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Abstract

The particlesin gasoline and diesel vehicle exhaust carry distinctive combinations of
certain chemical compounds. The prominence of their chemical ‘fingerprints’ in ambient
particul ate matter is thus a qualitative but direct indication of gasoline and diesel vehicles
relative importance as sources of emissions. Ambient composition can be inverted
mathematically to obtain a quantitative estimate of source contributions, but this requires that the
chemical composition of all emissionsin the ambient mix be accurately known. While the
aggregate emissions of the gasoline-fueled and diesel-fueled fleets are chemically distinct from
each other, and from other categories of carbonaceous particle emissions such as vegetative
burning and meat cooking, individual emissions can differ significantly between vehiclesin the
same category. A fleet’s exhaust composition can be determined from tests on individual
vehiclesonly if thisvariation is represented in sample selection and accounted for statistically.
This report provides guidance on meeting these and other requirements for source apportionment
in aprogram of vehicle testing.

Introduction

Recent studies have used detailed chemical analyses as the basis for estimating the
contributions of gasoline and diesel vehicle exhaust to ambient particulate matter (PM). This
approach consists of accounting for the observed chemical composition of ambient air as an
inferred mix of chemically distinct emissions from different source types. Such chemical
reconciliation of source and ambient data, known as Chemical Mass Balance (CMB) analysis, is
awell established form of receptor-oriented air quality modeling (Watson et al., 1990).

Early CMB analyses relied mainly on elemental composition (determined by X-ray
fluorescence or neutron activation), with some additional data on the major inorganic ions,
‘elemental’ carbon, and ‘organic’ carbon (Miller et a., 1972). These studies had only limited
chemical resolution with which to distinguish motor vehicle exhaust from wood smoke and other
carbonaceous emissions, particularly after tetraethyl lead was phased out of gasoline supplies
(Lowenthal et al., 1992). The new studies introduce large quantities of additional information,
on the abundance of individual molecular speciesin the organic carbon fraction. Some of these
organic molecules are possible markers for specific fuel stocks or combustion conditions, with
the potential to distinguish among different sources of carbonaceous emissions.

This report considers the mathematical structure and statistical requirements of CMB
analysis, and isintended to inform planning for a contemplated program of chassis dynamometer
and ambient measurementsin Los Angeles. Specific issues have been addressed in a series of
technical notes that are incorporated as appendices. The following sections review existing data
and tools, assess their adequacy for the contemplated application, and recommend a genera
strategy for new measurements and analyses.



Previous studies in L os Angeles and Denver

This section reviews the state of CMB practice as it is represented by two published
apportionments, Schauer et al. (1996) and Watson et al. (1998). Asoutlined in Appendix A,
each of these studies included coordinated measurements of both ambient air and representative
emissions. There exist many other interesting collections of vehicle exhaust data that could be
included in amore comprehensive and leisurely review, but most of these are isolated and
incomplete from a CMB perspective. The measurements by Miguel et al. (1998) of polycyclic
aromatic hydrocarbon (PAH) species and ‘elemental’ carbon in a northern California highway
tunnel are an example of such data.

Schauer et al. (1996) presented a CMB that capped a program of measurements carried
out in the Los Angeles basin over several years by a series of investigators under the direction of
Professor Glen Cass at Caltech. The analysisintegrated ambient data collected in 1982 with
source data collected over the subsequent decade, adjusting where necessary for intervening
changesin technology. Watson et al. (1998) constructed a CMB based on an intensive
measurement campaign in Denver, the Northern Front Range Air Quality Study (NFRAQS,
http://www.nfrags.col ostate.edu). Ambient and source measurements for NFRAQS were
concurrent, and focused on the winter of 1996-97.

Both the Caltech and NFRA QS studies used the detailed speciation of organic aerosol to
distinguish carbonaceous particulate matter emitted by different source categories. Both
collected exhaust samples from vehicles by standard EPA test procedures on chassis
dynamometers, and used standard EPA-approved software to construct their CMBs (Watson et
a., 1990). Thetwo studies employed somewhat differing measurement and analysis strategies,
however, each incorporating features worth integrating into future work. The following
discussion of their strengths and weaknesses should be understood in this planning context; all of
the weaknesses in the Caltech and NFRAQS studies resulted from trade-offs imposed by time
and resource constraints.

NFRAQS devoted extensive resources to the characterization of emissions from vehicles
and other major sources of carbonaceous aerosol. For the winter 1996-97 study, 72 light duty
gasoline vehicles and 12 heavy duty diesel trucks and busses were recruited according to
predetermined criteria that included weight class, model year grouping, and, in the case of
gasoline vehicles, exhaust opacity. Exhaust samples were distinguished by weight class and fuel
type, phase of the Federal Test Procedure (FTP), and total emission rate. The Caltech study
recruited 13 gasoline vehicles, al cars, and two heavy duty diesel trucks, both with low mileages.
Caltech consolidated all exhaust samples into three aggregates, one for the diesels and one each
for gasoline vehicles with and without catalysts.

The NFRAQS design provides crucia information on the variability of exhaust
composition, not only across different categories but also within categories (Appendices B,C,D).
It isthis variability that determines the number of test vehicles needed to represent the
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population, along with the random error to be expected in the resulting statistics. The lack of
such information for the Caltech study, a consequence of its limited resources, was a major
limitation of its design. The magjority of our planning analyses accordingly rest on the data from
NFRAQS.

The Caltech study devoted more attention to the breadth and sensitivity of its chemical
analyses. Emissions of primary particulate carbon in the Los Angeles basin were first
inventoried to determine the dominant source categories, and analytical methods were then
optimized toward quantifying potential markers for those categories. This approach led, for
example, to afocus on steranes and triterpanes as compounds with no significant sources other
than lubricating oil in vehicle exhaust. Steranes and triterpanes were measured in NFRAQS, but
analytical sensitivity was inadequate for their reliable detection in ambient air.

The Caltech and NFRA QS studies both found “elemental” carbon (EC) to be the main
individual constituent of diesel exhaust, but yielded sharply differing estimates for the
contributions to ambient EC from other sources. The Caltech group attributed about 95% of their
ambient EC to diesels, making EC a near-unique marker for diesel exhaust, while NFRAQS
attributed one-third to one-half of its ambient EC to non-diesel sources. Much of this difference
likely reflects the differing analytical protocols by which the two studies defined their EC
fractions. Both methods are well established, and both define EC as the carbon left on a quartz
sample filter after specified cycles of heating and oxidation. Both methods monitor sample light
absorption to adjust for the pyrolytic conversion of “organic” to “elemental” carbon. The two
methods are known to yield differing EC determinations for certain types of carbonaceous
material, however, and differences are evident in the source measurements from Caltech and
NFRAQS (Appendix E).

The reduction of emissions datato CMB input profiles involves numerous choices
(Appendices B,C), and the two studies followed somewhat different strategiesin their analyses.
The most obvious difference is that the Caltech study used a single profile to represent the
aggregate exhaust from all gasoline-fueled vehicles, while NFRA QS used three different profiles
for this component, their relative proportions left for the CMB to determine. The Caltech CMB
profile was a numerical composite of two profiles based on physically composited samples, one
from all catalyst-equipped cars and one from all pre-catalyst cars, with the two profiles weighted
by inventory-based estimates of their categories’ aggregate emissions. Each NFRAQS CMB
profile was an unweighted numerical composite of several profiles, each constituent profile based
on asample from an individual vehicle group and mode of operation. After some exploration of
the data, the several dozen individual profiles were consolidated into three composites: complete
FTP for visibly smoking vehicles, FTP bag 1 (cold-start operation) for non-smoking vehicles,
and FTP bag 2 (hot-stabilized operation) for non-smoking vehicles.

Each of the two interpretive strategies has its pros and cons. The Caltech approach, using
inventory estimates to consolidate all of the gasoline test datainto asingle profile, allows for the
direct incorporation of the best information available from large-scale surveys of fleet
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composition, vehicle operation, and maintenance patterns. The drawback to this approach is that
the CMB results then incorporate the assumptions made in the inventory. The NFRAQS
approach, employing multiple profiles to represent different vehicle categories and operating
modes, offers an independent estimate for such inventory parameters as the proportion of
smoking vehicles and the mix of cold start and hot stabilized operation. However, the added
information comes at the cost of decreased numerical stability and increased uncertainty in the
CMB solution.

Conclusion: the prospects for CMB analysisin Los Angeles

The sustained program of ambient and source measurements carried out at Caltech was a
visionary undertaking that established the promise of organic speciation for resolving types of
carbonaceous emissions. The intensive NFRA QS study substantially advanced the case for
organic speciation by establishing the feasibility of scaling up a source testing program to address
issues of source variation and representative sampling. The CMB analyses from both studies are
substantially more informative than those from earlier studies with less chemical resolution. In
the final analysis, however, both studies |eave some significant questions unresolved:

S How many types of vehicle exhaust need to be distinguished? The chemical composition
of gasoline or diesel exhaust is observed to vary with vehicle and operating mode
(Appendix C) —how much of this variability is attributable to shiftsin the relative
proportions of afew basic components like oil blow-by and unburned fuel?

S Which chemical species are the best indicators of motor vehicle exhaust? Individual
exhaust constituents typically vary by factors of two or more as fractions of total
emissions (Appendix B) —isthere alinear combination of compounds (e.g. a weighted
sum of indicators for raw fuel, oil blow-by, and combustion products) that correlates
more tightly with total emissions?

S What is the uncertainty of CMB source estimates when realistic source-profile errors are
taken into account? The standard EPA software for CMB analysis does not account for
the non-random errorstypically generated by the source variability noted above
(Appendix D).

S How sensitive are the CMB source estimates to the method used to determine EC? The
differing methods used in the Caltech and NFRA QS apportionments appear to respond
differently to different components of the ambient mix (Appendix E).

