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Macroscale emissions modeling approaches have been
widely applied in impact assessments of mobile source emissions.
However, these approaches poorly characterize the spatial
distribution of emissions and have been shown to underestimate
emissions of some pollutants. To quantify the implications of
these limitations on exposure assessments, CO, NOX, and HC
emissionsfromdiesel transitbuseswereestimatedat50mintervals
along a bus rapid transit route using a microscale emissions
modeling approach. The impacted population around the route
was estimated using census, pedestrian count and transit
ridership data. Emissions exhibited significant spatial variability.
In intervals near major intersections and bus stops, emissions
were 1.6-3.0 times higher than average. The coincidence
of these emission hot spots and peaks in pedestrian populations
resulted in a 20-40% increase in exposure compared to
estimates that assumed homogeneous spatial distributions of
emissions and/or populations along the route. An additional
19-30% increase in exposure resulted from the underestimate
of CO and NOX emissions by macroscale modeling approaches.
The results of this study indicate that macroscale modeling
approaches underestimate exposure due to poor characterization
of the influence of vehicle activity on the spatial distribution
of emissions and total emissions.

Introduction
Numerous studies have shown a correlation between air
pollution and adverse health effects (1, 2). However, there
remains significant uncertainty (2) and debate (3) surround-
ing the attribution of effects and the causal linkages of the
emissions-to-effect impact pathway (4). Consequentially, the
impact pathway has not been incorporated into the prevailing
air pollution management paradigm in North America (5).
Better understanding of the impact pathway will give decision
and policy makers the ability to promulgate policies that
more efficiently and equitably mitigate adverse health effects
(5, 6).

The current management paradigm has focused on the
relationship between ambient air pollution levels and health

effects at the regional scale. However, impacts are realized
by individuals and inequitably distributed across populations
(2). As a result there is a need to move to subregional scales
that better account for personal exposure (5, 6) and het-
erogeneity in the spatial and temporal processes of the impact
pathway (2, 7, 8).

Mobile source emissions are major contributors of air
pollution (2, 9). Elevated pollutant concentrations have been
found in transportation and public transportation microen-
vironments (10) and linked with adverse health effects (2, 11).
These findings underscore the health significance of mobile
source emissions and the need for increased spatial resolution
to account for heterogeneity in the distribution of pollutants
and impacted populations.

Macroscale emissions models such as the U.S. Environ-
mental Protection Agency’s (EPA) MOBILE model are based
on emission factors that are estimates of pollutant mass
emitted per unit distance traveled (9, 12). These modeling
approaches have been widely applied in assessments of health
and equity impacts of diesel transit bus emissions (6, 13, 14).
However, these approaches do not capture the change in
total emissions or the spatial variability in emissions due to
theinfluencesofdriver-infrastructureinteractions(9,12,15,16)
and vehicle mode (acceleration, deceleration, cruise, idle)
(9, 12, 17).

Models such as the U.S. EPA’s MOVES model are being
developed to address these limitations and capture the
influences of vehicle activity (9, 12, 18). These models employ
microscale modeling approaches, which are based on
emission rates that are estimates of pollutant mass emitted
per unit time. Engine power-demand and surrogates such
as vehicle specific power (VSP) have been identified as key
explanatory variables of the emission rates of pollutants
sensitive to mode and have been used in numerous models
including MOVES (19-21).

The aim of this study was to integrate research by Zhai
et al. (19) and Greco et al. (8) to investigate the implications
of employing a microscale emissions modeling approach to
estimate exposure to diesel transit bus emissions at a fine
spatial scale (22) along one of the busiest transit corridors
in Vancouver, Canada. The objectives were to quantify: (a)
the spatial distribution of emissions of carbon monoxide
(CO), nitrogen oxides (NOX), and hydrocarbons (HC); (b) the
relative importance of the explanatory variables of these
emissions; (c) the spatial distribution of the impacted
populations; and (d) the implications of the spatial relation-
ship between emissions and impacted populations on
exposure. Although studies have quantified the spatial
distribution of emissions using microscale approaches (23),
the authors are not aware of any previous studies that have
quantified the exposure implications.

