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Abstract 18 

 19 

As the use of plug-in electric vehicles (PEVs) further increases in the coming decades, a growing stream 20 

of batteries will reach the end of their service lives. Here we study the potential of those batteries to be 21 

used in second-life applications to enable the expansion of intermittent renewable electricity supply in 22 

California through the year 2050. We develop and apply a parametric life-cycle system model integrating 23 

battery supply, degradation, logistics, and second-life use. We calculate and compare several metrics of 24 

second-life system performance, including cumulative electricity delivered, energy balance, greenhouse 25 

gas (GHG) balance, and energy stored on invested. We find that second-life use of retired PEV batteries 26 

may  play  a  modest,  though  not  insignificant,  role  in  California’s  future  energy  system.  The  electricity  27 

delivered by second-life batteries in 2050 under base-case modeling conditions is 15 TWh per year, about 28 

5% of total current and projected electricity use in California. If used instead of natural gas-fired 29 

electricity generation, this electricity would reduce GHG emissions by about 7 million metric tons of 30 

CO2e per year in 2050. 31 

 32 
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 36 

1. Introduction 37 

 38 

The usage of plug-in electric vehicles (PEVs) is increasing rapidly, driven by concerns about 39 

environmental quality and energy security. PEV sales in the United States (US) increased by a factor of 40 

over 5 between 2011 and 2013, from 18,000 to 100,000 sales per year [1]. One report projected that PEVs 41 

will comprise 30% of US light-duty vehicle sales by 2030, and 80% by 2050 [2]. The state of California 42 

leads PEV sales in the US, accounting for almost one-third of total US PEV sales [3]. As these vehicles 43 

age, a growing number of PEV batteries will reach the end of their service lives. If the current California 44 

vehicle fleet were fully electrified, it would entail a post-use battery flow of about 900,000 metric tons per 45 

year [4]. Recycling is typically considered as the default end-of-life management for PEV batteries. 46 

However, these batteries may retain as much as 70-80% of their original storage capacity at the point of 47 

retirement. Stationary energy storage applications, where storage capacity and power per unit mass are 48 

less critical constraints, offer a potentially attractive option for extending PEV  batteries’ useful life [5]. 49 

Referred to as second-life, using post-consumer PEV batteries as grid-connected stationary energy storage 50 

comes with economic, energetic, and environmental tradeoffs. Quantitatively assessing these tradeoffs 51 

and the relative scale of second-life  batteries’  contribution  to  overall  energy  storage  goals  may inform 52 

future research and policy decisions.  53 

 54 

Previous research has explored various aspects of second-life PEV battery use, with a focus on economic 55 

viability. In a pioneering study, Cready et al. [6] considered the techno-economic potential of using 56 

retired PEV batteries for a range of second-life applications, identifying 4 promising candidates: 57 

transmission support, light commercial load following, residential load following, and distributed node 58 

telecommunications backup power. They observed that major uncertainties exist regarding the 59 

performance and life span of used PEV batteries. Narula et al. [7] conducted an economic analysis of 60 

PEV batteries used for various second-life applications, assuming a fixed (either 5- or 10-year) service 61 

life. They found marginal economic benefits for single-use applications, although results improved with 62 

multiple simultaneous applications, e.g. area regulation, transmission and distribution upgrade deferral, 63 

and energy time shifting. Neubauer & Pesaran [8] assessed the economic impact that second-life batteries 64 

use may have on initial PEV costs. They found the upfront cost reductions to be relatively minor, and 65 

strongly dependent on the battery degradation profile and specific second-life application. Williams & 66 

Lipman [9] analyzed the potential economic impacts of second-life battery use, finding modest but 67 

positive economic benefits of second-life battery use. Benefits depended largely on whether multiple 68 

services could be obtained from the batteries, and on costs associated with power-‐conditioning 69 
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equipment. Neubauer et al. [10] estimated the selling price of re-purposed PEV batteries, and found them 70 

to be cost-competitive with established lead-acid battery technology. Ambrose et al. [11] considered the 71 

potential for retired PEV batteries to provide electricity storage for rural micro-grids in developing 72 

regions, concluding that second-life lithium-ion batteries may be price competitive with new lead-acid 73 

batteries and deliver improved performance. 74 

 75 

Fewer studies have considered the environmental or energetic implications of second-life battery use. 76 

Ahmadi et al. [12] estimated the potential CO2 emissions reduction of using repurposed vehicle batteries 77 

to store off-peak electricity in Canada, thus avoiding natural gas-fired peak generation. Faria et al. [13] 78 

conducted an environmental assessment of second-life PEV battery use for peak shaving and load 79 

shifting, based on grid characteristics of several European countries. Both studies found that greenhouse 80 

gas (GHG) emissions reduction from second-life use depends strongly on the carbon-intensity of the 81 

electricity sources involved, but neither explored the sensitivity of the results to highly uncertain system 82 

parameters including battery degradation and capacity thresholds of first- and second-life use. 83 

