energies

Article

Multi-Criterial Assessment of Electric Vehicle Integration into
the Commercial Sector—A Case Study

Robert Pietracho 1>*, Christoph Wenge 2(", Przemyslaw Komarnicki ! and Leszek Kasprzyk 3

check for
updates

Citation: Pietracho, R.; Wenge, C.;
Komarnicki, P.; Kasprzyk, L.
Multi-Criterial Assessment of Electric
Vehicle Integration into the
Commercial Sector—A Case Study.
Energies 2023, 16, 462. https://
doi.org/10.3390/en16010462

Academic Editors: Tim Walmsley,
Florian Schlosser and Benjamin Hung
Yang Ong

Received: 7 December 2022
Revised: 23 December 2022
Accepted: 27 December 2022
Published: 31 December 2022

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

Institute for Electrical Engineering, University of Applied Science Magdeburg, 39114 Magdeburg, Germany
Fraunhofer Institute for Factory Operation and Automation IFF, 39106 Magdeburg, Germany

Institute of Electrical Engineering and Electronics, Poznan University of Technology, 60965 Poznan, Poland
*  Correspondence: robert.pietracho@h2.de

W ON =

Abstract: Transforming the transport sector to zero emission is an integral part of changes to the
energy sector worldwide. This effects not only the electrification of the private sector but also the
commercial sector. The aim of this study is to develop methodologies, algorithms and associated
requirements for the integration of electric vehicles into a logistics application with a possible
reduction in operating costs. The most favorable solution for a company was evaluated using the
analytic hierarchy process algorithm considering three main aspects: economic, environmental and
technical. An analysis of the environmental impact of the vehicle fleet in terms of atmospheric
emissions was also conducted, based on the data available for combustion and electric vehicles,
considering the well-to-tank approach. The costs associated with operating an electric vehicle were
identified and compared to the current costs associated with operating a standard diesel-based fleet.
Incorporating the identified costs of electrifying the vehicle fleet, an algorithm was implemented to
reduce the number of vehicles in the company and, thereby, significantly reducing the costs associated
with fleet maintenance.

Keywords: AHP algorithm; electric vehicles; electric vehicle fleet; electric vehicle logistic utilization;
well-to-wheels analyses; TCO analyses; electric commercial light vehicles; E-LCV

1. Introduction

New regulations concerning the introduction of new ecological energy sources to the
market are in line with the European Union (EU) policy, the Green Deal, on combating
climate change. Consequently, the automotive industry is also seeking and placing em-
phasis on the development of electromobility (e-mobility) and the associated charging
infrastructure. The new regulations proposal, setting the target of at least 55% net emission
reduction by 2030 [1], forces European countries to reduce emissions in the transport sector,
which is responsible for 21.76% of CO; pollution in relation to other economic sectors
worldwide [2]. This means that increased the production and development of electric
vehicles (EVs) is inevitable, and European cities will enjoy less air pollution and improved
living comfort.

The increase in the number of vehicles brings many benefits to society, as described in
Noel et al. [3,4], most notably reducing CO; [5] and particulate matter (PM10) emissions [6]
and lowering exploitation costs, but it will also create new challenges for the transmission
and distribution system operator [7,8]. The increase in electricity demand is an integral part
of the transformation of the transport sector. Furthermore, vehicles, whose charging process
has been described by various authors [9-12], have a significant impact on momentary
changes in the power distribution in the system. The issue is well-known and has been
described quite extensively [13,14]. Simulation results were published by Chen et al. [15]
which indicate an increase in the energy demand by 3% in the local power grid after the
installation of 60 charging stations for electric buses. Other articles indicate a projected
increase in energy consumption within the distribution network [16].
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Accordingly, reasonable solutions are being considered to eliminate the messy side
effects of vehicle charging [17]. Mechanisms that are currently being developed in the
energy market are system services, such as peak load shaving, load management and
line loss reduction. These services and implementations have been the subject of research
for many years, and a description and example application of a peak shaving service for
system needs has been described previously [15,18-20]. An example of the application
of this service in Shanghai—China being a rapidly developing e-mobility country—has
been given by Li et. al. [21]. Other articles [22,23] also describe the possibility of intelligent
load management using the regulation capabilities of EVs. Chung et al. [24] also applied
modern methods of data analysis based on machine learning, allowing for optimal energy
management based on algorithms that predict the behaviour of EV users. The occurrence
of power losses, which are an undesirable phenomenon and one that could be eliminated
by using the energy resources of EVs, has also been described [25,26]. Moreover, addi-
tional system functions for fleets of EVs are also indicated, and have been described in
reference materials: spinning reserve [27,28], stabilizing grid voltage [29,30] and frequency
control [31-34].

Rapid changes in EU legislation enforcing reductions of all kinds of emissions and
increasing energy consumption in both the industrial and private sectors are driving the
energy transition [35-37]. A transformation has started with the development of renewable
energy sources, the introduction of energy-efficient appliances [38—40], and the storage
of heat and electricity. In this context, we are increasingly talking about the coupling
of energy sectors allowing for greater flexibility in energy supply, load and storage. The
principle of this energy sector coupling has been described in detail [41,42] and critically [43].
Development results in the implementation of new technologies, such as 5G-V2X [44—46]
and machine learning [47] for e-mobility. In the case of the latter, this transformation is
taking place at the fastest rate due, among other aspects, to the falling prices of batteries
for EVs. Battery prices have fallen by 89%, from a global average of 1200$ US per kWh in
2010 to 132$ US per kWh in 2021 [48]. This has started a trend toward EV fleets dedicated
to public transport. Berlin, Germany, for example, ordered 122 e-buses in 2020. Hamburg
ordered 583 e-buses, which will be delivered by 2025. Paris, France, has ordered 4500
new e-buses, which will also be delivered by 2025 [48]. In addition, battery-as-a-service
technology has been strongly developed in recent years [49-51]. The leading manufacturer
is NIO from China, which has set up 700 battery replacement facilities since 2000. A
report [48] states that this action reduces the price of a vehicle by 10,000$ US.

Transport and especially the developing infrastructure of EVs is gaining importance
during the energy transition and the merging of energy sectors. Based on the 2021 IEA
report [52], it can be observed that there are already more than 10 million vehicles with
electric propulsion systems in circulation worldwide, of which 1.5 million are in the EU.

There is also a sharp increase in the number of new EVs due to the tightening of
climate policy. Figure 1 shows the change in the number of vehicles worldwide over the
past six years.
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Figure 1. Worldwide number of battery electric vehicles (BEVs) in use from 2016 to 2021 [53].
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The development of e-mobility is strictly dependent on the level of CO, emissions
into the atmosphere, and two possible development scenarios have been adopted by the
EU: the Stated Policies Scenario and the Sustainable Development Scenario [52]. Each of
them defines the percentage growth of vehicles and charging points until 2030. This growth
is related to the replacement of traditional vehicles used by individual users or vehicle
fleets of companies and enterprises. There were 14,033 electric, light commercial vehicles
in Germany in 2021, making it the second highest in Europe in terms of the use of EVs in
the commercial sector [48]. A higher exploitation of the vehicles” potential occurs in the
United Kingdom, Korea and China. This growth is associated with the need to expand the
existing charging infrastructure, which is integral to the transformation of this sector. This
entails a number of changes, including the need to upgrade supply lines, replace medium-
and low-voltage transformers, and expand substations and distribution systems. These
changes will be most visible in the networks of companies with significant vehicle fleets,
which will be transformed into electric fleets in the near future. This process will mainly
affect the load on the network and the costs associated with vehicle modernization. The
changes on the part of the distribution network operator and the need to modernize its
networks are not relevant for companies. However, the changes resulting from the need to
convert the fleet into EVs involves certain investments that the company has to consider
and budget for. This process is often time-consuming.