Materials and Methods
Diesel transit bus emissions were estimated in 50 m intervals
along a bus rapid transit (BRT) route using a VSP-based
emission rate model and vehicle activity data collected using
a global positioning system (GPS) receiver. The populations
impacted by the emissions were estimated from census,
pedestrian, and transit ridership data in seven zones around
the route. A metric was developed to quantify the change in
exposure due to the spatial relationship between the emis-
sions and impacted populations. Additional details of the
methods can be found in the Supporting Information (SI).

Route and Vehicle. This study was carried out on the 99
B-Line BRT route in Vancouver, Canada (SI Figure S1). The
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route is operated by a subsidiary of Translink, Metro
Vancouver’s regional transportation authority. The route was
predominately serviced by 2000-1998 model year 60 ft New
Flyer buses powered by Detroit Diesel Series 50 engines.

Data Collection. Vehicle activity data (time, location, and
velocity) was collected using a hand-held GPS receiver that
was carried on the bus. The GPS receiver was configured for
a 1.0 s sampling period. A total of 61 traversals, 30 west-
bound and 31 east-bound, were collected over a one week
period.

Vehicle Activity Data Point. The GPS data points were
transformed into vehicle activity data points for the analysis.
The vehicle activity data point (Φk) was defined as

where k is the time index of the vehicle activity data point;
N is the total number of data points in one traversal of the
route; tk is the time since the previous data point (s); dk is
the linear distance along the route measured from the start
point (m); gk is the grade (dimensionless); vk is the velocity
of the vehicle (m · s-1); ak is the acceleration of the vehicle
(m · s-2); VSPk is the vehicle specific power (W ·kg-1); c is the
pollutant type (CO, NOX, or HC); ERc,k is the emission rate
(g · s-1) of pollutant c.

Sampling Interval (tk). The sampling interval was esti-
mated by subtracting the time-stamp of the current GPS
point (k) by the time-stamp of the previous GPS point
(k - 1).

Linear Distance (dk). The west-bound and east-bound
routes were encoded using the ESRI ArcGIS linear referencing
function. The bus stop at the western terminus of the routes
was defined as the start point (0.0 m). Using a shortest path
map-matching function, each GPS data point was mapped
to a specific location on the bus routes and the linear distance
from the start point, dk, was calculated.

Road Grade (gk). The road grade at each GPS data point
was estimated using a digital elevation model (24).

Vehicle Dynamics (vk, ak). The velocity of each data point
was estimated using unprocessed GPS data. The acceleration
was estimated by differentiating velocity using the central
difference numerical method.

Vehicle Specific Power (VSPk). Vehicle specific power is
defined as the instantaneous power per unit mass generated
by the engine (19). It was estimated as

where g is the acceleration due to gravity (m · s-2); Ψ is the
rolling resistance term; and � is the aerodynamic drag term.
Typical values of the terms were estimated from the literature:
Ψ ) 0.092; � ) 0.00011.

Emission Rate Model (ERc,k). Emission rates of CO, NOX,
and HC were estimated using the VSP-based emission rate
model developed by Zhai et al. (19). The model defines
emission rate distributions for 8 VSP modes or bins. The
model was developed from a data set collected using a
portable emission measurement system. The fleet analyzed
consisted of 1996-1995 40 ft New Flyer diesel transit buses
powered by Detroit Diesel Series 50 engines equipped with
oxidation catalysts.

Total Emissions (TE). Total emissions were estimated as

where TEc are the total emissions per traversal of pollutant
c (g); k is the index of the vehicle activity data point; N is the
total number of data points in the traversal; tk is the sampling
interval (s); and ERc,k is the emission rate of pollutant c (g · s-1).

Total Interval Emissions (TIE) and Instantaneous Emis-
sion Factor. To model the spatial distribution of emissions,
the bus routes were partitioned into 50 m intervals and the
total interval emissions were estimated as

where TIEc,i are the total emissions per traversal of pollutant
c in interval i (g); Ki is the set of vehicle activity data points
that result in emissions in interval i; tF is the set of the fractions
of times tk)K spent in interval i (s); and ERc,K are the set of
emission rates of pollutant c (g · s-1). The times spent in the
interval (tF) were estimated using standard laws of motion.

Total interval emissions were also expressed as

where EF is the instantaneous emission factor of pollutant
c in interval i (g ·km-1); U is a conversion factor equal to 1000
m ·km-1; and L is the interval length equal to 50 m. Emission
factors were also obtained from MOBILE6.2.

