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H I G H L I G H T S  

� Mobile monitoring sampled multi-pollutant data over urban area in-flow with traffic. 
� Principal component analysis applied after a priori separation of high-emitters. 
� Fuel-based emission factors were derived for regular heavy- and light-duty vehicles. 
� We report the sensitivity of emission factors to high-emitter biasing observations.  
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A B S T R A C T   

The absolute principal component scores (APCS) model was applied to on-road, background-adjusted mea-
surements of NOx, CO, CO2, black carbon (BC), and particle number (PN) obtained from a continuously moving 
platform deployed during 16 afternoon sampling periods in Los Angeles, CA. High-emitter biasing observations 
were separated from the vehicle fleet population based on a sensitivity analysis of different a priori screening 
values of the ratio of CO to CO2. A BC/PN-rich feature consistent with heavy-duty vehicle exhaust, and a separate 
CO/CO2-rich feature consistent with light-duty vehicle exhaust, described 66% of the variance of the observa-
tions. We used bootstrapped APCS model predictions to estimate area-wide, average fuel-based emission factors 
and their respective 95% confidence limits. If no screening was used, we obtained incongruous average emission 
factors relative to recent field studies for NOx, CO, BC and PN (5.1, 2.0, 0.13 g/kg, and 1.0 � 10^15 particles/kg 
for heavy-duty vehicles, and 2.0, 111, 0.023 g/kg, and 0.09 � 10^15 particles/kg for light-duty vehicles, 
respectively). However, if reasonable a priori screening values were applied, which differentiate measurements 
reflecting high-emitter outliers, average emission factors for NOx, CO, BC and PN (12.8, 4.0, 0.37 g/kg, and 2.6 
� 10^15 particles/kg for heavy-duty vehicles, and 1.5, 40.9, 0.004 g/kg, and 0.08 � 10^15 particles/kg for light- 
duty vehicles, respectively) were consistent with previous estimates based on remote sensing, vehicle chase 
studies, and recent dynamometer tests.   

1. Introduction 

Research using continuously moving platforms has employed several 
sampling strategies to assess emissions from mobile sources in urban 
traffic. These mainly include “vehicle chase” studies of exhaust plumes 
from individual vehicles (Canagaratna et al., 2004; Durbin et al., 2008; 
Herndon et al., 2005; Hudda et al., 2013; Jezek et al., 2015; Jiang et al., 
2005; Johnson et al., 2005; Kam et al., 2012; Kittelson et al., 2004, 

2006b, 2006a; Kolb et al., 2004; Lau et al., 2015; Liggio et al., 2012; 
Ning et al., 2012; Park et al., 2011; Shorter et al., 2005; Westerdahl 
et al., 2009; Yli-Tuomi et al., 2005; Zavala et al., 2006, 2009). The im-
pacts of vehicle emission regulations have been assessed also by 
combining mobile monitoring measurements with prior information on 
the traffic mix during sampling (Hudda et al., 2013; Johnson et al., 
2009; Kozawa et al., 2014; Liggio et al., 2012). 

In a previous study (Larson et al., 2017), we estimated area-wide 
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average vehicle emission factors (EFs) for both heavy- and light-duty 
vehicles in Seattle by deriving absolute principal component scores 
(APCS) for measurements obtained from a continuously moving plat-
form. In that study, we did not chase specific vehicles nor did we use 
prior traffic information to obtain both heavy- and light-duty vehicle 
EFs. Here we examine data obtained across a large urban area, specif-
ically Los Angeles, CA. As in our previous study, the pollutants we 
measured (particle number (PN) concentration, black carbon (BC), CO, 
CO2, and NOx) were chosen based on 1) the important contribution of 
traffic sources to these pollutant’s emissions and resulting concentra-
tions, 2) the relative importance of these species in distinguishing 
emissions from light-duty versus heavy-duty vehicles (Dallmann et al., 
2012, 2013; Pachon et al., 2012; Park et al., 2011), 3) the required 
sensitivity and response time available from “intermediate-cost” 
pollutant-specific monitors easily deployable on a mobile platform 
(Riley et al., 2014a), and 4) the recognized health effects of pollutant 
exposure to ultrafine particle number (Devlin et al., 2014; Peters et al., 
2015), BC (Janssen et al., 2012), CO (EPA and U.S., 2010), and NOx 
(EPA and U.S., 2016). 

