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Abstract

The electrification of heavy-duty vehicles is a critical pathway toward improved energy efficiency
in the freight sector. The current battery electric truck technology poses several challenges to
commercial vehicle operations, such as limited driving range, sensitivity to climate conditions, and
long recharging times. Estimating the energy consumption of heavy-duty electric trucks is crucial
to assessing the feasibility of fleet electrification and its impact on the electric grid. This article
focuses on developing a model-based simulation approach to predict and analyze the energy
consumption of electric trucks by considering the impact of weather and geographical conditions
on vehicle road load and auxiliary components power consumption, as well as the impact these
factors have on driving range. Specifically, drayage trucks employed in logistics around maritime
ports are used as a case study, with consideration of seasonal climate variations and geographical
characteristics at different locations. The article includes results for three major container ports
within the United States, providing region-specific insights into the energy requirements and driving
range of the electric drayage trucks in these regions, which will inform decision-makers in integrating
electric trucks into the existing drayage operations and plan investments for electric grid development.
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oving goods is crucial to the U.S. economy, with
heavy-duty trucks dominating freight movement:
45% of ton-miles, 60% of shipment weight, and
62% of shipment value. Projections show a 50% rise in
freight movement by 2050, with trucks playing an even
greater role. The trucking industry forms 5.6% of the U.S.
GDP, amounting to $1.3 trillion, and employed nearly 2
million drivers for heavy-duty and tractor-trailers in 2021
[1, 2]. Transportation significantly impacts energy use and
emissions, being responsible for 23% of global fossil fuel
emissions, with the U.S. as a major contributor [3]. Since
2016, transportation has been the top greenhouse gas
(GHG) source in the U.S,, surpassing electricity [4].
Electrifying heavy-duty vehicles (HDVs) is crucial for
reducing transportation energy consumption and
enhancing air quality. Full electrification will be gradual
and faces various challenges. Switching HDV sales to zero-
emission vehicles (ZEVs) will likely take over 20 years [2].
Identifying HDV subgroups, assessing needs, and evalu-
ating if current technology and infrastructure can support
ZEV adoption is essential. Some fleets may require addi-
tional support to transition to electric models [5, 6].
Current ZEV technology includes battery electric and
hydrogen fuel cells, requiring investments in clean energy
and charging/fueling networks. The Oak Ridge National
Laboratory’s OR-AGENT framework has been developed
to aid the shift toward electrification by optimizing (i)
powertrains, (i) infrastructure, and (i) regional energy
systems, such as the grid and distributed resources.
Figure 1 presents the OR-AGENT workflow. OR-AGENT
offers valuable insights for industry stakeholders such as
fleet operators and energy providers, supporting HDV
applications in specific operation domains. The HDV
energy requirements are determined in OR-AGENT

through detailed simulations in the “Mission Processing”
block (see red box in Figure 1), which uses the vehicle
energy consumption model developed in this work.

The focus of this article is the development of high-
resolution models for accurate energy consumption esti-
mation of Heavy-Duty Electric Vehicles (HDEVs). The work
includes some case studies to showcase the influence of
various geographical and weather conditions on the
energy consumption and the resulting driving range of
electric trucks. For a comprehensive understanding of
OR-AGENT, readers are referred to the paper by Sujan
et al. [7].

Furthermore, this study focuses on drayage trucks,
a specific type of HDV operations. Drayage refers to the
transport of freight containers from an ocean port to a
destination over short to medium distances (usually below
400 km), commonly referred to as the “first mile” in the
logistics industry. HDVs used in drayage applications are
usually Class 7 and 8 trucks according to the U.S. Gross
Vehicle Weight Rating (GVWR) classification and are
predominantly day-cab tractors. A pictorial illustration of
drayage operations is presented in Figure 2. Drayage
loads typically have departure and arrival points in the
same region and do not focus on long-haul movements.
Nonetheless, drayage is an integral part of the logistics
industry and vital to the overall supply chain
management process.

Several major U.S. ports, such as Seattle, New York
& New Jersey, Savannah, Houston, Los Angeles, and Long
Beach, each in unique regions, exhibit varied seasonal
climates and geographical traits. The energy use of
ground vehicles is significantly influenced by driver
behavior (like acceleration patterns or speed) and envi-
ronmental conditions [8, 9]. Notably, temperature shifts
impact energy needs for heating, ventilation, and air-
conditioning (HVAC) systems, especially in electric vehicles,

m OR-AGENT framework. (Adapted from Ref. [7]) The red box highlights the models developed and presented in

this article.
I OR-AGENT >
-~ Mission Omplft ~ Vehici d
Operating Input processing processing Capacity, cost ,p rocessing e ean
d L LN | PR - fleet owner/
omain i _ 5 High-res Energy supply TCO operator
specification Operatfng vehicle model characterization |} | © Yehicle luti

: domain i + Conventional * Diesel i : l];leetl " SOUOnS
Objective | characterization |} || |+ Electric * Electricity omicile(s) Ener: 3
L g e Weath : * Tuel cell + Hydrogen ° Eisigy &y »
. cather . . -
loca.l and [> © R - Hybrid I o Infrastructure ) dispensing g
regional ' Traffic * Biofuel Objective infrastructure | &
constraints *  Stops optimization solution il
= Smart energy Microgrid p o s 5
nergy Processing P ; nergy =z
. rocessin g : : s
infrastructure : Road “eFWO.rk . — g : constraints/ | : generation %
. || characterization | Energy DER stiting | : targets ' 2
region of il + Count statistics | demand qty/ + : : anfl X g
interest L= Weight statistics | schedule Energy flow | | : transm¥ss10n W
T control =Ry solution a
©




Downloaded from SAE International by The Library, Tuesday, July 07, 2026

Shiledar et al. / SAE Int. J. Elect. Veh. / Volume 15, Issue 3, 2026

m Pictorial representation of drayage operations or
“first mile” logistics. Containers are shipped using drayage

trucks from an ocean port (origin) to a certain distribution hub
(destination) over “outbound” routes. Trucks then return to the
port, traveling over “inbound” routes.

b

Inbound
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which lack engine waste heat for cabin warming. Extreme
temperatures can also degrade battery capacity and
lifespan, reducing driving range. Geography impacts
energy use through elevation and road grade, often
increasing consumption in hilly areas. Consequently,
regional energy demand for electric trucks varies, affecting
vehicle energy storage design, grid charging demand, and
fleet operating costs. This work adopts a bottom-up
approach, modeling energy consumption in electric
drayage trucks, with a focus on driver habits, seasonal
climates, and geographic factors, to support battery
electric trucks (BETs) deployment with minimal port
disruption. As indicated, BETs" adoption hinges on proving
electric powertrains’ efficiency and cost competitiveness
against diesel engines [10]. A high-resolution vehicle simu-
lator in the OR-AGENT project assesses energy needs in
HDVs and addresses research queries like:

¢ Influence of geography and climate on energy use,
driving range, and payload capacity of electric
drayage trucks.

e Effect of seasonal energy needs on recharging for
the drayage fleet.

This research focuses on drayage operations at the
Port of Savannah in Georgia (GA) and extends to the ports
of Houston in Texas (TX) and Tacoma in Washington (WA).
The regional distinctions in geography and weather across
these ports help reveal variations in the energy consump-
tion of electric drayage trucks.

Related Work

In this section, previous research work is reviewed to
show how the proposed models and simulations
strengthen the state-of-the-art methods for energy
consumption evaluation of electric trucks and how this
work extends the understanding of electrifying the
drayage sector. Previous work in this research area
focused on the feasibility of drayage electrification,
addressing the following research questions:

* |s state-of-the-art battery technology capable of
handling the current drayage fleet operations and
allowing a transition to zero-emissions HDVs?

e (Can the electric grid support the
charging infrastructure?

e What is the overall impact of the deployment of
BETs on well-to-wheels emissions?