Impacted Population (P). Seven zones around the route
were defined (SI Figure S1). Zone 1 represented near-road
pedestrian populations. Zones 2-7 were defined following
the regions developed by Greco et al. (8) and represented
residential populations within 0-50, 50-100, 100-200,
200-500, 500-1000, and 1000-5000 m of the route.

Zone 1. The pedestrian population within each interval
was modeled using pedestrian count data collected by the
City of Vancouver and transit ridership data obtained from
Translink. The pedestrian counts were conducted during peak
morning and afternoon periods between 2000 and 2008 and
were only available at major intersections between Blanca
St. and Commercial Dr. (Figure 1).

Zones 2-7. Data from the 2006 Canadian census (25)
aggregated at the dissemination block level was used to
estimate the impacted population in zone 2-7 (SI Figure
S1). The total impacted population within each interval and
zone was estimated as

where Pi,z is the impacted population associated with interval
i and zone z ) 2...7; q is the dissemination block index; Q is
the total number of dissemination blocks; Dq is the population
density of dissemination block q (people ·m-2); Aq,z is the
fraction of the area of the ring defining zone z that intersects
dissemination block q and is centered in interval i (m2).

Spatial Coincidence Factor (SCF). The spatial coincidence
factor (SCF) is a measure of the factor increase or decrease
in exposure due to the spatial correlation or coincidence of
emissions and the impacted populations. The change is
measured relative to the estimate of exposure that assumes
emissions and/or impacted populations are homogeneously
spatially distributed (i.e., modeled at the macroscale) and
accounts for spatial heterogeneity characterized by micros-
cale modeling. It was estimated as

where SCFc,z is the spatial coincidence factor per traversal
for zone z and pollutant c; i is the interval number; M is the
total number of intervals in the traversal; TIEc,i is the total
interval emissions; and Pi,z is the impacted population.

Uncertainty and Importance Analysis. Uncertainty analy-
sis was used to characterize the influence of uncertainty and

Φk)1...N(tk, dk, gk, vk, ak, VSPk, ERc,k)

VSPk ) vk × (ak + g × sin(gk) + ψ) + � × vk
3 (1)

TEc ) ∑
k)2

k)N

tk × mean(ERc,k, ERc,k-1) (2)

TIEc,i ) ∑
Ki

tFi
× mean(ERc,Ki

, ERc,Ki-1
) (3)

EFc,i ) TIEc,i × U
L

(4)

Pi,z ) ∑
q)1

q)Q

Dq × Aq,z (5)

SCFc,z ) ∑
i)1

i)M TIEc,i × Pi,z

mean(TIEc,i)1...M) × mean(Pz,i)1...M)
(6)

7164 9 ENVIRONMENTAL SCIENCE & TECHNOLOGY / VOL. 44, NO. 18, 2010



variability on the spatial distribution of emissions. SI Table
S6 describes the input variable distributions and sampling
methods. Each traversal was simulated 100 times. Results
were based on simulated and measured traversals. Uncer-
tainties in population estimates were not quantified.

Importance analysis was used to rank the influence of
input variable uncertainty and variability on the spatial
distribution of emissions. Ranks were based on partial rank
correlation coefficients (PRCC). Both primary (velocity,
acceleration, and grade) and secondary inputs (time and
emission rate) were analyzed (SI Figure S18). Secondary
inputs were functions of the primary inputs.

Results
The spatial distribution of emissions from diesel transit buses
and the populations impacted by those emissions were
estimated along the 99 B-Line BRT route (Figures 1 and SI
S29).

Spatial Distributions of Emissions and Impacted Popu-
lations. Emissions along the route exhibited significant
variability (Figures 1 and SI S29). However, there was a
consistent pattern to the spatial distribution of emissions
and vehicle activity over the study period (SI Figures S27 and
S28). As a result of these patterns there was an increased
probability of hot spots around major intersections and bus
stops. Emissions and emission factors near bus stops and
intersections were 1.6-3.0 times greater than the route mean
(Table 1). Idle emissions made up 19-43% of the near bus
stop emissions, whereas overall idle emissions made up

8-22% of total emissions (Table 1). MOBILE6.2 underesti-
mated emissions of CO and NOX but not HC (Table 1). The
elevated emissions near Cambie St. were a result of traffic
congestion and delays associated with road construction that
occurred during the study period. Total emissions for west-
bound traversals were higher as a result of the increased
engine power-demand while traveling up the hill between
Alma St. and Blanca St. (Table 1, Figure 1).

