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Abstract

In this study, we evaluate volatile chemical product (VCP; e.g., ahesives, per-

sonal care products) emissions in the McDonald et al. 1 inventory using sector-specific

tracers and the FLEXPART-WRF Lagrangian particle dispersion model. Observa-

tions of decamethylcyclopentasiloxane (D5-Siloxane) are used for optimizing emis-

sions from personal care products, para-dichlorobenzene (PDCBZ) for insecticides, and
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parachlorobenzotrifluoride (PCBTF) for emissions from the construction (coatings +

adhesives) sub-sector. Continuous ground-site measurements obtained in Las Vegas

and Los Angeles (LA) during summer 2021 are used to optimize the temporal emission

profiles of area sources. Additionally, in-situ aircraft-based observations (June 2021)

over the LA region are used to evaluate emission factors for the basin. The configura-

tion of the weather research and forecasting (WRF) model is optimized using vertical

wind profile measurements obtained from the Pick-Up truck based Mobile Atmospheric

Sounder (PUMAS) deployed in the LA basin to minimize uncertainty of the inversion

owing to meteorology. While the diurnal amplitude in emission rates from personal

care products and insecticides is reduced after optimization, that of construction VCPs

(coatings + adhesives) is enhanced. From the aircraft inversion, we find that the in-

ventory underestimates the emissions originating from construction by a factor of 5.3

(95% confidence interval 4.3 – 6.3) in the LA basin. Emissions from consumer products

(personal care + cleaning) and insecticides were reduced by a factor of 2.1 (1.7 – 2.5)

and 5.2 (3.9 – 6.4), respectively, following optimization.

Keywords: Emission Inventory, Volatile Chemical Products, Top-Down Evaluation, Diel

emission patterns, Air Quality, In-Situ Observations, Southwestern USA.

Synopsis: Use of Volatile Chemical Products (VCPs) affect critical air pollutants in urban

regions. This work indicates there is still a significant amount of uncertainty in estimating

VCP emissions utilizing bottom-up methodologies.

Introduction

Volatile organic compounds (VOCs) are key in the formation of tropospheric ozone and

serve as precursors to secondary organic aerosols (SOA). VOC emissions from anthropogenic

activities were traditionally dominated by motor vehicles whose emissions have steadily de-

clined since the 1960s due to successful emission control measures.2,3 In 2018, the use of
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volatile chemical products (VCPs) was identified as an emerging source of urban VOCs,

accounting for half of the anthropogenic VOC reactivity and SOA formation potential in

the Los Angeles (LA) basin during the summer of 2010.1 Since then, measurements made

in other cities, including New York City, confirmed their importance as sources of urban an-

thropogenic VOC emissions.4,5 Gkatzelis et al. identified several VOC tracers for VCP emis-

sions,6 ubiquitous in US and European cities.7 These include decamethylcyclopentasiloxane

(D5-Siloxane) for personal care products, octamethylcyclotetrasiloxane (D4-Siloxane) for

adhesives, para-dichlorobenzene (PDCBZ) for insecticides, and parachlorobenzotrifluoride

(PCBTF) for solvent-borne coatings.6 Using chemical transport modeling and box model-

ing, VCP emissions have been shown to enhance criteria air pollutants in urban regions over

the US.7–13 Estimates attribute 50 – 80 % of emissions, reactivity and SOA-forming potential

of urban anthropogenic VOCs in the US to the use of VCPs.4

It is generally assumed that VCP emissions from consumer products correlate well with

population density. This was shown by mobile measurements in Europe and the US, which

displayed high correlation between ambient VCP tracer concentrations and population den-

sity.7 Furthermore, enhancement ratios of VCP tracers relative to tracers related to traffic

emissions are elevated at locations with higher population density, thus illustrating a dis-

tinct source from traffic emissions.4,6,7 A top-down evaluation comparing positive matrix

factorization to emission sectors from the Fuel-based Inventory of Vehicular Emission with

VCP emissions (FIVE-VCP1,7,14,15) found that the bulk source partition agreed to within

30 % for the majority components.4 Monoterpene emissions from anthropogenic inventories

relative to biogenic emissions from the Model of Emissions of Gases and Aerosols from Na-

ture (MEGAN16) corresponded better with source attribution in Atalanta (GA, USA) when

using FIVE-VCP than using the US Environmental Protection Agency’s (EPA) National

