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Abstract: The promotion of electric mobility is a key objective of energy transition, and
it is aimed at significantly reducing greenhouse gas emissions, with road transport being
understood as a major contributor. Despite its potential, the adoption of electric vehicles
(EVs) in logistics faces critical challenges, including limited battery range, charging time,
and the availability of charging infrastructure. Moreover, deploying charging stations must
be carefully coordinated with the public grid to ensure seamless integration. This paper
proposes a novel methodology for the optimal design and management of EV fleets in
logistics. Our approach introduces innovations such as leveraging self-produced electricity
and incorporating time-varying energy prices that can be tailored to individual nodes.
This marks an important step toward a comprehensive interdisciplinary framework that
integrates technical solutions with public policy considerations. Through case studies, we
explore how various parameters and resource distributions influence optimal decisions.
The findings demonstrate significant potential for cost reduction and enhanced efficiency
when applying this methodology to EV-based logistics, thereby offering actionable insights
for advancing sustainable transportation.
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1. Introduction

According to data in the IEA database, global CO, emissions related to the transport
sector reached a value of 7.22 gigatons (Gt) in 2020 [1]. Specifically, when considering only
road transport, the emission share was 5.66 Gt, which was about 18% of global energy-
correlated CO, emissions in 2020 (31.5 Gt). According to the world energy outlook by
IEA, the forecast scenarios foresee a continuous increase in the road transport emissions,
reaching 5.89 (Gt) in 2030, which corresponds to an increase of 4% over 2020 [2].

The European Commission on 14 July 2021, presented the “Fit for 55” package, with the
aim of achieving a reduction in European net greenhouse gas (GhG) emissions, taking 1990
as the base year. This reduction will be greater than, or equal to, 55% by 2030, eventually
reaching 100% by mid-century. Such a resolution, among other climate goals, sets new
caps to emissions from cars, enforcing a 55% decrease in emissions from the overall fleet
compared to 2021, whereas a 50% reduction refers to light commercial vehicles. By 2035,
new vehicles in the former two categories must be emission free.

Further back in time, the European Union had already adopted regulations specifically
concerning vehicles and mobility for energy transition, such as Regulation (EU) 2019/631,
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where the Union set the CO, emission reduction targets for new passenger cars and new
light commercial vehicles, as well as mandated a 37.5% reduction in CO, emissions for new
cars and 31% for new vans by 2030 when compared to the 2021 levels [3].

There are several works already ongoing to reduce the pollution caused by traditional
engines [4], but electrification appears to be the most effective solution for operating. It can
be seen how, concerning road transport, the electrification of vehicles has multiple benefits
and is therefore the right direction to take in order to meet emission targets. Of course,
electrification will be coupled with an increase in renewables and their integration, as also
confirmed by the guidelines detailed in Directive (UE) 2018/2001 (RED II) [5]. According to
the 2022 edition of the global electric vehicle outlook by IEA, a net reduction of 40 Mt CO,-
equivalent (eq) emitted indirectly was achieved in 2021 through the adoption of electric
vehicles (EVs) [6]. According to IEA forecasts, the share of indirect emissions associated
with the EV fleet is expected to be 340 Mt-CO;,-eq. If an equivalent fleet, but consisting of
only internal combustion vehicles, were considered, the amount of GhG emitted would
be 920 Mt-CO;-eq. Therefore, EVs, in this forecast, would allow for a reduction of 580
Mt-CO,-eq that would have otherwise gone into the atmosphere. A wider use of electric
vehicles in urban logistics could translate to reduced noise pollution [7], thus opening new
business opportunities like, for example, the possibility of increasing off-hour deliveries
with multiple benefits in terms of emissions, traffic congestion, and road accidents [8,9].

Despite this evidence, the penetration of EVs is still limited, especially for commercial
vehicles, due to barriers mixing technical issues and business behaviors [10,11]. The battery
range, charging time, and availability are among the most critical issues [12] as they need a
re-organization of transport activity [13]. More specifically, although commercial vehicles
have a larger availability of space for hosting larger batteries, hence extending the range,
this could reduce the total payload of the vehicle for commercial activity, thus potentially
reducing the freight quantity in each trip [14]. Unlike conventional vehicles that can be
refueled quickly, electric vehicles require longer charging periods, which can negatively
affect operational efficiency and delivery times [15]. The need for planning alternative paths
for EVs in order to take into account the limited range and the availability of recharging
stations, as well as for reorganising shifts to accommodate charging times, is discussed
in [11].

Under an economic perspective, externalities generated by transports not only refer to
greenhouse gas emissions, but also other aspects such as traffic congestion, noise pollution,
and road accidents, which all impose a cost on the collective [16,17] but may also, to
some extent, represent (direct or indirect) costs for a logistic firm. On one hand, the
internalization of external costs of transport has been put as a crucial objective for the EU
strategy to promote sustainable mobility [18]; as such, logistics firms may soon be forced to
incorporate the externalities generated in their cost function. On the other hand, some of
these externalities already impact the operations both on the side of costs and lost profits.
For example, traffic congestion and a lack of parking spots to upload/download goods
can hamper deliveries, thus impacting the firm’s profits and volumes, whereas damage to
vehicles and goods due to road accidents may impose additional costs, along with human
costs, to firms [19]. Road crashes impose costs on individuals (e.g., medical and human
costs), firms (e.g., production losses and damage to property), as well as administrative
costs [20]. In high-income countries, the share of these costs ranges from 0.5% to 6% of GDP,
with human costs (i.e., all the immaterial costs of suffering, dying, and losing quality of life)
representing the lion’s share [20]. Though not being easily quantifiable, based on a survey
with 8000 participants from four European countries (i.e., Belgium, France, Germany, and
the Netherlands), the Value of a Statistical Life (VSL) lost due to road accidents is estimated
in €6.2 million, more than six times the Value of a Statistical Serious Injury (VSSI), which
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was evaluated in €950,000 [21]. Finally, the Value of Time (VoT) lost was estimated to be
equal to €16 per hour.