 84 

PEV adoption and the availability of retired batteries will grow alongside an evolving energy supply 85 

system, including increasing amounts of renewable electricity sources. The intermittency of these sources, 86 

such as solar and wind, requires energy storage for maximum performance. In this study, we explore the 87 

extent to which second-life use of retired PEV batteries can provide this electricity storage role. We seek 88 

to address several research questions in this analysis. First, we determine which factors most significantly 89 

affect the net-energy balance of second-life battery usage. Second, we quantify the potential contribution 90 

of second-life batteries to California’s  energy  storage  needs through 2050. Last, we quantify the net life-91 

cycle GHG benefits from using second-life batteries to support intermittent renewable electricity sources. 92 

 93 

 94 

2. Methods 95 

 96 

2.1 Modeling framework 97 

 98 

We develop and apply a parametric life cycle model to describe the interrelated energy and material flows 99 

of the PEV battery system. The model is driven by scenarios of future adoption of PEVs in California, 100 

and the resulting stream of retired PEV batteries. We focus on the potential for second-life usage of the 101 

retired batteries and its net impact on energy use and greenhouse gas (GHG) emissions, while assuming 102 

other life-cycle phases (battery manufacture, first life, and recycling) remain unchanged. The system 103 
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boundaries of this study include all direct impacts of second-life use such as battery transport, thermal 104 

management, and charging. The boundaries also encompass components of the broader energy system, 105 

including the displacement of fossil energy production by enabling diurnal energy shifting of intermittent 106 

renewable electricity production. The analytical framework is shown schematically in Figure 1. We 107 

assume that future electricity output from renewable sources will exceed demand during peak generation 108 

times, and electricity storage allows the use of this electricity later in the diurnal cycle during peak 109 

demand times. 110 

 111 

<< Figure 1 here >> 112 

 113 

Based on modeled material and energy flows through the year 2050, we calculate and compare several 114 

metrics of second-life system performance. These include the electricity delivered, the energy balance, the 115 

GHG balance, and the energy stored on invested. The electricity delivered is simply the summation of the 116 

electrical energy discharged from the second-life batteries, in units of TWh. This can be expressed on an 117 

annual basis, or cumulative over the study period (2015 to 2050). 118 

 119 

The energy balance is a summation of major energy flows throughout the system, and is defined by 120 

Equation 1: 121 

 122 

𝐸𝑛𝑒𝑟𝑔𝑦  𝐵𝑎𝑙𝑎𝑛𝑐𝑒 = 𝐸 − 𝐸 − 𝐸 − 𝐸    (1) 123 

 124 

where Edelivered is the electrical energy delivered by the batteries during their second life, Echarging is the 125 

electrical energy used to charge the batteries during their second life, Ecooling is the electrical energy used 126 

for cooling of batteries during their second life, and Etransport is the energy used to transport batteries to and 127 

from their second-life applications. Equation 1 is based on the assumption that, for the sites considered in 128 

this analysis, the thermal management system must only provide cooling. Yuksel & Michalek [14] show 129 

that battery performance decreases at temperatures both higher and lower than the optimum of 15-20 °C. 130 

Typical high temperatures in most of California are more likely to be problematic than lows, though the 131 

opposite is true for states with colder climates such as Minnesota. We account for energy in units of TWh 132 

of electrical energy, or its equivalent. We assume energy used for battery transport is diesel fuel for 133 

trucks, thus we divide the TWh of diesel used by a factor of 3, corresponding to an assumed conversion 134 

efficiency of 33% from diesel fuel to equivalent electricity. Energy balance can be calculated and 135 

expressed per year on an annual basis, and can also be cumulated and expressed through the year 2050. 136 

 137 
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The cumulative GHG balance is a summation of actual and avoided GHG emissions to the atmosphere 138 

through 2050, and is defined by Equation 2: 139 

 140 

𝐺𝐻𝐺  𝐵𝑎𝑙𝑎𝑛𝑐𝑒 = 𝐺𝐻𝐺 + 𝐺𝐻𝐺 + 𝐺𝐻𝐺 − 𝐺𝐻𝐺   (2) 141 

 142 

where GHGcharging is the cumulative GHG emissions from producing electricity to charge the batteries 143 

during their second life, GHGcooling is the cumulative GHG emissions from producing electricity to cool 144 

the batteries during their second life, GHGtransport is the GHG emissions from transporting the batteries to 145 

