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Abstract

This study presents a detailed techno-economic 
assessment of battery-electric trucks, incorpo-
rating battery aging effects within a total cost of 

ownership (TCO) model. With increasingly stringent 
emissions regulations, battery-electric trucks are 
becoming a viable solution in Europe. However, due to 
uncertainty regarding their long-term cost-effectiveness 
and fleet operators’ profit-oriented priorities, there is an 
urgent need for accurate TCO assessment. Existing 
studies often overlook or oversimplify the impact of 
battery aging on overall costs. This work addresses this 
gap by introducing battery aging-related costs through 
an empirical battery degradation model, evaluated over 
the vehicle’s lifetime. Key aging costs include a refined 

estimation of battery residual value, influenced by degra-
dation and remaining battery life, and potential battery 
replacement expenses. A case study on a VECTO group 
9 truck used for regional delivery missions examines 
different payloads and battery pack sizes. Furthermore, 
we consider two different end-of-life (EoL) threshold 
scenarios for the battery pack, which impact battery 
replacement expenses and the truck’s residual value. 
Costs are categorized as battery-independent or 
battery-dependent, with battery-dependent costs 
covering purchase price, energy carrier, residual value, 
and battery replacement cost. In addition to battery 
aging that impacts both replacement costs and residual 
value, the results indicate that energy carrier cost is 
among the most significant economic factors.

Introduction

In 2024, the European Council approved a regulation 
aimed at strengthening the EU CO2 emission standards 
for heavy-duty vehicles [1]. This regulation seeks to 

reduce emissions and promote the adoption of zero-
emission vehicles, including Battery Electric Vehicles 
(BEVs) and Fuel Cell Electric Vehicles (FCEVs). The updated 
targets call for a 45% reduction in emissions by 2030, a 
65% reduction by 2035, and a 90% reduction by 2040 for 
medium lorries, heavy trucks over 7.5 tonnes, and coaches.

Zero-emission vehicles are defined as those that 
either lack an internal combustion engine or emit no more 
than 1 gCO2 per kilometer. Consequently, the market 
share of BEVs, FCEVs, and hydrogen internal combustion 
engine vehicles (H2-ICEVs) is expected to increase. hence, 
the main focus of this study is one of these green solu-
tions, i.e., the BEV trucks.

A significant challenge to the growth of BEV truck 
market share, alongside with the range anxiety and the 

lack of well established recharging infrastructure, is 
battery aging and the associated replacement costs 
throughout the vehicle’s lifecycle. Battery degradation 
poses a critical concern for fleet operators, prompting 
numerous studies to investigate its processes [2, 3]. 
Despite this focus, there is a notable gap in research 
regarding the impact of battery degradation on the life-
cycle of heavy-duty vehicles. Existing models frequently 
overlook empirical data on battery capacity loss, instead 
relying on simplistic replacement schedules [4, 5, 6, 7, 8, 
9]. Additionally, previous studies on battery aging in 
hybrid electric vehicles [10] have not incorporated robust 
empirical models to accurately represent these 
aging phenomena.

Furthermore, there is no consensus on the end-of-life 
(EoL) criteria for batteries used in transportation applica-
tions. Many studies consider the EoL to be reached when 
the state of health of the battery pack falls to 80% [11, 12], 
while others propose a lower threshold of 70% [13, 14].
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This study aims to enhance the total cost of owner-
ship (TCO) for heavy-duty BEVs by quantifying costs asso-
ciated with battery capacity loss. By integrating an empir-
ical battery degradation model into the techno-economic 
analysis, we  improve the assessment of the battery’s 
residual value, which is directly linked to the expected 
mileage before the battery reaches its EoL. Additionally, 
we account for battery replacement costs. We analyze 
two different EoL thresholds (80% and 70%) to examine 
the economic implications for fleet operators, particularly 
given the absence of regulations regarding minimum 
performance requirements in term of duration for heavy-
duty vehicle battery packs.

Our methodology involves developing a simulation 
model that accurately represents vehicle characteristics 
and battery aging. Additionally, we perform a compre-
hensive economic evaluation using an innovative TCO 
model. This model assesses various truck configurations 
with different battery packs and includes costs associated 
with battery replacement, enhanced residual value, 
considering two distinct EoL threshold scenarios.