Emission Inventory (NEI) 2016v1 modeling platform.17 Independent calculations for VCP

emission factors using the Stochastic Human Exposure and Dose Simulation (SHEDS) near-

field tool8 and the VCPy model18 have been compared with the NEI and the McDonald
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et al. 1 inventories.8,18 While the inventory by McDonald et al. was consistent with SHEDS,8

the 2011 NEI underestimated national VCP emissions by a factor 3–4. In contrast, VCPy

was consistent with the 2017 NEI on a national level (though large differences were found

regionally) while McDonald et al. was higher by a factor ∼2.18 Recently, a direct comparison

between air-borne VCP flux measurements over the LA basin and emission rates from inven-

tories (FIVE-VCP and the California Air Resources Board inventory) identified discrepancies

in both spatial emission patterns and total amount emitted.19

Past studies have focused on calculating VCP emission factors, evaluating the spatial

variability of the absolute emissions, and comparing bulk VOC source attribution between

inventories and matrix factorization techniques. While matrix factorization methods have

been used to validate emission inventories by comparing the relative attributions to sector-

based emissions (e.g. mobile sources vs. VCPs), they have not been able to isolate sub-sector

VCP factors (e.g. personal care products vs. coatings).4,17,20 In contrast, direct tracer-based

studies to evaluate inventories should enable sub-sectoral attribution. Additionally, there

is minimal information on the diel profiles of VCP emissions evaluated with atmospheric

observations other than Coggon et al., who reported a diel pattern of personal care product

emissions from ground-site data obtained in two north American cities (Boulder, CO, USA;

Toronto, ON, CA).21

In this work, we perform a top-down evaluation of VCP emissions in the McDonald

et al. inventory using a mesoscale Lagrangian inversion framework. Lagrangian inversions

are employed in a variety of optimization studies, e.g., evaluation of anthropogenic carbon

monoxide (CO), nitrogen oxides (NOx=NO+NO2) and carbon dioxide (CO2) emissions over

California.22 A Lagrangian model explicitly accounts for meteorological transport in an at-

mospheric inversion, and is a traditional and computationally efficient approach to assessing

bottom-up emission inventories at an urban sub-basin scale, complementary to direct air-

borne eddy covariance fluxes. Evaluation of uncertainty in Lagrangian inversions is complex

due to the convolution of uncertainties on meteorological fields, transport, source localization,
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and chemistry and deposition during transport. Inferred fluxes calculated with different La-

grangian models can diverge by a factor of two or more due to inconsistent vertical mixing.23

However, differences between Lagrangian transport models do not provide a benchmark with

reality and thus no clear error estimate is obtained by this approach.24 Lagrangian forward

simulations informed with ensemble meteorology to simulate transport from a known point

source have been used to show that errors in Lagrangian transport models range from a

few percent to over 100 %.24 These errors were dominated by inconsistencies in the wind

field and the mixing layer height from the underlying meteorological model.24 As a result,

Angevine et al. advocated clear evaluation of the meteorological model and potentially a

selection of observations coincident with periods where the model performs well in order to

reduce model error.24

Here, inverse modeling is applied to the VCP tracers (defined by Gkatzelis et al. 6 to

be measurable, long-lived, and predominantly emitted by one VCP sub-sector) to evaluate

sub-sector emissions directly. We utilize ground-based measurements from the Southwest

Urban NOx and VOC Experiment (SUNVEx, https://csl.noaa.gov/projects/sunvex/;

last access 8 Dec 2023) 2021 field campaign in Las Vegas (LV; July 2021) and LA (Aug

2021), and aircraft measurements from the Re-Evaluating the Chemistry of Air Pollutants in

California (RECAP-CA; June 2021). Using meteorological measurements from the SUNVEx

campaign, an inverse modelling framework, and in-situ observations of VCP tracers, we aim

to respond to the following questions:

• What setup of the meteorological model sufficiently represents the dynamics in the

LA basin to describe region-specific meso-scale transport patterns for performing a

Lagrangian inversion?

• Can continuous ground site measurements be leveraged in combination with a La-

grangian framework to optimize the diel variability from sub-sector VCP emissions?

• Do emission factors accurately capture the magnitude of sub-sector VCP emissions in
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the LA basin?

To the best of the authors’ knowledge, this is the first time a Lagrangian framework has

been applied to evaluate sub-sector VCP emissions and their diel profiles.

Methodology

Modelling

Numerical Weather Prediction Model

Meteorological data to drive the Lagrangian model is obtained from the Weather Research

and Forecasting model with chemistry (WRF-Chem v4.2). Twelve different model config-

urations were evaluated. Li et al. 25 documented the initial configuration used as a basis

for this work. Using the base configuration, we introduced nested domains (SI Fig. S6)

to evaluate typical atmospheric chemistry modeling grid spacing (12 km, 4 km, and 1.3

km).26–28 Additionally, we evaluated changing the model providing the meteorological in-

put for initial and boundary conditions (IC/BCs). The base configuration used the North

American Mesoscale (NAM29) model for IC/BCs; alternatives tested were the Rapid Refresh

(RAP30) and the High-Resolution Rapid Refresh (HRRR30) models. Finally, we optimized

the physics configuration. The boundary layer scheme used in the base configuration is the

Mellor–Yamada–Nakanishi–Niino (MYNN31) parameterization. We included the Eddy Dif-

fusivity Mass Flux sub-parameterization (EDMF32) within the MYNN configuration, and

tested the use of a Single Layer Urban Canopy (SLUC33).