Studies suggest that high-emitter vehicles, a small, malfunctioning 
fraction of the vehicle fleet, can emit orders of magnitude higher 
emissions than regular, well-maintained vehicles, and may be respon-
sible for a disproportionately large fraction of overall vehicle emissions 
(Park et al., 2011; Quiros et al., 2013; Singer and Harley, 2000; Wren 
et al., 2018). A case study of California vehicles noted that high-emitting 
vehicles might only account up to 6% of the vehicle population, yet will 
contribute to more than 75% of exhaust and 66% of evaporative emis-
sions in 2030 (Collet et al., 2015). However, distinguishing between 
regular and high-emitting vehicles is not a concise issue. There exist 
multiple definitions for high-emitters that would be acceptable. 

The novel contribution of this study is the presentation of a mobile 
monitoring framework for separating regular and high-emitting vehi-
cles. Without this approach, estimating EFs from a mobile platform re-
sults in unrealistic and skewed EF results. This work has also the benefit 
of adding to the body of literature characterizing emissions from the 
urban vehicle fleet in Los Angeles. The results presented here can be 
referenced to establish threshold ranges for defining high-emitting ve-
hicles in an urban area. 

2. Material and methods 

2.1. Study area 

Sampling took place on 16 days during March 11–26, 2013. Sam-
pling was divided into four routes, one on freeways and three routes on 
city streets (Fig. S1), with one route driven per day during 14:00–19:00 
local time; the total driving time was about 80 h. The Los Angeles 
County road and street classifications within the sampling route 
(Fig. S2) and observed vehicle speed during sampling hours (Fig. S3) are 
included in the supplementary information. These routes were chosen in 
conjunction with other fixed site sampling that was a part of the MESA 
Air epidemiology study (Kaufman et al., 2016). As such, there was a 
focus on coverage of subject’s at-home exposure resulting in sampling 
along residential streets rather than strictly freeway driving. 

Emissions from Los Angeles International Airport (LAX) may impact 
local PN concentrations (c.f. Riley et al., 2016). As a sensitivity analysis, 
we reduced the potential impact of LAX emissions by excluding obser-
vations below a latitude of 34.00� (supplementary information). 

2.2. Mobile monitoring measurements 

The mobile monitoring platform, described previously (Riley et al., 
2014b), consisted of a gasoline powered Chrysler Town & Country with 
two roof-mounted sampling inlets constructed of stainless steel/copper 
and Teflon for isokinetic sampling of particulate matter and gases, 
respectively. 

Ten-second averages were collected simultaneously from five 
different instruments: Micro-Aethalometer AE52 (BC), P-Trak model 
8525 with diffusion screens (PN > 50 nm), 2B Tech model 410 analyzer 
with model 401 converter (NOx), Model T15x Measurer (CO), and 
SenseAir K-30-FS sensor (CO2). Manufacturer, measurement range, 
response time for each of these instruments are provided in Table S1 
(supplementary information). These devices are all moderately priced 
analyzers with relatively low power draw and fast enough response 
times to be practical and appropriate for mobile monitoring use. Sam-
pling flow rates ranged from 0.2 L/min for the MicroAeth to 4–5 L/min 
for the CO and CO2 analyzers located inside a manifold connected to an 
external vacuum blower downstream. 

A sampling route was driven three to four times throughout the study 
period and a portion of the route usually repeated on a given day, such 
that multiple visits were made to the same locations. Routes were driven 
in both directions, i.e., clockwise and counter-clockwise loops, during 
the multiple days of coverage. The platform sampled at the speed of 
surrounding traffic on different types of roadways, with overall average 
speeds per route between 20 and 35 km/h. Variability in vehicle speed 
resulted in 10-s measurements spaced at variable distances from each 
other. 

