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Abstract. There are large discrepancies between different black carbon (BC) bottom-up emission estimates. This affects our
understanding of how BC affects population health and climate. Previous studies have presented top-down estimates in var-
ious domains but estimates in Europe for more than a few months are lacking. With the Lund University Modular Inversion
Algorithm (LUMIA) and the FLEXible PARTicle dispersion model (FLEXPART), we aim to calculate top-down estimates
of anthropogenic BC emissions by assimilating surface observations from 24 background sites in Europe (15° W—35° E,
33-73° N) during 2021. The results show that the bottom-up BC inventory generally underestimates emissions in the domain.
Annually, the resulting top-down emissions are 411 £ 10 Gg of BC, 18% higher than the bottom-up estimate of 349 £ 30 Gg
used as a prior. The largest increases in emissions occur in Eastern parts of Europe during spring and summer, while emissions
in Poland and Italy are reduced during winter and autumn. The overall posterior emissions are most sensitive to changes in the
observational network on the periphery, resulting in a reduced standard deviation compared to the prior emissions in the central
domain, where the network density is high. A cross-validation scheme, where one site at the time is removed for validation,

show that the posterior for a majority of sites fit independent observations better than the prior emissions.

1 Introduction

Black carbon (BC) is a component of atmospheric particles originating mainly from incomplete combustion of carbonaceous
fuels. BC negatively affects air quality and public health as a component of fine particulate matter (PMs 5) and due to its ability
to carry a wide variety of possible toxic chemicals to the lungs (Janssen et al., 2012). In addition, BC is a driver of climate
change since it has light-absorbing properties. BC’s global effective radiative forcing is around 0.15 & 0.17 W m (Thornhill

et al., 2021), but due to its short lifetime, it can have larger effects on smaller spatio-temporal scales (Hodnebrog et al., 2014).
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BC is also involved in snow—albedo feedbacks, as particles deposited on snow can drastically decrease the albedo (Clarke
and Noone, 1985). At the same time, there are large uncertainties surrounding our understanding of how atmospheric BC
concentration affects population health and climate. Uncertainties in emission estimates contribute to the overall uncertainty of
modelled BC concentrations. Therefore, more robust BC emission quantification is crucial.

Traditionally, emissions of BC, and other atmospheric species in general, are estimated with a direct, botfom-up approach.
These are based on emission factors, activity data, and other proxy information. While they provide important knowledge
about the spatio-temporal distribution of BC emissions, these proxy data sources are often coarsely modelled, interpolated
from a few data points or derived from idealized laboratory experiments and short field campaigns (Cohen and Wang, 2014).
In addition, important sources, specifically flaring, of BC have been shown to be missing in bottom-up inventories (Stohl et al.,
2013). The significant uncertainty in emissions partly explains why there are large differences between observed and modelled
BC concentrations based on bottom-up inventories (Koch et al., 2009), as well as why there are large discrepancies between
different bottom-up inventories.

In light of this, different fop-down approaches, i.e. inverse methods, can be utilized as a complement to bottom-up inven-
tories. The top-down approach infers changes to the emission inventories based on atmospheric observations of BC, often
surface concentrations. While this approach can reduce uncertainties in the emissions estimates as compared to the bottom-up
inventories, other limitations are introduced. For example, inversion systems are generally computationally heavy, and their
accuracy is dependent on the density of available observations, limiting the spatio-temporal resolution and domain they can
be utilized on. Therefore, previous top-down BC emissions estimates have relatively coarse resolution, spatially and/or tempo-
rally. Cohen and Wang (2014) used a Kalman filter to estimate monthly global BC emissions on nine regions based on surface
observations and satellite retrievals. Zhang et al. (2015) used satellite derived Aerosol Optical Depth and a variational inversion
approach to constrain BC emissions in Asia, spatially (0.5° x 0.667°) resolved for two months. In China, BC emissions have
been evaluated with multiple top-down approaches using surface observations, for example with multilinear regression for five
regions (Wang et al., 2013), monthly city cluster emissions (Zhao et al., 2019) and an ensemble optimal interpolation on a 0.5°
grid and monthly temporal scale (Wang et al., 2016). In the USA, Mao et al. (2014) produced top-down emissions of BC in
5 regions and sectors with an analytical solution to the inverse problem based on surface observations. Guerrette and Henze
(2017) used a 4D variational approach with surface and airborne observations to solve for daily BC emissions for a three-day
case study on an irregular grid. Utilizing the same transport model as the present study (see Sect. 2.1), Evangeliou et al. (2018)
used surface observations to optimize monthly BC emissions for three years in the Arctic with a Bayesian inversion approach.
The emissions are optimized monthly on an irregular grid between 8° and 1°. The same inversion system was later used to
investigate BC emissions during COVID-19 lockdown in Europe (Evangeliou et al., 2021) and China (Jia et al., 2021), with
a similar irregular grid on a weekly basis limited to January—April from 2015—2020. In addition, recent development in as-
similation of satellite observation of aerosol (absorption) optical depth show a global underestimation in BC emissions (Chen
et al., 2022; Tsikerdekis et al., 2023).