The spatial distributions of the impacted populations in
the seven zones around the route are shown in Figure 1, and
SI Figures S29, S20, and S21. The pedestrian population in
zone 1 exhibited peaks around major intersections and bus
stops. The largest peaks, at Granville St. and Commercial
Dr., coincided with major transit interchanges.

Spatial Coincidence and Exposure. The coincidence of
peaks in pedestrian (zone 1) populations and emission hot
spots increased exposure by 20-40% (Figure 2). For popula-
tions in zones 2-7 exposure increased by 0-11%. Generally
the increase in exposure was greatest for HC emissions. The
underestimate of CO and NOX emissions by MOBILE6.2
translated into an additional 19-30% increase in exposure
across all zones (Table 1).

Importance. The relative importance of each of the
primary input variables used to model the spatial distribution
of emissions is shown in Figure 3. The high importance of
acceleration indicated the distribution was sensitive to mode
(Figure 3a and b), whereas the high importance of velocity
indicated sensitivity to the time required to traverse an
interval (Figure 3a-c). Negative PRCC values for velocity

FIGURE 1. Histograms of the spatial distributions of estimated emissions of CO, NOX, and HC for west-bound traversals of the 99
B-Line bus route. The probability of the estimated instantaneous emission factor along the route is indicated by the color bar. The
direction of travel is indicated by the red arrows. Bus stops are indicated by vertical red lines. Major intersections are indicated by
vertical black lines. Minor intersections are indicated by vertical dashed lines. The elevation is indicated by the gray profile.
Populations in zone 1 (pedestrian) and zone 5 (200-500 m) are shown as indicated.
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indicated that total interval emissions decreased with
increasing velocity. Overall, velocity, acceleration, and grade
were important explanatory variables of CO and NOX

distributions, whereas velocity was the dominant explanatory
variable of HC distributions. Analysis of the secondary input
variables showed that regardless of the predictive power of
the emissions rate model (i.e., importance was based on
combined variability and uncertainty), the time required to
traverse an interval and the emission rate were equally
important in determining the spatial distribution of emis-

sions. This was also reflected in the fact that acceleration
and velocity had similar levels of importance for emissions
of CO and NOX, which were well-predicted by the emissions
rate model (Figure 3a,b).

Discussion
The emissions-to-effect impact pathway describes the causal
processes by which emissions disperse and transform to form
concentrations that individuals come into contact with,

TABLE 1. Total, Idle, Near Bus Stop and Near Intersection Emissions as well as Emissions Factors of CO, NOX, and HC for
East-Bound and West-Bound Traversals of the 99 B-Line Bus Route Estimated Using Macroscale and Microscale Modeling
Approaches

CO NOX HC

west east west east west east

macroscale
MOBILE6.2 total emissions (g) 49.9 50.7 188 191 3.39 3.44
MOBILE6.2 emission

factors (g · km-1)
3.74 3.74 14.1 1.41 0.254 0.254

error in MOBILE6.2 estimates (%) -30 -23 -24 -19 +2.5 +3.6
microscale

total emissions (g) 70.8 (0.059) 65.4 (0.064) 249 (0.064) 235 (0.073) 3.3 (0.089) 3.32 (0.11)
mean emission factors (g · km-1)b 5.31 (0.059) 4.83 (0.064) 18.7 (0.064) 17.4 (0.074) 0.248 (0.089) 0.245 (0.11)
near bus stop emission

factors (g · km-1)c
11.4 (0.082) 11.9 (0.10) 42.2 (0.086) 45.2 (0.10) 0.651 (0.12) 0.743 (0.13)

near intersection
emission factorsc

8.61 (0.13) 8.14 (0.13) 30.9 (0.13) 29.8 (0.14) 0.434 (0.17) 0.441 (0.17)

percent idle emissions (%) 8.44 (1.8)a 9.65 (2.2)a 11.0 (2.1)a 12.4 (2.6)a 19.9 (3.1)a 21.7 (3.8)a

percent idle emissions near
bus stops (%)c

19.2 (4.7)a 24.4 (5.7)a 23.9 (5.1)a 29.4 (6.0)a 37.7 (6.2)a 43.2 (6.7)a

a Standard deviation shown in brackets. b Mean instantaneous emission factor (EF) estimate over the route. c Near is
defined as within 50 m.