A complete description and diagram of the mobile platform is given 
elsewhere (Riley et al., 2014a), as well as a more complete treatment of 
instrument quality control objectives and evaluation methods (Larson 
et al., 2017). Instrument detection limits for 10-s average data are given 
in Table S1. 

3. Theory/Calculation 

3.1. Data processing and assumptions 

3.1.1. Smoothing and background adjustment 
The time series is smoothed each day by taking a moving block 

average of consecutive observations in a 70-s interval centered on a 
given 10-s average observation. The background concentration is 
computed by taking a rolling 10-min block 5th percentile value centered 
on the 10-s period of interest. All the smoothed, background-adjusted 
observations are combined, and the PCA analysis is done using all 
valid 10-s observation periods across all days. Rationale for these ad-
justments are found elsewhere (Larson et al., 2017). 

3.1.2. Identification of individual exhaust plumes 
The smoothed, background adjusted 10-s concentrations are further 

screened by removing entire samples from the initial set of observations 
if the background-adjusted value of CO2 is less than 5 ppmv. This cri-
terion is applied to more confidently ensure the presence of individual 
combustion exhaust plumes at concentrations above the local CO2 
background. It is less stringent than the 20 ppmv criterion previously 
used in many vehicle chase studies (Kam et al., 2012). Furthermore, sets 
of pollutant observations were removed if falling under instrument 
factory detection limits applicable to the 10-s data averaging time (see 
Table S1). 

3.1.3. Removal of extreme outliers 
The 99th percentile for each pollutant in the remaining data set is 

then computed. Ten-second samples having these high values for one or 
more pollutants are also removed from the data set. This criterion is 
necessary to remove potential skewing events (Smit and Bluett, 2011). 
Outliers may represent either high emission intensities from a given 
vehicle or relatively undiluted plumes from the same vehicle over a 10-s 
interval. 

3.1.4. Separation of ‘high-emitters’ 
Because we sampled across a large urban area, and therefore a large 

number of vehicle exhaust plumes, we screened also the observations 
using pre-established criteria to identify exhaust plumes from ‘high- 
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emitters’. These vehicles are a small fraction of the total vehicle popu-
lation, but as a whole have a different emission distribution than the rest 
of the vehicle population. We separated these high-emitter data from the 
majority of the observations using a range of possible cutoffs values. 

The remaining observations are further sorted via an a priori classi-
fication of high-emitters, or, “super-emitters” as coined by Park and co- 
workers (Park et al., 2016). They define a high-emitter as any vehicle 
that had an emission rate greater than 5 times the mean EFs reported 
from a suite of mobile monitoring campaigns in Los Angeles. Our 
analysis employs that same definition of high-emitters using EFs from 
Park et al. and other select U.S. field studies. 

All sets of observations were converted into a ratio of a given 
pollutant over simultaneously measured CO2 (units: grams of gaseous 
pollutant/kg or 10^15 particles/kg). Values above a threshold (see 
Table S2) were considered “high-emitters”; values below were consid-
ered “regular” vehicles. Our analysis focuses on the EFs associated with 
regular vehicles. Furthermore, we recognize the lack of monitoring 
studies that characterize high-emitting vehicles which limits the power 
of the Park et al. a priori classification criteria. Thus, we further imple-
mented a range of thresholds spanning the top 25% of these pollutant 
ratios as a sensitivity analysis to the effect of specific cutoffs on the 
derived EFs. 

To examine whether the final results were biased due to the removal 
of extreme outliers prior to identification of high-emitters, we also 
changed the order of the screening procedures. After identification of 
the exhaust plumes, we separated the high-emitters from the regular 
emitters using the criteria described in Table S2. We then applied the 
99th percentile screen independently to each of the two data sets. 