Methods

Simulation Model
The heavy-duty truck model, which incorporates 
powertrain dynamics and battery aging, is used to 
simulate real-world vehicle usage and quantify the metrics 
needed for the techno-economic analysis. While the 
powertrain model is used to obtain the power requested 

by the battery and the SOC dynamics, the empirical aging 
model quantifies the battery degradation over its lifetime.

The simulation employs a distance-based backward-
facing model with a tactical driver model for proactive 
braking and SOC simulation. It supports EC-developed 
distance-based drive cycles, aligning with EU CO2 regula-
tions and future BEV certification standards [15]. JRC tests 
[16] confirm its real-world accuracy, with fuel consumption 
variations within ±3.5%. The Regional Distribution cycle 
was selected for its alignment with the study’s 
objectives.

Simulation Workflow  The battery usage is simulated 
through the simulation workflow, shown in Fig.1, which is 
designed to mimic the real-world usage of heavy-duty 
vehicles, with necessary driver stops and charging 
intervals.

Before starting the simulation, a representative 
driving scenario, in our case the Regional Delivery (RD), is 
selected. Based on this driving cycle, we set the required 
distance dd,due the vehicle must cover in a day, which 
we assumed is 300 km for the RD scenario. This assump-
tion aligns with the ambitious goals of the EU EMPOWER 
project, which sets a target of a reliable range of 300 km 
for a regional truck in European applications [17]. The 
simulation can now start, alternating driving and charging 
modes as follows. On each day, the driving cycle is 
repeated multiple times until the number of consecutive 
driving hours hc exceeds the 4.5 hours limit [18], the 
battery SOC reaches the lower threshold (set at 20%), or 
the total distance driven surpasses dd,due. If one of these 
conditions is met, the vehicle is stopped and the battery 
is charged: in particular, if hc is higher than 4.5 hours, the 

  FIGURE 1    Flow chart of the powertrain simulation and aging profiles.
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driver must stop for 45 minutes. If the vehicle has not yet 
covered the daily target distance dd,due, we assume that 
the driver needs to charge the battery at public fast 
charging stations, with a power output of 350  kW. 
Otherwise, if the distance dd,due is covered, we assume 
that the truck has reached the fleet operator’s depot and 
can be charged overnight, using slow charging at the 
lower charging power of 100 kW. The charging phase is 
stopped when either the maximum SOC (set to 90%) is 
reached or when the battery has been charged enough 
to complete the target driving distance dd,due without 
requiring additional charging. Once the SOC reaches 90% 
at the fleet operator’s depot, the vehicle remains 
stationary for the duration of the stop without undergoing 
any further charging. Finally, when the stop period ends 
or the next day begins, the whole procedure is repeated. 
The simulation concludes when the battery reaches its 
end of life, which in automotive applications is typically 
defined by an SOH between 70 and 80%. Hence, in this 
study, we consider two scenarios, with the end of life 
identified at 70% and 80% SOH, respectively.

Through the described simulation model, we derive 
different data that will be used in the TCO computation, 
e.g., the vehicle energy consumption, the distance traveled 
before the battery reaches its EoL, and the energy 
required from fast and slow charging stations. In partic-
ular, we refer to the energy charged with fast charging 
and slow charging with the symbols Eb,fast and Eb,slow, 
respectively.

Powertrain Model  Relying on the previous works [19, 20], 
the powertrain is modeled using a backward model 
approach. In contrast to other backward models, our 
framework incorporates a behavioral driver model and 
can accommodate distance-based drive cycles, where 
the vehicle speed and the road gradient are expressed 
as a function of traveled distance.

First, the required tractive force Fveh is obtained 
through the longitudinal dynamics equations, accounting 
for the grade Fgrade, aereodynamic Faero, rolling Froll resis-
tances and inertia mvehaveh:

	 = + + +veh roll grade aero ,veh vehF F F F m a 	 (1)
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where Cr is the rolling coefficient, mveh is the vehicle 
mass, vveh is the vehicle speed, sroad is the road slope, and 
ρair is the air density. Then, the electric motor speed ωem 
and torque Tem and electric power are computed 
as follows:
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where rwh is the wheel radius, τgb and τfd are the 
gearbox and final drive ratios, respectively, ηem is the 
motor efficiency, mapped as a function of ωem and Tem, 
and k is a factor equal to -1 and 1 in motor and generator 
modes, respectively. Finally, the power required to the 
battery pack Pb is equal to the power drawn by the 
electric motor.