Tanvir et al. [11] present a well-structured viability
assessment of operating an electric drayage fleet in
Southern California. Real-world operational data of the
current conventional diesel fleet is collected from 20
trucks. Using a virtual vehicle simulator, the electrical
energy usage and the battery state-of-charge for BETs
are estimated on the real-world collected data. The
analysis explored various scenarios with differing assump-
tions for battery charging and truck scheduling. The
results indicate that 85% of the tours could be completed
by electric trucks with a 250-kWh battery capacity if
charging opportunities are available at the home base
during the intervals between the tours. However, the
energy consumption model presented in this study is
quite simple and based on several assumptions. Despite
the efforts of the authors to consider conservative
assumptions, their model mostly uses constant climate
conditions, component efficiencies, and auxiliary loads,
e.g, HVAC, even though this can greatly affect the energy
consumption estimation, reducing (or increasing) the
percentage of tours that could be served by the electric
trucks, therefore limiting the reliability of the results. Also,
the model does not seem to account for the geographical
characteristics of the region, neglecting the power
consumption related to road slope and elevation.

Exhaustive reports on drayage electrification for the
Port of New York and New Jersey and on the total cost
of ownership for Class 8 tractors have been published by
the National Renewable Energy Laboratory (NREL) [12, 13].
NREL researchers used the Future Automotive Systems
Technology Simulator (FASTSim) model to estimate the
energy consumption of BETs and other vehicle technolo-
gies [14]. While FASTSim accounts for road grade, auxiliary
loads, and powertrain inefficiencies, the models are not
explicitly dependent on the seasonal and regional climate
conditions, such as ambient temperature, which in the
present work are shown to have a significant impact
for BETs.
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Some studies propose region-specific case studies
to analyze BETs energy consumption and feasibility or
compare alternative HDV powertrain technologies based
on well-to-wheels GHG emissions and cost of ownership.
For example, Mojtaba Lajevardi et al. [15] considered
British Columbia, Zhang et al. [16] examined China as a
case study, and Middela et al. [17] focused on India. While
these studies factor in the impact of the grid energy mix,
battery manufacturing, and recycling, on the final GHG
emissions and costs, they also acknowledge the sensitivity
of the results to the accuracy of the models used for
estimating the energy consumption, which do not include
region-specific considerations. Recent work by Borlaug
et al. [18] and Shoman et al. [19] has addressed the
charging requirements for the electrification of heavy-
duty trucks. Both studies rely on assumptions for the
average energy consumption of electric trucks and use
sensitivity analysis to account for the uncertainty of this
parameter. In particular, the former work explores the
sensitivity of the results when energy consumption is
varied between 93 and 174 kWh/100 km (1.5 and 2.8 kWh/
mile) with a baseline of 111 kWh/100 km (1.8 kWh/mile),
which shows that the daily energy requirements vary
significantly. The latter work discusses how the average
energy consumption for BETs varies significantly among
studies, with values ranging from 120 to 123 kWh/100 km
for estimates for 2030, to real-world driving data showing
80-120 kWh/100 km on urban roads and 130-180
kWh/100 km on highways.

The need for numerical simulations to evaluate the
energy consumption of BETs emerges from the very
limited availability of real-world or experimental data. To
the best of the Authors’ knowledge, one of the few
studies reporting BET experimental data is the work by
Sato et al. [20]. The purpose of their study is to quanti-
tatively investigate the energy consumption and energy
regeneration rates for medium- and heavy-duty battery-
powered electric vehicles that use different driving cycles
on a chassis dynamometer.

Zhang et al. [21] utilized a physics-based model for
the analysis of energy consumption in a mid-size
passenger EV, with the influence of ambient temperature
and average driving speed studied on energy efficiency.
However, the equations do not explicitly show the depen-
dence of energy consumption on the ambient tempera-
ture. In another study by Bai et al. [22], to determine the
cost-effectiveness of renewable energy pathways to
decarbonize heavy-duty trucks in China, a linear relation-
ship between vehicle energy consumption and vehicle
weight was used to estimate the energy requirements
of the electrified heavy-duty fleet. Even though the impact
of vehicle weight on energy consumption was captured
using a simple model, the influence of other geographical
factors and weather conditions was excluded.

The presented literature review shows that, although
addressing the research questions regarding the feasi-
bility of drayage electrification requires accurate energy

consumption models, previous studies often overlook
seasonal and geographical impacts, which can have a
profound impact on the outcomes of the feasibility
analysis. This work aims to fill this gap by developing a
detailed vehicle energy consumption model for HD electric
trucks to assist in conducting feasibility analysis for
electric drayage truck applications.

A simulation-based analysis is performed in this study to
assess the energy requirements of electric drayage trucks
and understand the influence of seasonal and regional
variations on the total energy consumption. This section
presents the proposed energy consumption model for
simulating HDVs.

Truck Energy Consumption Model

The vehicles modeled in this study are representative of
heavy-duty Class-8 diesel and electric trucks available in
the U.S. market. Models for both vehicle types are devel-
oped in the MATLAB/Simulink environment using the
approach described in Onori et al. [23]. The block diagram
of the vehicle simulator is depicted in Figure 3.

The driver model takes as input the upcoming route
information and the current vehicle speed to generate
the driver commands. The powertrain controller trans-
lates the commands into torque requests for the propul-
sion system, which responds by generating the necessary
torque. The generated power is then transmitted to the
wheels to overcome road load resistance. Subsequent
sections will detail the modeling of the components of
the vehicle simulator and the process of route and
weather data collection.

Driver Model

The modified Enhanced Driver Model (mEDM) from
Shiledar et al. [24] is utilized in this work to emulate the
driving behavior of real-world drivers. The mEDM receives
route data such as speed limits, road gradients, and traffic
conditions to set the target vehicle speed. This model

m Block diagram of the developed vehicle simulator.
The main input is route information; the main output is the
resulting energy consumption.

Power J‘ Energy
consumption
Route
Torque

informati i APP . i Torque|
information | Driver model ar Powertrain | request Propulsion q Road load
(mEDM + system + | Speed

|_. PI) F. controller drivetrain model —‘
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replicates the behavior of a heavy-duty truck driver,
including preemptive deceleration before slow-speed
road segments to mitigate the high inertia of the vehicle.
The mEDM also allows for varying the level of driver
aggressiveness (calm, normal, and aggressive) by changing
the model parameters, which have been calibrated based
on real-world driving data. A proportional-integrator (PI)
controller then manages accelerator and brake actions
to follow the target speed. The model equations in
different driving modes, freeway driving (FD) and safe
deceleration (SD), are given below:

ifv(t)<vy(t) [FD]
o(e) () [70]
|fS(t) < Sbrake (t) [SD:|
Shrakess = (1+C1j v(t)
rake,SS S
Sbrake,si = {'] + Q] [\/Z(t—\/snMJ (1)
Slehange S >h

where v is the vehicle speed, a(> 0) is the maximum
allowable acceleration, b(> 0) is the maximum allowable
deceleration, § is the parameter representing the driver
aggressiveness (also referred to as acceleration exponent),
Vg is the speed limit on the road, 6, is the difference
between the actual speed limit and the driver’s perceived
speed limit, s is the distance to the next obstacle (distance
to upcoming stop sign or red traffic light), Xego aNd Xpex
are the distances between the ego vehicle and the next
obstacle (upcoming stop sign/red traffic light: xss or next
speed limit change, XS’change)' Further, s¢ refers to the
safe gap from the obstaclethat the ego vehicle maintains
while it is stationary, and ¢, is the braking aggressiveness,
which is a calibration parameter for the critical braking
distance Sp.4ke that dictates the switching to safe preemp-
tive deceleration mode. In case of a stop sign, the critical
braking distance is given by Spukess and for the speed
limit change it is given by Sbrake, Slchange The speed limit on
the portion of road following the speed limit reduction
location is given by vy . Depending on the upcoming
obstacle v, can either be zero (if the next obstacle is a
stop sign) or vy . (if there is a speed limit reduction).

