 1 teT ke K jeJ\{0} (7)
Q(th = Ptl teT (8)

i =Ql,, , —S, teT jes\{0} (9)
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Table 2
Set, parameter, and variable definitions for the SFMP model.
Sets
T: Set of tr years in the planning horizon.
K: Set of truck types.
JAR Set of possible ages for a truck of type k.
JE Set of possible ages for a charging instrument.
Parameters
A: Annualized fixed cost of a charging facility
ci: Purchasing cost of one charging instrument in year t
el Purchasing cost of one type k truck in year t
Dy: Driving hours of type k truck in one day
eftk: CO, emissions in kg per hour of driving by a type k truck of age j in year t
fitk: Fuel/electricity cost of a type k truck of age j in year ¢ for one hour of driving
m{: Annual maintenance cost required in a charging facility per year
mlj’tk: Maintenance cost of a type k truck of age j for one hour of driving in year t
]VOk: Number of trucks of type k of age j owned at the beginning of the planning horizon
;0: Number of charging instruments of age j owned at the beginning of the planning horizon
S‘thk: Salvage value of a type k truck of age j in year t
5}:5 Salvage value of one charging instrument of age j in year t
U Driver cost per hour in year t
Y: Number of working days in a year
Br: Discount factor for year t
€ Cost of emissions in year t per kilogram of CO, emissions

Pl Number of charging instruments purchased at the beginning of year t

Number of type k trucks purchased at the beginning of year t

Qj’i[: Number of charging instruments of age j owned at the beginning of year t
j"[k: Number of type k trucks of age j owned at the beginning of year t
S;t: Number of charging instruments of age j salvaged at the beginning of year t
S}ftk: Number of type k trucks of age j salvaged at the beginning of year t.
Constraint set (11) ensures that the size of the fleet is adequate
i i . to satisfy the demand, considering the available working time of
Lo < Q! T ! 1 . . 2. .

SJt = QJ—LPl teT jeJ\{0} (10) each truck. Constraint set (12) defines the auxiliary decision vari-
able, F;, which is the required number of charging facilities in year
t to serve the e-truck fleet in that year. In this constraint, D?, pro-

< PQv . . . . Tk

We = ZVZI’<DkQth teT (11) ductive driving time of truck type k, is a parameter given by (1).

Jeli kek Constraint set (13) ensures that an adequate number of charging
_ instruments are installed in each charging facility. Note that y; is
D kek, Zjejlg lkDf:Q}’th <FteT 12 a parameter in this constraint given by (4). Constraint set (14) and
W, =htle (12) (15) are the non-negativity and integer constraints.
; 3.4. Operational constraints

vF <) Qj teT (13)

jef We extend the base model to include operational constraints
that can originate from internal or external mandates.

E. P}, ]'/tk, S;f[k €ZsoteT keK jelp (14) Budget Constraint. An obvious operational constraint in practice
is having budget limitations for new investments. Let B} and B} be
the available budget in year t for investment in assets and for oper-

P, J".t,sgt €ZooteT kek, je]. (15) ational expenses, respectively. Then, the following two constraints

The objective function calculates the present value of all opera-
tional costs and benefits using a discount factor B, which include
the purchasing cost of trucks (cj,); salvage value of trucks (s;{tk);
fuel and electricity costs (fjy); maintenance costs of trucks (m';[k);
carbon emission costs (€;) due to transportation operations based
on well-to-wheel emissions (ej,’tk); hourly cost of the driver (u;);
fixed cost of installing charging facilities (A); maintenance costs of
charging facilities (mtf ), and purchasing cost (c{) and salvage value
(s;.t) of the charging instruments. Additionally, the parameter Y in
the objective function denotes the number of working days per
year.

Given initial fleet and infrastructure compositions, Q;‘Jok and Q]t.o,
constraint sets (5) - (7) are the balance equations for each type
of truck through acquisition and salvaging. Constraint sets (8) —
(10) are similar balance constraints for the charging instruments.

can be added to SFMP:

3 cPY + AF; + ciPl < BY Vit (16)
keK

Yo i+ mi)YDQly + > €re YD Qly + m{F, <B? V.
je],’: keK je],‘{’ keK

(17)

Green Ratio. An internal constraint can be imposed to achieve
a (potentially progressive) target level of “green ratio” in year ¢,
defined as the ratio of demand satisfied by e-trucks. Let GR; be
the minimum green ratio that the decision makers want to attain
in year t. Then, the following constraint can be added to SFMP:

D jey kek, (lkDfQ}'}rk)
> jelt ZkeK (lkDﬁQ}}rk)

GR: < (18)
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Emission Constraints. As discussed above, there can be emission
targets mandated by governments that should guide the optimal
investment plan. Such mandates can be in the form of a single ab-
solute or relative target within a given number of years (e.g., net-
zero within 10 years or 50% savings in emissions within the next
five years, respectively) or in the form of progressive savings over
the years (e.g., at least 10% annual savings over the next 10 years).
Let

ES: Maximum CO, emissions to be achieved by year t, and

EP: Minimum percentage of CO, savings compared to the previous year
until reaching net-zero.

An absolute target of E¢ can be achieved by adding the follow-
ing constraints to SFMP:

D> el YDQ)yy < Et (19)
jelt kek

DY el YDl <> el YDQj ek VE=THL (20)
Jely keK jk

Progressive savings targets can be achieved by adding the fol-
lowing constraints to SFMP:

100 — EP
D> e YDy, < (W) D> eje1aYDiQ)qy VE> 0.

Jelt kek jelt kek

(21)
3.5. Shared infrastructure investments

So far we have considered a focal firm that invests in its own
charging infrastructure, either due to lack of existing charging fa-
cilities or for strategic reasons aimed at ensuring high productive
driving times. Nevertheless, the focal firm might not have to bear
all of the charging infrastructure investment costs. We envision
three possibilities to that end:

o The investment might be (partially) subsidized by the govern-
mental bodies in an effort to incentivize firms in their transi-
tion to renewable energy use. This could be, for example, by
designating places for the transportation firms to install their
charging network. These designated facilities can be used by
more than one transportation firm, and each firm can install
its own charging network at these locations—in order not to
risk longer waiting times. Such an initiative taken by public
authorities will eliminate the charging facility installation and
maintenance costs for the firms. When designing this incentive
mechanism, the public authority should decide on the num-
ber of facilities provided in the service area. This variable can
be controlled by the § parameter in our setup. For any given
value of §, the transportation firm will solve the SFMP by set-
ting A=0 and m[f =0 Vt. Obviously, smaller § values will en-
tice a transportation firm to switch to e-trucks earlier, result-
ing in lower CO, emissions; however, the total installation and
maintenance costs for the public authority will be higher. The
decision should be made by resolving this trade-off.