The Caltech and NFRAQS studies are best viewed as major milestonesin the
development of an approach to apportionment whose potential yet to be fully realized. From
today’ s planning perspective, the Caltech data for Los Angeles characterize obsolescent vehicle
technologies and ancient atmospheric conditions, and offer insufficient information on the
variation of emissions within source categories. The NFRAQS data for Denver are fairly current,
and better characterize the diversity of emissions from similar sources. ‘NFRAQS-like' data—
chassis dynamometer exhaust samples analyzed by the same laboratory — are already available
for light-duty vehiclesin Los Angeles (Norbeck et al., 1998). However the NFRAQS chemical
analyses did not deliver the sensitivity and resolution achieved by the Caltech group, and yielded
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a shortage of source-specific marker species. The NFRAQS CMB was forced to lean heavily on
total ‘organic carbon’ as afitting species, precluding any independent test of its chemical closure.

An integrated program of new measurements to characterize both emissions and ambient
air isthus necessary if CMB analysisisto improve present apportionments of ambient PM in Los
Angeles. A program incorporating the best features of its predecessors would provide better
chemical resolution and sensitivity than achieved in NFRAQS, and a more thorough
characterization of the vehicle population than undertaken by Caltech. As CMB analyses based
on organic molecules are still evolving, and would next be applied to datathat are in some
respects unprecedented, their accuracy cannot yet be forecast from theory or experience. At a
minimum, however, the recommended program should significantly constrain the range of
physically plausible source contributions, adding to the reality checks available for
apportionments derived by other means.

Recommendations for ambient air and vehicle exhaust measurements to support resolution of
gasoline and diesel components in ambient PM

Our first recommendations address the core difficulty facing the use of chemical
composition to identify gasoline and diesel vehicle exhaust in ambient air, which is the chemical
variability that is empirically observed in emissions (Appendices B,C,D). Our confidencein our
apportionment of an ambient air sample will depend on our confidence that we have sampled
emissions representative of the source categories influencing that sample (recommendation 1).
Our ability to quantify this confidence will in turn depend on our understanding the variation of
emissions within those source categories (recommendation 2).

la. Sample light-duty vehicles representatively from categories defined by existing state
records. Useregistration recordsto recruit 20 registered light-duty gasoline vehicles (LDGVS)
with no record of ever having failed inspection, and 20 registered LDGVs with past failuresin
their records. Use ‘hot-line’ recordsto recruit 20 LDGVs of any registration status that have
been reported for having visible emissions, recording any intervening repairs. To assure
representative coverage of the three primary categories, identify target sample numbers for
subcategories defined by model year groupings, vehicle types and, for hot-line recruits, repair
status. Create randomized lists of qualifying vehicles in each subcategory, and recruit these
vehiclesin order until quotas are met.

The procedure sketched in recommendation lais designed to yield a stratified sample that
includes representatives of all major contributors to light-duty vehicle emissionsin Los Angeles.
(Note that light-duty diesel vehicles are neglected, as minor contributors.) It isnot intended to
yield a sample fleet that mimics the population of light-duty vehiclesin Los Angeles. Because
our primary interest isin total emissions, our sampling strategy is biased toward vehicle
categories that are expected to contribute disproportionately to thistotal. Becausethe biasis
explicit, and is based on vehicle characteristics whose population statistics can be estimated from
existing records, it can (and should) be eliminated from the composite profiles generated for
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CMB analysis: test datafrom individual vehicle groupings will ssmply be weighted to reflect the
L os Angeles population.

The categories into which vehicles are eventually grouped for CMB analysis need not
coincide with the regulatory strata used to guide their recruitment. Past inspection history might
fail to exhibit any association with current exhaust composition, for example, in which case there
would be no reason to composite the emissions from ‘ never-failed’ and ‘ever-failed’ vehiclesinto
separate (and identical) composition profiles. Alternatively, a strong association between
exhaust composition and some unanticipated vehicle characteristic might provide abasis for
additional a posteriori discrimination between vehicle categories.

1b. Sample heavy-duty vehicles from groups representing varied conditions of maintenance.
Recruit 10 to 15 heavy duty diesel vehicles (HDDVs) fromtruck rental agencies, and 10 to 15
HDDVs from used truck dealerships. Recruit, through owner contact, 5 HDDVs that have either
failed the smoke test or been reported as smokers. In each category, identify target sample
numbers for various vehicle weight groupings. Recruit two diesel transit buses, one with two
stroke engine technology and one with recent four stroke technology.

Heavy-duty vehicles are much harder than light-duty vehiclesto recruit selectively, dueto
their greater economic value and lesser interchangeability. A different scheme must guide their
recruitment in any case, as the California Air Resources Board has no comprehensive |&M
program for trucks and buses. Recommendation 1b attempts within these constraints to parallel
the strategy outlined in recommendation 1a. The vehicles from truck rental agencies correspond
in this scheme to the LDGV s that never failed inspection: they are likely to be newer, with low
to moderate mileage, adequate maintenance, and el ectronically managed engines. (Some, but not
all, could be recruited instead from reputable fleets participating in federal or Californiafunded
emissions studies.) The vehicles from used truck dealerships correspond to the LDGVswith
failuresin their inspection records: they will constitute a mixed fleet, including older and newer
vehicles, in various states of repair, with both mechanical and electronic injection.

Our recruitment criteria for heavy-duty vehicles do not map directly onto categoriesin the
genera vehicle population as those for light duty vehicles did. 1t will consequently be more
difficult to determine the weightings of test data that best represent the vehicle mix in the general
population. It will be necessary to consider the mix of vehicle milestraveled in the region by
each weight grouping, which can be estimated from registration records and TIUS/VIUS data

The sample numbers in recommendation 1 represent engineering judgments, and do not
result from formal statistical analyses of sampling errors and their propagation through the CMB
(Appendix F). Asimplemented, the program recommended here will reflect ongoing decisions
about the test cycles and operating modes to be used for vehicle emissions measurements, the
analytical methods to be used to determine the chemical constituents of samples, the selection
and method for compositing samples, and technical issues such as collinearity assessment in the
CMB analysis. Although all of these decisions will make use of the knowledge gained from
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previous CMB analyses, the final database and the CMB models in the proposed apportionment
study will nonetheless be substantially different from those now available. Hence, existing data
and CMB analyses cannot be used to provide estimates of the sampling errors that are likely to be
achieved in the proposed apportionment study. The numbers of vehicles recommended in 1a and
1b represent a reasoned compromise of vehicle procurement constraints and statistical
representation for the groups of vehicles identified.

The recommended sample numbers should suffice to cover the range of chemical
variations found in real-world vehicle exhaust. The effective dimensionality of the overall
vehicle source matrix is much lower than the number of measured chemical species (Appendices
C,D), and will probably remain under ten even with the enhanced speciation and analytic
precision recommended below. [To afirst approximation, there are only three feedstocks
(gasoline, diesel fuel, and lubricating oil). Gasoline emissions primarily reflect combustion
stoichiometry (lean vs. rich) and exhaust treatment (no catalyst, oxidizing catalyst, or
oxidizing/reducing catalyst). Diesel technologies are similarly limited in number (two-stroke vs.
four-stroke power cycle, natural vs. turbocharged aspiration, and electronic vs. mechanical
management of fuel injection).]

The proposal to recruit fewer diesel than gasoline vehicles does not rest on any
presupposition that gasoline exhaust contributes alarger fraction of ambient PM or ismore
diverse in composition. This recommendation simply acknowledges the greater difficulty of
recruiting and testing heavy duty diesels, together with the more limited extent of existing data
on their exhaust composition and its dependence on vehicle technology and operation. It appears
cost-effective to explore the determinants of diesel exhaust composition at this stage, and to defer
larger vehicle surveys until they can be guided by improved understanding of these determinants.

2. Minimizethe physical aggregation of exhaust samples from different vehicles. If needed to
assure adequate analytic sensitivity, add extra ports to the exhaust tunnel to draw multiple
sample streams from the same test run. If resource limits require consolidation of samples, pool
those most likely to be similar to each other.

This recommendation addresses two distinct objectives. Thefirst isthe need to
consolidate vehicle test datainto composite profiles that represent the Los Angeles population
rather than the sample fleet. Asnoted above and illustrated in Appendix B, the elimination of
biases in vehicle recruitment will require the differential weighting of test data from different
vehicle groups. Physical aggregation before sample analysis would foreclose this possibility, and
recommendation 2 is thus a concomitant of recommendation 1. The second reason to distinguish
among individua vehiclesisto provide for accurate estimates of statistical uncertainty. The
uncertainty in composite profiles will depend on the scatter in individual test results and its
origins in measurement error, environmental fluctuations, and vehicle differences.

Recommendations 1 and 2 discuss sampling and sample handling in terms of vehicles,
and do not explicitly address test cycles and operating modes. Whether to distinguish operating
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modes in vehicle testing is a decision left to those with more specific expertisein thisarea. The
recommended measurement campaign will be able to exploit new test cycles that have been
specifically designed to represent current real-world operation in the study region. On the one
hand, the improved cycles should lessen the need to extract from CMB analyses an independent
estimate for the real-world mix of operating modes. Dropping unneeded distinctions between
emissions conserves measurement resources, and can improve the numerical stability of CMB
estimates for the categories that remain. On the other hand, test cycles that capture the 24h mix
of operating modes across the entire basin may poorly represent conditions relevant to some of
the vehicle-rich environments recommended below for ambient sampling. The benefits of
distinguishing operating modes may also differ between gasoline and diesel vehicles, given the
greater diversity of stereotypical operations associated with HDDV's (e.g. municipa garbage
trucks vs. long-haul tractors).

3. Investigate interfering sources. Obtain exploratory samples from non-road diesels that use
heavier grades of fuel, including railroad locomotives and coastal shipping.

The Caltech group estimates that on-road diesel exhaust accounted for only about 50% of
the basin-wide EC emissions in Los Angeles during their study year (Gray and Cass, 1998). If
the carbonaceous portion of non-road diesel exhaust iswell represented by the on-road diesel
profile, then a CMB estimate for ambient diesel exhaust can be interpreted as an undetermined
mix of non-road and on-road emissions. If non-road diesel exhaust should instead prove
chemically dissimilar, then CMB analyses will need to be (a) restricted to ambient samples
presumed free of non-road emissions, or (b) preceded by an adjustment of the ambient data to
remove the independently estimated non-road contribution, or (¢) augmented to include a
separate profile for non-road diesels.

