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Life Cycle Modeling of Technologies and Strategies for a
Sustainable Freight System in California

EXECUTIVE SUMMARY

California’s freight transportation system is a vital part of the state’s economy but is a
significant contributor to greenhouse gas (GHG) emissions and generates an even higher
portion of regional and local air pollution. For example, over half of particulate aerosol and
nitrogen oxides (NOx) emissions from highway vehicles are from medium- and heavy-duty
vehicles. These vehicles often operate in parts of the state with already poor air quality,
exacerbating existing unhealthy conditions. The state’s primary strategy for reducing emissions
from the on-road freight sector relies on deploying new vehicle and fuel technologies. The
majority of emissions reductions from freight activities are expected to come from the
deployment of new emissions control devices on combustion-based powertrains, efficiency
improvements, and on-road zero emissions vehicle technologies. Given the rapidly developing
market for electric truck technologies, and recent focus on electrification strategies for heavy-
duty vehicles (HDVs) in California policymaking, this report focuses on truck electrification.
Where emissions occur, and how emissions of different pollutants are affected by factors
including vocation, duty cycle, powertrain configuration, and fuel pathway, will influence the
effectiveness and economic costs of emissions reduction strategies. Thus, these are all
important considerations in the research approach.

The goal of this research is to quantify the life cycle environmental impacts and life cycle costs
for on-road goods movement in California to estimate the abatement potential and economic
costs and benefits of electrifying California’s freight truck sector. The focus of this report is on
urban, as opposed to long-haul, freight vehicle vocations that rely on a range of medium- and
heavy-duty commercial vehicles (vehicle Classes 3—8). The study also evaluates the potential
impacts of operational strategies through a parametric simulation of freight vehicle data and
assessment of electric freight vehicle charging strategies.

The modelling tool developed for this research considers seven vocations and five vehicle
classes for conventional gasoline and diesel trucks and electrified trucks. Embedded in this tool
is a model of freight vehicle operations developed based on a set of representative vehicle
location data to estimate electric truck battery capacity requirements and costs as a function of
a range of charging strategies and vehicle duty cycles. The model is then linked with life cycle
cost and environmental inventory data to evaluate total fuel cycle emissions and costs of
electrification across the truck classes and vocations assessed. Finally, the results are combined
with a forecast of freight truck population and travel for California to quantify the total costs
and abatement potential of truck electrification through the year 2040.

On a per mile basis, replacing a conventional gasoline or diesel truck can reduce CO,-equivalent
(CO2e) emissions from between about 0.4-1 kg CO.e/mile (on average over the assessment
period), with the lower bound for Class 3 and the higher bound for Class 8 trucks. This
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represents a 50%—75% reduction from conventional gas and diesel vehicles. Air quality
pollutants including NOx and PM3 s are also substantially lower for electric trucks. Emissions
abatement potential for electrification increases over time are due largely to a decarbonizing
electricity grid, and partly due to technology improvements over time. For example, statewide,
100% electrification of Class 8 vehicles alone could reduce COze emissions by more than 50
million metric tonnes per year in 2040, a 30% reduction from the business as usual scenario.
Electrification of Class 3 trucks could reduce PM2.5 emissions by more than 2500 tonnes, on
average, and up to 5000 tonnes at the upper bound in 2040, or a nearly 50% reduction from the
business as usual case.

The costs of emissions abatement from truck electrification ranged from $0.25 to $182 per
metric tonne of CO2-eq for trucks deployed in 2020. By 2040, the costs of Class 6 and 8 trucks
in local delivery applications were significantly lower than conventional alternatives, and
abatement costs for GHGs were negative, from -$3.80 to -$9.14 per tonne. Another key
potential benefit of GHG abatement from truck electrification is co-reduction of criteria
pollutants and aerosols. Total pollution related health damages from operation of conventional
Class 3-8 vehicles were estimated to range from to $971 million to $2,179 million per year. As
discussed in this study, 100% electrification of in-state registered Class 3—8 trucks could reduce
pollution related damages by $507 million per year by 2025, and by some $1.6 billion on
average by 2040.
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Introduction

Today’s transportation system relies on technologies that impose pollution on the local
environment and contribute to global warming through greenhouse gas emissions (GHGs). This
is particularly true for goods movement through heavy-duty vehicle (HDV) systems. While HDVs
are less than 5% of the total U.S. vehicle fleet, they account for 18% of transportation energy
use, close to 80% of on-road diesel use, and well over half of particulate aerosol and nitrogen
oxides (NOx) emissions from highway vehicles [1]. Liquid fuel use from medium- and heavy-duty
vehicles has increased more rapidly in both relative and absolute terms than consumption by
other sectors [2]. With increasing demand for on-road freight transportation, and a seeming
lack of cost effective substitutes, these trends are expected to continue into the near future [3].

California has a history of critical air quality issues, including persistent non-attainment areas
for federal ozone and airborne particulate matter standards. HDVs are of particular concern as
they emit high levels of particulate matter and a complex mixture of pollutants including ozone
precursors [4-6]. The state’s freight transportation system and related industries are a vital part
of the state’s economy but constitute the majority of on-road diesel fuel use and generate a
high portion of local pollution in parts of the state with poor air quality. On-road goods
movements by vans, trucks, tractors, and other HDVs contribute the largest share of GHG and
criteria emissions from freight activities. In recognition of these challenges, a number of
policies, plans, and orders have been issued. Governor Brown’s Executive Order B-32-15
encourages adoption of freight vehicle technologies and infrastructure that allow for reductions
in these impacts and the use of alternative energy and fuels. The California Department of
Transportation (Caltrans), the California Air Resources Board, and other agencies have
contributed to the development of a Sustainable Freight Action Plan (SFAP) for the state. The
SFAP identifies two primary strategies: increasing freight efficiency and transitioning to zero-
emission technologies.

The state’s primary strategy for reducing emissions from the freight sector relies on deploying
new vehicle and fuel technologies. California has outlined its plan to reduce NOx, PM, and toxics
from heavy-duty mobile sources over the next decade in the State Implementation Strategy
(SIP). This includes a call to reduce emissions of NOx in the South Coast and San Joaquin air
districts by 80% by 2032. California has also set a target to reduce GHG emissions by 40% by
2030 under the Global Warming Solutions Act, Senate Bill 32. To achieve these regulatory
objectives, California facilitates the deployment of zero-emission and near-zero emission
vehicles and equipment into the heavy-duty sector. Zero-emission vehicle technologies include
battery electric medium- and heavy-duty vehicles (BEVs) and fuel cell electric vehicles (FCEVs),
while near-zero emission technologies include low NOx engines paired with renewable fuels,
and engines and vehicles with greater efficiencies.

Comparing technology performance and ensuring the integrity of reductions across the HDV
sector requires assessing the costs and benefits of technology deployment, including impacts
on the environment. A transition to advanced HDVs and low-carbon fuels is likely to increase
the importance of a life cycle perspective in vehicle policy, as has been demonstrated in the

lYNCST s



light-duty sector. Shifting of emissions between life cycle stages may occur when a change to a
process or input causes new impacts to emerge at different stages in a product’s life cycle. For
zero-emission HDVs running electricity, hydrogen, or biofuels, the majority of emissions are
expected to occur upstream of the vehicle’s tailpipe. This poses important questions for the
distribution of costs and transfer of benefits from policy action, and necessitates a life cycle
framework for calculating costs and benefits.

Compared to fossil fuels, the emissions and environmental impacts of renewable fuel pathways
and vehicle supply chains are more complex and difficult to estimate [7-10]. There has been
considerable scholarly debate over the emissions reductions potential of biofuels [11],
particularly for heavy-duty vehicles [12-18], and the proper methodology for estimating the
emissions of grid-tied electric vehicles [19-23]. The performance of emissions control devices
for criteria pollutants and toxics can also be highly uncertain, occasionally resulting in inverse
trends between quantity of emissions and toxicity due to ambient conditions, maintenance,
load, or age [24-26].

There are further methodological and practical challenges to quantifying the environmental
impacts of transportation technology policies. These can include characterizing the innovation
or diffusion of new technologies [27, 28], quantifying the impacts of incentives or funding [29],
and the market structure of specific industries [30]. Substitution and other market-mediated
effects also complicate prediction of impacts on pollution from technology change [12]. In total,
these issues come down to capturing uncertainty and tradeoffs in the effects of technology
change or the appropriate direction to incentivize change [12, 13, 31].

Life cycle assessment (LCA) is a standardized methodology for assessing the environmental
impacts of a product system [32]. The scope of LCA is typically limited to environmental
impacts, but the life cycle framework is also used to assess costs (as in life cycle costs (LCC)) and
other metrics for sustainability [33, 34]. LCC applies life cycle principles to evaluate the
economic impacts of decision-making [35, 36]. Taken together, LCC and LCA provide a robust
framework for assessing costs and benefits of decision-making over time, in addition to the
potential for capturing spatio-temporal tradeoffs in impacts.

In the context of LCA, a life cycle encompasses the relevant stages of the life of a product, i.e.,
“all activities, or processes, in a product’s life result in environmental impacts due to
consumption of resources, emissions of substances into the natural environment, and other
environmental exchanges” [37]. LCA has previously been used to identify significant drivers of
emissions for vehicle and fuel technologies (i.e., hotspots), identify risks of burden shifting
(where emissions may be reduced at one stage or location, but increased at another), and to
assess potential systems and substitution effects (i.e., attributional or consequential impacts)
[38—41]. A transition to advanced HDVs and low-carbon fuels is likely to increase the
importance of a life cycle perspective in vehicle policy, as has been demonstrated in the light-
duty sector.
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This research quantifies the life cycle emissions and costs of heavy-duty truck electrification
across a range of goods movement vocations and operational strategies. The study focuses on
the effects of duty cycle on battery capacity requirements and charging strategies. These results
are also used to estimate the magnitude and costs of potential abatement for California based
on state-wide vehicle population data.

