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Abstract

Elemental carbon (EC), operationally quantified by thermal-optical analysis, is widely used as a
proxy for black carbon (BC) relevant to short term climate forcing and public health. Current EC
emission inventories remain highly uncertain, with persistent discrepancies between bottom-up
and top-down estimates. In this study, we develop a source-resolved, log-space Bayesian inversion
framework applied to estimate California’s statewide EC emissions in 2019. By integrating surface
EC measurements from the EPA’s Air Quality System network with high-resolution source
contributions simulated by a chemical transport model, we identify a one-third underestimation in
the existing statewide EC inventory, requiring an increase of the total from a prior of 8.58 [5.49—
13.75] Gg yr™ to a posterior estimate of 12.78 [10.71-15.37] Gg yr*. This discrepancy is primarily
driven by substantial underestimations in the power & industrial and off-road mobile sectors.
Furthermore, population-weighted exposure analysis reveals a marked sectoral divergence
between emission mass and health burden: off-road mobile sources dominate both emissions and
exposure, accounting for 31% of statewide exposure, while residential wood combustion
contributes 26% of total exposure despite comprising only 19% of total emissions, due to its source
proximity to population. These findings underscore the need to update sector-specific EC
speciation profiles and demonstrate that mitigation strategies targeting off-road mobile sources
and residential wood combustion are critical for reducing EC-related health impacts in California.

Keywords

Bayesian inversion; Logarithmic space; Elemental carbon; EC mass fraction; Source-resolved



42

43
44
45
46
47
48
49
50
51
52
53

54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69

70
71
72
73
74
75
76
77
78
79
80

Introduction

Elemental carbon (EC), a primary constituent of fine particulate matter (PM2s), is commonly
emitted from fuel combustion and routinely reported in the emission inventory. EC is operationally
defined as the thermally measured fraction of carbonaceous aerosols in regulatory monitoring
networks, such as the US EPA’s Air Quality System (AQS).12 In studies of atmospheric warming
and public health,®>* EC is widely used as a proxy for black carbon (BC), a potent short-lived
climate pollutant (SLCP) that affects radiative forcing®® and is linked to respiratory and
cardiovascular diseases, premature mortality, and other adverse health outcomes, particularly in
densely populated regions.®** Consequently, EC mitigation offers valuable co-benefits for air
quality, public health, and near-term climate stabilization. In California, where diverse
anthropogenic emissions intersect with large population centers, quantifying EC sources and their
contributions to population exposure is therefore essential for informed policy development.

Accurate quantification of EC emissions remains challenging. Bottom-up emission estimates
are subject to substantial uncertainties arising from uncertain emission factors or speciation
profiles, incomplete activity data, and the evolving nature of source sectors such as fleet
turnover.t>!® To address these limitations, ambient observations are used in top-down approaches
to inversely constrain the EC emissions.}’!® These top-down approaches, which incorporate
remote sensing data and ground-based measurements, have consistently revealed systematic
underestimations in current bottom-up EC inventories.’®*?® For example, Cohen and Wang *°
developed a global-scale Kalman Filter-based inversion of EC emissions using observations of
column absorption, surface concentration, and near-surface local absorption from several
monitoring networks, and found that commonly used inventories substantially underestimate EC
emissions. Regionally, Wang et al.?® found that the EC emissions over China were ~1.8 times
higher than the bottom-up inventories. Mao et al.?! applied GEOS-Chem adjoint model to estimate
EC emissions in the Western US, revealing results nearly twice those reported in bottom-up
inventories. While these studies provide insights into global and regional EC emission biases, to
our knowledge, no study has implemented source-resolved inversion frameworks capable of
attributing these discrepancies to individual source sectors.

The contribution of EC emission source sectors, however, varies significantly by scale and
region. Globally, residential combustion, predominantly driven by solid biofuel use, represents the
largest anthropogenic EC source, whereas on-road transportation constitutes the dominant sector
in developed countries.?*%% In the US, a bottom-up inventory indicates that transportation-related
sources (e.g., diesel and gasoline engines) account for over 50% of anthropogenic EC emissions,
followed by industrial sources at 22%.2” In California specifically, the 2013 California Air
Resource Board (CARB) SLCP inventory identifies off-road mobile sources as the largest sector
(46%), followed by on-road diesel (18%), residential wood combustion (15%), and fuel
combustion/industrial activities (14%). Notably, California’s aggressive regulations have driven
dramatic reductions in on-road diesel emissions and shift the state’s source dominance toward the
off-road sector.?®
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In this study, we develop and implement a logarithmic Bayesian inversion framework that
integrates observation networks with the state-of-art chemical transport simulations to constrain
EC emissions in California. While prior research has primarily focused on identifying
discrepancies in total emissions, our approach reconciles inventories with measured surface
concentrations to isolate and correct source-specific biases, enabling more reliable source
attribution analysis. Source-receptor relationships are derived from the source-resolved regional
chemical transport model (CTM) simulations at a 4-km resolution across California. The inversion
framework constrains and validates EC emissions in California using surface EC measurements
from the US EPA’s AQS network. By operating in logarithmic space, the inversion effectively
mitigates heteroscedasticity, ensuring more robust and stable source-resolved estimates.