According to one source [54], the number of light commercial vehicles registered in
Germany is increasing steadily. Globally, 26.29 million light-duty vehicles (LDVs) and
56.4 million passenger vehicles were sold in 2021 [55]. Commercial vehicles account
for about 30% of vehicles sold. The most common use of commercial vehicles is in the
supply chain, as shown in Figure 2. The product produced by the manufacturer is initially
transported to the sorting facility /warehouse, where it is then transported to the warehouse
covering the area for the distribution of goods to the customer. We can now see the
electrification of vehicles at stage 3. Companies such as Amazon and DHL Post are already
using EVs within cities to deliver ordered products. Stage 1 and 2 electrification is less
common and poses a lot more challenges, but it is also feasible. The electrification of the
transport sector is the subject of an analysis described previously [56].
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Figure 2. The process of the transport of goods from the producer to the consumer [57].

The multi-criteria evaluation indicates the benefits of the planned and undertaken
measures. In this case, the assessment helps to confirm the benefits of the concurrent
development of renewable energy sources as the primary power source for electric vehicles.
While electric vehicles are currently popular in the private sector, their further development
in other parts of the economy is also advisable. In most scientific works, a multi-criteria
assessment is made in relation to the power grid [58-60] and the impact of vehicles on the
grid, its parameters and system operations. In this case, the work is focused on analyzing
the benefits of operating two different types of vehicles for the company, rather than the
power grid. The work is intended to encourage companies to change their company model
to one that is more beneficial to the environment with minimal investment. The price
ratio of raw materials and electricity plays a large role in the decision-making process and
also forces not only electric vehicle manufacturers but also internal combustion vehicle
manufacturers to take measures to improve efficiency and effectiveness and to reduce the
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harmful emissions of conventional vehicles, which improves the competitiveness of the
automotive market.

Therefore, this paper presents a model to compare the costs associated with the use
of a fleet of combustion vehicles and a corresponding fleet of EVs. The cost associated
with the use of vehicles of both types was determined. Based on the analytic hierarchy
process (AHP) algorithm, the potential best solution for the company was determined
based on three categories (economic, technical and ecological). The AHP method has been
used, among other methods, for the dimensioning of microgrid components and has been
described previously [61,62]. This description includes analyses based on real statistical and
measurement data obtained as part of a realized research project. The economic situation
influences the choice of the optimal vehicle significantly. The objective of this study is to
examine the impact of changes in electricity and fuel prices on the purchase of a vehicle. In
addition, a minimization analysis of the vehicle fleet and the number of charging stations
for EVs was carried out based on global positioning system (GPS) measurement data. The
aim is to present an algorithm to support the decision-making process that will accompany
all enterprises during the transformation of the energy sector.

Section 2 describes the methods used including a description of the AHP algorithm
employed, the GPS measurement data used and background information on the vehicle
fleet adopted. The limitations and assumptions for the simulation carried out are also listed.
Section 3 presents the results of the analyses and simulations carried out. A comparison
of the costs associated with the use of two types of vehicles is presented in Section 4, and
the costs that companies have to incur when replacing their vehicle fleet are determined.
Conclusions are presented in Section 5 based on the analyses carried out and the cost-
effectiveness limit is indicated.

2. Materials and Methods
2.1. Multi-Criterial Decision Algorithm

In order to select the variant that meets the requirements best, here the choice of
vehicle for the logistics company, it is possible to use known solutions and algorithms
supporting multi-criteria decision support, such as the simple additive weighting method
(SAW) [63], simple multi-attribute ranking technique (SMART) [64], AHP [65], ratio esti-
mation in magnitudes or decibells to rate alternatives which are non-dominated (REM-
BRANDT) [66], analytic network process (ANP) [67], elimination et choix traduisant la
realia (ELECTRE) [68] and preference ranking organisation method for enrichment evalua-
tions (PROMETHEE) [69,70]. Of the methods best suited to the issue, the AHP method was
selected and used due to its simple implementation, optimal result-meeting requirements
and simplicity of result interpretation. The AHP, developed by Thomas L. Saaty in the 1970s,
is a technique for organizing and analyzing complex decisions. This process is the most
accurate approach to quantifying the weights of the criteria that are required to estimate the
relative importance of factors (weights) by using appropriate comparisons. It is particularly
applicable in group decision-making, where the relative importance between two issues is
compared using an appropriately chosen scale. Three stages can be distinguished in the
decision-making process:

1.  The formulation of alternatives;

2. The evaluation of alternatives according to one or more criteria; and

3. The making of a choice, i.e., selecting one of the alternatives based on the results of
the previous evaluations.

This method is based on a series of pairwise comparisons between criteria and gives
them a score of relative importance. A percentage weight is calculated for each criterion;
the sum of all percentage weights is 100%. “A” is the comparison matrix, a;; the numerical
value resulting from the comparison of criteria “i” and “j” and “n” is the number of criteria.
The result of (n(n — 1))/2) comparisons generates the matrix Anxn Which is used to create a
vector of percentage weights (or priorities) for each criterion. The subscript “i” represents

the rows of the pairwise comparison matrix, while the subscript “j” denotes the columns. It
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is generally a rating scale that ranges from 1 to 9, where each degree corresponds to the
following rating, presented in the Table 1.

Table 1. Scale for pairwise comparison [65].

The Fundamental Scale for Pairwise Comparisons

Intensity of Importance Definition Explanation
1 Equal importance Two elements con'trﬂ:fute equally to
the objective
3 Moderate importance Experience and judgment slightly
favor one element over another
5 Strong importance Experience and judgment strongly
favor one element over another

One element is favored very strongly
7 Very strong importance over another; its dominance is
demonstrated in practice
The evidence favoring one element
9 Extreme importance over another is of highest possible
order of affirmation

The a;; values of matrix A has the following properties:
e ifa; =x thena; = % for x > 0;
e ifa;isjudged to be of equal intensity relative to aj, then a;; = a;; = 1.

In particular, the main diagonal of the matrix A is composed entirely of unit values,
i.e. , Aji = 1.

2.1.1. Normalization

After obtaining the matrix A of the pairwise comparisons, the maximum eigenvalue A
and the relative eigenvector v, of the A matrix are determined to calculate the vector of the
percentage weights [28]. Normalizing the vector v,, the sum of its elements is equal to 1,
we obtain the vector of the percentage weights “W” or the priorities:

_ UA
A ST @

2.1.2. Consistency Calculation

Once the priority vector has been determined, it is necessary to understand whether
the matrix of pair comparisons is consistent or not, i.e., to measure whether the subjective
judgments of the evaluator at each comparison are consistent. The purpose is to make sure
that the preference ratings are consistent. First, it is necessary to calculate A:

A= i (A'U)\)i (2)

the consistency index (CI) can then be formulated as follows:

A—n

Cl="— ®)
after that, the consistency ratio (CR) [71] is calculated:
CI
R=— 4
CR=x7 4

Matrix A is classified as a constraint if CR < 0.10 (10%) in the least-restrictive scenario.
If the consistency ratio is vast, then the evaluation is not consistent enough, and the best
thing to do is to go back and revise the comparisons. This check concludes the first step in
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the procedure. Based on standardized weights, a score is assigned for each subcriterion
while taking into account the hierarchy of criteria. The item with the highest score is the
one that meets the user’s needs best.