With recent developments in inverse modelling techniques, increasing amount of computational power, as well as an in-

creasing number of BC monitoring sites, there is an opportunity for top-down BC emissions to be constrained on finer scales



55

60

65

70

75

80

85

https://doi.org/10.5194/egusphere-2025-1568
Preprint. Discussion started: 30 July 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

than previously. In this study, we present the first application of the Lund University Modular Inversion Algorithm (LUMIA,
described in Sect. 2) (Monteil and Scholze, 2021) to top-down emission estimates of black carbon, in Europe (15° W-35° E,
33-73° N) specifically. By leveraging the offline transport in LUMIA, reducing computational constraints at the cost of mem-
ory storage, it is possible to compute the inversion with the daily BC emissions on a 0.25° x 0.25° grid; a finer spatio-temporal
scale than previous top-down BC emission estimates. This allows for a better understanding of the variability in emissions
within Europe, and within individual European countries. The present study focuses on 2021. As this is the first application
of LUMIA to top-down emission estimates of aerosols, the main aim of this study is to test and validate the system. We test
the setup with several synthetic experiments and sensitivity tests, and validate it using a cross-validation scheme. The paper is
organized as follows: first, we present the inversion framework (Sect. 2) followed by a description of the input data (Sect. 3)
which includes prior emissions (3.1) and the observational network (3.2). Then, the different inversion setups and experiments
are described in detail (Sect. 4), followed by the results from the synthetic and real inversions (Sect. 5). Finally, the results are

discussed (Sect. 6) and some final conclusions are presented (Sect. 7).

2 Inversion framework

The inversions are performed with the Lund University Modular Inversion Algorithm (LUMIA). LUMIA is described in de-
tailed in Monteil and Scholze (2021) where it is applied to regional CO, inversions. The framework uses a Bayesian variational
algorithm to solve the inversion problem (Meirink et al., 2008). The aim is to find the most probable set of emissions given a
set of prior emissions and atmospheric observations considering the uncertainties in both. The emissions (in the control space
called the control vector &, where each element is the anthropogenic BC emissions at a given grid point and day) are related to

the observations (the observation vector y) with a numerical model of atmospheric transport H.
y=H(x)+e ()

Since the transport model (see Sect. 2.1) is linear, H (x) simplifies to Hax where H is the Jacobian of the transport model.
This is advantageous since the Jacobian matrix can be precomputed. The error term, e, includes both model representation,
spatio-temporal representation and observational errors. Finding the most probable emissions is mathematically equivalent to

finding the control vector & that minimizes the cost function J ().
1 TR-1 1 TR-1
J(w)zQ(w—wb) B (az—wb)+§(y—H:c) R™'(y—Hzx) ()

The first term of cost function weights the deviation of the control vector from the prior (xp) with the prior error covariance
matrix (B). The second term weights the deviation of the modelled concentrations from observations with the observation and
model representation error covariance matrix (R). Thus, minimizing J () provides a statistical compromise between prior
emissions and observations considering their uncertainty.