Methods
Observation data

Daily EC observations (Parameter Code 88321 and 88380) were obtained from the EPA’s AQS
database.?® These measurements were analyzed via thermal-optical reflectance (TOR) using
various analytical protocols (Table S1). At monitoring sites where multiple measurement
techniques were co-located, priority was given to the observations using the IMPROVE
(Interagency Monitoring of PROtected Visual Environments) analytical protocol (Method Code
805). To ensure consistency across networks, EC observations (Method Code 838) reported by the
Chemical Speciation Network (CSN) were adjusted by a factor of 0.79. The adjustment accounts
for systematic discrepancies identified from the comparison of EC measurements with
IMRPOVE_A and CSN protocols at a shared monitoring site (Figure S1).3%3! No adjustments were
applied to the measurements from non-EPA’s monitoring sites (primarily managed by CARB or
local research institutes) due to lack of protocol-specific bias adjustment studies as references.
Additionally, a sensitivity analysis withholding these non-EPA data streams from the inversion
yielded negligible differences in the posterior emission estimates, demonstrating the robustness of
our baseline model constraints (see Figure S13). Collectively, there are 34 EC measurement sites
across California, as shown in Figure 1, providing spatially comprehensive coverage suitable for
model evaluation and subsequent inversion.
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(a) Bottom-up (prior) EC Estimates (b) Top-down (posterior) EC Estimates
[ T ; ‘

o EPA IMPROVE site
o EPA CSN sites

= |~ non-EPA sites

Figure 1. Modeling domain and spatial distribution of monitoring sites. The background color
represents CMAQ-modeled annual average surface EC concentrations using (a) bottom-up (prior)
emissions and (b) top-down (posterior) emissions. Monitoring site locations are overlaid as points
color-coded to their corresponding annual average observed EC concentrations for model-
observation comparison, including IMPROVE (circles, n = 20), CSN (squares, n = 6), and non-
EPA (triangles, n = 8) sites.

Prior emission inventory

The prior emission inventory for anthropogenic sources was provided by the CARB by source
categories and processed for the modeling year 2019. For the sectors other than on-road, emissions
were taken from the most recent CARB’s 2020 anthropogenic inventory, and processed with the
Sparse Matrix Operator Kernel Emissions (SMOKE) system to produce gridded, hourly, speciated
emissions by sector.3? These sector-specific gridded emissions were then adjusted to 2019 levels
using sector- and county-level scaling factors based on the ratio of annual emissions reported from
the California Emission Projection Analysis Model (CEPAM) v1.04 for 2019 versus 2020. Since
CARB’s 2020 emission inventory did not account for COVID-related activity changes, no
additional COVID-specific adjustment was applied. In contrast, on-road mobile source emissions
were obtained directly for 2019 and spatiotemporally allocated using the Emissions Spatial and
Temporal Allocator (ESTA)® to provide a high-fidelity representation of vehicle activity and
emission patterns.
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All anthropogenic sources were categorized into 7 primary sectors (as defined below) based
on the EC emission signatures for the inversion analysis. A summary of total prior emissions for
EC and primary PM2s (pri-PM2:s) by sector is provided in Table S2.

1. Power & industrial: includes area and point source emissions from power generation,
petroleum production, and diverse industrial processes.

2. Off-road mobile: includes non-road engines and equipment, such as construction machinery,
agricultural equipment, aircraft, locomotives, and marine vessels.

3. Residential wood combustion: accounts for emissions from woodstoves, wood inserts, and
fireplaces primarily used for heating.

4. Light-duty vehicles: includes passenger cars and light-duty trucks, which mostly utilize
gasoline engines. This sector also includes non-exhaust particles from brake and tire wear.

5. Heavy-duty vehicles: includes medium- and heavy-duty trucks and buses. These are
predominantly diesel-powered and also include associated non-exhaust particles from brake and
tire wear.

6. Fires: includes prescribed burning, and structural and automotive fires, distinct from
wildfires.

7. Miscellaneous: includes all other anthropogenic activities that are not categorized elsewhere,
such as waste disposal, residential and commercial cooking, and paved/unpaved road dust.

Biogenic emissions were estimated using the CMAQ in-line Biogenic Emission Inventory
System (BEIS), which calculates hourly emissions based on simulated meteorology and land-cover
data. Notably, wildfires were excluded from this analysis, as there were few significant wildfire
events in California during 2019 based on California fire incidents database **, and it is not within
our current research scope.