4. Include markersfor major non-vehicular sourcesin the chemical analysis of exhaust and
ambient samples.

The Caltech group estimates that primary gasoline and diesel exhaust together accounted
for substantially less of their measured organic PM in Pasadena than did meat cooking and wood
burning, and only twice as much as these activities in downtown Los Angeles (Schauer et al.,
1996). It will thus be necessary not only to distinguish diesel from gasoline emissions, but also
to disentangle both from the organic material contributed by meat cooking and wood burning.
Thiswill require accounting for the latter contributions in the CMB, but non-vehicular source
testing lies outside the scope of the experimental program now under consideration.

Since the composition of emissions from meat cooking and wood burning is expected to
be relatively uniform over space and time, existing Caltech and NFRA QS profiles can be
employed to represent these emissionsin the CMB analysis. However, the existing profiles do
not benefit from the integration of Caltech and NFRAQS analytical methods called for in the
next two recommendations. Recommendation 4 preserves the possibility of revisiting the CMB
anaysisif the enhanced measurements should ever be extended to non-vehicular sources. Inthe
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meantime, the incommensurate profiles from Caltech and NFRAQS are likely to yield somewhat
differing CMB estimates for the split between vehicular and other contributions to ambient PM.

5. Involve advocates of both the Caltech and NFRAQS approaches in experimental design,
sample collection, and laboratory analysis. Work with participants to eliminate unnecessary
duplication of effort, but allow for redundant measurements where these will illuminate issues of
interpretation. Consider engaging an independent coordinator to promote communication and
draft sample- and data-sharing protocols for the participants review.

Thisis not arecommendation for a‘shoot-out’, or competition, where collocated
measurements are compared against standards to determine which are most accurate. It is, rather,
arecommendation to exploit the extended chemical resolution that can be obtained by combining
the best of different sampling and analysis methods. By increasing the number of compounds
specific to certain source types, and by using the most sensitive analyses available for each one,
such an integrated measurement program will provide the CMB with increased power to
distinguish the contributions of different source categories.

Animportant ancillary benefit of collaborative measurementsis that they will make
possible an improved understanding of previous studies. The Catech and NFRAQS studies
yielded markedly different apportionments. The difference may reflect the 1.5 decade span
between the study years and the geographic and climatol ogic distance between the study areas,
but it may aso reflect the substantial differences between the species and sources examined in
the two CMBs. Each study relied for some important sources on chemical markers that were not
measured in the other study, rendering their profiles for these sources essentially
incommensurable. The combined measurements recommended here will provide extended
profiles that can be compared with those from each of the earlier studies.

6. Employ both the NIOSH and IMPROVE methods for all EC determinations.

“Elemental” carbon isthe most influential single speciesin CMB analyses of the
gasoline/diesel split. It is defined operationally, as the result of a measurement protocol, rather
than fundamentally, in terms of its physical characteristics or molecular composition. The
EC/total carbon fractions returned by the NIOSH protocol appear to exhibit sharper differences
between diesel exhaust and other carbonaceous emissions (Appendix E), offering advantagesin
terms of source discrimination. On the other hand, more historical data have been obtained with
the IMPROVE protocol, and the relationship of these determinations to atmospheric visibility
has been more extensively studied. Recommendation 6 will provide the data needed to bridge
different measurement programs and apportionment studies.

7. Collect ambient samplesin a variety of vehicle-rich environments. At a stationary sampling
platform in downtown Los Angeles, collect diurnally resolved (2 to 4 per day) ambient air
samples for at least one month. Use additional roadside or mobile sampling platforms to collect
roadway air samples representing diver se mixes of vehicles and operating conditions.
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Recommendation 7 reflects the focus on vehicle exhaust in the projected source
characterization program. Itsintent isto minimize contributions to the CMB from poorly
characterized sources such as non-road diesel exhaust and photochemical reaction, aswell as
incompletely characterized sources such as meat cooking and wood burning. Downtown Los
Angelesis recommended as a popul ation-oriented site that Caltech found to be heavily
influenced by vehicle exhaust in 1982. The diurnal resolution at this platform should be chosen
to isolate the fresh emissions from morning rush hour, minimally contaminated by the products
of secondary photochemistry. Samples can also be collected at sites more affected by non-
vehicular sources, but these may require an expanded source testing program to be properly
interpreted by CMB analyses, as discussed under recommendation 4.

Sampling in avariety of roadway environments is recommended to provide data with
which to exercise the CMB. Vehicle-dominated samples can be used to test the response of
CMB results to qualitative perturbations from more typical ambient mixes of source
contributions. (The source perturbations are not quantifiable without the ventilation data that
would be needed to characterize the relative contributions of the ambient background.)
Appropriate responses can build confidence in the overall analysis, while inappropriate responses
can of course suggest areas needing attention. Diversity in the LDGV/HDDV mix can be sought
in such perturbations as the weekend drop in HDDV traffic, geographic restrictions on HDDV
traffic (e.g. some freeways), and dedicated facilities (e.g. bus terminals). Diversity in operating
modes can similarly be sought from different traffic conditions (stop and go vs. free flowing),
different roadways (surface street vs. freeway), and different grades (to which heavy-duty
vehicles are particularly sensitive). Even differences in vehicle condition might be found, in
different socioeconomic neighborhoods.

8. Involve advocates of both the Caltech and NFRAQS approaches in data interpretation, and
provide opportunity and time for them to interact and reconcile results. Support the
development of a common electronic data base formatted to facilitate the exploration of
alternative solutions to the CMB.

Recommendation 8 is intended to promote a shared understanding of the assumptions and
ambiguitiesin the final CMB analyses. An attractive path toward this objective isto create a
computer environment that enables each individual researcher to interactively explore the effects
of his own decisions and hypotheses on the CMB solution. A collaborative map of the physicaly
plausible interpretations emerging from this exploration then serves as a meaningful
characterization of uncertainty.
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Appendix A: Statistical Analysis of Vehicle Populationsto be Considered for
Emission Inventory Studies

Richard F. Gunst, 7/5/00
Statistical |ssues

This document summarizes an initial perspective on recent fine particul ate mass source
apportionment studies. It is hoped that this perspective will foster additional conversation
concerning statistical issues of the proposed Southern California gasoline/diesel exhaust

particul ate apportionment study. The issues raised in this report are intended to focus on matters
that affect the use of chemical mass-balance receptor modeling to apportion source contributions
from chemical species measurements. It is not the intent of this report to critique either past
measurements or previous analytical efforts. The documents that were received and used to form
this perspective indicate that the investigators in these studies are highly competent scientists
using the latest technologica advances and very sophisticated statistical methods. Rather, it is
hoped that the perspective contained in this report will highlight the need for additional
thoughtful consideration of statistical concernsin the planning of the proposed apportionment
study of these complex environmental processes.

Central to the discussions below are the apportionment study performed by researchers from
Cdlifornia Institute of Technology (Schauer et al. 1996) and the apportionment study of the
Northern Front Range Air Quality Study (Watson, et al. 1998). These studies are referred to
below as the Cal Tech and the NFRAQS studies, respectively.

Striking differences in conclusions resulted from the Cal Tech and the NRFAQS studies. For
example, the CalTech study concluded that vehicle emissions accounted for approximately 35-
56% of the fine organic aerosol concentrations, with diesel emissions contributing up to five
times more than gasoline vehicle emissions. Fine total particle concentrations (elemental carbon
and organic carbon) were caused by alarge number of emissions sources, with diesel and
gasoline emissions contributing in much lower percentages. Again, diesel emissions contributed
amuch greater percentage of the particul ate concentration than gasoline vehicles.

On the other hand, the NFRA QS study concluded that the Denver area urban contributions to

PM, ¢ carbon mass were 85% due to vehicle exhaust. The contribution of light-duty gasoline
vehicles to the PM,, . carbon mass was estimated to be 2.5 to 3 times that of diesel vehicles.

-Al-



These differing conclusions are likely due to a number of factors, not asingle feature of either
study. Like the apportionment studies themselves, it would be difficult to determine the
contributions of the various factors. Thisisin part because a number of scientific decisions were
made in each study that led to differences in implementing the data collection and modeling
components of the chemical mass balance receptor modeling approaches in the respective
studies. No attempt is made to enumerate all these differences or to resolve them. Nevertheless,
by highlighting some of the key differences that likely affected the statistical results, these
differences can be considered in the planning for the proposed Southern California
apportionment study.

Data Collection

The Cal Tech apportionment study used ambient fine particulate measurements that were
collected at 4 sitesin the Southern Californiabasin in 1982 (Schauer et al. 1996). Elemental
carbon, organic carbon, and a few trace elements were measured at these sites and for potential
source contributors. Measurement of trace elements such as elemental carbon permitted distinct
source profiles to be constructed for some of the emissions sources. Source emissions
measurements were obtained from sites located within an 80 x 80 km. grid centered over Los
Angeles.

Diesel truck emissions from data collected in 1982 (Gray et al. 1986) and a newer fleet of two
late-model, low-mileage diesel trucks analyzed in Hildemann et al. (1991) are acknowledged to
have similar organic compound concentrations but much different elemental carbon
concentrations. The analysis of Schauer et al. (1996) combined the elemental carbon emission
rate of Gray et al. (1986) with the organic carbon emission rates of the later Hildemann et al.
(1991) study in the source profiles.

The NFRA QS measurements were taken during the winters of 1996 and 1997 and the summer of
1996 at 9 sitesin the Denver urban region. Some ambient and source emissions measurements
were taken as part of NFRAQS and some were acquired through existing monitoring networks.
Extensive measurements of mass, chemical elements, ions, organic and elemental carbon,
organic compounds, and carbon-14 abundances were obtained.

V ehicle emissions characterizations were obtained from afleet of 111 vehicles (76 cars and 35

trucks) in the summer of 1996 and 84 vehicles (58 cars and 26 trucks) in the winter of 1997.
Each light-duty vehicle was tested using the FTP test protocol, with both composite and
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individual phase (bag) emissions included in the analyses. Heavy-duty diesel trucks were tested
using one of three driving cycles. the Central Business District, Heavy-Duty Truck Transient, and
West Virginia Truck cycles. Model years ranged from 1971 to 1996.

