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1 Introduction

Transportation contributes roughly one third of greenhouse gas (GHG) emissions in Canada, with the
majority associated with passenger travel. Despite decades of efforts to reduce motor vehicle emissions
through efficiency gains, steady increases in the quantity of travel have led to a net increase in GHG
emissions from the transportation sector. New and more effective strategies are needed, which requires
accurate understanding of how various factors influence the climate impacts of passenger travel.

This study aims to generate the first estimates of consequential daily GHG emissions from personal travel
(Bigazzi, Forthcoming), and examine its associations with household and contextual factors. To determine
the importance of the carbon accounting framework, we also investigate differences in daily GHG
emissions (for persons and households) estimated by consequential versus attributional methods. In
addition to these research objectives, the results of this analysis were applied in a broader study on the joint
health and climate impacts of the built environment (Frank et al., 2024).

2 Methods

Key components of the modelling framework are illustrated in Figure 1. Three main local data sources for
the Vancouver, Canada metropolitan area are used in the emissions estimates: household travel survey
(HTS) data, road network data from the regional travel model (RTM), and transit system operations data.
Automobile and transit emission rates are generated from MOVES modelling (U.S. Environmental
Protection Agency, 2022) and transit system operations data, respectively. Operating automobile and transit
emissions are calculated by applying vehicle-and route-specific emission rates to observed trips in the HTS.
Fuel efficiency data from Natural Resources Canada (NRCAN) (2022) are used to adjust automobile
emission rates for variation by vehicle make and model within the MOVES vehicle type categories. Vehicle
operating emissions
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Weighted log-linear mixed effects regression modelling is used to investigate associations between
estimated emissions from travel (in mass per person per day) and household and environmental variables
including household composition and demographics, vehicle availability, and walkability. Random effects
for household are specified to account for the hierarchical nature of the travel data (travel by persons within
households).

3 Results

Overall in the sample, automobile trips accounted for 79% of person-kilometers travelled (PKT) and 97%
of attributional GHG emissions; transit bus trip segments contributed another 2% of emissions with 7% of
PKT, and all other modes combined contributed less than 1% of GHG emissions but 14% of PKT. Operating
phases accounted for 59% of total GHG emissions (56% running + 3% start) and non-operating phases
accounted for the other 41% (22% well-to-tank fuel cycle + 20% vehicle cycle). Figure 2 gives the average
GHG emissions intensity per PKT by primary mode of each trip. These values aggregate the emissions by
trip, so even if the primary mode has no operating emissions (e.g., SkyTrain rapid rail), access by
automobile would generate operating emissions for the trip.
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Figure 2. Average emissions intensity per PKT by primary mode of trip

Table 1 reports summary statistics for PKT and emissions aggregated up to the person and household using
sampling weights. Emissions vary widely across people and households, with interquartile ranges larger
than mean values. The 75" percentile households are generating 7 times the daily emissions of 25
percentile households; 75" percentile persons are generating more than 40 times the daily emissions of 25
percentile persons. Some of this is due to higher PKT, which varies by a factor of 5 and 9 over the
interquartile range of households and persons, respectively, but emissions intensity (g CO2e per PKT) also
varies by a factor of 2 to 4 over the interquartile range. Consequential emissions are lower than attributional
emissions and also vary more widely across people and households, with interquartile ranges (difference
between 75" and 25" percentiles) proportionally larger than median values compared to attributional
emissions.



Table 1. Person- and household-level (weighted) PKT and GHG

Person-level Household-level
Measure 10Qrt!  Median Mean  39Qrt | 18Qrt Median Mean 34 Qrt
Daily PKT 5.42 21.22 36.91 49.16 25.42 61.81 91.39 121.22
Daily attributional GHG? 0.30 3.90 10.21 13.27 5.04 16.18 25.28 34.41
Daily consequential GHG? 0.26 3.53 9.29 12.04 455 14.64 23.01 31.37
Attributional GHG intensity? 93 236 252 383 165 285 277 385
Consequential GHG intensity® 82 209 229 349 146 254 252 351
! Quartile
2Inkg COe

3 In g COze per PKT; excludes persons or households with no travel

3.1 Relationships with household and factors

Living in more walkable areas was associated with reduced emissions: people living in the 20% least
walkable quintile of neighbourhoods averaged 16 kg/day in GHG emissions (COze) from travel, while those
in the 20% most walkable quintile of neighbourhoods averaged 3 kg/day, with the intervening quintiles
laddering down in 3-5 kg/day intervals. At the household level, daily GHG emissions fell from 30 to 5
kg/day for the least versus most walkable neighbourhood quintiles. Lower GHG correspond with reduced
auto usage and increasing transit and active travel, as expected.

The estimated GHG regression model has marginal and conditional R? values of 0.35 and 0.54, respectively.
Regression model results reveal a graded relationship across walkability bins for GHG emissions, with each
increase in walkability quintile associated with significant reductions in GHG emissions of 10% to 30%.
These effects persist after controlling for a range of personal and household characteristics such as age,
gender, income, employment status, and vehicle ownership. The results for consequential CO2e emissions
are similar to those for attributional CO.e emissions, although sensitivity varies for some factors. The
effects of income, employment status, and vehicle availability are larger for consequential than attributional
emissions, while the effects of walkability and gender are smaller.

4 Discussion and Conclusions

Two particularly novel aspects of our methodology are 1) applying a vehicle-make adjustment to the
MOVES-modelled emissions rates, to account for both congestion effects on emissions and sub-vehicle-
class variation in fuel efficiency, and 2) accounting for dynamic transit vehicle occupancy by line, direction,
day, and hour. Our approach, in contrast to the more common method of using fixed per-PKT emission
rates by mode, reveals highly dynamic intra-modal emissions intensity. This sensitivity to trip and traveller
attributes beyond trip distance and mode is important for the subsequent analysis of the factors that
influence emissions from household travel.