Source-resolved chemical transport model

To facilitate source attribution for a sector-resolved emission inversion, an efficient source
apportionment technique for EC using source-tagged tracers®®3® was implemented in the
Community Multiscale Air Quality (CMAQ) model v5.5.3" For each emission sector, distinct non-
reactive tracers for EC were integrated into the model’s aerosol species list. These tracers undergo
the same transport and removal processes as other non-reactive PM components, ensuring
consistency with modeled aerosol dynamics. To prevent these additional species from artificially
affecting particle size distributions or removal Kinetics, tracer emission rates were scaled by a
factor of 107 relative to the sector-specific prior EC emissions. The absolute sector-specific
concentrations were subsequently recovered during postprocessing by applying a scaling factor of
10°to the resulting tracer concentrations, providing precise estimates of each sector’s contribution
to the total mass of EC. EC concentrations attributable to individual sectors exhibit distinct spatial
patterns as shown in Figure 2, which will be further reconciled with the observed EC
concentrations to derive sector resolved posterior emission estimates.
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Figure 2 Spatial distribution of CMAQ modeled annual EC concentrations attributable to emission
sectors and background based on the prior emission inventory.

The modified CMAQ was applied with the SAPRCO7tic gas-phase photochemical
mechanism?®® and the aerosol module version 6 (AEROG) to simulate atmospheric concentrations
of particulate and gas-phase species in 2019. EC and its source-specific tracers are treated as
chemically inert, with aging represented through size-dependent dry deposition and wet
scavenging. Our domain consists of 277x289 grids at 4km x 4km horizontal resolution, covering
the entire state of California (Figure 1). The vertical structure includes 30 stretching layers, with
the first layer height of ~30 m above ground and the model top set at approximately 100 hPa. Initial
and boundary conditions for the domain were generated using the Mozart2CAMXx preprocessor=?,
which converts chemical data from Community Atmosphere Model with Chemistry (CAM-CHEM)
outputs® into the format compatible with CMAQ. The first 5 days of the simulation results were
treated as spin-up and excluded from the analysis.

Meteorological inputs were generated using Weather Research & Forecasting (WRF) Model
v4.6. Initial and boundary conditions were provided by the High-Resolution Rapid Refresh (HRRR)
v4 dataset*!, which is in hourly and 3-km horizontal resolution. The land use/land cover and
topographical data are based on the 30s resolution default WRF input dataset. Four-dimensional
data assimilation (FDDA) via reanalysis nudging was enabled to improve the agreement between
predicted and observed meteorological parameters. WRF was run in 5-day segments, and each
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segment included a 12-hour spin-up period, which was discarded. The raw WRF outputs were
subsequently processed using the Meteorology-Chemistry Interface Processor (MCIP) v5.5 to
generate the gridded CMAQ-ready input files. As summarized in Table S3, the meteorological
performance statistics in this study are comparable to previous high-resolution modeling studies
and are consistent with established benchmarks.*>-%

Log-space Bayesian inversion

We employ a Bayesian inverse modeling approach to optimize EC emissions by integrating
surface observations with prior information from the bottom-up inventory. The optimization is
performed in log-space, which more accurately characterizes the multiplicative error structure and
log-normal distribution of atmospheric data.*® This log-transformation ensures the physical
positivity of the solution by preventing the retrieval of non-physical negative emissions, which is
a common limitation in linear inversion schemes.*’ Specifically, we assume that sector-specific
adjustment factors are invariant in both time and space across the domain.

The relationship between emissions and modeled concentrations is represented by a linear
function, ymea = K4, where y0q 1S the n x 1 vector of modeled daily concentrations across all
sites. The source-receptor matrix K (n x m) characterizes the sensitivity of the n concentrations
to the m emission sectors, essentially storing the contribution of each sector to each specific
observation, as determined by the source-tagged CMAQ simulation. A is the m x 1 vector of
source-specific scaling factors. To optimize the emissions, we minimize a cost function J(L) that
reconciles the discrepancies between modeled and observed data, as Eq. (1):

](L) = (L - Lprior)TS;rlior(L - Lprior)
+ (IN(Yobs) — IN(KeR)TS7 (In(Yops) — In(Keb)) @)

where, L (mx1) is the state vector of log-transformed scaling factors between the posterior

Epos .
E:riotr)' Lprior (= 0) is the |Og

emissions (E,es¢) and prior emissions (Epyior), L = In(4) = In (

transformed prior scaling factor of 1, to represent the baseline inventory. The observational error
covariance matrix (S.) accounts for both site-specific residual variance (¢?Z) and temporal
correlation between measurements at the same site k. The residual variance (¢7), defined as the
variance of differences between the log-transformed model predictions and observations at site k,
represents the combined uncertainty from measurement noise, model transport errors, and
representativeness errors. This term quantifies the “mismatch” between observation points and
grid-averaged model predictions that cannot be explained by emission scaling alone. The temporal

. . . . . . |ti—tj|
correlation for measurements i and j at the same site is estimated as p;; = exp (— T) where
t; — t; represents the time difference in days between two measurements i and j. The decay
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constant 7 is set to 5 days, consistent with the typical atmospheric lifetime of EC.**° The elements
of (S,.) are represented as Eq. (2):

a,f, t; = tj, i and j are measured at the same site k
Se(i,)) = 1§ pijor, t; # t;, i and j are measured at the same site k 2
0, i and j are measured at different sites

The prior error covariance matrix (Sprior) is a diagonal matrix of sector-specific variances of the

log-scale factors L. Since the inversion is performed in log-space, the prior variance for each sector
2

is defined as o2 = [ln (1 + %)] , Where g, denotes the standard deviation of the EC/Pri-PM2s

ratios for each emission sector. This S, explicitly focuses on the speciation and emission factor
uncertainties that are the primary drivers of total mass in the sector-scaling approach. The sector-

specific values of (%) are summarized in Table S2.