With the Bayesian variational inversion algorithm, LUMIA minimizes the cost function with an iterative gradient-descent

technique (see Monteil and Scholze (2021) for details). It should be noted that for efficiency reasons, the optimization occurs
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on a preconditioned control vector w = B'/?(2 — x3) which encodes the effects of the error covariance matrix into the control
vector. This is utilized in the ensemble method described in more detail in section 4.1.

In each minimization iteration both the local cost function J () and its gradient V, J (x) are computed. This requires both

the forward, H, and adjoint, HT, of the transport, which would be computationally expensive if the transport model was

90 executed each iteration. Instead, LUMIA employs an offline transport module based on precomputed footprints. This greatly

reduces computational cost by significantly increasing storage. Section 2.1 describes how the footprints are calculated.
2.1 Transport model

The FLEXible PARTicle (FLEXPART) dispersion model version 10.4 (Pisso et al., 2019) is used to model the transport of BC
in the atmosphere. FLEXPART is a Lagrangian model that has several benefits over Eulerian counterparts, namely that it is not

95 subject to numerical diffusion and is not limited to a grid resolution, useful when calculating how sensitive an observational
site is to emissions in any given location. How sensitive a site is to emissions in a grid in the model layer closest to the surface
is often called a footprint.

In FLEXPART, dispersion backwards in time is simulated by releasing numerous virtual particles for a given location in
space and time. The corresponding footprint for that location is calculated by aggregating the residence time of each virtual

100 particle in each space-time grid box defined by the inversion grid (Seibert and Frank, 2004) and an arbitrary altitude threshold
of 100 m (Pisso et al., 2019; Munassar et al., 2023). Calculating footprints backwards in time is numerically more efficient in
our case, since we have fewer observational sites than grid cells. It also has the benefit of being able to initiate the simulations
at the exact location of the site, without representation errors from a grid.

The simulations were driven by meteorological data from the European Center for Medium Range Weather Forecast (ECMWF)

105 reanalysis product ERA5 (Hersbach et al., 2020). The data were extracted on the same domain and resolution as the inversion
grid, i.e. hourly values on 0.25° grid (Pisso et al., 2019).

FLEXPART simulates both dry and wet deposition. For dry deposition, all tracers were initiated from a log-normal size
distribution with mean diameter of 0.25 um and a normalized standard deviation of 3.3, as well as a density of 1500 kg m™
(Long et al., 2013). For wet deposition, different parameters can be used to control the efficiency of scavenging and deposition.

110 We used the standard settings for BC, following the findings of Evangeliou et al. (2018). Rain and snow collection efficiency
of 1 for below cloud scavenging and for in-cloud scavenging, a cloud condensation nuclei efficiency of 0.9 and ice nuclei
efficiency of 0.1.

For each observation, a 24-hour footprint 14 days backwards in time was calculated (shorter if the particles exit the domain).
This should be sufficient time to ensure that the model captures all contributions to the BC concentration at most observations

115 given that there are major BC sources within the domain and that the lifetime of BC is between 4—10 days in the atmosphere
(Park et al., 2005; Textor et al., 2006). However, in some cases, the air mass leaves the domain within the lifetime of BC

therefore we also compute background concentrations.
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2.2 Background concentrations

Background concentrations for each observation are calculated using the LUMIA forward operator on a larger domain (entire
Northern Hemisphere, we assume the Southern Hemisphere has no impact) with lower resolution (0.5°x0.5°). This transport is
driven by 30 days FLEXPART simulations and we used the CAMS-GLOBv5.3 monthly emissions (presented in Tablel) and
the GFEDv4s product (van der Werf et al., 2017) for wildfires.

The background concentrations, ybg are calculated with Eq. 3,

Y9 = ynu —yld, 3)

where y 7 1s the concentration given emissions in the entire NH. The foreground concentrations, yJ]:,gH, are only from contri-
butions within the regional domain, i.e. with emissions set to zero everywhere except in the inversion domain. The main benefit
of this method is that the effect the regional emissions can have on the boundary condition is preserved. In other words, cases
where the air mass leaves the domain but then returns are considered. In addition, it should be mentioned that the total emis-
sions are not relevant for the background calculations; rather the relationship between the in- and outside-domain emissions is.