Methods

This research uses LCA and LCC methods to quantify the environmental impacts and costs of
adopting battery electric heavy-duty trucking used for urban delivery and intermodal
operations in California. The goal of the study is to compare the costs, performance, and
emissions of electric and conventional trucks for goods movement applications. A specific focus
of the study is estimating the costs of avoided emissions from electrification of freight vehicles
on a life cycle basis, here-after termed life cycle abatement cost.

To implement a LCA and LCC, modeling is required to represent relevant vehicle types (class
and vocation), operations, and related technical and infrastructure systems. A vehicle’s
vocation will determine both the vehicle class and type, as well as its expected duty cycle (i.e.,
operations). A model of freight vehicle operations was developed based on a set of
representative vehicle location data. Battery capacity requirements and costs are then analyzed
across a range of charging strategies and vehicle duty cycles. Changes in key background
technical systems, namely battery specific energy and electricity generation technologies, were
also evaluated between 2020 and 2040. Finally, the results were combined with a forecast for
California of freight truck population and travel to quantify the total costs and abatement
potential of truck electrification.

The scope of the cost assessment included:

e Purchase Costs

e Scheduled and Unscheduled Maintenance
e Repower/Refurbishment

e Fuel Costs

e Powertrain Efficiency

e Infrastructure Costs

e Vehicle Life

e Policy Subsidies

The scope of the environmental assessment included the total fuel cycle (production, delivery,
and combustion), and vehicle operating emissions including evaporative emissions. The
production of the vehicle frame, body, and powertrain were excluded from the system
boundary. The variety of truck types considered and a lack of previous research characterizing
different HDVs prevented their inclusion. Previous research has often shown that fuel cycle
impacts cause the majority of impacts for on-road vehicles. In addition, comparison of the
conventional and electrified trucks would be nearly identical with the exception of the
powertrain.
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The results are reported in three reference, or functional, units:

e Per mile: divided by lifetime vehicle miles travelled by vehicle class
e Per ton-mile: divided by effective cargo capacity per average mile travelled
e Statewide: weighted by in-state truck population and truck activity by class

Given the diversity of truck types, configurations, and cargo capacities, per mile impacts may
not be comparable across vehicle classes. Therefore, emissions are also reported based on the
average loaded capacity over the duty cycle.

The life cycle abatement costs for each class is estimated as the difference in life cycle costs for
each truck class and fuel pathway (i.e., diesel, gasoline, and electric) on a per mile basis, divided
by the difference in the life cycle emissions for each pollutant type. For all scenarios, a 4%
discount rate is used to estimate life cycle costs. The overall result is a vector of cost per unit
emissions avoided by pollutant species.

Vehicle Classes and Specifications

Medium- and heavy-duty trucks service a variety of diverse vocations and are often heavily
customized to fit specific applications. Unfortunately, the Federal Highway Administration, U.S.
Census Bureau, and Environmental Protection Agency maintain different definitions of heavy-
duty vehicles by gross vehicle weight, which can lead to confusion [42, 43]. Table 1, adapted
from Giuliano et al. (2018), describes the types of vehicles in these classes as well as the range
of vehicle weights when loaded vs. unloaded (in pounds). The weight of the vehicle is one of the
primary factors influencing fuel requirements, but it varies considerably during the duty cycle
due to the need for return links or ‘dead-heading’ in most goods distribution vocations.

Table 1. Description of vehicle weight and capacity by vehicle class
FHWA Min Vehicle

Vehicle Description Weight Ma‘;\(’;e:'tde
Class (Unloaded) g
3 Heavy-duty plck—up, small box truck, 8000 14000
walk-in van, step vans
4 ‘ Heavy-duty p|ck‘—up, small box trlka, 8000 16000
city and parcel delivery, large walk-in van
5 Two-axle, s.|x-t|re, s!ngle-gnlt trucks, 10000 19500
large walk-in van, city delivery truck

6 Two-axle, six-tire, single-unit .trucks, 12000 26000
beverage trucks, parcel delivery

7 Four or fewer axles, refuse trucks, serm-tractor, less 12000 33000
than truckload cargo (containers)

3 Four or more axle single-trailer trucks, heavy semi- 33001 80000

tractor, dump truck, refrigerator truck

Figure 1 shows the estimated population of Class 3—8 in-state registered vehicles and total
annual vehicle miles travelled (VMT) by vehicle class and year from 2018 to 2040 (EMFAC
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2017). For the vehicle population considered, light commercial vehicles represent about 68% of
vehicles and 58% of annual VMT. Total VMT across these vehicle categories is expected to
increase between 2020 and 2040, primarily due to increased use of medium and heavy
commercial vehicles. For example, VMT from Class 6 in-state registered vehicles is expected to
increase by 2.7 million VMT annually by 2040.

75 - L 750
= Vehicle Class
s :
S 50 500 S 4
c o
2 < 5
5 3
= 2. 6
- SEFSEESESSSSESS S S SRSERE 250 o 8
w
0- L0
2020 2025 2030 2035 2040
Year

Figure 1. Vehicle population (lines) and annual miles travelled by vehicle class [44]

Goods Movement Vocations

Costs and emissions were estimated for each vehicle class across a representative set of
vocation data. Many of the vocations and duty cycles that HDVs are designed for involve high
power requirements, brake and tire wear, and other operational inefficiencies that increase
vehicles’ fuel requirements and use-phase emissions rates [45]. The significant factors that
affect emissions from HDVs include: vehicle class and weight, driving cycle, vehicle vocation,
fuel type, engine exhaust aftertreatment, vehicle age, and terrain [24]. Studies have established
the close links between duty cycle, fuel type, and vehicle energy demands [46, 47]. In fact, duty
cycle can be the most significant driver of uncertainty in operational emissions estimates from
HDVs [48].

Data on freight vehicle operations were analyzed in order to evaluate the impacts of duty cycle,
vehicle class, and load on costs and emissions. Freight vehicle operations data were obtained
from the National Renewable Energy Lab Fleet DNA Data Project (Fleet DNA) [49]. Fleet DNA
data is gathered from remote dynamometer trackers providing driving conditions and location
at one second intervals. Table 2 describes the vehicle data used in this study. As evidenced in
Table 2, similar vehicle classes can travel 2 to 3 times as many miles per day across vocations,
and average daily travel may not well reflect the routes and travel requirements of many
vehicles in the fleet.
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In addition to daily travel distances, the driving route and driving conditions also influence fuel
requirements. The fuel required to operate a vehicle is primarily driven by physical forces (e.g.,
air resistance, rolling resistance, and inertia), vehicle efficiency, and auxiliary loads. Figure 2
shows the duty cycle data by average speed and acceleration for each vocation and vehicle
class. Higher average acceleration is associated with more frequent stops per mile and lower
fuel economy. Air resistance at higher average speeds can also be a significant driver of fuel
consumption

Table 2. Fleet DNA vehicle drive cycle data by vocation and vehicle type

A
\Iljzr;ge Max Daily
Vehicle Vehicle . . Vehicle Total . _y Driving
. L. Vocation Description . Driving .
Class Description Records Trips . Distance
Distance (mi)
(mi)
3 Service Van Telecom 29 281 32.8 63.9
8 Tractor Beverage Delivery 722 7480 70.6 339.2
6 Straight Truck Warehouse Delivery 60 1076 93.0 191.5
4 Step Van Parcel Delivery 271 2547 55.7 131.9
6 Straight Truck Parcel Delivery 117 1079 28.28 85.2
5 Walk-in Parcel Delivery 299 4080 42.8 231.8
4 Step Van Linen Delivery 291 3887 64.8 200.9
6 Straight Truck Linen Delivery 19 76 62.3 90.8
5 Walk-in Linen Delivery 113 1775 77.7 261.7
6 Straight Truck Food Delivery 357 3099 38.9 81.2
8 Tractor Food Delivery 136 1453 164.4 568.3
8 Tractor Local Delivery 292 3866 127.3 248.9
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Figure 2. Average speed and acceleration by duty cycle and vehicle class in Fleet DNA
composite data

Vehicle energy demands, or average fuel consumption per unit distance-mass travelled (specific
fuel consumption (SFC)), can be estimated from these data through Equation 1:

Equation 1
SFC = Caero * vgero + Crolliny + 5(1 - nregen) Eauxfuel
npowertrain Mveh *D
% * pCpFA
Caero = W

Crolling =RRC*g
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Where:
Vgero = aerodynamic speed

a = characteristic acceleration

Fuel
Mass * D

Caero = aerodynamic resistance

SFC =

Croliing = Tolling resistance
RRC = coefficient of rolling resistance
p = air density
g = gravity
Cp = coefficient of aerodynamic resistance
Npowertrain = Powertrain ef ficiency

Nregen = braking regeneration ef ficiency

M, = vehicle mass

D = trip distance travelled

SFC was estimated for each vehicle observation for empty and loaded masses as described in
Table 2. The efficiency of the electric drive motor and regeneration motor are assumed to be
92% and 85% respectively, based on values from Schwertner and Weidmann (2016) and
O’Keefe et al. (2007) [50, 51]. For comparison, the assumed powerplant efficiency of an
equivalent diesel engine is 38%. The estimated vehicle energy requirements in kWh per mile
are shown in Figure 3. Comparison with diesel vehicle efficiency is discussed in the results
section.
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Figure 3. Estimated electric truck energy demands per mile