The focal firm might want to make use of the already available
public charging facilities that are also open to personal vehi-
cles -in addition to its own charging stations-, possibly cover-
ing only a fraction of the area that the firm serves, e.g., in the
urban areas only. In order to avoid long non-productive driving
times due to congestion in those public charging facilities, it
could be in the focal firm’s interest to invest in increasing the
charging capacity of these public charging facilities so that it
can meet the average waiting time target w. In this way, the
focal firm engages in a public-private partnership (PPP) with
the government, creating a triple win situation (for the focal
firm, government, and the public users as they will also enjoy
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shorter waiting times). While this will eliminate the charging
facility installation and maintenance costs for the focal firm as
in the previous case, the firm will be bearing investment costs
of some charging instruments that will also serve public users.
In Appendix C we present how the SFMP can be modified to
address such a PPP mechanism. Furthermore, in Section 4.9 we
analyze this option numerically and discuss the conditions that
lead to a profitable PPP.

e The focal firm might want to collaborate with a potential part-
ner (or partners) who will co-invest and co-use the charging in-
frastructure with the focal firm. This is a typical application of
resource pooling and it will result in decreased (shared) charg-
ing infrastructure investment costs, but the capacity should be
carefully decided in order not to jeopardize the productive driv-
ing time requirements of the focal firm. To facilitate the analy-
sis with our model, we let Wpgrtner = W and assume a propor-
tional share of the facility and instruments costs among part-
ners, such that the focal firm’s share is 1/(1 + ¢). Observations
that we make through our numerical analysis are presented in
Section 4.9.

4. Numerical study

In this section, we present a numerical study (i) to demonstrate
how our model can help practitioners in making strategic decisions
for transitioning to sustainable transportation and (ii) to generate
insights into identifying the key technological, economical, and po-
litical factors that influence this transition, which can be valuable
for the practitioners and governing bodies.

4.1. The data set

As is expected for a product category in its introductory phase,
the technical specifications and costs of e-trucks and the related
ecosystem are constantly evolving. Furthermore, the need to tran-
sition to a more sustainable economy implies shifts in the energy
market that are expected to affect fuel and electricity prices as well
as the energy mix. Given that our goal is to provide a strategic
transition plan, we are interested in the medium to long term evo-
lution of said technologies and costs. We surveyed the state of the
art of the competing vehicle technologies (diesel and electric), the
related costs, and their expected evolution to come up with a real-
istic data set to use in our numerical analysis. We use sources from
the literature, governmental agencies, and personal interviews with
two North American large-sized carriers, an in-house and a for-
hire fleet operator. Details of the collected data are given in Ap-
pendix A and the specific values of the parameters are summarized
in Table 3.

Naturally, our numerical results predicate on the curated data
set, therefore, they should not be considered as a plug-and-play
solution; however, we expect all the high-level insights that we
generate to prevail in relative terms under different problem pa-
rameters. In addition to the parameters given in Table 3 (see Ap-
pendix A for details), we consider the demand for transportation
operations to be 2400 daily productive driving hours, with an an-
nual increase of 3% for a small and a large region' over which
the trucks operate, the small region being 160,000 km? represent-
ing a high demand density case and the large one being 640,000
km? representing a low demand density case, which we refer to
as “dense” and “sparse” cases, respectively. We consider a carbon
cost that increases annually by 20%. The inflation and the discount
rates are set to 2% and 10%, respectively. Hourly wage of a driver

1 For reference, the large region selected has a total area roughly comparable to
the combination of France and Benelux.
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Table 3
Summary of parameters for base run of computational experiments.

Parameter Diesel Trucks Electric Reference

Vehicles

Type Class 8 d-truck Class 8 e-truck [12]

Purchase cost $118,000 $118,000 (without battery) [85]

A purchase cost 0.8%/year 0.8%/year [85]

Maintenance costs $0.13/km $0.09/km [16,86]; Interviews

A maintenance costs 20%/year 20%/year [87]

Salvage period 7 Years 7 Years [16]

Fuel economy 2.98 km/liter 0.8-1.15 km/kWh

Refueling time 15min 30min (80% charge) [88]
60 min (100% charge)

Range 800 km 350 km (300 kWh Battery) [89]
800 km (1000 kWh Battery) [90]

Payload efficiency 1 1 [91]

Emissions

Carbon emissions (use) 3.3kg CO2efliter  0.456 kg CO2e/kWh [92,93]

Carbon emissions (manufacture)  350kg CO2e 350 kg CO2e (truck) [92]
100 kg/kWh (battery) [94]

Carbon tax $20 [Ton $20 [Ton [95]

A Carbon tax 20% [year 20% [year

Batteries

Cost - $200/kWh [96]

A battery cost - —8 % year

Salvage period - 7 Years [16]

Charging Stations

Charging station cost - $15,000 /year [97]

Charging instrument cost - $15,000 /year [98]

Charging station maintenance - $10,000 /year

Target service level (w) - 15 min

Energy

Energy cost $0.66 /liter $0.1 /kWh [99]

A energy cost 3.2% |year 2% [year [100]

Electricity mix - 67% fossil/biomass [101]

20% nuclear
14% renewables

is set to $20. We set the number of working days in a year as
250 and the number of operating hours per day for both type of
trucks as 12 hours. We do not implement any of the operational
constraints defined in Section 3.4 to focus on the behavior of the
unconstrained model, but they can easily be incorporated by a de-
cision maker. We solved the linear relaxation of the model® using
Gurobi Optimizer with a 3.2 Ghz Intel i5 CPU and 12 GB RAM. We
set the planning horizon to tp = 22 years and report the results of
the first 15 years to avoid any end-of-horizon effects. We parame-
terize one truck type per technology for each run, ie. K = {electric,
diesel}, and use sensitivity analysis to understand the effect of each
parameter on the model’s results.