Here, we assume this relation to be represented well enough in CAMS.

3 Input data
3.1 Prior emissions

The present study utilizes several bottom-up emission inventories for the different experiments. They are summarized in Table
1. The main dataset that is optimized in the real inversion is a modified version of HTAPv3 emission dataset (Crippa et al.,
2023). HTAPv3 is a so-called mosaic dataset where more accurate regional emission inventories are merged in the global
EDGAR emission dataset. The details of the modifications are presented in Denier van der Gon et al. (2023). In short, the
modifications are twofold: the European data have been extrapolated from the final year of HTAPv3, 2018, to the study year
of 2021 based on the CAMS-REGVS5 (Kuenen et al., 2022) changes between these two years, and they include the contribution
from the condensable PM fraction for residential wood/coal combustion in a consistent way following the approach outlined
in Denier van der Gon et al. (2015). In addition, we apply weekly emission profiles from Guevara et al. (2021) for aviation,
energy, industry and road transport sectors. Furthermore, residential heating is scaled with daily emission factors based on the
concept of heating-degree-day factors, where the emissions are scaled based on ERA5 2-meter temperature (Guevara et al.,
2021).

The CAMS-GLOB-ANT-v5.3 is used both to calculate background concentrations (see Sect. 2.2), and as a prior in the
synthetic experiment (Sect. 4). For wildfire BC emissions, both in and outside the domain, we use the GFEDv4s product
(van der Werf et al., 2017) on a daily resolution, excluding the agricultural waste burning sector, as it is already included in
the anthropogenic emissions. As seen in Table 1, the magnitude of the European wildfire emissions is around two orders of

magnitude lower than the anthropogenic sources.
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Table 1. List of prior emission datasets used in the study.

Category Product Resolution Domain Provider/reference Usage Total emissions 2021

Anthropogenic HTAPv3, modified 0.25°x 0.25°, daily Europe Crippa et al. (2023); Denier van der Gon et al. (2023)  Real; prior & Synthetic; truth 352 Gg

Anthropogenic CAMS-GLOB-ANT-v5.3  0.25°x 0.25°, monthly ~ Europe Soulie et al. (2024) Synthetic; prior 227 Gg

Wildfires, excl. waste burning  GFEDv4s 0.25°x 0.25°, daily Europe van der Werf et al. (2017) Real; prior 5Gg

Anthropogenic CAMS-GLOB-ANT-v5.3  0.5°x 0.5°, monthly Northern Hemisphere ~ Soulie et al. (2024) Real; background 4785 Gg

Wildfires, excl. waste burning ~ GFEDv4s 0.5°x 0.5°, daily Northern Hemisphere ~ van der Werf et al. (2017) Real; background 973 Gg
(a) Observational network (b) Average network sensitivity
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Figure 1. The network of observational sites used for the inversion (a), where the color shows the site’s altitude. Sensitivity of the observations

to emissions in the lower atmosphere, averaged over all sites and for the entire year (b).

3.1.1 Prior uncertainty

The uncertainty in the prior emissions determines how much the posterior is able to deviate from the prior. In LUMIA, the
prior uncertainty is described by the prior error covariance matrix (B) constructed with the correlation length approach. Each
element of B (Eq. 2), i.e. the covariance between two elements of the control vector, is defined by Eq. 4. (Monteil and Scholze,
2021).

COV(T1,®g) = O, * gy + e~ distance(PrP2)/La y o=lti—tal/ Lt “4)

Here, a control vector elements x; have spatial and temporal position p; and ¢;. The standard deviation o, is set to the the
magnitude of the emissions at that point. The covariance exponentially decays with the distance between x; and x; both in
space and time, scaled by correlation length L, in space and L, in time. With this formulation, the total uncertainty is sensitive
to both correlation lengths and model resolution. Therefore, we scale the prior standard deviations, such that the computed

total annual uncertainty equals the prescribed annual uncertainty (the choice of which is justified in Sect. 5.2.1).
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3.2 Observational network

The observations of atmospheric BC used in the inversion were retrieved at Level-2 quality controlled level from the EBAS
database of atmospheric composition monitoring (http://ebas.nilu.no, last access: 15 January 2025). In total, the inversion uses
observations from 24 sites. Table 2 presents an overview of the sites and Fig. 1a presents their spatial distribution, while Fig.
1b shows the average sensitivity of the network. Only rural or semi-rural (two sites) sites were selected.