and from their second-life applications, and GHGavoided in the cumulative GHG emissions avoided by not 146 

generating fossil-based electricity during peak demand times. We account for GHG emissions in units of 147 

million metric tons of CO2 equivalent (Mt CO2e). The GHG balance can be expressed on both annual and 148 

cumulative bases. 149 

 150 

Energy stored on energy invested (ESOI) was introduced by Barnhart & Benson [15] to compare the 151 

energy stored and delivered by a device during its service life, to the energy needed to manufacture the 152 

device. Barnhart & Benson [15] defined ESOI with Equation 3: 153 

 154 

𝐸𝑆𝑂𝐼 & = × × ×
×       (3) 155 

 156 

where C0 is the initial storage capacity of the battery, λ is  the  number  of  cycles  in  the  battery’s  service  157 

life, η is the round-trip charge-discharge efficiency, D is the depth of discharge, and ε is the cradle-to-gate 158 

embodied primary energy per unit of electrical storage capacity. This definition is of limited use for 159 

battery second-life analysis, as it does not explicitly consider battery degradation during the service life, 160 

the numerator (“energy stored”) does not distinguish between energy stored during first and second lives, 161 

and the denominator (“energy  invested”)  includes only the energy used at the beginning of the life cycle 162 

for material sourcing and battery manufacturing. We note also that round-trip losses are accounted for in 163 

the numerator as a reduction of the energy stored, rather than in the denominator as a component of 164 

operational energy investment. 165 

 166 

Here we require a metric that distinguishes between energy stored during first and second lives, as well as 167 

between energy inputs during manufacturing, operation, reconfiguration, and end-of-life stages. We adapt 168 

the ESOI metric by considering in the numerator only the energy stored and delivered during the second 169 
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life, and in the denominator the direct transport and cooling energy inputs needed to enable this second 170 

life. We define ESOI' with Equation 4: 171 

   172 

𝐸𝑆𝑂𝐼′ =      (4) 173 

 174 

where Edelivered, Ecooling and Etransport are as defined in Equation 1.  Further seeking to refine the metric, we 175 

then define ESOI'' that also includes round-trip efficiency losses in the denominator (Equation 5). 176 

 177 

𝐸𝑆𝑂𝐼′′ =      (5)  178 

 179 

where Eloss is defined in Equation 6: 180 

 181 

𝐸 = 𝐸 − 1      (6) 182 

 183 

where η is the round-trip charge-discharge efficiency. The ESOI'' metric (Equation 5) considers the 184 

round-trip efficiency loss as invested operational energy input, rather than as reduction of delivered 185 

energy  as  in  Barnhart  &  Benson’s  definition  (Equation 3). We observe that a comprehensive full life-186 

cycle ESOI metric for batteries would include in the numerator all the electricity delivered during first- 187 

and second-life operation, and in the denominator all the energy used for material sourcing, manufacture, 188 

operation, reconfiguration and disposal. 189 

 190 

The system model consists of four elements: Battery supply, battery degradation, battery second-life use, 191 

and battery logistics. These are described in the following sections. 192 

 193 

 194 

2.2 Battery supply 195 

 196 

A crucial input for our analysis is the total quantity of batteries made available for second-life 197 

applications each year, which is largely determined by future PEV market adoption rates. Our scenarios 198 

are based on well-established fleet modeling equations. We use a sigmoid adoption curve, documented by 199 

Scown et al. [16], to represent the growing market share of PEVs (Equation 7):   200 

 201 
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𝑃(𝑡) = . ( . )      (7) 202 

 203 

where P(t) is the base-case PEV penetration (fraction) of total US automobile sales, and t is the years 204 

elapsed since 2015. We consider a base-case adoption rate, as well as low and high variations to assess 205 

uncertainty. The base-case scenario reaches a 70% PEV share of passenger car sales by 2050, while the 206 

low growth scenario reaches approximately 60% and the high growth scenario reaches approximately 207 

80%. Baseline vehicle sales are provided by the US Energy Information Administration [17], which we 208 

use to track each vehicle in the fleet from sale to retirement, beginning with cars sold in the 1970s. 209 

California’s  total  car  sales are allocated to counties based on population. The bases for our assumptions 210 

are documented in Scown et al. [16]. 211 

 212 

PEVs’  share  of  sales  growth  in  each  county  is  modeled using several factors. “Early  adopter”  urban  213 

counties including Los Angeles, San Francisco, and Alameda, for example, are responsible for the bulk of 214 

the early growth, which is consistent with preliminary sales data. These urban areas tend to be the first to 215 

install PEV supporting infrastructure such as publicly available charging stations. The remaining groups 216 

are categorized based on affluence, quantified as median income (see Tables S1 and S2). As each new 217 

adoption group enters the scenario, sales growth is allocated to individual counties based on population. 218 

