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Unified Net Willans Line Model for Estimating the Energy Consump-
tion of Battery Electric Vehicles

Candy Y. Li

(ABSTRACT)

Due to increased urgency regarding environmental concerns within the transportation indus-
try, sustainable solutions for combating climate change are in high demand. One solution is
a widespread transition from internal combustion engine vehicles (ICEVs) to battery elec-
tric vehicles (BEVs). To facilitate this transition, reliable energy consumption modeling is
desired for providing quick, high-level estimations for a BEV without requiring extensive
vehicle and computational resources. Therefore, the goal of this paper is to create a simple,
yet reliable vehicle model, that can estimate the energy consumption of most, if not all,
electric vehicles on the market by using parameter normalization techniques. These vehicle
parameters include the vehicle test weight and performance to obtain a unified net Willans
line to describe the input/output power through a linear relationship. A base model and
three normalized models are developed by fitting the UDDS and HWFET energy consump-
tion test data published by the EPA for all BEVs in the U.S. market. Out of the models
analyzed, the normalization with weight performs best with the lowest RMSE values at 0.384
kW, 0.747 kW, and 0.988 kW for predicting the UDDS, HWY, and US06 data points, re-
spectively, and 0.653 kW for all three data sets combined. Consideration of accessory loads
at 0.5 kW improves the model normalized by weight and performance by a reduction of over
20% in RMSE for predictions with all data sets combined. Removing outliers in addition to
consideration of accessory loads improves the model normalized by weight and performance

by a reduction of over 36% in RMSE for predictions with all data sets combined. Overall,



results suggest that a unified net Willans line is largely achievable with accessible energy

consumption data on U.S. regulatory cycles.



Unified Net Willans Line Model for Estimating the Energy Consump-
tion of Battery Electric Vehicles

Candy Y. Li

(GENERAL AUDIENCE ABSTRACT)

Due to increased urgency regarding environmental concerns within the transportation indus-
try, sustainable solutions for combating climate change are in high demand. One solution
is a widespread transition from conventional internal combustion engine vehicles (ICEVs)
to battery electric vehicles (BEVs). To facilitate this transition, reliable energy consump-
tion modeling is desired to support quick, high-level analyses for BEVs without requiring
expensive resources. Therefore, the goal of this paper is to create a simple vehicle model
that can estimate the energy consumption of most, if not all, electric vehicles by scaling
the data using vehicle parameters. These parameters include the vehicle test weight and
performance to obtain a unified net Willans line model describing the input/output power
through a linear relationship. The UDDS (city) and HWFET (highway) energy consumption
data points used to develop the model are easily accessible from published EPA data. Out of
the models analyzed, the normalization with test weight performs best with the lowest error
values at 0.384 kW, 0.747 kW, and 0.988 kW for predicting the UDDS, HWFET, and US06
(aggressive city /highway cycle) data points, respectively, and 0.653 kW for all three data
sets combined. Consideration of accessory loads at 0.5 kW improves the model normalized
by weight and performance by a reduction of over 20% in error for predictions with all data
sets combined. Removing outliers in addition to consideration of accessory loads improves

the model normalized by weight and performance by a reduction of over 36% in error for



predictions with all data sets combined. Overall, results suggest that a unified net Willans

line is largely achievable with accessible energy consumption data on U.S. regulatory cycles.
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Chapter 1

Introduction

As the automotive industry addresses critical sustainability and environmental concerns,
electric vehicles (EVs) are beginning to revolutionize modern day transportation. The tran-
sition to EVs is not a surprise since the automotive community has long understood the
benefits of utilizing an electric powertrain over conventional internal combustion engine ve-
hicles (ICEVs) [9]. For instance, the energy used to power electric vehicles can be sourced
from renewable and cleaner sources without using fossil fuels [9]. Additionally, the tank to
wheel (TTW) efficiency of an EV is significantly higher than gasoline ICEVs, which is esti-
mated to be 11-27% compared to 50-80% estimated for EVs [2]. Due to the clear limitation
in energy efficiency for an ICEV, greater emphasis on transitioning to EVs is considered as
a desirable solution for combating modern environmental concerns. With the support of
government regulation and automotive manufacturers in the United States, the total EV
inventory is expected to increase 50 times by 2035 compared to the inventory in 2018 [17].
To achieve the desired rapid growth of EVs, the associated costs with transitioning could
cost over 25% more than continuing the use of ICEVs during the projected period from 2015
to 2035 [16]. Therefore, tools like vehicle modeling can have incredible valuable in alleviating
the costs associated with the increase in resources for the transition to EVs. Using mod-
eling techniques, technological developments could arise quicker, cheaper, and with greater

convenience compared to conducting physical tests on a vehicle.
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1.1 Existing Vehicle Models

Current literature discusses two main types of vehicle models, physics models developed
from an understanding of the vehicle dynamics, and data-driven models developed from
identifying patterns in real-world data [11]. The vehicle dynamics are generally determined
by calculating the tractive power required at the wheels to meet drive cycle demand [11]. A
simple but popular method for vehicle modeling is based on a linear transfer function known
as a Willans line as demonstrated by Rizzoni et al. [19] for both ICE and EV systems of a
hybrid electric vehicle. These simplifications allow for vehicle analysis without significant

computational resources.

On the other hand, fully data-driven models that are used to identify patterns within col-
lected data can be computationally expensive to develop. Typically, these models utilize
artificial neural networks that require large sets of data collected in real-world conditions for
model training purposes in order to prevent bias. However, there are some benefits of using
a data-driven model, including the fact that they typically self-adapt to a wide variety of
different conditions without additional information on the external factors [11]. However,
the significant time and resources needed to simply begin developing a data-driven vehicle

model suggests that this method of modeling is not ideal for this study.

1.2 Study Objectives

The objective of this study is to develop a simple and efficient model for estimating the
energy consumption for a wide array of BEVs. Therefore, the base EV model is adapted
from a power-based physics model discussed by Harvey and Nelson [7] to summarize the

vehicle dynamics and bi-directional power flow seen in EVs. The model utilizes elements
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from the previously mentioned Willans line to create individual fits for an array of BEVs.
For EV applications, the inverse slope of the Willans line model is referred as the marginal
efficiency of the powertrain, which represents how much tractive power is achieved from a
unit increase in battery power. Offsets in the linear relationship are attributed to accessory
loads and losses in the vehicle. Additionally, Harvey and Nelson [7] propose a model created
from the net tractive power and net battery energy consumption as a reliable method for
estimating the energy consumption for UDDS and HWFET drive cycles within a 1% error
and 4% for the US06 cycle.

Simple BEV models such as the one developed by Harvey and Nelson [7] are highly sought
after, as they potentially remove barriers to entry in obtaining critical energy consumption
data on multiple vehicles at once. For instance, teams that lack vehicle testing resources can
still participate in automotive development. Furthermore, simplified models can be used to
create unified models that can apply to many electric vehicles. Unified vehicle modeling is
especially beneficial for offering more accessible research opportunities and faster progress
on vehicle development. Applications may include modern control and energy management

strategies like eco-driving, eco-routing, range estimation, and charge planning [11].

Therefore, the goal of this study is to develop a unified model for estimating the energy con-
sumption of BEVs that can serve as a simple method for different vehicles without extensive
computational and physical resources. Similar research has been conducted by Phlips and
Scholl [12] [13] for conventional vehicles, which uses parameter normalization techniques to
achieve a unified line. Additionally, a follow up study from Phlips also aims to achieve a
unified BEV model [14]; however, the previously mentioned normalization techniques are
not applied to the model. Therefore, this study will apply and analyze the normalization
techniques for 2022 model year BEVs sold in the U.S. using the vehicle weight and rated

power as the normalization parameters of choice.



Chapter 2

Background

2.1 Battery Electric Vehicle Model

2.1.1 Tractive Effort Model

The battery electric vehicle (BEV) model includes a two-part process adapted from Harvey
and Nelson [7] for calculating the vehicle tractive effort and power consumption. To deter-
mine the tractive effort, the power required to complete a given drive cycle is calculated by
analyzing the dynamics for a particular vehicle. The total required tractive force Fj, is the
summation of the grade force F}, inertial force F}, and road load forces F;, as described in

Figure 2.1 and Equation 2.1.

Fy,=F+F.+ F, (2.1)

The grade force is defined as the longitudinal component of the gravitational force Fy,q, in

the direction of vehicle motion as defined in Equation 2.3.
Fyraw = mg (2.2)

F, =mg-sind (2.3)

4
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Figure 2.1: Free body diagram of the forces acting on a vehicle.

where m [kg] is the test mass of the vehicle, g[m/s*] is the gravitational acceleration at
9.81[m/s? and 6 is the angle of the road grade. The inertial force is equal to the force
due to acceleration in addition to the inertia added by the vehicle’s rotating components
(wheels, tires, and driveline). The additional force due to inertia is approximated by an
inertial factor, v, with a value of 1.04 to represent the rotational inertia effects for modern

vehicles as defined in Equation 2.4 [7] [20].
F,=~-ma (2.4)

where 7 is the inertial factor and a [m/s?] is the acceleration of the vehicle. The aerodynamic
drag and rolling resistance forces are summarized by a single road load force equation [1]
that is approximated by three constant parameters A, B, and C, which are published in the

EPA Test Car List data [6]. The provided units of these parameters are [[bf], [ﬂ}, and

mph

[nﬁ’){ﬂ}, respectively, which are converted to constants fy, fi, and fo with metric units for

the following road load calculation.
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Fu=fo+ fi-v+ fo-0? (2.5)

where fo [N] is the parameter that relates to the effects of rolling resistance, fi [22] is the

parameter that relates to the effects of rolling resistance as a function of the vehicle velocity,

and fy [Nm ‘32] is the parameter that relates to the aerodynamic drag effects on the vehicle.

Since the EPA provides drive cycle data at a sample rate of 1 Hz, the equations are modified
to allow for discrete calculations. The velocity is averaged between each time step at the cen-
tral value between two data points as shown in Equation 2.6. This method of discretization
for the velocity allows for a more accurate representation of the dynamics that occur from
one time step to the next. The acceleration is calculated as the change in drive cycle velocity
divided by the time between each discrete step as presented in Equation 2.7. Similar to the
calculation for vg,,, the angle of the grade is calculated by averaging the values between each

data point as defined in Equation 2.8.

