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Abstract 7 

Car sharing will likely increase the annual vehicle driving distance, which may accelerate 8 

passenger car retirement. We develop a semi-empirical lifetime-driving intensity model 9 

using statistics on Swedish vehicle retirement. We integrate our semi-empirical model with 10 

a carbon footprint model, which assesses future decarbonization of global, European Union, 11 

and Swedish energy systems. In this work, we show that the carbon footprint depends on 12 

both calendar age and cumulative driving distance of the vehicle. Higher driving intensities 13 

generally result in lower carbon footprints due to increased cumulative driving distance over 14 

the vehicle’s lifetime. Shared autonomous vehicles could decrease the carbon footprint by 15 

about 41% in 2050, if one shared vehicle replaces ten individually owned vehicles. However, 16 

empty travel by shared autonomous vehicles – the additional distance traveled to pick up 17 

passengers – may cause carbon footprints to increase. Hence, vehicles should be designed 18 

for durability to enhance the carbon footprint benefits of sharing.  19 

  20 



Decarbonizing road transportation is an important step in achieving the Paris Agreement1, 21 

with battery electric vehicles (BEVs) being one of the main strategies considered2,3. 22 

Transitioning towards a fully electrified passenger car fleet effectively eliminates tailpipe 23 

CO2 emissions and has the potential to significantly reduce lifecycle CO2 emissions4. 24 

Nevertheless, social and environmental sustainability concerns have been raised related to 25 

battery manufacturing and the mining of raw materials5. 26 

Pathways with low resource exploitation and high energy efficiency are beneficial for 27 

decarbonization since they reduce the overall energy demand and material needs. Options 28 

for passenger cars include various on-demand mobility schemes (including ride sourcing and 29 

ride sharing) that could replace individual passenger car ownership6–8. Implementing such 30 

schemes on a large scale would probably depend on self-driving (autonomous) vehicles9,10. 31 

Autonomous vehicles could decrease costs and increase the convenience of such schemes 32 

thus rendering it preferable over individually owned cars (including other arrangements 33 

where the car is primarily used by one household)9. 34 

Car sharing is seen as an option for increasing resource efficiency and reducing the 35 

environmental load of the system by replacing on the order of ten individually owned cars11. 36 

At the same time, those cars will likely be used more intensively during their lifetimes as 37 

compared to individually owned cars12. Moreover, shared autonomous vehicles may travel 38 

around without passengers for a large extent of their cumulative lifetime distance (so called 39 

“empty travel” or “deadhead travel”), which could lead to faster vehicle fleet turnover and 40 

increased manufacturing-phase emissions13. Simulation studies of shared autonomous 41 

vehicles have found that empty travel could increase the total vehicle travel distance by 42 

10% to 100% in urban areas compared to the intended travel distance (i.e., the distance 43 

traveled by the car to transport a passenger or a group of passenger from one point to 44 

another)11,14. Empirical studies show a level of around 60% for taxi rides15 and 40% for ride-45 

sourcing services16,17 on top of the intended travel distance. 46 

The cumulative vehicle driving distance is an important assumption when estimating the 47 

carbon footprint of passenger car travel but varies significantly among studies18 and has 48 

been shown to have large impacts on the results19. This assumption is even more uncertain 49 

for future mobility schemes, including systems based on car sharing or ride sharing20,21. 50 

Nevertheless, carbon footprint studies tend to assume that shared autonomous BEVs would 51 

travel at least as far as current taxis over the course of their lifetimes12,13,22,23. Hence, 52 

considering a relationship between driving intensity and vehicle lifetime is critical when 53 

assessing the carbon footprint of shared autonomous BEVs.  54 

Studies using survival analysis24,25 have determined that both calendar age and cumulative 55 

driving distance are important for the decision to retire a vehicle. Studies using statistical 56 

analyses of historical data have also shown that changes in driving intensity over the 57 

lifetime of the vehicle can have impacts on CO2 emissions26 and that vehicle lifetime 58 

extensions can result in lower carbon footprints27. However, to our knowledge no study has 59 

yet attempted to establish a relationship between driving intensity and vehicle lifetime, and 60 

the implications of such a relationship on carbon footprints. Moreover, the carbon footprint 61 

related consequences of changes in driving intensity in response to shared autonomous 62 

BEVs and plausible levels of empty travel have not yet been analyzed in situations where 63 

energy systems are decarbonized over time. To meet the goals of the Paris Agreement, 64 



shifts towards low-carbon manufacturing processes and electricity mixes used for charging 65 

needs to happen over the course of the next 30 years2,4. Thus, the vehicle’s lifetime, its 66 

annual driving intensity and its interaction with decarbonizing energy systems will play 67 

important roles for the carbon footprint of passenger car travel over the coming decades. 68 

This study aims to bridge this research gap by estimating the impact of vehicle lifetime and 69 

annual driving intensity on the carbon footprints of passenger cars used for car sharing. 70 

In this work, we design a semi-empirical lifetime-intensity model for assessing the lifetime 71 

of passenger cars with increasing annual driving intensity in response to shared autonomous 72 

BEVs and potential levels of empty travel. The model is used together with prospective 73 

lifecycle assessment using vehicle fleet turnover simulations, in which the effects of climate 74 

change mitigation in global vehicle manufacturing and electricity generation are taken into 75 

account. These background systems are assumed to decarbonize in line with the Paris 76 

Agreement’s goals for the results presented in the main article, while results for an 77 

alternative pathway in line with current trends and policies are presented in the 78 

Supplementary Information. Our insights will be useful when researching the environmental 79 

and resource impacts of implementing shared mobility in general, although this study 80 

focuses on the consequences for carbon footprint estimations. While the study is based on 81 

Swedish vehicle retirement statistics, the results are likely to be representative for many 82 

other industrialized countries with similar vehicle fleet structure, and the designed model 83 

could easily be recalibrated based on datasets for other countries. 84 

Vehicle lifetimes decrease with increased driving intensity  85 

Statistics on vehicle retirement can provide insights into how vehicle lifetimes vary with 86 

driving intensity. Most Swedish vehicles retired in 2014-2018 had a lifetime between 7 and 87 