4.2. Impact of battery capacity and price

Figure 1 shows the total costs, emissions, and average green
ratio over 15 years for two types of batteries: 300kWh and
1000 kWh. Under our current battery cost assumptions, an e-
truck equipped with a 300kWh battery has a purchasing cost of
$180,000, and one equipped with a 1000 kWh battery has a pur-
chasing cost of $320,000. Note, however, that Tesla has announced
the intention of selling 1000 kWh e-trucks at a price in the order of
$180,000 - 200,000 [10]. This price implies a battery cost of $60
per kWh: less than half the current estimates. Therefore, we ana-
lyze this scenario separately, as a third battery option “1000 kWh
@ $60/kWh”.

2 This solution is obtained within a second and deviates from the integer optimal
solution by a fractional percentage.

3 As of May 2020, the reservation price for a base-model 500-mile range Tesla
semi is $180,000, see https://www.tesla.com/semi.

We observe that neither too closely nor too widely placed
charging facilities are preferable from a cost perspective. This is be-
cause the charging facility costs are dominant in the former case,
and detouring to recharge the e-trucks becomes excessive in the
latter case (which also results in a lower green ratio in the optimal
solution). This is counter to the general expectation of the practi-
tioners, who might think that the e-trucks would only be feasible
with a ubiquitous charging network similar to diesel refueling sta-
tions or that the creation of a private recharging network would
bring excessive costs. For the parameter set that we consider, the
optimal & is 40 or 50 km, depending on the cost of the battery. An-
other counter intuitive result is about the battery size. Despite the
extended driving range of 1000 kWh batteries, the optimal choice
is a 300 kWh battery under our regular cost assumptions. Observe
that this optimal result also lowers carbon emissions. What might
seem intuitive—that one would be better off with larger batteries,
due to the extended driving range resulting in higher productive
hours and less detouring to recharge—only holds if the cost of the
battery decreases, as is the case for the battery cost of $60/kWh
in our numerical setting. This would also result in a higher green
ratio, i.e.,, 0.53 instead of 0.47. It is interesting to observe that
smaller batteries typically result in lower total emissions because
of the lower manufacturing emissions associated with smaller bat-
teries and earlier adoption associated with lower capital costs, as
reflected by higher green ratios.

4.3. Impact of charging choices
Table 4 compares the characteristics of the optimal solutions

for sparse and dense demand under the 300 kWh battery option
and different charging choices. We show the effect of waiting until
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Fig. 1. Total cost and total CO, emissions for varying § values for 300 and 1000 kWh batteries in dense demand scenario. The labels accompanying each of the cost-values

indicate the average green ratio (GR) over 15 years.

Table 4
Characteristics of optimal solution for sparse/dense demand with small battery un-
der different charging choices (base scenario in boldface).

Demand  Charging Choice  §* Total Cost  Total CO,  Green Ratio
(km) (%) (Ton)
Dense 30 Min/80% 40 495 591 0.47
60 Min/100% 40 511 636 0.40
Sparse 30 Min/80% 60 516 723 0.27
60 Min/100% 60 526 860 0.07

the battery is fully charged (recall that the base scenario assumes
80% at 30 mins). The results show that the optimal infrastructure
investment depends strongly on the demand density, with higher
demand density associated with higher infrastructure density. The
trade-off is such that the infrastructure cost limits the density of
the charging infrastructure, which, in turn, limits the adoption of
e-vehicles. This effect is also visible in all other tables that we
present, i.e., the optimal green ratio is higher for dense demand.
Furthermore, the optimal solution involves quickly charging batter-
ies to “almost full” status (cf. rapid charging to 80%), rather than
waiting for a full charge. Charging choice is particularly crucial in
making electric truck investment decisions. The optimal green ratio
is significantly affected by that choice and under some parameter
values not shown here, the effect can go inasmuch as no invest-
ment in electric trucks being made if the charging policy is to fully
charge the batteries.

4.4. Comparison of alternative fleet strategies

Table 5 shows the absolute increase or decrease in Cost (mil-
lion $) and CO, Emissions (million kg) associated with opting for
the optimal solution over the status quo (i.e., all d-trucks) and the
increase/decrease associated with two “fully green” policies: (1)
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adopting 100% e-trucks at time O with the infrastructure density
derived from the optimal policy, and (2) adopting 100% e-trucks
at time 0 with a high infrastructure density (§ = 10). Numbers in
parentheses show the percentage increase or decrease. The opti-
mal strategy achieves lower costs and emissions in both demand
scenarios. For additional emissions savings, decision-makers can
opt for an “all green” strategy, in which the entire diesel fleet is
replaced at time zero with an electric fleet. When this strategy
is compounded with the optimal infrastructure density, the addi-
tional emission savings can be achieved at a moderate cost penalty
(or even with cost savings for some parameter values that are not
shown here). However, going all green and investing heavily in the
infrastructure density to maximize productive driving times intro-
duces significant cost penalties for relatively incremental savings
in emissions.

Increasing the green ratio has a large direct effect on emissions
and a relatively minor effect on cost. Increasing infrastructure den-
sity, on the contrary, has a large direct effect on costs and dimin-
ishing returns on emissions; additional infrastructure only affects
the non-productive time per truck. These results suggest that firms
may realize a large portion of the potential emissions and cost sav-
ings by moving a relatively low percentage of transportation de-
mand to e-trucks. Fleet composition decisions, however, cannot be
dissociated from infrastructure decisions; optimizing both fleet size
and charging infrastructure appears critical for the success of e-
truck adoption.

4.5. Effect of carbon cost

Table 6 shows the effect of a change in the carbon cost under
dense and sparse demand conditions.

These results show that an increase in the carbon cost is fol-
lowed by an increase in the green ratio. This is consistent with
prior research, which suggests that increasing emission costs in-
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Absolute Increase (+) or Decrease (-) in Cost and Emissions with respect to Status Quo.

Demand  Measure  Optimal Strategy (6*)  All Green at §*  All Green at § = 10
Dense Cost -59 (11%) +32 (6%) +351 (63%)
C02 -301 (34%) -563 (63%) -593 (66%)
Sparse Cost -40 (7%) +19 (3%) +1723 (310%)
Cco2 -169 (19%) -543 (61%) -593 (66%)

Table 6
Effect of carbon cost on the optimal solution (base scenario in boldface).