Vehicle Purchase and Operating Costs

Vehicle purchase and operations cost data were drawn from the AFLEET model and other
existing data sources [52]. Electric truck purchase costs are broken down into three categories:
the chassis (e.g., vehicle body and powertrain), the battery system, and charging infrastructure.
The battery system, which can represent 50%—70% of the cost of new electric freight vehicles
[53], is discussed in the next section. Charging infrastructure is discussed with electricity costs in
the section on charging strategies. Table 3 shows the assumed purchase costs for the average
(diesel) conventional alternative used to estimate abatement costs. The electric chassis cost is
assumed to represent the total vehicle purchase cost lest the battery system. Battery cost and
charging infrastructure costs are discussed in the following sections. The purchase cost of
conventional trucks is assumed to increase by 2% per year based on tightening emissions
standards, while maintenance and repair costs are assumed to be constant over the study
period.
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Table 3. Purchase and maintenance cost assumptions

Vehicle Conventional Conventional Electric Electric Tires Repairs
Class Purchase Maintenance Chassis Maintenance (per (per
Cost Cost (per mile) Purchase Cost (per mile) axel/ mile)
Cost mile)

3 $39,500 $0.204 $27,650 $0.151 $0.04 $0.08

4 $46,500 $0.201 $32,550 $0.139 $0.04 $0.06

5 $65,000 $0.201 $45,500 $0.137 $0.04 $0.06

6 $75,000 $0.204 $52,500 $0.162 $0.04 $0.05

8 $90,000 $0.194 $63,000 $0.173 $0.04 $0.10

Note: battery system and charging infrastructure costs are variable and handled through scenario analysis
described separately

Battery Costs and Performance

A forecast was developed to assess potential improvements in the cost and mass of future
battery systems. Reduction in the costs of emerging energy technologies can result from
increasing production scale, maturing supply chains, new efficiency gains, and new innovations.
The effects of industrial learning and knowledge acquisition can be characterized by technology
experience curves [54]. Experience curves have a long history of use for examining the
relationship between deployment of a technology and the price of a technology [55]. Equation
2 shows the form of an experience curve, C(U), which is the unit cost of a lithium ion battery
(LIB) in S/kW or $/kWh as a function of a given level of cumulative deployment (U).

Equation 2
CU) =Cox(U/Ug)™"

Where C,= the initial cost, U,= the initial production factor, and a = the coefficient of learning.
The Learning Rate (LR), shown in Equation 3, represents the reduction in the unit cost of a
technology with every increase in production. It is commonly estimated using a base of two,
and as such represents the reduction in costs of a technology with each doubling of cumulative
production:

Equation 3
LR=1-2¢

The technology experience curve has been widely applied to photovoltaic [56, 57], gas [58], and
energy storage technologies [59, 60]. While traditionally used for retrospective studies, the LR
model provides insight into the magnitude of impacts on technology prices from further
increases in the rate of technology production
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We take the average of two potential scenarios for learning based on Niikvist [61]: 1) a whole
industry average for large-format LIBs; and 2) LIBs designed for high power/performance. These
scenarios are used to capture the range of potential cost improvements across submarkets for
vehicle LIBs. The Whole Industry Average scenario assumes an initial price of Cy= $1,585
USD/kWh (2011 USD) with an average LR=14%. The High Performance scenario assumes an
initial price of $725 USD/kWh and a LR=6%. As 18% learning rates are common in many
emerging technologies [62], these represent relatively conservative assumptions.

Historical sales and production data were combined with forecasts of manufacturing capacity to
estimate cumulative production (Figure 4). The forecast for annual production of LIBs is based
on current and planned LIB cell manufacturing facilities constructions or expansions, as well as
publicly available data on global LIB production capacity [63, 64]. All production facilities are
assumed to produce 90% of their rated capacity. From now to 2030, annual production
increases at an average rate of 5.5% per year. After 2030, annual production grows linearly at
2% per year through 2040. The low-price scenario represents learning across all applications of
large format LIBs, and quickly declines to reflect the lowest market price as production
increases. This is contrasted with the high price scenario, where the initial price more closely
reflects the entry point of high-power, large format LIBs into the vehicle market.
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Figure 4. Estimated vehicle battery pack costs 2015 to 2050

In addition to continued reductions in the costs of LIB systems, the specific energy, power, and
cycle life of LIBs are also expected to increase over time. A range of proprietary cathode
chemistries, cell sizes, and architectures are used to build LIB packs for vehicles. The effective
battery pack energy density is a function of both cell performance and battery/thermal
management systems, and there are significant opportunities for improvement. LIB pack energy
densities in passenger electric vehicles increased by some 50% compared to initial model
offerings, while further increases in the cell energy densities by factors of 2 and 3 are possible
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with today’s LIB technologies [65]. Figure 5 illustrates the potential improvements in cell
cathode energy density from transition to new anode materials and reductions in anode
quantity. The magnitude and rate of improvements in LIB pack energy density were forecasted
based on theoretical values for current automotive cathode materials and technology
development targets set by the Department of Energy for LIB cells and packs [66]. Current pack
energy density was estimated using the BatPAC Model for a pack based on nickel manganese
cobalt cells [67]. Based on improvements observed in light-duty vehicle applications, pack
energy density is assumed to increase by 3% per year between now and 2040, increasing from
110 Wh/kg to almost 260 Wh/kg.

Current Cells A Future Cells

Li-Metal Li-ion Li-ion Li-Metal
100-200 Whikg 200-250 Wh/kg 250-300 Wh/kg 400-500 Wh/kg

200-300 Whi/L <600 WhiL <700 WhiL <1200 WhiL

Figure 5. Potential improvements in Li-ion cell energy density

Charging Strategies and Battery Capacity

The types and location of charging infrastructure, combined with vehicle charging schedules,
influence both the costs and emissions attributable to vehicle charging events. The availability
of charging infrastructure also influences the battery capacity requirements for a given duty
cycle. Electric vehicle system charging levels (e.g., Levels 1, 2, and 3) are commonly used to
characterize the different levels of power provided from charging systems. For medium- and
heavy-duty systems, higher power charging systems are likely to be required to meet duty cycle
requirements given the larger capacity of batteries and high utilization of vehicles. For each
vocation, four charging infrastructure scenarios were evaluated: managed Level 2 overnight
depot charging for a small fleet; managed Level 2 overnight depot charging for a large fleet;
managed depot DC Fast Charging; and finally, opportunistic DC fast charging. Table 4 shows the
key systems and costs for charging infrastructure considered.
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Table 4. Electric truck charger system costs [52]

Charging System Level Level 2 DC Fast 50kW  DC Fast 250kW
Description Sin(i‘fsfjof:on Cost per Cost per
charger) charger charger
Hardware $1,360 $15,000 $23,000
Electrical Materials S0 $500 $500
Other Materials $100 $500 $500
Electrician Labor $220 $2,500 $2,500
Other Labor SO $14,000 $14,000
Mobilization $140 $1,000 $1,000
Permitting $20 $200 $200
Transformer SO $9,000 $18,000
Maintenance Cost (per year) $720 $1,200 $1,200
Power Output (kW) 19 50 250
Managed Charging ($/kWh) $0.05-50.12 $0.05-50.12 $0.08-50.14
Unmanaged Charging ($/kWh) $0.07-50.20 $0.08-50.26 $0.08-50.26
Demand Rate (S/kW) SO S8 S8

The cost of electricity consumed during charge events is a function of the utility rate schedule,

which traditionally has two components for commercial customers: demand charges, which

correspond to the highest level of power (i.e., kW) demand during the billing period; and usage

charges, which is the rate charged per kWh of energy supplied. Managed charging and lower
power systems can be used to decrease the costs of charging vehicles by reducing demand
charges for high-power, opportunistic charging that can occur during peak demand periods.
Charging costs are estimated from California utility rate data obtained from the draft Battery

Electric Truck and Bus Charging Cost Calculator (Version 3.0) created by the California Air

Resources Board.

Two main charge scheduling strategies were assessed—depot managed and opportunistic
charging—as described in the scenarios above. In depot charging scenarios, vehicles are

assumed to have a single charge event per duty cycle, occurring overnight, and managed to

minimize demand charges. In opportunistic charging, vehicles are assumed to utilize high-

power DC fast chargers while the vehicle is idle during the duty cycle to supplement electric

range, with additional depot charging at lower power levels between duty cycles. A key
potential benefit of the opportunistic or on-route charging is to decrease the size of the vehicle

traction battery system. To evaluate the opportunistic charging scenarios, we assessed the
duration of stops and dwell times from the Fleet DNA data. Figure 6 shows the average dwell
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time trips by vehicle class with a single stop exceeding 30 minutes per trip. For the
opportunistic charging scenarios, we assume vehicles could be charged when the vehicle dwell
time at the stop exceeds 30 minutes. This results in approximately 12 to 18 minutes of average
on-route charging time assuming no deviation in route or duty cycle. This implicitly assumes
that charging infrastructure is available at the stop location.
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Figure 6. Average dwell time at stops in minutes

Based on the charging strategy, we then evaluated the potential battery capacities required to
meet each duty cycle. Figure 7 shows the percentage of trips by total fuel energy requirement
for electric trucks by vehicle class, based on the trips observed in the Fleet DNA database. The
intersection of the curves (color) and the horizontal dashed line indicates the energy required
to deliver 90% of trips described. This is assumed as the cut-off value or target for the design of
battery pack requirements and charging systems.