FIGURE 2. Boxplots of the spatial coincidence factor (SCF) showing the change in exposure due to the spatial coincidence of the
impacted populations in seven zones around the route and estimated emissions of CO, NOX, and HC for west-bound and east-bound
traversals of the 99 B-Line bus route. Median values are indicated by bars and mean values by dots. Changes in exposure due to
MOBILE6.2 underestimates are not shown.

FIGURE 3. Importance analysis of the input variables used to estimate the spatial distribution of emissions of CO (a), NOX (b), and HC
(c) along the 99 B-Line bus route. Black bars indicate the partial rank correlation coefficients (PRCC) values for primary input
variables: velocity (v), acceleration (a), and grade (g) and secondary input variables: interval traversal time (t) and emission rate
(ER). Gray bars indicate negative PRCC values. Numerical rankings of importance were based on the absolute values of the PRCC.
Lower ranks indicated greater importance.
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resulting in exposure, intake, dose, and health effects (4).
Regional scale assessments that do not account for spatial
heterogeneity in these processes have been shown in this
study and others to underestimate exposure (2, 7, 8) and
poorly characterize the distribution of impacts over the
population (2, 6).

Emissions Modeling. Explanatory Variables. Macroscale
emissions modeling approaches such as MOBILE that employ
mass per unit distance emission factors are limited in their
ability to characterize heterogeneity in the spatial distribution
of emissions. Furthermore, these approaches have been
found in this and previous studies (9, 12) to underestimate
emissions of pollutants that are sensitive to mode, such as
CO and NOX (Table 1). Microscale modeling approaches that
employ mass per unit time emission rates can be combined
with activity data to address these limitations. Even if the
emissions rate model has little predictive power (e.g., HC
emissions), significant insights into the spatial distribution
of emissions may be gained from the activity data alone.

Numerous factors have been shown to influence emis-
sions from heavy-duty diesel vehicles (17, 26). For a given
vehicle configuration, engine power-demand and surrogates
such as VSP have been found to be strong explanatory
variables of emission rates for CO, NOX, and particulate matter
(PM) but not HC (19-21). As a result, estimates of HC
emissions were associated with greater uncertainty than CO
and NOX (Table 1).

Due to the significant health effects attributed to PM
exposure (2, 3), a drawback of current microscale modeling
approaches is the lack of PM emissions models and data
(20, 21). However, there is some evidence that CO and PM
mass emission rates are correlated (27). If this is the case, the
spatial distributions of the two pollutants would be similar,
as well as the exposure implications and SCF estimates.

Importance of Explanatory Variables. The consistent
spatial patterns of emissions modeled over the study period
were a result of terrain and patterns in driver-infrastructure
interactions that determined the time required for a bus to
traverse an interval, the engine power-demand and the
emission rate (Figure 3). However, the results of the
importance analysis are contextual and quantify importance
over the entire route. Analyses performed on specific intervals
along the route or on different routes would potentially yield
different results. For example, grade would not be an
important input variable on intervals or routes without hills.

The importance analysis results applied only for buses in
motion because the time required to traverse an interval
could not be estimated from the primary input variables
when the velocity was zero. To address this limitation,
emissions within 50 m of bus stops and major intersections
were analyzed in greater detail. Idle emissions made up a
significant fraction of these emissions (Table 1). Thus, hot
spots observed at these locations were not only the result of
increased emission rates associated with acceleration and
high engine power-demand (28), but also the time buses
spent in these areas. In fact, hot spots were more distinct for
pollutants that are not sensitive to mode, such as HC.
Pollutants sensitive to mode, such as CO and NOX, were
“smeared” in the direction of travel, resulting in less distinct
hot spots (Figure 1).

Uncertainty and variability of input variables were not
distinguished in this analysis. Because the GPS data were of
high quality and uncertainties of the primary input variables
were small relative to their variability this was not expected
to have a significant impact on the results (SI Figures S9 and
S10).