2.2. Technical Analysis

The comparative analyses use the technical parameters of two vehicles: an internal
combustion engine vehicle (ICEV) and a battery EV (BEV) available on the market. Based
on these, indicators will be defined to allow a total cost of ownership (TCO), ecological,
technical and economic analysis. The vehicle’s performance, characteristics and driving
profile, and the infrastructure of the charging stations should be specified accordingly.
Measurement data in the form of GPS data from vehicles belonging to a transport company
that used an 81 kW, 110 hp, 5-speed manual Nissan NV200 VAN in its fleet were used in
this study. They are the input data for further analyses.

2.2.1. Characteristics of the Vehicles

This work bases the various analyses on the comparison between a conventional diesel
ICEV vehicle and a BEV. The idea is to compare two models that are similar in size and
function (e.g., the provision of transport services). An electric e-NV200 model analogous in
design and function was selected for the model for which GPS data were recorded, which
differs only in the propulsion system used. The basic parameters of both vehicles are shown
in Table 2. Both are LDVs with similar overall weights. The higher weight of the EV is due
to the additional heaviness of the battery.

Table 2. Characteristics of vehicles.

Nissan NV200 VAN Diesel Nissan e-NV200 VAN BEV

Vehicle Type Light-duty commercial Light-duty commercial
Vehicle Kerb Weight [kg] 1286 1498
Payload [kg] 714 742
Seats 2 2
Propulsion Diesel ICEV Euro 6 Electric
Acquisition year 2019 2019
Battery capacity, bc [kWh] - 40
Charging power AC [kW] - 6.6
Charging power DC [kW] - 50
Tank capacity, tc [L] 55 -

2.2.2. Performance of the Vehicles

Real consumption for both vehicles depends on several factors: driving speed and road
characteristics (urban, extra-urban, highway), nature of the route (uphill, downhill, level),
outdoor temperature and use of air conditioning, and driving style (ecological, constant,
sport). The actual fuel consumption of the Nissan NV200 diesel was assessed based on the
GPS data under the assumption that the vehicle was normally used for product transport.
Fuel levels were recorded before and after each trip (Table 3).

Table 3. Performance of vehicles.

Nissan NV200 VAN Diesel Nissan e-NV200 VAN BEV

Consumption (Standard) 490 L/100 km (NEDC) 25.9 kWh /100 km (WLTP)
Real consumption, rc 8.9L/100 km 28.1 kWh/100 km
Range 617 km 138 km

NEDC: new European driving cycle; WLTP: worldwide harmonised light vehicles test procedure.

The real consumption of the Nissan e-NV200 has been evaluated using experimental
test results conducted by the ADAC (allgemeine Deutsche Automobil-Club e. V.). It has
not been possible to acquire actual recorded data, since the customer company has not
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Power in kW (red)
Battery energy usage in kWh (green)
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yet had the BEV tested. Actual consumption, as with ICEV, is higher than that stated by
the manufacturer. The maximum vehicle range has been determined for the new data
according to the formula:

(a) Nissan NV200 VAN, 81 kW, 110 cv, 5-speed manual, diesel

Range — tank capac1t5.1 100 5)
real consumption
(b) Nissan e-NV200 VAN:
Range — battery capacity 1 ©)

real consumption

2.2.3. Driving Profile

Tests such as the new European driving cycle (NEDC) or worldwide harmonised light
vehicles test procedure (WLTP) [72] are carried out on new vehicles, helping to simulate a
realistic car trip even under laboratory conditions. Regarding the scenario applied here,
driving profiles were adopted, created on the basis of measurements and then used in the
calculations. The registration of measurements was carried out based on the routes of 60
light vehicles belonging to the company’s fleet during one week. The journeys made by the
vehicles made it possible to determine the basic parameters (departure time, time in depot,
distance traveled, energy consumption). An example of such a route recorded for a vehicle
in the course of providing transport services to the company is presented in Figure 3.

—Charg‘ing Power in kW
——Battery energy usage in kWh

Mon

NN

I I I =
Tue Wed Thu Fri Sat Sun

Day of week

Figure 3. Example of a profile for an EV with indication of the charging time and number of trips.

2.2.4. Infrastructure of the Charging Stations

When deciding on a fleet of EVs, the company bears the cost of designing and building
the charging infrastructure. In the case of vehicles with internal combustion engines, there
is no need to address this aspect, as the fuel infrastructure is not the responsibility of the
company but is managed by external companies; this incurs additional investment costs.
The charging location is the company’s depot, where there are as many parking spaces as
there are charging vehicles. The standard Nissan e-NV200 comes with two charging cables:
a 10 A Mode charging cable for charging at home using a standard 230 V socket, and a 32 A
Mode charging cable for charging at charging stations or wall-boxes. Table 4 identifies the
most common solutions for charging stations.
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Table 4. Common charging methods and charging times for EVs [4].

Number of Phases = Voltage/Current Power Plug System f(g‘l;r(;gﬁﬁ ;F{;mn;e
Slow Charging 1 AC 230 V/10 A 2.3 kW Schuko 30 h
(<10 kW) 1AC 230 V/16 A 3.7kW Blue CEE socket 19h
1 AC 230 V/32 A 74 kW IEC Typ 2 10h
Accelerated Charging 3 AC 400V/16 A 11 kW IEC Typ 2 6.5h
(11, 22 kW) 3AC 400V/32 A 22 kW IEC Typ 2 3h
Fast charging DC 400V/125 A 50 kW IEC Tvp 2 90 min
(>50 kW) DC 400 V/500 A 200 kW P 30 min
DC 800 V/500 A 350 kW Ces 10 min

2.3. Total Cost Ownership Analysis

The TCO is the sum of the investment and lifetime costs of a vehicle. A distinction
is made between the fixed costs associated with the vehicle, infrastructure costs (where
applicable) and variable costs. The mathematical procedure for calculating the TCO for
both propulsion technologies, Equations (7)-(15), is shown below.

The TCO is expressed in year i:

TCO;(rc; My)= Crrxi + Cyvari + Cri + Crueri + Ccsi 7)

where: re—real consumption [L/100km] or [kWh/100km], M,—annual mileage [km/a],
Crrxi—fixed costs [€/year], Cyar;—Variable costs [€/year], C;;,—purchase price [€/year],
Crygri—fuel costs [€/year] and Ccs;—infrastructure cost [€/a].

Fixed costs:

Crixi = Ctax + C1 + Cs 8)
variable costs:
Cvari = Cmaintii + Cmaint2 + Criresi )
where aC c
Criresi = — TH;\EI + Crap My (10)
MAX
purchase cost:
CLi= 12-L (11)
fuel cost: e,
CrueLi = ﬁ'P M (12)
infrastructure cost:
Coi =14+ m (13)
where
[ — Itor, Total investment payedini = 1 (14)
R Total investment payed ini = 5
The total investment is calculated over 5 years, i € [1;5]:
TCOror(re; M) =Y (Crxi + Cvari + Cri + Crueri + Cesi) (15)

1

where: Cyy—vehicle tax [€/a], C;—insurance cost [€/a], Cs—services and inspection
costs [€/a], Cyar—vVariable costs [€/a], Cpranti—maintenance and repair costs [€/a],
CmainT2—replacement and other maintenance costs [€/a], Crjrps—tires replacement costs
[€/a], Crjre—one tire price [€], C; sp—Ilabor cost [€], Mpjax—maximum mileage for a tire
change [km], Crypp—fuel costs [€/a], P—diesel fuel or electricity price [€/L] or [€/kWh],
Cp—purchase price [€/a], L—leasing instalment [€/month], Ccs—infrastructure cost
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[€/a], Iror—total charging station investment [€], [—charging station instalment [€] and
m—infrastructure maintenance [€/a].