When referring to the use of EVs specifically, the initial investment for purchasing
the vehicles and for the installation of their charging infrastructure are among the main
drawbacks [22]. However, considering the total cost for ownership (TCO), which includes
purchase price, running costs, repairs, taxes, maintenance, depreciation, and resale value,
Battery Electric Vehicles (BEVs) already present competitive values with respect to internal
combustion engine vehicles (IECVs) [23]. The projection reported in Figure 1 shows a
comparison of the main alternative fuels for commercial trucks, with BE showing the most
potential in the short term, led mainly by lower fuel and maintenance costs. Regarding
charging infrastructure investments, such facilities represent strategic assets to develop
with the goal of improving the diffusion of electric mobility; hence. they should encompass
a Public-Private Partnership (PPP). The role of PPP was investigated with reference to the
application of special time-of-use tariffs to incentivize private owners to use public chargers
in [24]. The experience of implementing PPP for combining electric vehicles charging
and renewables in Mexico was presented in [25], showing how the synergy between
those technologies could actually lead to a successful improvement in CO, emissions.
Nonetheless, the literature that has focused on sustainable last mile logistics lacks economic
contributions despite the topic presenting some typical themes of public finance, such as
the generation of externalities and the need for collaboration between public and private
sectors [26].
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Figure 1. The expected trends for the TCO of Battery Electric Vehicles (BEVs) and Fuel Cell Vehicles
(FCVs) in the main segments of trucks for freight transport (high-, medium-, and low-duty vehicles)
with respect to IECVs [23].

Indeed, the potential for emission reductions from the electrification of commercial
vehicles may be better exploited by implementing more specific policies, especially in urban
contexts. Aside from the aforementioned policies aiming at forcing a progressive reduction
of emissions in new vehicles, other measures could be designed to reduce the impact of
freight transport in urban contexts. Some examples include restrictions to certain areas in
specific periods [27,28], incentives for night deliveries [29,30], or dynamic tariffs for access
to urban zones, which are differentiated depending on time and vehicle type [31,32]. Along
with the traffic management policies, freight demand management should be accounted
by regulation in order to improve the behavior of customers, such as, for example, by
consolidating deliveries, as suggested in [33].

As a possible result of such policies, the electrification of freight transport could see a
paradigm shift, leading to a “layered” operation, which is commonly referred to as a “multi-
tier” or “multi-echelon” delivery system. A two-level distribution scheme was proposed
to combine vans and electric cargo bikes in [34,35]. Such a paradigm would also open to
a more rational use of the urban land, exploiting available areas by integrating multiple
stakeholders in the planning and operation of logistics [36]. Other works proposed a multi-
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service approach by combining passengers and freight transport to further rationalize the
vehicle traffic in cities [37,38].

The development of optimal routing strategies has been appointed as an enabling
feature in the process of increasing the penetration of EVs in commercial fleets. A compre-
hensive review of the current state of the art in electric vehicle routing problem (EVRP)
applications was presented in [39], where a classification of approaches was proposed.
Specific solutions to such problems in urban logistics were addressed in [40], while an
approach based on battery swapping at recharging stations was proposed in [41].

Although the problem is well known and multiple solutions were proposed, there
is a lack of studies that have specifically addressed the charging behavior expected for
the vehicles’ batteries during all periods. Methodologies for solving the electric vehicle
routing problem by accounting for non-linear battery charging or different recharging
technologies were proposed in [42—-44] which, however, did not consider the time-varying
prices of electricity. In [45,46], the authors proposed EVRP solutions to be applied to freight
distribution and public transport problems, respectively, encompassing their interactions
with time-varying prices, although not quite covering the entire daily period as the recharge
was assumed as taking place after the end of delivery period with no regard to specific
time intervals.

In addition to significantly reducing emissions, a broader adoption of EVs could
enhance the resilience and sustainability of electrical systems, fostering the exploitation
of renewable energy production. For instance, EV batteries can serve as effective storage
solutions and be used for grid balancing purposes in what is commonly referred as vehicle-
to-grid (V2G) technology, as vehicles are typically parked much of the time [47,48]. This
storage potential can improve the allocation of renewable energy sources by helping
to mitigate the timing mismatch between peak renewable energy production and peak
demand [49]. In particular, electric distribution system operators can implement novel
management schemes to face potential technical challenges in their networks by acquiring
ancillary services for EVs, such as those possibly provided by storage-capable users [50-53].

The main scope of this work is to propose an optimal methodology to support the
sizing and management of EVs for freight delivery. The methodology, using a mixed
integer linear programming (MILP) approach, was designed to consider multiple time
intervals within a given time horizon. With such a design, the adoption of time-varying
energy prices is allowed, along with the exploitation of local production according to its
availability. An analysis of different optimal decisions was conducted in relation to varying
parameters on space, resource availability, and prices.

The features mentioned in the previous paragraph specifically represent the main
novelty of the proposed approach with reference to literature that has treated the same
kind of problem. Our approach introduces innovations, such as leveraging self-produced
electricity and incorporating time-varying energy prices (which can be tailored to individual
nodes). This marks an important step toward a comprehensive interdisciplinary framework
that integrates technical solutions with public policy considerations.

The rest of this paper is organized as follows. Section 2 presents the methodology, with
a focus on the main goal, the parameters, and the constraints. Section 3 presents the results
with a case study and a parametric analysis to discuss the impact of different settings on
optimal decisions. Section 4 draws the conclusions of this work.

2. Optimization Methodology

The optimization problem described in the following aims at minimizing the cost
used for recharging the battery in the operation of a fleet of commercial electric vehicles
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by taking into account a time-varying price for electricity that is either self-generated or
purchased from the grid.
The objective function, as shown in (1), expresses the sum of the three cost items that
are to be minimized:
min(Cy + Ces + Cep), (1)

where the cost items are defined as

Cy = Z Z Z 4i,j,0,0 * Cev )

veV jes ieN\{j}

Co= 3 L L L Eigo ik ©)

veV geG ieN keT

Cop=1, 2 2. ) E;:k,g,v'np/irk’ (4)

veV geG ieN keT

where the range of sum operators is indicated by the respective index reading elements in
the relative set (e.g., v € V means for each vehicle v in set V).

As the number of vehicles required for the service is not known in advance, the
adoption of a further vehicle increases cost Cy, as shown in (2), where c., represents the
cost of owning a further vehicle for the considered time horizon.