Travel-related emissions in metropolitan Vancouver are primarily generated by private automobile use,
which is greatly curtailed in more walkable parts of the region. Higher levels of walkability are associated
with increased walking and transit use, and fewer motor vehicle trips, which leads to lower travel-related
emissions. The statistical analysis results are consistent with previous findings in other locations which tend
to report that both individual and neighbourhood factors are associated with the emissions generated for
daily travel purposes (Darwish et al., 2023; Frank et al., 2000; Rickwood et al., 2008; Steemers, 2003;
Wang et al., 2023; Wu et al., 2019). Other results are also supported by past research, which reported similar
relationships between individual attributes and emissions, including that higher income households tend to
produce more travel-related emissions (Barla et al., 2011; Brand and Preston, 2010; Kahn, 1998; Ko et al.,
2011; Sider et al., 2013).

To our knowledge this is the first study to apply a consequential accounting framework to estimate the
climate impacts of household travel. By reporting both attributional and consequential values, the results



provide insights into the bias that can result from application of an inappropriate framework. The estimated
emissions calculated using attributional versus consequential accounting frameworks are similar but have
different relationships with personal, household, and environmental factors. The effect of accounting
framework is largest for transit trips, and greater for households with less automobile use, which tend to
have lower incomes. Hence, the selection of carbon accounting framework has equity implications for the
analysis results. We hope that this study provides momentum toward greater attention to carbon accounting
frameworks in transportation analyses, and spurs further research on the marginal impacts of passenger
trips on total system emissions.

5 References

Barla, P., Miranda-Moreno, L.F., Lee-Gosselin, M., 2011. Urban travel CO2 emissions and land use: A
case study for Quebec City. Transportation Research Part D: Transport and Environment 16, 423—
428. https://doi.org/10.1016/j.trd.2011.03.005

Bigazzi, A., 2019. Comparison of marginal and average emission factors for passenger transportation
modes. Applied Energy 242, 1460-1466. https://doi.org/10.1016/j.apenergy.2019.03.172

Bigazzi, A., Forthcoming. A Consequential Framework to Quantify the Climate Impacts of Passenger
Travel. Environment and Planning B: Urban Analytics and City Science.

Brand, C., Preston, J.M., 2010. ‘60-20 emission’—The unequal distribution of greenhouse gas emissions
from personal, non-business travel in the UK. Transport Policy 17, 9-19.
https://doi.org/10.1016/j.tranpol.2009.09.001

Darwish, A.M., Zagow, M., Elkafoury, A., 2023. Impact of land use, travel behavior, and socio-economic
characteristics on carbon emissions in cool-climate cities, USA. Environ Sci Pollut Res 30, 91108—
91124. https://doi.org/10.1007/s11356-023-28487-9

Frank, L.D., Bigazzi, A., Dummer, T., White, K., Crist, K., Aravindakshan, A., Berjisian, E., Wolff, C.,
Niknej, N., Fox, E., 2024. Where Matters I1: Walkability and Greenspace Relationships with Health
and Climate Change (Final Report). University of British Columbia, VVancouver, BC, Canada.

Frank, L.D., Stone, B., Bachman, W., 2000. Linking land use with household vehicle emissions in the
central Puget Sound: methodological framework and findings. Transportation Research Part D:
Transport and Environment 5, 173-196. https://doi.org/10.1016/S1361-9209(99)00032-2

Kahn, M.E., 1998. A household level environmental Kuznets curve. Economics Letters 59, 269-273.
https://doi.org/10.1016/S0165-1765(98)00035-4

Ko, J., Park, D., Lim, H., Hwang, 1.C., 2011. Who produces the most CO2 emissions for trips in the Seoul
metropolis area? Transportation Research Part D: Transport and Environment 16, 358-364.
https://doi.org/10.1016/j.trd.2011.02.001

Natural Resources Canada, 2022. Fuel consumption ratings [WWW Document]. URL
https://open.canada.ca/data/en/dataset/98f1a129-f628-4ce4-b24d-6f16bf24dd64 (accessed
3.21.23).

Rickwood, P., Glazebrook, G., Searle, G., 2008. Urban Structure and Energy—A Review. Urban Policy
and Research 26, 57-81. https://doi.org/10.1080/08111140701629886

Sider, T., Alam, A., Zukari, M., Dugum, H., Goldstein, N., Eluru, N., Hatzopoulou, M., 2013. Land-use
and socio-economics as determinants of traffic emissions and individual exposure to air pollution.
Journal of Transport Geography 33, 230-239. https://doi.org/10.1016/j.jtrange0.2013.08.006

Steemers, K., 2003. Energy and the city: density, buildings and transport. Energy and Buildings.

U.S. Environmental Protection Agency, 2022. MOVES Onroad Technical Reports [WWW Document].
URL https://www.epa.gov/moves/moves-onroad-technical-reports (accessed 3.22.23).

Wang, A., Weichenthal, S., Lloyd, M., Hong, K., Saxe, S., Hatzopoulou, M., 2023. Personal Mobility
Choices and Disparities in Carbon Emissions. Environ. Sci. Technol. 57, 8548-8558.
https://doi.org/10.1021/acs.est.2c06993

Wu, X., Tao, T., Cao, J., Fan, Y., Ramaswami, A., 2019. Examining threshold effects of built environment
elements on travel-related carbon-dioxide emissions. Transportation Research Part D: Transport
and Environment 75, 1-12. https://doi.org/10.1016/j.trd.2019.08.018