Dense Demand Sparse Demand

€1 §* Cost  CO, GR §* Cost  CO, GR
($/Ton CO,)  (km) ($) (Ton) (km) (%) (Ton)

10 40 480 592 0.47 - 496 892 0.00
20 40 495 591 047 60 516 723 0.27
40 40 524 562 0.53 60 549 599 0.47
100 40 601 416 0.80 60 638 535 0.60

centivizes the move to more sustainable transport modes [i.e., from
air/truck shipping towards barge and deep sea, see 102]. Whereas
said research shows that carbon costs need to increase drastically
to affect the transport mode choice, our results show that a sig-
nificant effect on the green ratio can be observed within the order
of magnitude of the current carbon price (the carbon allowance
price of the EU emission trading scheme, EUA, has been within
20-30 Euros/ton in 2019). Accordingly, carbon taxes can be effec-
tively used to steer existing truck fleets towards electric alterna-
tives. These results also indicate that carbon tax achieves the de-
sired effect typically through increasing the attractiveness of con-
verting additional vehicles to electric; as the infrastructure inten-
sity decision remains robust in our scenarios, as long as the green
ratio is positive.

4.6. Effect of energy mix

Table 7 shows the effect of the assumptions behind the adop-
tion rate of renewable electricity generation and the initial propor-
tion of renewable content in the energy mix. The base scenario is
derived from the average energy mix in the USA, as discussed in
Appendix A, and an increase in renewables of 5% per year. The next
scenario considers an energy mix with half the emissions of the
base scenario. (For reference, this is close to the average emission
values in California of 0.206 kg/kWh.) Finally, we also consider a
fully renewable scenario, with zero emissions from electricity gen-
eration.

The results show that the source of electricity has a significant
effect on the total emissions. All else equal, a greater percentage
of renewables is directly related to less emissions. We observe that
the energy mix also shows a second order effect: the greener the
power source, the larger the average green ratio becomes (in the
weak sense), because the energy mix plays an important role in
the dynamics of e-truck adoption. For the parameter set that re-
sulted in Table 7, the increase in green ratio is observed only for
the sparse demand case, but in the extended numerical experi-
ments we conducted, we observe that for the dense demand case,
as well. Renewable energy generation offsets the (relatively high)
emissions related to the production of e-trucks—a large proportion
of renewables speeds up the adoption of e-trucks.

4.7. Impact of diesel engine efficiency
Table 8 shows the effect of technological advances in diesel en-

gines. Observe that if the diesel efficiency increases significantly,
its environmental benefits can even surpass the benefits of e-truck
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adoption (under the sparse demand case here). Thus, when diesel
engines become “good enough”, it is optimal not to invest in any
charging/e-truck infrastructure, potentially resulting in lower total
emissions. The side effect is that in some cases the optimal solu-
tion with higher diesel efficiency is environmentally outperformed
by the optimal solution with lower diesel efficiency (e.g., under
dense demand here, but also for sparse demand in some other nu-
merical experiments we have run). These results suggest that, even
though an increase in diesel efficiency can be rightly viewed as a
positive development, there is a risk that efficiency increases are
such that d-trucks become good enough to postpone investments
in e-trucks, but not good enough to bring about a substantial de-
crease in emissions. In such cases, policy-makers may have to in-
tervene (see Table 6) to ensure the transition to green technologies.

4.8. Fleet transition over time

In our numerical setup, e-trucks become cheaper in time with
advancements in technology. In the scenarios that a transition to
e-trucks is observed, there is a time period in which investing in e-
trucks (together with the charging infrastructure at a correspond-
ing density) becomes cheaper than operating with brand new d-
trucks. Starting from that period and on, it is optimal to invest in
e-trucks only. However, based on the cost factors, there can be a
transition period during which the d-trucks of older ages are kept
for a while until their end of life or until they become relatively
costly to operate. The salvage value, useful life of the trucks, and
the increasing cost of maintenance by age are among the factors
that determine the length of this transition. Figure 2 depicts a
problem instance of such a transition period with a hybrid fleet
composition.

4.9. Analysis of shared infrastructure investments

In this section, we experiment with the shared investment
models presented in Section 3.5. First, we consider the case of gov-
ernmental subsidy. Figure 3 depicts the trade-off between emission
savings obtained and the corresponding cost for the public with
this initiative, considering a single firm. On this graph, each point
is an efficient solution, and the point (0,0) denotes the default ac-
tion of not providing this subsidy. If the public authority solves
this problem for the firm with the densest demand, the result-
ing charging facility network will enable longer productive driv-
ing times for the firms with sparser demand (in comparison to the
optimal charging network that the firm would have invested on its
own), benefiting the whole transportation sector operating in the
region. Therefore, the emission savings reported in Figure 3 for a
particular public cost will be (much) higher. The figure shows that
for higher levels of subsidy, the green ratio increases, as might be
expected. The “biggest bang for the buck” depends on the network
density (at § =70 for sparse demand and & =30 for dense de-
mand), but comparable savings can be materialized both in sparse
and dense demand cases.

Next, we analyze the PPP model. We first consider a base sce-
nario in which there exist public charging facilities in 10% of the
service region with an average of 10km distance between them
(i.e., 8 = 10, see Appendix C for notation and formulation). In this
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Effect of renewable content in electricity generation (base scenario in boldface).

Dense Demand

Sparse Demand

CO; Release  Annual §* Cost CO, GR &* Cost CO, GR
(kg/kWh) Increase  (km)  ($) (Ton) (km) (%) (Ton)
0.456 5% 40 495 591 047 60 516 723 0.27
10% 40 486 (2%) 536 (9%) 0.47 60 507 (2%) 636 (12%) 0.33
25% 40 479 (3%) 476 (20%) 047 60 500 (3%) 534 (26%)  0.40
0.228 5% 40 487 (2%) 528 (11%) 047 60 508 (2%) 634 (12%) 0.33
0 - 40 478 (3%) 465 (21%) 047 60 499 (3%) 526 (27%)  0.40
Table 8
Effect of the increase in diesel engine efficiency (base scenario in boldface).
Dense Demand Sparse Demand
Annual &* Cost CO, GR 8 Cost CO, GR
Increase (km) (%) (Ton) (km) ©)) (Ton)
1.50% 40 495 591 0.47 60 516 723 0.27
2.50% 40 493 575 0.47 60 510 806 0.07
5.00% - 481 705 0.00 - 490 705 0.00
500
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Fig. 2. Fleet composition over 15 years under dense demand and base scenario with annual maintenance cost increase equals 3%.

scenario, if the traffic ratio at the public facilities is 0.95 then
PPP brings 0.65% reduction to total system costs (i.e., not just the
charging infrastructure costs, but all costs as given in the objective
function of SFMP) for the focal firm, corresponding to $3.6 Million.
PPP stays to be the preferred option under the same setting for all
8P < 60 km. In these cases, the density of the private network §"
is 40km. When 8 = 60 km, then the best PPP alternative starts
becoming more costly than the status quo because of the elevated
unproductive driving times at the public charging space caused by
long detours. Another scenario in which PPP is not desirable is
when the public charging network is denser with 6” =5 km un-
der a higher traffic ratio of 0.989. This time, the extensive charging
instrument requirement to reduce the waiting times to acceptable
levels and excessive number of facilities to be invested become too
costly to make it a viable option. Nevertheless, we observe several
cases for which PPP is desirable in our numerical tests.