The Maximum a Posteriori (MAP) estimate is derived by minimizing the cost function J(L) in
Eqg. (1) to find the most probable state of the log-scaling factors given the available observations.
The minimization is performed using the gradient of the cost function, which is expressed in Eqg.

(3):

VL](L) = _zlznat(L)Sgl(ln(yobs) - ln(KeL)) + 2S;_)rlior(l‘ - Lprior) (3)

where, Jna:(L) is the Jacobian matrix, which defines the sensitivity of the log-modeled
concentrations to the log-scaling factors, as Eq. (4):

dIn(Keb)
JL

The obtained state vector L contains the optimized log-scaling factors for each emission sector.
Once the optimized emissions (defined as Epost = Eprior * el) are obtained, the posterior

Jmat (L) = (4)

covariance matrix for (Spost) is calculated to quantify the uncertainty of the log-space optimized
emissions, in Eq. (5):

Spost = (]Tmat(L)Sgllmat (L) + Sljrlior)_1 (%)

This matrix represents the updated uncertainty in the log-transformed scaling factors. It reflects
the degree of reduction from the prior uncertainty due to the information gain provided by the
observational data during the inversion process.
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Results and Discussions

Optimized sector-specific scaling factors

By comparing model results against EPA’s AQS daily EC measurements, the CMAQ model
performance for total PM2 s consistently meet the PM performance goals and criteria suggested by
Boylan and Russell *°, as shown in Table S4. This indicates that the model reasonably captures the
overall mass of fine particles and the underlying transport processes. However, the modeled prior
EC concentrations in the domain exhibits a significant negative bias, with a Mean Fractional Bias

(MFB = %2?21 (2 M)) of -0.48, when compared with the daily observations from all 34

Cm,i+co,i
monitoring sites located in Figure la. This systematic negative bias indicates a significant
underestimation in California’s EC emission inventory. While our findings reflect the region’s
distinct 2019 regulatory and emission context, this discrepancy is directionally consistent with the
previous top-down analyses.!2!

Following the log-space Bayesian inversion, model performance based on posterior emissions
for EC shows a remarkable improvement, as Figure S2. The MFB is significantly reduced from -
0.48 to -0.25, while the regression slope increases from 0.59 to 0.71. This improvement indicates
that the inversion framework successfully mitigates systematic underestimation of EC emissions.
The Pearson correlation coefficient (R) remains constant of 0.70. As presented in Figure 1b, the
modeled posterior EC concentrations demonstrates better agreement with the observations
compared to the prior simulation (Figure 1a).

The log-space Bayesian inversion derives source-specific scaling factors (A) (Table S5) that
are used to adjust the discrepancies in the prior emission inventory. The largest adjustment
occurred in the emission of power & industrial sector, which requires an increase by a factor of
2.63 with 95% confidence interval [2.15-3.21], indicating that baseline emissions for this sector
were underestimated by more than a factor of 2. Off-road mobile source followed with a A = 1.72
[1.51-1.96]. Both light- and heavy-duty vehicles show similar upward adjustments of
approximately 30% (A =~ 1.30). This is largely attributed to the highly correlated spatial
distributions along major transportation corridors. Due to large uncertainties in the temporal
allocation of the prescribed burning and structural fires that is unresolvable by the annual scaling
factor, the fire sector was fixed and not subject to scaling (A = 1.00). However, we conducted
sensitivity tests by arbitrarily scaling prior fire emissions by factors of 0.5 and 2.0. The results
(Figure S3) demonstrate that the optimized A values for other sectors remained relatively robust.
Background EC was also held constant to ensure the inversion focused specifically on reconciling
local anthropogenic discrepancies rather than potentially over-adjusting for long-range transport.
This is supported by the fact that background contributions remain below 10% in regions where
the monitoring sites are densely distributed (Figure S4), and the persistent posterior MFB of -0.25
indicates that the inversion leaves residual mismatch as error rather than forcing an artificial match
through the optimized sectors.
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Each diagonal element of S,,,, is the posterior variance of a given sector’s log-scaling factor,

and its square root gives the posterior uncertainty a. Post-inversion, posterior uncertainties are
significantly reduced across several sectors (Table S5), particularly for residential wood
combustion (o decreased from 0.33 to 0.06) and off-road mobile (0.15 to 0.07), indicating that the
AQS observation network provides strong constraints for these specific sources.