Results of these scenarios by county for 2020, 2030, 2040 and 2050 are shown in Figure S1. 219 

 220 

We then translate PEV market adoption scenarios into battery disposal estimates. We use logistic curves 221 

to represent the fraction of batteries remaining after a given numbers of years beyond its initial purchase 222 

date. In the base-case scenario, 75% of batteries last 10 years or longer. We also consider a short duration 223 

scenario where only 60% of batteries last 10 years or longer, and a long duration scenario where 90% of 224 

batteries last 10 years or longer. Cars may, however, outlast their batteries, so we assume that new 225 

batteries are purchased for cars that remain in use, but whose batteries have reached their end-of-life. 226 

However, we assume that cars within 2 years of their end-of-life will be retired early rather than have a 227 

new battery installed. We estimate the fraction of vehicles remaining on the road (FVR) using Equation 8 228 

[18]: 229 

 230 

𝐹𝑉𝑅(𝑎) = . ( . )     (8) 231 

 232 

where a is the vehicle age in years. 233 

 234 
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High and low variations in battery supply for second-live use are determined by combinations of PEV 235 

adoption rate scenarios and in-vehicle battery duration scenarios that yield the highest and lowest supply 236 

of retired batteries. Additional details of our adoption and disposal scenarios are provided in the 237 

Supporting Information, including assumptions about battery capacities (Figures S3 and S4) and the R 238 

script.   239 

 240 

 241 

2.3 Battery degradation 242 

 243 

It is broadly understood that battery performance degrades with usage and time, but comprehensive and 244 

quantitative description of such degradation remains elusive. More is known about early stages of battery 245 

degradation, such as the growth of solid electrolyte interface [19]. Less is known about later stages of 246 

degradation such as lithium plating, growth of dendrites, and structural failure [20]. This makes the robust 247 

modeling of life-cycle battery performance more challenging, as the literature lacks detailed quantitative 248 

description of the latter stages of battery life. 249 

 250 

It is generally recognized that a battery will experience an initial capacity loss that decreases in rate, after 251 

which an inflection point is reached and the battery suffers terminal degradation that increases in rate 252 

[21]. In this analysis, we develop a simple model to generically describe this pattern of life-cycle PEV 253 

battery degradation based on 3 parameters: Phase 1 initial degradation rate, Phase inflection point, and 254 

Phase 2 terminal degradation rate. The energy storage capacity of the battery is tracked over time, 255 

expressed as a percent of the capacity when the battery was new. Phase 1 of the degradation profile is 256 

described mathematically by Equation 9: 257 

 258 

𝐶 = 100 − (303 × 𝐷 )     (9) 259 

 260 

where C1 is the energy storage capacity of the battery during Phase 1 (expressed as percent of original 261 

capacity), D is the ideal cumulative energy discharged from the battery (disregarding capacity loss), and X 262 

is an exponential factor with a base-case value of 0.55. This equation is based on Wang et al. [22], who 263 

considered the ideal cumulative energy discharge (D) by as the number of cycles multiplied by the depth 264 

of discharge multiplied by the full cell capacity (i.e. not including the effects of capacity degradation). We 265 

recalculate the cumulative energy discharge accounting for battery degradation, and conduct our analysis 266 

based on cumulative energy delivered by the battery, expressed in multiples of original storage capacity. 267 

The capacity loss function corresponds to graphite-LiFePO4 cells with a charge/discharge rate of 2C and a 268 
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temperature of 60 °C (Equation 7 from Reference [22]). We acknowledge that other Li-ion battery 269 

chemistries and usage conditions will result in other degradation patterns, though due to the paucity of 270 

robust literature data we assume these uncertainties are accommodated within our parameter variations. 271 

We vary the Phase 1 degradation rate by changing the value of the exponential factor X from its base-case 272 

value of 0.55, to a faster degradation value of 0.60 and a slower degradation value of 0.50.  273 

 274 

We model the inflection point between initial Phase 1 and terminal Phase 2 degradation, specified as a 275 

percentage of original energy storage capacity. In the absence of more compelling data, we assume a 276 

base-case inflection point at 60% of original capacity, with values of 80% and 40% corresponding to 277 

faster and slower degradation. We then model the terminal Phase 2 degradation based on exponential 278 

decay defined by Equation 10:  279 

 280 

𝐶 = 𝑃 − 1.006( × )      (10) 281 

 282 

where C2 is the energy storage capacity of the battery during Phase 2 degradation (expressed as percent of 283 

original capacity), P is the location of the inflection point between Phases 1 and 2 (in percent of original 284 

capacity), and E is the cumulative energy delivered by the battery during Phase 2 (in multiples of original 285 

full storage capacity), and Y is a multiplier. We vary the Phase 2 degradation rate by changing the value 286 

of the multiplier Y from its base case value of 1, to a faster degradation value of 2 and slower degradation 287 

value of 0.5. Our base-case degradation profile, as well as profiles representing variations of each 288 

parameter, is shown in Figure 2. The slight discontinuity of some profiles is due to the different slopes of 289 