Satistical 1ssues

Over a Decade Between the Two Studies
CaTech: 1982: older technology vehicles, leaded fuels
NFRAQS: 1996: mixture of vehicle technologies and emissions control
systems; unleaded fuels, different blends for winter and summer
M easurement technology changes

Two Markedly Different Locales
CalTech: low altitude, coastal
NFRAQS: high altitude
Regional Weighting: urban vs. rura

Fleet Selection
CalTech: small fleet, only 2 trucks; pre-LEV technology
NFRAQS: large fleet, mixture of vehicle technologies and vehicle control
systems, different heavy-duty truck testing cycles

Wood Burning and Meat Cooking
Selection of wood types, meats

Source Profiles

Cass et a. (1982) report that atmospheric carbon particul ate emissions are generated from more
than 70 sources. Chemical mass balance equations are stable for only a maximum of about a
dozen sources. The Ca Tech apportionment study includes 15 potential sources, with only 12
used in the calculations. Concentrations of 100 organic compounds were obtained for both source
and ambient receptor samples, aswell asfor afew trace elements. A total of 48 of these
measurements were used in the chemical mass balance equations.

A chemical compound was used in the mass balance equations in the Cal Tech study only if the
area-wide emissions total for the compound from the examined sources was approximately equal
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to the ambient concentrations measured at the 4 sites. Approximate equivalence was established
by comparison with concentrations of relatively inert fine elemental carbon, fine silicon, and fine
aluminum.

The NFRAQS study uses at most 11 emissions sources in any analysis. The motor vehicle source
categories were partitioned into light- and heavy-duty diesel exhaust emissions and three-
categories of light-duty gasoline vehicle exhaust emissions: hot stabilized operation, cold starts,
and high particle emitters. A total of 80-85 chemical species were measured and used in the
chemical mass balance equations. Source profiles were normalized to reconstructed mass rather
than measured mass because the two “ often differed significantly” (Watson et al. 1998, p. 4-12).

Satistical 1ssues

Selection of Potential Source Contributors
Different studies can be expected to produce similar results only if they begin with the
same selection of potential emissions sources. It iswell known and understood that
serious biases can result if contributing emissions sources are not included in the
chemical mass balance equations. In addition, if the partitioning of sources (e.g.,
composite emissions into phase emissions) were to result in the elimination of other
sources or source profiles because of the introduction of collinearities, interpretation
of source contributions would be problemmatic.

Selection of Chemical Species

Exclusion of potentially important chemical species, including tracer elements, can

result in the exclusion of emissions sources because of the inability to formulate

noncollinear source profiles.

Both Sudies: Important chemical species may differ by locale and over time.
Individual decisions were made to eliminate collinearities.

Cal Tech: Equivalence of ambient and source chemical compounds. Averaging
individual source profilesto represent source categories.

NFRAQS. Normalize source profiles to estimated particle mass, not measured
mass. Eliminating source profiles when attributed mass sufficiently differs
from measured mass. Negative attributions set to half the uncertainty.
Selecting an individual species profile to represent source categories.

Fleet Selection
CalTech: small fleet, only 2 trucks; pre-LEV technology
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NFRAQS: large fleet, mixture of vehicle technologies and vehicle control
systems, different heavy-duty truck testing cycles

Wood Burning and Meat Cooking
These are necessary but severe limitations on the use of chemical mass balance
equations. The addition of tracer elementsisintended to alleviate some collinearity
problems by providing better identification of some sources but subjective decisions
were required to eliminate other collinearities.

Estimation Methods

The chemical mass balance receptor modeling approach to the apportionment of carbon-based
particul ate sources is a specialized version of a genera statistical methodology that is often
referred to as measurement error modeling (e.g., Fuller 1987) or errors-in-variables modeling.
The effective variance solution of the chemical mass balance estimating equationsis an
adaptation of Gauss-Newton approximation to the solution of nonlinear measurement error
modeling equations presented by Britt and Luecke (1993; see also Fuller 1987, Section 3.2). Both
the Cal Tech and the NFRA QS source apportionment studies use EPA/DRI software to solve the
chemical mass balance equations.

Satistical |ssues

Chemical Species Add Linearly
The linearity assumption is one of convenience that may be approximately true.
Theoretical advances no longer make this assumption necessary for calculation of
solutions to the mass balance equations or for the calculation of uncertainty limits.

Measurement Errors are Uncorrelated
Thistoo is an assumption of convenience. It isvery likely not a valid assumption
since many of the chemical species measurement are taken at the simultaneously time
with the same instrumentation. Britt and Lueke’ s (1973) solution does not require this
assumption.
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Appendix B: Homogeneity of vehicle exhaust
Warren H. White, 7/27/00

The objective given by the Statement of Work for CRC/NREL project E-59-1ais“to
provide a recommendation regarding the sample size of vehiclesto be tested on chassis
dynamometers as part of a proposed gasoline/diesel exhaust particulate matter (PM)
apportionment study in Los Angeles.” It is understood that the analytical framework of the
apportionment study will be supplied by chemical mass balance (CMB) analysis, as exemplified
in prior studies by Schauer et al. (1996) and Watson et al. (1998).

In simple terms, the size required for the vehicle sample will turn on the chemical
homogeneity of vehicle exhaust, the accuracy with which exhaust can be considered to be a
chemical ‘compound’, of fixed composition. (Measurement imprecision can be addressed
without increasing the vehicle sample, through repesat testing of the same vehicles.) More
precisely, the required sample size will depend on the homogeneity of exhaust within identifiable
categories of vehicles (e.g. diesel, catalyst-equipped gasoline, pre-catalyst gasoline) and/or
operating conditions (e.g. cold start, hot stabilized operation, off-cycle operation).

At the present time, the chassis dynamometer tests carried out during NFRAQS (Watson
et a., 1998) appear to be the only data available that show the variability of exhaust from
superficially similar vehicles sampled from a common location during a common time period.
This note reviews the homogeneity of the NFRAQS exhaust datain the context of their use for
CMB analysis. The data are presented in aformat intended to promote direct and intuitive
evaluation, with a minimum of theoretical assumptions and statistical manipulations. Although
the NFRAQS data considered here are specific to Denver in winter 1997, the qualitative chemical
variability they exhibit may relate to current conditionsin Los Angeles as well.*

We begin with a conceptual review of the CMB approach. Figure 1 sketches vehicle-test
datafor asimplistic application where al sources of emissions fall into one of two categories.
The test results in the left-hand plot are favorable to CMB analysis because they indicate that
each source category has a characteristic, and distinct, exhaust composition. The ratio of marker
to total carbon from category A vehiclesis the same for high-emitters (high g/mi TC) and low

1. It should be noted, however, that NFRAQS found large differencesin light duty vehicle
exhaust between the winter tests examined here and a similar program of testing during
summer 1996 (Cadle et a., 1999).
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emitters (low g/mi TC), and is consistently greater than the ratio for category B vehicles. If we
know A and B to be the only categories emitting carbon and the marker species, then only simple
algebraisrequired to determine their contributions to the carbon in a measured sample of
ambient air:

[TCalar = {[Ml]4; - [TCla(M/TC)g} {((M/TC) 5 - (M/TC)g}, [1a]

[TCelar = {[Ml4; - [TCla(M/TC),} {(M/TC)g - (M/TC),.} . [1b]
Here [M],, and [TC],, are the measured ambient concentrations of marker and total carbon,
(M/TC), and (M/TC); are the ‘signature’ ratios measured in exhaust, and [TC,],;, and [TC;],, are
the desired source attributions.
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Figure 1. ldealized examples of emissions-test results. Each symbol represents an individual
measurement sample (e.g. of alarge truck or a homogeneous group of cars), from one of several
source categories (e.g. heavy duty diesels or visibly smoking gasoline vehicles). The plots show
hypothetical relationships between emission rates for source-specific marker species and total
carbon (TC). Logarithmic axes are used to facilitate the consideration of vehicles with widely
differing emissions rates.

An attractive feature of the CMB solution [1a,b] isthat it does not involve absolute rates
(g/hour) of TC emissions. In place of source terms summing [emissions/vehicle-mile]x[vehicle-
miles traveled] over al types of vehicles, CMB analysis substitutes the detailed chemical
speciation of emissions and ambient air. A major potential benefit of this trade-off is that
individual sources of widely differing magnitudes (in terms of mg/mi TC) can have chemically
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similar emissions (in terms of dimensionless M/TC). We can then settle for chemically
characterizing alimited sample of ‘representative’ sources, without having to estimate mass
emission rates throughout the population. The other side of the trade-off isthat it becomes
necessary to identify and characterize these chemical ‘signatures’. Usable marker species exist
only if we can partition sources into chemically homogeneous categories.

Figure 1'sright-hand plot illustrates two ways in which actual test results can depart from
the theoretical assumptions of CMB analysis. In category A, species emissions correlate
perfectly (r> = 1.0) with TC emissions, but the ratio M ,/TC, varies systematically with the rate.
The ratio Mg/TC; for category B shows no such trend, and reflects a strong correlation (r* = 0.9)
between species and TC emissions, but nevertheless varies within the category. Both situations
present the analyst with the need to determine composite source profiles, chemical signatures that
apply to categoriesin the aggregate and may only approximately represent any individual source.
Figure 2 illustrates some alternative approaches to this problem.

compositing profiles
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Figure 2. Hypothetical emissions data from two vehicle tests (symbols),
with three possible chemical signatures for the aggregate vehicle class.
Physically pooling the test samples before chemical analysisyields the
lowest sloping line (‘analysis'); thisrepresents the ratio M/TC = ([M],
+[M])/([TC], +[TC],), where [*], and [*], are the samples from the two
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tests. Numerically averaging the emissions profiles after chemica analysis
yields the highest sloping line (‘ profile’); this represents the mean
(IM],/[TC], + [M],/[TC],)/2 of the ratios from the individual tests. The
middle sloping line (‘emissions’) indicates the ratio Q,,/Qy Of aggregate
emissions for the category asawhole, if low emitters (lower-left symbol)
outnumber high emitters (upper-right symbol) by 10:1 in terms of vehicle-
miles traveled.