- v[n + 12] + v[n] (2.6)
v[n + 1] — v[n]

L e R g (2.7)

Buugln] = 2 (2

where n represents the index of the discrete step of the calculated values, and ¢ [s] represents
the drive cycle time at n. As a result, the discrete equations for the grade, inertial, and road
load forces are rewritten as

Fy[n] = mg - sin 6,,4[n] (2.9)

Fi[n] = ym - a[n] (2.10)
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F’rl[n] :fO—I—fl'Uavg[n]+f2'vavg[n]2 (21]‘)

and the tractive power can be described discretely as

Fyln) = En] + Fuln] + F,[n] (2.12)

To obtain the tractive power for each time step, the tractive force is multiplied by the average

velocity as illustrated in Equation 2.13

Py.[n] = Fip[n] - vaue[n] (2.13)

where P, can be either a positive value depicted as P+ to indicate that additional power
is required to propel the vehicle to meet drive cycle demand, or a negative value depicted
as P,- to indicate that braking is required to slow down the vehicle to meet drive cycle
demand. In the case that P, is 0, neither additional propulsion power or braking is needed
to meet drive cycle demand. Often times, this condition is seen when the vehicle is idling at
a stop or coasting. Once the tractive power is calculated for all time steps, the total or net
energy required to meet drive cycle demand can be calculated using Equation 2.14, which is

the discrete integral of the tractive power.

Ert = ¥.P,[n] - At (2.14)

where a summation is taken over the tractive power multiplied by the change in time At at
each time step. Since the study uses 1 Hz data, the change in time is simply 1 second for
each point, which simplifies the equation to be equivalent to the sum of the tractive power

at each time step. Finally, the net tractive power of a drive cycle is obtained by dividing the
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total energy required for a drive cycle by the total cycle time as shown below

l;net
Pt = —— (2.15)

tcyc

where ., represents the total drive cycle time. The average positive power P,"Y and average
negative power P/% is also calculated using a similar method by determining the total

drive cycle energy for each respective condition and dividing by the total drive cycle time.

Therefore, the net tractive power for a drive cycle is also equal to the following equation,

Pt = P9 4 p™ (2.16)

trt+

2.1.2 Powertrain Model

The remaining calculations are used to develop a powertrain model for determining the
battery power required to complete a drive cycle. For this study, the powertrain model
covers three possible powertrain states for a BEV: propulsion, regeneration, and idle. The
propulsion state, as illustrated in Figure 2.2, refers to the condition where the powertrain
provides positive tractive power to the wheels to propel the vehicle. This case includes
coasting while the vehicle in motion, but not while the vehicle is idling. Additionally, the
motor, inverter, and gearbox are combined into a single powertrain subsystem that follows
a Willans line model with a defined marginal efficiency p and offset. This offset describes
the overhead losses associated with running the powertrain components, which is defined
by Pjoss. The accessory load P, is also present in the model because energy is supplied
directly from the high voltage battery terminals to a DC/DC converter to power low voltage
accessory components. In an ICEV, the accessory loads are not powered directly from the

energy source, but rather an accessory belt connected to the powertrain. Therefore, the
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accessory load is described separately from the powertrain subsystem. Additionally, since
the regulatory drive cycle tests are conducted without climate control accessories, such as

heating and cooling, these effects are not considered in this study.

Battery, P, Accessories, P,
Powertrain ;
Efficiency, Powertrain losses, Py
Wheels, P,
High Voltage Mechanical
Low Voltage

Figure 2.2: Power flow diagram of the BEV model in the propulsion state.

Therefore, the powertrain model during the propulsion state is described by Equation 2.17,
where the positive tractive power P+ is multiplied by the inverse marginal efficiency and
added to the powertrain offset losses and accessory loads. The inverse marginal efficiency is
used because all equations are written in reference to the battery power. Additionally, the
equation represents a backwards model that uses a known output of the Willans powertrain
model to determine the input power. In Figures 2.2 and 2.3, the positive power flow is in the
direction of the arrow. Connections are depicted as either mechanical or electrical, where

the electrical connections are differentiated by low and high voltage.

1
Pbati&+ = _Ptr+ + Ploss + Paccy
H (2.17)

if P > 0andidle = false
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where p is the marginal efficiency of the powertrain system, P is the fixed losses associated

with the powertrain, and P, is the accessory loads for the vehicle.

The regeneration state refers to the condition where the vehicle must provide negative trac-
tive power or braking to meet the drive cycle demand. Braking is largely comprised of two
methods: friction braking and regenerative braking. Friction braking loses energy to the
environment through heat, which cannot be recovered by the vehicle. However, regenerative
braking provides negative tractive power by using the motor as a generator to recover en-
ergy that would have been lost by friction braking. Generally, BEVs blend the two sources
of vehicle deceleration to optimize the desired vehicle behavior and efficiency while meet-
ing required safety regulations [23]. Therefore, a regenerative braking fraction p is defined
in Figure 2.3 to describe the ratio between the regenerated power over the total available
braking power or negative tractive power. Note that the arrows in the plot represent the
positive direction, so the tractive power at the wheels FP;. and battery power P, have neg-

ative values during this state. Another constraint on regenerative braking is the maximum

Battery, P,.q Accessories, P,
Powertrain :

Efficiency, Powertrain losses, Py
Wheels, P,

Friction brakes, P
Regen Frac_, p

High Voltage Mechanical
Low Voltage

Figure 2.3: Power flow diagram of the BEV model in regeneration state.
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braking power, which is used to limit the current going into the battery [22]. This value is
approximately half the motor peak power as demonstrated by Rask et al. [15] and defined
in Equation 2.18. Therefore, if the magnitude of the demanded negative tractive power
is greater the max regenerative braking power, the powertrain model will only request the

minimum of the two.

—P eak motor
— _* peakmotor (2.18)

P’I’I’L(IJ? regen — 2

Additionally, it is possible to use the motor to provide negative tractive power at all speeds;
however, this method is generally not preferred since regenerative braking at very low speeds
requires more energy to run the motor compared to the regenerated energy [8]. Thus, a low-
speed cut-off (LSCO) is defined at 5 mph to summarize all BEVs in the vehicle model [15].
If the vehicle speed reaches below the LSCO, the power available for regeneration is reduced
to 0. The resulting equation for the regenerative braking power received by the powertrain

is described in Equation 2.19.

Pregen = min (Hp ! Ptr— H7 HpmazregenH>
(2.19)
1f Vavg < Dmph, Pregen =0
where Prazregen i the maximum regenerative power, Ppeakmotor 1S the peak power of the

vehicle powertrain, and, p is the regenerative fraction. As a result, the powertrain model

during the regeneration state is defined as

Pbatt* = ,uPregen + Ploss + Paccy (2 20)

if P, <0andidle = false

where the available regenerative power is multiplied by the marginal efficiency pu. The
powertrain losses and accessory loads are still added to the overall equation because both

the powertrain and accessory components are active. Similar to the propulsion state, this
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condition is not applicable when the vehicle is idle.

The final vehicle operation mode is idle mode, which describes conditions where the vehicle
is turned on but not in motion. In this mode, the vehicle only draws power from the battery
to operate accessory components. The powertrain is not active during this state; therefore,
the demanded tractive power is 0. This equation differs from Equation 2.17 for calculating
P+ because the powertrain losses are not considered during idle. As such, the vehicle

battery consumption during idle is described as follows

Pbattidle - Paccy (221)

As a result, the total battery power consumed can be described as

Pt = Poger + Ppapr— + Ppgrpiaie (2.22)

Since the vehicle model is based off a net Willans line, the net consumption over a drive cycle
is required for both the tractive power and battery power. Thus, following similar methods

to Section 2.1.1, the discrete and net battery power equations are determined below.

Pbatt [n] = Pbatt+ [n] + Pbattf [n] + Pbattidle [n] (223)
Epaty = X Poa[n] - At (2.24)

2
Poan = - (2.25)

cyc

The average positive power P,9.  average negative power P, and average idle power

Plfa Z?idle is also calculated by determining the total drive cycle energy for each respective

condition and dividing by the total drive cycle time. Therefore, the net tractive power for a
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drive cycle is also equal to the following equation,

net __ avg avyg avg
Pbatt_Pbatt++P +P

batt— battidle

(2.26)

2.1.3 Willans Vehicle Model

Individual Willans Model

The high-level vehicle model analyzed in this study follows a Willans line approach, which
uses the energy consumption values for tractive power and battery power to create a linear fit.
These values can be calculated using the tractive effort model in Section 2.1.1 or powertrain
model in Section 2.1.2. An example Willans line model for a BEV is depicted in Figure
2.4, which is comprised of the discrete points for the tractive and battery powered using
the previously mentioned models. These values are calculated from both the tractive effort

model and powertrain model and not from actual EPA data. The data points in the green

50
y = 1.04x + 0.6 . °
®
z
=0 :
2 g
A y = 0.902x + 0.6 . Pl
o o o Propulsion State
°® o Regeneration State
°® o Idle State
IS e LSCO Data Points
_50 O I I I I I I I I
-60 -50 -40 -30 -20 -10 0 10 20 30 40
Py [kW]

Figure 2.4: Example Willans line for a single BEV with propulsion, regeneration, and cutoff

regions shown.
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region represent the battery energy consumption in the propulsion state, while the data
points in the red region represent the values in the regeneration state. The blue region
represents conditions where negative tractive power is demanded at speeds below the LSCO;
thereby disabling regenerative braking. Thus, the resulting battery consumption is equal to
the powertrain offset losses and the accessory loads. For this example, both the offset losses
and accessory loads are defined at 0.3 kW, which results in a positive battery consumption

at 0.6 kW as illustrated by the blue points in Figure 2.5.