Finally, regarding the private partnership model, we present an
illustration in Table 9. This table presents the cost and CO2 emis-
sion savings as well as improvement in green ratio for different
values of ¢ where the partner’s demand is equal to ¢ times the
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Table 9

Savings Under Private Partnerships - Dense Demand Scenario.
¢ 8* Cost C0o2 GR
0 40 495 591 0.47
0.25 30 493 (0.5%) 587 (0.7%) 0.47
1 30 487 (1.7%) 558 (5.7%) 0.53
4 20 476 (3.9%) 475 (19.8%) 0.67

company’s demand. These results indicate that the biggest benefit
is obtained for the smaller company in this partnership. We also
observe that as the size of the partnership increases, the charging
network becomes denser and the green truck adoption starts ear-
lier.

4.10. Sensitivity to other parameters
In addition to the above, we also analyzed the sensitivity of the

results to a number of parameters: ratio of e-truck/d-truck price,
rate of price increases, payload efficiency, detour length coefficient,
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Fig. 3. Efficient frontier for emission savings versus public cost. First numbers in the boxes indicate the Green Ratio at that efficient solution.

cost of the charging facility, and the charging level on the adop-
tion decisions. The insights discussed thus far are generally robust.
Lower values of the e-truck to d-truck price ratio predictably favor
higher e-truck adoption: the GR drops to a minimum of 0.4 when
Coe/Chg = 2 under dense demand. (Here the sub-indices e and d de-
note, respectively, the electric and diesel truck types.) Under sparse
demand, cf,/cg; = 1.25 is required to achieve the same GR. The GR
is well above 0.27 for [, > 0.9 and 0 < 1 for both dense and sparse
demand. We observe that the optimal solution is not sensitive to
the choice of charging facility costs; GR does not change even if
the annual investment cost is increased to 20,000. Finally, we ob-
serve that the transition to sustainable transportation is only pos-
sible using Level 3 chargers.

5. Conclusions

In this study, we model the adoption of electric trucks in the
context of an existing fleet of commercial d-trucks. In contrast to
prior research, our model explicitly considers sequential invest-
ment decisions within a time horizon and includes charging in-
frastructure costs, as part of the investment strategy of a firm that
explores the possibility of adopting e-trucks. Our model also dis-
tinguishes itself from prior research by considering the effect of
infrastructure density on the fleet size itself. Infrastructure is not
only required to enable access to a larger service area, but a denser
charging infrastructure also implies shorter unproductive driving
times (driven by shorter detours and queueing times) and, thus, af-
fects the total capacity requirements. Our model, therefore, enables
firms to evaluate medium to long-term investment strategies by
simultaneously considering the effects of the adoption of e-trucks
and the required infrastructure.

Through a numerical experiment based on a realistic parameter
configurations, we generate a number of insights. First, in most of
the scenarios we consider, it is cost-optimal to invest in e-trucks.
Considering that e-trucks are also generally more environment-
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friendly, this result suggests that the adoption of e-trucks has the
potential to bring about the disruptive change required, if emission
targets are to be met. However, the adoption potential of e-trucks
depends to a large extent on the demand density in the area they
are assigned to serve. The optimal fleet for scenarios with a dense
demand is consistently greener than that for a sparse demand,
mainly due to the infrastructure requirements. Infrastructure needs
to be developed regardless of whether demand is dense or sparse,
thus, all else equal, a dense demand area will utilize a given charg-
ing instrument to a higher degree and thus result in less unpro-
ductive time. In the case that firms can introduce/pilot the fleet
changes in different areas, denser demand areas appear to be par-
ticularly well suited for this technology shift. Our results suggest
that when demand is dense enough, the optimal policy of invest-
ing in e-trucks seems to be quite robust to parameter changes;
whereas in sparse demand areas, the optimal solution can shift
from no investment in electric technology towards the majority of
the fleet being e-trucks, as particular problem parameters change.
Moreover, our results suggest that, in such dense environments, e-
trucks need not have a comparable range to d-trucks to become at-
tractive. E-trucks can therefore be equipped with smaller (cheaper
and lighter) batteries. In fact, our results show that fast charging
small batteries to 80% capacity provides enough autonomy to the
trucks. In particular, we see that 300 kWh batteries with charging
stations spaced 40km apart are the sweet spot for the demand
density we analyzed.

Our results demonstrate the importance of coupling the e-truck
adoption strategy with the charging infrastructure investment de-
cisions. If there is no or scarce charging infrastructure that a firm
can utilize for their operations, then transitioning to greener fleets
can become economical only if the firm optimizes these two de-
cisions simultaneously. Because otherwise, existing infrastructure
may lead to excessive unproductive driving times or the firm may
presume that the only feasible path for the transition is to invest
in an infrastructure that will maximize the utilization of the e-
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trucks. In both cases, the firm will be mistaken to identify the
e-truck transition as non-economical. Moreover, over-investing in
infrastructure with the aim of minimizing emissions results in rel-
atively low emission savings at the expense of severe increases in
total costs, in comparison to the coupled optimal solution.

Given that we compare diesel trucks to electric ones, it stands
to reason that the fuel used in the electricity generation plays a
decisive role. We show that even a relatively clean energy mix
such as the one implemented in California results in higher e-truck
adoption and brings about substantial reductions in total trans-
portation emissions. The question remains, though, what the effect
of a substantial increase in energy demand would be on the energy
mix. While we assumed those two to be independent in our study,
the results could shift in either direction, depending on whether
the demand could only be met by heavier utilization of fossil fu-
els, or expedite an overall transition to renewable energy.