Lagrangian Transport Model

The FLEXible PARTicle dispersion model FLEXPART34 is a Lagrangian particle dispersion

model (LPDM) that is frequently used to model atmospheric transport processes. Here we

will use the version compatible with WRF output, FLEXPART-WRF,35 to evaluate sub-
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sector VCP emissions directly by performing inversions using their specific tracers. Different

LPDMs have been shown to diverge in results even when using the same meteorological

driving models, specifically due to differences in vertical dispersion parameterizations in

the transport models.23 FLEXPART-WRF was run with the boundary layer representation

obtained from the turbulent kinetic energy (TKE) profiles in the WRF-Chem model. The

TKE-driven mode in FLEXPART-WRF was adapted according to the method introduced

in FLEXPART-AROME36 with mixing length profiles retrieved directly from WRF-Chem.

Hourly average winds are used as they have been shown to significantly reduce uncertainty

and bias of the model in complex terrain.37 FLEXPART-WRF was run in backward mode38

in order to obtain the footprint between the surface and 100 m above ground level (a.g.l.)

for all observations. More details on the FLEXPART-WRF configuration and air mass

representation are available in the SI (sections 2 and 3).

Emission Inventory

We use a gridded VCP inventory described previously by McDonald et al. and Coggon

et al. 1,7,39 The inventory was updated using near real-time scaling factors to represent emis-

sions changes in 2019-2021, e.g., from COVID-19 lockdowns.26 Use of VCPs, by mass, is

calculated from a mass balance of US chemical product manufacturing in 20107,39 and

updated with economic activity scaling factors developed from wholesale trade in chem-

ical manufacturing for industrial VCP emissions and retail trade in Health and Personal

products and Pharmacy and Drugstores for consumer product VCPs.26 Emissions of VOCs

from VCP use are calculated by applying emission factors (g VOC/ g Product), nation-

ally, to VCP sub-sectors (VCP US). Some regions, including LA, regulate the VOC content

of chemical products more stringently, which is taken into account. The EPA 2017 NEI

is used for emissions from other sectors and updated using near real-time scaling factors

developed from publicly available economic and energy metrics applicable to emission sub-

sectors.26 Herein, we refer to the inventory as VCP US and VCP LA to indicate the use
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of national or regionally applied emission factors (kg person−1 year−1). The emissions are

then gridded based on US Census population counts. Lastly, we updated the VOC specia-

tion profiles of VCPs based on the latest California Air Resources Board (CARB) data for

2020 (https://ww2.arb.ca.gov/speciation-profiles-used-carb-modeling; last access

15 July 2024).

Observations

SUNVEx Ground Site VOC Measurements

The SUNVEx field campaign occurred in the summer of 2021 and measurements were taken

in LV (6/30-7/27), and LA (8/7-9/7, 2021). The goal of the campaign was to measure ozone

precursors, and fill gaps in measuring VOCs not routinely monitored by air quality stations.

Here, we focus on measurements made at the Jerome Mack Middle School ground site in

LV (105.0787◦W, 36.1418◦N), and the California Institute of Technology ground site in LA

(118.1256◦W, 34.1403◦N). VOCs were measured using a proton-transfer-reaction time-of-

flight mass spectrometer (PTR-ToF-MS) as described by Coggon et al. 40 The PTR-ToF-MS

sampled air at 1 L min−1 through a 10 m Teflon inlet and reported VOC mixing ratios on a 1

minute average. All VOCs reported here (D4-Siloxane, D5-Siloxane, PDCBZ, and PCBTF)

were calibrated using certified gas standards (Apel-Riemer Environmental Inc., Miami, FL,

USA) or by liquid calibration methods.40

SUNVEx Doppler Lidar Measurements

A ground-based stationary scanning Doppler lidar was deployed in LV (7/1–8/4), and Pasadena,