The battery pack is modeled from the electrical 
standpoint to quantify the battery current (necessary to 
compute capacity degradation) and SOC dynamics. Each 
battery cell is modeled as a zero-order equivalent circuit 
model (ECM), characterized by the ECM parameters 
internal resistance R0,cell and open circuit voltage OCVcell 
[21]. Since the battery aging model used in this work is 
for single battery cells, the pack-level battery power Pb 
is downscaled to the cell-level Pcell using the number NS 
series-connected and NP parallel-connected cells of the 
pack, and the battery SOC is computed through 
Coulomb counting:
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where t0 is the initial time of the simulation, Icell is the 
cell current, and Qcell is the actually available cell capacity.

Battery Aging Model  During the vehicle’s lifetime, EV 
batteries undergo a progressive degradation process. 
Neglecting the internal resistance increase [22], in this 
work, we  modeled only the capacity fade [23]. The 
capacity loss model accounts for calendar aging Qloss,cal 
and cycling aging Qloss,cyc. While calendar aging accounts 
for those degradation phenomena that occur while the 
cell is not in use, cycling aging occurs when the battery 
is subject to driving or charging loads.

Calendar aging is modeled as a function of time and 
storage conditions, identified by battery temperature and 
SOC [24]. To use the model in dynamic conditions where 
the SOC and temperature change over time, such as 
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real-world EV scenarios, the capacity fade dynamics due 
to calendar aging are differentiated as in [23]:

	 ( ) ( ) ( )− −= 1,
cal

cal
Ea

z SOCloss cal RT
cal cal

dQ
z SOC B SOC e t

dt 	 (11)

where Bcal is a factor depending on SOC, Eacal is the 
activation energy for calendar aging, T is the battery 
temperature, and zcal is a dimensionless constant. All 
these parameters’ values are taken from [23].

On the other hand, cycling aging is expressed as a 
function of operating conditions, i.e., temperature, and 
charge and discharge C-rate. It is worth noting that in our 
study, the battery temperature is assumed to be constant 
due to the assumption of a moderate ambient tempera-
ture, which allows the thermal management system to 
maintain a stable battery pack temperature. Relying on 
the model proposed in [25], the capacity loss variation 
due to cycling ,loss cycdQ

dt
 is written as follows:
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where Bcyc is a factor function of C-rate C, Eacyc is the 
activation energy for cycling aging, and zcyc is a dimension-
less constant. All these parameters’ values are borrowed 
from [25].

Finally, the total cell degradation Qloss is obtained as 
a combination of calendar and cycling effects through the 
following equations:

	 = + ,, loss cycloss calloss dQdQdQ
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	 (13)

	 = ∫
0

ft

loss
loss

t

dQQ d
d

τ
τ 	 (14)

TCO
The TCO provides a holistic view of the financial implica-
tions of owning and operating an asset over its entire 
lifespan [26], considering not only the acquisition cost but 
also ongoing maintenance, operation, and potential 
expenses [27, 28].

TCO costs are categorized in different ways. First, 
they can be divided into purchase, operating, and residual 
value costs. For trucks, the purchase cost is the initial 
expense for acquiring the vehicle. Operating costs, which 
form a significant part of TCO, cover energy consumption 
(fuel or electricity), maintenance, repairs, and consumables 
(e.g., urea, lubricants). The residual value is the asset’s 
worth at the end of its lifespan, defined as 700,000km 
in line with the Euro 7 draft [29].

Secondly, a distinction is made for BEV trucks 
between battery-dependent and battery-independent 
costs. Battery-dependent costs vary with battery size, 
while battery-independent costs do not. This study 

focuses on analyzing battery-dependent costs in 
particular.

The TCO model was refined from a previous study 
[20] to assess the fixed and variable costs of BEV vehicles 
over their entire life cycle from a fleet operator’s perspec-
tive. Specifically, compared to the prior study, we improved 
the estimation of the residual value, the energy carrier 
cost by incorporating battery aging, and the battery 
replacement cost. These costs include:

•• Purchase cost (battery dependent);

•• Ownership and operation taxes, including highway 
tolls (battery independent);

•• Driver cost (battery independent);

•• Maintenance and repair costs (battery independent);

•• Energy carrier cost (battery dependent);

•• Battery replacement cost (battery dependent);

•• Residual value (battery dependent).