The cost of energy to charge vehicles was divided into two cost items, Ces and Ceyp,
referring to the self-produced and purchased energy, respectively, as shown in (3) and (4).
The former represents a cost for missed revenue on energy that is not sold when produced;
hence, it is determined by totaling, for each vehicle v and each trip g, the amount of self-
produced energy at each node i in each time interval k (E;/k/ g/v) multiplied by the sale price
Tts i k- A similar approach was used for defining the cost for energy purchase from the grid
(E;

z,k,g,v)’ for which a purchase price 7, ; x was defined.

2.1. Parameters, Sets, and Variable Types

Some of the parameters used in the following constraints definition have to be assumed.
Given the set of coordinates (x,y) for each node in the map, a set d of the distances of all of
the nodes was created, as shown in (5). Then, two sets b and / were defined, containing, for
each couple of nodes, the energy consumption and time required to perform the relative
arc. As described in (6) and (7), the values in b and / were obtained by multiplying the
distance in each arc by the average consumption 7, in [kWh/km] and the average driving
speed o0, in [km/h], respectively, for each vehicle v. It should be noted that, in practice,
these sets should result from a topographic analysis of the operation area to evaluate the
specific energy consumption and required time depending on the slope, road conditions,
traffic, and building density [54,55]. The model description, however, remains the same, as
sets b and & could generically result from different unitary consumption and vehicle speed

in each arc.
dij =/ (xi — %)% + (yi — )2 (i,/)EN, i #] 5)
bi,j :di,j")/v veV, (i,j)EN, 175] (6)
hi,j Zdi,]‘~0'v veV, (i,j)GN, 17&] (7)

The characteristics of each vehicle v were defined through parameters related to the
battery rated energy K, and the minimum and maximum state of charge (SoC), SOC,, and
SOC,, respectively, while the cargo capacity was limited by cap.

Energy recharge is allowed both at the depot and at nodes in which a recharging
facility is located. In both cases, the recharging efficiency is assumed to be constant through
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parameter 7. The maximum recharge power and duration of the stop time for each node i
and trip g are defined by parameters p, ; ; and T; o, respectively.

Map nodes indices are stored in set N, having subsets S, R, and D for depot node,
nodes with recharging facilities, and pure delivery nodes, respectively. Further sets G
and V are defined for available indices of trips and vehicles, respectively. Finally, a set T
contains the time intervals considered in the time horizon.

Optimization variables are designed according to the three types, as depicted in
Figure 2. The type in Figure 2a is used to store values concerning the arcs between couples
of nodes (first two dimensions) in different trips (third dimension) and vehicles (fourth
dimension). The type in Figure 2b is similar to the previous one, but having the second
dimension reduced to one element (i.e., one value for each node), while the type in Figure 2c
has the same structure, but with the second dimension concerning to time intervals.

velV velV
eG
£ AV AAVS A gEG/ 7 7 7
ieN{ ieN’{
JjeN keT

(a) (b) ()
Figure 2. The variable types defined in the methodology: type (a) used for a, f, e, and ¢; type (b) used
for E; and type (c) was used for w, E’, and E”.

2.2. Vehicle Routing Problem Constraints

The set of equations in (8)-(14) define the constraints concerning routing of vehicles in
the map nodes.

Y)Y ) aijge=1 ieD 8)

VeV gEG jEN\{i)

Y)Y ) age=1 ieD )

veV ¢e€G jeN\{i}

Y)Y aijge=1 i€R (10)

VeV gEG jeN\{i)

Y X ige=>1 ieR (11)

veV geG jeN\{i}

Y. g0 <1 veV,¢=0,i€S (12)
jei}

Z Qijgo — Z Ajigv = 0 veV, gEG, ieEN (13)
e e

2 ajign — 2 Ajig—10 <0 veV, gGG\{O}, i€S. (14)
jei} jei}

The binary optimization variable a, with the type shown in Figure 2a, is used to define
the presence of a vehicle in a specific trip at a specific node. For example, 4;¢, = 1, if
vehicle v during trip g stops at bus i coming from bus j. The source node, which is stored
in set S, indicates the depot from which all the vehicles began their trips and to which they
had to return. Delivery nodes, which are stored in set D, have to be visited exactly once,
as shown in (8) and (9), while the nodes with a recharge facility, which are stored in set R,
may be visited more than once by one or more vehicles in different trips, as shown in (10)
and (11).

The same is allowed for the depot, as a vehicle can return to it multiple times during
operation. However, in such a case, a new trip is considered and stored in a separate layer
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for all variables. A new vehicle may not be required but, when used, only one arc leaving
and returning the depot was allowed, as shown in Equation (12).

Equations (13) and (14) ensure the arcs’ continuity, with the former addressing the
same layer in terms of vehicle and trip and the latter linking consecutive trips to ensure
they are sequential.

2.3. Vehicle Transport Capacity Constraints

The constraints concerning the goods delivery at the map nodes are defined by the
equations in (15) and (16).
LY Y figem X L Y fiige=4 i€DUR (15)
veV g€G jeN\{i} vEV g€G jeN\{i}
0< ,fi,]',g,v < capy - aije0 veV, g€G, i,jeEN,i#]j (16)

The continuous optimization variable f is defined by the type in Figure 2a and can
be interpreted in the same way as a. It accounts for the freight volume stored in vehicle v
during trip ¢ while performing the generic arc i-j. All of the goods to be delivered were
assumed to be homogeneous, such that they equally concur to the total freight volume
quantity required at a delivery node (including those hosting a recharge facility), and they
are stored in array 4.

As shown in (15), the freight quantity in the vehicle is progressively reduced while
moving between nodes i and j by the amount required at node i. Each vehicle could have a
different freight volume capacity, expressed by parameter cap, which defines the upper
bound of variable f, as in (16).

2.4. Vehicle Energy Management Constraints

The management of energy usage and recharge is a key component of the developed
methodology. The balance between the total energy added to the battery when recharging
and the total consumption for each vehicle was forced by (17). Variable E was determined
by the type shown in Figure 2b, and it was used to store the energy absorption by vehicle v
during trip g at the respective node i.

Y Y. Eigofle— 3, ), Y, Dbijaijg0=0 veV. (17)

8€G ieN 8€G jeN ieN\{j}

Similarly to previous constraints, a four-dimensional continuous optimization variable
e by the type shown in Figure 2a was defined to manage the energy stored in the vehicles at
each stop in a grid node. The equations in (18)—(23) refer to constraints on such a variable
for all the sets of grid nodes.