2.4. Ecological Analysis

The aim of this section is to assess the magnitude of greenhouse gas (GHG) and PM10
emissions associated with EVs and their changes depending on the structure of electricity
generation in Germany, as well as the differences between GHG emissions from BEVs and
ICEVs by applying well-to-wheel (WTW) analysis. The most significant potential GHG
reductions between BEVs and ICEVs occur during the use phase, which can compensate
for the greater impact of the feedstock extraction and production phase (lithium mining
for batteries). The BEVs charged with coal-fired electricity currently have higher WTW
emissions than ICEVs, while the WTW emissions of BEVs could be almost 90% lower than
an equivalent ICEV using electricity generated from renewable sources.

This analysis is structured in four sections:

Electricity mix: German electricity mix emissions as an example for this case study;
Oil emissions: emissions from oil production;
WTW analysis: comparison of CO, equivalent and PM10 emissions for the two vehicles
compared in the study case; and

e  Tire wear emissions: PM10 emissions evaluation.

The EVs are now considered to be the most innovative technology in the transport
sector, but their actual effect on the environment is directly related to the electricity gen-
eration mix of a country. Therefore, some countries that do not have an environmentally
friendly (in terms of GHG emissions) electricity generation mix show that EVs may not
be beneficial in reducing GHG emissions [73]. It is necessary to consider the country’s
energy mix where the study is conducted, because each energy mix influences the indirect
emissions (Figure 4), considered in the WTT and well-to-power plant (WTPP) indices.

Biomass (wood pellets) I
Solar
Wind

Municiapal solid waste =

Blast furnace gas

Hydro
Coal

Natural gas |

Nuclear
0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400

PM ®mNOx(g/MWh) mSO2(g/MWh) mCO2 (kg/MWh)

Figure 4. Life cycle emissions of GHGs and air pollutants from different electricity generation
sources [73].

2.4.1. Well-to-Wheel Analysis ICEV WTW

The WTW analysis was born as an index of energy efficiency, but it is also used for
environmental analysis. The term “well-to-wheel” refers to the entire process of energy
flow, from the mining of the energy source to the drive. The following are required in order
to determine the WTW emissions:

e thereal emissions, in terms of [g-COzeq/L] and [g-CO,eq/kWh], for the two propul-
sion systems;
e  for calculating BEV indirect emissions:

O Germany electricity generation mix data [74];
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O GHG emission data of each power source in the WTPP process; and
e for calculating ICEV indirect emissions
O GHG emission data of diesel fuel in the WTW process.

The GHG emissions of ICEVs, from a WTW perspective, are the sum between the
WTT and TTW processes GHG emissions. The PM10 emissions [gPM10/km] are calculated
using the same approach.

rc

WTWicg = (WITcg + TTWICE)'@ (16)

(a) Wheel-to-Tank
WTTice co, = Pco, 100
IEice co, = WTTicg-Ma (17)
IErce pm10 = Ppmio-15p-Ma

where:  WIWjcg—total GHG emissions (WTW approach) [gCOzeq/km],
WTTcg—Well-to-Tank GHG emissions [gCOseq/L], TTWjcg—Tank-to-Wheel GHG
emissions [gCO,eq/L], re—real consumption [L/100 km], M,—annual mileage [km/a],
Pco,—CO; equivalent diesel production [gCO,eq/L], IEjcg co,—indirect CO, equiva-
lent emissions [tonCOseq/al, Pppio—PM10 diesel production [gPM10/L] and
IEjceppmipo—indirect PM10 emissions [gPM10/a].

(b) Tank-to-Wheel Direct tailpipe emissions for ICEVs are calculated using CO; equivalent
tailpipe emissions [kgCO,eq/a] and PM10 tailpipe emissions [gPM10/a].

TTWick co, = Eco,"DS + EnoxGWPnox
DEjcg co, = TTWicg-M, (18)
DEicg pmio = Epmio-DS-M,

where: Ecp,—direct CO, tailpipe emissions [gCO,/km], DS—driving style,
Enox—direct NOx tailpipe emissions [gNOx/km], GWPyo, —Global Warming Poten-
tial Index [75], TTWicg co,—direct CO, equivalent tailpipe emissions [gCO,eq/km],
DEjcg co, —direct CO, equivalent tailpipe emissions [tonCO,eq/a], Epprip—direct
PM10 tailpipe emissions [gPM10/km] and DEjcg pp1o—direct PM10 tailpipe emis-
sions [gPM10/a].

2.4.2. Well-to-Wheel Analysis BEV WTW
The BEV WTW process consists of the sum of two contributions:

e  WTPP due to the process of mining energy source and transporting it to the power
plant; and

e  Power plant-to-wheel due to the process of transmitting the electricity to the vehicle
and driving it using that electricity.

While electric propulsion in the vehicle is efficient, the overall energy use and GHG
emissions depend greatly on the source used to produce electricity. The WTW missions for
BEVs are calculated as the sum of each emission by source:

rc

100 (19)

WTWpgpy = {ZRE'(WTPPBEVE + PPTWBEVB)}
e

where: WTWpry—total GHG emissions (WTW approach) [gCOzeq/km], R.—ratio of
the power source in the German electricity generation mix, WI'PPpgy,—Well-to-Power
Plant GHG emissions by the energy source “e” [gCO,eq/kWh] and PPTWpggy,—Power
Plant-to-Wheel GHG emissions by the energy source [gCOzeq/ kWh].
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(@) WTPP emissions
WTPPgeyco, = ;(GHGQ-Re-% ) 20)
IEgpvco,= WTPPgpy-M,
where: WTPPpgyco,—CO; equivalent emissions [gCOeq/ km] and IEggyco,—indirect
CO;, equivalent emissions [ton COeq/a].

2.4.3. Power Plant-to-Wheel Emissions

The ecological advantage of an EV is that it has no tailpipe emissions during use;
consequently, the direct emissions of CO, equivalent and PM10 are considered to be zero
in this phase:

DEgevcoz = 0
21
DEgevpmio= 0 @D

2.4.4. Tire Wear Emissions

The following equation describes the tire wear total emissions for LDVs, TE| py:

TErpv = Ma-fpamio-(EFrsp) py-S(v) (22)

where: TE; py—total emission of the LDVs [gPM10/a], TSP—total suspended particles is
the measure of the mass concentration of PM10 in the atmosphere [76], fp;o—fraction
of TSP classified as PM10, (EFrsp); py—the TSP emission factor in [mg/km] at a speed of
80 [km/h] for the LDV category [mg/km] and S(v)—the speed correction factor, which
depends on the average vehicle’s velocity.

3. Results and Comparison of the Use Cases
3.1. AHP Analysis Results

Three main criteria were selected for the AHP algorithm, which are shown in Figure 5.
According to the algorithm, based on the weights selected, the best product or solution is
sought. In this case, the product is the type of EV and its cost assessment. Accordingly, the
indicators were calculated in accordance with the Equations (1)—(3). The values calculated
show that the process of assigning weights (Table 5) to the individual criteria is correct. In
addition to the three main criteria, sub-criteria were considered to indicate the distribution
of costs within the main category. The multi-criteria decision analysis objective is to
suggest the best propulsion system between the ICE and electric motor for the LDV fleet by
applying AHP.

Goal: Vehicle selection

e

Economic Ecological Technical

* Maintance M - PM10 N - Charging time

* CS cost * CO2 * Cargo
* Leasing cost * Passangers

* Fuel cost * Safty and
comfort

* Range

Figure 5. AHP criteria.
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Table 5. Weights adopted for individual criteria.