For the depot charging scenario, the battery capacity must be sufficient to meet the 90%
vehicle energy requirement for the duty cycle. It is also important to restrict the depth of
discharge of the battery to prevent damage to the battery system. Therefore, the depth of
discharge for battery packs is assumed to be restricted to 80%. In the opportunistic charging
scenarios, the battery capacity is estimated to be the daily energy requirement, less energy
delivered during opportunistic DC fast charge event(s). The minimum battery size is constrained
at 25 kWh for all scenarios.
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For all scenarios, the maximum duration of overnight depot charging was assumed to be 11
hours. For Level 2 charging systems, this results in approximately 200 kWh in potential charging
(e.g., 11 hours at 19 kW, or 209 kWh per day). For Class 8 vehicles, the minimum duty cycle
energy requirement exceeded the maximum deliverable energy and Level 2 charging was not
considered for the Class 8 vehicle scenarios.

The cost of charger installation and equipment are amortized over their expected service life
based on the total delivered energy. Charging systems have a service life of 12 years, or
approximately twice the expected service life of the trucks. Charging systems are assumed to be
active approximately 30% of the time or eight hours for every average service day. One
potentially significant cost for high-power charging not considered in this study relates to the
need for further upgrades to utility distribution and transmission equipment to support the

load of charging systems. It is unclear how these costs would be passed through to a fleet
owner by the utility, if at all. As noted in Table 4, an additional $9,000 dollars for transformer
upgrades is included in the 250 kW scenario.
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Figure 7. Energy required by duty cycle and daily travel distance

Generation of Electricity

A key factor in estimating emissions from the operation of electric freight vehicles is quantifying
the emissions associated with generation of electricity for vehicle charging. Emissions from
electricity were estimated based on a forecast of average utility generation mix. Even for a
particular resource, emissions and combustion efficiency can vary significantly between
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generator technologies. For example, combined cycle natural gas generators are more than
twice as efficient as conventional combustion turbines [68]; therefore, not only the resource
mix, but the generator technology mix must be modeled. The projected electricity generation
by fuel source was obtained from the Energy Information Agency’s (EIA) Annual Energy Outlook
(2018) and National Energy Model regional electricity generation module for the California sub-
region of the Western Electricity Coordinating Council region (CAMX). Emissions were evaluated
under the reference case or business as usual (BAU) scenario. The average Emissions Factor (EF)
is estimated with Equation 4, and defined as the mass of GHG equivalent emissions per unit of
delivered energy, where the weighted generation by year (t) and fuel source (x) is multiplied by
the life cycle inventories (LCl) of emissions species (e) by fuel type (x), and the impact
characterization factors for each species (m).

Equation 4

uely,

EF, = — 2
LY Fuel,

* LCl,, * m,

The resource mix was broken into five fuel source categories: coal, natural gas, renewables,
nuclear, and fuel oil. Generator technology LCI data were drawn from the GREET 1 model [69],
and a representative LCl was estimated for each fuel source based on the net generation by
generator type for each regional scenario [70]. Figure 8 shows the total electricity generation by
fuel source (A) and average GHG emissions per kWh of delivered electricity for residential and
commercial end uses (B), for the period 2018 to 2050. The U.S. national average mix for the
same set of projections from the EIA Annual Energy Outlook is provided for reference.
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Figure 8. Electricity generation by fuel source (A) and GHG emissions rate for delivered
electricity (B), 2018 to 2050.

Conventional Vehicles and Emissions from Operation

In order to estimate the magnitude and cost of avoided emissions, the performance of gasoline
and diesel pathways were also evaluated for the five vehicle classes. For conventional gasoline
and diesel freight vehicles, there are a multitude of emissions sources, from fuel production, to
fuel combustion, vehicle operation, and vehicle storage. Table 5 describes the categories of
operations emissions tracked in the EMFAC database. While electric and conventional freight
vehicles will both cause emissions from fuel production and brake and tire wear, there are
several sources of exhaust and operational emissions from gasoline and diesel vehicles with
different appropriate units of analysis. Emissions associated with starts/stops, storage, or idling,
which are key sources of pollution from diesel vehicles, can be highly variable across duty cycles
with comparable distances and speeds. To ensure a comparable counterfactual across the duty
cycles assessed, the speed weighted emissions for each vehicle class were obtained from the
EMFAC database. The average life cycle emissions were estimated for each composite drive
cycle using the duty cycle and vehicle speed data.
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Table 5. Sources of operations and combustion emissions for freight vehicles [44]

Process Type Unit EMFAC Associated Data
Running Exhaust gram/veh-mile VMT by Speed Bin

Idle Exhaust gram/veh-idle hour Number of Idle Hours
Start Exhaust gram/veh-start Number of Starts

Hot Soak Evaporative gram/veh-start Number of Starts
Running Loss Evaporative gram/veh-hour Vehicle Running Hour
Partial Day Running Loss Evaporative  [gram/veh-hour Vehicle Population
Multi-Day Running Loss Evaporative gram/veh-hour Vehicle Population
Partial Day Diurnal Loss Evaporative gram/veh-hour Vehicle Population
Multi-Day Diurnal Loss Evaporative gram/veh-mile Vehicle Population
Brake Wear gram/veh-mile VMT Overall Speed Bin
Tire Wear gram/veh-mile VMT Overall Speed Bin
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Conventional Fuel Production Emissions

The production of fuel for conventional vehicles requires recovery of raw crude oils, refining,

and distribution. An emissions inventory for gasoline and diesel in California was obtained from

the GREET Model from Argonne National Laboratory. Values were converted to the per gallon

equivalent for diesel or gasoline using the lower heating value for each respective fuel. The U.S.

national average gasoline is also provided for comparison in Table 6.

Table 6. Emissions from producing, refining, and distributing gasoline and diesel fuels

Inventory Flow Gasoline %’;fg;;::’ Lotv’vi::éjl’ur Unit
Total Energy 31,550 28,252 36,413 Btu/gal
WTP Efficiency 78.1% 79.9% 82.7%

Fossil Fuels 29,926 26,788 34,539 Btu/gal
Coal 2,314 1,915 2,671 Btu/gal
Natural Gas 18,796 18,074 21,694 Btu/gal
Petroleum 8,815 6,799 10,174 Btu/gal
Water Consumption 6 7 7 gal/gal
CO; (w/ C in VOC & CO) 1,652 1,416 1,907 g/gal
CHa 19 21 22 g/gal
N,O 0 0 0 g/gal
GHGs 2,313 2,130 2,669 g/gal
vVoC 3 3 4 g/gal
co 2 2 2 g/gal
NOx 4 5 5 g/gal
PMig 0 1 0 g/gal
PMys 0 0 0 g/gal
SOx 3 3 3 g/gal
BC 0 0 0 g/gal
ocC 0 0 0 g/gal
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Conventional Fuel Prices

A forecast for conventional fuel prices was obtained from the U.S. Energy Information
Administration fuel price components analysis for the U.S. pacific region [71]. The price of
conventional fuels can be volatile, but average fuel prices are expected to increase steadily over
the next two decades (Figure 9).

—_—

$4.50 -
Fuel

diesel_Pacific
—— diesel_USAVG

gasoline_Pacific

Retail Price ($/Gallon
& g
3 8

2020 2025 2030 2035 2040 2045 2050
Year

Figure 9. Retail price of gasoline and diesel in California, 2018-2050 [71]

Pollution Damages

Exposure to concentrations of fine particulate matter and other criterial pollutants is associated
with negative health impacts, including asthma, increased risk of cancer, and premature
mortality [72]. HDVs are of particular concern as they emit high levels of particulate matter and
a complex mixture of pollutants including ozone precursors. The South Coast Basin, which
includes Los Angeles County, represents approximately 10% of the U.S. population, but 34% of
the population-weighted national exposure to ozone above the 8-hour limit. NOx is a key ozone
precursor and a combustion by-product from both diesel and natural gas engines. According to
California’s Mobile Sources Emissions Inventory and Model, trucks are expected to remain the
largest share of daily NOx emissions in both the South Coast and neighboring San Joaquin Valley
for the near future.

The Air Pollution Emission Experiments and Policy analysis (AP2) model is an integrated
assessment model that links emissions of air pollution to exposures, physical effects, and
monetary damages in the contiguous United States [73]. The AP2 model was used to estimate
the cost of pollution damages for ground level sources by air basin for California, adjusted to
2018 dollars using the consumer price index. Two scenarios for pollution and marginal damages
were considered: 1) a BAU scenario assuming continued use of conventional diesel and gas
vehicles through 2040; and 2) a scenario assuming 100% electrification of Class 3—8 vehicles by

2040.
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Results

This section reports the estimated life cycle emissions and costs for both electric and
conventional freight vehicles. Emission and costs are reported in two functional units to
represent the performance of the technology system, namely per mile travelled and per ton-
mile. The ton-mile functional unit reflects the average load and capacity of the vehicle over
typical duty cycles. The life cycle abatement costs for each class is defined as the difference in
life cycle costs for each truck class (conventional vs. electric), divided by the difference in the
life cycle emissions inventories. The result is a vector of cost per unit emissions avoided by
emissions category and performance metric. The total baseline emissions for the California
population of Class 3—8 vehicles is then compared to the potential emissions reductions from
100% fleet electrification by 2040. Pollution damage costs and avoided damages are then
estimated based on projected in-state truck activities.

Conventional Freight Vehicles

The life cycle costs of operating a conventional freight vehicle are primarily variable, namely
fuel costs. The average life cycle cost for current Class 3-8 vehicles over an average 12 year
service life was found to range from $112,592 for Class 3, to $639,276 for a Class 8 truck.