CA (8/5-9/2) during the 2021 SUNVEx campaign to measure vertical and horizontal wind

profiles, calculate vertical velocity variance (turbulence) profiles and derive mixed layer

height. The Doppler lidar made a set of conical scans 15, 35 and 60-degree elevations

angles, which took ∼3.5 minutes, every 15 minutes, and stared vertically for the remainder

of the 15-minute cycle. Mean horizontal winds were derived from a set of conical scans and
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reported every 15 minutes. The vertical resolution of the wind profiles ranged from 20 m

near the surface to 50 m above 3 km a.g.l. Vertical velocity measurements were used to

calculate vertical velocity variance, skewness, and kurtosis. Mixed layer height was derived

from the Doppler lidar measurements using the fuzzy logic approach.41

The Pick-Up truck based Mobile Atmospheric Sounder (PUMAS) made a series of drives

in the LA basin starting and ending at Pasadena, CA. PUMAS is a micro-joule class Doppler

lidar which is actively motion stabilized during the drives, and can be operated in either ver-

tical stare mode for making vertical velocity measurements, or scanning mode for making

horizontal wind profile measurements.42 During SUNVEx, PUMAS made horizontal wind

profile measurements at 60 m vertical resolution, and 30 s time resolution. Horizontal res-

olution of the wind profiles varied with driving speed. PUMAS made a total of 18 drives

which were classified as (1) sea breeze drive extending to the Long Beach in the South, (2)

basin survey from Santa Monica in the west to Redlands in the East, or (3) mountain drive

up the San Gabriel mountains.

RECAP-CA Airborne VOC Measurements

Nine Navy Twin Otter flights were conducted over the LA Basin between June 1 – 22, 2021,

at 300 – 400 m a.g.l. as part of the RECAP-CA campaign.19,43–45 The 5-hour-long flights

took place between 11:00 and 17:00 local time. VOC concentrations were measured by a

Vocus PTR-ToF-MS.46 VOCs were drawn from a ∼ 6 m long inlet sampling at the nose

of the aircraft. Details on the climatology during the study as well as the VOC sampling

and calibration can be found elsewhere.45 The PTR-ToF-MS resolution was about 4800 with

mass spectra recorded from 10 – 500 Da. In-flight zero air measurements were subtracted.

Ground calibrations were conducted every 1 – 3 days, using gravimetrically prepared multi-

component VOC standards (Apel-Riemer Environmental Inc., Colorado, USA). Among the

VOCs discussed here, D4-siloxane and D5-siloxane were included in the gas standard. For all

m/z without a corresponding gas standard, including PDCBZ and PCBTF, sensitivities were
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derived from a root function fit to reaction rate normalized sensitivities of non-fragmenting

and non-clustering gas-standard calibrated VOCs.47 The estimated calibration uncertainty

for D4- and D5-siloxane was 20%, and for PDCBZ and PCBTF it was 54%.

Inversion Framework

Lagrangian particle dispersion models can be used in a backward mode to generate a source-

receptor matrix (also called footprint) for observations.38 The convolution of the footprint of

an observation (H), with an emission inventory of a passive tracer (x) results in an estimated

mixing ratio at the observation location (yest):

yesti,j =
∑
k

∑
l

Hi,k,l ∗ xj,k,l, (1)

where the indices i, and j represent the observation time and species respectively. Indices

k, and l, represent time and location of emissions.38 Here, we use the variational method as

discussed by Brioude et al. 48 as a basis to optimize the diel and spatial emission distributions.

In short, an optimal solution for x is obtained by minimising the cost function (J) to converge

to a solution quickly. Assuming log-normal distributions for observations and the prior

inventory results in the following cost function:49

J = Jobs + Jprior

=
1

2

(
ln yObs − lnHx

)T
R−1

(
ln yObs − lnHx

)
+

1

2
(lnx− lnxb)

T B−1 (lnx− lnxb) ,

where yObs are the observed mixing ratios, xb is the matrix containing the prior, and R and

B the error covariance matrices of the observations and the prior.
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Temporal Inversion

We adapt the form of the emission inventory x here to separate the temporal evolution in

the emissions inventory (EI) from the spatial distribution. This is achieved through the

decomposition of the EI:

x′
j,l ≡

∑
k

xj,k,l, Dj,k,l ≡
xj,k,l

x′
j,l

,

where x′
j,l represents the total daily emissions at location l for species j, andDj,k,l the fraction

of these total emissions at location l and time k for species j, respectively.

The diel distribution (Dj,k,l) from VCP LA is unique to location l and depends on the

relative impact of area/point emissions of species j. However, the impact of point sources is

negligible for the ground-based measurements so that Dj,k,l is fully determined by the area

source (i.e., location independent) and we restructure Eq. 1 as follows:

yesti,j =
∑
k

yesti,j,k ∗Dj,k, (2)

with:

yesti,j,k =
∑
l

Hi,k,l ∗ x′
j,l ∗ e−[OH]∗kj∗∆ti,k , (3)

and Dj,k the diel distribution of emissions from chemical compound j in time. Additionally,

note that simple chemical decay is taken into account by the exponential function where kj

is the reaction rate constant for compound j, [OH] the average OH concentration (2.5×106

molec. cm−3, within the range of model OH concentrations reported for a selection of the

flights from RECAP-CA43), and ∆ti,k the time between emission and observation. Here,

yesti,j,k serves as the equivalent of the linear operator H in Eq. 1, while the diel profile can be

optimized through minimizing the cost function.
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VCP Emission Factors