Figure 2 shows that the key parameters (M/TC), and (M/TC); in the CMB solution [1a,b]
can be sensitive to our accounting procedures when we work with chemically inhomogeneous
source categories like those in the right-hand plot of Figure 1. If the vehicle category tested in
Figure 2 were the source of all species M in the atmosphere, then we would estimate this
category’s contribution to total ambient carbon by determining the intersection in Figure 2 of the
horizontal line representing the ambient concentration of M with the sloping line representing the
source ratio M/TC. The horizontal coordinate of this intersection, which represents the total
ambient carbon attributed to the tested source, varies by afactor of about 3 across our aternative
source signatures.

DRI composited their exhaust samples both physically and numerically to arrive at source
signatures for the NFRAQS CMB. The roughly 125 exhaust samples collected from individual
light-duty (LD) vehicles werefirst sorted, by fuel type, phase of test cycle, and observed mass
emissions, into about 50 different subgroups of comparable vehicles and operating conditions.
The samples within each subgroup were physically pooled, then chemically analyzed. Another
15 exhaust samples from heavy-duty (HD) diesel trucks were analyzed separately. The resulting
chemical profiles (normalized by reconstructed total mass rather than the total carbon used here)
were then examined for similarities and differences. After some experimentation, the roughly 65
different exhaust profiles were eventually partitioned into four relatively homogeneous
categories: gasoline cold starts ( FTP phase 1 for non-smoking LD vehicles), gasoline hot-
stabilized operation (FTP phase 2 for non-smoking LD vehicles), gasoline smokers (FTP phases
1-3 for visibly smoking LD vehicles), and diesels (the full LD FTP or HD truck cycle). Within
each of these categories the individual profiles were averaged numerically, to yield the four
distinct composite exhaust profiles that were ultimately used in the CMB analysis.

Figures 3 - 12 below plot NFRAQS (and afew Caltech) resultsin the format of Figures 1
and 2, providing a visual indication of the apportionment uncertainties introduced by chemical
heterogeneity. To allow the reader to form his or her own impressions without prejudice, these
figures are presented without editorial commentary.
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NFRAQS winter

1E3 =+
T H
E 3*><
1E2 M e, é
— ] %* Xxl 2
£ : =
=2 v 32 4
2 1E1. v
%) ? Mg@fg)% 5
LL 1
1E0L— &
1E'1 ——++HH ——++HH ——HH ——HH
1EO 1E1 1E2 1E3 1E4

TC, mg/mi

o0 hotrun A smoker x cold start

Figure 3. Elemental carbon (EC) and total carbon (TC) emissions measured in pooled exhaust
samples from light-duty gasoline vehicles (Fujita, 2000). Symbols indicate the classifications
employed in the final CMB analysis for NFRAQS: hot-stabilized operation (* hot run’), visibly
smoking vehicle (‘smoker’), and cold-start operation (‘ cold start’). Labels on the smoker data
indicate the phase of the Federal Test Procedure from which samples were collected; 3 different
groups of smokers were tested. Labels on the cold start and hot run data indicate the mass-
emissions levels of the vehicle groups; there were 2 low-emitting groups, 2 medium-low, 3
medium, and 2 high. DRI excluded data from one smoker group and one medium-low group
from the final composites; the excluded data are distinguished by asterisks.
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Figure 4. Full-cycle elemental carbon (EC) and total carbon (TC) emissions measured in tests of
light- and heavy-duty gasoline and diesel vehicles. DRI data are from the NFRA QS winter
measurements (Fujita, 2000). In addition to the light-duty gasoline vehicles represented in Figure
3, they include 5 light-duty and 15 heavy duty diesel vehicles. CIT (Caltech) dataare from
measurements reported by Rogge et al. 1993 (WFR) and Schauer 1998 (JJS). Roggeet a. and
Schauer each pooled samples from three different vehicle categories, collected in Los Angelesin
different years. catalyst-equipped light-duty gasoline vehicles, pre-catalyst light-duty gasoline
vehicles, and heavy-duty (WFR) or medium-duty (JJS) diesel trucks.
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NFRAQS winter
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Figure 5. Hopane and sterane emissions measured in pooled exhaust samples from light-duty
gasoline vehicles. The vertical coordinate shows the sum of the individual hopanes and steranes
included as fitting speciesin the final NFRAQS CMB. Format and data source are otherwise as
in Figure 3.
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Figure 6. Full-cycle emissions of hopane and steranes measured in tests of light- and heavy-duty
gasoline and diesel vehicles. The vertical coordinate shows the sum of the individual hopanes
and steranes included as fitting species in the final NFRAQS CMB. Format and data source are
otherwise asin Figure 4.
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Figure 7. Full-cycle emissions of (20R)-5a(H),14a(H),17a(H)-cholestane (‘c27rac’) and
17a(H),215(H)-hopane (*ab_hop’) measured in tests of light- and heavy-duty gasoline and diesel
vehicles. The plotted sterane and hopane were included in both the DRI and CIT measurements.
Format and data sources are otherwise asin Figure 4.
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NFRAQS winter
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Figure 8. ‘Particulate’ PAH emissions measured in pooled exhaust samples from light-duty
gasoline vehicles. The vertical coordinate shows the sum of the individual particulate PAHs
included as fitting species in the final NFRAQS CMB. Format and data source are otherwise as
in Figure 3.
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Figure 9. Full-cycle emissions of ‘particulate’ PAHs measured in tests of light- and heavy-duty
gasoline and diesel vehicles. The vertical coordinate shows the sum of the individual particulate
PAHs included asfitting speciesin the final NFRAQS CMB. Format and data source are
otherwise asin Figure 4.
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Figure 10. Full-cycle emissions of anthracene (‘anthra’), benzo[ €] pyrene (* bepyrn’),
benzo[a]pyrene (‘ bapyrn’), and indeno[ 123-cd]pyrene (‘incdpy’) measured in tests of light- and
heavy-duty gasoline and diesel vehicles. The plotted particulate PAHs were included in both the
DRI and CIT measurements. Format and data sources are otherwise asin Figure 4.

-B12-



NFRAQS winter
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Figure 11. ‘Gaseous PAH emissions measured in pooled exhaust samples from light-duty
gasoline vehicles. The vertical coordinate shows the sum of the individual gaseous PAHS
included as fitting speciesin the final NFRAQS CMB. Format and data source are otherwise as
in Figure 3.
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Figure 12. Full-cycle emissions of gaseous PAHs measured in tests of light- and heavy-duty
gasoline and diesel vehicles. These compounds were not measured in the Rogge et a. (1993)
and Schauer (1998) studies. The vertical coordinate shows the sum of the individual gaseous
PAHs included asfitting speciesin the final NFRAQS CMB. Format and data sources are
otherwise asin Figure 4.
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Appendix C: Dimensions of variation in vehicle exhaust
Warren H. White, 9/24/00

This note extends the exploration of exhaust composition that Homogeneity of vehicle
exhaust (7/27/00) began. The former note considered compounds one class at atime, plotting
dynamometer-test data as mg/mi. The present note considers compound combinations
representing the dimensions of observed chemical variation, and plots the same data as
dimensionless mass ratios normalized to total carbon (TC).

The new format permits source-test data, CMB inputs, and CMB outputs to be overlain
on the same plot, allowing the reader to visualize the connections among them. The cost of such
multi-layering is abusy figure (e.g. Figure 1) that requires an investment from the reader. The
return on this investment should be better feel for the relationships encoded in CMB analysis.

All datain this note are from the Northern Front Range Air Quality Study (NFRAQS) in
Denver, supplied by Dr. Eric Fujitaof DRI as electronic spreadsheets. It would be of interest to
include data from a suite of more intensive chemical analyses of Los Angeles vehicle emissions
(Rogge et al., 1993), but these are not available in electronic form. While Rogge et al.
guantified some potentially useful marker species that could not be resolved in NFRAQS, they
aggregated their exhaust samples into full-cycle composites for just 3 different vehicle groupings.
NFRAQS, in contrast, distinguished exhaust samples from over 60 distinct vehicle groupings and
operating modes, yielding a data set more suited to a study of composition variability. This note
focuses on the results obtained over full FTP cyclesfor 15 light duty vehicle groups (10 gasoline
and 5 diesel) and full warm-start truck cycles for 15 heavy-duty diesel vehicles.

DRI’s analyses for NFRAQS reported over 100 distinct organic compounds.  Some of
these were detectable only in ambient air, some were detectable in vehicle exhaust but not in
ambient air, and some were detectable in wood or charbroiler smoke but not in vehicle exhaust.
The present analyses are limited to compounds usually quantifiable in vehicle exhaust. Listedin
Table 1, these are elemental carbon (note that the organic fraction OC/TC=1- EC/TC s
determined by the elemental fraction) and the 48 organic species whose signal/noise ratios
(reported_value/standard_error) exceeded 4:1 in at least half of the vehicle exhaust groupings (15
of the 30 tests over complete cycles).
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C-Dimethylphenanthrene
1,7-Dimethylphenanthrene
D-Dimethylphenanthrene
E-Dimethylphenanthrene
Anthracene
9-Methylanthracene
Fluoranthene

Pyrene

C-Methylpyrene

lactones, sterols, hopanes, steranes

gnonla
€rgos

G-Nonanoic Lactone
ergostane

c27rch cholestane-1 (C27 20R-5@,14B,17B-chol estane)

ab30nh
ab _hop

norhopane-1 (17@(H),21B(H)-30 -Norhopane)

hopane-1 (17@(H),21B(H)-Hopane)

Table 1. Organic compounds measured with better than 25% analytical precision over full FTP
or truck cyclesin at least half of the NFRAQS vehicle groupings. Compound identifiers and

groupings are as employed in NFRAQS.