26 years and lifetime driving distances between 43 and 390 thousand kilometers (km) (95% 88 

interval —assuming Normal-distributed data). Calculating the average annual driving 89 

intensity for these vehicles results in a range between 0.5 and 28 thousand km per year 90 

(95% interval). All vehicles analyzed are internal combustion engine vehicles (ICEVs) since 91 

we are interested in capturing the behavior of mature vehicle technologies; very few BEVs 92 

have been retired so far.  93 

The statistics show an average lifetime of 16.3 years, average lifetime driving distance of 94 

216 thousand km, and an average annual driving intensity of 14.2 thousand km per year. 95 

Note that while a Normal distribution can approximate vehicle lifetimes well, lifetime 96 

distances may be better approximated by a Weibull distribution, see Supplementary Figures 97 

2-4, confirming previous research14. Since the sample is unevenly distributed over driving 98 

intensities with a bias towards the mean, stratification is used as a starting point for 99 

characterizing how the vehicle lifetimes vary with average annual driving intensity, see 100 

Figure 1 and details on the stratified samples in Supplementary Table 4. 101 

The stratification is made for individual average annual driving intensity classes, varying 102 

from 0 to 100,000 km per year in steps of 10,000 km per year. For each individual driving 103 

intensity class, a close to linear relationship exists between vehicle lifetime and cumulative 104 

driving distance. The linear slope becomes steeper with each higher driving intensity class, 105 

see Figure 1a. This suggests that the calendar age of a vehicle becomes generally shorter 106 

with increasing annual driving intensity. Further, the cumulative driving distances are 107 

distributed across a wide range for higher driving intensity classes, see Figure 1c, while the 108 



distribution is narrower for lower driving intensities. Hence, the probability of a retirement 109 

decision at a specific cumulative driving distance becomes smaller as the annual driving 110 

intensity increases. A fixed cumulative driving distance is assumed in many lifecycle 111 

assessments of vehicles13,18. However, this assumption is not corroborated by the data 112 

presented here. Finally, the distribution of vehicle lifetimes becomes narrower and shifts 113 

towards lower vehicle lifetimes as the average driving intensity increases, see Figure 1b. 114 

Hence, we focus the following analysis on empirically describing the relationship between 115 

driving intensity and vehicle lifetime in order to capture the impact of vehicle use on 116 

retirement age.  117 

 118 

Figure 1. Statistical analysis of vehicle retirements. a Vehicle lifetime and cumulative driving distance. b Vehicle lifetime 119 
and average driving intensity. c Cumulative driving distance and average driving intensity. Results are shown for stratified 120 
samples based on average annual driving intensity classes (points) of Swedish ICEVs retired between 2014-2018. 121 

The average vehicle lifetime decreases with each higher driving intensity class, from 19 122 

years for average driving intensities of 0-10,000 km per year to 3.9 years for average driving 123 

intensities of 90,001-100,000 km per year, see Figure 1b. The standard deviation of the 124 

distributions also indicates that the range of probable lifetimes becomes narrower with 125 

increasing annual driving intensity (although the standard deviation increases in relative 126 

terms). The standard deviation decreases from 5.0 years for driving intensities of 0-10,000 127 

km per year to 1.9 years for driving intensities of 90,001-100,000 km per year (assuming 128 

Normal-distributed data). Results for a categorization in four vehicle sizes (mini, medium, 129 

large and luxury size cars, see Supplementary Figure 5) suggest that cars with low annual 130 

driving intensity are mainly represented by small size cars, while large to luxury size cars 131 

mainly have higher annual driving intensities. Medium size cars cover the full spectrum of 132 

annual driving intensities. 133 



Currently, battery degradation is often raised as a constrain to the cumulative driving 134 

distance and lifetime of BEVs28–30, but the BEV is a relatively new technology on the market 135 

and, hence, statistics on battery lifetimes from real-world driving are scarce. The number of 136 

electric vehicles on the world’s roads were in the thousands in 2010 and grew rapidly to 137 

reach about 2 million by 2016 and over 10 million by 202031,32. Hence, if enough retirement 138 

statistics for electric vehicles were available to make thorough statistical analyses, most 139 

vehicles would be much less than 10 years old. However, the limited data currently available 140 

on cars with batteries in Swedish vehicle retirement statistics show similar distributions as 141 

the stratified data presented above, see Supplementary Notes 1-3 and Supplementary 142 

Figures 11-12. However, the data show shorter lifetimes on average (due to the limited 143 

historic data on electrified vehicles) and with a bias towards hybrid electric vehicles (HEVs) 144 

due to very few BEVs and plug-in hybrid electric vehicles (PHEVs) having been retired during 145 

the analyzed period. 146 

Many BEV manufacturers already have warranties for their batteries of about seven to eight 147 

years or about 150,000 to 240,000 km, whichever comes first33–37. Future battery 148 

chemistries may further reduce degradation. Some studies suggest that future batteries 149 

may have significantly longer lifetimes than today through completely different battery 150 

chemistries38, changes in charging and use behavior39, and/or changed battery design40 that 151 

could potentially yield a cumulative driving distance of more than three million kilometers – 152 

effectively outliving the vehicle. These improvements, if they materialize, would likely 153 

improve the cycling of the batteries. However, other factors could still limit the vehicle’s 154 

lifetime25, such as accidents, aging of other vehicle parts (e.g., structural elements of chassis 155 

and body), economic reasons and consumer trends. Further, the durability of the vehicle is 156 

significantly dependent on the vehicle design, material selection and business models41.  157 