Equations 9 and 10 at the inflection point, and has no fundamental effect on the analysis. 290 

 291 

<< Figure 2 here >> 292 

 293 

Within each defined battery degradation profile, we consider various arrangements for first and second 294 

lives. Our base-case condition assumes the first life (as a PEV battery) continues until the energy storage 295 

capacity decreases to a threshold value of 70% of its original value when the car was new. We then 296 

assume the battery pack (or its disassembled cells) is placed into a stationary second-life application, 297 

which continues until the storage capacity declines to a final threshold, assumed to be 30% in our base 298 

case. This is illustrated in Figure 3 for the base-case conditions, where 53% of total life-cycle electricity is 299 

delivered during the first-life and 47% is delivered during the second-life. Figure S2 shows corresponding 300 

results for alternative values of battery degradation parameters. To determine the significance of different 301 
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threshold locations, we vary the first-life threshold between 60% and 80%, and the second-life threshold 302 

between 20% and 40%. 303 

 304 

<< Figure 3 here >> 305 

 306 

 307 

2.4 Battery second-life use 308 

 309 

We consider the use of second-life PEV batteries to enable diurnal energy shifting, allowing expanded use 310 

of intermittent renewable energy sources such as wind and solar. We assume that this daily storage and 311 

discharge of renewable electricity will substitute electricity generation from natural gas-fired power 312 

plants. In a sensitivity analysis we consider the substitution of electricity from coal-fired power plants. 313 

Although coal-fired electricity is unlikely in California, the second-life batteries may, in principle, be 314 

used in other locations where coal-fired power is more common. Our base-case analysis assumes second-315 

life batteries are used in decentralized photovoltaic (PV) facilities, while we consider decentralized wind 316 

and centralized renewable generation in a sensitivity analysis (see Section 2.5). GHG emission intensity 317 

factors for electricity generation are based on median values from recent life-cycle assessment (LCA) 318 

harmonized meta-analyses. For wind electricity, 15 gCO2e are emitted per kWh, based on Dolan & Heath 319 

[23]. For PV electricity, 27 gCO2e are emitted per kWh, based on average emission factors for crystalline 320 

silicon PV [24] and thin-film PV [25]. Emission factors for natural gas-fired electricity are 510 gCO2e per 321 

kWh based on O'Donoughue et al. [26], while those for coal-fired electricity are 980 gCO2e per kWh 322 

based on Whitaker et al. [27]; both are average values for a range of energy conversion technologies. We 323 

assume the use of an integrated battery management system, to avoid capacity imbalance when cells of 324 

different degradation levels are assembled together [28, 29] 325 

 326 

We consider the direct energy use and GHG emissions from activities needed to enable second-life 327 

applications, including battery cooling. Cooling of batteries during use is important to avoid premature 328 

degradation and temporary efficiency losses, particularly in California and other warm climates. A recent 329 

study shows that an ambient temperature of 32 °C can reduce a Nissan  Leaf  battery  pack’s  round-trip 330 

charge/discharge efficiency by greater than 20% relative to optimal conditions (15-20 °C), and an ambient 331 

temperature of 38 °C can reduce efficiency by more than 30% [14]. We quantified the waste heat to be 332 

removed based on the round trip efficiency of the batteries, and the cooling energy inputs based on the 333 

coefficient of performance (COP) of the cooling system. This is described by Equation 11: 334 

 335 
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𝐸 = 𝐸 ×      (11) 336 

 337 

where Ecooling is the electrical energy needed for battery cooling, Edelivered is the electricity delivered by the 338 

batteries, η is the round-trip charge/discharge efficiency of the batteries, and COP is the coefficient of 339 

performance of the cooling system (ratio of heat removed to electrical energy input). Our base-case 340 

analysis assumes a round-trip efficiency of 80% for the second-life batteries, and a COP of 4. In a 341 

sensitivity analysis, we consider a round-trip efficiency range of 70% to 90%, and a COP range of 2 to 6.  342 