The mEDM parameters used for varying the aggres-
siveness level of heavy-duty truck drivers from [24] are
given in Table 1.

TABLE1 mEDM parameters for varying aggressiveness levels
of heavy-duty truck drivers.

mEDM

parameter Calm Normal Aggressive
a (m/s?) 0.29 043 048

b (m/s?) 038 0.76 094
5(—) 173 3.03 3.90

0y (M/s)* 0.57 0.57 0.25

G (=) 06 032 0.21

* |t is assumed that both calm and normal drivers will
be comfortable with the same speed offset from the speed limit,
whereas the aggressive driver will try to stay closer to it.

© SAE International; UT-Battelle, LLC

Detailed Road Load Model

As far as resistive forces are concerned, only the ones
impacting the longitudinal dynamics of the vehicle are
included in the simulator. Aerodynamic drag, Fer, rolling
resistance, F, inertial force, Fineria, @and grade force, Fyrage,
are the main driving resistances that a truck must
overcome. Together, these resistive forces acting on the
vehicle are termed the road load, F, in Equation 2, and
are shown in Figure 4.

=2 2.Co() AV +MGC, (Tyev)cos(a)

-
Faero

, av
+/\/lgsm(oz)+/\/|eq ot )
——— -

Finertial

Fron

Farade

T, =F-1,

O, =—
rW

where aerodynamic drag depends on air density p,, drag
coefficient Cg, vehicle frontal area A; and speed v; rolling
resistance depends on vehicle mass M, rolling resistance

m Longitudinal resistive forces on a truck. The
vehicle's powertrain will need to generate the tractive or

braking forces to counter the resistive forces and achieve a
desired vehicle speed.

Aero, dynamic Tractor
drag ~ Container
7 Inertia]
' — Q h Grade
= ==Y
—

DO
Rolling resistance ~
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TABLE 2 Summary of BET road load parameters.

Parameter Value

Vehicle curb mass w/o battery 6930
pack (kg)
Frontal area, Ar (M?) 10

Aerodynamic drag coefficient,
Co (=)

Rolling resistance coefficient,
Crr (_)

Wheel radius, r,, (m)

Function of truck configuration
and yaw angle with wind
Function of truck speed and
tire shoulder temperature
0.483

coefficient C,, and road slope a which is determined based
on the elevation profile of the route; grade force depends
on vehicle mass and road slope; inertial force depends
on equivalent vehicle mass M., and acceleration dv/dt; g
is the gravitational constant, T, is the total tractive wheel
torque provided by the powertrain, w,, is the wheel
angular speed, and r,, is the wheel radius. It is thus critical
for estimating energy consumption that these resistive
forces are comprehensively modeled. The summary of
vehicle road load parameters is given in Table 2.

Aerodynamic Drag
Coefficient Model

The truck configuration can be bobtail, tractor-trailer, or
tractor-flatbed trailer. Utilizing the data from [25], the
aerodynamic drag coefficient, C4(y, ¢), for a conventional
heavy-duty truck commonly used in the U.S., is modeled
based on various truck configurations, ¢, and as a function
of the relative yaw angle, y, with the wind direction. The
relative yaw angle with the wind is determined using the
following equation from [26],

v, sin(8, -6, J

_ -1
v=pan {v+vW cos(&w —Hh)

(3)

where v,, is the wind speed, 6,, and 6, are the wind and
vehicle heading directions, respectively.

Figure 5 shows the yaw-averaged aerodynamic drag
coefficient for different configurations of conventional-
style trucks, along with the percentage change in aero-
dynamic drag coefficient observed between the different
truck configurations.

Rolling Resistance
Coefficient Model

In the vehicle simulator, a detailed transient rolling resis-
tance (RR) model specifically designed and calibrated for

© SAE International; UT-Battelle, LLC

m Percent reduction in yaw-averaged (0- and
6-degree yaw angles) aerodynamic drag coefficient Cy4 for
different configurations of conventional-style trucks. The drag
coefficient can change up to 25.8%, which will directly affect
the vehicle’s energy consumption.

Tractor-trailer Tractor-flatbed Bobtail
\ trailer
C_d =0.723 Cd = 0 605 Cd =0.537
[ -163%
| —25.8% >

heavy-duty truck tires by Hyttinen et al. [27] is incorpo-
rated. This model considers the variation in RR coefficient,
CiTiire, V), due to tire shoulder temperature, Ty, and
vehicle speed. The equations obtained for RR coefficient
modeling are given below:

C (anerv) rrm(Tt)re+AT(V )
T

Crr,m(T) Crrh'i_( m0 )e g (4)
AT(v)=T,-(To-T,)| 2- e
1+e7Z

In the above model, the influence of vehicle speed,
v, on the RR coefficient is accounted for by a virtual
shift in tire temperature given by AT(v), and the tran-
sient RR coefficient is given by the master rolling resis-
tance curve, C,.(T). Further, C,.q represents the RR
coefficient at 0°C tire temperature, C,.p,, indicates the
RR coefficient at elevated temperatures, and A, the
decay parameter that determines the rate at which the
RR value transitions from higher to lower values as the
tire temperature changes. Furthermore, the tire
temperature shift parameters include T, and T, which
denote the temperature shift at zero and high vehicle
speeds, respectively, while a, governs the rate of
temperature shift reduction from higher to lower values
across varying speeds.

Additionally, a simplified thermal dynamics model for
the heating/cooling effects due to the interaction between
tire, road surface, and ambient air, T,,.;, is considered [28].
The thermal dynamics model of tire heating/cooling is
given as follows,

© SAE International; UT-Battelle, LLC
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d 1 Electric machine power conversion
7Ttire (t) Y Ttire (t) - Tst (VlTamb) efficiency map.
dt r(v)
. 1 EM efficiency
r(v) =7, + (To —rh)e " (5) .., B | oo
~ Continuous &
v \L 0.8 torque limit &D 0.8
Ty (V,Tamb) =Kkv+n, - (nc - Tav,ef)e r % —ﬁf:l‘: torque % 0.7 0
8 & 0.6
_(Ta,ref - Tamb) = 0.6 : 5.’?
3 i S %3
s 3 = &
E 0§> 0.4 1 0.4 ;
Where TV, T,my) is the stabilized tire temperature fora ¢ g i 03 @
given vehicle speed and ambient temperature, which = 202 0.2
depends on calibrating multiple factors that include k,n, 2 0.1
and y; T, ¢ is the reference ambient temperature where g 0 0
the model is parameterized. Furthermore, 7 (v) is the S 0 02 0.4 0.6 0.8 1
vehicle speed—dependent thermal time constant. The g Normalized EM speed (—)
thermal constant varies between z, when the vehicle is
stationary and t;, for higher vehicle speeds. §, governs
the rate of decline from high to low value of the time T+ Tor =T,
constant at different speeds. T - T o
em ne . ﬂgbvi . Zfd 'iwe ﬂgb,l 77fd 77we
Electric Truck Powertrain Model {7 =1 T,<0
The powertrain of the electric truck is a tandem e-axle y=-1 T,20 ©6)
configuration, as shown in Figure 6, based on the publicly Oory = Oy A * ey * Ae
available information on the Kenworth 6 x 4 T680E. Each y=1 T <0
- b em

e-axle has an electric motor (EM) that can provide a
maximum power of 250 kW, and its power conversion
efficiency is modeled using a performance map. The EM
efficiency map, as shown in Figure 7, is obtained using
available EM data from a production vehicle, and is appro-
priately scaled using the Willans lines approach to match
the specification of the modeled HDEV. The EM is
connected to a 3-speed gearbox (with gear ratios of 5.6:1,
2.8, and 1.4:1). The gearbox, along with the final drive
ratio of 2.4771 and wheel end reduction of 2:1, gives the
required torque amplification at the wheels. The model
equations for the BET powertrain are given below.