The regeneration region between the 0 kW battery power axis and the LSCO region includes
the conditions where the regenerated power does not fully overcome the accessory and offset
loads. However, the net battery power consumed is still less than the accessory and offset
power, so regenerative braking is still worth utilizing. The black points at a battery con-
sumption of 0.3 kW and tractive power of 0 kW represent the idle state, where the battery

is only supplying energy to the accessories.

Finally, the slope for the data points in propulsion mode is equal to the inverse marginal effi-
ciency, and the slope for the regeneration mode is equal to the marginal efficiency multiplied
by the regenerative braking fraction. For this example, a marginal efficiency p is set at 0.96,
while the regenerative braking fraction p is set at 0.94, so the propulsion and regeneration

slopes are 1.04 and 0.902, respectively.
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Figure 2.5: Zoomed-in plot of Figure 2.4 to illustrate LSCO effects on the propulsion/regen-
eration operation.

Net Willans Model

For the purposes of this study, a net Willans model is preferred since the net battery power
is calculated using published data on vehicle fuel economy as discussed in Section 2.2.1.
Often times, vehicle information required for more complex vehicle models is proprietary
or difficult to obtain, which further encourages the use of a net Willans line model. In
the U.S., fuel economy figures for the charge depleting (CD) UDDS (Urban Dynamometer
Driving Schedule) and HWFET (Highway Fuel Economy Test) drive cycles are published in
the EPA Test Car List (TCL) [6] data and the EPA Certificate Summary Information (CSI)
reports in the Transportation and Air Quality Document Index System database [5] for all
vehicles sold in the country. The tractive power is generally not provided in the published
data; therefore, the value is calculated using the tractive effort model. As a result, each
vehicle has at least two known energy consumption data points from published EPA data to
create a net Willans line, which is used to predict additional data points. Occasionally, US06

energy consumption data is available, which consists of a drive cycle with more aggressive
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characteristics with high acceleration for both city and highway driving.

For demonstration purposes, a net Willans line is shown in Figure 2.6 using the same example
vehicle as Section 2.1.3. The UDDS, HWFET, and US06 energy consumption data points
are calculated using the tractive effort and powertrain models. A linear fit is created using
only the UDDS and HWFET data, and the US06 data is used as points to verify predictions
in the model. Based on findings from Harvey and Nelson, the net Willans line model is
capable of estimating the energy consumption of a US06 drive cycle within 4%, which is
acceptable for high level analysis of a BEV [7]. This paper will define acceptability as a

percent error within +10%.

14
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Figure 2.6: Net Willans line for an example BEV with a UDDS/HWFET linear fit and a
measured US06 energy consumption data point.

The net Willans line in Figure 2.6 returns a slope of 1.02 and offset of 1.03 kW, which
indicates that the BEV operates at a net marginal efficiency around 98%. Note that these
values are not necessarily the same slope and offset as the previous powertrain Willans line
in Figures 2.4 and 2.5, but rather a high level overview of the energy consumption that

includes the effects of all powertrain states. Overall, the model estimates a net US06 battery
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power consumption of 12.5 kW, while the actual value is 13.3 kW. Therefore, the percent
error is about 6%, which meets the study’s acceptability range. As a result, the net Willans
line is chosen as the baseline model for investigating whether a unified BEV model can be

achieved.

2.2 Sourcing Vehicle Data

2.2.1 EPA Test Car List Data

The electric vehicles analyzed in the study are gathered from the 2022 EPA Test Car List
(TCL) data downloaded from the EPA’s public website [6]. This set of data contains in-
formation such as the unadjusted miles per gallon equivalent (MPGe) fuel economy for the
regulatory charge depleting UDDS and HWFET cycles. The listed MPGe value is a rep-
resentation of the AC energy required to run the designated drive cycles compared to the
energy used for a conventional ICEV, which assumes that a single gallon of gasoline is equiv-
alent to 33.705 kWh in electrical power. Figure 2.7 highlights the fuel economy values for the
UDDS and HWFET cycles listed in the TCL data plotted against the required tractive force
determined by the tractive effort model. The specific vehicles used for analysis is detailed

in Appendix A.

One observation of Figure 2.7 is that there are outliers with poor energy consumption values
compared to other BEVs. However, closer inspection reveals that this difference is likely
attributed to inconsistent units as those values are not within reasonable MPGe range for
BEVs. Instead, the consumption values align with an alternative unit commonly used to
display BEV energy consumption, kWh/100 mi. Therefore, to correct the different units,

all data points under 60 MPGe are assumed to have units of kWh/100 mi and converted to
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MPGe to obtain Figure 2.8.
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Figure 2.7: Raw MPGe data of electric vehicles listed in the EPA Test Car List data.
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Figure 2.8: Corrected MPGe data of electric vehicles listed in the EPA Test Car List data.

Since the analysis in this study only considers battery consumption after the conversion from

AC to DC energy, a charge efficiency 7 is used to find the available power after charging.

This charge efficiency is considered in the calculation from MPGe to DC power as described
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in Equation 2.27.

1 33.705 kW h 3600 s\ [ deya
P onsumption — - = 2.27
pec Pt " (MPGE) (1 gallonof gasolzne) ( 1h ) (tcycle ) (227)

where 7 represents the charging efficiency, M PG, represents the fuel economy in miles per

gallon equivalent, d.,q. is the total distance of the specified regulatory cycle, and teyq. is the
total time of the specified regulatory cycle. The DC power calculated from the TCL data
is also equivalent to the net battery power P! used over a drive cycle. After finding the
required DC power for each vehicle, the values are plotted against the cycle tractive power

with an assumed charge efficiency of 87% as shown in Figure 2.9.
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Figure 2.9: Calculated BEV DC energy consumption in EPA Test Car List data assuming
n = 87%.
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2.3 Vehicles Chosen for Analysis

CHAPTER 2. BACKGROUND

Table 2.1 is chosen for calculating individual charge efficiencies for more accurate analysis.

These vehicles are chosen to represent the spread of the original data as well as popular car

models on the market. Individual vehicle parameters are detailed in Appendix B.

Table 2.1: 2022 BEVs chosen from the EPA TCL data for analysis

Make Model Description Classification
Rivian R1S Conserve Mode Truck
Rivian R1S Sport Mode Truck
Rivian RIT Conserve Mode Truck
Rivian RI1T Sport Mode Truck
Chevrolet Bolt EV Car
Ford Mustang Mach-E ~ AWD Car
Ford Mustang Mach-EE RWD Car
Ford Mustang Mach-E ~ AWD Extended Range Car
Ford Mustang Mach-E = RWD Extended Range Car
Tesla Model Y AWD Performance Car
Tesla Model Y AWD Long Range Car
Tesla Model Y RWD Car
Tesla Model 3 RWD Car
Tesla Model 3 AWD Performance Car
Tesla Model 3 AWD Long Range Car
Kia EV6 AWD Long Range Car
Kia EV6 AWD Long Range Car
Kia EV6 RWD Long Range Car
Nissan Leaf SV/SL, FWD Car
Nissan Leaf FWD Car
Lucid Air Dream Performance Car
Hyundai  Kona Electric Car
Audi e-tron S Truck
Mercedes EQS 450+ Car
Porsche Taycan 4S Perf Battery Car
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2.4 Estimating the Charge Efficiency

The charge efficiency is estimated by using known battery capacities released by the man-
ufacturer or the DC energy consumption values found in the EPA Certificate Summary
Information (CSI) report for the vehicle. These efficiencies are found by using Equation 2.28

or Equation 2.29 depending on the available information on the vehicle.

_ -E'DC’7 CD cycle (2 28)

EAC,cycle

Ebatt cap,usable

2.29
EAC,cycle ( )

77:

where the numerator represents the DC energy consumed over a charge depleting cycle and
the denominator represents the total AC energy used to recharge the vehicle after a charge
depleting cycle. The usable battery capacity is assumed to be approximately the same value
as the calculated DC energy consumption. If both the usable battery capacity and DC energy
consumption for a charge depleting cycle are known, then the charge efficiency calculated
from the DC energy consumption is used, as that information contains more significant

values. Individual charge efficiencies and other vehicle parameters are detailed in Appendix

B.

Using individual charge efficiencies yields the DC energy consumption versus tractive power
plot shown in Figure 2.10. Overall, the battery consumption remains similar in value except
for some vehicles, such as the Porsche Taycan 4S Performance Battery and Audi e-tron S.
For instance, the Porsche Taycan has a calculated charge efficiency of 79% which shows lower
DC battery consumption after charging losses than expected in Figure 2.10. Similarly, the
Audi e-tron S has a calculated charge efficiency of 90%, which shows a higher DC battery

consumption. Potential error in the charge efficiency calculations could be attributed to the
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hardware in the vehicle, inaccurate data, or environmental conditions during the test that

may affect charging losses.
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Figure 2.10: Comparison between estimating the charge efficiency at 87% and calculating
the value.
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Normalized BEV Model

3.1 Net Willans Line Adaptation

The net Willans line modeling approach demonstrates energy consumption estimations of
individual BEVs within a 1% error for UDDS and HWFET drive cycles and 4% for US06
drive cycles [7]. Since these values are below 10%, this strategy is considered a sufficient
method for developing the base model for this study. Additionally, the convenience and
functionality is particularly useful since substantial vehicle data or computational resources
are not required to run energy consumption analysis. Therefore, the possibility of creating a
unified net Willans line is desired to further reduce the resources needed to conduct vehicle
analysis while maximizing the benefits of using a simplistic model. A normalization approach
is taken to achieve a unified fit, which involves dividing the data points by a defined vehicle

parameter and fitting the results.

Using data gathered in Appendix B for the chosen vehicles, the net tractive power P is
calculated by running the test mass and ABC road load coefficients through the tractive
effort model discussed in Section 2.1.1. The net battery power P/ is calculated by using
Equation 2.27 and the published EPA fuel economy values listed in MPGe. Therefore, each
vehicle has two data points for each drive cycle, which are used to create a single line fit

that has individual slopes and offsets.