As mentioned in the introduction, emission factors (EFs) differ up to a factor of 4 between

different inventories8,17,18 and do not match airborne emission observations.19 This illustrates

that the bottom-up inventory EFs are subject to high uncertainties. When we assume that

both the temporal and spatial variability are reasonably well represented by the inventory we

can evaluate the EFs using the sub-sector tracer approach. By comparing expected mixing

ratios for the different tracers (Eq. 1), with observations, we define a scaling factor by taking

the ratio of yest and yObs. Application of these scaling factors to the respective EF results

in top-down EF estimates for sub-sector VOC emissions.

Spatial inversion

When we update the emissions inventory by the top-down EFs, we can use a spatial opti-

mization to identify regions where emissions are not well represented. By updating the diel

distribution in the area source and assuming that the point/area ratio is known for every

point in the domain, we fix the diel profiles and restructure Eq. 1:

yesti,j =
∑
l

yesti,j,l ∗ x′
j,l, (4)

with:

yesti,j,l =
∑
k

Hi,k,l ∗Dj,k,l ∗ e−[OH]∗kj∗∆ti,k . (5)

Now, yesti,j,l serves as the equivalent of the linear operator H while the total daily emissions

can be optimized through minimization of the cost function.

Tracer Selection

Evolving VCP organic compound composition adds complications for identifying tracers

for sub-sector emissions. When updating the speciation of VCP emissions to the most re-

cent CARB 2020 profiles, we found that not all the tracers identified by Gkatzelis et al.
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(D5-Siloxane, personal care; D4-Siloxane, adhesives (75 %) and insectices (25 %); PCBTF,

solvent-borne coatings; and PDCBZ, insecticides)6 are representative for the 2021 emissions

of specific sub-sectors in the emission inventory. While D5-Siloxane and PDCBZ remain

unique tracers for personal care and insecticides, respectively, PCBTF is emitted predomi-

nantly by application of coatings (84.1 %) and adhesives (15.2 %), with small contributions

from cleaning products (0.7 %; neglected here). D4-Siloxane has been adapted significantly

and is emitted by coatings (50 %), personal care (31 %), cleaning (16 %), and insecticides

(3 %). As adhesives and coatings are chemically related (lower fraction of oxygenated com-

pounds1) and emissions likely result from similar construction and building material-related

activities, we redefine PCBTF as a tracer for construction-related (coatings + adhesives;

from both commercial and household uses) emissions. Similarly, the chemical signature of

personal care and cleaning products are predominantly oxygenated1 and their use is likely

driven by consumer activity patterns and coincident with one another. Here, we define

D5-Siloxane as a tracer for consumer VCPs (personal care + cleaning). These definitions

for construction and consumer tracers are consistent with findings by He et al. which ob-

served drops in sales of health and personal care products while those of building materials

increased, consistent with measurements of D5-Siloxane and PCBTF in Boulder, CO.26

Since D4-Siloxane is emitted across these three broader VCP sub-sector categories, we can

check the inversion results. We do this by estimating D4-Siloxane emissions from adjusting

VOC emissions from construction (coatings + adhesives), consumer VCPs (personal care

+ cleaning), and insecticides using PCBTF, D5-Siloxane, and PDCBZ, respectively. Then

we compare this derived estimate of D4-Siloxane with a direct atmospheric inversion of

D4-Siloxane.

The remaining tracers identified by Gkatzelis et al. are not considered as their atmospheric

lifetime is too short (below 1 day) which results in a significant portion being lost before

measurement. In contrast, atmospheric lifetimes for selected tracers is 4–5 days (assuming

atmospheric OH concentrations of 106 molecules cm−3) for D5-Siloxane, 6 days for D4-
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Siloxane and over a month for PCBTF and PDCBZ. As we are unable to use the tracer for

water-borne coating emissions (Texanol), we assume that the ratio between solvent-borne

and water-borne coatings is reasonably distributed in the CARB inventory and speciation

profiles.

Results and Discussion

Meteorological Evaluation

Errors in Lagrangian transport models are dominated by inconsistencies in the wind field and

the mixing layer height from the underlying meteorological model.24 We optimize the model

configuration and use the set-up that best represents the dynamical observations during the

SUNVEx campaign. Additionaly, a careful selection of observations is done based on how

well the model represents the boundary layer.

Twelve setups of the meteorological model are evaluated for their ability to reproduce

horizontal winds obtained from the PUMAS instrument in LA. Hourly average model wind is

interpolated in time and space to match the lidar observations, similar to what is done with

FLEXPART-WRF. The interquartile range (IQR), median, and average of the model bias

distributions for the different configurations (Fig. 1) illustrates the expected uncertainties

from the transport simulations. While the median and average value of the bias distribution

are expected to tend towards 0 m s−1 for an unbiased model, the IQR will have a minimal

value representative for sub-scale motions not resolved in the model output (e.g., turbulence).