P

em

y=-1 T,,=0

em —

= Tem * Qern - neym (a)emrTem) {

Ne - Pem + Paux (Tamb)
Vbatt

Ibatt =

Where T, is the total axle torque and T, is the total
brake torque. Tem @em Perm @Nd 5o, are the EM torque,
angular speed, electrical power, and efficiency, respectively;
Ne(=2) is the number of e-axles; Ag4p; and ng,; are the gear
reduction and gear efficiency of ith gear in the gearbox,
respectively; A, and ny are the gear reduction and

m Schematic of the electric truck powertrain including the auxiliary components. EM: Electric Motor, GB: Gearbox, Diff:
Differential, HV: High Voltage, LV: Low Voltage, DC/DC: Convertor, DC/AC: Inverter.
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efficiency of the final drive reduction, respectively’ A, and
Nwe DeINg the gear reduction and efficiency of the wheel
end reduction; Iy, and Vyae are the current and terminal
voltage of the high-voltage Li-ion battery pack, respectively;
Pux(Tams) IS the total power drawn from the battery pack
due to all the electrical auxiliaries. A major advantage of
an electric powertrain is the ability to harness kinetic
energy during deceleration events, by the process of regen-
erative braking, where the EM acts as a generator. In this
work, a series regenerative braking strategy is employed
to maximize the kinetic energy recovery during the braking
events, where the EMs provide the braking torque at the
wheel until they reach their minimum continuous torque
limits. Any braking torque required beyond the EM capacity
is met by the service brakes.

The battery pack provides the power to the drivetrain
and the energy consumption of the vehicle is determined
by integrating a High-Voltage (HV) Li-ion battery model
into the simulator. The pack uses LG INR21700-M50T cells,
which have NMC-811 material in cathodes and graphite/
silicone as anodes [29]. The battery model accounts for
cells’ electric and thermal dynamics, assuming all cells are
identical for modeling, simplifying input/output scaling from
cell to pack. Lucero et al. [30] found that neglecting varia-
tions in parallel cells minimally impacts pack energy output
while significantly reducing the computations. A first-order
equivalent circuit model (ECM) of a cell's electrical dynamics
[31] is used as given below:

Ice// (t)

d
a2oc(t)=- 3600-Q,,,

dt

%VRC (t) = —T(;OC)VRC (t)+C1(S1OC) Ice//(t>
Veer (£) = Vo (SOC) = Ry (SOC ) - hy () = Vie (£ )

where the battery state-of-charge is SoC, the polarization
voltage is Vi, the capacitance is G, the relaxation time scale
is 7 (SoC) = Ry(SoC) - C4(SoC), the polarization resistance is
R:(SoC), the high-frequency resistance is Ry, and the cell
current is I The ECM parameters are characterized as a
function of the battery state-of-charge, using the experi-
mental data collected at a fixed temperature of 23°C [29].

The battery pack is liquid-cooled with a water—glycol—
based coolant. The temperature dynamics are modeled
using a lumped model approach. The battery pack housing
temperature, Ty, and the individual cell temperature, T,
follow the dynamics as given by the following equation,
which is obtained from [32].

Tho(t) = Teen (€
CCEN ETC‘E” (t) = ’ce// (Voc - Vce”) + M

dt Reetipo
Cho iTho (t) = NCeNs TceH <t) - ThO (t) + Tamb <t) ~ ThO (t) (8)
dt Rce&/,ho Rho,amb

_Qcool “Ue + Qheat “Up

where C, and G, are the lumped thermal capacities of
an individual cell and the battery housing, respectively;
Reeino is the thermal resistance between a single cell and
the housing and is assumed to be identical for all the cells;
Neens 1S the total number of cells; Ry, amp 1S the thermal
resistance between the housing and the ambient air.
Finally, Q. is the heat removed from the battery during
battery cooling, while Q.5 is the heat added to warm up
the battery by the battery thermal management system
(BTMS). The variables u,, u, € {0,1} are binary variables
that control whether the BTMS is cooling or heating the
pack housing or is otherwise off. Since all the cells are
assumed to be in thermal equilibrium, no term represents
the heat transfer between adjacent cells of the pack.

Auxiliary Components Model

Auxiliary components like the BTMS heater and chiller,
power steering pump, transmission fluid pump, and pneu-
matic brakes are vital for HDV function. In conventional
trucks, most auxiliary systems are mechanically linked to
the engine (by means of belts), so their power usage
depends on engine speed. However, in BETs, auxiliaries
are independently powered and unaffected by vehicle
speed, allowing optimal efficiency. This is most prominent
in the case of the HVAC system, where the compressor
in a BET is powered by an EM, thus also referred to as
E-HVAC. Comprehensive dynamic modeling of auxiliary
systems is complex, as the power consumption of
different auxiliary components varies by driver, road,
weather, and traffic conditions [33]. Weather impacts cabin
temperature needs, thereby the HVAC energy consump-
tion. Power for auxiliaries in HDVs can be quite substantial.
As all energy in BET comes from batteries, modeling
auxiliary power consumption is crucial for accurate energy
use estimation. For control applications, detailed models
like those in Khuntia et al. [34] for cabin-HVAC or Silvas
et al. [35] for power steering are overcomplicated. Instead,
a simpler transient model from Gao et al. [36] is used
here. Auxiliary loads are modeled with an on/off duty cycle
approach. The periods, duty cycles, and nominal operating
power of the auxiliary components in the electric truck
are given in Table 3. Ambient temperature affects certain
auxiliary loads; therefore, it is factored into HVAC and
air-brake system loads, as shown in Figure 8. The relation-
ships shown in the figure are based on steady-state load
data under various temperatures [37-39]. The HVAC
compressor and air-brake pump’s duty cycles, originally
50% and 5%, change based on ambient temperature to
ensure average power aligns with the temperature-
dependent load.

Finally, the water—glycol coolant—based BTMS is
modeled separately, considering the thermal model of
the battery pack and a simple heuristic-based thermal
management strategy developed to maintain the battery
temperature within a +5°C about the desired operating
temperature of 25°C. The power consumption of BTMS
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TABLE 3 Duty cycle—based modeling approach of electric
truck auxiliary component’s power consumption.

Nominal
Auxiliary operating
component Period (s) Duty (%) power (kW)
BTMS — — Battery TD
E-HVAC 150 Amb. TD 2.71
compressor
Air-brake pump 100 Amb. TD 219
Power steering 100 10 30
pump
Cooling fan 200 4 5.49
EM cooling pump — — 076
Transmission fluid — — 05
pump
Electrical load — — 0.5

© SAE International; UT-Battelle, LLC

Amb. TD = Ambient temperature dependent; Battery TD = Battery
temperature dependent.