23



24 CHAPTER 3. NorMALIZED BEV MobDEL

As a result, the net Willans lines for each chosen vehicle can be determined and plotted
together as displayed in Figure 3.1. Without normalizing the model, the fitted lines already
display similar net slopes in a linear pattern, where an increase in net tractive power is
associated with a linear increase in net battery power. However, the vehicles do not line up

perfectly due to varying net offset values.
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Figure 3.1: Individual net Willans lines plotted together for chosen vehicles listed in Ap-
pendix B

The offset in the net Willans line graph is expected to increase if a vehicle experiences
greater average negative tractive power for a given drive cycle. For instance, a drive cycle
that demands more negative tractive power will require more propulsive energy to result in
the same net tractive power than a drive cycle that only uses the required propulsive power
to meet the net tractive power. The reason is because EVs normally do not regenerate 100%
of negative tractive energy back to the battery. As a result, the average negative tractive
power of a drive cycle is recognized as a parameter that can skew a net Willans line model
for a vehicle when fitting two different drive cycles. However, since modern EVs are assumed

to have high regenerative fractions, this source of non-linearity may have little effect on the
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overall fit and model estimations.

Therefore, a unified net Willans line model can still largely succeed in estimating the energy
consumption at a high-level, especially since individual vehicle fits perform fairly well for
estimating future data points [7]. To quantify whether this model is successful, an acceptable
level of error to meet adequacy in this study is defined as a percent error within +10% of

the actual energy consumption.

3.2 Normalization

The normalization parameters chosen for the following analysis are adapted from studies
conducted by Phlips [12] [13] that identify a unified net Willans line model for conventional
vehicles. These parameters include the vehicle weight and performance, as defined by the
power to weight ratio. Although ICEVs have different powertrain components, the theory
remains similar for BEVs. For this study, the vehicle test weight, m, and the EV rated power

to test weight ratio, P,qeq/m, are used as the normalization parameters.

To create the normalized fit, the net tractive power, P! is used on the x-axis and the net
battery power, P/t is used on the y-axis of the model. The known input and output values
of this model are then divided by the normalized parameter and fitted to a linear regression

model created from the fitlm MATLAB function [10]. Statistics and other metrics on the

linear model are also determined from the fitlm function.

The first parameter considered for normalization is the test weight of the vehicle, which
increases the power required for a vehicle to overcome the inertial and road load forces [13].
Access to data required for this normalization is fairly easy to find given published EPA

data. Following normalization, the resulting axes are P/’ /m for the x-axis and BP’5. /m for
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the y-axis.

The next normalization parameter is the performance of the vehicle, which is described by
the vehicle rated power to test weight ratio, P.qq/m, and is also easily accessible in the
EPA TCL data. The performance is chosen as a parameter because a motor does not have
constant efficiency throughout its entire range of operation, similar to an ICEV. There are
higher efficiency regions that may reach above 90% efficiency, but there are also regions that
are much less at around 75% efficiency, especially at low speed and low torque operation [21].
One design factor that determines the powertrain operating points on a motor efficiency map
within a drive cycle is the size of the motor. If a vehicle requires a very low or very high
fraction of the motor rated power to overcome tractive forces, which are highly influenced
by the weight of the vehicle, the efficiency may be lower than the average BEV. Vehicles
designed for performance may fall under the category where the powertrain is oversized for
the average use. As a result, performance is considered as a parameter for the normalization

process, which results in Pj**/(P,qiea/m) for the x-axis and P /(Pyateq/m) for the y-axis.

The final normalization involves combining the previous two vehicle parameters, weight m
and performance P, .q/m, to receive the benefits of both normalization steps. The weight
terms cancel out as described in Equation 3.1, which leaves the rated power P,..q as the
remaining parameter as described below for the normalization. Therefore, the resulting axes

are P’/ P,qieq for the x-axis and P,/ P,eq for the y-axis.

net net
Ppet/m PR

Prated/m Prated

(3.1)
Pt /m Py
Prated/m Prated
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3.2.1 Identifying the Base Model

The base model is created by fitting the UDDS and HWFET data points gathered from
the EPA TCL data for vehicles listed in Appendix B. However, only select vehicles are
listed in Table 3.1 to represent the vehicles displayed on the following plots for presentation
purposes. Additionally, these are the only vehicles from Appendix B that include US06
energy consumption data. The corresponding net Willans line without any normalization is
depicted in Figure 3.2.

Table 3.1: Condensed set of vehicles and parameters used for presenting normalization

(UDDS) (UDDS) (HWFET) (HWFET)

Vehicle Name Pret kW] Piet (kW] PRt kW] PPt kW] Prageq [KW] Test Weight [ke]

Rivian R1T Conserve 3.61 5.23 13.2 14.7 325 3175
Rivian R1T Sport 3.57 5.87 12.8 16.3 650 3175
Tesla Model Y AWD P 2.66 3.88 9.17 10.4 312 2154
Tesla Model 3 AWD P 2.52 3.60 8.70 9.75 321 1927
Tesla Model 3 AWD LR 2.10 3.18 7.45 8.35 293 1927
Lucid Air Dream P 21 in 2.32 3.86 7.89 9.43 828 2494
Mercedes EQS 450+ 2.67 4.38 9.10 10.8 245 2721
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Figure 3.2: Base net Willans line without normalization.

Overall, the base model depicts the individual linear fits with similar slopes but differing

offsets. These slopes range from 0.96 to 1.19 and offsets range from 0.84 kW to 3.04 kW.
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Considering that the slope aligns with the inverse powertrain marginal efficiency, slopes less
than 1 imply that the vehicle can achieve more output tractive power per unit of battery
power. A slope less than 1 could be a result of fitting errors due to significant differences in
regenerative braking between the UDDS and HWFET cycles, which would skew the linear
fit. In this case, if the HWFET cycle recaptures a greater proportion of the available braking
energy than the UDDS cycle, then the linear fit will be artificially biased towards a higher
marginal efficiency and lower offset. This assumption is supported by the fact that the Rivian
R1T Sport Mode shows a fairly different slope compared to the Conserve mode, where there
is more aggressive regenerative braking [18]. Additionally, the Sport mode operates in all-

wheel drive mode, which could imply different powertrain loss behavior.

Furthermore, the offset range between all vehicles is large, indicating differences in the
overall power required to overcome road load forces and other previously mentioned factors,
like regenerative braking, losses, and accessory loads. Overall, the vehicles with the highest
energy consumption include the high performance and luxury vehicles, such as the Mercedes
EQS 450+ and Rivian R1T in Sport mode. These vehicles may have higher accessory loads

to run luxury features or greater losses due to more demanding performance requirements.

3.2.2 Normalizing by Weight

A large contributor to the overall tractive demand for any vehicle is the weight. As the weight
of the vehicle increases, more energy is required to propel the vehicle forward, which is the
same concept for ICEVs, HEVs, and BEVs [3]. Accordingly, the vehicle model is normalized

by the equivalent test weight listed in the EPA TCL for the first normalized model.

The resulting normalization produces a collapsed graph for most of the vehicles. In Figure

3.3, the majority of the vehicles follow a similar slope and offset with the exception of
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Figure 3.3: Net Willans line normalized by vehicle test weight.

the Rivian R1T in Sport Mode. Like the discussion in the previous section, this could be
attributed to different amounts of regenerative braking during the HWFET cycle compared
to the UDDS cycle. Additionally, the Sport Mode uses all-wheel drive instead of two-wheel
drive in Conserve mode, which introduces greater overall losses as the number of moving

components increase.

Another interesting observation of the model is how the UDDS data points collapse to a
common region in the model. This behavior implies that the weight of the vehicle has
greater influence on the energy consumption of the UDDS cycle compared to the HWFET
cycle. The UDDS cycle also requires more acceleration, thus, more fraction of inertia power
is needed to propel the vehicle. The assumption is further supported by Carlson et al. [3],
who found that changes in mass had little impact on the overall energy consumption for the
HWFET cycle compared to 2.4% to 4.1% change for a 10% increase in mass for the UDDS
and US06 cycles.



30 CHAPTER 3. NorMALIZED BEV MobDEL

3.2.3 Normalizing by Performance

The next normalization parameter investigated is the performance of the vehicle as defined
by the rated power to test weight ratio, P,qeq/m. This ratio is chosen to isolate the effects
of operating at different efficiency regions for a given powertrain. For instance, a motor that
requires low power to propel the vehicle in comparison to the total rated power is expected
to experience lower efficiency. Since the UDDS and HWFET drive cycles have different peak
power demands, the normalization potentially eliminates some of the losses associated with

the vehicle architecture.

The resulting model from normalizing the performance parameter does not completely unify
the net Willans lines; however, the data points for the Rivian R1T Sport Mode collapses
closer to the rest of the data unlike the previous vehicle models. These changes suggest that
the energy consumption for the R1T during Sport Mode is influenced more by the powertrain
configuration and the vehicle does not operate in the most efficient regions when using all-
wheel drive for the regulatory cycles. This idea is also supported by the examination that
the R1T Conserve Mode collapses well with the rest of the net Willans lines from the other

vehicles when half the listed rated power is used to represent the two-wheel drive mode.
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Figure 3.4: Net Willans line normalized by rated power to test weight ratio (performance).

3.2.4 Normalizing by Weight and Performance

The final normalization combines the previously discussed vehicle models and uses the weight
and performance parameters. Since the weight terms cancel out, the resulting parameter is
Pateq. Figure 3.5 indicates improvements in collapsing the UDDS and HWFET data points
and results in similar slopes between the different vehicles. After this normalization step, the
major remaining parameters affecting the offset for this model include the accessory loads,
powertrain losses, and regenerative fraction. Since these values are not readily available to

the public, further normalization is not considered for this study.
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Figure 3.5: Net Willans line normalized by weight and performance.
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Results

4.1 Energy Consumption Estimation

4.1.1 Model Results - Base

The resulting base model is depicted in Figure 4.1, which shows a linear regression of the
UDDS and HWFET data points for all chosen vehicles. In addition, the measured US06
energy consumption values from the EPA data and a 95% prediction interval is illustrated
on the plot to visualize how close the linear model predicts measured values for other cycles.
To quantify how well the base model and normalized vehicle model estimates the data, the
root mean square error (RMSE) is calculated for each data set. As a baseline, Table 4.1
identifies the RMSE for fitting and predicting different sets of available data using the base
model. Only the UDDS and HWFET energy consumption data is used for creating the line
fits since US06 data is not always published by the EPA. However, if a vehicle containing
published US06 energy consumption data is chosen, then that data point is included as way

to verify model estimations. The list of chosen vehicles can be found in Appendix B.