All observations assimilated in this study work on the principle of measuring the light absorption coefficient of a collected
sample of aerosols. The coefficient is converted to concentration using the wavelength dependent mass absorption coefficient
(MAC). The resulting concentration is referred to as equivalent BC (eBC) (Petzold et al., 2013). Here, we assume a MAC of 10
+ 1.33 m?g’! at 637 nm reported to be representative for a well mixed boundary layer in European background sites (Zanatta
et al., 2016). We also assume no change in MAC from different sources, i.e. an Angstrdm exponent (AAE) equal to one (Zotter
et al., 2017). With this assumption, MAC values at different wavelengths are extrapolated according to M AC) = 10(637/))
(Lack and Langridge, 2013).

Nine sites utilized the Multi Angle Absorption Photometers Model 5012 (MAAP-5012) by Thermo Scientific (Petzold and
Schonlinner, 2004). This instrument measures the light absorption coefficient of aerosol samples using a light source with a
wavelength of 670 nm. However, subsequent studies revealed the actual wavelength to be 637 nm (Zanatta et al., 2016). Still,
most sites reported absorption coefficients at 670 nm. One site employed Particle Soot Absorption Photometers (PSAP-3W)
by Radiance Research (Bond et al., 1999; Sinha et al., 2017). This instrument operates at three wavelengths between 470 and
660 nm. In addition, five sites used Continuous Light Absorption Photometers (CLAP-10) by NOAA (Ogren et al., 2017). The
CLAP-10 operates at three different wavelengths between 467 and 652 nm. The present study utilizes the longest available
wavelength for these instruments.

Finally, the Aethalometer by Magee Scientific was operational at eight sites (AE33) and one site (AE31) (Hansen et al., 1984;
Drinovec et al., 2015). Both AE31 and AE33 measure the absorption of aerosol samples at seven different wavelengths ranging
from 370 to 950 nm. Here, we define the concentration eBC by the absorption at 880 nm. The AE33 has been shown to consis-
tently overestimate eBC concentrations compared to MAAP due to filter loading effects. Consequently, ACTRIS recommends
applying a Harmonization factor of either 1.76 or 2.21 depending on filter type (Miiller and Fiebig, 2021). The application of
this factor, along with accompanying metadata, was inconsistent for 2021. Therefore, we cross-referenced with data providers
and compared with forward model simulations and concluded that the factor (1.76) needed to be applied manually for five sites
(hpb, kos, rig, pay and pmi, see Table 2).

The level-2, quality controlled, measurements retrieved from the EBAS database have a one-hour resolution (arithmetic
mean of original sampling). The instrument uncertainty, the typical unit-to-unit variability (;,,s¢), was in most cases reported
in the metadata as a fraction, ranging from 5% to 25%. The observational uncertainty, o, is derived from the instrument
uncertainty as well as the MAC uncertainty, according to Eq. 5. For all measurements below the limit-of-detection (LOD), we
assume a measurement value and uncertainty of LOD/2. This approach mimics the assumption that a measurement below the

LOD can be any value from zero to the LOD, in the absence of the option to assume uniformly distributed measurements.
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In line with Monteil and Scholze (2021), we selected a subset of the original observations for which the transport model
is expected to perform optimally. One of the primary difficulties of transport modeling is accurately representing vertical
mixing in the lower troposphere. This representation error is expected to be minimal either in a well-developed boundary
layer (typically occurring in the afternoon) or well above the boundary layer (typically occurring at night for high-altitude
sites). Therefore, the final observational dataset includes only observations between 12:00—18:00 local time for sites at lower
altitudes (< 1000 m) or between 00:00—04:00 local time for high altitude sites (> 1000 m). The number of observations used

for each site is presented in the last column in Table 2.