The period, duty, and nominal operating power of various auxiliary
components are obtained from Gao et al. [36].

heater, Ppeaten @and chiller, Ppinen are determined based on
the constant value of heat addition and extraction from
the housing as well as on the coefficient of performance
(COP). The BTMS system COP for heating (COPgrys heater
= 4) and for cooling (COPgrus,cooler = 3) are obtained from
Teichert et al. [32], and are used in the equation below:

= %
heater —
COP BTMS heater

Qcoo/ (9)

P =
chiller
COPBTMS,chr’I/er

Truck Energy Consumption
Model Validation

In addition to the BET powertrain model, the powertrain
of a conventional diesel truck is also modeled, with details
in the Appendix. Due to the lack of experimental data
from heavy-duty electric trucks in operation, the

m Ambient temperature dependence of HVAC
system load (left) and air-brake system load (right).
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Ambient temperature (°C)

validation of certain subcomponents, such as the compre-
hensive road load model, is performed using the conven-
tional truck model, as test data is available for heavy-duty
conventional trucks in varying weather conditions. Energy
consumption model validation uses data from [4Q], which
studied ambient effects on fuel use in commercial vehicles.
The study examined the variation in fuel consumption
due to seasonal changes in Quebec, Canada. The track
test results of a heavy-duty 2017 Freightliner Cascadia
truck are used to validate the conventional truck’s energy
consumption model. The referenced study’s truck specs
align closely with the conventional truck modeled in this
work, differing mainly in model year (2017 vs. 2018) and
engine power (410 hp vs. 455 hp). Validating the conven-
tional model supports verification of the HD truck road
load model, applicable to both electric and conventional
trucks. The tests in the referenced study were recreated
in simulations. The test vehicle’s weight is set to 24,880 kg
and is driven at constant speeds. The average speed, test
duration, ambient conditions, and fuel consumption from
experiments and simulations are given in Table 4.

Simulated fuel consumption results align closely with
experimental data, showing a —0.7% deviation in fall and
2.8% in winter, affirming the proposed model's accuracy for
heavy-duty trucks. In both cases, the error remains well
within acceptable bounds for energy consumption modeling.
The slightly larger error observed in winter may be a result
of the additional uncertainties associated with cold-weather
conditions (e.g., temperature-dependent powertrain compo-
nent efficiency changes), which are not captured by the
model. However, electric trucks lack sufficient experimental
data for system-level validation. Nonetheless, it should
be noted that electric truck powertrain component modeling
in this study relies on component-level experimental data.
The energy consumption of BET under nominal operating
conditions, according to the model, ranges between 120 and
180 kWh/100 km, consistent with the literature and the initial
tests, as shown in Table 5.

The final validation step is to verify that the BETs can
meet the performance requirements for the drayage
application. Simulations are conducted to evaluate the
performance of the BET compared to the conventional
baseline in terms of maximum speed, acceleration times,
gradability, and stability specifications for an HD truck in
drayage applications. The results of the performance
validation are tabulated in Table 6.

The performance of the electric truck is similar to or
exceeds that of the conventional truck and can meet the
performance requirements of the HDV performance for
drayage application, as reported in the CALSTART report
[45]. It is important to acknowledge that the validation of
the BET presented above lacks direct system-level veri-
fication, unlike that conducted for the conventional truck.
In the absence of detailed experimental data required for
comprehensive validation, a comparison of energy
consumption variations with ranges reported in the litera-
ture is employed as a sanity check.
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TABLE 4 Test conditions and vehicle energy consumption model validation for conventional truck.

Season Fall Winter

Vehicle speed (km/h) 105 90

Test run length (km) 100 90

Ambient temperature (°C) 15.4 -63

Air density (kg/m3) 1.245 1337

Average fuel use Exp. Sim. Exp. Sim.
Consumed fuel (kg) 2945 2965 2776 26.98
Fuel consumption (L/100 km) 35.27 35.51 36.94 35.90
Experiment and simulation error (%) -0.7% 2.8%
TABLE 5 Validation of electric truck energy consumption.

Source Energy consumption (kWh/100 km) Method
Sato et al. [20] 126148 Experimental
Ragon [41] 90-150 Experimental
NACFE RoL report [42] 159 Experimental
CARB report [43] 120-148 Experimental
Mansour et al. [44] 138 Simulation
This article 120-180 Simulation

Routes and Weather Data
Gathering

This section details the procedure followed to obtain the
operating domain characterization for the drayage truck
application case study presented in this work. To under-
stand the energy requirements of drayage trucks, the
first data acquired is the route origins and destinations
(OD) that these trucks are expected to travel onin a year
in a specific region. The route ODs are obtained using the
process described by Sujan et al. [46], which takes into
account the freight movement collected using the
Streetlight data. The route ODs for the drayage trucks
operating in the Port of Savannah, GA, are identified sepa-
rately by month and for both the inbound and outbound
travel directions to/from the port. Figure 9 shows the
major origin and destination locations for inbound and
outbound travel to/from the port, in different months of
the year 2021, respectively.

© SAE International; UT-Battelle, LLC

Using Google and HERE Routing, the trips to and
from the Port of Savannah, GA, for each OD location are
mapped, including route data like latitude, longitude,
distance, speed limits, and elevation. Subsequently, local
weather conditions along these routes are collected,
emphasizing the impact of weather on vehicle energy
use, with ambient temperature and air density as key
factors, as given in Equations 1-8. National Oceanic and
Atmospheric Administration (NOAA)—Meteorological
Assimilation Data Ingest System (MADIS) data and the
method from [47] are employed to calculate variations of
ambient temperature and air density for each latitude
and longitude coordinate pairs along the route. Consistent
2021 weather data is used, sampled for 3 days each
month—a hot, cold, and nominal day—selected to repre-
sent significant weather variability. Further, the sampling
of weather conditions on the route is conducted at a
specific time of the day only, which in this case is selected
to be noon, as it coincides with the peak time of travel.

TABLE 6 Performance comparison of conventional and electric trucks.

Powertrain

Maximum speed (km/h)

Acceleration 0—48 km/h time (s)
Acceleration 48-80 km/h time (s)
Acceleration 80-96 km/h time (s)
Gradeability 1% (km/h)

Gradeability 2% (km/h)

Gradeability 6% (km/h)

Startability (%) [EM continuous torque limit]
Startability (%) [EM peak torque limit]

IV IV
(@)]

Drayage application requirements [45]
>100

Must be sufficient to operate on local
roads and highways

No specific requirements

(&)}

Conv. truck Elec. truck

1295 1419
13 12
23 21
24 17

1219 1357

908 181

60.2 67.6
35 17
35 34

© SAE International; UT-Battelle, LLC
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m Locations of monthly inbound routes’ origins (left) and outbound routes’ destinations (right) for drayage routes at the

Port of Savannah, GA.

Inbound route origins

© SAE International; UT-Battelle, LLC

Doing so, temperature changes over the route with
respect to time are lost, but the computational burden
during the simulation runtime is significantly reduced,
while still accounting for maximum variability in weather
conditions. The process for identifying the dates to obtain
the representative days for weather data gathering for a
given route is provided in the Appendix. Figure 10 illus-
trates the monthly average route ambient temperature
and air density changes on cold, nominal, and hot days
for all the routes in the region around the port of interest.
In addition to this, the bottom box plot shows monthly
temperature variation per day type.

m Monthly weather condition variations in the

region around the Port of Savannah, GA. Each month is
characterized by average route temperature (top) and average
route air density (middle) for cold, nominal, and hot
representative days. The distributions show the variations over
the various routes. The box plots (bottom) show the fraction
of days that fall within each day type for each month.
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The region of the Port of Savannah, GA, experiences
a humid subtropical climate, characterized by brief, mild
winters, and prolonged, hot summers. Weather conditions
can change significantly based on route and season. Air
density varies by approximately 10% when comparing the
coldest winter days (November—February) to the hottest
summer days (June—August). Route temperatures range
from 4°C to approximately 35°C. These fluctuations
impact road load, affecting aerodynamic drag directly via
air density and RR indirectly through ambient tempera-
ture. Auxiliaries’ power consumption is also affected by
ambient temperature, impacting total auxiliary power
consumption. Similarly, the routes and weather data for
the Port of Houston, TX, and the Port of Tacoma, WA,
are obtained.