However, the average does not well describe the absolute cost of some observed cases, where

high utilization and fuel costs corresponded with total life cycle costs an order of magnitude
higher than average (Figure 10). The distribution in Figure 10 represents the range of cases
resulting from both the travel distances and vehicle efficiencies reflected in the EMFAC
database for in-state registered Class 3—8 trucks. The extremes or outliers of the distribution
are driven primarily by fuel costs.
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Figure 10. Life cycle cost of conventional (gasoline and diesel) Class 3-8 vehicles

The mean estimated GHG emissions rate of Class 3—8 gasoline and diesel vehicles are shown in
Figure 11. For GHGs, emission range from 546 to 1622 g/mile on average. Emissions of oxides of

nitrogen (NOx) were found to range from 0.3 g/mile for service trucks and vans, to 3.4 g/mile
for Class 8 tractor trucks on average. Figure 11 also reflects the considerable outliers in some
emissions categories related to duty cycles with frequent stops or other inefficiencies.
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To calculate the ton-mile emissions, the emissions rate per mile was divided by the estimated
average load for each vehicle class [74]. The average cargo load was calculated based on the

vehicle capacity and reflects the need for return links or ‘dead-heading’ in most cargo

distribution. While tank and trailer trucks can operate at maximum loads 80% of the time, vans
and service vehicles ‘weight-out’ less than 20% of the time. Table 7 shows the per ton mile

emissions for each of the scenarios. The mid-sized, Class 5 trucks had higher emissions on

average due to a combination of their more limited capacity and typical vocations. The Class 8
vehicles have much lower emissions on a per ton mile basis, but require much greater levels of

cargo consolidation and are not amendable to all vocations.

Table 7. Average GHG emissions rate (g/ton-mile) for conventional vehicles by year
(DSL = Diesel, GAS = Gasoline)

Emission

Fuel Type Class 3 Class 4 Class 5 Class 6 Class 8
DSL CHa 0.56 0.50 0.47 0.46 0.28
DSL co 0.44 0.32 0.13 0.11 0.12
DSL GHGs 501.72 420.39 544.58 440.85 190.26
DSL N,O 0.07 0.06 0.08 0.07 0.03
DSL NOx 0.27 0.20 1.52 0.98 0.40
DSL PM1o 0.11 0.09 0.10 0.07 0.02
DSL PM_s 0.05 0.05 0.05 0.03 0.01
DSL SOx 0.08 0.07 0.07 0.07 0.04
DSL VOC 0.26 0.21 0.09 0.09 0.06
GAS CHa 0.54 0.47
GAS co 0.74 0.40
GAS GHGs 815.53 692.01
GAS N,O 0.02 0.02
GAS NOx 0.27 0.21
GAS PM1o 0.09 0.08
GAS PM;s 0.04 0.04
GAS SOx 0.09 0.08
GAS VvoC 0.31 0.19
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Electric Freight Vehicles

The median life cycle cost of electric Class 3—8 vehicles is comparable or equivalent to current
conventional vehicles in many applications (Figure 12). The wide distribution of outcomes
relates to both variability in electricity prices (e.g., managed vs. unmanaged charging), as well
as the variations in duty cycles. For the current model year, the median life cycle cost ranged
from $79,000 for Class 3 vehicles to $327,000 for Class 8 tractors. While masked in the wide
distribution of outcomes, the median cost of electric Class 3—8 vehicles are expected to decline
between 2018 and 2040 due to reductions in the costs of battery systems (Figure 13).
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Figure 12. Life cycle costs of electric Class 3-8 vehicles
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Figure 13 shows the estimated cost of the battery pack for each vehicle class by model year.
Significant reductions in battery pack costs did not correspond with significant decreases in the
overall life cycle costs of electric Class 3—8. This is due to the large share of fuel costs for these
vehicles, as well as the significant variability in electricity prices for charging, which ranged from
a few cents to close to $1 per mile.
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Figure 13. Battery pack cost by year and vehicle class

The emissions rates of both conventional and electric freight vehicles are expected to change
over time. For conventional vehicles, this is primarily due to the increased use of emissions
control devices and other efficiency improvements. Though not considered in this study,
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emissions rates could also change due to fuel blending and substitution. For electric vehicles, in

addition to potential improvements in efficiency, the technologies and fuel sources used to
generate electricity are also changing. Figure 14 shows the emissions rate per mile changing
over time in line with these shifts in electricity generation.
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Figure 14. Emissions per mile for electric trucks, 2018-2040

Table 8 shows the average emissions rate for electric trucks divided by the effective cargo

capacity for electric trucks operating in the current grid (present to 2020). While the emissions
rates for electric trucks change dramatically, they are relatively constant after 2024, compared
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with the prior decade. The values in Table 9 then primarily reflect the estimated emissions rate
for electric trucks operating in a future (cleaner) grid, averaged over the period 2030 to 2040.

Table 8. Emissions per ton-mile for 2020 electric Class 3-8 vehicles (g/ton-mile)

Emission Type Class 3 Class 4 Class 5 Class 6 Class 8
CHq 0.76 0.67 0.64 0.62 0.38
co 0.20 0.18 0.17 0.17 0.10
GHGs 293.86 260.05 246.00 240.02 147.27
N.O 0.01 0.01 0.01 0.00 0.00
NOx 0.30 0.26 0.25 0.24 0.15
PM1o 0.03 0.02 0.02 0.02 0.01
PMys 0.02 0.02 0.01 0.01 0.01
SOx 0.25 0.22 0.21 0.20 0.12
vocC 0.05 0.04 0.04 0.04 0.02

Table 9. Emissions per ton-mile for electric Class 3-8 vehicles, 2030-2040 (g/ton-mile)

Emission Type Class 3 Class 4 Class 5 Class 6 Class 8
CH, 0.45 0.40 0.38 0.37 0.23
co 0.13 0.11 0.11 0.10 0.06
GHGs 158.44 140.21 132.92 129.69 79.58
N.O 0.00 0.00 0.00 0.00 0.00
NOx 0.15 0.13 0.13 0.12 0.08
PMag 0.01 0.01 0.00 0.00 0.00
PM2s 0.00 0.00 0.00 0.00 0.00
SOx 0.05 0.05 0.05 0.04 0.03
voc 0.03 0.02 0.02 0.02 0.01

Per-mile Emissions Abatement

Emissions abatement represents the avoided emissions from electrification of a class of freight
vehicles. As unit reductions (e.g., replacement of a specific vehicle or fleet) and system wide
reduction are both of concern, emissions abatement is estimated per mile travelled and for the
system wide emissions reductions for California given electrification of the in-state Class 3-8
vehicle population. As emissions from electric vehicles and conventional vehicles both change
over time, we first estimated the emissions avoided for deploying an electric truck in any
vehicle class in each year between 2018 and 2040.
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Figure 15 shows the emissions abatement achieved by replacing conventional trucks with
electric trucks in grams per mile across the vehicle and powertrain scenarios considered. Most
emissions, including GHGs (which include CO,, CHa, and N,O reported in units of CO,-equivalent
(CO2e)), show that electrification reduces emissions; however, electrification could result in
increased emissions of CHs and SOx under some use cases. These tended to be limited outliers,
and the potential reduces over time with a further shift toward renewable electricity
generation.
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Figure 15. Emissions abatement (grams/mile) from electrification of diesel (DSL) and gasoline
(GAS) trucks by vehicle class
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Statewide

Results

Now we assess the total magnitude of potential abatement from truck electrification, as well as

the avoided

pollution damages. Combining the forecasted vehicle population and activity data

shown in Figure 1 with emissions rates for conventional vehicles by model year, we first

estimated a
life cycle em

baseline emissions inventory representing BAU (Figure 16). Under this BAU case,
issions remain flat across most categories despite increasing vehicle activity. This is

due to the gradual adoption of more efficient vehicles and emissions control technologies for

conventiona

| gas and diesel vehicles.
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Figure 16. BAU statewide emissions from conventional Class 3-8 trucks
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In order to estimate the potential abatement from a state-wide fleet electrification target, we
assume 100% of VMT must be electric by 2040 with a linear rate of increase in fleet size from
2020 to 2040 (Figure 17). This translates to a target fleet of over 250,000 Class 3-8 electric
vehicles deployed by 2030, and 500,000 by 2040.
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Figure 17. Assumed electric truck eVMT (bars) and vehicle population (lines)

Given the deployment trajectory in Figure 17, we then estimated the emissions abatement and
damages avoided given a 100% electrification by 2040. As the fleet costs for electric was generally
lower than the conventional BAU, average abatement costs trended toward or below zero. As
distribution of electric truck costs was much wider and skewed higher than conventional
alternatives, the mean or average becomes a poor test statistic to compare abatement potential
and cost. Figure 18 shows the upper probability interval (95%) on the cost of abatement in dollars
per ton. We can observe that abatement costs are likely higher for light commercial (Class 3 and 4)
vehicles as compared to Class 6-8.
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Figure 18. Abatement costs for 100% electrification by 2040 ($/tonne)

The estimated range of avoided emissions in metric tons per year by vehicle class is shown in
Figure 19. For GHGs (COze emissions), the largest share of potential abatement comes from
electrification of Class 6—8 vehicles, where efficiency gains are greatest. The relative certainty of
GHG emissions benefits from truck electrification is contrasted with the wide intervals
suggested for abatement of key pollutants like fine and ultrafine particulate matter. Class 3 and
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4 vehicles are large contributors to PM and VOC emissions. Electrification of medium sized
(Class 3 and 4) vehicles resulted in a wide range of potential outcomes. Full electrification by
2040 results in a reduction in GHG emissions of 102 to 148 million metric tonnes of CO,e per
year, and approximately 10,000 metric tonnes of fine and ultra-fine particulate matter.
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Figure 19. Statewide emissions abatement from electrification of Class 3-8 trucks