4 Inversion setup

The observations assimilated in this study are from the year 2021. Consequently, the emissions are optimized at daily resolution
between 1 of January and 15th of December 2021. This ensures that there are observations available to constrain the entire
solution. The domain is the same as the transport model: 15° W—35° E, 33—73° N with a resolution of 0.25°.

We first perform a set of synthetic inversions to evaluate the inversion framework’s ability to recover a known set of emis-
sions. Synthetic observations are generated by forward transport from the "truth", in our case the modified HTAPv3 emissions,
combined with random noise to mimic observational error. The random noise is sampled from A (0, 05), where 05 is the obser-
vational error of the equivalent real observation (Eq. 5). In the synthetic experiment the CAMS-GLOB-ANTV5.3 emissions are
used as the prior. The top section of Table3 lists the synthetic experiments and their different setups, starting with the synthetic
base case (SBase) followed by the sensitivity test performed and how they differ from the base case.

The sensitivity towards the observation error is tested by applying a factor of 0.5 and 2 to the observation error (denoted
as SO.). Then, we test the sensitivity towards the somewhat arbitrary choices of correlation lengths. First, by changing the
horizontal correlation length L, from 500 to 250 and 1000 km (SCx.), and then by changing L, from 14 to 7 and 21 days
(SCt.). The sensitivity towards the prescribed annual uncertainty in the prior emissions, 30 Gg in the base case, is evaluated by
assuming annual uncertainties of 15 Gg and 60 Gg of BC (SP).

Next, a set of inversions using the real observations is performed. The equivalent sensitivity experiments to the synthetic
experiment are performed for the real inversions. The real sensitivity experiments are named analogues to the synthetic but
with the first letter R instead of S, and are presented only in Appendix B1. Finally, two different ensembles of real inversions
(described in Sect. 4.1) are computed to quantify the uncertainty in the real inversion.

For all experiments, we use the Root Mean Square Error normalized with the spread in the measurements (nRMSE) and
the Pearson’s correlation coefficient (r) as evaluation metrics when comparing the modeled eBC concentrations with the mea-

surements. These metrics are computed for each site individually, and when averaged across all sites, they are weighted by the
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Table 2. Observational sites and their metadata used in the inversion

EGUsphere\

Site ID  Name Longitude  Latitude Altitude Instrument Wavelength  Nr obs
arn El Arenosillo 6.73°W  37.10°N 41m CLAP-10 652 nm 1995
beo BEO Moussala 2358°E  42.17°N 2925m CLAP-10 652 nm 1296
bir Birkenes II 8.25°E  58.39°N 220m PSAP-3W 660 nm 1986
dem DEM Athens 23.82°E  37.99°N 270 m  AE33 880 nm 2074
glh Giordan Lighthouse 1422°E  36.07°N 167m MAAP-5012 670 nm 1048
hac Helmos Mountain 2220°E  37.98°N  2314m CLAP-10 652 nm 886
hpb Hohenpeissenberg 11.01°E  47.80°N 975m MAAP-5012 670 nm 2096
htm Hyltemossa 13.42°E  56.10°N 115m AE33 880 nm 1308
hyy Hyytidla 2428°E  61.85°N 181 m CLAP-10 652 nm 2049
ipr Ispra 8.64°E  45.81°N 209m MAAP-5012 670 nm 2181
ifi Jungfraujoch 7.99°E  46.55°N 3578 m  AE33 880 nm 1117
kos Kosetice (NAOK) 15.08°E  49.57°N 535m AE33 660 nm 2007
kps K-puszta 19.58°E  46.97°N 125m CLAP-10 652 nm 642
mel Melpitz 1293°E  51.53°N 87m MAAP-5012 670 nm 1793
msa Montsec 0.73°E  42.05°N  1571m MAAP-5012 670 nm 1258
neu Neuglobsow 13.03°E  53.17°N 62m MAAP-5012 670 nm 1978
ope Obs. Perenne de I’Environnement 551°E  48.56°N 396 m  AE31 880 nm 1667
pal Pallas (Sammaltunturi) 24.12°E  67.97°N 560m MAAP-5012 637 nm 2083
pay Payerne 6.94°E  46.81°N 489 m AE33 880 nm 2181
pmi Pic du Midi 0.14°E  42.94°N  2889m AE33 880 nm 1043
puy Puy de Dome 296°E 45.77°N  1465m MAAP-5012 670 nm 1133
rig Rigi 846°E 47.07°N  1031m AE33 880 nm 1437
vda Villeneuve d’Ascq 3.14°E  50.61°N 90m AE33 880 nm 2146
wal Waldhof 10.76°E  52.80°N 74m MAAP-5012 670 nm 2047
number of observations. Eq. 6 defines nRMSE, where y and o represent the model and measurements of eBC.
225 nRMSE = Xm0 =00’ (6)