Our results also show that the optimal policy may be a grad-
ual shift towards e-trucks resulting in a mixed fleet during the
transition to a greener fleet. Moreover, the timing of said transi-
tion is dependent on firm-level parameters in addition to global,
technology-dependent parameters. Thus, even though regulators
are already envisioning a hard cut-off point after which all vehi-
cles should be zero-emissions, the decision itself need not be “all
at once”, and certainly not “every firm at once”.

Our model is useful when a firm makes strategic analysis of if
and when they should start the transition process and in what
type of e-trucks that they should invest in. When the firm de-
cides to initiate this process based on this strategic analysis, they
should resort to custom-design models that pertain to the specifics
of their operating characteristics to make operational decisions.

It may be possible for the focal firm to alleviate the burden of
undertaking the whole charging infrastructure investment on its
own by engaging in a shared investment model. We considered
three possibilities in this article. Concerning regulatory interven-
tion, if the charging infrastructure is to be subsidized to entice
the transition, the usual suspect is to invest in dense-demand re-
gions. Our results show that even pricing the transport emissions
at moderate levels has a significant impact on the adoption of the
cleaner transport alternative, unlike previous findings in literature
concerning the transition to cleaner transport modes. Concerning
PPP, we demonstrate that it is generally beneficial for the focal
firm to engage in such a partnership, unless the public charging
network is too sparse or too dense, the former resulting in high
unproductive driving times and the latter resulting in too high in-
vestment costs. Finally, the private partnership model benefits the
parties due to resource pooling, particularly favoring the smaller
company. Furthermore, larger partnerships speed up green truck
adoption.

Our motivation to study e-trucks as the contending green tech-
nology stems from the current technological developments. How-
ever, there are many uncertainties as to which will be widely
adopted. For example, in this article, we have considered plug-in
charging as it seems to be obtaining wider acceptance than the
battery-swapping technology. We refer the reader to Avci et al.
[103], Sun et al. [104], and Sun et al. [42], for analyses of adopt-
ing battery-swapping technology and Appendix B for a sketch of
how our model could be adjusted to incorporate battery-swapping.
Similarly, we have not considered other AFVs such as fuel cell elec-
tric vehicles powered by hydrogen. Furthermore, there are other
green technologies in preparation, lab, or idea phase making the
future of e-trucks precarious. Our model is generic enough to an-
alyze the adoption of any given truck fueling technology, barring
a fundamentally different freight transporting technology, such as
hyperloop. An interesting problem is which technology to invest
in, given multiple promising contenders with inherent uncertainty,
which requires future research attention.
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Appendix A. Technological State of the Art and Operational
Costs

We group the relevant parameters into four categories: Vehicle
technology, battery technology, charging infrastructure, and energy
and regulatory considerations.

Vehicle technology

Purchasing Costs: In this paper, we consider heavy duty Class
8 trucks that can accommodate about 15 tons. The average price
of a Class 8 d-truck in 2017 was $118,000 (USD), and the average
price increase since 2011 was 5% [85]. There are no e-trucks avail-
able in the market as of 2020, but several manufacturers such as
Daimler, Scania, and Tesla have announced plans to produce and
sell functionally comparable e-trucks with varying prices and tech-
nological characteristics in the near future [11,12,89,105]. Because
these announcements are in the form of marketing initiatives to
create public interest, the announced price information is spec-
ulative. In the consumer e-vehicles market, however, we observe
that the price differential between an e-vehicle and a comparable
IC-vehicle is mostly explained by the battery price [7]. Based on
this assumption, the potential price of an e-truck with a 300 km-
800 km autonomy is in the range of $180,000-320,000 (USD). (See
below for battery price information.)

Salvage Value: The useful life of industrial trucks is accepted
as seven years, even though many trucking firms prefer to renew
their fleets more frequently. We assume that both d- and e-trucks
depreciate based on sum-of-the-years method (cf. Danielis et al.,
16, who report that the consumer EVs retain 10% of their value af-
ter 6 years).

Maintenance Costs: Both firms interviewed reported that their
maintenance and repair costs are approximately $0.2 per mile.
Maintenance and repair costs of e-trucks are expected to be lower
than d-trucks, as electric engines are much simpler than combus-
tion engines [106,107]. Such potential savings reported in literature
vary between 18 - 45% [15,16,86]. Regarding the evolution of main-
tenance costs along the lifetime of a vehicle, it’s intuitive to infer
that such costs increase with age and cumulative usage [87]. There
is, however, to the best of our knowledge no consensus estimate
in the literature to quantify said costs; studies typically assume
maintenance costs to be fixed throughout the lifetime of a vehi-
cle [16] or a function of a mean time between failures assumed to
be identically distributed over the lifetime of a vehicle [25].

Consumption Rates: The U.S. Environmental Protection Agency
has recently proposed Phase Il standards for fuel efficiency—which
include Class 7 and 8 trucks for the first time—that will take ef-
fect starting in the model year 2021 [108]. According to these stan-
dards, average fuel economy for 2019 is 6 miles per gallon (mpg)
for diesel Class 7-8 trucks and is expected to rise to 7.8 mpg by
the year 2050 [109]. Interviews with our contact carrier firms are
in line with this data: they reported their current consumption
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rate to be around 7 mpg, with the help of their recent sustain-
ability initiatives. The electricity consumption rate for consumer
EVs is heavily dependent on the make and model and ranges (ac-
cording to EPA fuel economy tests) between 4.6 km per kWh (2019
Tesla model S P100D) and 6.4km per kWh (2019 Hyundai Ionic).
For e-trucks, standardized tests are not available but manufacturer
claims suggest a much higher consumption rate; Daimler’s eCas-
cadia is expected to incorporate a 550 kWh battery for a range of
400km (1.38km per kWh) and their Freighliner eM2, a 325kWh
battery and a 370km range [1.15km per kWh; 110]. Tesla has
not announced the size of the battery for their semi e-truck, but
sources suggest 1000 kWh are needed to achieve the announced
800km range [0.80km per kWh - 111]. The most recently an-
nounced e-truck fleet, from Scania, present similar estimates: up
to 250 km range on 300 kWh batteries [0.83 km per kWh; 112].

Payload Efficiency: All else equal, electric vehicles tend to hold
less payload than their diesel counterparts due to the excessive
weight of the battery [91]. Technical data is not available at the
time of writing regarding the announced Class 8 trucks from, e.g.,
Daimler and Tesla. However, the payload efficiency of existing elec-
tric light delivery vehicles (e.g., Renault Master Z.E) is in the order
of 0.85-0.95 [113].