The primary output is the TCO, calculated as the net 
present value (NPV) of all incurred costs. NPV accounts 
for the time value of money, representing the present 
value of future cash flows (CF) discounted at a rate (r):

	 ( )=

=
+∑

0

.
1

n
t

t
t

CFNPV
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A 10% discount rate is applied to evaluate the NPV 
of operational costs year by year throughout the analysis 
period. The TCO main assumptions are reported in Table 
1. Notably, financing costs were excluded from the analysis, 
as it was assumed that the fleet operator purchases the 
truck without relying on financial assistance.

Purchase Cost  With no mass production for group 9 
VECTO BEVs equipped with a 350 kW e-motor in a 6x2 
configuration, actual purchase costs are unavailable. The 
following estimation method is used:

•• Start from the purchase cost of a conventional 
group 9 VECTO truck.

•• Remove subsystems not required for BEVs (e.g., 
conventional powertrain, driveline, aftertreatment).

TABLE 1  TCO Model Assumptions

Parameters Assumptions
Analysis period 700000 km driven
Annual mileage 73000 km driven
Discount rate 10%
Inflation Average inflation over the last twenty years 

in Europe
Taxes All taxes linked to the truck ownership and 

operation
Road tolls Included
External costs Excluded
Financial benefits Excluded ©
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•• Add necessary BEV components (e.g., battery, motor, 
inverter), applying integration factors to component 
prices from literature.

The purchase cost of a conventional rigid truck with 
three axles is estimated at 170,000 EUR in 2022, consis-
tent with other studies [4, 30, 20]. Table 2 shows the key 
battery system parameters used in this study.

Taxes, Road Tolls, Driver Cost and Maintenance  Taxes 
were averaged across European countries, with owner-
ship (993.5 EURO/year), insurance (3000 EURO/year), and 
highway tolls (0.152 EURO/km) [4] calculated using the 
NPV formula, while one-time registration taxes (379 
EURO) were excluded [31, 32].

Driver costs, based on Comite National Routier data 
[32], amount to 48,409 EURO/year or 26.59 EURO/hour, 
considering 1,847 hours of driving.

Maintenance is reduced by 30% for BEVs compared 
to diesel trucks [33, 4, 30]. The maintenance cost is 
battery independent because it is function of the distance 
driven. In fact, in our model, maintenance data is sourced 
from [4] and includes repair and preventive maintenance, 
which costs 8.04 €/km, and tires. Tire costs are further 
subdivided into those for the front and driven axles (2.47 
€/km) and for the trailer tires (2.73 €/km).

Energy Carrier Cost  The energy carrier cost includes the 
expense of recharging the vehicle, considering both 
energy consumption and associated infrastructure costs. 
BEVs typically recharge at two types of stations: low-
power stations at fleet depots (up to 100 kW) and public 
fast-charging stations (around 350 kW). Our cost model 
incorporates both charging scenarios. For a more detailed 
explanation of the equations and methodology used, 
please refer to the previously published study [20].

While electricity cost data is sourced from EUROSTAT 
[34], focusing on non-domestic consumers, infrastructure 
costs are adjusted for inflation based on [4]. The propor-
tion of energy from public fast chargers is influenced by 
the truck’s range and energy requirements and is calcu-
lated from the vehicle simulation. The selected parame-
ters are reported in Table 3. In this study, the utilization 
ratio (UT) serves as a key metric to evaluate the opera-
tional efficiency of recharging infrastructure. As defined 
in [4], it represents the ratio of the annual energy output 
sold by the infrastructure owner to the maximum capacity 
of the infrastructure. Essentially, the UT indicates the 
number of trucks recharged annually per charger. The 
selected UT values reflect an average usage scenario, as 
detailed in [20]. all other parameters of Table 3 in this 

analysis are derived from the established cost model 
developed in the previously cited study.

Battery Replacement  The battery replacement cost is 
often overlooked in techno-economic analyses. In this 
study, we assume that fleet operators incur the full cost 
of a new battery pack without discounts for replacements, 
as they are also responsible for disposal or second-life 
applications. Consequently, the residual value of a battery 
pack when it reaches the EoL (depending on the scenario 
chosen) is treated as a sunk cost.