 343 

 344 

2.5 Battery logistics 345 

 346 

We conduct geographic information system (GIS) modeling to estimate the energy use and GHG 347 

emissions associated with the supply chain of the PEV batteries during their second life stage. We use 348 

geospatial optimization methods to identify the effects of supply chain logistics, integrating energy and 349 

environmental metrics [30]. A location-allocation analysis is used to determine the optimal facility 350 

locations, where the objective function minimizes the total weighted distance (ton-km) that the batteries 351 

must travel from their initial collection points to their second life locations and finally to the recycling 352 

facility. For modeling the supply chain logistics, the weighted distance is the appropriate function to 353 

minimize, as the environmental impacts are linearly related to the total distance traveled. 354 

 355 

We model three alternative logistics scenarios for battery second-life use: decentralized solar, 356 

decentralized wind, and centralized wind/solar. The centralized scenario assumes that all batteries are 357 

used in a single large facility in Kern County, where the average solar and wind intensities are both 358 

greatest in California. The decentralized solar and wind scenarios assume that second-life batteries are 359 

distributed  to  different  counties  in  proportion  to  each  county’s  solar and wind (respectively) resources 360 

above a minimum threshold of viability. These three scenarios cover a range of potential battery 361 

distribution alternatives that may occur through 2050.  362 

 363 

To quantify the impacts of transportation between battery collection points, dismantling facilities, second 364 

life locations, and recycling facilities, we assume batteries are transported via diesel truck. We create a 365 

network dataset in an ArcGIS software environment to calculate the transportation distances, using data 366 

on California’s  highway  network  and  county  borders  sourced from the US Department of Commerce and 367 

the US Census Bureau [31]. Solar and wind intensity data are sourced from the US National Renewable 368 

Energy Laboratory [32]. Geographically-explicit car dealership locations are taken from Data Lists [33]. 369 
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 370 

We assume battery packs are collected at local car dealerships, as these locations are currently used for 371 

battery testing and take-back [34]. The mass of batteries collected at each dealership is calculated based 372 

on the projected number, mass, and capacity of batteries disposed per county in 2050 (see Section 2.2). 373 

The transportation between consumers’  homes and collection points is typically not accounted for in the 374 

literature, and is excluded from this model [35]. From the initial collection points, the batteries are 375 

transported to dismantling facilities for processing, where 10% of the battery mass is assumed to be 376 

diverted to traditional recycling [36]. The batteries are then transported to the location of their second-life 377 

applications, and at the end of their second life they are sent to a centralized battery recycling facility. For 378 

the facility location optimization, all California county centroids are considered as candidate locations 379 

[37]. GIS modeling provides the optimal facility locations for each logistics scenarios, and transportation 380 

energy use and GHG emissions are calculated. Figure S3 shows the corresponding optimal facility 381 

locations for each scenario. 382 

 383 

 384 

3. Results and Discussion 385 

 386 

Modeled results for PEV battery disposal in California through 2050, based on scenario projections of 387 

PEV adoption and first-life duration, are shown in Figure 4. Under base-case conditions, about 60,000 388 

metric tons of batteries per year are anticipated for 2050, ranging from 30,000 to 90,000 tons per year in 389 

the low and high scenarios. This battery supply represents about 15,000 MWh of original (at the time of 390 

purchase) energy storage capacity, ranging from 8,000 to 25,000 MWh.  391 

 392 

<< Figure 4 here >> 393 

 394 

The energy use and GHG emissions of transporting batteries to and from their locations of second-life use 395 

are found to be relatively minor, based on results from the GIS analysis of supply-chain logistics. This 396 

includes collection of the batteries from dealerships, distribution of batteries to the second-life site, and 397 

final transport from the second-life site to a recycling facility. The centralized renewable scenario requires 398 

the least energy use (880 MJ of diesel fuel) and emits the least GHG (65.5 kg CO2e), per ton of battery 399 

used in second-life applications. The decentralized wind scenario is medium intensity (1060 MJ ton-1, and 400 

78.8 kg CO2e ton-1). The decentralized solar scenario is most energy intensive (1240 MJ ton-1) and GHG 401 

intensive (92.6 kg CO2e ton-1), and we use this as our base-case logistics scenario. Details on energy and 402 

GHG intensities of the three second-life logistics scenarios are listed in Table S5. 403 
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 404 

The energy balance under base-case conditions is shown in Figure 5. In 2050, about 15 TWh of electricity 405 

are projected to be delivered by second-life PEV batteries. This will require about 18 TWh of renewable 406 

intermittent electricity for charging, taking into account the assumed round-trip efficiency of 80%. 407 

Cooling of the second-life batteries in use requires about 1 TWh of electricity. Energy use for transport of 408 

batteries to and from their locations of second-life use is comparatively minor. 409 