3.2. Absolute principal component score (APCS) model 

The APCS model described by Thurston and Spengler (1985) was 
used for this work. Principal components analysis is first applied to the 
standardized, adjusted concentrations for the m-species across all days, 
specifically 

Zi;k ¼
Cadj

i;k � Cadj
i

σi
ði ¼ 1;…m; k ¼ 1;…NÞ (1)  

where Cadj
i;k has mean Cadj

i and standard deviation σi. Standardized con-
centrations were used rather than raw, adjusted concentrations in order 
to more equally weight each species in the final solution. We retain p (p 
� m) principal components based on eigenvalues > 0.9 and apply a 
Varimax rotation to these components. APCS for the Varimax rotated 
components are calculated from the scores, Sj;k, for the kth observation 
of the jth component as follows: 

ACPSj;k ¼ Sj;k � ðS0Þjðj¼ 1;…pÞ (2)  

where Sj;k are the scores derived from the Zi;k and ðS0Þj is the predicted 
value of the zero vector using the rotated PCA model. The ACPSj;k are 
then regressed against the Cadj

i;k . 

Cadj
i;k ¼ ðb0Þiþ

Xp

j¼1
bi;j
�
ACPSj;k

�
þ εi;k (3) 

The intercept in Equation (3) is the contribution to the adjusted 
values from sources unaccounted for in the PCA. The predicted con-
centration of pollutant i ðbYiÞ contributed by feature j to the kth sample is 
then defined by Equation (4). 

bY i;j;k ¼ bi;j
�
ACPSj;k

�
(4) 

For greater detail on rationale regarding model selection refer to 
Larson et al. (2017). 

3.3. Fuel-based emission factors 

Emission factors were reported as grams of pollutant per unit kilo-
gram of fuel burned (g/kg): 

EFi;j ¼
αðWcÞj

N
XN

k¼1

(
byi;j;k

ðbyCO2Þj;k þ ðbyCOÞj;k

)

(5)  

where EFi,j is the average fuel-based EF in grams of pollutant i per kg of 
fuel burned for feature j; N is the total number of samples, (Wc)j is the 
carbon weight fraction of the fuel corresponding to the jth feature and α 
is a unit conversion factor (1 μg/m3 for CO, BC, and NOx and 1012 

number/cm3 for PN). 
A blocked bootstrap was applied to the above model (Equations (1)– 

(5)) to estimate the uncertainties in the average EFs. The blocked 
bootstrap was chosen to minimize potential autocorrelations owing to 
correlated background values not accounted for in our APCS model. We 
randomly sampled with replacement from non-overlapping blocks with 
optimal univariate block sizes determined using the “b.star” function 
within the “np” package in R. The maximum of the set of five univariate 
block sizes, corresponding to each of the five pollutant species, was 
chosen for bootstrap sampling. The bootstrap routine was repeated 
10,000 times and 95% confidence limits were determined from the 
distribution of average EFs estimated from each of the 10,000 bootstrap 
iterations. 

4. Results 

4.1. Observed and background-adjusted concentrations 

As described above, screened, background-adjusted observations 
were categorized as regular or high-emitter by applying threshold cut-
offs according to Table S2. Only the CO/CO2 ratio cutoff (164 g/kg) was 
applicable to this analysis as all other pollutants were below their 
respective species cutoff values. This CO filtering corresponded to the 
91.1 percentile of this data set for Los Angeles. As such, a sensitivity 
analysis of percentile cutoffs was implemented only on CO/CO2 ratios. 
Additional cutoff sensitivities were analyzed by removing observations 
spanning from the 75th to the 100th percentile [75%-85%-90%-95%- 
99%–100%], where the 75th percentile represents the top 25% of CO/ 
CO2 observations removed and the 100th percentile indicates no sepa-
ration of high-emitters. 

Table 1 reports the mean, median, and 95% confidence interval of 
the background adjusted pollutant concentrations for vehicles in Los 
Angeles during the field measurement campaign before CO/CO2 cutoff 
values were applied. 