A comprehensive simulation study is conducted using
these weather conditions and different routes as variables
in previously developed vehicle models to analyze energy
consumption, revealing seasonal or geographical trends.

Results and Discussion

In this section, the results of the simulation study are
presented. The large-scale simulations required for this
regional-level analysis are conducted using the high-
performance computing resources of the Ohio
Supercomputer Center [48]. Access to a large number of
processing cores (CPU) on the supercomputer enables
parallel execution of simulations across different combina-
tions of routes, weather conditions, and vehicle weights,
significantly reducing the total time required to complete
the analysis. Simulating a 200 km route for one vehicle
takes under 45 seconds on a typical CPU (e.g., AMD Ryzen
9 5900HX). However, running millions of simulations as
required by the analysis in this study and in future tech-
noeconomic analyses becomes a significant bottleneck.
High-performance resources, such as those at the Ohio
Supercomputer Center, minimize analysis time by paral-
lelizing simulations across multiple CPU cores; yet, using
200 cores, the evaluation of the energy consumption of
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the trucks for one port still demands about half a day
of simulations.

Total Energy Consumption
Variations due to Geographical
and Seasonal Variations

First, the inbound and outbound routes in the Port of
Savannah, GA region, as shown in Figure 9, are grouped
together to form different groups. The inbound and
outbound routes are clustered into 15 groups based on
their proximity to one another, as shown in Figure 11.
Route grouping is carried out using K-medoids clustering,
with the Haversine formula used as the distance metric
to cluster geographically proximate route ODs. The
Haversine formulation computes the shortest surface
distance between two points given their latitude and
longitude. K-medoids is preferred over K-means, as it
allows the use of non-Euclidean distance metrics like
Haversine distance and ensures that cluster centers
(medoids) are actual data points rather than average
centroids, making it better suited for this application.
Finally, ODs outside the 16 km (~10 mile) radius circle
around the medoid of the corresponding group are
removed from the group to ensure only the route ODs
that are indeed geographically closely located are within
a group.

Since not all routes are covered by the trucks every
month, grouping the routes allows for analyzing the influ-
ence of weather variations on energy consumption to
travel to (from) different locations around the Port of

Savannah, GA, throughout the year. The groups are
numbered in ascending order based on the group center
distance from the port. Additionally, the marker colors in
the maps represent the observed elevation changes
relative to the port. The peak elevation change is around
+300 m in the region around the port among all the
routes. The group average speed limit is also shown in
the same figure. Investigating the energy consumption
of travel to and from different route groups to the port
enables an in-depth study of how geographical route
conditions affect energy usage. Specifically, groups 1, 5,
6, 7,and 12 are of particular interest for both inbound and
outbound routes. Routes in group 1are the shortest, have
negligible elevation change, and feature the lowest
average speed limit among all the route groups. Groups
5, 6, and 7 have routes of similar distances but differ in
elevation changes and average speed limits. For instance,
groups 5 and 6 have similar elevation changes; however,
the average speed limit for routes in group 5 is ~75 km/h,
which is significantly lower than the ~100 km/h average
speed limit for routes in group 6. Conversely, groups 6
and 7 have similar average speed limits, but group 6
routes experience significant elevation changes while
group 7 routes have practically none. Finally, group 12
consists of the longest routes with the maximum eleva-
tion change. Comparing energy consumption across these
routes aids in understanding the impacts of geographical
and seasonal factors.

The influence of geographical and seasonal variations
on the energy consumption of a drayage truck over a
year is illustrated in Figure 12 for three vehicle weights,
13.6, 27.2, and 36.3 tons, representing the light, nominal,

m Inbound (left) and outbound (route) route grouping for analyzing the impact of geographical and weather variation
on energy consumption in HD trucks at Port of Savannah, GA. The maps show the location of origins and destinations with the
color scale indicating the elevation change. The charts at the bottom show the group average route speed limit, with the color

scale indicating the median route distance.
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13

m Electric energy consumption variation of electric drayage trucks due to geographical and seasonal variations on
different inbound and outbound route groups for three vehicle weights at Port of Savannah, GA.
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and full payload conditions likely experienced by the
electric drayage trucks. As expected, with an increase in
vehicle weight, the energy consumption increases when
driving over the same routes. Electric energy consumption
on longer routes, like for route group 12, varies by —7%
to 14% from the median, while shorter routes like the
route group 1, show a variation of —33% to 28% depending
on the vehicle weight. Additionally, energy consumption
is slightly higher on outbound routes compared to inbound
routes. This can be attributed to the relative change in
elevation between the start and end points of the respec-
tive trips. Since the port is located at sea level, inbound
trips in general experience a net negative elevation
change, while outbound trips encounter a positive
elevation change.

As previously noted, shifts in seasonal weather condi-
tions result in yearly energy consumption variations.
Figure 13 outlines how monthly weather differences influ-
ence energy use across identical routes for electric trucks
weighing 27.2 tons, specifically focusing on route groups
5,6, and 7. The displayed data highlights a distinct pattern
in seasonal energy consumption, with vehicles using more
energy during the colder winter months than in the warm
summer months. Furthermore, electricity consumption
tends to fluctuate more during winter. For example, in

December, route group 6 experiences electricity consump-
tion variations ranging from —24% to 26% of the month’s
median consumption. Conversely, in July, the variation is
notably lower, from —2% to 1%. This disparity can be attrib-
uted to the considerable fluctuation in average tempera-
tures during December, which can swing from 5°C to
30°C, contrasting with the more stable July temperatures,
which only vary from 25°C to 35°C.

Figure 13 can be further utilized to evaluate the
impact of geographical factors such as speed limit and
elevation. As shown in Eigure 11, route group 5 has the
lowest average speed limit among route groups 5, 6, and
7. Consequently, route group 5 exhibits the lowest energy
consumption throughout the year. With the truck speed
constrained by the road speed limit, vehicles travel the
slowest on route group 5, reducing aerodynamic drag
and RR, which are highly sensitive to speed. When
comparing route groups 6 and 7, which are similar in all
aspects except elevation change, it is observed that
energy consumption is lower on route group 7 than on
route group 6 for both inbound and outbound trips;
however, when analyzing the electric energy consumption
on the same route groups, the negative elevation changes
on inbound trips for route group 6 provide significant
opportunities for regenerative braking. This reduces the
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m Month-wise electric energy consumption

variation of electric trucks on route groups 5, 6, and 7 due to
differences in weather conditions in each month at Port of
Savannah, GA, for a 27.2 Ton vehicle.
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difference in electricity consumption between route
groups 6 and 7. In contrast, the benefit of regenerative
braking energy diminishes when traveling on the outbound
trips on the same route groups.

Variations in Auxiliary Power
Consumption due to Seasonal
Variability

The simulation results also allow for an analysis of the
impact of seasonal variations on auxiliary power consump-

tion for electric trucks. Figure 14 depicts the distribution
of average auxiliary consumption in different months of

m Electric truck average total auxiliary power

consumption for different months and representative
temperature day types at Port of Savannah, GA.
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the year, categorized by day type. The major auxiliaries
in the electric truck are the BTMS and HVAC, both of
which are influenced by the ambient temperature. The
auxiliary power consumption is lowest during the time of
spring (March—May) and fall (September—October), where
the temperatures are moderate, 16°C to 26°C, such that
both HVAC and BTMS systems are not required for main-
taining the desired cabin and battery temperature during
operation. Conversely, higher auxiliary power consump-
tion is observed during the coldest days of winter months
as well as during the hottest days of summer months,
with the maximum being for winter months.