Battery replacement occurs when the capacity loss 
reaches 20% or 30%, quantified by the previously intro-
duced aging model. As previously mentioned, we consider 
two scenarios for replacement to account for the different 
possible regulatory scenarios: one replaces the battery 
at 80% state of health (SOH) while the other at 70% SOH. 
The total cost is calculated using the NPV formula, taking 
into account the replacement ratio derived from the 
truck’s lifespan compared to the battery lifespan.

Residual Value  Determining a truck’s residual value is 
complex since it is influenced by both age and mileage. 
Following the methodology outlined by Burnham et al. 
[35], we use an exponential function to assess the truck’s 
depreciation, quantifying its value without the battery pack.

For complete BEV trucks, we followed the proposed 
new approach to estimate the battery pack’s residual 
value, which depends on its remaining capacity at the 
vehicle’s end of life [36]. The model first identifies when 
the last battery replacement occurs, based on the replace-
ment ratio and battery lifespan. It then calculates the 
remaining distance the truck can travel after this replace-
ment and before reaching the end of its operational life.

Using the simulation model, we estimate the battery’s 
capacity loss over this distance to determine its residual 
capacity at the vehicle’s end of life. A linear interpolation 
method is then employed to compute the battery pack’s 
residual value.

Finally, we  combine the truck’s residual value 
(excluding the battery) with the estimated residual value 
of the battery to derive the total residual value of the 
BEV truck.

TABLE 2  Battery system parameters

Chemistry

Specific 
Energy (Wh/
kg)

Average Cost 
(EUR/kWh)

Integration 
Factor

LFP 103 130 2.5
© The Authors

TABLE 3  Recharging infrastructure parameters

Recharging technology
Slow charging 
station

Fast charging 
station

Utilization ratio (%) 20 5
Annual weeks 52 52
N° Operation per week 6 6
Charging power (kW) 100 350
Charging efficiency (%) 95 95
Internal rate of return (%) 4 10
Service life (y) 15 10
Tariff (EURO/kWh) 0.30 0.52©
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Results

Simulation Results
This study centers on a techno-economic analysis of a 
regional delivery VECTO Group 9 truck.

Different payloads and battery pack sizes are simu-
lated and analyzed to provide a thorough analysis of 
different truck configurations useful for the techno-
economic assessment. Here, we  evaluate different 
percentages of the maximum payloads (e.g. 0, 25, 50, 75, 
100 percent), and various battery pack sizes (e.g. 282, 376, 
470, 564, 658, 752, 846, 940 kWh of nominal energy) 
through the simulation model detailed in the Methods 
section. Since we study two EoL scenarios, 90 TCO config-
urations are assessed.

Simulation Model Results
The main parameters of the group 9 rigid truck are 
detailed in Table 4. The data, collected in Table 4, pertaining 
to the truck glider, including parameters such as wheel 
specifications, rolling resistance coefficient, final drive 
ratio, and gearbox configuration, are sourced from the 
VECTO European certification software, prior work [19, 
20] (e.g., E-machine characteristics), and informed assump-
tions (e.g., battery nominal energy).

Following the previously illustrated simulation 
workflow, we quantify the battery capacity loss profiles 
until battery EoL for the different battery pack configura-
tions. As previously mentioned, from the simulation 
model, we obtain the vehicle energy consumption, the 
distance traveled before the battery reaches its EoL, and 
the energy required from fast and slow charging stations.

It is worth highlighting that, as the battery ages, the 
energy charged with fast charging rises in comparison to 
the energy charged through slow charging, as shown in 
Figs. 2a and 2b. This phenomenon is due to the battery 
capacity degradation over its lifetime. Indeed, as the 

capacity gets lower, the battery is discharged faster, 
reaching the lower SOC limit sooner. Hence, the vehicle 
is stopped more often to recharge at public fast charging 
stations. Fig. 2a presents the energy supplied to the 
vehicle over its operational life (Eb). This graph proves that, 
while the slow charging energy is linear with the distance 
traveled because not highly affected by battery aging, the 
fast charging energy increases at an accelerating rate 
over the battery lifetime. Moreover, Fig. 2b helps to high-
light that the fraction between the fast charging energy 
and the total charging energy (Eb,fast + Eb,slow) increases 
from 15% at beginning of life to almost 35% at the end of 
life. These results show the importance of considering 
battery aging not only to obtain the battery replacement 
costs but also to quantify the energy carrier cost that is 
drastically influenced by the ratio between fast charging 

TABLE 4  BEV Main vehicle parameters.