Economical Ecological Technical Average Consistency 3.08

Economical 1 3 9 CI 0.04
Ecological 1/3 1 7 RI 0.58
Technical 1/9 1/7 1 Consistency 0.07
Sum 1.44 4.14 17.00 Consistent Yes

Assigning ratings trying to meet the customer’s requests and expectations was imag-
ined in this study. A realistic hierarchy of criteria was adopted, as shown in Figure 6. It is
reasonable to assume that the economic criterion guides the investment for a company, and,
at the same time, as can be seen in Section 3.3, the economic criterion is closely linked to
the technical criterion. The same approach is applied for the pairwise comparison matrices
for the subcriteria (Figure 7). CR indicators for each subcriteria’s are shown in Table 6. The
sum of the product between the weight for each criterion, W¢, and sub-criterion, Wg;, is 1:

W=Y (W Ws) =1 (23)

AHP criteria weights

Technical
6 %

Figure 6. AHP criteria normalized weights.

Economical subcriteria's weights Ecological subcriteria's weights Technical subcriteria's weights

Maintenance ) Cargo7 %
7% _aul Passengers 7 %
Safety &
Comfort
6%
Charging
52% 28%

Figure 7. AHP subcriteria’s weights.

Table 6. Consistency ratio for the parameters of selected subcriterion.

Consistency—Economical Consistency—Ecological Consistency—Technical
Leasing Avg. Avg. Avg.
cost 3977 Consistency 4036 CO; eq. 2 Consistency 2 Cargo 5020 Consistency 5071
Fuel cost 4256 CI 0.01 PM10 2 CI 0 Passengers 5020 CI 0.018
Maintenance 3894 RI 09 RI 0 Safety & 59 RI 1120
Comfort
CS cost 4015 Consistency 0.01 Consistency 0 Range 5082 Consistency 0.016
Charging 551
time

Sum 16,140 Sum 4 Sum 25,350
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After finding the normalized weights of each sub-criterion (Figure 8), a score is as-
signed for each sub-criterion. The score is obtained based on the technical-ecological—-

economic analysis developed previously. The result is calculated as:

4.50
4.00
3.50
3.00
2.50
2.00
1.50
1.00
0.50
0.00 —*=

Result = Z(V +Wsi-We) (24)

W Nissan NV200 , diesel

Figure 8. Sub-criteria’s score for each car.

In the end, the scores achieved are:

e ICEV:6.939
BEV: 7.002

3.2. Ecological Analysis Results

1

Nissan e-NV200

Coal-fired power stations have the highest life cycle GHG emission intensity, at more
than twice that of natural gas-fired power stations. Coal-fired power stations also have the
highest emission intensities of SO, and PM10. Hydro, wind, and solar renewable energy
sources and nuclear power have the lowest carbon intensity, although it is not zero because
of the emissions from constructing the generating facilities. In this study, we consider
the German energy mix where the values are the annual average measurements referring
to 2021 (Table 7). The aim of this section is to assess the magnitude of GHG and PM10
emissions associated with EVs and their changes depending on the structure of electricity
generation in Germany, as well as the differences between GHG emissions from EVs and

ICEVs by applying WTW analysis.

Table 7. Electricity generation mix in 2021 [74].

Energy Source

Energy Share [TWh] Energy Share [%]

Coal Rco, 145.3 29.7%
Gas Rgas 51.1 10.5%
Nuclear RNUCLEAR 65.3 13.3%
Wind RwinD 112.7 23.0%
Solar RsoLAR 48.4 9.9%
Hydropower Ryp 19.3 4.0%
Biomass Rpiomas 43.1 8.8%
Others POTHERS 3.27 0.8%
Total Net Electricity Generation in 2021 490 100%
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Two sets of data are necessary in order to calculate the BEV’'s WTW GHG emissions.
The first is the GHG emission data of each power source in the WTW process, and the
other is the German electricity generation mix ratio Re of 2021. Each energy source has
its own GHG emission value calculated from various measurements; this report adopts
an “average” emission value per kWh based on 167 previous studies on the assessment of
life cycle GHG emissions of energy sources as a data source [77] (Table 8). The values of
PM10 emissions caused by electricity and diesel production, based on the EMEP/EEA air
pollutant emission inventory guidebook 2019, are assumed and presented in Table 9.

Table 8. CO, emissions by source in 2021 [74].

Coal Gas Nuclear Oil Wind Solar Hydropower Biomass
GHG emissions [gCO,eq/kWh] 980 690 19 715 22 101.5 11 69.25
Power source ratio, Re 29.7% 10.5% 13.3% 0.8% 23.0% 9.9% 4.0% 8.8%
Emissions by source [gCOzeq/km] 81.79 20.36 1.61 0.71 1.42 2.82 0.12 1.71
WTPP emissions [gCO,eq/km] 110.6

Table 9. Indirect PM10 emissions by source [78,79].

PM10 electricity production [gPM10/GJ] 32.63
Electricity energy density [M]J/kWh] 3.6
PM10 electricity production [gPM10/kWh] 0.11747
PM10 diesel production [gPM10/GJ] 8.52
Diesel fuel energy density [M]J/L] 38.6
PM10 diesel production [gPM10/L] 0.32887
Indirect CO; equivalent diesel production emissions [gCO,/L] 2650

3.2.1. Well-to-Tank Emissions for ICEVs

The results of the ICEV WTW analysis are presented below. Following the method
described earlier for a conventional vehicle, CO, and PM10 equivalent emissions are
calculated for the well-to-tank and tank-to-wheel analyses. The results are shown in
Tables 10 and 11, respectively.

Table 10. Results of calculations of CO; equivalent emissions.

CO; equivalent diesel production [gCOzeq/L] Pcoa 2650
Real consumption [L/100 km] rc 8.91

CO; equivalent emissions [g COzeq/km] WTTicE 236.09

Annual mileage [km/a] M, 30,000

Indirect CO; equivalent emissions [tonCO,eq/al IEIcE co2 7 083

Table 11. Results for calculations for PM10 equivalent emissions.

PM10 diesel production [gPM10/L] Ppar1o 0.32887
Real consumption [L/100 km] rc 8.91
Annual mileage [km/a] M, 30,000

Indirect PM10 equivalent emissions [ton PM10eq/a] IErcE Mo 879
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3.2.2. Tank-to-Wheel Emissions for ICEV

Direct tailpipe emissions for ICEVs are calculated using CO;-equivalent tailpipe
emissions [kgCO,eq/a] and PM10 tailpipe emissions [gPM10/a], and they are presented in
Table 12.

Table 12. Results for calculations for CO, equivalent emissions [78,80-82].

Declared CO; tailpipe emissions [g/km] E’coz 130

NOx tailpipe emissions limit [g/km] E'Nox 0.17

NOx conformity factor CFnoOx 1.43

Global Warming Potential (AR5) GWPNox 273
PM10 tailpipe emissions limit [g PM10/km] E’ppmio 0.0044

PM10 conformity factor CFpp10 1.5

Declared CO; tailpipe emissions can be calculated [gCO,/km] (this value is under
the EU CO; emissions limit of 147 [g/km] for LDV) through the ratio between the real
consumption and the declared NEDC consumption; it is possible to calculate the direct
CO;, tailpipe emissions according to:

Eor —F rc
€02 ™ =CO2"NEDC consumption

(25)

Automotive companies do not easily provide data on NOx emissions; therefore, emis-
sions can be obtained either experimentally through companies that test the performance
and emissions of the vehicle (The Real Urban Emissions Initiative), or through a calculation
that takes into account the emission limit values defined by the EU standards on EURO 6d
and the CFNOXx, the conformity factor.