In summary, the results suggest that the annual driving intensity indeed has a strong 158 

influence on vehicle lifetimes. The relationship between driving intensity and vehicle 159 

lifetime may differ between BEVs and ICEVs, but not enough data is yet available to make 160 

such a claim. As a consequence, the remainder of this article explores how changes in 161 

annual driving intensity may influence the carbon footprint of passenger car travel, 162 

assuming that the relationship shown for ICEVs is applicable as a proxy for individually 163 

owned and shared autonomous BEVs. We capture the uncertainty in future vehicle lifetimes 164 

of (shared and autonomous) BEVs by highlighting extreme values for the relationship 165 

between annual driving intensity and vehicles lifetime as well as the empirically estimated 166 

relationship based on ICEV retirement data. 167 

Impact of driving intensity on fleet-wide carbon footprints 168 

This section presents carbon footprint estimates for BEVs at different average annual driving 169 

intensities based on the developed semi-empirical lifetime-intensity model, see Methods 170 

section for full description and discussion of the design. The model estimates the expected 171 

lifetime of a vehicle given a certain assumed average annual driving intensity. As we 172 

discussed in the previous section and in Supplementary Notes 1-3, it is assumed that the 173 

lifetime-intensity model is representative for BEVs despite being calibrated on data for 174 

ICEVs. Note also that we assume that the current average distribution of vehicle 175 

characteristics (e.g., weight classes) is representative for future systems.  176 



We assume the elasticity design with Weibull distribution, see equations (2), (3) and (6) in 177 

Methods, and elasticities (e » -0.65 and b » 0.51) based on empirical data (i.e., Swedish 178 

vehicle retirement statistics described in the previous section) fitted to the model using 179 

maximum likelihood estimation, see Supplementary Tables 6-7. A lifetime-intensity elasticity 180 

of -0.65 implies that the scale of the lifetime (or mean of the lifetime if a Normal 181 

distribution is used) is reduced by about -0.65% if annual driving intensity is increased by 182 

1%. Consequently, the cumulative lifetime driving distance increases by about 0.35% on 183 

average, if annual driving intensity is increased by 1%. 184 

Carbon footprints are also estimated for two extreme cases, e = 0 and e = -1, representing 185 

no influence of driving intensity on lifetime and full influence of driving intensity, 186 

respectively. The two extreme cases show the sensitivity of the model design to the 187 

assumed elasticity. The range represents possible cases if the model was trained on 188 

different retirement data, such as future BEVs when sufficient data becomes available. e = 0 189 

is a relevant extreme case if future individually owned and/or shared autonomous BEVs are 190 

designed in a way where driving intensity has no importance in the decision to retire 191 

vehicles. This could be the case if the vehicle and battery degradation is only influenced by 192 

calendar age. e = -1 represent a case where vehicle aging, including aging of the battery, is 193 

only dependent on distance driven (i.e., battery aging only depends on the number of 194 

charging cycles). This approach is used in many lifecycle assessments13,18, where fixed 195 

cumulative vehicles distances are assumed. Note though that the elasticity affecting the 196 

distribution is based on the empirical data (b » 0.51) also for the extreme cases. 197 

The impact of driving intensity on the carbon footprint of BEVs is estimated using a vehicle 198 

fleet turnover simulation set to meet a certain travel demand. Hence, fewer cars are needed 199 

to meet the travel demand if the average annual driving intensity per vehicle increases, see 200 

details in Methods. The carbon footprint is presented as emissions per vehicle-kilometer, 201 

based on the average annual emissions for a given year, including emissions from electricity 202 

used for charging and vehicle manufacturing, divided by the travel demand of that year. 203 

Figure 2 shows the results for BEVs assuming global electricity technology mix and that 204 

global manufacturing and electricity generation follow climate change mitigation pathways 205 

in line with the goals of the Paris Agreement. Assumed pathways for carbon intensities of 206 

electricity generation used for charging are shown in Supplementary Figure 1. 207 



 208 

Figure 2. Impact of lifetime-intensity model on carbon footprint. Results show the impact on annual average carbon 209 
footprints for meeting a certain travel demand: total carbon footprint (a, d), manufacturing-phase emissions (b, e) and use-210 
phase emissions (c, f) for 2030 (a, b, c) and for 2050 (d, e, f,). The results assume that global manufacturing and electricity 211 
generation decarbonize in line with the Paris Agreement’s goals. 212 

Emissions per vehicle-kilometer related to vehicle manufacturing decrease with increasing 213 

driving intensity in all cases, see Figure 2b and 2e. The reason is that increased average 214 

annual driving intensity results in fewer cars needed to supply the travel demand. Emissions 215 

per vehicle-kilometer in the use-phase are constant for all cases since total use-phase 216 

emissions are proportionate to the travel demand, see Figure 2c and 2f. Intuitively, average 217 

use-phase emissions depend on the vehicle-specific energy use and the carbon intensity of 218 

the electricity mix used for charging in each specific year, which can be seen when 219 

comparing the level in Figure 2c and 2f. Hence, the total emissions per vehicle-kilometer 220 

varies with manufacturing emissions when increasing the driving intensity, see Figure 2a 221 

and 2d. 222 

As expected, manufacturing-phase emissions decrease rapidly and approach zero with 223 

increasing driving intensity when vehicle retirement is unaffected by driving intensity, i.e., e 224 

= 0, displayed as dotted lines in Figure 2. This is due to the retirement decision solely 225 

depending on the calendar age when e = 0, which is based on the empirical calendar age 226 

distribution. This can be compared to when vehicle retirement is mainly determined by 227 

driving intensity, i.e., e = -1, displayed as dashed lines in Figure 2. In this case, we would 228 

expect cumulative driving distance over the whole lifetime of each vehicle to be fixed. 229 