Vehicle Class

Reductions in emissions from truck electrification would have additional societal benefits in the

form of reductions in the incidents of negative health impacts or premature mortality from
conventional truck pollution. While the benefits of GHG emissions abatement are global,
avoided air quality pollutants benefits local communities. This is particularly true in
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communities that already experience disproportionately high concentrations of pollutants. The
avoided cost of damages in Figure 20 is estimated for in-state Class 3—8 vehicles, modelled
based on the weighted pollution damages and truck activity in each air basin.
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Figure 20. Avoided pollution damages per year in California from Class 3-8 truck
electrification

Total pollution related health damages from conventional Class 3-8 vehicles were estimated to
range from to $971 million to $2,179 million dollars in 2018. Electrification could reduce
pollution related damages by $507 million dollars per year by 2025, and by some $1.6 billion
dollars on average by 2040. Electrification of Class 3 and 4 trucks resulted in a wide range of
emissions outcomes, but the potential benefits with respect to avoided pollution damages are
quite significant (Figure 20).
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Discussion

The rapidly falling costs and improving performance of LIBs are enabling an increasingly wide
array of plug-in electric light and heavy-duty vehicle technologies (PEVs). Nearly 30 GWh of LIBs
have been deployed in U.S. light-duty PEVs since 2012. The most rapid growth in the global
market for PEVs is now occurring in China, where over 30 GWh of LIBs for were deployed in
truck and bus applications in 2017 [75]. Global manufacturing capacity for LIBs is expected to
reach 250 GWh by 2020, and could surpass annual production of lead acid batteries (~500
GWh/year) by the year 2040 [64]. As sales of PEVs have increased, the average capacity of
batteries in PEVs have also increased by some 32 kWh/vehicle in the U.S. If the trend continues,
by 2020 the average vehicle sold would have three times the battery capacity of the
comparable passenger PEV a decade earlier.

Vehicle electrification is also a primary strategy for reducing urban pollution and climate-forcing
emissions from transportation. Inefficient, fossil-fuel combustion engines are a major driver of
pollution and negative health impacts near roadways, and contribute almost a third of CO;
emissions from developed countries [76]. PEV technologies have matured more rapidly than
other alternatives, such as hydrogen fuel cells, while widespread adoption of biofuels have
encountered both constraints on supplies [14], as well as cases where emissions intensity were
equivalent to conventional diesel and gasoline [11, 13]. Programs to incentivize the deployment
of PEVs directly or indirectly subsidize the price and production of large format LIBs [77]. In the
U.S., California and nine other states have electric vehicle sales targets through the Zero
Emissions Vehicle credit program?; California has enacted multiple incentive programs to reach
a target of 5 million PEVs sold by 2030, which would exceed 15% of new vehicle sales [7, 78,
79]. The European Union is also seeking to have 30% of new vehicle sales be electric by 2030,
while several countries and cities have committed to 100% electric vehicle sales goals or bans
on conventional, fossil vehicles. China has taken the lead in PEV deployment, with sales likely to
exceed one million vehicles per year by 2020, in addition to deployments of more than 500,000
electric HDVs. The push for passenger PEVs has a direct effect on battery technology
improvement and reductions in cost over time.

Battery Pack Size and Cost

As LIBs have gotten cheaper, the size of LIB systems for vehicles have also increased. In light-
duty vehicles, this looks like 20 kWh per vehicle in increasing battery size over the last 5 years.
In the HDV sector, battery capacities for some models of electric buses have doubled in just two
years, from 300 to 600 kWh [80, 81]. Historically, the prohibitive costs and additional mass of
large batteries have been the primary hurdle limiting PEV applications. But reductions in pack
costs have been commensurate with increasing pack energy density and specific power. Today,
HDV applications are targeting systems between 350 and 600 kWh, such as the much publicized
Tesla semi-truck.

1 Connecticut, Maryland, Massachusetts, New York, Oregon, Rhode Island, Vermont New Jersey, and Maine
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Larger LIB systems could also impact vehicle weight. While vehicle light-weighting could be
used to offset a portion of the battery weight, material substitution strategies can have the
adverse effect, increasing life cycle GHG emissions of vehicles [82, 83]. Increasing vehicle
weights is a concern for the maintenance and design of pavement and road infrastructure [84],
while potential reductions in cargo capacity is a key issue for freight applications. Few studies
have considered the potential impacts of battery systems on vehicle weight and axel loads, and
particularly their effects on payload capacity of electrified trucks. The addition of a battery
system exceeding 2,000 kg in mass could result in a reduction in the effective payload capacity
of the loaded vehicle due to restrictions on axle weights. As battery systems improve, increases
in energy and power density at the pack level could enable further applications.

Figure 21 shows a range of estimated battery pack cost, mass, and percentage of vehicle cargo
capacity for 2018 in white and 2030 in grey. Currently, battery packs can represent 20% or
more of the vehicle cargo capacity. By 2030, both the costs and mass of the equivalent sized
battery pack are expected to decrease by almost 50%.
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fYNCST

37



There are some potential effects on increasing battery capacity and range that are not analyzed
here, but could be important for PEV performance and adoption. First, large battery capacities
could lead to significant improvements in battery life and reduced battery capacity fade in
future PEVs. Reducing the depth of discharge of LIBs remains one of the most effective
methods for improving cycle life, which usually requires oversizing the battery for the duty
cycle [85]. Given appropriate storage conditions [86], larger batteries could remain in service
longer, thereby reducing demand for battery replacements. Thus, while not immediately
obvious, increasing battery material demands initially, could reduce battery material demands
over the vehicle life cycle if battery replacement(s) are avoided. There is also the potential for
positive feedback loops with respect to improving PEV performance and battery longevity, and
more widespread adoption of PEVs (or adoption of PEVs in new vehicle sectors).

Resource Constraints

Needed growth in production capacity of LIBs for PEVs may cause unintended environmental
consequences throughout the supply chain of raw material acquisition and component
manufacturing. A number of studies and recent articles have drawn attention to the potential
challenges of rapidly increasing demand for lithium and cobalt. While dramatic increases in the
price of lithium may not be immediately impacting the price of batteries today [87, 88], there
are notable examples of local environmental and social impacts inflicted on communities in
South America from expanding demand for LIB cathode materials [89, 90], and cobalt in Africa
[91]. There are also examples of supplies of minor materials disrupting the supply of major
technologies [92].

The term critical energy materials is used to refer to a class of materials used in LIBs, permanent
magnets, and photovoltaics with considerable risk of supply disruption, constraint, and
significant environmental impact [93]. Given expected growth in demand for LIBs to meet low
carbon transportation objectives, the low abundance of some LIB material elements in the
lithosphere, but perhaps more importantly, the highly concentrated production of particular
materials in a single country or region, understanding future demand for LIBs may be crucial for
avoiding significant supply disruptions as well as social and environmental impacts for
producing communities.

A number of recent studies have sought to examine potential resource constraints for lithium
[94-100], but only one study was identified, Olivetti et al. (2017), that included LIBs over 50
kWh [101]. While there is considerable uncertainty in the amount of lithium or cobalt required
for a given battery chemistry, the aforementioned studies also use lower assumptions for
materials required (<4 kg per vehicle). Resource availability may become an issue with the
potential for increasing system sizes in addition to emerging applications for ever larger
systems. Further research should consider how the changing costs and performance of LIBs will
affect LIB design and system selection for future vehicles.
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Conclusions and Next Steps

This research demonstrates a method for estimating the costs, magnitudes, and benefits of
emissions reductions from vehicles used for freight goods movements. The key findings include
that battery electric trucks could avoid significant emissions of GHG and air quality pollutants,
while providing overall cost savings in some applications. The value of avoided pollution health
costs and premature mortality from truck electrification were also significantly higher than the
estimated increase in private (vehicle) costs. The report also provides emissions inventories for
Class 3—8 conventional and electric vehicles by cargo mass (e.g., ton-mile) that reflects the full
fuel cycle.

A key next step will be to expand the scope of the cost and LCA models to include the
production of vehicle and battery systems. Though fuel cycle environmental impacts tend to
dominate the life cycle impacts of all vehicles, the environmental impacts and material
requirements of battery and vehicle powertrain systems may also be a source of significant
environmental impacts. In addition, as the electricity grid transitions to greater proportions of
renewable energy sources, the proportional contributions of batteries in an electric truck’s life
cycle will grow. LIB manufacturing processes require significant inputs of materials and energy,
and are likely to have a significant contribution to emissions associated with vehicle production.
In addition, end-of-life management processes for LIBs are not well characterized and could
create opportunities for downstream hazards.

A second and equally important next step will be to conduct a global sensitivity analysis of the
various parameters affecting costs, emissions, and abatement potential of truck electrification.
This study provides an overview of these factors, but it will be increasingly important to identify
the key levers and opportunities for leakage to support robust policy design.

Incentives for adoption of zero-emissions truck technologies, like electric trucks, can create co-
benefits in the form of criteria pollution abatement. The value of those incentives, with respect
to avoided damages, is also regional due to exposure and incidence. Future research will also
focus on looking at the spatial distribution of avoided damages and relate those damages back
to regional truck activity, as well as statewide and local fuel and purchase incentives.
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Data Management

Products of Research

The data used for this research was collected from a range of public sources, including
government and agency databases, reports, white-papers, and peer-reviewed publications. The
data collected included vehicle population, routing, activity, emissions rates, costs, fuel
production, electricity generation, and general market data. The data gathered is described in
greater detail throughout the research report.