Receptor and Population Modeling. There are significant
challenges associated with modeling impacted populations,
particularly at fine spatial scales. The limitations of census
data have been previously discussed by Greco et al. (8). By

incorporating pedestrian counts at intersections and transit
ridership data some of these limitations were addressed, but
these data provided only a first-order characterization of the
pedestrian population. The underlying assumption of the
pedestrian model was that bus stops and major intersections
introduce delays in pedestrian movements which cause
pedestrians to concentrate in these areas (22). However, there
are other features in the urban environment that may have
similar influences.

Exposure and Spatial Heterogeneity. Intake fraction (iF)
(a metric which relates the amount of pollutant inhaled to
the amount emitted) has been widely employed to charac-
terize exposure to emissions from mobiles sources including
diesel transit buses (4, 6, 8, 13, 14, 29). The SCF was derived
from the spatially variant parameters of the iF to quantify
the change in exposure due to the spatial coincidence of
emissions and impacted populations, (Supporting Informa-
tion). In this study only emissions and impacted populations
were considered spatially variant. Meteorology and other
parameters affecting dispersion were assumed to be spatially
invariant (8). Although there are limitations associated with
this approach, it allowed the SCF to be estimated for each
zone without modeling dispersion.

The zones (modeled as areas of constant concentration)
were defined so as to capture the pollutant concentration
gradient across them (8). The change in total exposure (not
quantified in this study) estimated across all zones would
depend on this gradient. If concentrations proximate to the
route were significantly elevated, as commonly reported
(2, 8, 30), then the change in total exposure could be
significant despite smaller populations proximate to the
route.

The increase in exposure due to spatial coincidence (SCF
> 1.0) experienced by pedestrian populations in zone 1
occurred because these populations were assumed to be
under similar infrastructure influences (e.g., delays at
intersections) as the buses and thus concentrated at locations
of emission hotspots.

It was more difficult to attribute changes in exposure (SCF)
to specific terrain or infrastructure features in zones 2-7. At
greater distances from the route the spatial variability in
emissions observed on the route was reduced through the
process of dispersion and the pollutant concentrations were
more spatially homogeneous. As a result both the variability
in the change in exposure and the mean change in exposure
were greater in zone 1 than zones 2-7 (Figure 2).

The change in exposure in zones 2-7 was due largely to
the overall trend in emissions and impacted populations,
which were generally lower over the western (left) section of
the route than the eastern (right) section. As a result of this
west-east spatial coincidence, there was approximately a 10%
increase in exposure in zone 7. The west-east trend in
population decreased over zones 6-2 (SI Figures S20 and
S21) and as a result the change in exposure over zones 6-2
tended to 0% (Figure 2). The decrease in the change in
exposure over zones 6-2 may also be due to lower residential
populations around major intersections and corresponding
emission hot spots. Presumably this was due to the increased
commercial space around major intersections, which would
have populations that are not reflected in residential census
data.

The greatest increase in exposure due to spatial coinci-
dence occurred for HC emissions in zone 1 (Figure 2). The
increase was smaller for emissions sensitive to mode, such
as CO and NOX, because the smearing of these emissions
had the counterintuitive effect of reducing the magnitude of
hotspots.

In addition to the increase in exposure due to spatial
coincidence, exposure to CO and NOX emissions were further
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increased over all zones because macroscale modeling ap-
proaches underestimated total emissions of these pollutants.

Implications and Recommendations. Compared to mi-
croscale emissions modeling approaches, macroscale ap-
proaches underestimated exposure to diesel transit bus
emissions because (a) total emissions of pollutants sensitive
to mode were underestimated and (b) coincidence between
the heterogeneous spatial distributions of emissions and
impacted populations were not accounted for. As pedestrian
populations proximate to the route were disproportionately
impacted, these results have implications for distributional
equity. Furthermore, as similar patterns in emissions rates
and vehicle activity have been found across a wide range of
heavy-duty and light-duty vehicles, these results may have
implications for mobile sources other than diesel transit buses
(15, 20, 22, 28).

Analyses at fine spatial scales are often associated with
greater cost but only add value where heterogeneity exists,
for example near roadways (8). Efficient and equitable
mitigation of the health impacts associated with mobile
source emissions requires improved characterization of the
impact pathway that is sensitive to scale and heterogeneity.
Microscale emissions models have greatly improved char-
acterization of mobile source emissions; however, uncer-
tainties in the dispersion process and the time-activity
patterns of impacted populations remain and warrant further
study.
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