The off-diagonal elements of S,,,,, represent posterior covariances between sectoral scaling

factors, arising from shared observational constraints through the Jacobian matriX (J;q:(L)). The

posterior correlation matrix r;; = —Post____ quantifies the degree to which sector pairs are

independently resolved by the monitoring network. The posterior correlation matrix of In(d)
(Figure S5) shows weak-to-moderate negative correlations among all sectors, indicating minor
compensating adjustment. The strongest correlation occurs between power & industrial and off-
road mobile sources (-0.31), reflecting the extent to which these two sources are co-located in
California, such as ports in Los Angeles and concentrated agriculture and industrial activities in
the San Joaquin Valley. Similarly, off-road mobile and light-duty vehicles show moderate
correlation (-0.28) due to shared receptor footprints. Conversely, light-duty and heavy-duty
vehicles show a relatively weak correlation (-0.15) despite sharing freight corridors networks.
Residential wood combustion shows near-zero correlations with all other sectors (Jr] < 0.10),
reflecting its distinct seasonal and spatial signature. Overall, the results indicate that all sectors
retain meaningful independent constraint from the observational network, and the sectoral
attribution is not undermined by posterior co-dependence.

Posterior sectoral emissions

The inversion results, summarized in Table 1, reveal a substantial increase in total EC
emissions for California in 2019, rising from a prior mean estimate of 8.58 Gg yr to a posterior
mean estimate of 12.78 Gg yr. This represents a 33% underestimation in the current California
EC bottom-up inventory. The most significant discrepancies are found in the power & industrial
sector, where the emissions are increased from 1.02 [0.60-1.71] Gg yr to 2.67 [2.18-3.27] Gg yr
1 and the off-road mobile sector, which increased from 3.10 [2.32-4.16] Gg yr* to 5.33 [4.69—
6.07] Gg yr. These two categories alone account for the majority of the “missing” EC emissions
reconciled by the top-down approach.

Table 1 California 2019 EC sectoral emission budgets (Prior vs. Posterior) (Gg yr?)

Sector Prior Emissions Posterior Emissions

Power & Industrial 1.02 [0.60-1.71] 2 2.67 [2.18-3.27]
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Off-road Mobile 3.10 [2.32-4.16] 5.33 [4.69-6.07]

Residential wood Combustion 2.51[1.31-4.79] 2.39 [2.12-2.69]
Light-duty Vehicle 0.46 [0.28-0.76] 0.60 [0.38-0.94]
Heavy-duty Vehicle 0.69 [0.52-0.93] 0.91[0.71-1.16]
Miscellaneous 0.80 [0.46-1.39] 0.88 [0.62-1.23]
Total 8.58 [5.49-13.75] 12.78 [10.71-15.37]

& Values represent the mean with 95% confidence interval derived from the standard deviation (o)
of log-space scaling factor ([E-e 196%9-F .¢*196%9]) attributed to prior and posterior
uncertainties in Bayesian inversion framework.

The emissions from residential wood combustion are well-captured in the prior inventory, with
a slight decrease from 2.51 [1.31-4.79] Gg yr? to 2.39 [2.12-2.69] Gg yr'. Since winter
temperature in California 2019 align with the long-term average, our inverted woodsmoke
emission estimates are likely representative of typical seasonal conditions. As discussed previously,
EC emissions from both light- and heavy-duty vehicles show moderate increases of approximately
30%. The spatial distribution of posterior EC emissions for each sector is shown in Figure S6.
Notably, the 95% confidence intervals narrowed significantly across all sectors through Bayesian
inversion. The total emission uncertainty range has been tightened from [5.49-13.75] Gg yr* to
[10.71-15.37] Gg yr™.

Figure S7 illustrates the comparative analysis of California’s EC bottom-up emission estimates,
highlighting the sectoral changes between the 2013 CARB baseline and our 2019 bottom-up (prior)
estimates. Both estimates represent traditional bottom-up inventories, derived by applying
CARB’s chemical speciation profiles to source-specific PM2 s emission estimates. Comparing the
bottom-up inventories from 2013 to 2019 reveals a 25% decline in total estimated EC emissions,
falling from 11.50 Gg yr? to 8.58 Gg yr. This decrease is primarily driven by the reduction in
heavy-duty vehicle sector, which dropped from 2.19 Gg yr-1 (19% of 2013 total) to 0.69 Gg yr*
(8% of the 2019 prior), likely following the widespread implementation of advanced emission
control technologies.> >3 In contrast, residential wood combustion emerged as a more predominant
source in the 2019 prior inventory, representing 29% of total EC emissions compared to a 16%
share observed in 2013.