4.2. Varimax rotated components 

Varimax rotated principal component analysis of the adjusted 

Table 1 
Summary of background adjusted and trimmed concentrations for all 
measurements in Los Angeles prior to high-emitter separation (n ¼
11,785).   

Concentrations 

PN median (mean) [#/cm3] 5365 (7911) 
PN 95% CI [#/cm3] 1020–24827 
NOx median (mean) [ppb] 27.8 (34.0) 
NOx 95% CI [ppb] 6.1–86.8 
BC median (mean), [ng/m3] 412 (824) 
BC 95% CI [ng/m3] 120–3184 
CO median (mean) [ppm] 0.46 (0.69) 
CO 95% CI [ppm] 0.09–2.27 
CO2 median (mean) [ppm] 33.9 (40.6) 
CO2 95% CI [ppm] 7.7–95.7  
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concentration data for regular vehicles after the 91.1% cutoff for CO/ 
CO2 was applied resulted in two features as shown in Table 2. The 
Varimax rotated factor loadings and initial eigenvalues are also re-
ported. The two component features correspond to a “BC-rich” (BC and 
PN) first feature and a “CO-rich” (CO and CO2) second feature as also 
reported in Larson et al. (2017). Loadings and PCA results for all other 
percent cutoffs are found in Table S3, yielding similar findings. 

4.3. Estimated fuel-based emission factors 

Table 3 contains average fuel-based EFs reported by recent U.S. field 
studies for comparison. 

Fig. 1 compares estimated average fuel-based EFs for regular- 
emitting vehicles in Los Angeles based on Equation (5) using CO/CO2 
ratio cutoffs spanning from removing the top 25% (75% bar in figure) to 
not removing any high-emitters (100% bar in figure). The blocked grey 
area in Fig. 1 corresponds to the approximate literature range for the 
given species based on Table 3, if an observation falls outside of this 
range then it statistically significantly exceeds those found in recent US 
field studies. Table S4 reports summary statistics, 95% confidence in-
tervals and optimal univariate block sizes reflected in Fig. 1. 

We notice that if the Park et al. high-emitter criteria were applied 
only (91.1% bar in Fig. 1), the calculated CO light-duty EF we report 
would exceed all those found in Table 3. By estimating CO EFs based on 
multiple threshold values we are able to reveal that a cutoff between 
85% and 90% would offer a more favorable comparison to the suite of 
recent US field studies. We also notice that NOx and PN EFs for light-duty 
vehicles and BC, PN, and CO EFs for heavy-duty vehicles are fairly 
robust against differing cutoff values as these results agree with findings 
from other works regardless of threshold. However, CO for light-duty 
vehicles and NOx for heavy-duty vehicles become inconsistent with US 
field studies when a cutoff value higher than 95% of the CO/CO2 ratio is 
applied. Furthermore, heavy-duty CO EFs exhibited a non-monotonic 
decrease as the high-emitter threshold increased. This incongruous CO 
behavior may be explained by recent studies of heavy-duty vehicles 
emitting higher CO concentrations at lower driving speeds (Grigoratos 
et al., 2019; Quiros et al., 2016). 

There exist few studies observing EFs of high-emitting anomalies. We 
separate out these observations and have not reported them as they 
exceed the scope of this work. For illustrative purposes, EF results that 
do not take into account a high-emitter screening are reported in 
Table S4 (100% cutoff), yielding median CO EFs of 111 g/kg, statisti-
cally significantly larger than those reported for light-duty vehicles in 
Los Angeles in the current literature. The location of the high-emitter 
peaks observed during sampling as defined by the 90th percentile cut-
off value (Fig. S4) was more prevalent in the low-income areas of Los 
Angeles consistent with the findings of Park et al. (2016). 

EF results of our analysis excluding LAX for a subset of CO/CO2 
cutoffs (Table S5) were not statistically significantly different than those 
reported in Table S4. 