Omazxz — Omin
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Table 3. List of experiments performed in this study

Experiment name  Prior Prior annual uncert Obs  Obs error fac L, Ly

SBase CAMS-GLOB-ANT 30 Gg synthetic 1 500 km (exp) 14 days
SO.x05 - - - 0.5 - -
SO.x2 - - - 2 - -
SP.15 - 15 Gg - - - -
SP.60 - 60 Gg - - - -
SCx.250 - - - - 250 km (exp) -
SCx.1000 - - - - 1000 km (exp) -
SCt.7 - - - - - 7 days
SCt.21 - - - - - 21 days

RBase HTAPv3, mod 30 Gg real 1 500 km (exp) 14 days
REns HTAPv3, mod, perturbed - real, perturbed - - -

RCV - - real, cross-validation - - -

4.1 Uncertainty quantification

Firstly, we create an ensemble of sensitivity tests (real ensemble, REns) by perturbing the prior emissions and the observations.
The standard deviation between the members, o r gy, s, thus represent the uncertainty in the posterior emissions due to both
bottom-up and observational uncertainty. Each member is initialized with observations deviating randomly from the reference
by one standard deviation (the prescribed observational error, o) and each element in the preconditioned control vector (w,
see Sect. 2) is set to a normal distributed random value between -1 and 1. Since the preconditioned control vector encodes the
error covariance matrix, the resulting perturbations on the prior are spatially and temporally consistent. In total, the ensemble
consists of 50 members. This was sufficient to recover the prescribed annual uncertainty in the prior (described in Sect. 3.1.1)
in all cases.

Secondly, a cross-validation experiment is performed (real cross-validation, RCV). One site at a time is removed and kept
for independent validation, resulting in 24 different inversions. The main purpose of the cross-validation is to validate the
system with independent observations, but it also functions as a sensitivity test towards single sites and allows us to quantify
the uncertainty due to changes in the observational network, ooy . Since 0 ppyns and o gy should be mostly independent and
represent different types of uncertainties, we estimate the total uncertainty of the base inversion according to Eq. 7. Note that

the inversion uncertainty due to the transport model is not assessed in this study.

Y 2
ORBase = \/Orcv T OREns (N
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Figure 2. Daily emissions of 2021 (a) for prior (gray), truth (black) and posterior base case (red, solid) and posterior sensitivity tests (red,

dashed) aggregated over the domain. Same data annually aggregated (b) with difference compared to truth annotated.

5 Results
5.1 Synthetic inversions

Figure 2 illustrates the daily and annual true, prior and posterior emissions aggregated over the domain. The base inversion
(SBase) successfully recovers most of the annual emissions, with the annual bias decreasing from -102 Gg of BC (29% of the
truth) in the prior compared to -29 Gg (8%) in the posterior. Additionally, part of the temporal variability of the true emissions is
recovered, particularly the larger fluctuations. For instance, the rapid changes in February, late March, and October are captured.
However, smaller-scale variability is not as well recovered, which can be attributed to the temporal correlation always being
longer than a week. This includes the intra-weekly variability dominating the true emissions from May to September, which is
also the period with the largest bias between the true and posterior emissions. Some major peaks, such as those in mid-January

and early April, are also not recovered. Furthermore, the inversion results in an improved fit to the observations (Appendix A).
5.1.1 Sensitivity to inversion settings