Figure 1 summarizes the abundance of EC and * particulate’ polycyclic aromatic
hydrocarbons (PAHp) in various exhaust mixtures. EC has sometimes been employed asa
surrogate metric for exposure to diesel exhaust (EPA, 2000), while PAHp consistently
distinguished gasoline from diesel exhaust in the NFRAQS tests (Homogeneity of vehicle
exhaust, Tables 8-10). (Schauer et al. (1996) supports the EC = diesel approximation, attributing
about 95% of 1982 EC in downtown Los Angeles to diesel exhaust, but Watson et al. (1998)
attributes much of the winter NFRAQS EC to non-diesel sources.)
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Figure 1. EC and PAH contents of exhaust from various vehicles and vehicle
groupings sampled in NFRAQS. All contents are expressed as grams of compound per
grams of total (elemental+organic) carbon. Datafrom individual light and heavy duty
diesel vehicles operated on FTP and heavy truck cycles are indicated by symbols. Data
from groups of light duty gasoline vehicles operated on the FTP cycle are indicated by
the lower case identifiers: 12 (low emitters), mil- mi2 (medium-low emitters), ml- m3
(medium emitters), hl (high emitters), and sl- s3 (visibly smoking vehicles). (Groups Il
and h2 lack datafor the cold-start portion of the FTP.) Squares with capitalized |abels
indicate the composite profiles used as inputs to the NFRA QS extended-species CMB:
P1 and P2 (non-smoker), SM (smoker), and HD (heavy duty diesel). The non-smoker
profiles represent different operating modes. P1 (‘ cold start’-- phase 1 of the FTP),
and P2 (* hot stabilized' -- phase 2 of the FTP). Finally, the average winter mix of
ambient vehicle exhaust estimated by the NFRA QS extended-species CMB is
indicated by the centered labels ‘ Brighton' and ‘Welby’.
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Figure 1 depicts EC and PAHp contents for ambient mixtures (Brighton and Welby) as
well asindividual and composited source samples. The ambient data refer only to the
contribution of vehicle exhaust, not to total ambient particulate matter, and are accordingly based
on CMB estimates rather than direct measurement. The figure’ s graphical point is that, under the
assumptions of the CMB, ambient compositions must be weighted vector averages of the
contributing source compositions. With two chemica dimensions (EC and PAHp) in our plot, it
isgeometrically clear that we should be able to represent any ambient composition as a unique
combination of three given source compositions. (The problem is analogous to placing three
weights so as to balance arigid and weightless plate on the tip of a vertical spindle. Physical
reality of course requires that all source contributions be non-negative, so the ambient mix must
lie within the triangle formed by the three sources.) With n chemical dimensions, we can
correspondingly determine unique weightings for n+ 1 different source compositions.

Figure lais afocused version of Figure 1, showing only the Brighton mixture and the
four vehicle profiles used in the NFRAQS CMB. The Brighton composition is shown to lie near
the line between the diesel (HD) and smoker (SM) profiles, meaning that it can be approximated
as alinear combination of just these two sources. Brighton is dightly closer to the smokers than
it isto the diesels, meaning that smokers will be the more heavily weighted in this combination.
From simple inspection, therefore, we can conclude that Brighton vehicle exhaust is dominated
by smokers and diesels, with smokers the more important of the two. The exact CMB estimateis
in fact 56% smokers, 32% diesels, 9% cold starts (P1), and 3% hot-stabilized gasoline vehicles

(P2). (It should be recalled that this CMB estimateis
what provided the EC and PAHp contents used to

1 ) o
locate ambient exhaust composition in the plot. 1f
08 CMB analysis had attributed more of the observed
' T HD ambient OC to charbroiler and wood smoke, for

example, that would have left ambient exhaust with a
higher EC/(EC+OC) ratio. The higher EC content
would have raised Brighton’s position in the plot,

»
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N (

Pl o . .
Brighton moving it closer to the diesel profile.)
[J P2
0.2
o ﬁ SM Figure 1la

0 0.04 0.08 0.12 0.16
'‘particulate’ PAH wt fraction



Figure 1b offers asimilar focus on the Welby mixture. The essential difference between
Welby and Brighton is that the Welby composition is much closer to that of the cold-start

gasoline profile. The CMB accordingly weights cold
starts much more heavily in the Welby mixture, which
is estimated as 32% cold starts, 31% smokers, 30%
diesels, and 8% hot-stabilized gasoline vehicles. (The
reader should again note the apparent circularity of the
preceding phrasing. In reality, Welby is plotted near
the cold-start profile because the CMB estimates a
significant cold-start contribution, not vice versa.)

Figure 1b.
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Having trained our eyes on Figures 1a and 1b, we can now return to the full Figure 1 with
anew appreciation of itsimplications for E-59. The observed EC and PAHp contents of ambient
exhaust in Brighton and Welby can be reproduced by many different combinations of vehicles,
and different combinations yield different estimates for the gas/diesel split. Figure 1c shows, for
example, how the EC and PAHp contents observed in Welby exhaust could arise from either a

wholly gasoline-fueled fleet (combining smokers and
1 non-smoking high-emitters) or a 50-50 mix of

0.8
c
20.6 {
(8]
g
204 input.
o 0.4
m

0.2

0 = = : :
0 0.04 0.08 0.12 0.16 = 1
'particulate’ PAH wt fraction rigure 1C.
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gasoline and diesel vehicles. The ambiguity
illustrated by Figure 1c in no way invalidates the
CMB approach, but smply points to the need for
independent information on fleet composition as an



Attention has so far been restricted to presel ected exhaust constituents, EC and PAHp,
and these might not be the most informative dimensions in the space of all chemical
compositions. We obviously cannot visually assimilate all 49 dimensions (cf. Table 1) of this
space, but we can use standard matrix decomposition techniques (Jolliffe, 1986) to identify the
chemical dimensions that contribute the most variability in exhaust composition. It turns out that
two dimensions, properly chosen, are sufficient to account for most of the total variance in the
individual profiles. These dimensions, or principal components, are specified by linear
combinations of the 49 resolved species as indicated in Figure 2. Figure 3 replots the data of
Figure 1 in this alternative coordinate system.
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Figure 2. Normalized compositions for the plotting axesin Figure 3. Speciesareasin Table 1.
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Figure 3. Data and format of Figure 1 projected into the chemical plane indicated in
Figure 2.

The vertical axis of Figure 3 (component 1) is closely aligned with EC and the figure as a
wholeisrather similar to Figure 1, suggesting that the original coordinates EC and PAHp
supplied much of the useful information on exhaust composition. The involvement of
naphthalene and other ‘gaseous' PAHs in the horizontal axis (component 2) eliminates the
distinction ‘ particulate’ PAHs drew in Figure 1 between some of the light- and heavy-duty
diesels. Theinfluence of ‘gaseous PAHs in Figure 3 also highlights the anomal ous character of
one of the ‘medium-low’ groups (ml2), which DRI for this reason excluded from its CMB profile
for hot-stabilized emissions.

The plotting axes used in Figure 3 were chosen to account for inter-vehicle variance in
the absolute fractions of TC contributed by individual species. This selection criterion
preferentially weights constituents like EC and naphthal ene that supply much of the total mass,
regardless of whether they supply useful distinctions between vehicle classes. An dternative
approach isfirst to re-scale each compound to exhibit unit variance across al 30 vehicle
groupings, thereby placing them all on an equal footing. Applying the same matrix
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decomposition techniques to the 48 trace compounds (omitting EC) re-scaled in this manner then
yields new principal components, the first four of which serve as axes for the various projections
in Figure 4.

Figure 4 shows the data of Figure 1 projected into chemical planes that maximize the
relative variation in exhaust composition as described above. Some of the new axes offer
enhanced resolution within seemingly homogeneous vehicle classes: for example, component 3
varies considerably over the class of diesels, and fairly well distinguishes light-duty from heavy-
duty members of thisclass. None, however, offer clearly improved discrimination between the
diesel and gasoline fleets.

The NFRAQS explorations sketched in this note can be summarized as follows:

Variationsin exhaust composition within vehicle classes are substantial relative to mean
differencesin exhaust composition between vehicle classes.

This variability means that CMB-based source attributions are likely to be sensitive to the
selection of vehicles for exhaust characterization. The resulting sampling error is beyond the
corrective capacity of any theoretical analysis, and is likely to dominate the overall uncertainty of
CMB estimates. It can be addressed only by improvementsin experimental design: (a)
increasing the number and representativeness of vehicles recruited for testing, and/or (b)
measuring additional marker compounds that are more specific to particular vehicle categories.
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Figure 4. Projections of exhaust composition on principal components of the re-scaled NFRAQS
data matrix, as described in text. Plotting symbols are asin Figure 1.
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Appendix D: Typesof uncertainty in CMB estimates
Warren H. White, 8/22/00

L et us discuss the uncertainty of CMB estimates in the simplest possible setting: thisis the
case in which we can identify a marker compound that serves as a unique tracer for exhaust from
a specific category of vehicles and operating conditions. Let
M = thefine PM (or OC) emitted by this source category, and let
X, = thechemical constituent of M with no other source of emissions (the ‘tracer’).

(The more general case, in which we have multiple marker compounds which are emitted in
differing relative amounts from multiple sources, would get us into matrix rather than scalar
notation. Otherwise, it is completely analogous.)

It will be helpful to have some consistent notation for the discussion to follow:
(] the true mass concentration in the ambient air volume of interest,
[, = themeasured mass concentrationin our sample of ambient air,
<> = thetrue massratio in the aggregate exhaust from the vehicle population of interest,
<>, = thetrue massratio in the aggregate exhaust from vehicles that contributed to our
ambient sample,
<>, = themeasured massratio in the aggregate exhaust from the vehicle subpopul ation and
operating cycle selected for dynamometer testing.

The ambient concentration [x;], is directly observable but [M], is not, because ambient M is
indistinguishable from ambient PM or OC originating from other source categories. According
to the above definitions, the true concentrations are related as follows:

[M] = [x]/<x/M>, [1]

We can measure [x;], as an estimate of [x;], and can run dynamometer tests to obtain <x,/M>, as
an estimate of <x,/M>,. Substituting these approximationsinto [1] yields our source attribution:

[M]esimatea = [Xi]d/<X/M>g. [2]

The uncertainty in this attribution can be estimated by examining the likely errors in numerator
and denominator.

The error e = [x], - [X;] in the numerator of [2] represents the familiar type of uncertainty
that arises from errorsin sampling and analysis. It isusual, and reasonable, to assume that e
varies randomly from sample to sample if measurements are made with sufficient care. Inthis
case we can average over sufficiently many independent ambient samples to make the relative
error (mean[x;] ,-mean[x;])/mean[x;] as small aswe wish.