Overall, the base model performs with a minimum RMSE of 470 W for predicting the
UDDS energy consumption from a model fitted by UDDS points. A maximum RMSE of
1.1 kW is observed for estimating the US06 data points with a linear fit determined by
the combined UDDS/HWFET data. Since the RMSE values appear to increase with drive

33
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Figure 4.1: Base model for chosen vehicles listed in Appendix B.1

Table 4.1: RMSE for predicting energy consumption over different sets of fitted data points
using the base model.

Fitted Predicted
Data Points Data Points RMSE [KW]

UDDS UDDS 0.470
HWFET HWFET 0.818
UDDS/HWFET UDDS 0.539
UDDS/HWFET HWFET 0.862
UDDS/HWFET US06 1.113
UDDS/HWFET All 0.776

cycles containing higher net tractive powers, this pattern may suggest systematic error where
possible relationships are not fully captured in the input/output model. Therefore, patterns
in the error for the following sections are further observed to determine whether normalization
reduces the error pattern. Ideally, the error values should appear random to demonstrate a

sufficient model for describing the data.

Furthermore, the mean, min, and max percent error between the estimated and actual energy
consumption is calculated for the different prediction fits as illustrated in Table 4.2. Without
any normalization, the model performs fairly well with the mean percent error values under

+10%. However, the base model has a significant range in the minimum and maximum
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Table 4.2: Percentage error for estimating the power consumption using the base model.

Data Fitted | UDDS HWFET UDDS/HWFET
Data Predicted | UDDS HWFET UDDS HWFET US06
mean 1.1% 0.45% 0.1% 1.6% 4.8%
min -34% -22% -35% -21% -8.0%
max 11% 7.9% 15% 9.4% 18%

predicted errors, where the greatest magnitude of error is -35%. Further observation of
Table 4.3 reveals that the vehicle exhibiting the highest error is the Audi e-tron S. The
Pl estimated using the model is 3.94 kW, while the actual P is just over 6 kW. Some
differences noted in the Audi e-tron S is that the test weight and rated power to weight
ratio are greater than the average value for other vehicles in the chosen list. Therefore,
normalizing by these two values may help collapse the data points with high errors towards

to other vehicle data.

Despite the large error for the Audi e-tron S, the majority of other vehicles in the chosen list
have estimated percentage errors under 10% for the UDDS data. The predicted HWFET
data points depict similar results with vehicles like the Audi e-tron S showing a percent
error much higher than the rest of the data. Overall, the magnitude of error for the HWFET
estimations are lower than the other predicted values for UDDS and US06, and all vehicles
apart from the Audi e-tron S have estimated percent errors under 10%. Further details on

the full percent error list can be accessed in Appendix D.

The predicted US06 data points yield a similar conclusion, where most vehicles show accept-
able margins of error. Although the US06 energy consumption is not available for the Audi
e-tron S, the Tesla Model 3 AWD P, a similar vehicle, also shows a trend of high percent
error for the predicted values for all sets of data. For the US06 data points, only seven
energy consumption data points are available from the chosen vehicles as displayed in Table
4.4. However, for the seven vehicles, the majority of the estimated values have errors within

+10%.
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Table 4.3: Percentage error for estimating the UDDS power consumption with fitted UD-
DS/HWFET data using the base model.

Vehicle IEJZEETE:\?\;} Plr;%tct tl[lli‘\lv] % Error
Rivian R1S Conserve 4.86 5.01 -3.1%
Rivian R1S Sport 4.83 5.69 -15.1%
Rivian R1T Conserve 5.07 5.23 -3.0%
Rivian R1T Sport 5.03 5.87 -14.3%
Chevrolet Bolt EV, Config 1 3.55 3.26 9.0%
Chevrolet Bolt EV, Config 2 3.55 3.26 9.0%
Ford Mustang Mach-E AWD 4.31 4.49 -4.0%
Ford Mustang Mach-E RWD 3.92 3.97 -1.4%
Ford Mustang Mach-E AWD ER 4.45 4.67 -4.6%
Ford Mustang Mach-E RWD ER 3.99 4.00 -0.1%
Tesla Model Y AWD P 4.07 3.88 4.9%
Tesla Model Y AWD LR 3.71 3.55 4.6%
Tesla Model Y RWD 3.44 3.01 14.5%
Tesla Model 3 RWD 3.50 3.18 10.1%
Tesla Model 3 AWD P 3.93 3.60 9.1%
Tesla Model 3 AWD LR 3.48 3.18 9.1%
Kia EV6 AWD LR 20 in 3.83 3.62 5.9%
Kia EV6 AWD LR 19 in 3.48 3.46 0.6%
Kia EV6 RWD LR 3.37 3.00 12.2%
Nissan Leaf SV/SL FWD 3.79 3.55 7.0%
Nissan Leaf FWD 3.64 3.33 9.2%
Lucid Air Dream P 21 in 3.71 3.86 -4.0%
Hyundai Kona Electric 3.10 3.04 1.9%
Audi e-tron S 3.94 6.06 -35.0%
Mercedes EQS 450+ 4.08 4.38 -6.9%
Porsche Taycan 4S Perf Battery 4.08 4.62 -11.8%

Therefore, the base model appears to be adequate for the average BEV with the exception

of a handful of vehicles that consistently have high percent error for all predicted sets of

data. These vehicles appear to have higher vehicle weight and are considered "performance”

vehicles, which generally imply a higher power/weight ratio. Therefore, the following sec-

tions attempt to minimize outliers by normalizing the model by weight and performance

parameters to collapse the Willans line fits to a single fit.
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Table 4.4: Percentage error for estimating the US06 power consumption using the base

model.
. Estimated Actual
Vehicle Poet kW] PRet. [KW] % Error
Rivian R1S Conserve 18.45 16.87 9.4%
Rivian R1S Sport 17.95 17.88 0.4%
Tesla Model Y AWD P 13.21 12.48 5.9%
Tesla Model 3 AWD P 12.84 10.88 18.0%
Tesla Model 3 AWD LR 11.14 10.42 6.9%
Lucid Air Dream P 21 in 11.44 11.34 0.8%
Mercedes EQS 450+ 12.87 13.99 -8.0%

4.1.2 Model Results - Weight

The first normalized parameter is the vehicle test weight since the tractive forces are highly

dependent on the vehicle weight. The test weight is used instead of the curb weight of the

vehicle since the data is related to the dynamometer tests where passenger and driver mass

is added. After normalizing the model by weight, Figure 4.2 is produced with data points

from each drive cycle noticeably shifted towards each other.
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Figure 4.2: Model normalized by vehicle test weight for chosen vehicles listed in Appendix

B

The net tractive power collapses horizontally in the model; however, variation in the battery
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power between the different vehicles are still present. These results suggest that vehicle
weight may not drastically affect the battery power as previously assumed. Furthermore,
the prediction interval does not capture more data points than in the baseline model. In
fact, a US06 data point falls outside of the bounds for the weight normalized model, unlike

in the base model where the prediction interval captures all US0O6 points.

By observing the RMSE in Table 4.5, the error is slightly lower than the RMSE in the base
model. Note that the model was normalized to different units, but the RMSE values have
been converted back to kilowatts for comparison purposes. Despite the appearance of a
less linear relationship observed in Figure 3.2.2, the RMSE values are lower than the ones
observed for the base model. These results are further highlighted by the percent error,
which is displayed in Table 4.6.

Table 4.5: RMSE in original units [kW] for predicting energy consumption over different sets
of fitted data points using the model normalized by weight.

Fitted Predicted
Data Points Data Points RMSE [kW]
UDDS UDDS 0.358
HWY HWY 0.697
UDDS/HWY UDDS 0.384
UDDS/HWY HWY 0.747
UDDS/HWY US06 0.988
UDDS/HWY All 0.653

Table 4.6: Summary of the estimation percent error for model normalized by test weight

Data Fitted UDDS HWFET UDDS/HWFET
Data Predicted | UDDS HWFET UDDS HWFET USo6
mean 0.56% 0.31% 0.1% -0.16% 3.6%
min -23% -16% -35% -19.52% -7.6%
max 13% 8.3% 14.5% 7.1% 14%

Furthermore, the model fitted from the UDDS/HWFET data shows a decrease in the mean
percent error. However, an observation of the individual percent errors in Table 4.7 for
the predicted UDDS data points show that although the average error was reduced, some

vehicles experience increased error compared to the base model.
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Table 4.7: Percentage error for estimating the UDDS power consumption with fitted UD-
DS/HWFET data using the model normalized by weight.

Estimated Actual

Vehicle Poet kW] PRet. [KW] % Error

Rivian R1S Conserve 5.48 5.01 9.2%
Rivian R1S Sport 5.45 5.69 -4.2%
Rivian R1T Conserve 5.68 5.23 8.7%
Rivian R1T Sport 5.65 5.87 -3.8%
Chevrolet Bolt EV, Config 1 3.32 3.26 2.0%
Chevrolet Bolt EV, Config 2 3.32 3.26 2.0%
Ford Mustang Mach-E AWD 4.31 4.49 -4.1%
Ford Mustang Mach-E RWD 3.92 3.97 -1.1%
Ford Mustang Mach-E AWD ER 4.59 4.67 -1.8%
Ford Mustang Mach-E RWD ER 4.07 4.00 1.8%
Tesla Model Y AWD P 4.07 3.88 5.0%
Tesla Model Y AWD LR 3.73 3.55 5.0%
Tesla Model Y RWD 3.33 3.01 10.6%
Tesla Model 3 RWD 3.38 3.18 6.3%
Tesla Model 3 AWD P 3.79 3.60 5.4%
Tesla Model 3 AWD LR 3.36 3.18 5.4%
Kia EV6 AWD LR 20 in 3.84 3.62 6.2%
Kia EV6 AWD LR 19 in 3.50 3.46 1.3%
Kia EV6 RWD LR 3.33 3.00 10.7%
Nissan Leaf SV/SL FWD 3.66 3.55 3.4%
Nissan Leaf FWD 3.41 3.33 2.2%

Lucid Air Dream P 21 in 3.94 3.86 1.9%
Hyundai Kona Electric 2.92 3.04 -4.0%
Audi e-tron S 4.45 6.06 -26.6%
Mercedes EQS 450+ 4.44 4.38 1.3%
Porsche Taycan 4S Perf Battery 4.22 4.62 -8.6%

In the base model, the Rivian R1S and R1T in Conserve Mode have a percent error of -3.1%,
whereas they have a percent error of 9.2% in the normalized model. One possibility that
might have affected these results is that these vehicles are the only chosen vehicles with two
different modes for the same powertrain configuration. In Conserve mode, the Rivian vehicle
only uses two motors, while the Sport Mode uses all four motors without changing the mass
of the vehicle. Therefore, these data points might not be representative of all BEVs since

not all vehicles have the same modes of operation.