For the cold days in the month of January, where
temperature ranges between 5°C and 15°C, the BTMS
heater is used to warm up the battery and the HVAC
system is used to heat up the cabin; however, the BTMS
heater forms a major fraction (60%—80%) of the total
auxiliary power consumption during the coldest days of
the year as seen from Figure 15. Similarly, the BTMS chiller
is required to cool down the battery and has the biggest
contribution to total auxiliary consumption on the hot
days of July, with HVAC contribution coming in second
after the BTMS chiller during the hottest time of the year,
when temperatures can go over 32°C.

m Contribution of different auxiliary components to
the total auxiliary power consumption for trucks operating in
various months (January, April, July, and August) in the Port of
Savannah region. The columns represent the different
temperature days—cold, nominal, and hot in the

respective months.
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Drayage Truck Energy
Consumption and Auxiliary Power
Consumption Variability Across
Distinct Ports

A similar analysis was conducted for two additional ports
with significantly different weather and geographical
conditions: the Port of Houston, TX, and the Port of
Tacoma, WA. These ports were selected to capture the
impact of contrasting climates, humid subtropical in
Houston and cold maritime in Tacoma, on vehicle energy
consumption. Additionally, the region of Tacoma is highly
mountainous, which can result in drastic elevation changes
over the routes as compared to the other two regions,
which have moderate elevation change overall. Comparing
the energy consumption results of a 27.2 Ton electric
truck from all three ports offers valuable insights into the
variations in energy consumption that electric drayage
trucks are likely to encounter under different environ-
mental and operational conditions. The variation in energy
consumption at these ports as a function of average route
ambient temperature for both inbound and outbound
routes in the respective regions is shown in Figure 16.
Each dot on the graph represents the energy
consumption for a certain trip. The solid lines represent
the average trend line. The probability of trips with a
certain energy consumption and average ambient
temperature is compactly shown in the distribution
graphs on the right and top sides, respectively. In general,
energy consumption tends to increase as the average
ambient temperature drops across the three port regions.
Trucks operating near the Port of Tacoma, WA, consume

m Comparison of electric energy consumption of
27.2 Ton electric drayage trucks operating on routes in three

distinct ports. Each dot on the graph represents the energy
consumption for a certain trip. The solid lines represent the
average trend line. The probability of trips with a certain
energy consumption and average ambient temperature is
compactly shown in the distribution graphs on the right and
top sides, respectively.
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more energy than those in the other two port areas. This
can be attributed to the colder climate in Tacoma, which
causes energy consumption to increase compared to the
other ports. The highest and lowest energy consumption
figures are also noted for trucks in this region, with peaks
exceeding 350 kWh/100 km on certain outbound routes
with significant elevation gain in cold conditions and lows
around 100 kWh/100 km on particular inbound routes
with marked elevation drop in milder temperatures. The
Port of Savannah, GA, and Port of Houston, TX, regions
exhibit similar energy consumption patterns for trucks,
ranging from 150 to 200 kWh/100 km for 27.2 Ton trucks,
due to their comparable average ambient temperatures
on the routes. This analysis underscores the shortcomings
of using a simplified, fixed energy consumption rate for
BETs as seen in some previous studies, which can lead
to inaccurate results if regional geographic and climatic
variances are not taken into account.

Similarly, the impact of ambient temperature condi-
tions on auxiliary power use at these specific ports is
compared, as illustrated in Figure 17. Given that auxiliary
power usage is chiefly influenced by ambient temperature,
the scatter plots depicting truck auxiliary power consump-
tion from the three ports show significant overlap. The
notable differences arise when examining the distributions
of average auxiliary power at these ports. As previously
stated, HVAC and BTMS are the largest consumers of
power among all auxiliaries, mainly active during cold
temperatures. The climate around the Port of Tacoma, WA,
is predominantly cold for most of the year, leading to
consistently higher auxiliary power consumption.

Comparison of auxiliary power consumptions in
electric drayage trucks operating on routes in three distinct
ports. Each dot on the graph represents the average auxiliary
power for a certain trip. The solid lines represent the average
trend line. The probability of trips with a certain average
auxiliary power and average ambient temperature is
compactly shown in the distribution graphs on the right and
top sides, respectively.
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Conversely, at both the Port of Savannah, GA, and the Port
of Houston, TX, auxiliary power consumption tends to
be lower since HVAC and BTMS operate minimally between
16°C and 26°C, which is the average temperature range
for those regions. However, the Port of Houston, TX, occa-
sionally faces severe cold temperatures in winter, dropping
to as little as —10°C, resulting in increased power demand
from auxiliaries, especially HVAC and BTMS.

Impact of Geographical and
Meteorological Conditions and
Driver Style on Driving Range and
Payload Capacity of Electric
Drayage Trucks

A simulation case study was executed on a smaller scale
to explore how various factors affecting vehicle energy
consumption impact the driving range of BETs. The study
involved running simulations of battery electric drayage
trucks on selected outbound routes across three different
regions. Outbound routes were chosen for this investiga-
tion because they typically exhibit higher energy usage
than inbound routes, leading to more pronounced range
limitations, which this analysis aims to address. Initially,
outbound routes in each port region were categorized by
the average ambient temperature. Within these catego-
ries, short routes overlapping with more than 95% redun-
dancy with a longer route were eliminated. By reducing
overlap, the analysis retained a set of relatively longer
routes for conducting the simulation study aimed at
assessing the effects on driving range. For each average
ambient temperature group, simulations were performed,
adjusting variables such as vehicle weight (by modifying
cargo load with half-load at 11.3 Ton (25 k Ib) and 22.6 Ton
(50 k Ib) as full load), battery size of 400 kWh, and driver
behavior (calm, normal, and aggressive). A 400-kWh
battery pack was selected as it aligns with the specs of
currently available BETs [49]. In each simulation scenario,
the drayage truck, with a curb weight of 9.42 tonnes
including the battery pack, starts with a battery SoC of
95%. The simulation continues until the truck either
completes its route or its battery is completely drained.
Examining these simulation results offers insights into
how geography, weather, and driver behavior influence
the driving range of electric drayage trucks. The study
also highlights how weather, particularly ambient temper-
ature, affects the driving range at the three ports, as
depicted in Figure 18. Results are presented for scenarios
with drivers of normal aggressiveness, with comparable
outcomes for other levels of driving style.

Overall, the driving range on outbound routes in the
three port areas declines as the ambient temperature
drops. There is an approximate 2.4% reduction for every
6°C decrease in temperature, for both full and half payloads.
As anticipated, full payload conditions result in a noticeably
shorter range than half payload conditions. At identical

m Maximum driving range variation of a 400-kWh
electric drayage truck on outbound routes in three distinct
ports with full battery at the beginning of the port for different
average ambient temperature ranges. The driver’s
aggressiveness level is normal. Driving range is determined for
two payload weights of 11.3 and 22.6 tons, representing half
and full load conditions, respectively, generally expected for
these drayage trucks.
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ambient temperatures, Tacoma's outbound routes exhibit
a driving range about 20-25 km lower than routes at
Houston and Savannah, likely due to Tacoma’s mountainous
terrain causing increased energy consumption. This empha-
sizes the influence of positive road gradients on reducing
the driving range of BETs. For Savannah’s drayage opera-
tions, a 400 kWh battery under full load reaches only about
180 km, well below the usual 400 km range. With half loads,
the range is around 225 km, reaching up to 290 km on
some routes. However, electric trucks can't complete all
drayage routes, even half-loaded. Extending the range
would require larger batteries (800-1000 kWh), but this
reduces payload capacity and raises costs. Similar trends
are observed at the other two ports. Interestingly, for the
Port of Savannah, larger error bars can be observed, in
particular at half-load conditions (see Figure 18). This larger
range variability can be attributed to the geography. Since
the range is computed based on the outbound routes,
certain routes that go inland toward Atlanta have a signifi-
cant elevation gain, resulting in higher energy demand and
lower range. On the other hand, routes along the coastline
have little to no elevation change, and thus lower energy
demand and significantly longer driving range.