4.4. Ordering of screening procedure 

A screening procedure was employed based on, sequentially, 1) 
removal of samples with one or more pollutant concentrations above 
their 99th daily percentile value, 2) removal of pollutant concentrations 
based on the high-emitter pollutant ratio criteria found in Tables S2 and 
3) applying threshold ranges of CO/CO2 to measure the sensitivity of EFs 

with respect to user selected cutoffs. We also applied these screening 
criteria in the reverse order, i.e. 1) the high-emitter criteria found in 
Tables S2 and 2) the pollutant concentration above the 99th daily 
percentile value for a given pollutant. This consistency implies that the 
results here (the statistical distribution of concentrations, the APCS re-
sults, and the accompanying EFs) are not highly sensitive to the order of 
screening (99% trim vs. high-emitter criteria). That is, our high-emitter 
EF results are not biased by removing observations that include the 
upper 99th percentile of each species (Fig. S5). 

5. Discussion 

We have developed a sensitivity analysis framework to separate 
high-emitter vehicles from the vehicle fleet population using a range of a 
priori screening values, which otherwise would result in unrealistic EF 
results. A multivariate analysis of air pollution from a continuously 
moving mobile platform was used to estimate fuel-based EFs from motor 
vehicles in Los Angeles, CA. Our aim was to capture the variability 
across a broad set of driving conditions and vehicle populations without 
imposing post-hoc on-road traffic or fuel-use data and without con-
ducting specific vehicle chase studies. Our implementation of threshold 
cutoff criteria allowed us to remove the effect of large biasing obser-
vations using an ensemble of recent high-emitter vehicle studies. 
Furthermore, unlike Larson et al. (2017), this method of analysis is 
conducted across a large urban area as opposed to a small industrial 
valley in Seattle, WA. The results from this work confirm the methods 
and findings in Larson et al. (2017) and Wen et al. (2019) in estimating 
area-wide average EFs. 

PCA results in Table 2 confirm a two-feature model of a heavy-duty 
BC- and PN-rich first feature and a light-duty CO- and CO2-rich second 
feature after screening for high-emitter observations. Final results were 
robust against the ordering of CO/CO2 ratio and 99th percentile trim 
procedures (Fig. S5). By applying a range of cutoff values when esti-
mating area-wide EFs, we were able to attain results that agreed with 
both heavy- and light-duty EFs reported elsewhere (Larson et al., 2017) 
and in recent field studies summarized in Table 3. If only the Park et al. 
(2016) ‘super-emitter’ criteria were applied to our dataset (91.1% for 
CO/CO2), we would still report CO light-duty EFs statistically signifi-
cantly higher than literature values. However, with a range of thresholds 
applied, we identified a cutoff between 85 and 90% would compare 
favorably to literature precedent for all pollutants. We can conclude 
therefore that the Park et al. criteria provides a valuable framework for 
an a priori identification of high-emitting pollutants, but greater speci-
ation of cutoffs is required for a more robust analysis. 

Smoothing the 10-s observations over a 1-min period means that 
vehicle exhaust events (identified by increased CO2 above background) 
can be due either to a single vehicle or a mix of vehicles. The average EFs 
can be decomposed from these mixed plumes as long as high-emitters 
are separated. Otherwise, these high-emitters can skew the derived 
factors outside of current literature precedent (100% cutoff in Table S4). 
The high-emitter events can be either from a single high-emitter vehicle 
or from a mix of both high and regular emitting vehicles. Our results 
indicate that high-emitter plumes, as we defined them, contain a feature 
that is enriched in CO relative to the regular light-duty vehicle feature, 
consistent with the Park et al. (2016) EFs in Table S2. In addition, the 
field campaign in this work took place in moderately warm temperature 
conditions (15–24 �C) and may be susceptible to an artificially low PN 
EF due to exclusion of volatile particles from our measurements, as 
suggested by Wang et. al. (2017). 

To be sure, distinguishing between regular fleet and high-emitting 
vehicles is not a simple task. There exist multiple acceptable defini-
tions for high-emitters. Therefore, this work presents an approach of 
implementing multiple values for such a threshold and observing how 
changes in that input impacts the EF results. What we have shown via a 
sensitivity analysis is more robust than selecting a single value for the 
threshold and providing only those results. However, this framework 

Table 2 
Varimax-rotated principal component loadings based on adjusted background 
concentrations for regular vehicles after the 91.1% cutoff was applied.   