While these bottom-up inventories capture regulatory-driven declines, the comparison of
sectoral contribution shares between our 2019 prior (bottom-up) and posterior (top-down)
estimates reveals a significant structural reallocation of emission sources, as Figure 3. The
posterior results indicate that the off-road mobile sector is even more dominant than prior
estimation, with its share increasing from 36% to 42%. The most dramatic shift occurs in the power
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& industrial sector, which nearly doubles its relative contribution from 12% in the prior to 21% in
the posterior. This underestimation in the prior was also identified by Ronkko et al.'® and the
adjustment is supported by the strong observational constraint with uncertainty reduced from 0.27
to 0.10. In contrast, the relative importance of residential wood combustion is notably lower in the
posterior than in the prior estimates, falling from 29% to 19%, and only slightly higher than its
contribution share (16%) in the 2013 inventory. This shift may in part be attributed to the impact
of the California Woodsmoke Reduction Program implemented since 2016, which offers financial
incentives to homeowners to replace their woodstoves or fireplaces with cleaner and more efficient
home heating devices. Minor relative decreases were also observed in the heavy-duty (8% to 7%),
light-duty vehicles (6% to 4%), and miscellaneous (9% to 7%) sectors.

(a) Prior EC sectoral emission contribution  (b) Posterior EC sectoral emission contribution

Light-duty Light-duty
Vehicle Vehicle
6% Heavy-duty 4%
Heavy-duty ° Vehicle ?
Vehicle 7%
8% Miscellaneous
Miscellaneous 7%

7 \’
Power &

Industrial Prior
12% 8.58 Gg yr?!

Off-road Mobile
36%

Off-road Mobile
42%

Power & Posterior

Industrial 12.78 Gg yr,
21%

Residential Wood
Combustion Residentia

29% Combustion
19%

Figure 3. Statewide EC sector emission contributions in 2019 for California. (a) Prior sectoral
emission composition estimated based on CARB inventory; (b) Posterior sectoral emission
composition derived from Bayesian inversion in this study.

Sectoral contributions to population-weighted EC exposure concentration

To assess the public health implications of our posterior emission inventory, we calculated the
population-weighted EC exposure concentration across California. This metric was obtained by
overlaying the EC concentrations for each sector with high-resolution population density data from
the US Census Bureau’s TIGER/Line 2020 California shapefiles.®® The sector-specific
uncertainties (95% CI) in posterior emissions are explicitly propagated into the population-
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weighted exposure estimates. The posterior statewide population-weighted average EC
concentration for 2019 was determined to be 0.49 [0.41-0.59] pg m3, increased from 0.38 [0.24-
0.60] ng m™ based on prior estimates. This approach provides a more health-relevant assessment
than mass emissions alone, as it accounts for the spatial proximity between emission sources and
densely populated areas.

While the statewide EC emission budget is dominated by off-road mobile and power &
industrial activities, the exposure analysis reveals disproportionate health burdens from residential
and nearby off-road mobile sources, as consistently shown in both the prior (Figure S8) and
posterior results (Figure 4a). Figure 4a indicates while off-road is the leading exposure source, its
contribution share decreases significantly from 42% in emissions to 31% in exposure. Similarly,
the power & industrial sector’s contribution is reduced from 21% in emissions to 14% of total
exposure. In contrast, while residential wood combustion accounts for 19% of the total EC
emissions, it is responsible for a much higher 26% of the total population exposure. This shift is
attributed to the fact that wood smoke is primarily emitted at ground level within residential
neighborhoods, resulting in higher intake fractions compared to remote industrial stacks.

Compared with exposure estimates based on the prior emissions inventory, the top-down
posterior results indicate substantially higher exposure risks to power & industrial sources, with
their shares of total exposure roughly doubling from 7% to 14%. On the other hand, off-road
mobile sources remain the largest driver of both emissions and exposure in prior and posterior
results, verifying their role as the most significant contributor to California EC-related health risks
in 2019. Collectively, light- (7%) and heavy-duty vehicles (9%) account for 16% of the statewide
EC exposure.

Beyond the statewide patterns, the regional analysis in Figure 4b illustrates how these top-
down estimated posterior emissions translate into local health risks across California’s air basins.
While the statewide population-weighted average EC concentration is 0.49 [0.41-0.59] ug m, the
South Coast air district has a much higher exposure level of 0.58 [0.48-0.72] ug m3, predominantly
driven by a high concentration of off-road mobile sources from nearby ports (33%). In the San
Francisco Bay Area air district, EC exposure (0.43 [0.37-0.51] ug m?) is similarly influenced by
the proximity of residents to ground-level sources, with residential wood combustion accounting
for a substantial 36% of the total exposure. The most dramatic shift between emissions and human
intake is observed in the San Joaquin Valley (average exposure 0.47 [0.40-0.57] pg m™). Although
off-road mobile sources account for more than half of total emissions in this district, their
contribution to population exposure is much lower (about 30%). This reduction reflects the fact
that many off-road emissions originate from rural agricultural activities located farther away from
major population centers in the valley. Conversely, residential wood combustion represents only
7% in the regional emissions, but accounts for a much higher 26% of exposure. This large increase
in relative impact is attributed to the fact that woodsmoke is emitted at ground level within
residential areas and is frequently trapped by the valley’s unique topography and stagnant winter
air.>>% The spatial distributions of sectoral EC exposure are presented in Figure S9.
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Figure 4. Analysis of EC exposure and sectoral contributions based on posterior results in
California. (a) Sectoral contributions to statewide emissions and population-weighted EC exposure;
(b) Spatial distribution of annual mean EC exposure. The inset pie charts compare the source
contributions for EC emission and exposure in three air districts: San Francisco Bay, South Coast,
and San Joaquin Valley.