ENOX = Ef\]ox'CFNOx (26)

It is possible to convert NOx emissions into CO,-equivalent emissions by utilizing
the global warming potential index (GWP NOx). Automotive companies do not provide
data on PM10 emissions. Consequently, emissions are calculated analogously to NOx. The
results of the calculations are shown in Table 13.

Epaiio = Epamo - CFpmio (27)

Table 13. TTWicg COj-equivalent emissions.

Direct CO; tailpipe emissions [gCOz/km] Eco2 236

NEDC consumption [L/100 km] NEDC 4.90

Real consumption [L/100 km] rc 8.91
Annual mileage [km/a] M, 30,000

Driving style DS 1

Direct NOx tailpipe emissions [gNOx/km] Enox 0.24

Direct CO; equivalent tailpipe emissions [gCOeq/km] TTWicg 303
Direct CO; equivalent tailpipe emissions [tonCO;eq/al DEcE coz 9.082
Direct PM10 tailpipe emissions [gPM10/km] Epmio 0.0066

Direct PM10 tailpipe emissions [gPM10/a] DEjcE pm10 198
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3.2.3. Well-to-Tank Emissions for BEV

The results of the BEV WTW analysis are calculated below. Following the approach
described in Section 2.4.1, the emissions for an EV are calculated for the WTPP and power
plant-to-wheel analyses. The results are shown in Table 14.

Table 14. Well-to-tank emissions for BEV results.

WTPP CO; equivalent emissions [g COzeq/km] WTPPggy 110.6
Annual mileage [km/a] M, 30,000
Indirect CO; equivalent emissions [ton CO;eq/a] IEgry con 3318
PM10 electricity production [g PM10/kWh] Ppa10 0.11747
Real consumption [kWh/100 km] rc 28.12
Indirect PM10 emissions [g PM10/a] IEBEV PM10 991

The ecological advantage of the EV is that it has no tailpipe emissions during use; for
this reason, the direct emissions of CO, equivalent and PM10 are considered to be zero in
this phase.

DEggyco2 =0
28
DEggyppmio=0 (28)

3.2.4. Tire Wear Emissions

In the case of the pollution generated by the vehicles’ tires during driving, it is
generated by both vehicles. However, more emissions are generated by the EV due to the
weight of the vehicle itself. The data are shown in Table 15.

Table 15. Tire wear emissions results.

Nissan NV200 Diesel Nissan e-N'V200
Vehicle Kerb Weight [kg] - 1286 1498
Fraction of TSP classified as PM10 frmio 0.60 0.60
Emission factor [mg/km] (EF1sp)Lpv 16.90 19.90
Speed correction factor S(v) 1.00 1.00
Tire wear total emissions [gPM10/a] TE pv 304 358

All of the parameters and quantities calculated are plotted in Figure 9. Indirect
CO; equivalent and PM10 emissions are evaluated for both vehicles. The comparison
between indirect emissions shows a difference of 3.76 [tonCO,eq/a] between ICEVs and
BEVs (Figure 9a). Tailpipe emissions only apply to fuel combustion in classic vehicles,
as EVs do not emit CO, or PM10 particles from the tailpipe (Figure 9b). On the other
hand, indirect PM10 emissions are slightly higher for electricity than diesel production. A
comparison of indirect emissions shows a difference of 111.88 [g PM10/a] between ICEVs
and EVs (Figure 9c). Regarding electric technology, the energy generation process is of
primary importance: the energy mix determines the amount of indirect emissions. With
the current German energy mix, the CO, equivalent is about 2.6 [tonnes CO,eq/a] per
vehicle, which means that the share of energy generated from renewable sources has to
increase further, exceeding the current 45.7%, in order to further reduce indirect emissions.
Electric propulsion does not generate tailpipe emissions, but, on the contrary, its tire wear
causes more PM10 emissions than conventional vehicles; this is due to the greater weight
of the EV. Finally, for the case under consideration, PM10 emissions were calculated for
the electric car which are 144 g PM10/a less than the ICEV (Figure 9d). The emissions
for an EV are 79.47% [tonnesCO,eq/] lower than the annual CO; equivalent emissions
of an ICEV, calculated under the same operating conditions (Figure 9e). Regarding PM10
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emissions, the EV does not emit them directly from the tailpipe, but its annual emission
values are comparable to those of the combustion vehicle (a difference of 2.33%; Figure 9f).
This result is surprising, but it can be attributed to the higher weight and the associated
greater tire wear and indirect emissions resulting from the energy mix. In any case, from
an environmental point of view, choosing an EV results in a significant reduction in CO,
equivalent emissions, as the case study shows.

Indirect CO, equivalent emissions Direct CO, equivalent tailpipe
[ton CO, eq./a] emissions [ton CO,eq./a]
8 10
6
4 5
2 .
0 0
Nissan NV200, diesel ~ Nissan e-N'V200 Nissan NV200 , diesel Nissan e-NV200
(a) (b)
Indirect PM10 emissions [g PM10/a] Direct PM10 emissions [gPM10/a]
1020 600
960 400 |
0
B0 Nissan NV200, diesel ~ Nissan e-NV200
780 ® Direct PM10 tailpipe emissions [g PM10/a]
Nissan NV200, diesel Nissan e-N'V200
M Tire's wear total emissions [g PM10/a]
(c) (d)
Direct + Indirect CO, equivalent Direct + Indirect PM10 emissions
emissions [ton CO, eq./a] [gPM10 /a]
20 1500
16 1200
12 900
8 600
4 — 300
0 0

Nissan NV200 , diesel Nissan e-N'V200

© Indirect CO2 equivalent emissions [ton CO2 eq/a]

B Direct CO2 equivalent tailpipe emissions [ton
CO2 eq./a]

(e)

Nissan NV200 , diesel Nissan e-NV200
Tire's wear total emissions [g PM10/a]
B Indirect PM10 emissions [g PM10/a]

B Direct PM10 tailpipe emissions [g PM10/a]

(f)

Figure 9. Emissions according to analysis for an ICEV and a BEV; (a) indirect CO, equivalent
emissions; (b) direct CO, equivalent tailpipe emissions; (c) indirect PM10 emissions; (d) direct PM10
emissions; (e) total CO, emissions; (f) total PM10 emissions.
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3.3. TCO Analysis Results

Once the technical parameters have been defined, an economic TCO analysis is carried
out for both options (ICEV and BEV).
Initial remarks:

All costs are valued in Euro [€].
Any changes in the value of costs during the ownership of the fleet are not taken
into account.

e  Theresearch case takes place in Germany; therefore, German costs, taxes and incentives
have been applied.

e  German taxation has been applied: 19% VAT, where indicated.

3.3.1. Leasing Cost

The company requires a leasing contract for 60 months (5 years) and a maximum of
150,000 km. Assessing the monthly lease payment is a very complex process that takes into
account the driving profile and characteristics of the fleet, as well as other factors, such as
the purchase price, residual value, and other specific elements. The purchase price and
monthly instalments are shown in Table 16 for 2020.

Table 16. Comparative table of vehicle prices and rental costs based on an expert calculator.

Nissan N'V200, Diesel Nissan e-N'V200
Purchase costs [€] Cr 20,220 28,660
Leasing monthly L 184 336

instalment [€/month]

3.3.2. Fixed Cost

Depending on the date of first registration, EVs are temporarily tax exempted. Five
years tax exemption was fixed until 17 May 2011, ten years from 18 May 2011 to
31 December 2015, and five years again from 1 January 2016 to 31 December 2020. After
that, a tax reduction of 50% is applied to each EV [83]. There is only an overall registration
fee of 26.30 €, depending on the city registration [84]. The annual insurance cost depends
on the contract concluded between the logistics and the insurance companies. In this study
case, the company already has a 1.728 €/a insurance contract; the contract is independent
of the vehicle propulsion system (ICEV or BEV) [85]. The service and inspection costs
correspond to the annual vehicle check by an expert technician: the latter certifies the
correct vehicle functioning. The inspection cost for EVs is generally 20% less than that for
ICEVs (Table 17).