Component Parameter Value
Vehicle Glider mass 11.7 tons

Gross mass 28 tons
Wheel radius 0.507 m2

Drag area CdA 5.2 m2

Rolling resistance coefficient Cr 0.0057
Final drive Speed ratio τfd 2.59

Efficiency 0.98
Gearbox Speed ratios τgb {3.86, 1.93}

Efficiency {0.95, 0.95}
E-machine Rated Power 350 kW

Maximum torque 1358 Nm
Battery Nominal voltage 710 V

Nominal energy 470kWh
Chemistry LFP

  FIGURE 2    Profile for the maximum payload and battery size 
of 470kWh truck configuration. (a): Fast and slow charging 
energy. (b): Percentage of fast charging relative to the total 
charging energy.
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and slow charging energies. This increasing ratio also 
poses a logistical challenge for drivers, who must find 
public fast-charging stations more frequently throughout 
the vehicle’s ownership period.

TCO Results
In this section, we present the TCO results, analyzing the 
9 different battery pack configurations considered with 
various payloads under two distinct EOL scenarios for 
truck battery packs. A significant distinction between the 
two scenarios is the number of battery replacements: 
replacing the battery at 70% SOH generally leads to much 
fewer battery pack replacements than 80% SOH, as 
depicted in Figure 3 and 4. This phenomenon occurs 
because capacity fading does not follow a linear trend 
over distance traveled or time elapsed; instead, it exhibits 
a negatively exponential pattern. Initially, the capacity loss 
is more pronounced, but as the distance traveled 
increases, the rate of capacity loss diminishes.

An interesting finding is that, since we assumed a 
daily mileage of 300 km, very large battery packs do not 

offer any advantage in reducing energy carrier costs. With 
smaller battery packs, the fast-charging ratio is already 
low, which is sufficient to meet the mileage requirement 
without frequent charging. However, the purchase cost 
for larger battery packs is significantly higher, resulting in 
an overall cost increase.

These results underscore the importance of tailoring 
the truck configuration to the specific mission require-
ments. Selecting the most suitable configuration is key 
to achieving cost-effective freight transport with zero-
tailpipe-emission trucks.

Another important difference reflected in the results 
is the residual value of the battery packs. As replacements 
occur at varying intervals, the last battery pack sold by 
the fleet operator at the end of its life will possess 
different residual lifetimes in each scenario, resulting in 
distinct residual values between the configuration with 
the same battery pack.

TCO When the Battery EoL Is Set to SOH 80%  We 
analyzed nine different battery pack sizes to understand 
how the TCO changes under varying load conditions, from 
empty to fully loaded trucks. As outlined in the 

  FIGURE 3    Breakdown of the TCO for various use cases with the battery’s end-of-life (EoL) set at a State of Health (SOH) of 
80%. The figure includes five subplots: the first subplot displays the TCO for different battery sizes when the truck is empty, 
followed by the TCO when the truck is loaded at 25%, 50%, 75%, and finally, at full capacity.
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methodology section, we classified the cost components 
into two categories: battery-dependent and battery-
independent costs. In the cost breakdown shown in figure 
3, we grouped all battery-independent costs together 
under “other costs.” This category includes expenses such 
as taxes, highway tolls, maintenance (which is modeled 
as a function of distance traveled), and driver wages, 
which remain constant across truck configurations.

Our findings indicate that total truck costs increase 
with payload. This is primarily due to higher energy 
consumption under heavier loads, which drives up energy 
carrier costs and accelerates battery wear. Heavier loads 
require a greater ampere-hour throughput, impacting 
battery capacity and longevity. For instance, when 
comparing an empty truck in the first panel to a truck 
carrying 75% of its payload in the fourth panel, the 
376 kWh and 470 kWh configurations experience an addi-
tional battery replacement and a higher energy carrier 
cost due to the higher load demand. These results high-
light the importance of an integrated simulation model 
that combines economic and technical aspects that, 
otherwise, might be overlooked.