Comparisons of mesoscale transport processes between PUMAS and model configurations

averaged across the vertical model grid can be viewed in supplementary materials (e.g., SI

Fig. S1, S4, S5).

In Fig. 1, we see that the largest average biases are found for all the simulations with 12

km grid spacing. This is due to the poor representation of mesoscale transport processes in

this coarse grid. The highest impact on model performance is obtained when changing the
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horizontal grid spacing from 12 km to 4 km. Overall, little meteorological improvement is

obtained from going to finer than 4 km spacing in the LA domain. Local flows resulting from

strong gradients in surface elevation may be better resolved in the 1.3 km runs (see SI Fig.

S4 and S5) though this is not expected to significantly affect results from the Lagrangian

inversion here. The preferred configuration is found to be using HRRR as meteorological

input with EDMF where the model bias in zonal (meridional) wind vector components is

-0.18±3.85 (0.30±2.90) m s−1. As a reference, variation in the observations are 3.00 (2.73) m

s−1 for the zonal (meridional) directions, and thus are consistent with the variation in model

biases. The largest source of bias in wind direction for the selected configuration originates

from the the meridional direction in the free troposphere (0.67 ± 2.75 m s−1). However, this

is not expected to affect the inversion, which is dominated by transport within the boundary

layer.

After optimizing the model configuration using wind profiles, we exclude data from the

inversion where we estimate that the boundary layer is not well reproduced in the model.

For the ground-based sites, we use boundary layer height comparison between the model

and the stationary lidar instrument. Inconsistent boundary layer representation between the

model and measurements excludes 5 out of 24 (9 out of 21) days from our analysis in LA

(LV) as shown in SI Fig S2 (S3). The average relative bias for daytime (8 am – 8 pm local

time) mixing heights is 29.5 (-3.56) % in LV (LA). During nighttime, lidar measurements

of boundary layer height are much less frequently available and biases are on average -36.6

(46.4) % for LV (LA).

The selection of flights from the RECAP-CA campaign is based on the Pearson correlation

coefficient for water vapor mixing ratio between the model and aircraft measurements (ρ >

0.6). This criterion represents a trade-off between ensuring consistency in marine boundary

layer representation in the basin and maintaining sufficient data for the inversion. Five flights

(June 4, 10, 11, 12, and 21) were retained (flightpaths in SI, Fig. S8), while 11 flights (June

1, 3, 6, 8, 9, 13, 15, 16, 18, 19, and 22) were omitted from the analysis. The accumulated
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Figure 1: Biases in zonal (A) and meridional (B) wind directions for each WRF-Chem con-
figuration using the mobile Doppler lidar observations as a reference. The boxes illustrate
the median and the interquartile range of the biases for each data point in the observations,
the average bias is represented by the black dot. Biases were separated by Free Troposphere
(FT; blue), and Boundary Layer (BL; orange) regions according to model boundary layer
height. The lowest three rows document the WRF-Chem configuration describing respec-
tively (i) the model used to provide initial and boundary conditions (IC/BCs; nested runs
represented by arrows), (ii) the PBL configuration, and (iii) the horizontal grid spacing.
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footprints for the ground-site and airborne data are shown in the SI (Fig. S7).

Diurnal Emissions

When optimizing the temporal emissions profiles for the sub-sector emission rates in VCP

LA, distinctions are made between weekday versus weekend profiles. The number of days for

each inversion ranges from 3 (LV weekend days) to 14 (LA weekday) and optimized profiles

are normalised to 100 % (normalisation factors in SI Tab. S1). Prior uncertainty is set to

100 % to allow for sufficiently large normalization factors and adapting the shape of the

profile more freely. A second order Fourier-sum is fit to the combined data obtained from

LA and LV optimized profiles in order to obtain a smooth curve (Fig. 2) that reflects the

general activity curve present in the inventory.

While the Lagrangian optimized profile shapes are mostly similar to the ones in the prior,

the D5-Siloxane diurnal emission profile changes starkly. During the week, D5-Siloxane emis-

sions are at a minimum around 4 – 5 am (3.1 % of total 24 h emissions) and peak between

noon to 1 pm (5.2 %). The diurnal profile during the weekend shows a similar behaviour,

with a minimum of 3.0 % at 4 – 5 am and a maximum at 2 pm (5.7 %). The amplitude

of D5-Siloxane and PDCBZ diel profiles are lower in the optimized result compared to the

prior. For both tracers, the maxima occur later in the day during the weekend. In contrast to

both D5-Siloxane and PDCBZ (tracers specific to consumer behaviour), the optimal PCBTF

(related to construction) profiles show larger differences between day-time (up to 9.4/8.3 %

for weekday/weekend) and night-time (minimum of 1.1/2.0 % for weekday/weekend) emis-

sions. Note also that the amplitude of the PCBTF optimized diel profiles are lower during

the weekend than during the work week. From the normalization factors at both sites (Tab.