Table 17. Comparative table of additional costs associated with an EV.

Nissan NV200, Diesel Nissan e-NV200
Vehicle tax [€/a] Crax 250 0
Insurance [€/a] Cr 1728 1728
Inspection/services [€/a] Cs 250 200
Total cost [€/a] 2228 1928

3.3.3. Variable Costs
Variable costs are the sum of the costs of maintenance, repair, replacement of tires and
changes of brakes:
Cvar = Cmamvri + Cmat2 + Crires (29)

The company’s vehicle maintenance manager provides the Cyiaint1 and Cyaint?
costs for the conventional model of the vehicle. According to the work [86-88], the costs for
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the EV are reduced by about 35 to 60%. Therefore, the costs have been correspondingly
underestimated regarding the ICEV and are summarized in Tables 18 and 19. Maintenance
costs for EVs are lower than for ICEVs, because there are no components subject to high
thermal stresses and fewer rotating components [80]. These savings can be even greater if
regenerative braking in EVs is considered when assessing the life of brake pads. Battery
maintenance/replacement costs are not included in the variable costs, as the battery is
assumed to cover the entire operation of the electric vehicle. It is assumed that maintenance
increases by 10% each year for a conventional vehicle due to component wear, more
frequent replacements and inspections.

Table 18. Maintenance costs for an ICEV over 5 years.

Year 1 2 3 4 5
Maintenance cost [€/a] CMAINT] + CMAINTZ 1300 1430 1573 1730 1903

Table 19. Maintenance costs for an ICEV and a BEV.

Nissan N'V200 Diesel Nissan e-N'V200

Maintenance/Repair [€/a] CMAINTI 800 400
Maintenance/lubricants/other [€/a]  CpianT2 500 200
Tires [€ct/km] CTIRES 1.50 2.10

Total cost [€/a] 1750 1230

Tires cost calculation:

4 Crire + Crap

M 30
Myiix a (30)

Crires =
where tires changes are made every 20,000 [km] and Cy g = 60 [€] labor for replacement.
Two different types of tires are chosen: a set of four tires at 60 € each is chosen for a ICEV
and a set of four tires at 90 € each for an EV. The difference between the two is due to the
fact that an EV weighs more than a conventional vehicle. The extra weight causes more
wear on the tires and, therefore, a higher performance is required.

3.3.4. Fuel Cost

The cost of fuel plays a key role in the operating cost analysis process. Fuel prices can
rise sharply, as is currently being seen in the European market, as a result of factors that
directly affect the cost of vehicle use. This represents a sharp increase in costs for businesses
and companies, driving up the price of services and products. The average diesel price
for 2021 was 138.53 ct/L. This compares to an average price of 193.37 ct/L as of July 2022.
Nevertheless, the values indicated in Table 20 were used in the analysis.

Table 20. Fuel and electricity prices [89].

Nissan NV200, Diesel Nissan e-N'V200

Fuel/Electricity price in
2021 [€/L)/[€/kWh]

Fuel cost [€/a] CrurL 3702 1957

* Values are based on data published on statista.com (accessed on 6 December 2022).

P 1.385 * 0.232 *

Assumptions and considerations:

e  German diesel fuel and electricity prices;
e diesel fuel and electricity prices are fixed; and
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e  diesel fuel price is the average 2021 price: 1.385 €/L.

Real consumption
CrueL = 100 PR P oM, (31)

e  Electricity price: 0.232 €/kWh.

It can be observed from the results that the fuel costs for diesel and electric differ by
1745 €/a, which is a saving for the EV fleet. Furthermore, based on the values adopted, a
comparison of the costs associated with the use of the two types of vehicles is shown in
Figure 10. It can be seen that this cost is lower for an EV, which translates into increased
lifetime savings. However, in the case of an EV, the costs associated with the charging
installation have not been taken into account, and this considered later in the article.

12,000

10,000

8,000

Annual costs 6.000

[€/a] '
4,000
2,000
Nissan NV200 , Diesel Nissan e-N'V200

Fixed cost [€/a] 2228 1928
Variable costs [€/a] 1750 1230
Fuel costs [€/a] 3702 1957
Leasing cost [€/a] 2208 4032

Figure 10. Cost comparison between ICEV and BEV car models at 30,000 [km/a].

3.3.5. Infrastructure Cost

A separate issue is the consideration of the costs associated with installing charging
stations. The infrastructure cost is calculated only for the EV fleet. The charging infrastruc-
ture should provide optimal vehicle charging time. It should also be ISO 15118 compliant,
allowing future vehicle load management and enabling the provision of system services
on the electricity grid. Accordingly, a model from Compleo that meets the most important
requirements was selected for the analyses. The basic characteristics of the model, including
the unit price, are presented in Table 21.

Table 21. Charging station characteristic.

Compleo Load
¢BOX Power [kW] Socket Management 1SO15118
Purchase cost of 1399 22, three-phase AC Type 2 Yes Yes

charging station [€]

In addition to the price of the charging station itself, the costs associated with services
are presented in Table 22. The total investment is repaid in five annual instalments, taking
into account the initial investment, maintenance, and interest rate (return on investment
method). The most important elements of the investment are the initial cost, the interest
rate, the return on investment and the life of the investment. All of these factors belong to
the TCO analysis, the results of which are shown in Figure 11.
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Table 22. Charging station characteristic [90,91].

Service Price Assumed Values
Hardware (Wallbox) 1399 € 1399 €
Grid connection costs approx. 2000 € 1800 €
Planning, Approval approx. 1000 € 800 €
Installation/Construction approx. 1000 € 800 €
Capital cost [€] 4799 €
Interest rate 6%
Return on investment [years] 5
Lifetime of investment [years] 10
Cost of instalment [€] I; 1139
Total cost of instalment + maintenance I;, 1639
12,000
10,000 [
Annual costs 8,000
[€/a] 6,000
4,000
2,000
Nissan NV200, Diesel Nissan e-NV200
hargin ion
: Infristarugctu%es :)tss [€/a] 0 1,639
Fixed cost [€/a] 2228 1928
Variable costs [€/a] 1750 1230
Fuel costs [€/a] 3702 1957
W Leasing cost [€/a] 2208 4032

Figure 11. TCO costs for an ICEV and a BEV including charging infrastructure cost at 30,000
[km/annual].

Due to the high cost of the installation of the charging station, initially for the first five
years of operation, the EV is more expensive to maintain, which will change in year six.
From then on, the costs will decrease, until the costs for both vehicles are equal. With these
assumptions in place, a break-even point has been identified for this model at year nine of
the operation (cf. Figure 12).

4,500,000
4,000,000
3,500,000
3,000,000
2,500,000
2,000,000
1,500,000
1,000,000

500,000

0
Year 1 Year2 Year3 Year4 Year5 Year6 Year7 Year8 Year9 Year 10

TCO [€]

—0— Nissan NV200, diesel —@— Nissan e-N'V200

Figure 12. TCO costs for an ICEV and a BEV including charging infrastructure cost.
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4. A Case Study

An exemplary techno-economic analysis was carried out using data provided by
a commercial transport company. Measurement data, including real fuel consumption,
operating costs and GPS data, were recorded for a fleet of 60 internal combustion LDVs.
This data was used, in part, to develop the TCO analyses presented earlier and create
profiles, i.e., the routes that the vehicle had to travel per day. An example route is shown
in Figure 13.