-D1-



The error in the denominator of [2] can be broken into two distinct components, <x,/M> -
<X /M>, = (X/M> - <x,/M>) + (<x/M> - <x;/M>,). The component <x,/M> - <x,/M>, =d
arises from spatial and temporal variations in the mix of the various vehicle categories and
operating conditions. Some of d can be regarded as random like e, arising from such variables as
traffic incidents and weather conditions. However, there may also be systematic dependences on
location (e.g., urban core vsinterstate highway) and time (e.g., Wednesday rush hour vs Sunday
morning). Our ambient sampling program must balance these systematic influences if we hope
to ‘average out’ their effects on our attribution.

The component <x/M>, - <x,/M> =d' arises from the failure of dynamometer testson a
sample of vehicles to reproduce the exact overall composition of real-world exhaust. Unlike e
and d, d does not ‘average out’ with increased ambient sampling, and can be addressed only by
added sourcetesting. The scatter plotsin my earlier note, Homogeneity of vehicle exhaust,
suggested that values of <x,/M> determined for different samples from the same category of
vehicles can vary by factorsof 2 or 3. Source attributions based on these values would retain this
same level of uncertainty, regardless of how many ambient samples they were averaged over.

The above considerations indicate that the number of dynamometer testsin E-59 will be
driven by the need to develop composite dynamometer profiles <x,/M>, that reliably simulate
the mean profiles <x,/M> of real-world exhaust. Previous analyses have not fully accounted for
the effects of the systematic profile errorsintroduced by <x,/M> - <x/M>=d'. The NFRAQS
analysis properly estimated the variance in <x,/M>, - <x,/M>_, including contributions from both
analytical error and observed differences in exhaust composition. However, the propagated
uncertainties in the apportionments for individual days were then treated statistically as being
wholly independent of each other, neglecting the systematic influence of imperfectly
representative source measurements. The uncertainties estimated for mean NFRAQS
apportionments (e.g. Table 7.3-1 et. seq.) are therefore unrealistically low. The Caltech study did
not include the multiple source tests needed to characterize variations in exhaust. That group’s
propagation of uncertainty accordingly focused on the random component contributed by
analytical error.

My discussion thus far can legitimately be faulted for its restriction to the case where a
source is distinguished by asingle tracer compound. In actual applications, numerous marker
compounds may be available for the same source. Let uslist these asx,, X,, ... X,. (For
simplicity, we will stay within the setting where all are ‘unique’ tracers, with no other sources.)
In this case we can extend our source attribution equation [2] to an over-determined system of
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eguations:
[M]esimatea = [Xal o/ <X/M>,
[M]esimated = [Xol o/ <X/M>,

t.M]wimaw = [Xdd<XIM>, [3]

L east-squares techniques can be used to obtain a‘ solution’ to system [3] that minimizes the
discrepancy between the observed ambient composition [X,],, [X,], ---» [X], @d the dynamometer
profile <x,/M>, <x,/M>, <x,/M>, The standard CMB software assumes the errors <x,/M> -
<x,/M>, for different speciesin our source profile to be statistically independent of one another,
modeling them as noise from random measurement error. Their calculated effects on the solution
accordingly tend to ‘average out’ as the number k of available tracersincreases. The theoretical
redundancy in system [3] thus seems to reduce our need for certainty in the source profile. This
redundancy can be more apparent than real, however.

As noted earlier, uncertainties in the source profile arise from imperfectly representative
vehicle sampling and test cyclesin addition to the measurement errors associated with any
chemical analysis. The scatter plotsin Homogeneity of vehicle exhaust suggest that the effects of
unrepresentative dynamometer testing can in fact dwarf the analytical errorsfor many species.
Unfortunately, variations in exhaust composition can have highly correlated effects on the tracer
abundances <x/M>_. Table 1 shows an example of inter-species correlations observed for the
errors <x,/M>, - <x;/M>, when NFRA QS dynamometer data from individual test groups are used
to estimate the composite profile for hot-stabilized emissions. The benefits of using multiple
tracersin this situation are largely illusory, as the additional compounds carry little in the way of
new information.
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phenan | fluore | a mflu | ¢ mflu | a mpht | m 2pht | ¢ mpht | m 1pht | dm36ph | a dmph | ¢ dmph | dm17ph | anthra | fluora | pyrene | a mpyr | ¢ mpyr
phenan 1.00 0.88 | 0.88 0.77 0.91 0.88 0.88 0.87 0.76 0.74 0.77 0.76 0.86 | 0.82 | 0.87 0.59 0.67
fluore 0.88 1.00 | 0.68 0.79 0.63 0.61 0.58 0.59 0.52 0.49 0.50 0.50 066 | 065 | 0.65 0.38 0.50
a mflu 0.88 068 | 1.00 0.67 0.86 0.77 0.81 0.75 0.58 0.54 0.59 0.57 072 ] 060 | 0.70 0.32 0.39
c_mflu 0.77 0.79 | 0.67 1.00 0.65 0.63 0.58 0.61 0.57 0.55 0.53 0.53 058 | 0.64 | 0.66 0.32 0.55
a mpht 0.91 0.63 | 0.86 0.65 1.00 0.98 0.97 0.98 0.90 0.89 0.91 0.90 092 | 0.88 | 0.92 0.65 0.78
m_2pht 0.88 061 | 0.77 0.63 0.98 1.00 0.98 1.00 0.96 0.94 0.96 0.94 096 | 094 | 0.94 0.75 0.86
c_mpht 0.88 058 | 0.81 0.58 0.97 0.98 1.00 0.98 0.90 0.87 0.92 0.90 095 | 0.89 | 0.90 0.76 0.76
m_1pht 0.87 059 | 0.75 0.61 0.98 1.00 0.98 1.00 0.96 0.95 0.97 0.95 095 | 093 | 0.93 0.77 0.86
dm36ph 0.76 052 | 0.58 0.57 0.90 0.96 0.90 0.96 1.00 0.99 0.99 0.99 0.89 | 0.98 | 0.96 0.83 0.96
a dmph 0.74 049 | 0.54 0.55 0.89 0.94 0.87 0.95 0.99 1.00 0.99 0.98 087 | 0.95 | 0.93 0.80 0.97
¢ dmph 0.77 050 | 0.59 0.53 0.91 0.96 0.92 0.97 0.99 0.99 1.00 1.00 0.89 | 0.96 | 0.95 0.85 0.95
dm17ph 0.76 050 | 057 0.53 0.90 0.94 0.90 0.95 0.99 0.98 1.00 1.00 086 | 0.97 | 0.96 0.87 0.95
anthra 0.86 066 | 0.72 0.58 0.92 0.96 0.95 0.95 0.89 0.87 0.89 0.86 1.00 | 0.89 | 0.85 0.74 0.79
fluora 0.82 0.65 | 0.60 0.64 0.88 0.94 0.89 0.93 0.98 0.95 0.96 0.97 0.89 | 1.00 | 0.98 0.85 0.95
pyrene 0.87 065 | 0.70 0.66 0.92 0.94 0.90 0.93 0.96 0.93 0.95 0.96 085 | 098 | 1.00 0.81 0.90
a mpyr 0.59 0.38 | 0.32 0.32 0.65 0.75 0.76 0.77 0.83 0.80 0.85 0.87 074 | 0.85 | 0.81 1.00 0.81
C_mpyr 0.67 050 | 0.39 0.55 0.78 0.86 0.76 0.86 0.96 0.97 0.95 0.95 079 | 095 | 0.90 0.81 1.00

Table 1. Correlations among compoundsin LDGV exhaust. Values give product-moment correlation coefficients (r) for the mass fractions
<species mass_(mg/mi)/total_mass (mg/mi)>. Data are from NFRAQS measurements of exhaust from eight groups of non-smoking LDGVsin hot-

stabilized operation (normalized profiles L1P2, L2P2, ML1P2, M1P2, M2P2, M3P2, H1P2, H2P2). The listed compounds, identified asin the
NFRAQS report, are al particulate PAH’ s that were measured with precisions of 10% or better. Correlations throughout the highlighted region

exceed 85%. The critical value for one-sided statistical significance at the 1% level isr = 0.79.
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Appendix E: Measurement of EC
Warren H. White, 10/31/00

Two different thermal-optical procedures are widely used to determine the fraction of a
sampl e’ stotal carbon present in the reduced, or “elemental,” form. These are varioudly identified
asthe TOT/Sunset Labs/NIOSH and TOR/DRI/IMPROVE methods, and they are known to yield
substantially different EC/OC splits (Countess, 1990; Chow et al., 2000; Norris et al., 2000).
Both methods evolved from a common ancestor (Johnson et al., 1981) over the course of a
decade or more, complicating the interpretation of trends and the integration of datafrom
different studies, particularly those from different years. This situation will likely continue, as
the nation has invested in two large ambient monitoring networks (IMPROVE and PM,, .
speciation), the former employing the IMPROV E method and the latter the NIOSH method.

In NFRAQS, DRI used the TOR method employed in the IMPROVE network. Inits
study of Los Angeles, the Caltech group used the TOT method employed in the PM,, ; speciation
network. Table 1 compares results from the two studies.