In terms of estimating the US06 data points as shown in Table 4.8, most vehicles have an

acceptable percentage error under +10%. A major difference from this model compared
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to the base model is that the percentage error for the Rivian R1S for both Conserve and
Sport Mode are higher. Additionally, the Tesla Model 3 AWD P still exhibits high percent
difference in the prediction, but the value is still improved from 18% to 14% error using this

model.

Table 4.8: Percentage error for estimating the US06 power consumption using the model
normalized by weight.

Estimated Actual

Vehicle Poet [KW] PRet. [KW] % Error
Rivian R1S Conserve 18.61 16.87 10.3%
Rivian R1S Sport 18.13 17.88 1.4%
Tesla Model Y AWD P 12.90 12.48 3.4%
Tesla Model 3 AWD P 12.40 10.88 14.0%
Tesla Model 3 AWD LR 10.76 10.42 3.3%
Lucid Air Dream P 21 in 11.40 11.34 0.6%
Mercedes EQS 450+ 12.93 13.99 -7.6%

In summary, the model fitted using the combined UDDS/HWFET data and normalized
by vehicle test weight shows a moderate improvement in reducing the prediction error for

UDDS, HWFET, and US06 data points.

4.1.3 Model Results - Performance

The next parameter used for normalization is the performance, which is defined as the ratio
between the rated power and test weight, P,qieq/m. The normalized model is depicted in
Figure 4.3, which appears to follow a similar linear pattern like the base model, but the data
is more spread out over the minimum and maximum axes values. Most of the data also seem

to fall within the 95% prediction intervals.

Although the appearance of the model is more linear, the UDDS data points follow a slightly
different slope compared to the HWFET data. Additionally, the RMSE values are greater

than the previous models as detailed in Table 4.9.
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Figure 4.3: Model normalized by performance, P,q.q/m, for chosen vehicles listed in Ap-
pendix B

Table 4.9: RMSE in original units [kW] for predicting energy consumption over different sets
of fitted data points using the model normalized by performance.

Fitted Predicted

Data Points Data Points RMSE [kW]
UDDS UDDS 0.474
HWY HWY 0.844

UDDS/HWY UDDS 0.701

UDDS/HWY HWY 0.943

UDDS/HWY US06 1.708

UDDS/HWY All 0.977

Similarly, the percent error values for each predicted set of data are higher than both the
previously discussed models as depicted in Table 4.10. Overall, the predicted values for the
US06 data points in Table 4.11 are mostly beyond £10% for estimating energy consumption.

Only the Rivian R1S and Tesla Model Y AWD P vehicles display percent errors under +10%.

Table 4.10: Summary of the estimation percent error for model normalized by performance

Data Fitted | UDDS HWFET UDDS/HWFET
Data Predicted | UDDS HWFET UDDS HWFET US06
mean 1.46% 0.97% 2.1% 2.21% 3.6%
min -33% -21% -33% -20.5% -7.6%

max 16% 17.4% 60.5% 28.0% 14%
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Table 4.11: Percentage error for estimating the US06 power consumption using the model
normalized by performance.

Estimated Actual

Vehicle Poet kW] PRet. [KW] % Error
Rivian R1S Conserve 18.27 16.87 8.3%
Rivian R1S Sport 18.94 17.88 5.9%
Tesla Model Y AWD P 13.53 12.48 8.5%
Tesla Model 3 AWD P 13.41 10.88 23.2%
Tesla Model 3 AWD LR 11.56 10.42 10.9%
Lucid Air Dream P 21 in 13.89 11.34 22.5%
Mercedes EQS 450+ 12.58 13.99 -10.1%

Therefore, normalizing the model by performance does not yield better performance than
the base model or model normalized by weight. However, this model still demonstrates
that the data points collapse horizontally, which may be useful in conjunction with another
normalization parameter. Additionally, since the data points are spread out across the range
of the model, there is less uncertainty about the linear fit between the UDDS and HWFET

points.

4.1.4 Model Results - Weight and Performance

The final normalization step combines the weight and performance parameters and results
in the model in Figure 4.4. Compared to the model normalized by performance, the data
points in this model are more collapsed horizontally and vertically, and the linear fit contains

data points that are evenly spaced across the entire range.

The data point on the far right of Figure 4.4 represents the standard Nissan Leaf, which
suggests that the rated power of the vehicle is low compared to the net battery power and
net tractive power. Alternatively, the data points to the far left for both the UDDS and
HWFET data represent the Lucid Air Dream P, which has high rated power compared to

the net battery power and net tractive power.
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Figure 4.4: Model normalized by test weight and performance for chosen vehicles listed in
Appendix B

Overall, the RMSE values observed for the vehicles in Table 4.12 show that the line fits
created with individual drive cycle data perform better than the model created from fitting
both UDDS and HWFET data. These findings suggest that there may be another parameter
that differs between the UDDS and HWFET cycles, such as marginal efficiency. For instance,
the efficiency of a motor is reduced when operating in regions with lower speeds, which may
result in lower efficiency for the UDDS data compared to the HWFET data points. For the
UDDS line fit, the normalized slope is 1.405, which corresponds to a normalized marginal
efficiency of 0.71. For the HWFET line fit, the normalized slope is 1.101, which corresponds
to a normalized marginal efficiency of 0.91. These values are only to demonstrate a difference
in the slopes rather than the actual net efficiency, since that value may be skewed due to

the normalization.

Similar findings are observed in Table 4.13, where the percent error values for the different
sets of data are higher than the errors in the base model. Furthermore, the highest error for

the combined UDDS/HWFET data is seen for the Lucid Air Dream P UDDS prediction at
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Table 4.12: RMSE in original units [kW] for predicting energy consumption over different
sets of fitted data points using the model normalized by weight and performance.

Fitted Predicted
Data Points Data Points RMSE [kW]
UDDS UDDS 0.456
HWY HWY 0.779
UDDS/HWY UDDS 0.721
UDDS/HWY HWY 0.924
UDDS/HWY US06 1.856
UDDS/HWY All 1.007

Table 4.13: Summary of the estimation percent error for model normalized by weight and
performance.

Data Fitted | UDDS HWFET UDDS/HWFET
Data Predicted | UDDS HWFET UDDS HWFET US06
mean 1.2% 0.71% 1.4% 2.6% 11%
min -31% -20% -26% -17% -8.3%
max 19% 16% 66% 31% 25%

66% error. However, this vehicle does not have overly high percent errors for the HWFET
or US06 predictions, which may suggest that an element of vehicle operation during that

state is not captured.

Table 4.14: Percentage error for estimating the US06 power consumption using the model
normalized by weight and performance.

Estimated Actual

Vehicle Poet kW] PRet. [KW] % Error
Rivian R1S Conserve 18.81 16.87 11.5%
Rivian R1S Sport 19.86 17.88 11.1%
Tesla Model Y AWD P 13.48 12.48 8.1%
Tesla Model 3 AWD P 13.16 10.88 20.9%
Tesla Model 3 AWD LR 11.32 10.42 8.7%
Lucid Air Dream P 21 in 14.18 11.34 25.0%
Mercedes EQS 450+ 12.83 13.99 -8.3%

For predicting the US06 energy consumption, the model performs fairly poorly with most
percentages of error exceeding +10%. However, the linear fit is able to capture data points
fairly well, as the fit has the highest R? values as shown in Table 4.15. For this table, the

intercept and RMSE are in their original units and show the results for both UDDS and
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HWFET data points.

Table 4.15: Line fit results for each normalized model for linear regressions fitted with
UDDS/HWFET fit points.

Normalized Parameters Slope Intercept R? RMSE
- 1.06 126 kW] 097 0.73 kW]

m 102 6.3E-4 [kW/kg] 098 2.2E-4 kW /kg]
Prated/m 1.05 11.3 [kg] 0.98 5.73 [kg]
Pratea/m, m 1.06 ASE-3[] 099  2.3E-3[]

4.2 Factoring Accessory Loads

As Harvey and Nelson [7] discusses, the net Willans line model is sensitive to accessory loads,
which is not considered in the models above. Therefore, the models discussed still have the
potential to perform with higher accuracy with further information on accessory loads. Since
the accessory load is taken directly from the battery, as depicted in Figure 2.2, the load is
subtracted from the net battery power before developing the model fit to obtain a better

representation of the powertrain energy consumption.

A value of 0.5 kW 1is chosen to roughly represent the accessory loads of a vehicle during
a dynamometer test [4]. The load is first subtracted from the net battery consumption to
obtain new values for fitting the linear model for each normalization step. The x-y fitted

values for the baseline model are as described below,

y (fitted) = P — 0.5 kW
(4.1)
x (fitted) = P

After the powertrain energy consumption is estimated from the model, the accessory load is
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added to the result to obtain the final estimated net battery consumption.