Carbon Emissions: The carbon emissions associated with trucks
comprise the usage of the trucks and the emissions related to
manufacturing and transporting the fuel. The main difference be-
tween total CO, emissions in the manufacturing process of a diesel
and electric vehicle is largely due to the difference between the
energy storage systems [93]. Sen et al. [92] report the total GHG
emissions due to the manufacturing of a truck as 0.35 tons of CO,e.
Hao et al. [94] estimate the GHG emissions of a battery during the
manufacturing stage as 0.1 tons CO,e per kWh of capacity.

The emissions associated to the combustion of one liter of
diesel fuel (i.e., tank-to-wheel) is 2.64 kg of CO, [114]. Reasonable
estimates inflate this value by 25% to adjust for fuel production
and transport (i.e., well-to-wheel) emissions [115]. For electric ve-
hicles, “well-to-wheel” emissions are entirely attributed to the pro-
duction phase of the electricity, the value of which depends on the
energy mix of a particular grid. Based on the latest figures reported
by the EPA, the average mix in the USA corresponds to approxi-
mately 65% fossil and biomass, 20% nuclear, and 15% renewables
[see 116, for detailed data]. Such an energy mix emits 0.456 kg of
CO, per 1kWh of electricity [117]. The DoE [100] projects, in their
reference scenario, that the percentage of renewable energy in the
total electricity generation capacity will increase up to around 25%
in 2030. Therefore the GHG emissions related to electric vehicle
usage are expected to decrease as a function of the shift in energy
sources.

Battery technology

Battery Size: The range of currently pre-announced Class 8
e-trucks is between 370km (e.g., Daimler Freighliner eM2) and
800km (e.g., Tesla semi) [89]. Such an autonomy implies battery
sizes between 300-1000 kWh.

Battery price: The current industry-standard battery pricing is
in the order of $200 per kWh [96,118], with a projected 8% rate of
decrease per year [15,119]. However, the pre-announced expected
price of Tesla’s “semi” e-truck implies a battery price in the order
of $60 per kWh. (The feasibility of this pricing is disputed as of
this writing, see Teslarati, 90.)

Charging Times: Battery charging times rely on the battery ca-
pacity, charging voltage, and power of the charger. There is a vast
array of different EV chargers; some use 120/240V single-phase
AC, others use triple-phase 400V connections, and yet others feed
DC voltage directly to the battery. In addition to the input voltage,
the current (and thus power) can also vary dramatically. The power
of the charger, expressed in kilowatts (kW), directly determines the
speed at which a battery can charge. A general rule of thumb is
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that the approximate time-in hours-required to charge a battery
is equal to the battery capacity in kilowatt hours (kWh) divided
by the charger power in kW. Even though charging speed is non-
linear, the first 80% of the capacity charges at an approximately
linear rate [55]. The goal set by manufacturers is for almost-full (~
80%) charging in 30 minutes, as an industry standard [88,105,120].

Charging technology

Charging Facilities: Charging instruments can be housed in exist-
ing facilities, such as gas stations, or at locations that might require
new construction. Hence, establishment costs of charging facilities
may vary significantly from one facility to another. Smith and Gon-
zales [97] estimate installation costs between $50,000 (e.g., modi-
fications required at an existing facility) and $350,000 (maximum
installation).

Charging Instruments There exist a number of different stan-
dards for electric chargers. Most well known are the American SAE
standard, which defines charging technology as Level 1 (AC up to
1.92kW), Level 2 (AC up to 19.2kW), and Level 3 (DC up to 400kW)
and the IEC, which defines Mode 1 (slow AC), Mode 2 (slow AC
with protection), Mode 3 (fast AC), and Mode 4 (fast DC) [121,122].
In addition, firms also develop and trademark their own charging
technology (e.g., Tesla “superchargers”, which are 150Kw DC charg-
ers). The expected battery sizes of e-trucks will require the de-
ployment of high-end Level 3 charges to achieve reasonable charg-
ing speeds. These DC chargers require an elevated upfront cost of
procurement and installation compared to Level 1 and 2 counter-
parts. The list prices of Level 3 chargers sold by a North American
EV charging station installation company vary between $12,500 for
single-headed chargers to $35,800 for two-headed chargers, de-
pending on the power provided [98].

Energy and regulatory considerations

Energy Prices: The price of diesel fuel depends on volatile oil
and gas prices in the global commodity market, whereas electric-
ity prices are driven by the demand/supply dynamics of a given
regulated market, which might differ from region to region. The
U.S. Department of Energy [100] projects, in their reference sce-
nario, that retail prices of diesel oil will increase in 2018 dollars
by 13% from 2020 to 2030 and that electricity prices will remain
stable during the same period. Current energy prices in the USA
are in the order of $2.5 per gallon for diesel and $0.1 per kWh for
electricity.

Carbon price: The cost of carbon can be a direct tangible cost
for transportation operations in regions where a carbon tax is im-
plemented and is directly reflected in fuel prices. As of this writ-
ing, a carbon tax is in effect in 24 national jurisdictions around
the world [123]. Canada has one of the most ambitious carbon tax
programs, in which the per-ton price is around C$40 as of 2021,
and the projected price is set to increase further [95]. Some firms
internalize a carbon cost to improve their corporate social respon-
sibility performance, even when there is no carbon pricing regula-
tion in effect. EDF [124] estimates that the intangible social costs of
carbon emissions add up to $40 per ton. Some countries adopt an
Emission Trading System (ETS) to control carbon emissions (37 na-
tional jurisdictions, according to WorldBank, 123), but transporta-
tion is typically not included in this system. The average price of
CO, European Emission Allowance per ton in 2018 was 15.48 Eu-
ros, which is almost triple the average 2017 price [125], and the
price as of December 2021 is around 80 Euros per ton, continuing
the increasing trend since mid-2017.

Appendix B. Battery Swapping

In order to incorporate battery swapping instead of plug-in
charging in our approach, one needs to make some basic changes
in the model to reflect the characteristics associated with battery
swapping operations. A battery swapping system works as follows:
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The battery of an arriving vehicle is taken out by some swap-
ping machinery and possibly operator(s) -when its turn comes-,
and replaced by a charged spare battery whenever available. The
removed battery is brought to an available charging instrument
to recharge it immediately. If no charging instrument is available,
then this battery joins a queue to be charged later whenever there
is availability. The charged battery joins the spare battery pool.