Z €ijgo — Z Ciign Z biiajigo+ Eigotic=0 vEV, g€G, iEDUR (18)
jeVi} jevi jEN\(i}

Y (E]./i/g,v +byi- a].,i,glv) < K, -SOC, veV, geG, ieN (19)
jevi}
Ky - SOC, Bijen S Cijen S Ky - SOCy - aij.g0 veV, geG, i,jEN,i#] (20)
Jigo = Y. €ikg—10+ Eigo-tlc—Dbij-aijgp veV, geG\{0}, ieN\{j}, jeS (1)

keN\{i}

]i,g,v - (1 - ai,j,g,v) "M < €ijgu < ]i,g,v veV, gEG\{O}/ iGN\{j}, jGS (22)
0< ei,]',g,v < ai,j/glv -M veV, gGG\{O}, ZEN\{]}, ]ES (23)

As for (18), the amount of energy stored in vehicle v, in trip g, changes when moving
between nodes i and j by the energy consumption in the movement, minus the energy
absorbed at node i (E; 4 ), multiplied by the charging efficiency 7. Constraint (19) ensures
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that the battery’s residual energy at the receiving end of an arc (stored in e) plus the energy
consumption along the arc itself do not exceed the battery’s rated capacity. The values in e
are bounded by the energy range of the battery in (20), and they are given by the product of
rated energy K, and the minimum and maximum SoC (SOC,, and SOCy). In the particular
case of the depot node and for the trips after the first one, an auxiliary variable | was
defined in (21). This was constrained through the big-M method in (22) and (23), with M an
arbitrary large number, as in [56]. This approach was needed to keep the problem linear
and to avoid non-convexity.
Specific constraints to the energy absorption by the vehicle were set by (24)—(27).

! " .
Eigo =Y (Eixgo+ Eikgo) veV, g€G, ieEN (24)
keT
Eigo < (1/1) - (Ky-SOCy — Ky - SOC,)- Y ajig0 vEV, gEG, i€N (25)
jei}
0< Epop < Wikgo Pgo-min(Tig, 1) veV, keT, g€G, ieN  (26)
0< Ejpoo < Wikgo Prigmin(Tig 1) = Ejy o veV, keT, geG, ieN.  (27)

The amount of energy E;  , recharged in node i is the sum of the two components E’
and E”, as in (24), thereby representing the share of the self-produced energy and the share
of energy purchased from the grid in the entire time horizon, respectively. Energy E ¢ ,
is bounded in (25) by the vehicle’s battery range, i.e., the range between maximum and
minimum energy, which is divided by the charging efficiency 7.

Concerning the self-production, in (26), E’ is bounded between 0 and the product of
the hourly average generated power and the stop time in each visiting window stored
in array w, which is described in the following section. The stop time at each trip g and
node i is defined by parameter 7;,. Such a time can be less than one hour or multiple
hours, depending on the type of service (e.g., delivery, fast-charging, or slow-charging);
therefore, the share of exploitable self-production may be reduced if the stop time is less
than one hour. The amount of energy purchased from the grid, E”, which is bounded in (27)
between 0 and the available energy rechargeable (net of the self-production) depending on
the maximum recharge power, is defined for each node and trip by parameter p,, as well as
the aforementioned stop time.

2.5. Time Constraints

As previously mentioned, a stop time was defined for each node, potentially different
for each trip, through parameter 7;,. Each vehicle is supposed to have a time limit for
operation, and it is defined by parameter T,;,x. Equation (28) defines variable z, and it was
used in the following, referring to the total time required for each vehicle’s overall travel,
stops included, having removed the stop time before the beginning of service.

Z Z Z (hi,j + Tj,g) Aijeo — o0 Z i k0,0 = Zv veV, kes. (28)
g€GJENieN\{j} ieEN

As for the previous sets of constraints, a continuous four-dimensional variable t by
the type shown in Figure 2a is defined to manage the time usage, considering 0 as the
beginning time, of the vehicle when moving between nodes. In (29)-(34), the constraints on
variable ¢t were set for all nodes.
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0< ti,j,g,v < (ngx . a,-,j,g/v) veV, geG, l,]GN,l#] (29)
Y tigo— L tijge= L [(hj+Tg) aijge] v€V, g€G, icDUR (30)

JEN\{} JEN\{i} jei}

tiigo— (i ajig0) =0 veV, g =0, jeN\{i}, i€S (31)

Hi,g,v = Z tj,k,gfl,v + Ti,g + hi,j : ui,j,g,v veV, gEG\{O}, iEN\{j}, jGS (32)

keN\{i}
Hi,g,v - (1 - ai,j,g,v) "M < ti,j,g,v < Hi,g,v vevV, gGG\{O}, iEN\{j}, ]ES (33)
0< ti,j,g,v < ai,j,g,v -M veV, gEG\{O}, IGN\{]}, ]ES (34)

The values in t are bounded in (29) between 0 and a maximum time allowed for service
by a vehicle T4x. As for (30), the time usage of the vehicle changes in the trip between
nodes i and j by the time necessary for the trip plus the stop time at node i. In the beginning
arc (i.e., the one leaving the depot for any other node in the first trip ¢ = 0) ¢ is equal to
the time usage of that arc in (31) as the beginning time is assumed to be 0. In following
trips for the same vehicle, an auxiliary variable H was defined in (32), which is used to link
the time usage in the previous trip with the next one, while including the stop time at the
depot. Similar to the constraints on energy management, the big-M approach was applied
to variable H in (33) and (34) to maintain linearity.

A peculiarity of the developed approach is the definition of constraints related to the
time intervals described by (35)—(38), which allows for linking the vehicles’ trips to varying
conditions within the considered time horizon.

Y Wik go < max(ri,g,l) veV, g€G, keT, i€S (35)

keT

Wikgo <1—[20 —k—05]/M veV,g=0,keT, ieS (36)

05-Tjg < Y tijg10— ) Wikgo(k+1) <1+05-7, veV,geG\{0},i€S (37)
je\(i} keT

05-Tig < Y tijgo— 2 Wikgo (k+1) <1+05-1, veV,g€G, i€ DUR  (38)
je\(i} keT

A four-dimensional binary variable w is defined by the type in Figure 2¢c, and it
contains one in position (7, k, g, v) if vehicle v in trip g stops at node i at interval k. The sum
of intervals in which any vehicle, in any trip, visits a node is constrained in (35) by the
respective stop time (rounded to one hour). Although a generalization of both the interval
duration and the stop time would be possible, in this work, the intervals are assumed
having a one hour duration. The stop time was supposed to be less than one hour for
in-service stops and multiple hours in parking mode (i.e., the period between the end of
service and the beginning of a new one).