Implications on EC speciation profiles

Past top-down assessments’®?! and this study suggest that EC emission inventories are
systematically underestimated. This discrepancy is likely due to the methodology used to derive
EC emissions as a mass fraction of the total primary PM2s. While bottom-up PM2 s inventories are
generally considered more reliable because of rigorous regulatory reporting and monitoring, the
EC mass fractions (fgc, or speciation profiles) are often outdated or poorly constrained. Since
sectoral EC emissions are calculated by multiplying the PM2s emission rate by the uncertain fgc
values, errors in fgc propagate into the final EC emission estimates. Refining these fic values
through inverse modeling is therefore essential to addressing the underestimation of EC in current
inventories.

To calculate the prior and posterior fgc for each source sector, we utilized the total sectoral
pri-PM25s emission rates and the corresponding EC emissions before and after our Bayesian
inversion. The modeled pri-PM25s concentrations were validated using the AQS surface
measurements, as described in Section S1 of supplemental information. As shown in Table 2, the
prior sectoral aggregated fz. was determined by dividing the initial bottom-up EC emission rates
(Prior Emissions in Table 1) by total PM2s emissions for each sector. The posterior fgc was
similarly derived by dividing the optimized EC emission rates (Posterior Emissions in Table 1) by
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the same PMy inventory. The uncertainty ranges presented in the brackets represent the 95%
confidence intervals derived from the Bayesian prior and posterior distributions.

A review of bottom-up inventory literatures is shown in Table 2, which includes reported
speciation profiles of both BC and EC. Despite different measurement methods of BC and EC,%"*8
most literatures have treated EC measurements as interchangeable proxies for BC.>*%° Reported
fec Vvalues exhibit substantial variability that largely arises from inconsistencies in source
classification and reporting methodologies. Despite these wide ranges, our posterior fx- estimates
generally align with previously reported values. For the power & industrial sector, the inversion
adjusted fgc to 12.6% [7.5% - 21.1%] from a prior of 4.8% [2.8 — 8.0%], positioning the posterior
fxc close to the upper bound reported by Chow et al.®* This sector aggregates a highly diverse
array of sources, including power generation, petroleum refining, and specialized industrial
processes, with highly heterogeneous and often poorly characterized EC emission factors, which
are likely relied on limited source testing data. Posterior fgc values for residential wood
combustion (16.6%) and power & industrial (12.6%) remained stable and within the broad
uncertainties of Klimont et al.?® and Chow et al.®! The fi for the miscellaneous sector remained
lower than the literature benchmarks, primarily because of the highly complex and diverse sources
aggregated within this category.

The off-road mobile sector exhibited substantial improvement, with the posterior fgc increased
to 53.0% [39.5-71.0%] from a prior estimate of 30.8%. The result aligns more closely with the
diesel engine profile of 66% reported by Bond et al.>® and the 44.0% reported by Klimont et al.?®,
suggesting the prior fgc significantly underestimates the EC emissions for off-road diesel
equipment. For the heavy-duty vehicle sector, the inversion resulted in a posterior fgc of 43.8%
[32.7-58.6%]. This value is highly consistent with the frequently reported ranges of 32—74% from
Chow et al.51%? and moved closer to the diesel engine profile of Bond et al.>® In comparison,
Klimont et al.?® reported a combined on-road fgc of 46.1%, which does not provide a separate split
for light- and heavy-duty vehicles. Our heavy-duty vehicle fgc remains remarkably similar to their
aggregated on-road transportation estimate. The posterior fgc for light-duty vehicle increased to
19.8% [12.0-32.7%], demonstrating high consistency with the 22.0% mean value reported by
Chow et al.®? and the gasoline engine profile (34.0%) of Bond et al.>®

To further validate our on-road results, we expanded the comparison of the posterior fgc with
literature that accounts for evolving vehicle technologies and emission standards, as Table S6. Our
posterior light-duty vehicle fzc (19.8%) aligns well with the measurements of light-duty gasoline
vehicles, such as the 20.0% lower bound from May et al.%® In Sonntag et al.’s study,®* the fic
values were measured of 14.0+2.7% during running and 44.4+4.3% for start. Applying the PM2s
emission weighting factors from the CARB on-road inventory (85% for running and 15% for start),
the weighted average of fz is 18.7%, which is remarkably consistent with our posterior results.