While the plug-in charging system can be described by the
number of charging stations, the number of charging instruments
in those stations, and the vehicle arrival pattern, modeling the bat-
tery swapping alternative requires taking the following additional
factors into account: 1) the battery inventory at a charging station
to be used for swapping, 2) the swapping machinery and the oper-
ator(s) to be deployed, and 3) choice of charging technology (level
1, 2, or 3) for each of the charging instruments. Consequently, the
battery swapping system can no longer be modeled as an M/D/c
queuing system unlike the plug-in charging model. Rather, it re-
sembles an M/G/c queue in which the service time is generated
by a two-echelon (spare parts) inventory system. In specific, the
process of removing the depleted battery by machinery/operators
generates a demand for a charged battery from the lower echelon
of the inventory system (cf. retailer) which is operated with a base
stock policy and each such order triggers a recharging request to
the upper echelon operated with limited number of charging in-
struments (cf. a capacitated warehouse at the upper echelon).

If this system is to be adopted to our approach, then the deci-
sion maker should first find the minimum costly combinations of
the (i) number of swapping machinery/operator used, (ii) number
of spare batteries to operate with, (iii) number of charging instru-
ments, and (iv) charging level used that satisfy the design parame-
ter wy, for every year in the planning horizon. A parameter similar
to y: should be defined for each of the first three factors men-
tioned here and decision variables similar to Q;t and Pt’ should be
defined accordingly.

Appendix C. Implementation of Public Private Partnership
Model

In what follows, we modify the SFMP to incorporate the option
of PPP for demonstrative purposes. We do not attempt to engineer
the full-fetched system, but lay out a simple approach that is suf-
ficient to capture the main dynamics of such partnerships.

Let

Y Fraction of the service region G that accommodates the public charging
network

8P: Average distance between two public charging facilities

AP: Average arrival rate of e-vehicles to the public charging facilities

yP: Number of public charging instruments installed in each public facility

define the characteristics of the public charging network. Then,
the number of public charging facilities in region ¥ G and the ex-
pected waiting time at the public charging stations can be es-
@2 WPy V2P0
-2 yP-aPuy
with k € K, (because only e-trucks use charging stations). If a)ﬁ <
wy then the public charging network aligns with the company’s
service level target and hence PPP model will be beneficial for the
company. Otherwise, the company will investigate the viability of
installing yt’P charging instruments in each public facility in each
year t so that the expected waiting time at these facilities can be
lowered to an acceptable level. In such a case, the productive driv-
ing time of the e-trucks in the public region and the rate of arrivals
in year t to the public charging facilities by the company’s e-trucks
can be approximated by

_ Rk/vk an
Ri/vi + O528P v + oy + g

timated by F = (:;pT?z and wf respectively,

kat
Ryl DI"E>

pP
k

/P _
tk —
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respectively, with k € K. Let §V be the design parameter for the
private charging network that the company establishes in the re-
maining service area, (1—1)G and Fy = “&JQG be the number of
private charging facilities installed. Similarly, the productive driv-
ing time and the arrival rate of the e-trucks to the private facilities

in each year t can be approximated by

Ry/v
v i/ Vi
D}’ = - < and
Ri/vi + 0528V /vy + wy + i
VW
A= :

Rl DY (1 —)G/(8V)?)

respectively in the private region. The weighted average produc-
tive driving time under the PPP model can then be estimated as
D! = ¢DP’ + (1—y)DF. Let Y be the charging instruments in-
stalled in each private facility. Then, the company can identify all
(y{?,yY) pairs for all ¢ that make

=Yoo+ (1-Y)oj <o
where

b G (AR A+ MDD/ (P + y"))V2 D

e and
tk 2 (VP + )/t/P) _ ()\’P + )\’gp)uk

W’ = Cj (OSATIVAS) 207 +1)-1

i 2 ytv - AZkl“’k

where k € K. For each possible (7, ) vector pairs, the follow-
ing optimization model can be solved to find out the least costly
PPP model. If this minimum cost is less than the optimal cost of
operating with private network only, then PPP model is not a vi-
able option. Otherwise, the company can choose to get engaged in
a PPP model and make use of the already available public charging
network. Given this set-up, the decision maker needs to solve the
following optimization problem:

SFMP — PPP(F:, F/, /%, vV |87, 8¥, @) :
Minimize Z Zﬂtct“kpt';< 4t Z Bi(A+ mtf)FtV

teT keK teT
to = DD BisiSy
jeji teT
subject to: (5) — (12)
W <> Y kDiQY, teT (A1)
Jjeli keK
=D
ey Ser, WD QY
IO She ANy o XP teT (A2)
Wi
o Yeer. lDRQY
o 2hek WDQioe g _yr o p (A3)
Wi
=P
Picpr 2okek, WDk Qj;
zp o ST T L _(1-x))  teT (A4)
W;
ZZ>y(1-X) teT (A.5)
Z = _p
Lh<E' teT (A.6)
v
ey ek WDk Qe
W _wF‘,<FV teT (A7)
1-v =
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VR +WE <) Q) teT (A8)
jeit
R R B B Qi Qs i S € Z20: 2, X0 € {0,1) (A9)

In this formulation, the original objective function is updated
with the number of charging facilities in the private domain. Con-
straint set (A.1) assures that the total driving demand is satisfied
with the weighted average productive driving times under the PPP
model. Constraint sets (A.2) - (A.5) are a series of logical con-
straints which ensures that the auxiliary decision variable ZF, the
proportion of the demand satisfied within the public charging ser-
vice area, is less than or equal to V. Another auxiliary binary vari-
able XtP is used in these constraints to setup the logic. Note that
Zfef'k’ D keke lkﬁ,fQ}.’tk/Wt is the proportion of the whole demand
satisfied with e-trucks and at most i of this proportion can be
satisfied within the public service area. We assume that the com-
pany deploys their e-truck fleet starting from the area served by
the public charging stations. Constraint sets (A.6) and (A.7) ensures
that sufficient charging facilities are opened in the public and pri-
vate service areas. Constraint set (A.8) relates the required num-
ber of charging instruments to the number of instruments owned.
In the numerical results presented in Section 4.9, we simplify the
above model by assuming that the switch to e-trucks materialize
all at once.
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