DRI Caltech
(Denver) (Los Angeles)
heavy-duty diesel 80% 55%
LDGV, good cond’'n 43% 31%
LDGV, poor cond’n 18% 3%
meat charbroiling 2% 0%
softwood, fireplace 35% 2%
hardwood, fireplace 11% 5%

Table 1. “Elemental”/total carbon ratios (EC/TC) measured in two different
emissions characterization studies. Values under the DRI heading were
determined by the thermal-optical reflectance (TOR) method and are from the
following NFRA QS composite source profiles (Watson et al., 1998; Fujita, 2000):
heavy duty diesel vehicles, truck cycle (NWHD); non-smoking light duty gasoline
vehicles, FTP (NWnSPC); visibly smoking light duty gasoline vehicles, FTP
(NWSCPC); meat charbroiler (NMc); fireplace burning soft woods (NWFSc);
fireplace burning hard woods (NWFHc). Non-diesel values under the Caltech
heading are from Schauer (1998), with the condition of LDGV sreferring to the
presence (‘good’) or absence (‘poor’) of an exhaust catalyst. They are more recent
than those used in the Schauer et a. (1996) apportionment, and were determined
by the current thermal optical transmittance (TOT) method. The Caltech heavy-
duty diesel valueisfrom Rogge et a. (1993), and was determined by an earlier
implementation of the TOT method.
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M easurements of ambient EC by TOR and TOT typically track each other well. The U.S.
EPA recently made collocated measurements in Philadel phia and Phoenix (twenty 24h samples
at each location), and found TOR EC to be about twice TOT EC with correlation coefficients
exceeding 95% (Norris et a., 2000). The disagreement is not a matter smply of calibration,
however, as the two methods respond differently to individual components of the ambient mix.
As Figure 1 shows, diesels and low-emitting gasoline vehicles are the only source categories with
emissionsthat arericher in TOT EC than typical ambient air is, while gasoline high-emitters and
softwood burning strongly depress the ambient EC/TC fraction as measured by TOT. Most TOT
EC in ambient air must therefore have come from diesel exhaust (assuming emissions from low-
emitting gasoline vehicles to be relatively unimportant). Diesels and gasoline low-emitters are
alsorichin TOR EC, but so is softwood smoke, and even gasoline high-emitters only mildly
depress the ambient EC/TC fraction as measured by TOR. In contrast to TOT EC, then, much of
the ambient TOR EC could have come from softwood smoke and gasoline high-emitters.

charbroil II_'l

softwood H|

hardwood 5—' 0
'poor' LDGV :,tl TOT

‘good’ LDGV —

HD diesel | ||

0 1 2 3
(EC/TC)/(ECamb/TCamb)

Figure 1. Emitted EC/TC fractions from Table 1, normalized to ambient averages
determined by collocated TOR and TOT measurements in Phoenix. (Recall that the
source data were from measurements in Denver and Los Angeles.) Ambient samples
were collected on 20 days during January-February 1999 (Norris et al., 2000);
ambient values EC,,,/TC,,, were 31% (TOR) and 19% (TOT). TOR emissions data
(DRI) are normalized to the TOR ambient value, and TOT emissions data (Caltech)
are normalized to the TOT ambient value.

-E2-



References

J.C. Chow, J.G. Watson, D. Crow, D.H. Lowenthal, and T. Merrifield (2000) Comparison of
IMPROVE and NIOSH carbon measurements. Paper presented at PM 2000, Charleston.

R.J. Countess (1990) Interlaboratory analyses of carbonaceous aerosol samples. Aerosol Science
& Technology 12, 114-121.

E. Fujita (2000) persona communication of electronic spreadsheets NFSOR611.XL S and
W_MVPROF980604.XLS.

R.L. Johnson, J.J. Shah, R.A. Cary, and J.J. Huntzicker (1981) An automated thermal-optical
method for the analysis of carbonaceous aerosol. In Atmospheric Aerosol: Source/Air Quality
Relationships, E.S. Macias and P.K. Hopke editors, American Chemical Society, Washington.

G.A. Norris, M.E. Birch, M.P. Tolocka, C.W. Lewis, P.A. Solomon, and J.B. Homolya (2000)
Comparison of particulate organic and elemental carbon measurements made with the
IMPROVE and NIOSH Method 5040 protocols. Manuscript submitted for publication.

W.F. Rogge, L.M. Hildemann, M.A. Mazurek, G.R. Cass, and B.R.T. Simoneit (1993)
Composition of light-duty motor vehicle exhaust particulate matter in the Denver, Colorado area.

Environmental Science & Technology 27, 636-651.

J.J. Schauer (1998) Source contributions to atmospheric organic compound concentrations:
emissions measurements and model predictions. PhD Thesis, California Institute of Technology.

J.G. Watson, E. Fujita, J.C. Chow, B. Zielinska, L.W. Richards, W. Neff, and D. Dietrich (1998)
Northern Front Range Air Quality Study Final Report. Desert Research Institute, Reno.

-E3-



Appendix F: Statistical Fleet-Sizing
Richard F. Gunst, 10/24/00

The ultimate goal of statistical fleet sizing assessment is to ensure that a sufficient
number of vehicles are included in a study so that the objectives of the study can, with a
high degree of certainty, be achieved. This very straightforward goal is actually very
complex due to a number of critical components of the fleet-sizing assessment process. In
its simplest form, fleet-sizing first seeks to eliminate, to the greatest extent possible,
potential biases due to nonrepresentativeness of the vehiclesincluded in the test fleet.
Second, subject to the elimination of potential biases, fleet-sizing seeks to reduce
uncertainty in the statistical analysis of the study results. While attention is often focused
on the second of these two fleet-sizing criteria, it is the first component that is more
critical. Without a representative test fleet, a study with a massive number of vehicles can
be as biased as a study with a small number of vehicles. It isin the context of these two
fleet-sizing criteria that the following considerations are offered for the planning of the
Los Angeles Gasoline-Diesel Apportionment Studly.

Definition of a Target Fleet

Any study that simply measures emissions on a collection of vehicles neither ensures
representativeness nor implicitly defines an appropriate fleet. Failure to have a
representative sample of vehicles from awell-defined target fleet jeopardizes any
potential conclusions from the study because an overabundance of some vehicle
technologies and characteristics and alack of others.

A fleet of target vehicles must be defined prior to the selection of vehicles. One of the
major differencesin the previous Californiaand Denver apportionment studiesisin the
fleets that were recruited for the respective studies. While neither study may have
intended their fleets to be representative of specific fleets, comparisons are being made of
the studies' conclusions. Such comparisons can only be considered reasonable if the
analyses are based on data from similar fleets (and other similarities, see below). Each
study’ s conclusions can be considered biased toward the de-facto fleet represented by the
recruited vehicles. Thereis no statistical method that can eliminate biases due to a
nonrepresentative fleet. On the other hand, even asmall study fleet that is representative
of apredetermined target fleet will not suffer from biases due to overrepresentation or
exclusion of classes of vehicles.
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It must be stressed that atarget fleet should be defined realistically within the constraints
that are inherent in any major study of thistype. Taken to extreme, fleet definition can be
so detailed that no single study with reasonable budget, time, and personnel constraints
could recruit a sufficiently representative number and diversity of vehicles. A study of the
type envisioned for the Los Angeles Gasoline-Diesel Apportionment Study must
compromise some detail for a general assessment of a Californiafleet. General categories
of cars and trucks, with perhaps afew breakdowns by technology group, weight, etc. must
suffice for the objectives of the study. The critical feature of this determination is that the
fleet definition must be stipulated prior to fleet recruitment. It is understood that fleet
recruitment for a pre-specified target fleet poses many difficulties. Nevertheless, failure to
recruit a representative fleet from a pre-specified target fleet risks biases of an unknown
nature that cannot be eliminated by a statistical analysis of the resulting data.

Chemical Mass Balance Analysis

A statistical chemical mass balance analysis, like all statistical analyses, draws its validity
in part from the data used in the analysis. As with the previous discussion of fleet
definition and recruitment, there are bias and uncertainty considerations in any
assessment of apportionment resulting from a chemica mass balance analysis. As before,
bias must be the first consideration.

The carbon sources used in a chemical mass balance analysis must encompass al major
carbon sources in the Los Angeles basin. The Californiaand Denver studies did not use
the same sources. If either study failed to include an important carbon source that the
other did include, the carbon effects of the excluded source(s) might be attributed to one
or more of the included sources. Thisis another form of bias, similar to the exclusion of
an important component of atargeted vehicle fleet. Moreover, if two carbon sourcesin a
region produce similar species profiles, the chemical mass balance analysis requires that
one be eliminated from the analysis. The remaining source then contains the combined
effect of the two sources and one cannot unambiguously attribute the apportionment to
the source that is retained.

The selection of sourcesis highlighted in this discussion of fleet sizing because it impacts
apportionment just as bias due to a nonrepresentative fleet does. In addition, there may be
tradeoffs between fleet recruitment and source selection in order for this project to remain
within budget or within other project constraints. No less a consideration is the selection
of ambient sites. For the same reason, if regional conclusions are to be drawn, a
representative selection of sites must be included. A large number of sitesis not needed,

-F2-



but they must be representative of the region for which an apportionment is desired.
Similar comments obviously hold for the chemical species that are to be measured at each
source and at the ambient locations.

Technical Requirementsfor Fleet Sizing

Once atarget fleet, sources, chemical species, and ambient |ocations have been identified,
atechnical assessment of the number of vehicles could proceed. Thereis, however, no
simple formulathat would provide afleet size. Statistical sample size determination is
based on tentative, “best-guess,” or “worst-case” information on the magnitude of effects
expected and on the variability of measurements. In a ssimple case, the comparison of two
means, one would need to specify the magnitude of the difference in the means that one
would like to be able to detect and magnitudes of the variability (standard deviations) of
the two sets of measurements. The variability estimates are usually determined from
previous studies of the same type or on best-guess or worst-case specifications.

For the forthcoming L os Angeles gasoline-diesel apportionment study, estimates of mean
emissions and of variability, or some specification of likely values, would need to be
available for each of the vehicle classes that are part of the target fleet. Variability
estimates or likely values would be needed for each of the chemical species, both at the
ambient sites and at the sources. Also needed are estimates or likely values of the mean
ambient species measurements and the mean species profiles for each of the sources.
Another requirement for determining a fleet size would be a stipulation of how ambient
and source measurements are to be combined to get composite measurements for usein
the chemical mass balance equations.

With this information, one could perform simulations with randomly generated errors and
assess the differences in source contributions that could be detected with a high degree of
certainty. These simulations would be conducted with varying fleet sizesin order to make
this assessment. Although such ssmulations can be performed, thereis avery heavy
burden on accurate apriori information for an assessment of fleet sizes.

Final Considerations

As detailed above, fleet sizing in a project of this scope is a complex process, one that
relies on accurate information about all the measurements that are to be made. Often, this
type of accurate information is not available, especially since targeted fleets usually
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include classes of vehicles with newer technologies than vehicles for which emissions
data are available. As a practical matter, in many studies actual fleet sizes are dictated by
budget and operational constraints. Then the fleet sizing issue trandlates to one of
allocation: how many vehicles to alocate to the different vehicle classes. The simpler
allocation assignment follows a straightforward strategy: assign more vehiclesto classes
where greater emissions variability is expected. There should be no fewer than 2,
preferably 3, vehiclesin any vehicle class. More should be placed in high emitter and
high emissions variability vehicle classes.
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