From these assumptions, in the parking period, according to (36), variable w can have
multiple non-zeros, but only starting from the interval in which the last trip ends. Since,
in all other occasions, the stop time is assumed to be less than one hour, constraints (37)
and (38) only allow for one non-zero in those instances of variable w, which corresponds to
the interval in which the vehicle is visiting the node, in the case of depot and recharging
stations, respectively.

A key advantage of these constraints is that they allow the visiting time to be rounded
so that it can be recorded in one or more discrete intervals in variable w to support the
decisions regarding energy usage. This method lets w be non-zero in an interval when the
visiting time at the node leaves more than half of the stop time in that specific hour.

A validation of the optimal outcome of the proposed methodology was conducted
through comparison with other instances in the literature, as shown in Appendix A.
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3. Applications and Discussion

This section reports applications of the methodology previously described to discuss
how the optimal choices change according to varying energy prices, as well as due to the
presence of local generation and size of the map. The maps for the instances considered
in the following analysis were generated randomly to obtain hypothetical realistic cases,
with the sole purpose of showing the functionality of the proposed methodology and the
role of parameters on the resulting optimal decisions. It should be noted that, in practice,
the location of customer nodes, charging stations, and storage facilities depend on several
factors that depend not only on the land characteristics, but also on business decisions
such as, for example, the type of goods delivered, the operating range, and the location of
available areas.

First, a detailed analysis on a single case study is presented with multiple scenarios,
where the aim is to address specific choices by the optimization methodology. Then, the
outcomes of a parametric analysis are reported, considering maps with different sizes and
different resource availability, to investigate the impact of those parameters on the daily
cost of operation.

3.1. Specific Case Study Analysis

The case study consists of 12 overall buses dispersed in a map of 50 km length and
30 km width, with the depot being located at the top-right corner of the map, as later
shown in the graphical results. Such a choice in the map size was made by considering
an inter-urban type of service (i.e., a service over several customer clusters), for which the
typical area was in the range of 10001500 km? [11].

Although, in practice, the stop time for service at the different nodes in the map should
be computed according to the specific needs, in this study it was assumed to be 30 min
for each node, according to similar works in the literature [34]. This sets the maximum
duration for fast recharging during service, here assumed happening with a maximum
power of 50 kW. In parking mode, slow recharge is assumed, requiring up to 6 h and with
a maximum power of 7 kW. The values for maximum power in the two modes were typical
for the two charging modes [57].

The EV data assumed in the following are in line with recently released commercial
vehicles [58]. Average consumption is v = 0.35 kWh/km, with an overall loading volume of
14 m? and a battery capacity K = 90 kWh, with SOC = 40% and SOC = 80%. Such values of
SoC have been set based on studies on the suggested range of battery usage to preserve its
lifetime, which should not exceed 0.2-0.8 [59]. Based on the literature about the recharging
efficiency of EVs both in slow and fast charging modes, which provides a range between
85% and 90% (when considering battery chemical losses and also electrical losses in the
connections and AC/DC conversion) [60,61], the recharging efficiency was considered to
be equal to 77, = 90% in this study.

Vehicles were considered as traveling with an average speed ¢ = 50 km/h for a
maximum allowed time T,y = 12 h (beginning at 8 am). In the assumed context, driving
time and average driving speed were assumed to be in line with the inter-urban type of
service [62].

Depending on the scenario, as discussed further in this section, photovoltaic (PV)
installations are supposed to be available both at the depot and at the recharging facility
with a rated capacity p, = 40 kW. A daily PV generation profile was obtained through the
“PVgis” tool [63], which was achieved by considering the average daily production in the
summer season in northern Italy.

In order to highlight time-dependent decisions, the energy price was assumed to vary
according to the specific time interval, and it was established using time-of-use (TOU) or
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real-time (RT) tariffs depending on the scenario, which were based on the prices applied
in the Italian retail market for both cases. The TOU tariff adopts three time windows in a
working day: T1 is from 8 a.m. to 7 p.m., T2 is from 7 a.m. to 8§ a.m. and from 7 p.m. to
11 p.m., and T3 from 11 p.m. to 7 a.m. The retail price in the RT tariff, instead, was assumed
to follow the trend of the energy price in the wholesale market.

The average Italian national price for the month of July 2024 was used as a reference
in the simulated period. The retail price applied to energy purchases for EV recharging was
obtained, both for the TOU and RT tariffs, by considering that the wholesale price only has
a 50% weight (according to the average trend in the Italian retail market [64,65]). Figure 3
reports the comparison between the TOU and RT tariffs considered in the case study. In the
case that PV production is available, self-consumption is priced at the wholesale energy
price, as its cost corresponds to the missed revenue from selling such energy in the market.

Given the aforementioned randomly generated map, four scenarios were designed for
this case study, as reported in Table 1, by combining the following options:

*  Retail tariff on purchased energy, either TOU or RT, with the aforementioned assump-
tions;

¢  Presence of recharge facilities other than the depot;

e  Presence of PV installation(s).

0.35 T T T T T T T T T T T T T i T T T T T T
0.3 L[+ TOU RT Wholesale | Jd |
§ 025 *, Bannat A
i 02 FAPrRR ”.1;...;...+..+..+..+..+..|..4..»:;..|:' %
[0
2 0151 .
£
0.1 .
005 Il 1 1 Il 1 1 Il 1 1 1 1 1 1 1 1 1 1 1 1 Il 1 1 Il
O — NN T WV O~ =N TN O~000NO — Al on b
—_ e e e e e = = = A A
Time [h]

Figure 3. Time of use and real-time retail tariffs compared with the wholesale energy price.

Table 1. Setting of the conditions in the four simulated scenarios.

Scenario Tariff Recharging Nodes Self Production
1 TOU ) X
2 RT 0) X
3 RT 0) v
4 RT 0, 5) v

In all of the simulated scenarios, the maximum allowed operation time admitted the
usage of just one vehicle. In Scenario 1, as shown in Figure 4a, the vehicle performed three
trips back and forth to the depot, where the only recharging spot was located. Total time
required for the service was 10.6 h (beginning at 8 a.m.). The lowest part of Figure 4a
depicts the hourly intervals for service (in green) and for recharge stops at the depot node
for each trip.