Hence, the reduction in the number of cars needed to supply the travel demand when 230 

annual driving intensity increases would be counteracted by the number of retired vehicles 231 

that reach their maximum cumulative driving distance. This results in a constant inflow of 232 

new vehicles needed to replace the retired ones as well as constant manufacturing-phase 233 

emissions per km. However, this reasoning is only true for the scale parameter since we still 234 



assume that the calendar age follows a Weibull distribution in line with the lifetime-235 

intensity model (based on b » 0.51). The Weibull distribution changes from a gaussian curve 236 

at low driving intensities to a long-tailed curve at high driving intensities, which partly 237 

explains the reduction in manufacturing-phase emissions in Figure 2b and 2e. Two other 238 

factors also contribute to the decreasing manufacturing-phase emissions as driving 239 

intensities increase: the assumed reduction in annual driving intensity for each individual 240 

car of 4.4% per year, and the time discretization of one year for the vehicle fleet turnover 241 

simulation. The significance of the former factor is tested in Supplementary Figure 9, 242 

showing slightly higher carbon footprint when driving intensity is assumed to be constant 243 

over the lifetime of each vehicle. 244 

A lifetime-intensity elasticity based on empirical evidence, i.e., e = -0.65, results in a 245 

development between the two extremes, displayed as solid lines in Figure 2. A sensitivity 246 

analysis shows that the shape of the curves for total carbon footprint are scaled but similar 247 

in relative terms when assuming average Swedish or European Union (EU) electricity, see 248 

Supplementary Figure 9. Further, the relationship between average annual driving intensity 249 

and the carbon footprint is similar also if energy systems and global manufacturing do not 250 

decarbonize in line with the Paris Agreement, see Supplementary Figure 9. 251 

To summarize, our results show that measures intended to increase annual driving intensity 252 

of individual cars to meet a given travel demand would result in carbon footprint 253 

reductions. Such measures include car sharing services, e.g., existing ride sourcing systems 254 

and future systems using shared autonomous BEVs. Such services could replace individual 255 

car ownership, but they may also increase driving distances because of empty travel. This 256 

risk is evident for current taxis and ride sourcing services15–17 as well as in simulations of 257 

future transport systems using shared autonomous vehicles11,14. In the next section, we 258 

explore how empty travel could impact the carbon footprint when simultaneously 259 

considering the possible influence that increased driving intensity might have on the lifetime 260 

of vehicles. 261 

Empty travel by autonomous vehicles may increase emissions  262 

The risk of empty travel when using on-demand mobility services, including those provided 263 

by autonomous vehicles, could reduce the resource and environmental efficiency of sharing. 264 

The lifetime-intensity model shows that the lifetime of the vehicle is likely to decrease with 265 

increased annual driving intensity. Vehicles may need to be replaced more often if a large 266 

part of that annual driving intensity is made up by empty travel, with increasing emissions in 267 

vehicle and battery manufacturing as a result13. Here, we explore how the carbon footprints 268 

of individually owned BEVs, individually owned autonomous BEVs and shared autonomous 269 

BEVs depend on the elasticity of the lifetime-intensity model and the share of empty travel. 270 

Further, we estimate the breakeven level of empty travel, i.e., the point where the carbon 271 

footprints of a fleet of shared autonomous BEVs and one of individually owned BEVs are 272 

equal.  273 

The impact of empty travel on the carbon footprint for a fleet of shared autonomous BEVs is 274 

analyzed using the vehicle fleet turnover simulation, see details in Methods. Simulations are 275 

made for assumptions on additional empty travel on top of the intended travel – ranging 276 

from 0% to 100%, and for assumptions on how many individually owned BEVs a shared 277 



autonomous BEV replaces – five or ten, and still meet the given level of travel demand. Note 278 

though that the combination of a shared autonomous BEV replacing ten individually owned 279 

BEVs and assuming 100% empty travel results in high annual driving intensity of ca 280,000 280 

km that may not be possible to achieve for one car. Hence, such extreme combinations are 281 

included only for illustrative purposes. We also analyze one case with individually owned 282 

autonomous BEVs that are not shared but still may travel empty. This can occur, for 283 

example, when autonomously parking and/or charging at remote spots. 284 

In the case where an individually owned autonomous BEV causes empty travel, the 285 

breakeven level occurs at 0% as expected, see Figure 3a and 3d. This means that any empty 286 

travel caused by using the autonomous BEV results in an increase in the average carbon 287 

footprint, as compared to using a regular BEV to meet the same travel demand. Note that 288 

the autonomous BEVs is assumed to have the same energy intensity per km as a regular 289 

BEVs. In the case where individually owned BEVs are replaced by shared autonomous BEVs, 290 

we can first note that a system with shared autonomous BEVs in 2030 reduces the carbon 291 

footprint per intended km travelled if no empty travel is assumed. The carbon footprint 292 

decreases from 96 g CO2 per km for individually owned BEVs to 74 and 69 g CO2 per km if 293 

one shared autonomous BEV replaces five or ten individually owned BEVs, respectively, 294 

assuming empirical elasticity for the lifetime-intensity model. The corresponding numbers 295 

for 2050 is 32 g CO2 per km for individually owned BEVs, and 22 and 19 g CO2 per km if one 296 

shared autonomous BEVs replaces five or ten individually owned BEVs, respectively. 297 

The breakeven level of empty travel for a fleet in 2030 occurs at 34% and 44% for shared 298 

autonomous BEVs that replace five or ten individually owned BEVs, respectively, see 299 

intersection between solid and dot-dashed lines in Figure 3b and 3c. As global 300 

manufacturing and electricity generation decarbonizes further, additional levels of empty 301 

travel are possible before breakeven with the carbon footprint of individually owned BEVs is 302 

reached. Hence, for a fleet in 2050, the breakeven level of empty travel increases to 64% 303 

and 87% for shared autonomous BEVs that replace five or ten individually owned BEVs, 304 

respectively, Figure 3e and 3f. 305 



 306 

Figure 3. Breakeven level of empty travel. Estimated based on the average carbon footprint of individually owned 307 
autonomous BEVs that replace one individually owned BEV (a, d) and shared autonomous BEVs replacing five (b, e) or ten 308 
(c, f) individually owned BEVs depending on the elasticity of the semi-empirical lifetime-intensity model (line types). a, b, c 309 
show results for 2030 and d, e, f, show results for 2050. The results assume that global manufacturing and electricity 310 
generation decarbonize in line with the Paris Agreement’s goals. 311 