Data Format and Content

The data files are organized into several comma separated value (CSV) files, while the emissions
and cost model is contained in a single R file also included in the data depository. A read-me file
is also provided describing the data files:

e “Freight LCA-TEA Model.R” — The complete model as an R script.

e “allfreightFleetNDA.csv” — The aggregated composite duty cycle data taken from
Walkowicz, K., et al., Fleet DNA project data. ] National Renewable Energy Laboratory,
2014.

e “vehicle_scenarios.csv” — Descriptions of the vehicle scenarios and conventional vehicle
costs data.

e ‘“charging_infrastructure.csv” — Charging infrastructure costs and electricity costs (see
Table 4 in the main report).

e “EMFAC2017_vehicle_pop_baseline.csv” — Number of in-state, registered Class 3-8
vehicles as reflected in Mobile Emissions Source Inventory EMFAC Web Database 2017,
California Air Resources Board.

e “EMFAC2017_emissions_rates.csv” — Combustion and operations emissions rates for
conventional vehicles by model year for Class 3—8 vehicles from the Mobile Emissions
Source Inventory EMFAC Web Database 2017, California Air Resources Board.

e “conventional_GREET_WTP_LCIs.csv” — Life cycle emissions for production and refining
of conventional liquid fuels from Greenhouse Gasses, Regulated Emissions, and Energy
Use in Transportation (GREET) Model 1 - Fuel Cycle Model by Argonne National
Laboratory.

e “batter-cost-energy.csv” — Forecast of battery costs in S/kWh (see Figure 4 in the main
report).

o “fuel_prices.csv” — Costs of conventional fuels from the U.S. Energy Information
Administration, Price Components (Case Reference case Region Pacific).

o “electricity_emissions_perkwh.csv” — Forecast of emissions rates for delivered
electricity based on generation model described in the main text (“Generation of
Electricity” section).

e “CAstate_avg_dmg.csv” — Estimate of pollution related health damages based on the
Air Pollution Emission Experiments and Policy analysis (AP2) described in Muller, N.Z.
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and R. Mendelsohn, Measuring the damages of air pollution in the United States. Journal
of Environmental Economics and Management, 2007. 54(1): p. 1-14.

Data Access and Sharing

All data files and the main modelling script are made available publicly via the Dryad Digital
Repository: https://datadryad.org/stash/. The DOI for the dataset is
https://doi.org/10.25338/B8NSAT.

Reuse and Redistribution

All data used for this project is public and available for unrestricted use, unless otherwise
specified in the data citation. If the data are used, our work should be properly cited:

Ambrose, Hanjiro; Kendall, Alissa (2019), Life Cycle Modeling of Tech & Strategies for a
Sustainable Freight System in California, v2, UC Davis, Dataset,
https://doi.org/10.25338/B8NS4T
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Appendix 1 — Emissions Rate of Conventional Vehicles, All Units are
grams per mile

Year Vehicle Flow Class3 Class4 Class5 Class6 Class8
Fuel Type
2018 DSL CH4 0.61 0.72 0.81 1.08 2.39
2019 DSL CH4 0.61 0.72 0.81 1.08 2.39
2020 DSL CH4 0.61 0.72 0.81 1.08 2.39
2021 DSL CH4 0.61 0.72 0.81 1.08 2.39
2022 DSL CH4 0.61 0.72 0.81 1.08 2.39
2023 DSL CHa 0.61 0.72 0.81 1.08 2.39
2024 DSL CH4 0.61 0.72 0.81 1.08 2.39
2025 DSL CH4 0.61 0.72 0.81 1.08 2.39
2026 DSL CHa 0.61 0.72 0.81 1.08 2.39
2027 DSL CH4 0.61 0.72 0.81 1.08 2.39
2028 DSL CH4 0.61 0.72 0.81 1.08 2.39
2029 DSL CHa 0.61 0.72 0.81 1.08 2.39
2030 DSL CH4 0.61 0.72 0.81 1.08 2.39
2031 DSL CH4 0.61 0.72 0.81 1.08 2.39
2032 DSL CHa 0.61 0.72 0.81 1.08 2.39
2033 DSL CH4 0.61 0.72 0.81 1.08 2.39
2034 DSL CH4 0.61 0.72 0.81 1.08 2.39
2035 DSL CH4 0.61 0.72 0.81 1.08 2.39
2036 DSL CH4 0.61 0.72 0.81 1.08 2.39
2037 DSL CH4 0.61 0.72 0.81 1.08 2.39
2038 DSL CH4 0.61 0.72 0.81 1.08 2.39
2039 DSL CH4 0.61 0.72 0.81 1.08 2.39
2040 DSL CH4 0.61 0.72 0.81 1.08 2.39
2018 DSL co 0.24 0.24 0.21 0.25 0.97
2019 DSL co 0.28 0.27 0.21 0.25 0.97
2020 DSL co 0.31 0.30 0.22 0.26 0.98
2021 DSL co 0.34 0.34 0.22 0.26 0.98
2022 DSL co 0.37 0.37 0.22 0.26 0.99
2023 DSL co 0.40 0.40 0.22 0.26 0.99
2024 DSL co 0.43 0.42 0.23 0.27 1.00
2025 DSL co 0.46 0.45 0.23 0.27 1.00
2026 DSL co 0.48 0.48 0.23 0.27 1.00
2027 DSL co 0.51 0.50 0.23 0.27 1.00
2028 DSL co 0.53 0.52 0.24 0.28 1.01
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Year Vehicle Flow Class3 Class4 Class5 Class6 Class8
Fuel Type
2029 DSL Cco 0.55 0.54 0.22 0.26 0.99
2030 DSL Cco 0.41 0.40 0.23 0.26 0.99
2031 DSL co 0.43 0.43 0.23 0.27 1.00
2032 DSL Cco 0.46 0.45 0.23 0.27 1.00
2033 DSL Cco 0.48 0.47 0.23 0.27 1.00
2034 DSL co 0.50 0.50 0.23 0.27 1.01
2035 DSL co 0.53 0.52 0.24 0.28 1.01
2036 DSL Cco 0.54 0.54 0.24 0.28 1.01
2037 DSL co 0.56 0.55 0.24 0.28 1.01
2038 DSL (0] 0.58 0.57 0.24 0.28 1.02
2039 DSL Cco 0.59 0.58 0.24 0.28 1.02
2040 DSL co 0.61 0.60 0.25 0.28 1.02
2018 DSL GHGs (CO2e) 570.82 637.55 1019.94 1112.58 1742.48
2019 DSL GHGs (CO2e) 570.96 637.59 1017.39 1110.03 1739.64
2020 DSL GHGs (COe) 571.04 637.67 1016.43 1109.16 1738.73
2021 DSL GHGs (CO2e) 571.19 637.87 1016.17 1108.86 1738.90
2022 DSL GHGs (COze) 571.25 637.93 1015.39 1107.97 1738.28
2023 DSL GHGs (CO2e) 571.30 637.99 1014.61 1107.29 1737.74
2024 DSL GHGs (CO2e) 571.84 638.62 1015.15 1107.94 1738.34
2025 DSL GHGs (COze) 571.88 638.67 1014.42 1107.24 1737.82
2026 DSL GHGs (COe) 571.93 638.71 1013.75 1106.59 1737.34
2027 DSL GHGs (CO2e) 571.97 638.76 1013.13 1105.98 1736.91
2028 DSL GHGs (CO2e) 572.01 638.80 1012.53 1105.39 1736.50
2029 DSL GHGs (COe) 572.05 638.84 907.24 1012.25 1572.98
2030 DSL GHGs (COe) 532.14 594,55 906.54 1011.57 1572.31
2031 DSL GHGs (CO2e) 532.14 594.67 905.40 1010.42 1570.81
2032 DSL GHGs (CO2e) 532.20 594.74 904.76 1009.78 1570.24
2033 DSL GHGs (COe) 532.26 594.80 904.15 1009.18 1569.72
2034 DSL GHGs (CO2e) 532.32 594.85 903.57 1008.59 1569.21
2035 DSL GHGs (COze) 532.37 59491 903.00 1008.03 1568.71
2036 DSL GHGs (COze) 532.42 594,95 902.47 1007.48 1568.24
2037 DSL GHGs (CO2e) 532.46 595.00 901.95 1006.96 1567.79
2038 DSL GHGs (COze) 532.50 595.04 90147 1006.46 1567.36
2039 DSL GHGs (CO2e) 532,54 595.08 901.00 1005.98 1566.95
2040 DSL GHGs (CO2e) 532.57 595.12 900.56 1005.53 1566.56
2018 DSL N.O 0.09 0.10 0.16 0.17 0.26
2019 DSL N.O 0.09 0.10 0.16 0.17 0.26
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Year Vehicle Flow Class3 Class4 Class5 Class6 Class8