During the parking period, i.e., before the beginning of service and after the end of
the last trip, recharging is supposed to happen at a slow rate, with a maximum power of
7 kW for up to 6 h. Through optimization, the SoC required to begin the first trip g = 0 was
evaluated in 0.8, which translates into the purchase of 40 kWh in the low-price period T1
before beginning the first trip.
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Figure 4. Case study results for Scenario 1 (a) and Scenario 2 (b). The selected trips are shown in the

map on top. Charts show the EV’s SoC and the energy fed to the chargers compared to its price. The
bottom part shows, for each trip, the traveling period (green) and the stops for recharging (gray).

During service, fast recharging was allowed with a maximum power of 50 kW, such
that the 30 min stop at the depot can provide up to 25 kWh energy absorption; hence, a
22.5 kWh battery recharge. The optimal solution in Scenario 1 requires the EV to perform
two intermediate stops at the depot. In the first one, occurring during Hour 14, the battery
reaches the depot with SoC 0.41, and it is recharged at maximum rate, leaving the depot at
SoC 0.66. A further recharge in Hour 16 was performed at the beginning of trip g = 2, this
time only purchasing 14.6 kWh to increase the SoC from 0.54 to 0.69, which allowed for
concluding service with a SoC of 0.4.

In Scenario 2, the same conditions as in Scenario 1 were considered, but the tariff on
the purchased energy was the RT one. As it can be seen from the comparison on prices in
Figure 3, the RT tariff has a daytime price even lower than the early morning one, with
Hour 15 having the same price as Hour 5, and Hour 13 having the lowest price overall. As
a result, as shown in Figure 4b, it can be seen how, compared to Scenario 1, the optimal
solution led to a shorter trip ¢ = 0, which was needed in order to reach the depot during
Hour 13 to perform the recharging at the lowest available price. It can be noted how, in
Hour 15, a further maximum fast recharge was performed, with the SoC reaching 0.79
before beginning trip g = 2. The service was concluded with the EV having a final SoC of
0.5, hence requiring a lower smaller purchase of 30 kWh during the parking period.

Comparing the energy usage and costs in Scenarios 1 and 2 in Table 2 it can be seen
that the slight change in the route of scenario 2 requires a small increase in energy usage
which grows from 79.6 kWh to 80 kWh. This reflects into a small increase in the daily
energy cost from 17 € to 17.16 €.

In Scenarios 3 and 4, the presence of PV installations was considered, which allowed
for exploiting self-consumption, as it can be noted from the presence of the PV production
and the self-consumption trends shown in yellow and magenta, respectively, in Figure 5. In
Scenario 3, although the optimal traveling route was the same as in Scenario 2, a difference
in the charging pattern was found as the self-consumption was maximized. As reported
in Table 2, the daily purchase of energy decreased to 43.8 kWh, which led to a cost Cep of
9.39 €. The cost C,s amounting to 3.71 € represents the missed revenue on the 36.2 kWh of
self-consumed energy.
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Figure 5. Case study results for Scenario 3 (a) and Scenario 4 (b). The selected trips are shown in
the map on top. Charts show the EV’s SoC and the energy produced by PV and fed to the chargers
(both self-produced and purchased) compared to the prices. The bottom part shows, for each trip, the
traveling period (green) and the stops for recharging (gray).

In Scenario 4, the availability of a second recharge facility in Node 5 was considered,
and it was also equipped with the same type of PV installation. The optimal route in this case
changed significantly, reducing the number of trips to two. Trip g = 0 was further shortened
so to allow exploiting the peak of PV production at Hour 12. The recharging facility at
Node 5 was exploited both in trip ¢ = 0 and g = 1, thus allowing to extend the EV range
while maximizing the self-consumption. The purchase of energy from the grid was further
reduced compared to Scenario 2, decreasing to 20.9 kWh with a daily cost of 4.49 €, while
self-consumption was increased to 51.1 kWh, with missed revenues amounting to 5.25 €.

Table 2. EV energy consumption for recharging and optimal costs.

Energy Consumption [kWh] Energy Cost [€]
E E’ E” Ces Cep
Scenario 1 79.6 00.0 79.6 0.00 17.00
Scenario 2 80.0 00.0 80.0 0.00 17.16
Scenario 3 80.0 36.2 43.8 3.71 9.39
Scenario 4 72.0 51.1 20.9 5.25 4.49

3.2. Parametric Analysis

The results of a parametric analysis are presented in the following section, and they
were achieved by considering maps with different sizes (i.e., square maps with size of 40 and
60 km, respectively). For each of the two cases, a total 100 maps were generated by randomly
locating 12 nodes. Other parameters were the availability of recharging stations other than
the depot and the presence of PV installations having the same characteristics assumed
previously. Concerning energy pricing, the sole RT tariff was assumed for comparison
purposes. The EVs in the fleet were assumed to have the same characteristics of the one
investigated previously, with the only difference being the battery allowed range, which
was assumed in this case to between 30% and 90% SoC.
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The mean values for the main outcomes of the parametric analysis are reported in
Table 3. For each case, the overall traveled distance D;,; and time required were reported
along with the cost figures, which compose the total cost Cyo;.

Considering the set of maps with a size of 40 km, it can be seen that the average cost
for owning the vehicles was slightly higher with no recharge stations available. This fact
justifies the shorter time required to complete service in such cases compared to those with
at least one recharging station available. The latter ones, in fact, while requiring a longer
average time to complete service, traveled a shorter distance with only one vehicle needed
and a smaller overall cost. Such cost was further reduced when self-consumption was
allowed by the presence of PV installations, with the minimum cost for service being found
in the case with two recharge stations. The mean values reported in Table 3 show that
the traveling distance increased by 2% in these cases, which allowed for maximizing the
self-consumption, thus leading to a total cost decrease in the range of 6-11%.

Table 3. Mean of the main outcomes of the parametric analysis. Simulated cases are defined by Size:
length of each map side; PV: availability of PV generation, yes (v') or no (x); and #R: the number of
recharging facilities.