As discussed in the previous section, only manufacturing-phase emissions are affected by 312 

the lifetime-intensity model. A larger negative elasticity implies a larger inflow and outflow 313 

of shared autonomous BEVs in each year, implying a larger average carbon footprint, see 314 

Supplementary Figure 8. The elasticity representing no influence of driving intensity on 315 

vehicle lifetime (ε = 0) results in higher breakeven levels as compared to the elasticity 316 

based on empirical evidence. In this case for 2030, the breakeven level is 59% and 66% for 317 

shared autonomous BEVs that replace five or ten BEVs, respectively, see dotted lines in 318 

Figure 3b and 3c, and over 100% in 2050, see dotted lines in Figure 3e and 3f. Conversely, 319 

the elasticity representing full influence of driving intensity on vehicle lifetime (ε = −1) 320 

results in lower breakeven levels. In this case for 2030, 14% and 18% for shared 321 

autonomous BEVs that replace five or ten individually owned BEVs, respectively, see dashed 322 

lines in Figure 3b and 3c, and 22% and 29% for 2050, respectively, see dashed lines in Figure 323 

3e and 3f. 324 

A sensitivity analysis shows lower breakeven levels if global manufacturing and electricity 325 

generation follows a pathway in line with current trends and policies rather than one that 326 

achieves the goals of the Paris Agreement, see Supplementary Figure 10. It also shows that 327 

the breakeven level is significantly higher, above 100% in several cases, if lower carbon 328 

intensities are assumed for electricity used for charging (i.e., Swedish or European average 329 

electricity). The sensitivity of the assumed driving intensity decrease rate of 4.4% is also 330 

tested, showing higher breakeven levels for the additional empty travel with higher driving 331 

intensity decrease rates (i.e., when a larger share of the travel for one vehicle is 332 

concentrated to early years in the vehicle’s lifetime). Nevertheless, the assumed elasticity in 333 



the lifetime-intensity model has a higher impact on the results than the assumed driving 334 

intensity decrease rate. 335 

The significance of the elasticity in these results points to the importance of designing 336 

future shared autonomous BEVs for durability. The reason for this can be summarized: the 337 

smaller the reduction in lifetime when increasing driving intensity, the larger the potential 338 

carbon footprint benefits of car sharing. 339 

Discussion 340 

The passenger transport systems are likely to go through several changes during the coming 341 

decades. The most prominent changes include increased use of electrified and autonomous 342 

vehicles as well as on-demand mobility schemes, including car sharing and ride sharing. 343 

These trends will affect the pathways towards decarbonization of passenger car travel, 344 

including changes in charging patterns13, cost structures9 and the value of travel time42–44, 345 

which may induce additional travel activity45 and cause modal shifts46,47. These trends may 346 

also cause changes in vehicle design, including materials used in manufacturing48 and 347 

changes to facilitate material recycling49, but many of these aspects are yet to materialize.  348 

Our analysis shows that the relationship between vehicle lifetime and driving intensity is an 349 

important factor when estimating the carbon footprint of shared mobility. Some analysts 350 

argue that passenger cars in today’s fleets are not being used enough to compensate for 351 

material use and emissions during the manufacturing phase49,50. Therefore, increasing the 352 

driving intensity, for example through shared autonomous BEVs, may be an option for 353 

reducing lifecycle emissions from passenger car travel. However, if increasing driving 354 

intensity also results in shortened vehicle lifetimes, as suggested by the statistics, the 355 

carbon footprint could increase for the trips made by those vehicles. 356 

The statistical analysis and the results from the designed semi-empirical lifetime-intensity 357 

model suggest that increased intensity of vehicle use tends to increase the cumulative 358 

lifetime distance. Hence, the results indicate that shared autonomous BEVs would reduce 359 

the carbon footprint if it results in higher driving intensity of each individual vehicle. For 360 

example, we find that a system with shared autonomous BEVs can decrease the carbon 361 

footprint per kilometer of intended travel by about 41% if one shared vehicle replaces 10 362 

individually owned vehicles. However, this assumes a level of zero empty travel. We show 363 

that the potential carbon footprint benefit can be reduced – and even erased – if the levels 364 

of empty travel becomes large. Further, besides avoiding excessive empty travel, the 365 

emissions reduction potential of shared mobility could be further improved if ride sharing is 366 

adopted, since each traveler sharing the ride in that case would bear part of the carbon 367 

footprint by effectively increasing the occupancy ratio. Note that induced travel by 368 

autonomous BEVs (both individually owned and shared) has not been assessed in this study. 369 

Nevertheless, this risk is important to consider since the use of autonomous vehicles may 370 

substantially increase the travel demand. Autonomous vehicles may effectively reduce the 371 

value of travel time and the generalized travel cost45 since the driver does not need to be 372 

attentive and can instead use their time in the vehicle for whatever they find convenient. 373 

This potential increase in the travel demand could further increase the total carbon 374 

footprint for the fleet as a whole. 375 



Finally, our conclusions rely on the assumption that the relationship between driving 376 

intensity and vehicle lifetime established in the semi-empirical model will hold also for 377 

future regular and autonomous BEVs. In this article, we present preliminary evidence 378 

suggesting that cars with batteries follow similar trends as ICEVs, but the design and use of 379 

future batteries and vehicles are still highly uncertain. Hence, the intention here is to 380 

highlight potential consequences based on currently available data and discuss them in 381 

relation to extreme cases. Those extreme cases highlight a range of plausible outcomes if 382 

the lifetime characteristics of future batteries and vehicles may deviate from those of 383 

current passenger cars. In any case, the analysis shows that the carbon footprint may be 384 

substantially reduced if the relationship between average annual driving intensity and 385 

vehicle lifetime is weakened, pointing to the importance of designing future BEVs (both 386 

autonomous and regular) for durability. 387 

Methods 388 

Swedish vehicle retirement statistics 389 

Statistics on Swedish passenger cars retired between 2014 and 2018 are used to understand 390 

how changes in annual average driving intensity could influence vehicle lifetimes. The 391 

statistics are collected from the Swedish registry for road transport vehicles, regulated by 392 