By subtracting a load of 0.5 kW from the net battery consumption, the model normalized by
performance and the model normalized by weight and performance both show improvements
in the overall RMSE. Additionally, all normalized models show improvements in predicting
US06 data points as depicted in Table 4.16. The RMSE for the predictions in the data set
containing all data points decreases by over 20% for the model normalized by weight and
performance. This model shows the highest improvement due to consideration of accessory
loads; however, the model normalized by weight still has lower RMSE overall. Although the
models fitted using only the UDDS and HWFET points show higher error when considering
accessory loads, the changes are relatively small. The desired behavior is to reduce the
error for estimated values for new data points that are not used to fit the model, such as
the error for the USO6 data points. Furthermore, since only a constant accessory load is
used, information on the individual accessory loads for each vehicle can further improve the
normalized model estimations.

Table 4.16: RMSE for normalized models after factoring a 0.5 kW accessory load in com-
parison to original models

Normalization Type

Fitted Data Points Predicted Baseline Change Weight Change Performance Change Pe?f{s;il;{nce Change
Data Points  [kW] (%] kW /kg] [%] [kg] [%] [ [%]
UDDS UDDS 0.47 0% 0.39 7.9% 0.48 1.3% 0.46 1.4%
HWFET HWFET 0.82 0% 0.71 2.5% 0.85 1.0% 0.79 1.1%
UDDS/HWFET UDDS 0.54 0% 0.42 10.1% 0.58 -17.2% 0.55 -24.0%
UDDS/HWFET HWFET 0.86 0% 0.79 5.4% 0.87 -8.2% 0.80 -13.2%
UDDS/HWFET Uso6 1.11 0% 0.96 -2.8% 1.37 -19.8% 1.40 -24.6%
UDDS/HWFET All 0.78 0% 0.68 4.0% 0.84 -14.3% 0.81 -20.1%

4.3 Removing Outliers

From observing Figure 3.1, which illustrates the individual net Willans lines for the chosen

vehicles, the Audi e-tron S consumes more energy than the rest of the chosen vehicles. As
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such, this vehicle may have characteristics that diverge from other BEVs that are not easily
explained with published EPA data. Therefore, the outlier is removed from the data set to
investigate whether the new model shows reduced error for the rest of the chosen vehicles.
The same normalization steps are completed again using the new set of vehicles to develop

new models.

As a result, removing the outlier vehicle significantly reduces the RMSE for all predicted
values as depicted in Table 4.17. This model performs nearly as well as the original model
that considers accessory loads in Section 4.2. In addition, when an accessory load of 0.5
kW is considered for the model without outlier data, the RMSE further reduces as indicated
in Table 4.18. These results may suggest that the normalization steps alone are not able
to isolate the vehicle differences of the Audi e-tron S. Furthermore, the accessory load may
be significantly higher than the rest of the chosen vehicles. Since the powertrain losses
and accessory loads are not readily available information, the reason for the outlier may be
difficult to distinguish. Therefore, these results indicate that the performance of the model

can be highly dependent on the set of vehicles used to create the model.

Table 4.17: RMSE results with outlier vehicle removed and compared to original model
results when P,.., = 0

Normalization Type

Fitted Data Points Predicted Baseline Change Weight Change Performance Change Pevr\f{s;i}:;r/l co Change
Data Points kW] (%] [kW /kg] %] kg] %] [ %]
UDDS UDDS 0.23 -50.10% 0.21 -42.2% 0.22 -53.1% 0.21 -54.5%
HWFET HWFET 0.54 -34.45% 0.51 -26.6% 0.54 -36.5% 0.49 -37.7%
UDDS/HWFET UDDS 0.36 -33.10% 0.21 -46.0% 0.55 -21.9% 0.60 -16.8%
UDDS/HWFET HWFET 0.60 -30.14% 0.51 -31.4% 0.70 -25.6% 0.74 -20.3%
UDDS/HWFET USso6 1.05 -6.05% 0.97 -2.2% 1.59 -6.9% 1.76 -5.1%

UDDS/HWFET All 0.59 -23.73% 0.50 -23.6% 0.81 -17.0% 0.88 -12.5%
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Table 4.18: RMSE results with outlier vehicle removed and compared to original model
results when P, = 0.5 kW

Normalization Type

Fitted Data Points Predicted Baseline Change Weight Change Performance Change Pe‘?f]s;i}ll:\{l co Change
Data Points  [kW] [%] [kW /kg] [%] kg] [%] [ [%]

UDDS UDDS 0.23 -50.10% 0.24 -31.6% 0.25 -46.4% 0.23 -50.2%

HWFET HWFET 0.54 -34.45% 0.53 -23.4% 0.56 -34.2% 0.50 -35.7%

UDDS/HWFET UDDS 0.36 -33.10% 0.24 -36.7% 0.40 -43.5% 0.38 -47.8%

UDDS/HWFET HWFET 0.60 -30.14% 0.54 -27.5% 0.60 -36.7% 0.55 -40.5%

UDDS/HWFET USo06 1.05 -6.05% 0.94 -4.4% 1.26 -25.9% 1.31 -29.4%

UDDS/HWFET All 0.59 -23.73% 0.51 -21.3% 0.65 -33.5% 0.64 -36.7%



Chapter 5

Conclusions

In summary, normalizing a net Willans line may serve as a simple and adequate model for

estimating the energy consumption with only limited data published publicly by the EPA.

Additionally, these models have high potential for improvement when accessory loads and

powertrain losses are known.

The resulting RMSE for each normalized model fitted using the combined UDDS and

HWFET data points is summarized by Figure 5.1. Similarly, the resulting RMSE for the

models that consider accessory loads at 0.5 kW is detailed in Figure 5.2, which highlights

improvements in the estimations.
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Figure 5.1: RMSE results for all normalization models for data sets estimated using a linear
model fitted by both UDDS/HWFET data.
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Figure 5.2: RMSE results for all normalization models for data sets estimated using a linear
model fitted by both UDDS/HWFET data with considered 0.5 kW load

In brief, findings in this study include:

A unified net Willans line in terms of the net tractive power, P/'“' and net battery

power, Pt is largely successful for fitting regulatory cycles

Normalizing a net Willans line by vehicle test weight yields improvements in the model

predictions for UDDS, HWFET, and US06 data points

Normalizing a net Willans line by performance collapses the data horizontally to

achieve data points evenly scattered across the model range

Normalizing a net Willans line by performance helps achieve similar net Willans line

slopes across all vehicles

Normalizing a net Willans line by vehicle test weight and performance produces the

highest errors out of all the models analyzed in this study



o1

Despite large prediction errors, the model normalized by vehicle test weight and per-

formance has the highest R? value

The slope of the unified net Willans line is approximately the inverse of the powertrain

marginal efficiency when variable terms other than P/*** are constant

The offset of the unified net Willans line is approximately equivalent to the accessory

loads and powertrain losses

A more accurate unified net Willans line model is possible with further vehicle infor-

mation on accessory loads and powertrain losses
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Appendix A

EPA TCL Vehicle Data

The following table includes the list of BEVs in the 2022 EPA Test Car List data [6].
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Appendix B

EPA Chosen Vehicle Data

The following table includes the list of BEVs chosen for analysis from Appendix A. The
documents used for finding this information is found in the Application for Certification
documents uploaded to the EPA Transportation and Air Quality Document Index System,
which also contain the Certificate Summary Information Report [5]. Document ID numbers

are provided in the following table for reference.
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Appendix C

US06 Energy Consumption Data

The following table includes the list of vehicles with available USO6 energy consumption
data found in the submitted CSI documents [5]. Specific documents numbers used for this

information can be found in Appendix B.

Table C.1: List of chosen vehicles with US06 energy consumption data available

Make Model FE (kWh/100 mi) FE (MPGe)
Rivian R1T Conserve 40.8 82.7
Rivian R1T Sport 42.2 79.9
Tesla Model Y AWD P 29.3 114.9
Tesla Model 3 AWD P 26.2 128.5
Tesla Model 3 AWD LR 24.2 139.2
Lucid Air Dream P 21 in 29.7 113.4
Mercedes EQS 450+ 31.6 106.6
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Appendix D

Additional Results for Base Model

Table D.1: Percentage error for predicting the HWFET power consumption using the base
model and fitted UDDS/HWFET data.

Estimated Actual

Vehicle Poet kW] PRet. [KW] % Error
Rivian R1S Conserve 14.52 5.01 5.0%
Rivian R1S Sport 14.34 5.69 -8.5%
Rivian R1T Conserve 15.20 5.23 3.6%
Rivian R1T Sport 14.82 5.87 -9.1%
Chevrolet Bolt EV, Config 1 10.24 3.26 7.9%
Chevrolet Bolt EV, Config 2 10.24 3.26 8.0%
Ford Mustang Mach-E AWD 12.45 4.49 -0.1%
Ford Mustang Mach-E RWD 11.38 3.97 1.5%
Ford Mustang Mach-E AWD ER 12.81 4.67 1.6%
Ford Mustang Mach-E RWD ER 11.55 4.00 3.2%
Tesla Model Y AWD P 10.95 3.88 5.3%
Tesla Model Y AWD LR 10.09 3.55 6.5%
Tesla Model Y RWD 9.45 3.01 8.3%
Tesla Model 3 RWD 9.05 3.18 6.1%
Tesla Model 3 AWD P 10.46 3.60 7.3%
Tesla Model 3 AWD LR 9.14 3.18 9.4%
Kia EV6 AWD LR 20 in 11.26 3.62 0.2%
Kia EV6 AWD LR 19 in 10.35 3.46 -0.9%
Kia EV6 RWD LR 10.06 3.00 2.1%
Nissan Leaf SV/SL FWD 11.11 3.55 41%
Nissan Leaf FWD 10.75 3.33 6.6%
Lucid Air Dream P 21 in 9.60 3.86 1.9%
Hyundai Kona Electric 8.97 3.04 -4.8%
Audi e-tron S 11.39 6.06 -21.3%
Mercedes EQS 450+ 10.88 4.38 1.0%
Porsche Taycan 4S Perf Battery 10.90 4.62 -4.3%
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Appendix E

Additional Results for Model

Normalized by Weight

Table E.1: Percentage error for estimating the HWFET power consumption using the model
normalized by test weight.