The particulate emissions from heavy-duty vehicles have undergone a significant evolution
since 2007, primarily driven by the mandatory implementation of diesel particulate filters (DPFs)
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and selective catalytic reduction (SCR) systems. These technologies have fundamentally altered
the chemical composition of diesel exhaust by reducing the total mass of primary PM2s and
changing the relative proportion of EC. While pre-2007 engines typically exhibit high fgc, such
as 51.9% - 61.4% reported by Ban-Weiss et al.,% modern DPF-equipped engines can achieve fic
as low as 13% based on Khalek et al.®5¢7 Our posterior fi of 43.8% for heavy-duty vehicles likely
reflects a “transition fleet” in California during 2019, representing a composite of controlled newer
trucks and older, high-emitting vehicles that remain in operation.

Table 2. Comparison of sector-specific EC mass fractions (fgc, unit: %) in emissions.

Sector This study This study Bondet Chowetal. Chowetal. Kle[[rr;clnnt
Prior? Posterior  al. (2004) (2009)© (2011)¢ (20175 .
Power & 4.8 12.6
Industrial [28-80]°  [7.5-2L1] - - 0.46-13.6 7
Off-road 30.8 53.0 41.0
Mobile [230-413] [3905-71.0] 900  [21.0-610] 44.0
\Ij\?gio(ziential 174 16.6 - 9.6 4.2-33.0 19.0
Combustion [9.1-33.3] [8.7-31.8] [0.0-21.8]
Light-duty 15.2 19.8 22.0
Vehicle 02251 [120327] 40 80-360] 0570
46.1
Heavy-duty 334 43.8 51.0
Vehicle 249448 [327-586] 200  [320-700 330740
. 1.3 15
Miscellaneous [0.8-2.4] [0.8-2.6] - - 3.6-26.0 14.9

2 The fgc values for this study were calculated using the prior and posterior EC emissions derived in this
study. The pri-PM.semissions are assumed to be a reliable baseline for these calculations.
® The values in brackets for this study represent the 95% confidence interval.

¢ Reported values represent the mean, while ranges within brackets indicate the uncertainties based on 1

standard deviation.

4 The ranges provided for each sector reflect the variability of fgc across related source categories within

that specific sector.

¢ The fgc values were derived from the 2010 sectoral emission inventory. Due to the lack of independent
sub-sector data in the source inventory, light- and heavy-duty vehicles were merged for this comparison.

While our inversion framework enables sector-level posterior inference statewide, constraining
localized emissions remains challenging—particularly in areas where local biases differ
substantially from other regions and are not captured by the sparsely distributed AQS monitors. In
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future research, incorporating dense low-cost sensor networks with expanded spatial coverage
could help mitigate these limitations, enabling emissions to be estimated at hyperlocal scales.®®

On the other hand, the inferred posterior emissions are sensitive to the EC measurement
protocols. This study employs IMPROVE-based EC as observational constraints; utilizing
alternative monitoring protocols could impose different constraints and thus produce different
posterior emission estimates. While interlaboratory comparisons show strong agreement for the
total carbon (TC) with well-calibrated instruments, the organic carbon (OC) and EC splits remain
protocol-dependent. %! Specifically, the IMPROVE protocol consistently yields lower OC/EC
ratios and higher EC mass fractions compared with NIST-EPA and NIOSH protocols. 2 This
discrepancy is primarily driven by the lower peak temperature in the inert helium phase of the
IMPROVE protocol, which results in less OC evolving before the oxidizing phase. The formation
of pyrolytic carbon (Pyrol C or OP) during thermal analysis can artificially increase EC
concentrations if not accurately corrected. Although optical monitoring is employed to distinguish
original EC from Pyrol C, the exact “split point” is difficult to determine and varies significantly
by ambient sampling composition, such as organic chemicals, graphite, diesel exhaust, and wood
smoke. "> Additional sensitivity analyses evaluating potential systematic biases of observations
and prior covariance in our inversion framework are discussed in Section S2 of the Supplementary
Information. These uncertainties suggest that future inverse modeling efforts should incorporate
various observations, including BC measurements from aethalometer-based optical absorption, to
achieve more robust, source-resolved emission estimates.

Supporting Information

Additional figures include: Comparison of observed daily EC concentrations measured by the CSN and
IMPROVE network (Figure S1); Comparison of prior and posterior CMAQ model performance (Figure
S2); Sensitivity analysis of optimized scaling factor to fire emissions (Figure S3); Spatial distribution of
posterior EC emissions (Figure S4); Comparison of sectoral emissions from CARB 2013 inventory and
2019 bottom-up inventory (Figure S5); Sectoral contributions to statewide emission and population-
weighted EC exposure based on prior estimates (Figure S6); Source-specific spatial distribution of EC
exposure concentrations (Figure S7). Additional tables include: EC measurement protocols in US EPS’s
Air Quality System (Tables S1); Summary of annual prior emissions for pri-PM.s and EC (Table S2);
Monthly meteorological performance statistics (Table S3); Model performance of total PMas
concentrations (Table S4); Prior and posterior scaling factors and corresponding uncertainties in log-space
(Table S5); Comparison of on-road EC mass fraction (%) with literatures (Table S6). Detailed information
for: Model performance of primary PM2s (Section S1); Sensitivity analysis of inverse modeling (Section
S2).
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