Swedish law51. The excerpt, provided by the Swedish government agency Transport 393 

Analysis52, includes information on manufacturing year, date of registration, car 394 

manufacturer, engine type, mass in running order, cumulative distance traveled at last 395 

inspection, date of last inspection, and date of deregistration. The excerpt only includes 396 

vehicles that were indeed retired at the date of deregistration. Hence, vehicles that were 397 

deregistered for administrative reasons or exported are excluded. 398 

The filtered dataset includes 442,395 observations. The filtering performed by the authors 399 

aims to reduce bias in the results and applies the following criteria: (i) age or distance 400 

traveled must not be missing, equal to zero, or equal to 999,999, (ii) time between last 401 

inspection and date of deregistration must not be longer than 14 months, (iii) time between 402 

first registration of the vehicle and the manufacturing year must not be longer than two 403 

year, (iv) average distance traveled must not be greater than 600 km per day, (v) average 404 

distance traveled must not be less than 1 km per day, (vi) mass in running order must not be 405 

greater than 3,000 kg, and (vii) engine type is gasoline or diesel without hybridization, 406 

ethanol or natural gas/biogas. Details and rationale for these criteria are provided in 407 

Supplementary Table 1-3. Criterion (ii) filters many observations but including them does 408 

not significantly impact the results. 409 

Stratified random sampling is used to create a new dataset for analyzing the influence of 410 

increasing driving intensity since only a small share of total current vehicle retirement 411 

represents cars with high average annual driving intensity, such as taxis or other commercial 412 

vehicles. The strata and random sample size are set to maximize the amount of information 413 

about vehicles with high driving intensity while also ensuring high enough sample size to 414 

enable further statistical analysis. This results in strata for average annual driving intensity 415 

classes of 10,000 km/year increments from 0 km/year to 100,000 km/year. The random 416 

sample size in each stratum is 200 observations, except for the highest intensity class where 417 

the whole sample of 145 observations is used, see Supplementary Table 4. 418 



Semi-empirical lifetime-intensity model 419 

The semi-empirical lifetime-intensity model enables estimations of vehicle lifetime 420 

probabilities for a given annual average driving intensity. The model should easily be 421 

updated with new parameters on average vehicle retirement lifetime, its standard 422 

deviation, and the average annual driving distance, as new statistics become available. The 423 

model should also easily be recalibrated based on new stratified random sampling datasets 424 

to enable use for other geographical regions. Two model designs are considered together 425 

with two assumptions on the probability distribution of the lifetime data as a result of these 426 

prerequisites. 427 

If the data follow a Normal distribution, we assume that the probability of a vehicle 428 

manufactured at year t0, with average annual driving intensity D, being retired at year t is  429 

ϕ'(𝑡, 𝑡+, 𝐷) = ∫ /
0(1)√34 𝑒

6789
:;<(=)
>(=) ?

8

𝑑𝑡A
AB .        (1) 430 

In the elasticity design, we introduce a factor dependent on the quota between the driving 431 

intensity of the vehicle and the average annual driving intensity of current vehicle 432 

retirements, D0, as part of the mean, 433 

µ(𝐷) = τ+ 9 EEB?
F
          (2) 434 

that adjusts the expected vehicle lifetime of current retirements, τ+, dependent on the 435 

elasticity, ε, that decides the level of influence of the driving intensity. An elasticity of -1 436 

implies that the vehicle lifetime is fully determined by the driving intensity (e.g., if driving 437 

intensity is doubled, lifetime is halved), 0 indicates no influence and the lifetime is only 438 

determined by calendar age, while an elasticity above 0 would imply that the vehicle 439 

lifetime increases with driving intensity. This design benefits from easy interpretation, but it 440 

only applies for driving intensities equal to or greater than the current average. 441 

The standard deviation,  442 

σ(D) = ατ+ 9 EEB?
FJ

          (3) 443 

is designed in a similar way to the design for the mean, where the constant α = 0B
KB

  is 444 

determined based on a fit of a Normal distribution to current vehicle retirement statistics. 445 

An additional elasticity, β, is introduced in the standard deviation to account for the 446 

distributions becoming increasingly narrow with higher driving intensity classes, see Figure 447 

1b. 448 

In the logistic design, we instead assume that the distribution is governed by a function 449 

inspired by the logistic curve to better capture the form of the stratified random sampling. 450 

The logistic curve function is slightly altered to reduce the number of parameters to fit to 451 

the data. Hence, µ(𝐷) and σ(𝐷) are defined as follows in this design. 452 

µ(𝐷) = 𝐿+ − N
/OP(7;Q/QB) and         (4) 453 



σ(𝐷) = α 9𝐿+ − N
/OP(7;Q/QB)?,         (5) 454 

where L and L0 are the parameters that would be calibrated based on the stratified random 455 

sampling. This design applies for all driving intensities greater than zero. 456 

If the data are assumed to follow a Weibull distribution, we assume that the probability of a 457 

vehicle manufactured in year t0, with average annual driving intensity D, being retired at 458 

year t, is  459 

ϕS(𝑡, 𝑡+, 𝐷) = ∫ T(E)
U(1) 9

A
U(1)?