S1), no obvious weekday-weekend effect is found in terms of total mass emitted daily for any

of the sub-sectors.

Reconstructing the D4-Siloxane profile from a combination of the other tracers repre-

senting their respective sectors (i.e., 50% from construction, 47 % from consumer, and 3 %
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from insecticides; black dashed line in Fig. 2) results in good agreement with the optimized

D4-Siloxane profile with the difference never exceeding 1.0 % of the daily emissions.

We remark that the diel profile for D5-Siloxane differs between LA and LV. Specifically,

the LA optimized diel profile shows a small peak in the morning (6 am), followed by a

decrease to a local minimum at 8 am, after which a sharp peak occurs from 11 am to noon.

In contrast, the LV diel profile peaks in the afternoon/evening which may be consistent with

the uniqueness of the LV strip. Here, we take both cities to fit a single diel profile in order

to bound uncertainty in diel patterns of consumer VCP emissions. Differences between both

sites may point to the need for regional activity profiles for consumer product emissions.

As the prior D5-Siloxane diel profile was inferred from wintertime measurements in Boulder

(CO, USA) and measurements in May from Toronto (ON, CA), drivers in consumer behavior

based on region and climate could potentially explain the difference between the prior and

posterior emission profile.

Note that uncertainty on the optimized profiles relates predominantly to boundary layer

representations in the model. We expect the nighttime bias to compensate between the LA

and LV optimizations as they are similarly underestimating/overestimating the BL height,

respectively. During the daytime however, the boundary layer height in LV is overestimated

by ∼30 % on average. This may indicate that the resulting optimized diel profile in LV

overestimates the daytime emissions. Taking the LA emissions into account to fit the Fourier-

sum is expected to mediate this effect.

Top-down VCP Emission Factors

Using the optimized diel profiles we update the VCP LA inventory before calculating sub-

sector regional EFs using the top-down approach. Figure 3 illustrates how sub-sector emis-

sion factors in the LA basin were adjusted using the RECAP-CA flights. The FLEXPART-

WRF footprints are combined with the temporally optimized prior inventory to obtain model

estimates (yest) for the observed (Obs) mixing ratios using Eq. 1. We treat every flight as
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Figure 2: Diel profile (% of daily emission) as function of time of the day for D5-Siloxane,
D4-Siloxane, PDCBZ, and PCBTF (A, B, C, and D respectively). White (gray) background
denotes weekday (weekend) days for each tracer. Gray hatched regions denote local daytime
(8 am to 8 pm). The orange curves are the prior for the area sources in the McDonald et al.
inventory. Blue contoured black crosses (white dots) represent the inversion result for LV
(LA) with second order Fourier sum (fitted to both) shown as a blue curve. The std range
of the fitted curve are shown as blue shaded area behind the curve. The dashed line in panel
B shows the diurnal emission profile for D4-Siloxane reconstructed by combining the other
sub-sector optimized diel profiles.
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an independent observation and use the median value of yest

Obs
as an estimate of the scaling

factor (Fig. 3). By using the ensemble of flights, we obtain an uncertainty on the scaling fac-

tor which is considered to be representative of the uncertainty due to the transport model.

The average scaling factor (± the 95% CI) combining the different flights are 2.10±0.39,

0.39±0.07, 5.16±1.28, and 0.19±0.03, for D5-Siloxane, D4-Siloxane, PDCBZ and PCBTF,

respectively. A scaling factor larger (smaller) than 1 implies that the inventory is estimated

high (low). From this, we see that the inventory is estimated high for D5-Siloxane and

PDCBZ while low for D4-Siloxane and PCBTF.

Figure 3: The distributions of the ratio between estimates combining the prior inventory
with the calculated footprints (yest) and the aircraft observations (Obs) for the VCP tracers
(A, D5-Siloxane ; B, D4-Siloxane; C, PDCBZ; D, PCBTF). Distributions from each flight
during RECAP-CA are shown and color-coded by flight. Median values are shown by the
solid lines.

To test the sub-sectoral consistency of our inverse modeling result, we estimate the D4-

20



Siloxane emission rate (ER) by (1) using the prior EF and the D4-Siloxane scaling factor (74

mg person−1 day−1), and (2) combining the top-down EFs for the consumer, construction

and insecticide sub-sectors (84 mg person−1 day−1). The small (13 %) difference between

both builds confidence in the results of our approach. The top-down EFs derived from

inverse modelling over the LA basin are shown in comparison with those from literature in

Fig. 4. For completeness, we also included the EFs reported in McDonald et al. 1 on the

national level, in addition to those that are LA-specific. Note that here we compare with the

national EFs reported by Seltzer et al. 18 and Qin et al. 8 while the EFs from the California

Air Resources Board (CARB) inventory are specific to the LA basin.