Generally, the most cost-effective configuration mini-
mizes battery replacements and supports a low fast-
charging ratio, thereby reducing energy carrier costs. This 
dual reduction—fewer battery replacements and lower 
energy carrier costs—results in the most cost-effective 
setup across the different payloads. This approach also 
considers the fleet operator’s loss associated with the 
battery’s residual value at EoL. At this point, the residual 
value of the replaced battery becomes a sunk cost for 
the fleet operator, as it is transferred to the maintenance 
center for disposal, dismantling, or potential resale for 
secondary applications. Although different from zero, any 
remaining value at EoL is effectively lost from the opera-
tor’s perspective.

Looking again at the first panel, the most cost-effec-
tive option for an empty truck is the 376 kWh battery 
pack, as it requires only one replacement over the truck’s 
lifespan. As the payload increases, the optimal configura-
tion shifts to larger battery packs, up to 564 kWh for fully 
loaded scenarios. This shift is due to capacity fade corre-
lated with energy consumption; as payload increases, the 
energy demand rises accordingly, reducing battery 

  FIGURE 4    Breakdown of the TCO for various use cases with the battery’s end-of-life (EoL) set at a State of Health (SOH) of 
70%. The figure includes five subplots: the first subplot displays the TCO for different battery sizes when the truck is empty, 
followed by the TCO when the truck is loaded at 25%, 50%, 75%, and finally, at full capacity.
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lifespan. Additionally, larger battery sizes experience 
reduced cycle aging, further contributing to lower 
degradation.

Therefore, it is essential to understand each fleet 
operator’s specific business model. If a fleet primarily 
operates with trucks traveling empty, a smaller battery 
pack (e.g., 376 kWh) may be optimal. Conversely, if trucks 
are frequently fully loaded, a larger battery pack would 
be more suitable.

TCO When the Battery EoL Is Set to SOH 70%  As 
expected, when considering a battery EoL threshold of 
70% SOH, there are notably fewer replacements across 
all battery pack configurations and payload scenarios. 
Specifically, when the truck operates with zero payload, 
only the smallest battery packs (282 and 376 kWh) require 
replacement. For the larger configurations, no replace-
ments are necessary within the truck’s operational 
lifetime. However, as payload increases, even the third-
smallest configuration will eventually require a battery 
replacement.

Overall, the TCO in this scenario is lower compared 
to the 80% SOH EoL threshold scenario, underscoring the 
potential benefits of a standardized EoL threshold for 
batteries especially when we compare different technolo-
gies. Despite these differences, the most cost-effective 
configuration remains consistent, favoring setups that 
minimize replacements over the truck’s lifetime. This 
configuration has a smaller purchase cost and reduced 
energy carrier costs, as it relies more on depot charging, 
avoiding the high costs associated with battery replace-
ments and public fast-charging. This further highlights 
the importance of developing a cost model closely inte-
grated with technical factors, particularly payload and 
battery degradation over time, to scientifically compare 
configurations. This approach ensures a rigorous evalua-
tion that accounts for the real-life performance of each 
configuration, leading to a more effective and reliable 
cost analysis.

Another aspect to be considered is the generically 
lower residual value of the configuration assessed in this 
EoL scenario compared to the 80% SOH scenario. This is 
because the remaining life of the battery pack is shorter 
compared to the other scenario, resulting in a lower 
residual value. Consequently, the overall residual value, 
which depends on the battery pack’s residual value, is 
reduced. Note that the residual value of the glider remains 
unchanged, as both configurations cover the same 
distance and have the same operational lifespan.

Lastly, in the 70% SOH scenario, energy carrier costs 
are higher compared to the 80% SOH scenario. This is 
due to the increased reliance on public fast charging, as 
noted in Section and illustrated in Figure 2b. The battery 
fade at 70% SOH drives up the need for fast charging, 
which is less frequent in the 80% SOH scenario. However, 
this rise in energy carrier cost remains relatively low, as 
discussed in, because the overall fast-charging ratio is not 
high, even with the increase due to battery fade.

Thus, while the additional energy cost impact is 
almost negligible, this scenario does highlight a technical 

and logistical challenge. The driver must access more 
public charging infrastructure, which could pose significant 
practical limitations.