PN NOx BC CO CO2 Initial Eigenvalue 

Heavy Duty 0.81 0.64 0.87 0.01 0.14 2.10 
Light Duty 0.12 0.39 � 0.04 0.82 0.72 1.11  
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means that we provide a range of values as the possible “answer”. 
Though one may expect a single-value result, a multi-answer conclusion 
can allow for a range of potential high-emitter definitions and their 
sensitivities while also taking into account the historical literature of the 
area of analysis. 

Mobile monitoring is becoming an increasingly utilized option for 
better understanding micro-scale differences in community level air 
pollution exposures. This study suggests that in addition to better 
characterizing community exposures, mobile monitoring also allows for 
researchers to estimate EFs for different localities and circumstances. 
Importantly, we have proposed a methodical and unique procedure to 
separate out skewing vehicle observations not previously addressed in 
the literature. Quantifying these high-emitter vehicle EFs is an area of 
future study that will yield a more comprehensive reflection of region- 
wide vehicle emission distributions. Without this approach, these ob-
servations would generally be discarded as anomalous outliers 
providing an incomplete estimation of emissions. The approach of Wen 
et al. (2019) using a combination of random spatial sampling combined 
with vehicle chase data is one promising approach. 

For practitioners and policymakers, we demonstrate the flexibility 
and potential cost benefit of the APCS method that takes input infor-
mation from ambient driving conditions. That is, we are able to calculate 
vehicle EFs and characterize the traffic mix of a city without expending 
resources to chase specific, individual vehicles. Furthermore, with 
enough spatial coverage, a spatial map of EF features may be created 
simply under these ambient mobile monitoring scenarios. This approach 

also provides information on the prevalence and location of these high- 
emitting vehicles and supports the previous conclusions of Park et al. 
(2016) that the high-emitting vehicles we identified are more prevalent 
in the lower income areas of Los Angeles (Fig. S4). A recent analysis by 
Nguyen and Marshall (2018) (Nguyen and Marshall, 2018) has inde-
pendently shown that emissions near downtown Los Angeles have large 
impacts in terms of air pollution intake fraction, environmental justice 
and environmental equity. They propose a “low emission zone” that 
aligns with the location of many of the high-emitting vehicles we have 
identified. Finally, we have also shown that this method scales from a 
small homogeneous sampling route, located in a single industrial urban 
location (Larson et al., 2017) to large urban airsheds traversing multiple 
land use types, as demonstrated in this work. 

In summary, we have formulated a methodology of applying an a 
priori classification of high-emitter vehicles to an APCS receptor model 
of on-road measurements of air pollution in Los Angeles, CA. In a context 
in which oftentimes high-emitter vehicles skew APCS (and subsequent 
EF) results, a suite of recent high-emitter vehicle studies was employed 
to establish a CO to CO2 ratio cutoff separating regular and high- 
emitting vehicles. Our estimates are in agreement with these recent 
studies that use a variety of methods including stationary remote 
sensing, vehicle chase platforms, and continuously moving mobile 
platforms. Using the screening criteria of Park et al. (2016) to identify 
species exceeding high emissions and our own range of cutoff values, we 
were able to separate out the contribution of high-emitter vehicles that 
may artificially skew EF estimates using this approach (c.f. 100% cutoff 

Table 3 
Derived fuel-based emission factors of recent U.S. field studiesa.  