Estimated Actual

Vehicle Prct kW] PRt [KWw] % Error
Rivian R1S Conserve 14.81 5.01 7.1%
Rivian R1S Sport 14.64 5.69 -6.6%
Rivian R1T Conserve 15.46 5.23 5.5%
Rivian R1T Sport 15.10 5.87 -7.4%
Chevrolet Bolt EV, Config 1 9.79 3.26 3.1%
Chevrolet Bolt EV, Config 2 9.79 3.26 3.2%
Ford Mustang Mach-E AWD 12.17 4.49 -2.4%
Ford Mustang Mach-E RWD 11.14 3.97 -0.7%
Ford Mustang Mach-E AWD ER 12.66 4.67 0.4%
Ford Mustang Mach-E RWD ER 11.37 4.00 1.6%
Tesla Model Y AWD P 10.72 3.88 3.1%
Tesla Model Y AWD LR 9.89 3.55 4.4%
Tesla Model Y RWD 9.13 3.01 4.6%
Tesla Model 3 RWD 8.74 3.18 2.5%
Tesla Model 3 AWD P 10.10 3.60 3.6%
Tesla Model 3 AWD LR 8.82 3.18 5.7%
Kia EV6 AWD LR 20 in 11.02 3.62 -1.9%
Kia EV6 AWD LR 19 in 10.14 3.46 -2.9%
Kia EV6 RWD LR 9.79 3.00 -0.7%
Nissan Leaf SV/SL FWD 10.73 3.55 0.6%
Nissan Leaf FWD 10.28 3.33 1.9%
Lucid Air Dream P 21 in 9.63 3.86 2.2%
Hyundai Kona Electric 8.59 3.04 -8.8%
Audi e-tron S 11.64 6.06 -19.5%
Mercedes EQS 450+ 11.01 4.38 2.2%
Porsche Taycan 4S Perf Battery 10.81 4.62 -5.1%

70



Appendix F

Additional Results for Model

Normalized by Performance

Table F.1: Percentage error for predicting the UDDS power consumption using the model
normalized by performance.

Estimated Actual

Vehicle Pret (kW] PRt [KW] % Error
Rivian R1S Conserve 4.74 5.01 -5.4%
Rivian R1S Sport 5.88 5.69 3.2%
Rivian R1T Conserve 4.96 5.23 -5.3%
Rivian R1T Sport 6.08 5.87 3.5%
Chevrolet Bolt EV, Config 1 3.25 3.26 -0.5%
Chevrolet Bolt EV, Config 2 3.25 3.26 -0.4%
Ford Mustang Mach-E AWD 4.08 4.49 -9.1%
Ford Mustang Mach-E RWD 3.69 3.97 -71.1%
Ford Mustang Mach-E AWD ER 4.41 4.67 -5.6%
Ford Mustang Mach-E RWD ER 3.80 4.00 -4.9%
Tesla Model Y AWD P 4.44 3.88 14.4%
Tesla Model Y AWD LR 3.97 3.95 11.9%
Tesla Model Y RWD 3.40 3.01 13.1%
Tesla Model 3 RWD 3.36 3.18 5.6%
Tesla Model 3 AWD P 4.54 3.60 26.1%
Tesla Model 3 AWD LR 3.93 3.18 23.4%
Kia EV6 AWD LR 20 in 3.82 3.62 5.5%
Kia EV6 AWD LR 19 in 3.46 3.46 0.2%
Kia EV6 RWD LR 3.03 3.00 1.0%
Nissan Leaf SV/SL FWD 3.46 3.55 -2.4%
Nissan Leaf FWD 3.07 3.33 -7.7%
Lucid Air Dream P 21 in 6.20 3.86 60.5%
Hyundai Kona Electric 2.77 3.04 -9.0%
Audi e-tron S 4.09 6.06 -32.5%
Mercedes EQS 450+ 3.83 4.38 -12.6%
Porsche Taycan 4S Perf Battery 4.14 4.62 -10.5%
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72 AprPENDIX F. ADDITIONAL RESULTS FOR MODEL NORMALIZED BY PERFORMANCE

Table F.2: Percentage error for predicting the HWFET power consumption using the model
normalized by performance and fitted UDDS/HWFET data.

Estimated Actual

Vehicle Poet [KW] PRt [KW] % Error
Rivian R1S Conserve 14.36 5.01 3.9%
Rivian R1S Sport 15.34 5.69 -2.1%
Rivian R1T Conserve 15.03 5.23 2.5%
Rivian R1T Sport 15.82 5.87 -3.0%
Chevrolet Bolt EV, Config 1 9.90 3.26 4.3%
Chevrolet Bolt EV, Config 2 9.90 3.26 4.4%
Ford Mustang Mach-E AWD 12.18 4.49 -2.3%
Ford Mustang Mach-E RWD 11.12 3.97 -0.8%
Ford Mustang Mach-E AWD ER 12.73 4.67 0.9%
Ford Mustang Mach-E RWD ER 11.32 4.00 1.2%
Tesla Model Y AWD P 11.29 3.88 8.6%
Tesla Model Y AWD LR 10.32 3.55 8.9%
Tesla Model Y RWD 9.38 3.01 7.5%
Tesla Model 3 RWD 8.88 3.18 4.1%
Tesla Model 3 AWD P 11.04 3.60 13.3%
Tesla Model 3 AWD LR 9.56 3.18 14.5%
Kia EV6 AWD LR 20 in 11.21 3.62 -0.2%
Kia EV6 AWD LR 19 in 10.31 3.46 -1.4%
Kia EV6 RWD LR 9.70 3.00 -1.7%
Nissan Leaf SV/SL FWD 10.74 3.55 0.7%
Nissan Leaf FWD 10.16 3.33 0.7%
Lucid Air Dream P 21 in 12.07 3.86 28.0%
Hyundai Kona Electric 8.61 3.04 -8.6%
Audi e-tron S 11.50 6.06 -20.5%
Mercedes EQS 450+ 10.60 4.38 -1.6%

Porsche Taycan 4S Perf Battery 10.93 4.62 -4.1%



Appendix G

Additional Results for Model

Normalized by Weight /Performance

Table G.1: Percentage error for estimating the UDDS power consumption using the model
normalized by weight and performance.

Estimated Actual

Vehicle Puct (kW] PRt [KW] % Error
Rivian R1S Conserve 5.17 5.01 3.0%
Rivian R1S Sport 6.70 5.69 17.7%
Rivian R1T Conserve 5.38 5.23 2.9%
Rivian R1T Sport 6.90 5.87 17.5%
Chevrolet Bolt EV, Config 1 3.02 3.26 -7.5%
Chevrolet Bolt EV, Config 2 3.02 3.26 -7.4%
Ford Mustang Mach-E AWD 4.02 4.49 -10.6%
Ford Mustang Mach-E RWD 3.62 3.97 -8.9%
Ford Mustang Mach-E AWD ER 4.44 4.67 -4.9%
Ford Mustang Mach-E RWD ER 3.78 4.00 -5.5%
Tesla Model Y AWD P 4.31 3.88 11.2%
Tesla Model Y AWD LR 3.85 3.55 8.6%
Tesla Model Y RWD 3.19 3.01 6.2%
Tesla Model 3 RWD 3.16 3.18 -0.4%
Tesla Model 3 AWD P 4.21 3.60 17.0%
Tesla Model 3 AWD LR 3.63 3.18 13.9%
Kia EV6 AWD LR 20 in 3.73 3.62 2.9%
Kia EV6 AWD LR 19 in 3.37 3.46 -2.5%
Kia EV6 RWD LR 2.92 3.00 -2.7%
Nissan Leaf SV/SL FWD 3.31 3.55 -6.7%
Nissan Leaf FWD 2.91 3.33 -12.6%
Lucid Air Dream P 21 in 6.42 3.86 66.2%
Hyundai Kona Electric 2.56 3.04 -15.7%
Audi e-tron S 4.46 6.06 -26.4%
Mercedes EQS 450+ 4.00 4.38 -8.6%
Porsche Taycan 4S Perf Battery 4.17 4.62 -9.9%
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74 ApPPENDIX G. ADDITIONAL RESULTS FOR MODEL NORMALIZED BY WEIGHT/PERFORMANCE

Table G.2: Percentage error for estimating the HWFET power consumption using the model
normalized by test weight and performance.

Estimated Actual

Vehicle Prort [KW]  Prass [KW] % Error
Rivian R1S Conserve 14.86 13.82 7.5%
Rivian R1S Sport 16.24 15.67 3.7%
Rivian R1T Conserve 15.54 14.66 6.0%
Rivian R1T Sport 16.72 16.30 2.6%
Chevrolet Bolt EV, Config 1 9.73 9.49 2.5%
Chevrolet Bolt EV, Config 2 9.73 9.49 2.6%
Ford Mustang Mach-E AWD 12.18 12.46 -2.3%
Ford Mustang Mach-E RWD 11.11 11.21 -0.9%
Ford Mustang Mach-E AWD ER 12.83 12.61 1.8%
Ford Mustang Mach-E RWD ER 11.36 11.19 1.6%
Tesla Model Y AWD P 11.22 10.40 7.9%
Tesla Model Y AWD LR 10.26 9.48 8.2%
Tesla Model Y RWD 9.22 8.73 5.6%
Tesla Model 3 RWD 8.74 8.53 2.4%
Tesla Model 3 AWD P 10.77 9.75 10.4%
Tesla Model 3 AWD LR 9.31 8.35 11.5%
Kia EV6 AWD LR 20 in 11.18 11.24 -0.5%
Kia EV6 AWD LR 19 in 10.27 10.45 -1.7%
Kia EV6 RWD LR 9.64 9.86 -2.2%
Nissan Leaf SV/SL FWD 10.65 10.67 -0.2%
Nissan Leaf FWD 10.05 10.09 -0.4%
Lucid Air Dream P 21 in 12.34 9.43 30.9%
Hyundai Kona Electric 8.45 9.42 -10.2%
Audi e-tron S 11.93 14.47 -17.5%
Mercedes EQS 450+ 10.83 10.78 0.5%

Porsche Taycan 4S Perf Battery 11.01 11.39 -3.3%
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