Size PV #R [11)(;::] T[‘I’ge Col€]  Cosl€]  Copl€]  Cror €]
40 x 0 14927 858 2200 000 1286 3486
40 x 1 14775 897 2000 000 1252 3252
40 x 2 14768 896 2000 000 1240 3240
40 v 0 15294 871 2240 351 694 3284
40 v 1 15000 921 2000  3.90 581 29.70
40 v 2 15041 918 2020 511 361 28.92
60 x 0 24725 754 3882 000 2125 6007
60 x 1 2599 813 3440 000 1944 5384
60 x 2 21488 845 3360 000 1839 5199
60 v 0 26341 707 4000 817 763 5580
60 v 1 24547 764 3475 740 759 4974
60 v 2 24419 777 3411 7.84 654 4848

Considering now the set of bigger maps with sizes of 60 km, it can be seen how,
although the trend on energy costs was confirmed, a higher variability on the EV ownership
cost was found, with more cases requiring the usage of two EVs. This was evident especially
when comparing cases without and with the availability of self-production, with the latter
resulting in a shorter traveling time, thus indicating the use of more vehicles on average.
Overall, the cost reduction from self-consumption was confirmed to in the range of 7-8%.

The distribution of Cy. values in the simulated instances is reported in Figure 6, which
shows the ranges between the 1-99, 10-90, and 25-75 percentiles along with the mean value.
It can be noted how, for smaller maps, the presence of at least one recharging station, other
than the depot, led to more homogeneous, and lower, costs. In the case of bigger maps, a
wider distribution of total cost was found due to a higher variability in the chosen paths,
especially in the cases with available recharging stations. It can be seen that, although the
mean cost reduction was in line with the trend observed in smaller maps, when comparing
the range of results between the 25th and 75th percentiles, the costs can become significantly
lower when considering recharging stations as they allow one to exploit the time variation
of prices.
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Figure 6. Distribution of costs in the parametric analysis, for each case given by the combination
of: length of each map side in km (Size), availability of PV generation (PV): yes (v') or no (x), and
number of recharging facilities (#R). The mean value and percentile ranges are shown.

4. Conclusions

Despite substantial evidence that the use of electric vehicles (EVs) in logistics offers
numerous advantages, including reducing greenhouse gas (GhG) emissions (thanks to the
use of more renewable energies as energy sources), improving urban traffic management,
and potentially supporting the electric power system via vehicle-to-grid (V2G) technology,
their adoption in this sector remains limited. Key barriers include battery range limita-
tions, charging time, and the availability of recharging infrastructure. Addressing these
challenges requires strategic planning and optimization to maximize the benefits of EVs
while mitigating operational constraints.

This paper introduces a comprehensive methodology for optimally planning freight
distribution services when using EVs in a generic map of delivery nodes. The methodology
accounts for recharging opportunities both at depots and en route, enabling a more flexible
and efficient operation of EV fleets. It focuses on a single layer within a multi-tier freight
distribution scheme, aiming to generalize the approach to plan EV fleet size and organize
vehicle trips based on parameters that vary across both spatial and temporal dimensions.

A distinctive feature of the proposed approach is its use of multi-period optimization.
This framework incorporates local energy production profiles and time-dependent energy
purchase prices to strategically schedule charging operations over a defined planning
horizon. By aligning charging activities with energy cost fluctuations and availability, the
methodology enhances the cost-effectiveness and sustainability of EV logistics. This is also
compliant with the necessity to increase the integration of renewable energy sources in the
distribution network: in this sense, the promotion of this kind of systems is also strategic
from a policy perspective.

Simulation results on various case studies illustrate the critical role of resource avail-
ability—such as charging facilities and energy self-production—as they are distributed
across space and time, as well as due to their interaction with dynamic electricity tariffs. A
parametric analysis on a set of randomly generated maps revealed significant cost reduc-
tions, which were achieved by incorporating multiple recharging facilities into the planning
scheme. These benefits were particularly pronounced for larger geographic areas, where the
methodology identified more differentiated solutions, leading to greater overall cost savings.

The primary focus of this study was not on computational efficiency but on establishing
a robust foundational framework for optimization. Future research will explore alternative
heuristic solutions derived from the current setup, with the aim of improving computational
scalability. Additionally, the methodology presented in this paper opens up avenues for
exploring public—private partnership (PPP) schemes. By designing tariffs tailored to both
the spatial and temporal characteristics of electricity usage, these schemes could influence
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urban traffic patterns and the operation of the electric distribution grid, thereby enhancing
the integration of EVs into urban infrastructure. This aspect shall be deeply discussed with
local authorities, who need specialized competences to support their decisions in the field.

Further research could extend this work by applying a similar comparative modeling
approach to other types of vehicles, such as buses powered by diesel or gas engines. In this
case, we will need to analyze the integration among different energy sources, keeping the
option of electrification as a policy priority (when possible). Such studies would provide
valuable insights into the broader applicability of the proposed methodologies across
various transport sectors.
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Nomenclature and Acronyms

The following acronyms, sets, parameters, and variables are used in the manuscript:

Acronym Description
CO, Carbon Dioxide
GhG Greenhouse Gases
EV Electric Vehicle
EU European Union
TCO Total Cost of Ownership
BEV Battery Electric Vehicle
FCV Fuel Cell Vehicle
IECV Internal Combustion Engine Vehicle
PPP Public-Private Partnership
EVRP Electric Vehicle Routing Problem
V2G Vehicle-To-Grid
MILP Mixed Integer Linear Programming
SoC State of Charge
TOU Time Of Use
Real Time
Photovoltaic
Description

Set of all map nodes
Set of delivery nodes
Set of depots

Set of trips

SO ozP IR

Set of vehicles
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R Set of delivery nodes with recharging facility

T Set of all time intervals

Parameter Description

Cev Cost for the availability of a vehicle during the time horizon [€]
Xi, Vi Coordinates of node i [km]

di,j Distance in arc i — j [km]

b Energy required by arc i — j [kWh]

hi j Time required by arc i — j [h]

Tls,i k Price applied to self-produced energy [€/kWh]
Ttyik Price applied to purchased energy [€/kWh]
Pg Generated power in each time interval (average) [kW]
pr Allowed recharge power in node and trip [kW]
qi Freight quantity required at node i [m3]

T Stop for node and trip [h]

Tmax Stop for node and trip [h]

Yo Energy consumption by vehicle v [kWh/km]
sigmay Average driving speed of vehicle v [km/h]
capy Freight capacity of vehicle v [m?]