51°30'N | 7
51°29'30"N [ ]
(]
o
=
©
= 51°29N | 1
51°28'30"N - 7
500 m L\\\‘\\\\
2000 ft
| | ‘GDI-TH‘ Esri, HERE, Garmin, Ge(‘)TechnoIog\es‘ Inc., USGS

11°57'E 11°58'E 11°59'E 12°E
Longitude

Figure 13. Example of one route taken by a vehicle from the fleet.

By having routes for 60 vehicles, it is possible to check whether the routes carried out
by the fleet can be carried out by a smaller number of vehicles. Accordingly, a concept has
been implemented to optimize the required minimum number of vehicles and charging
stations that are able to fulfil the requirements defined by the daily profiles of the vehicles.
The principle of the algorithm is shown in Figure 14. The results of the algorithm are two
values representing the number of vehicles that are on the road at the same time and the
number of charging stations that would be sufficient to charge vehicles between routes.
The algorithm checks whether the vehicle is on route or parked on company premises for
each measurement point. The criterion that must be met is that all routes are completed
within the designated intervals according to the profiles recorded.

Based on the analysis of 60 profiles, the algorithm reduced the original number of
vehicles to 38. In a lot of cases, companies may have a certain number of replacement
vehicles, which is not taken into account in this case. The result of 38 also corresponds to
the installation of 38 charging stations, assuming that each vehicle is connected to the grid
at night. Taking into account the technical and economic analysis carried out, the cost of
using both the traditional fleet of ICEVs and EVs was determined. The results are shown
in Table 23.
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Figure 14. Block diagram of the algorithm implemented.

Table 23. Charging station characteristics [90,91].

Fleet Details ICEV Fleet BEV Fleet
Number of fleet vehicles 38 38
Real consumption [L/100 km] 8.91 28.12
CO; equivalent [ton/a] 614 126
PM10 [kg/a] 52.49 51.26
Fleet TCO [€/a]
Holding time [annual] 5 5
Annual mileage [km/a] 1,140,000 1,140,000
Leasing cost [€/a] 83,904 153,216
Fuel costs [€/a] 140,666 74,365
Variable costs [€/a] 66,500 46,740
Fixed costs [€/a] 84,664 73,264
Charging Station Infrastructure cost [€/a] 0 62,292
SUM [€/a] 375,734 409,877
Annual electricity consumption [MWh/a] 320.54

It can be seen that the fleet cost is higher for a fleet of EVs. The biggest impact here is
the installation of the charging infrastructure, which is necessary for the proper operation
of the BEV fleet. This is, nevertheless, a one-off cost, occurring at the beginning of the
investment. As shown in the earlier analysis, costs for the electric fleet decrease over time
within a few years of the investment. In addition, a fuel price can be determined for the
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fleet at which an EV becomes economically preferable. The objective function in this case
will take the form ATCO > 0.

TCO = TCOICE(Cpesel) ~ TCOkv (Cieariity ) > 0 (32)

Based on the economic analysis carried out, values were determined for the price of
diesel and electricity at which the so-called breakpoint occurs and the use of an EV fleet
is profitable. The price of electricity for commercial companies was 21.38 ct/kWh on 1
April 2021 [92]. The price of 1.6 €/L for diesel makes it more cost-effective to use a fleet of
EVs. The average diesel price from 1 January to 19 July 2022 was 200.52 ct/L. However,
the price of electricity has not remained the same and is now 26.64 ct/kWh for commercial
companies [92]. Regarding this price distribution, it is clearly more advantageous to
use a fleet of electric vehicles. In this case, the purchase of energy in its entirety from
the distributor was considered without taking into account the possibility of reducing
energy prices through additional energy storage or renewable sources. The distribution of
cost-effectiveness relationships is shown in Figure 15.
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Figure 15. Cost-effectiveness relationships when electricity and diesel fuel prices vary.

5. Conclusions

This paper analyses the technical, environmental and economic transformation of
a vehicle fleet to reduce atmospheric emissions. Following on from the considerations,
assumptions and assessments already discussed, an electric powertrain is suitable for
a commercial LDV fleet. However, the EV fleet is a more expensive option and also
includes the design and construction of the charging infrastructure; this can be assessed
as a disadvantage of the BEV fleet. Moreover, environmentally, the electric LDV fleet
results in a considerable reduction (up to 80%) in GHG emissions and a small reduction in
PM10 emissions. The PM10 emissions are strongly linked to the national energy mix. CO,
equivalent emissions are reduced by almost 80%, with major environmental benefits. These
values are closely linked to the mix of electricity sources, meaning that if the company were
to build its power plant using renewable energy, the emissions associated with its energy
production would be zero.
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The work presents the conclusions of the analysis on the basis of data, available and
reliable from studies, reports and own recorded values. The work is aimed at businesses as
an argument for the use of electric vehicles to carry out logistics tasks. For policymakers, it
is an argument that the introduced restrictions make sense and the emissions of harmful
substances into the atmosphere are gradually reduced. The introduction of other methods
that use measurement data can contribute to more precise results that would describe
the process more accurately. Nevertheless, the methods presented in this work can be
easily implemented in any company and indicate theoretical and practical savings for
the company.

Following the results of the analysis, a hierarchy was proposed between the three
criteria analyzed. This hierarchy helps to determine, depending on the needs of the
company, which technology reflects their needs. The development of an AHP calculated
a score for each alternative, resulting in a higher score for the EV fleet. Considering the
increasing importance of the environmental factor, the EV fleet achieves a higher final score.
The hypothesis made earlier regarding the hierarchy of the criteria justifies this result:
the economic criterion has a higher weighting than the other criteria and, consequently,
the sub-criteria.

The BEV fleet fully meets the characteristics required by the vehicle usage profile. The
TCO of the electric fleet is higher than that of the conventional fleet due to the infrastructure
costs of the charging stations. These costs are spread over a period of five years, after which
only the maintenance of the charging stations is taken into account. Once the investment in
charging stations has been recouped, the TCO of the electric fleet is lower than that of the
conventional fleet.

The company obtains advantages both in terms of economic benefits, special permits
for circulation and for the image of company. Employing a fleet of electric LDVs for a
logistics company operating in the publishing industry to make and receive deliveries that
cover 30,000 km per year has been shown to be an environmentally, economically and
technologically beneficial option.

The proposed solution can provide a basis for practical analysis on the basis of real
data for other car models and their assessment of compliance with the requirements of new
regulations and directives on environmental protection and reduction of harmful emissions.
In addition, it can give a basis for preparing a product in the form of an application for
commercial use and offering services to enterprises. Eventually, it can also form part of an
audit for some specialized companies.

The model is based on values that are included in the lease contract for which prices
remain unchanged for the length of the lease. In contrast, the analysis carried out depends
heavily on prices, such as fuel and electricity prices, which cannot be considered relatively
stable in 2022. It is difficult to predict the behavior of resources prices in the energy market.
A possible solution to this problem is to dynamically integrate price volatility into the
model. In addition, the model will work more correctly and provide more accurate results
if the human factor, i.e., the driver’s driving style and weather conditions, are taken into
account. It is advisable to use instantaneous values in the model and to take into account
the unit prices of the equipment for the time period considered. The inclusion of random
factors, e.g., the failure of a particular vehicle and therefore the inability of the vehicle
to meet its targets, is an appropriate implementation to improve the performance of the
algorithm. Increasing the frequency of measurement samples recorded during vehicle
operation is also a beneficial factor in the results obtained. The model is valid when the
input data are updated for a given time period. Further work will focus on increasing the
number of parameters affecting vehicle costs and performance.
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