Conclusion
This study conducted a comprehensive techno-economic 
analysis of a regional delivery VECTO Group 9 truck, 
comparing various battery pack sizes and payload 
scenarios under two battery EoL conditions (i.e. 80% and 
70% of the initial SOH). Using simulation modeling, 
we quantified how battery aging impacts vehicle perfor-
mance and total cost of ownership (TCO) across different 
configurations.

Our findings highlight several insights relevant to fleet 
operators and also for policymakers. First, battery capacity 
degradation is a critical factor influencing not only the 
frequency of battery replacements but also the energy 
carrier cost and the residual value. The impact on the 
energy carrier cost is driven largely by the increased 
demand for public fast charging as battery capacity dimin-
ishes, as illustrated in Figure 2b, which shows the trend 
of the fast charging ratio (i.e., the proportion of energy 
provided by public fast charging stations relative to the 
total energy required to complete the truck’s mission). 
This ratio increases significantly from the beginning of the 
battery pack’s life to its end of life. For instance, in the 
illustrated scenario, the fast charging ratio starts at 17% 
and rises to approximately 32%. This is due to the battery 
aging phenomena. Given that the cost of energy from 
public fast charging stations (0.52 C/kWh) is higher than 
that from private slow charging stations (0.30 C/kWh), as 
highlighted in Table 3, battery aging has a substantial 
impact on the annual energy carrier cost. The effect on 
the truck’s residual value is also crucial because in our 
model we considered the battery residual value directly 
linked to the residual life of the battery and therefore with 
the capacity fade. In fact, the aging model enables us to 
predict the battery’s state of health at the end of the 
truck’s lifespan, allowing for a residual value estimation 
that considers the battery’s expected remaining life.

The analysis shows that battery size should be tailored 
to specific payload requirements and operational patterns. 
This conclusion is supported by the Results, which show 
that the truck’s TCO minimum for the same daily distance 
shifts from a nominal battery size of 376 kWh when the 
truck is empty to 564 kWh when it is fully loaded, in the 
80% SOH scenario. For regional distribution missions with 
set daily mileages, larger battery configurations do not 
necessarily result in cost savings on energy carriers. This 
occurs because the fast charging ratio remains essentially 
unchanged for battery sizes exceeding 658  kWh of 
nominal energy, when we consider a truck fully loaded, 
as the ability to complete the chosen daily mission (i.e., 
300 km) is already ensured with a battery pack of this 
size. Instead, if you decide to increase the battery size it 
will increase overall costs due to the higher purchase cost 
of the truck driven by the larger battery pack size.



	 10 COMPREHENSIVE TECHNO-ECONOMIC ANALYSIS OF BATTERY-ELECTRIC TRUCKS

The study further underscores the economic and 
operational impact of the EoL threshold. An EoL at 70% 
SOH results in fewer battery replacements over the 
truck’s lifespan compared to an EoL at 80%, reducing TCO 
by lowering both replacement frequency and associated 
costs. While the 70% SOH scenario incurs slightly higher 
energy carrier costs due to increased fast charging needs, 
the impact remains minimal within the scope of this 
study’s scenarios.

These findings demonstrate the need for a holistic 
TCO model that integrates both technical and economic 
factors, including load variability and battery degradation 
dynamics, to effectively guide fleet operators in selecting 
cost-effective and sustainable truck configurations tailored 
to their needs. For policymakers, this study also under-
scores the importance of standardized battery EoL 
criteria, especially when comparing BEV with alternative 
technologies from a techno-economic perspective, as 
these criteria have a substantial impact on overall results.

Future research should focus on extending this 
analysis to a broader range of duty cycles, such as 
longhaul missions and urban missions, and exploring 
different chemistries or advancements in battery tech-
nology that could mitigate fast charging, cycle aging and 
calendar aging impacts on degradation. Additionally, 
incorporating real-world data on infrastructure availability 
and charging patterns will further refine TCO models and 
support the industry’s transition to zero-emission freight 
transport. Moreover, assessing the impact of thermal 
management on battery aging and energy carrier costs, 
as it also affects the truck’s available range, will be an 
important focus. Lastly, conducting a comprehensive Life 
Cycle Assessment based on the rationale presented here 
will be essential to understanding the environmental 
impacts of battery aging over the truck’s lifespan, enabling 
fleet operators and policymakers to make more informed 
decisions.
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