 410 

<< Figure 5 here >> 411 

 412 

The GHG balance under base-case conditions is shown in Figure 6. In 2050, charging the second-life 413 

batteries will emit about 0.5 Mt CO2e per year, due to life-cycle emissions from intermittent PV 414 

electricity generation. Discharging this electricity later during a diurnal cycle, to replace natural gas-fired 415 

electricity generation, will avoid about 7.5 Mt CO2e per year. Battery transport and cooling are projected 416 

to cause relatively minor GHG emissions. 417 

 418 

<< Figure 6 here >> 419 

 420 

Figure 7 shows the sensitivity to parameter variations of 3 performance metrics: cumulative electricity 421 

delivered, cumulative energy balance, and cumulative GHG reduction. The central axis of each figure 422 

shows the base case value of the metric, and each bar shows the effect of each individual parameter 423 

shifting to its low-performance value (left bars) and high-performance value (right bars). The metrics are 424 

all sensitive to the battery supply scenario, which directly affects the scale of second-life potential, and 425 

depends heavily on PEV adoption rates. These metrics are also sensitive to the battery degradation 426 

inflection point, when the batteries change from initial Phase 1 degradation to terminal Phase 2 427 

degradation. The cumulative GHG reduction is sensitive to the source of substituted electricity. If coal-428 

fired electricity is displaced by the renewable intermittent electricity supported by second-life batteries 429 

(instead of base-case natural gas-fired electricity), the cumulative GHG emission reduction is doubled. 430 

This suggests that the overall climate benefits of second-life use of California’s  retired PEV batteries may 431 

be greater if the second-life application is outside of California, where coal-fired electricity is more 432 

common. 433 

 434 

<< Figure 7 here >> 435 

 436 
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The ESOI performance of second-life systems is primarily affected by round-trip efficiency and cooling 437 

system COP. For base-case conditions, the ESOI’ metric of second-life battery use is 20. The broader 438 

ESOI’’ metric, including energy investment for battery transportation and cooling as well as round-trip 439 

losses, is 4 under base-case conditions. The sensitivity of these performance metrics to parameter 440 

variations is shown in Figure 8. The ESOIB&B (see Equation 3) of new lithium-ion batteries was estimated 441 

by Barnhart & Benson [15] at about 10, comparing the first-life electricity output to the primary energy 442 

investments for raw material supply and battery manufacture. The ESOI values calculated by Barnhart & 443 

Benson [15] are not to be directly compared with the ESOI metrics calculated here, as they measure 444 

fundamentally different phenomena. We present them here to encourage discussion on appropriate 445 

performance metrics for large-scale energy storage systems. 446 

 447 

<< Figure 8 here >> 448 

 449 

 450 

4. Conclusions 451 

 452 

This exploratory analysis suggests that second-life use of retired PEV batteries may play a modest, though 453 

not  insignificant,  role  in  California’s  future  energy system. The electricity delivered under base-case 454 

modeling conditions, 15 TWh per year in 2050 (Figure 5 and Table S6), is roughly 5% of the current total 455 

electricity use in California of about 300 TWh per year. The total anticipated electricity use in California 456 

in 2050 remains about 300 TWh per year, based on Scenario 2 of Greenblatt [38] which considers the 457 

effects of committed and uncommitted energy and climate policies through 2050. Electricity production 458 

from onshore wind, distributed PV, and centralized PV is anticipated to increase from current low values 459 

to about 100 TWh per year by 2050. The second-life battery use analyzed here is projected to support and 460 

enable part of this increased production, by storing electricity produced during peak generation periods 461 

and delivering it later during peak demand periods. 462 

 463 

Under base-case modeling conditions, second-life battery use in California has the potential to reduce 464 

GHG emissions by about 7 MtCO2e per year in 2050 (Figure 6 and Table S6). This is roughly 1.5% of 465 

current total California GHG emissions of 460 MtCO2e per year. It is about 4% of the anticipated total 466 

emission reduction from 2010 to 2050 of 150 MtCO2e per year (based on Scenario 2 of Greenblatt [38]). 467 

Emissions from producing electricity used in California are currently about 100 MtCO2e per year, and are 468 

anticipated to be about half that amount in 2050. The 7 MtCO2e per year avoided due to projected second-469 

life battery use would comprise about 14% of that reduction in the electricity sector. 470 
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 471 

The magnitude of energy and climate benefits of second-life battery use is directly proportional to the 472 

number of retired vehicle batteries available, which depends strongly on the future adoption rate of PEVs 473 

in California. The PEV adoption rate, bounded by the slow and fast rates shown in Figure 4, thus becomes 474 

a key uncertainty surrounding future benefits of second-life battery use in California. The capacity 475 

threshold for retirement of batteries from PEVs is also identified as an important variable. In our analysis 476 

the base-case threshold between first and second lives is 70% of original capacity, and moving this 477 

threshold to 60% or 80% is found to have a significant impact on second-life performance. PEV batteries 478 

are typically considered to be still useful in vehicles until they degrade to about 70% of their original 479 

capacity, though there has been little rational analysis to support this retirement threshold. Recent work 480 

suggests that PEV functionality remains high, even as the battery capacity drops below the commonly 481 

accepted threshold of 70% capacity. Saxena et al. [39] found that a large fraction of the mobility needs of 482 