Fuel Type
2020 DSL N.O 0.09 0.10 0.16 0.17 0.26
2021 DSL N.O 0.09 0.10 0.16 0.17 0.26
2022 DSL N.O 0.09 0.10 0.16 0.17 0.26
2023 DSL N.O 0.09 0.10 0.16 0.17 0.26
2024 DSL N.O 0.09 0.10 0.16 0.17 0.26
2025 DSL N.O 0.09 0.10 0.16 0.17 0.26
2026 DSL N.O 0.09 0.10 0.16 0.17 0.26
2027 DSL N,O 0.09 0.10 0.16 0.17 0.26
2028 DSL N.O 0.09 0.10 0.16 0.17 0.26
2029 DSL N.O 0.09 0.10 0.14 0.15 0.24
2030 DSL N,O 0.08 0.09 0.14 0.15 0.24
2031 DSL N2O 0.08 0.09 0.14 0.15 0.24
2032 DSL N.O 0.08 0.09 0.14 0.15 0.24
2033 DSL N,O 0.08 0.09 0.14 0.15 0.24
2034 DSL N2O 0.08 0.09 0.14 0.15 0.24
2035 DSL N.O 0.08 0.09 0.14 0.15 0.24
2036 DSL N.O 0.08 0.09 0.14 0.15 0.24
2037 DSL N2O 0.08 0.09 0.14 0.15 0.24
2038 DSL N.O 0.08 0.09 0.14 0.15 0.24
2039 DSL N.O 0.08 0.09 0.14 0.15 0.24
2040 DSL N,O 0.08 0.09 0.14 0.15 0.24
2018 DSL NOx 0.28 0.27 2.06 1.75 2.92
2019 DSL NOx 0.29 0.28 2.13 1.82 2.99
2020 DSL NOx 0.30 0.29 2.21 1.90 3.06
2021 DSL NOx 0.30 0.29 2.29 1.98 3.13
2022 DSL NOx 0.31 0.30 2.37 2.06 3.19
2023 DSL NOx 0.31 0.30 2.44 2.13 3.25
2024 DSL NOx 0.32 0.31 2.51 2.20 3.31
2025 DSL NOx 0.32 0.31 2.58 2.27 3.36
2026 DSL NOx 0.33 0.32 2.64 2.33 341
2027 DSL NOx 0.33 0.32 2.69 2.38 3.46
2028 DSL NOx 0.34 0.33 2.75 2.44 3.50
2029 DSL NOx 0.34 0.33 2.39 2.08 3.20
2030 DSL NOx 0.27 0.27 2.45 2.14 3.26
2031 DSL NOx 0.28 0.28 2.51 2.21 3.32
2032 DSL NOx 0.28 0.28 2.57 2.27 3.37
2033 DSL NOx 0.28 0.28 2.63 2.32 3.42
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Year Vehicle Flow Class3 Class4 Class5 Class6 Class8
Fuel Type
2034 DSL NOx 0.28 0.28 2.68 2.38 3.47
2035 DSL NOx 0.29 0.29 2.74 2.43 3.52
2036 DSL NOx 0.29 0.29 2.79 2.48 3.56
2037 DSL NOx 0.29 0.29 2.84 2.53 3.61
2038 DSL NOx 0.29 0.29 2.88 2.58 3.65
2039 DSL NOx 0.29 0.29 2.93 2.62 3.69
2040 DSL NOx 0.29 0.29 2.97 2.66 3.72
2018 DSL PMjio 0.11 0.12 0.16 0.17 0.16
2019 DSL PM1o 0.11 0.12 0.16 0.17 0.16
2020 DSL PMig 0.11 0.12 0.16 0.17 0.16
2021 DSL PM1go 0.11 0.13 0.16 0.17 0.16
2022 DSL PM1o 0.11 0.13 0.17 0.17 0.16
2023 DSL PM1o 0.11 0.13 0.17 0.17 0.16
2024 DSL PM1g 0.11 0.13 0.17 0.17 0.16
2025 DSL PM1o 0.12 0.13 0.17 0.17 0.16
2026 DSL PM1o 0.12 0.13 0.17 0.17 0.16
2027 DSL PMjigo 0.12 0.13 0.17 0.17 0.16
2028 DSL PMio 0.12 0.13 0.17 0.17 0.16
2029 DSL PM1o 0.12 0.13 0.17 0.17 0.16
2030 DSL PMjigo 0.11 0.13 0.17 0.17 0.16
2031 DSL PMj1go 0.11 0.13 0.17 0.17 0.16
2032 DSL PM1o 0.11 0.13 0.17 0.17 0.16
2033 DSL PMig 0.11 0.13 0.17 0.17 0.16
2034 DSL PMj1go 0.11 0.13 0.17 0.17 0.16
2035 DSL PM1o 0.11 0.13 0.17 0.17 0.16
2036 DSL PMig 0.12 0.13 0.17 0.17 0.16
2037 DSL PMjio 0.12 0.14 0.17 0.17 0.16
2038 DSL PM1o 0.12 0.14 0.17 0.17 0.16
2039 DSL PMig 0.12 0.14 0.17 0.17 0.16
2040 DSL PMjio 0.12 0.14 0.17 0.18 0.16
2018 DSL PM1o 0.05 0.06 0.07 0.08 0.08
2019 DSL PM1o 0.05 0.06 0.07 0.08 0.08
2020 DSL PMjigo 0.05 0.06 0.07 0.08 0.08
2021 DSL PM1o 0.05 0.06 0.08 0.08 0.08
2022 DSL PM1o 0.06 0.06 0.08 0.08 0.08
2023 DSL PM1o 0.06 0.06 0.08 0.08 0.08
2024 DSL PMj1o 0.06 0.06 0.08 0.08 0.08
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Year Vehicle Flow Class3 Class4 Class5 Class6 Class8
Fuel Type
2025 DSL PMig 0.06 0.07 0.08 0.08 0.08
2026 DSL PM1g 0.06 0.07 0.08 0.08 0.08
2027 DSL PM1o 0.06 0.07 0.08 0.08 0.08
2028 DSL PMig 0.06 0.07 0.08 0.08 0.08
2029 DSL PM1g 0.06 0.07 0.08 0.08 0.08
2030 DSL PM1o 0.05 0.06 0.08 0.08 0.08
2031 DSL PM1o 0.06 0.06 0.08 0.08 0.08
2032 DSL PMjio 0.06 0.07 0.08 0.08 0.08
2033 DSL PM1o 0.06 0.07 0.08 0.08 0.08
2034 DSL PM1o 0.06 0.07 0.08 0.08 0.08
2035 DSL PM1go 0.06 0.07 0.08 0.08 0.08
2036 DSL PM1o 0.06 0.07 0.08 0.08 0.08
2037 DSL PM1o 0.06 0.07 0.08 0.08 0.08
2038 DSL PM1g 0.06 0.07 0.08 0.08 0.08
2039 DSL PM1o 0.06 0.07 0.08 0.08 0.08
2040 DSL PM1o 0.06 0.07 0.08 0.08 0.08
2018 DSL SOx 0.09 0.10 0.12 0.16 0.34
2019 DSL SOx 0.09 0.10 0.12 0.16 0.34
2020 DSL SOx 0.09 0.10 0.12 0.16 0.34
2021 DSL SOx 0.09 0.10 0.12 0.16 0.34
2022 DSL SOx 0.09 0.10 0.12 0.16 0.34
2023 DSL SOx 0.09 0.10 0.12 0.16 0.34
2024 DSL SOx 0.09 0.10 0.12 0.16 0.34
2025 DSL SOx 0.09 0.10 0.12 0.16 0.34
2026 DSL SOx 0.09 0.10 0.12 0.16 0.34
2027 DSL SOx 0.09 0.10 0.12 0.16 0.34
2028 DSL SOx 0.09 0.10 0.12 0.16 0.34
2029 DSL SOx 0.09 0.10 0.12 0.16 0.34
2030 DSL SOx 0.09 0.10 0.12 0.16 0.34
2031 DSL SOx 0.09 0.10 0.12 0.16 0.34
2032 DSL SOx 0.09 0.10 0.12 0.16 0.34
2033 DSL SOx 0.09 0.10 0.12 0.16 0.34
2034 DSL SOx 0.09 0.10 0.12 0.16 0.34
2035 DSL SOx 0.09 0.10 0.12 0.16 0.34
2036 DSL SOx 0.09 0.10 0.12 0.16 0.34
2037 DSL SOx 0.09 0.10 0.12 0.16 0.34
2038 DSL SOx 0.09 0.10 0.12 0.16 0.34
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Year Vehicle Flow Class3 Class4 Class5 Class6 Class8
Fuel Type
2039 DSL SOx 0.09 0.10 0.12 0.16 0.34
2040 DSL SOx 0.09 0.10 0.12 0.16 0.34
2018 DSL VoC 0.25 0.27 0.16 0.20 0.53
2019 DSL VOC 0.26 0.27 0.16 0.21 0.53
2020 DSL VOC 0.26 0.27 0.16 0.21 0.53
2021 DSL VoC 0.27 0.28 0.16 0.21 0.53
2022 DSL VOC 0.27 0.28 0.16 0.21 0.53
2023 DSL VOC 0.27 0.29 0.16 0.21 0.53
2024 DSL VoC 0.28 0.29 0.16 0.21 0.53
2025 DSL VOC 0.28 0.29 0.16 0.21 0.53
2026 DSL VOC 0.28 0.30 0.16 0.21 0.53
2027 DSL VoC 0.29 0.30 0.16 0.21 0.53
2028 DSL VOoC 0.29 0.30 0.16 0.21 0.53
2029 DSL VOC 0.29 0.31 0.16 0.21 0.53
2030 DSL VoC 0.27 0.29 0.16 0.21 0.53
2031 DSL VoC 0.28 0.29 0.16 0.21 0.53
2032 DSL VOC 0.28 0.30 0.16 0.21 0.53
2033 DSL voC 0.28 0.30 0.16 0.21 0.53
2034 DSL VoC 0.29 0.30 0.16 0.21 0.53
2035 DSL VOC 0.29 0.30 0.16 0.21 0.53
2036 DSL VOC 0.29 0.31 0.16 0.21 0.53
2037 DSL VvVoC 0.29 0.31 0.16 0.21 0.54
2038 DSL VoC 0.30 0.31 0.16 0.21 0.54
2039 DSL VOC 0.30 0.31 0.16 0.21 0.54
2040 DSL VvVoC 0.30 0.31 0.16 0.21 0.54
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