The total VOC emissions from the evaluated construction (coatings + adhesives), con-

sumer (personal care + cleaning) and insecticide VCP sectors in the LA domain are higher

from the top-down inventory (31±8 kg person−1 year−1) compared to all the bottom-up in-

ventories. The bottom-up total VCP emissions range from 29 % (VCP US) to 81 % (CARB)

lower compared to the top-down EFs. This is entirely due to the increased construction

emissions (derived from the PCBTF tracer) which enhances emissions by a factor of 5.3

compared to the prior (VCP LA). The other sub-sectors (consumer and insecticides) are

reduced after optimization.

While CARB, VCP LA, and Qin et al. estimate emissions from the consumer sector to

be dominant over the construction emissions, the optimized EFs estimates that construction

emissions are twice as large as those from consumers. VCP US is the only other inventory

that estimates a higher EF from construction (9.7 – 17.1 kg person−1 year−1) than from

consumer products (4.30 – 8.84 kg person−1 year−1). The construction EF in VCP US is

also closest to the optimized results (18.0–33.6 kg person−1 year−1). For both the consumer

and insecticide sectors, the CARB inventory is closest to the top-down EFs, 2.3 – 3.5 and 0.0

– 0.2 kg person−1 year−1, respectively. The top-down results are most in line with the VCP

US inventory as it is the only one that correctly estimates the dominant emissions related

to construction in the basin in contrast to the consumer products and insecticides usage.
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Figure 4: Top-down emission factors [kg person−1 year−1] derived here (Top-down) com-
pared to EFs from McDonald et al. 1 (VCP US/VCP LA), Qin et al.,8 Seltzer et al.,18 and
the inventory from the California Air Resources Board (CARB). The hatched fraction in in-
ventory EFs for construction/consumer sub-sectors indicate the EF from coatings/personal
care products, respectively. Error bars represent the 95 % CI (Seltzer et al., Top-down),
expert uncertainty estimates (McDonald et al. 1). Note that the insecticide sub-sector EFs
are shown on a scale one order of magnitude smaller than the others.

After using the top-down EFs to further correct the VCP LA inventory, we calculate its

optimized spatial distribution of emission in the LA basin (Fig. S9). For this, the uncertainty

in the inventory corresponds with the uncertainty estimate on the optimized EFs. As we

are using ∼1.9k observations to optimize ∼ 5k independent sources in the inventory, the

individual emission rates are not considered here. However, we are able to discern the

general features in the optimized result to identify regions which may need further study in

the future. From this, we see that the different tracers are estimated low in the harbor region

while those in more residential/commercial areas are high compared to the a posteriori result.

Specifically, emissions of D5-Siloxane and PCBTF around the harbor region are increased

with 29 and 10 %, respectively. Further investigation on potential differences in emission

patterns between industrial zones and residential areas may be needed to improve VCP

inventories towards the future.

Above, we discussed the application of the scaling factors to obtain top-down optimized

EFs and their uncertainties (combination of uncertainty in the inventory and the uncertainty
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of the scaling factor). Alternatively, the scaling factors could be impacted by consistent

biases in boundary layer height or measurements uncertainties. As we have optimized the

model performance for the region and selected flights to best reproduce the meteorological

parameters, we have attempted to minimize the meteorological bias and assume it to be

small. Compounds calibrated directly with a gas standard (D4-, and D5-Siloxane) are not

expected to be subject to a significant measurement bias. For PDCBZ and PCBTF, the

scaling factors are outside the estimated measurement uncertainty (54 %). As such, changes

in the top-down EFs are assumed to be significant for all VCP sub-sectors.

We highlight here remaining discrepancies between bottom-up VCP inventories and our

top-down evaluation. While VOC emissions from VCP consumer and insecticide sub-sectors

were overestimated, emissions related to construction were underestimated by a factor of

five, and led to an overall underestimation of total VCP emissions. As the quantification of

VCPs on criteria pollutants has been mostly based on bottom-up inventory estimates,7–13 it

is important to characterize uncertainties with top-down methodologies. The novel advance

of this study is employing a Lagrangian modeling framework that rigorously accounts for

meteorological transport in inverting emissions, and revealed an under-accounted source of

construction-related emissions, especially in industrial regions. Accurate representation of

VOC reactivity in inventories is important for modeling the impact of urban emissions on

tropospheric O3 formation in Los Angeles,13,27 and other cities around the world.50
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