US drivers continue to be satisfied with PEV batteries with less than 70% remaining capacity. This 483 

suggests that future rationalization of the retirement threshold may lengthen first lives for batteries, and 484 

correspondingly shorten their second-life potential. 485 

 486 

For any given amount of batteries produced, the degradation profile determines how much electricity can 487 

be stored and delivered by the batteries during their life spans. Acknowledging the complexity of physical 488 

and chemical factors determining battery degradation, here we simply characterize the degradation based 489 

on three parameters: Phase 1 initial degradation rate, Phase inflection point between Phases 1 and 2, and 490 

Phase 2 terminal degradation rate. We find that the inflection point location has the greatest influence on 491 

second-life battery performance. Our base-case assumes that Phase 1 degradation continues until the 492 

battery reaches 60% of its original storage capacity, when terminal Phase 2 degradation begins. Delaying 493 

this inflection to 40% of original capacity significantly increases second-life opportunities, while early 494 

inflection at 80% of original capacity substantially decreases them. The rate of Phase 1 degradation has 495 

moderate impact on second-life, while the rate of Phase 2 degradation has very little impact. These results 496 

suggest that designing and building batteries such that terminal degradation is delayed or avoided, will 497 

enable much greater opportunities for second-life benefits. 498 

 499 

The uncertainties of this analysis are substantial, due to the limited quantitative data available on 500 

performance of batteries during their full life-cycle. Much more is known about battery performance 501 

during their earlier stages of use and degradation, while comparatively little detail is available to inform 502 

robust modeling of later stages of battery use and degradation. We accommodate this uncertainty by 503 

conducting a comprehensive sensitivity analysis of model parameters, to determine which system-wide 504 
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factors are most critical for successful second-life battery use. We find that several parameters are 505 

particularly significant: PEV adoption rates, inflection point between initial and terminal degradation, 506 

threshold between first- and second-life applications, round-trip charge/discharge efficiency, and the 507 

source of electricity generation that is offset by enabled renewable generation. Future work should focus 508 

on understanding and optimizing these factors, to allow second-life PEV batteries to play a beneficial role 509 

in  California’s  energy  future. 510 

 511 
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Figure captions 633 

 634 

Figure 1. Schematic diagram of analytical framework integrating battery system modeling with broader 635 

energy system modeling. Electricity storage in second-life PEV batteries enables dispatchable output of 636 

intermittent renewable electricity, thus avoiding fossil electricity generation. Scenario modeling of PEV 637 

adoption and battery degradation defines the scale of the operation. 638 

 639 

Figure 2. Modeled range of battery degradation profiles, each composed of an initial Phase 1 degradation, 640 

followed by a Phase inflection point and terminal Phase 2 degradation. Each of these parameters is 641 

defined by a base case value, as well as by values describing faster or slower degradation. 642 

 643 

Figure 3. Relation between first life and second life of batteries, as determined by the degradation profile 644 

and by the end-of-life thresholds of first and second lives (base-case is shown here). 645 

 646 

Figure 4. Projected supply of disposed PEV batteries in California. Left figure shows tons of batteries 647 

disposed per year; right figure shows MWh of original storage capacity of batteries disposed each year.  648 

 649 

Figure 5. Energy balance of modeled second-life battery use in California. Second-life batteries have the 650 

potential to deliver about 15 TWh of electricity per year in 2050. 651 

 652 

Figure 6. GHG balance of modeled second-life battery use in California, assuming battery charging with 653 

distributed solar PV electricity, and battery discharging to displace natural gas-fired electricity generation. 654 

Potential net emissions reduction of about 7 MtCO2e per year is projected for 2050. 655 

 656 

Figure 7. Change in 3 metrics (cumulative, 2015-2050) due to variation of individual parameters between 657 

low and high values. From top to bottom: cumulative second-life electrical energy delivered; cumulative 658 

electrical energy balance; cumulative GHG emission reduction. For each metric, the six most significant 659 

parameters are shown. 660 

 661 

Figure 8. Change in ESOI metrics due to variation of individual parameters between low and high values. 662 

Top figure shows ESOI’ including operational energy investments for battery transport and cooling. 663 

Bottom figure shows ESOI’’ also including round-trip charge-discharge losses as operational energy 664 

investment. For each metric, the four most significant parameters are shown. 665 

 666 
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