Study Year Sampling Type Location NOx (g/kg) CO (g/kg) BC (g/kg) PN (10^15/kg) 
Light Duty 
This work at 85% 

cutoffb 
2013 Moving in traffic Los Angeles 1.3 [1.2–1.5] 32.7 

[30.3–35.4] 
0.002 [0.0006–0.004] 0.07 [0.06–0.09] 

(Bishop and 
Stedman 2014) 

2013 Roadway beam West Los Angeles  16.4 [0.6]   

(Larson et al., 2017) 2012 Moving in traffic Seattle 3.2 [2.8–3.6] 22.4 
[19.7–25.0] 

0.016 [0.011–0.021] 0.19 [0.13–0.25] 

(Hudda et al., 2013) 2011 Moving in traffic Los Angeles 3.8<1.4> 0.07<0.05> 0.43<0.26>
(Kozawa et al., 

2014) 
2009–2011 Moving in traffic Los Angeles 2.7<0.4> c, 

4.0<0.3>
24<1.6>, 
27<3.1>

0.015<0.011>, 
0.067<0.031>

0.28<0.31>, 
0.58<0.30>

(Dallmann et al., 
2013) 

2010 Fixed site in tunnel Caldecott 1.90 [1.82–1.98] 14.3 
[13.6–15.0] 

0.010 [0.008–0.012]  

(Haugen et al., 
2018b) 

2017 Tent Anaheim CA 14.5 (0.9)d 11.0 (2.4)   

Heavy Duty 
This work at 85% 

cutoffb 
2013 Moving in traffic Los Angeles 16.4 [12.2–23.1] 14.4 [3.1–32.4] 0.480 [0.360–0.680] 3.34 [2.5–4.8] 

(Preble et al., 2018) 2014 Tunnel Caldecott   0.41 [0.35–0.47]  
(Preble et al., 2018) 2013 Tent Port of Oakland   0.28 [0.23–0.33]  
(Haugen and Bishop, 

2017) 
2015 Tent Port of Los Angeles   0.08 (0.01)  

(Haugen and Bishop, 
2017) 

2015 Tent Northern CA weight 
station   

0.08 (0.01) 0.28 (0.0028) 

(Haugen and Bishop, 
2018a) 

2017 Tent Port of Los Angeles 14.6 (0.2) 1.7 (0.3) 0.03 (0.01) 1.7 (0.0014) 

(Haugen and Bishop, 
2018a) 

2017 Tent Northern CA weight 
station 

9.6 (0.7)  0.06 (0.003) 0.22 (0.0026) 

(Haugen and Bishop, 
2018b) 

2017 Tent Anaheim CA 12.4 (0.6) 5.9 (0.9)  0.77 (0.0095) 

(Larson et al., 2017) 2012 Moving in traffic Seattle 14.8 [9.9–21.9] 18.9[8.0–35.3] 0.40 [0.29–0.58] 4.3 [2.9–6.2] 
(Bishop et al., 

(2015) 
2013 Remote sensing 

across road 
Port of Los Angeles, 
Northern CA weight 
Station 

20.7 e [19.1–22.3], 
20.3 
[18.9–22.1] 

2.3 [1.5–3.1], 
5.1 
[4.7–5.5] 

0.02 [0.014–0.026], 
0.23 [0.17–0.29]  

(Preble et al., 2015) 2013 Fixed site near road Port of Oakland 15.4 [14.5–16.3]  0.28 [0.23–0.33] 2.5 [2.0–3.0] 
(Hudda et al., 2013) 2011 Moving in traffic Los Angeles 15 <9.2>, 16 

<10> f  
0.41<0.21>, 
1.33<0.33>

4.2<3.4>, 
5.2<3.1>

a [ ] ¼ 5th-95th percent confidence limits, < > ¼ reported standard deviation, () ¼ standard error. 
b Full cutoff results for this work can be found in Table S4. 
c Lowest and highest mean values and their corresponding standard deviations for multiple campaigns. 
d Measurements for medium-duty vehicles. 
e Values for separate measurements at the Port of Los Angeles and at a Northern California I-5 weigh station. 
f Separate values for I-710 vs. other freeways. 
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in Table S4). Our use of a multivariate model, traditionally applied for 
source apportionment, allows separate estimates of both heavy-duty and 
light-duty vehicle EFs based solely on the observed concentrations 
without reliance on independent traffic information. 
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