(T(E)6/)
𝑒6VA/U(1)WX

(Q)𝑑𝑡A
AB ,     (6) 460 

where the scale, λ(D), and shape, k(D), are defined in the same way as the mean, µ(𝐷), 461 

and standard deviation, σ(𝐷), for the two model designs, see equations (1) - (3) above. 462 

Note that the average vehicle lifetime of current retirements, τ+, in this case represent the 463 

scale of current vehicle retirement statistics and that the constant, α = TB
KB

, is determined by 464 

fitting a Weibull distribution. The fact that the median is lower than the mean for higher 465 

driving intensity classes indicates that the distribution is more positively skewed for higher 466 

driving intensity classes. This suggests that a Weibull distribution with a longer tail towards 467 

higher vehicle lifetimes would be a better fit, confirming previous research24,53.  468 

The parameters for the different model designs are estimated using maximum likelihood 469 

estimation, see Supplementary Table 7. A comparison of modeled vehicle lifetimes with the 470 

stratified random samples for different driving intensity classes is presented in Figure 4 and 471 

Supplementary Figure 7. The contour lines in Figure 4, also known as isodensity lines54, 472 

show how the points of equal probability density for a given vehicle lifetime shift depending 473 

on the assumed driving intensity (y-axis) and on the model design (panel and line type). The 474 

highest probability density level is shown around the mean of the distribution, and the 475 

distance indicates the rate of change, implying that a larger distance between the lines 476 

indicates a more spread-out distribution, analogously to on a topographic map.  477 

 478 



Figure 4. Semi-empirical model results. a Results for the elasticity design. b Results for the logistic design. The contours 479 
show probability density levels and are provided for both Normal and Weibull distributions (line type). Stratified samples of 480 
Swedish vehicle retirement statistics for 2014-2018 are provided in the background for comparison.  481 

Figure 4a clearly shows that the elasticity design deviates from the statistics at the average 482 

current driving intensity of 14,200 km per year and approaches an infinite lifetime as driving 483 

intensities decrease. The proposed correction of this issue is to use the logistic design, as 484 

demonstrated in Figure 4b. However, a limitation of the logistic design is that the 485 

distribution of vehicle lifetimes is assumed to be kept constant for driving intensities higher 486 

than the stratum with highest driving intensity (i.e., higher than 100,000 km per year in this 487 

study), see Supplementary Figure 6. The elasticity design instead results in vehicle lifetimes 488 

that approach zero for very high driving intensities. Regarding the choice of distribution, the 489 

Weibull distribution benefits from better reflecting the skewness of the statistics. However, 490 

it overcompensates for higher driving intensities when applied with the logistic design, 491 

resulting in longer tails of vehicle lifetimes than the statistics indicate, see the greater 492 

distance between lines in Figure 4b. This difference between Normal- and Weibull-based 493 

model designs is close to negligible for the elasticity design. Benefits and drawbacks for the 494 

choice of distribution and for the model design are summarized in Table 1. 495 

Table 1. Benefits and drawbacks different semi-empirical model designs. 496 

Design Benefits Drawbacks 

Elasticity model • Simple formulation 

• Easy to interpret 

• Applies to driving intensities equal to 

or greater than current average 

Logistic model • Applies for all driving intensities • Less intuitive model design 

Normal distribution • Simple implementation • Does not capture the skewness of the 

data 

• Risk of truncation at zero for high 

driving intensities 

Weibull distribution • Captures the skewness of the data 

and accounts for longer tails 

• Distribution is by default always 

larger than zero 

• Shape parameter of Weibull more 

difficult to interpret 

• May overestimate longer tails 

 497 

Prospective lifecycle assessment with vehicle fleet turnover 498 

A vehicle fleet turnover simulation is designed to evaluate the impact of lifetime-intensity 499 

elasticities on the carbon footprint for individually owned BEVs, individually owned 500 

autonomous BEVs and shared autonomous BEVs. The simulations also test assumptions on 501 

how many individual owned BEVs that a shared autonomous BEV can replace, and different 502 

levels of implied empty travel of shared autonomous BEVs. Average carbon footprints 503 

(reported in g CO2 per vehicle-kilometer of intended travel) are estimated for the fleet using 504 

a prospective lifecycle assessment framework based on GREET® 2 - Version 201955 adapted 505 

for scenario analysis4. The framework enables estimations of future carbon footprints of 506 

passenger cars depending on climate change mitigation efforts in electricity generation and 507 

global manufacturing. Two pathways for this mitigation are analyzed: one in line with stated 508 

policies and one that achieves the goals of the Paris Agreement. The results presented in 509 

the main paper assumes a pathway that achieves the goals of the Paris Agreement, while 510 

the results for stated policies are presented in the Supplementary Information. The stated 511 

policies pathway is based on currently implemented and stated climate policies by 2019 and 512 

the pathway in line with the goals of the Paris Agreement is designed to limit global mean 513 



temperature increase to below 1.8 °C. The two pathways are based on the IEA56 scenarios 514 

named Stated Policies and Sustainable Development.  515 

The vehicle fleet turnover simulation is designed for the fleet to match a constant annual 516 

travel demand equal to 1,000 cars driving at average driving intensity (14,200 km per year). 517 

For each year, t, the number of new cars needed are estimated by solving equations (7) and 518 

(8): 519 

𝑇𝑟𝑎𝑣𝑒𝑙𝑆𝑢𝑝𝑝𝑙𝑦 = 𝑅𝑎𝑛𝑔𝑒𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐹𝑙𝑒𝑒𝑡(𝑡) + 𝐶𝑎𝑟𝑆𝑎𝑙𝑒𝑠(𝑡) ∙ 𝐴𝑛𝑛𝑢𝑎𝑙𝑅𝑎𝑛𝑔𝑒(�̃� = 0) (7) 520 

𝑇𝑟𝑎𝑣𝑒𝑙𝑆𝑢𝑝𝑝𝑙𝑦 = 𝑇𝑟𝑎𝑣𝑒𝑙𝐷𝑒𝑚𝑎𝑛𝑑        (8) 521 

The travel range that can be covered by the current fleet in each year, t, is given by  522 

𝑅𝑎𝑛𝑔𝑒𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝐹𝑙𝑒𝑒𝑡(𝑡) = ∑ V𝐹𝑙𝑒𝑒𝑡(𝑡 − 1, �̃�) − 𝑅𝑒𝑡𝑖𝑟𝑒𝑚𝑒𝑛𝑡𝑠(𝑡, �̃�)W ∙ 𝐴𝑛𝑛𝑢𝑎𝑙𝑅𝑎𝑛𝑔𝑒(�̃�)Aq ,523 