Next, the influence of driver aggressiveness on the
driving range of the battery electric drayage truck is
determined. In Figure 19, the driving range of a 400-kWh
electric drayage truck in an 18°C-24°C ambient tempera-
ture range when driven by drivers with three levels of
driver aggressiveness is illustrated.

A calm driver achieves the greatest range in both
loading scenarios across the three ports, surpassing the
normal driver and then the aggressive driver. In the
Savannah and Houston ports, a calm driver can extend the
range by about 8% compared to a normal driver, while an
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m Maximum driving range variation of a 400-kWh
electric drayage truck on outbound routes in three distinct
ports with full battery in the beginning at the port for different
driver aggressiveness levels in 18°C-24°C range of average
route ambient temperature. Same payload conditions as used
in the previous figure.
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aggressive driver reduces the range by 4%—5%. In contrast,
at the Port of Tacoma, WA, calm driving increases range
by 5% with a half payload and by 7% with a full payload.
The higher road grade in Tacoma may explain the disparity,
as it affects the range more than driver behavior. Still, driver
behavior significantly influences the truck’s maximum range.

Because of varying geography and weather conditions at
each port, adopting BETs in drayage port operations
requires a custom technoeconomic assessment of
converting diesel drayage fleets. A detailed simulation
framework for estimating the energy use of electric HDVs
is crucial for reliable analysis, replacing generic kWh/100 km
values with accurate, local estimates. This study proposes
a vehicle simulator for electric trucks, accounting for
geographic and weather impacts on energy use, validated
with limited real-world data, which can be utilized to obtain
local energy consumption statistics. Due to scarce opera-
tional data on seasonal energy use in electric trucks, a
bottom-up modeling approach is necessary, although it
limits full model validation. Collaboration with industry
partners is underway to acquire top-down operational data
for further detailed validation.

The simulation-based analysis shows significant effects
of seasonal and geographic factors on BETs energy
consumption. Ambient temperature affects aerodynamic
drag, RR, and auxiliary power, notably HVAC and BTMS in
cold weather. Elevation changes and route speeds also
impact the energy usage in BETs, with negative elevations
benefiting BETs as regenerative braking can be utilized to
recoup kinetic energy. The simulation also examines how
these factors, along with driver aggressiveness and battery

size, affect payload capacity and range of electric drayage
trucks across U.S. ports.

As pointed out earlier, running large-scale analyses as
those presented in this work requires access to high
computational resources like the Ohio Supercomputer
Center. To reduce reliance on such computing facilities,
efforts are being focused on creating a simpler model using
regression-based machine learning to estimate vehicle
energy consumption with minimal route and weather infor-
mation, which will be quicker and easier to integrate with
pre-existing technoeconomic tools. Future work aims to
cover more U.S. ports to guide electric truck adoption in
drayage fleets without disrupting operations. Also, the
focus will be to explore additional battery chemistries to
identify the best lithium-ion options for heavy-duty use,
especially in drayage. Using detailed semi-empirical battery
aging models, the battery capacity degradation and need
for battery replacements in BETs in drayage applications
will be analyzed. Furthermore, future work utilizing the
OR-AGENT framework will evaluate total ownership costs
by integrating the truck energy consumption model with
the battery and truck daily operation models.
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BETs - battery electric trucks

BTMS - battery thermal management system
ECM - equivalent circuit model

GHG - greenhouse gases

HD - heavy duty

HDEYV - heavy-duty electric vehicle

HDV - heavy-duty vehicle

HVAC - heating, ventilation, and air-conditioning
LDV - light-duty vehicle

mEDM - modified enhanced driver model

MC - Monte Carlo

OD - origin—destination

RR - rolling resistance

SoC - state-of-charge

TCO - total cost of ownership

VMT - vehicle miles travelled

ZEV - zero-emissions vehicle
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m Normalized engine fuel consumption map.
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engine from the 2018 model year with a 10-speed auto-
matic manual transmission and a final rear drive reduction
of 2.64:1 at the differential.

The engine fuel consumption map, as shown in Figure
A.2, is obtained from the EPA Greenhouse Gas Emissions
Models vehicle simulator, while the transmission gear
ratios and efficiencies are obtained from the Eaton Fuller
10-speed transmission specification sheet. The truck
specifications have been selected to be representative of
real trucks used in drayage operations. The model equa-
tions for the conventional truck powertrain are given below.

Tax + Tbr = Tw
T y=1 T, <0
Tow = —2 sl + T (T
eng A’gb,r g Ngb,i Mg + aux( amb){y -1 T,>0
Wepg = @, }“gb,i ) j'fd
mf = mf (a)eng:Teng) (A1)

where T, is the total axle torque and T, is the total
brake torque. Tepg and weyg are the engine torque and
angular speed, respectively. dg4,; and rg,; are the gear
reduction and gear efficiency of the i-th gear in the
gearbox, respectively, while Aq4 and ng are the gear
reduction and efficiency of the final drive reduction,
respectively. T,u(Tams) iS the additional torque required
to power the auxiliaries. Finally, m; is the fuel consump-
tion rate of the engine.

The auxiliary components are modeled using the
same duty cycle-based approach as followed for the
electric truck auxiliaries modeling. The details of the
period and the duty of various auxiliary components are
given in Table A. Since most of the auxiliaries in a conven-
tional truck are mechanically coupled to the engine, their
operating power depends on the engine speed.

Determination of Representative
Days for Route Weather Data
Collection

A separate data set containing the daily average
temperature of all the major cities along all the identi-
fied routes is created. Next, for each route, for the
corresponding month it belongs to, a route tempera-
ture vector is constructed for all the days of the month
using Equation (A.2). The elements of the route temper-
ature vector are the average temperature (in units of
K) of all N major cities along the route on that day. For
each route, the D count of the route temperature vector
is created, where D equals the total days for the
corresponding month.

Troute,i = |:T1,f"‘TNy,':|T i=1....D

TABLE A.1 Duty-cycle based modelling of conventional truck auxiliary components’ power consumption.

Auxiliary component Period (s) Duty (%)
Engine fan 200 5
HVAC compressor 150 Amb. TD
Air-brake pump 100 Amb. TD
Power steering pump 100 10

Engine coolant pump - -
Lubricant oil pump - -
Transmission fluid pump - -
Electrical load - -
Engine speed (RPM)

Amb. TD = Ambient temperature dependent

Operating power as a function of engine speed (kW)

0.71 2.36 756 16.73 29.81
103 245 383 527 6.67
10 169 253 3.51 451
304 552 8.04 1047 12.99
0.0 0.22 0.56 125 1.88
014 124 205 3.24 497
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This is followed by calculating the representative
route temperature for the day as follows:

T

route,i —

(A.3)

Using this representative route temperature, the
hottest, the coldest, and nominal (median) temperature
dates of the months for the concerned route are deter-
mined as follows:

Ihor =argmaxT,
I

route,i

icold =arg mlax Troute,; (A4)

J

here, median(T,,e1p) IS the median representative
temperature of the route for the given month.

Finally, the weather data consisting of ambient
temperature, air density, wind speed, and wind direction
for each route is obtained for the three representative days.

inomlna/ =arg ml_aX Omedian (TrouteJ:D ) - Troute,r'
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