Ky Battery capacity in vehicle v [kWh]

SOC, Maximum State Of Charge of vehicle v
SOC, Minimum State Of Charge of vehicle v

e Charging efficiency

M Large arbitrary number

Variable Description

Cyp Cost for fleet availability [€]

Ces Missed revenue from self-production sale [€]
Cep Cost for purchasing energy [€]

a Enabled arcs

w Active time window for recharging

f Freight volume in vehicle, in arc [m?]

e Energy in vehicle’s battery in arc [kWh]

t Cumulated time in arc [h]

z Total travel time by each vehicle [h]

E Energy absorption [kWh]

E Self-produced energy [kWh]

E” Purchased energy [kWh]

I, H Support variables for big-M method
Appendix A

For the sake of validating the results obtained with the proposed methodology, a
comparison with results taken from the literature is reported in this section. In particular,
the problems considered in the following comparison were used to propose an electric
vehicle routing problem with multiple recharging technologies in [44]. From the repository
related to the mentioned work [66], Dataset A was used, which consists of vehicle routing
problems derived from previously published works which were adapted to include the
possibility of recharging electric vehicles with homogeneous technology. The 36 instances in
Dataset A include sets with a number of customers (C) up to 15 and a number of recharging
stations (#R) up to 7. For each instance, the coordinates of each node was reported, along
with the energy consumption and time required in each arc, and these were used to create
sets d, b, and &, respectively. For each node, a request in terms of freight and time was
declared, hence defining sets 4 and 7. The number of available vehicles was provided,
along with the total time ;4 allowed for service and technical data such as the available
battery capacity K and freight capacity cap.
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In order to use the same conditions considered in [66], the simulations were performed
with the following settings. As the indicated battery capacity represents the available range,
SOC and SOC were assumed to be 0 and 1, respectively, while 7. was set to 1 in absence
of other information. The published study assumed each route pertaining to a different
vehicle in a given fleet size; therefore, no cost was considered for the fleet increase, i.e.,
ceo = 0, while each vehicle had only one trip available, i.e., G = {0}. Since the time varying
price of energy was not considered, a constant unitary price had been assumed, such that
the resulting total cost Cs, in [€] was equivalent to the amount of purchased energy. No
self production was assumed; therefore, all the recharging energy was purchased from
the grid.

Finally, the solution to instances in the dataset considered the possibility, for a vehicle,
to return to a recharging station during the same trip and to not visit a recharging station
node, which was not allowed with the proposed methodology detailed in Section 2; there-
fore, some expedients had to be used to comply with the published results. The recharging
stations buses were doubled, creating additional recharging stations in the same location of
the original ones, hence allowing for a further visit. To include the option of not visiting
nodes hosting charging stations, constraints (10) and (11) were modified by changing the
inequality sign to <.

Results of the comparison between the solutions in [66] and the simulations are
reported in Table Al. The referenced results include the number of routes and the total
cost for energy purchase, while the simulation results also report the total distance traveled
(for contextualization). Finally, the relative percent variation (A) between the reference and
simulation is reported in the last column of Table Al.

As it can be seen, in 28 out of 36 cases, the results obtained using the methodology
described in Section 2 provided the same exact results as in [66]. In 8 of the cases, the
solution found provided an even smaller cost, with a relative percent variation of up to
—10.56%, indicating a shorter traveled distance. Among these, in 6 of the instances, the
simulation evaluated a solution with a smaller number of routes, namely C101-10, C104-10,
R104-5, R105-15, R105-5, and RC205-10.

Table A1. Comparison of the results from the proposed algorithm and reference [66].

Reference Simulation
Instance C #R Routes Crot Routes Ctot Dyot A
C101-5 5 2 1 214 1 214 2089  0.00%
C103-5 5 1 1 157 1 157 154.5  0.00%
C206-5 5 3 1 205 1 205 201.5  0.00%
C208-5 5 2 1 161 1 161 158.5  0.00%
R104-5 5 2 2 142 1 142 137.8  0.00%
R105-5 5 2 2 160 1 160 156.1  0.00%
R202-5 5 2 1 147 1 147 1434  0.00%
R203-5 5 3 1 185 1 185 179.1  0.00%
RC105-5 5 3 2 220 2 220 214.6  0.00%
RC108-5 5 3 2 259 2 259 253.9  0.00%
RC204-5 5 3 1 182 1 182 176.4  0.00%
RC208-5 5 2 1 172 1 172 168.0  0.00%
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Table Al. Cont.

Reference Simulation
Instance C #R Routes  Ciot Routes  Ciot Dyot A
C101-10 10 4 2 303 1 271 263.1 —10.56%
C104-10 10 3 2 281 1 259 252.1 —7.83%
C202-10 10 4 1 234 1 234 223.7 0.00%
C205-10 10 2 2 233 2 233 227.1 0.00%
R102-10 10 3 2 230 2 230 221.0 0.00%
R103-10 10 2 2 169 2 169 160.4 0.00%
R201-10 10 3 1 189 1 189 183.1 0.00%
R203-10 10 4 1 252 1 252 243.1 0.00%
RC102-10 10 3 3 428 3 410 403.1 —4.21%
RC108-10 10 3 3 355 3 355 345.5 0.00%
RC201-10 10 3 1 258 1 258 249.1 0.00%
RC205-10 10 3 2 320 1 320 311.7 0.00%
C103-15 15 4 2 290 2 290 280.2 0.00%
C106-15 15 2 2 253 2 237 226.8 —6.32%
C202-15 15 4 1 332 1 332 3204 0.00%
C208-15 15 3 1 269 2 269 262.5 0.00%
R102-15 15 7 3 317 3 305 293.2 —3.79%
R105-15 15 5 3 297 2 293 284.4 —1.35%
R202-15 15 5 1 286 1 286 275.0 0.00%
R209-15 15 4 1 264 1 264 257.1 0.00%
RC103-15 15 4 3 367 3 356 345.1 —3.00%
RC108-15 15 4 3 384 3 359 345.8 —6.51%
RC202-15 15 4 1 305 1 305 295.6 0.00%
RC204-15 15 6 1 295 1 295 285.4 0.00%
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