 (9) 524 

where the fleet of the previous year is an age distribution for age cohorts,	�̃�, from age 1 to 525 

40 years, in one-year steps. The initial age distribution for the first year is estimated by a 526 

Weibull distribution (shape 1.4 and scale 13). The distribution is informed by statistics on 527 

the age of the Swedish vehicle car fleet57 and serves to initiate the simulation, which is run 528 

for 50 iterations (years) to give it time to stabilize at a steady state level. The annual range 529 

covered by a car of a given age, �̃�, is given by 530 

𝐴𝑛𝑛𝑢𝑎𝑙𝑅𝑎𝑛𝑔𝑒(�̃�) = stPuvwPEuxtx'wy'AP'zxA{∙stPuvwPNx|PAx}P
∑ (/6~):������������:���
:��B

∙ (1 − 𝑏)Aq,  (10) 531 

where the annual driving range is assumed to decrease by b = 4.4% per year over its lifetime 532 

(estimated based on statistics on driving distances in Sweden57). The retirements for each 533 

age cohort in year, t, are given by the cumulative probability distribution for the semi-534 

empirical lifetime-intensity model, assuming the elasticity design and Weibull distribution, 535 

as described in equations (1), (2) and (3), assuming that the driving intensity, 𝐷, is equal to 536 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝐷𝑟𝑖𝑣𝑖𝑛𝑔𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∙ (1 + 𝐸𝑚𝑝𝑡𝑦𝑇𝑟𝑎𝑣𝑒𝑙). The probability of retirement earlier 537 

than a lifetime of one year is added to the probability of retirement at the one-year mark. 538 

This is to avoid truncating the probabilities for retirement for cars with a lifetime of less 539 

than one year, which is a risk for the extreme case of ε = −1.  540 

The model returns annual sales, stock, and retirements. Carbon footprints per km 541 

associated with that steady state are estimated based on the total manufacturing- and use-542 

phase emissions for each year divided by the total intended traveling distance: 543 

𝐶𝑎𝑟𝑏𝑜𝑛𝐹𝑜𝑜𝑡𝑝𝑟𝑖𝑛𝑡(𝑡) =544 
�}xzzx�'z�������:�����(�vu�v�Pz(A),A)O�}xzzx�'z���(�uvtP������{∙(/O�}�A{�uvtP�),A)

�uvtP�EP}v'�  (11) 545 

Manufacturing-phase CO2 emissions are estimated for car sales in each year based on 546 

manufacturing processes as implemented in GREET® for the Stated Policies Scenario, while 547 

new and innovative processes are phased in over time for the Sustainable Development 548 

Scenario based on a literature review4. Use-phase CO2 emissions are estimated annually 549 

based on total traveled distance (including potential empty travel), vehicle energy use, and 550 



appropriate carbon intensities, described below. The specific energy use of the cars are 551 

assumed be 201 Wh per km4. Autonomous BEVs are assumed to have the same specific 552 

energy use per km as regular BEVs. BEVs are assumed to charge with electricity produced 553 

using average global, European, or Swedish technology mixes (results for European and 554 

Swedish technology mixes are presented in the SM).  555 

The carbon intensity of electricity is based on estimates of average direct emissions for 556 

future electricity mixes of each respective geographic area, see description of sources for 557 

scenario data below. 2019 is used as a base year to avoid influence of the Covid-pandemic 558 

on the carbon intensities. The carbon intensities used for electricity represent averages for 559 

each respective geographic area following the attributional nature of the chosen 560 

prospective lifecycle assessment framework58,59. Upstream emissions occurring in 561 

production of fuels and power stations are accounted for by adding a weighted factor for 562 

future electricity mixes based on estimates by Pehl et al.60. We assume that Pehl et al.’s 563 

estimates of upstream emissions for each electricity generation technology can be applied 564 

regardless of geographic area and that their baseline and climate policy scenarios resemble 565 

the Stated Policies and Sustainable Development scenarios used in this study. Note that 566 

emissions for construction of water and nuclear power stations are assumed to be zero for 567 

Sweden and the European Union due to their long lifetime, the fact that they were mainly 568 

constructed several decades ago, and that few new stations are planned. Hence, we assume 569 

that the emissions from the construction of these stations are only attributed to electricity 570 

production prior to 2019. Continuing to account for these construction-related emissions in 571 

the carbon intensity of electricity after 2019 would not have any significant impact on the 572 

results. 573 

For the global electricity mix used in manufacturing and for charging, future direct emissions 574 

and adjustments to account for transmission and distribution losses (based on the 575 

difference between estimated supply and demand) are based on estimates by the IEA56 for 576 

the two decarbonization pathways, Stated Policies and Sustainable Development. For the 577 

European electricity mix used for charging, direct emissions and adjustments to account for 578 

transmission and distribution losses are based on European Commission scenarios61 579 

combined with the cap of the European Union emissions trading system reaching zero in 580 

205862 for both decarbonization pathways. For the Swedish electricity mix used for charging, 581 

direct emissions for 2019 are calculated based on the total emissions for electricity 582 

generation divided by the end-use of electricity63,64. Direct emissions are assumed to 583 

decrease linearly to zero by 2045 for both decarbonization pathways, in line with the 584 

adopted net-zero emission target and the Swedish government’s intention to reach zero for 585 

electricity generation65. Upstream emissions are based on estimates by Pehl et al.60 and 586 

projections for the future electricity generation mix by the IEA56, European Commission61, 587 

and Swedish Energy Agency66. 588 

Data availability 589 

Data for all figures and additional data used in the analyses are available from the 590 

corresponding author upon request. Note that the detailed data on vehicle retirement are 591 

treated as confidential since data that could be traced back to individuals or companies are 592 

protection under the Swedish Public Access to Information and Secrecy Act (SFS 2009:400). 593 



Hence, requests for access to these detailed data should be made directly to the Swedish 594 

governmental agency Transport Analysis. 595 

Code availability 596 

The computer code used to generate the results reported in this study are available from 597 

the corresponding author upon request. 598 
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