The annual emissions of the sensitivity tests vary at most between -2 to 3% compared to the base posterior (Fig. 2b). The
sensitivity tests demonstrate that the inversion is robust to observational and prior uncertainty; with half the observation un-
certainty the posterior increases by 1 Gg (SO.05) and with twice the uncertainty it decreases by -5 Gg (S0.05). Halving the

prescribed prior annual uncertainty reduces the posterior emissions by -4 Gg (SP.15), while doubling it results in an increase of
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Figure 3. Daily emissions of 2021 for prior (gray), posterior RBase (red). The shaded area are the respective uncertainty represented as the
standard deviation from ensemble of prior (0 rEns) and posterior (0 rBase, Eq. 7). Annotated are the annually aggregated emissions with

one std

3 Gg (SP.60). In practice, decreasing observational error or increasing prescribed prior annual uncertainty has the same effect;
the cost function (Eq. 2) is dominated by the right term, allowing for a better fit to the observations, and thus resulting in a
larger deviation from the prior. Changing the correlation lengths results in changes of similar magnitude, further indicating
the robustness of the inversion. The largest deviation, -7 Gg, occurs when decreasing temporal correlation from 14 to 7 days
(SCt.7). The daily emissions of the sensitivity tests (Fig. 2a), dashed and dotted lines) reflect the robustness of the inversion, as

the sensitivity tests follow the base inversion with a maximum of -7% deviation occurring in February (SCt.7).
5.2 Real inversions

Figure 3 presents the daily and annual emissions (annotated) of the prior and posterior aggregated over the domain. Annually,
the real base inversion (RBase) results in 411 4+ 10 Gg of emitted BC from anthropogenic sources (with standard deviation
from Eq. 7). This represents an 18% increase over the prior annual emissions of 349 4 30 Gg. The increase in emissions occurs
predominantly in late March until October, while the emissions are on average similar for the late autumn and winter months.

The spatial distribution of the annual emissions is presented in Fig. 4 for the prior (a), posterior (b), and difference (c).
Most of the spatial features of the prior are preserved in the posterior, with high emissions in Central England, Southwest
Netherlands, Po Valley, Southern Poland, Central Balkans, as well as major cities. The posterior emissions are generally higher
across the domain, with reductions limited to Northwestern Europe and Northern Poland. The largest increases are observed in
the Po Valley, Central Europe, Iberian Peninsula, and Balkans.

In addition, Fig. 4 presents the relative uncertainty in the prior (d), and posterior emissions (e). The nearly uniform relative
uncertainty of the prior is reduced in the inversion, especially in the vicinity of measurement sites, with some exceptions. In
areas where the posterior emissions are lower, the relative uncertainty is higher, such as around Italy and the Netherlands.
Theoretically, for any one inversion, the absolute uncertainty should not increase, however since we evaluate the uncertainty
based on an ensemble it can happen if the different inversions converge on different solutions. Figure 4f) illustrates the absolute

difference between posterior and prior uncertainty relative to the prior emissions. The reduced uncertainty correlates spatially
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i.e. the standard deviation of the ensemble (REns), as a percentage of the prior (d) and posterior (e) emissions as well as the difference in

uncertainty with respect to the prior emissions (f).

with the density of the measurement sites and, consequently, the network sensitivity (see Fig. 1), showing a reduction in Central
Europe but essentially no change around the periphery, especially in Southern Finland. Both of 0 g, s and ogcy are lower in
the center of the domain (not shown). Therefore, the overall spatial posterior standard deviation results in a near net-zero change
on the periphery. This clearly illustrates the added value of having more observation sites in the periphery of the (European)
domain.

The seasonal variations of the prior and posterior emissions as well as the emission and uncertainty difference are presented
in Fig. 5. In winter (DJF), the prior has very high emissions in Southern Poland compared to the rest of the domain. The base
inversion reduces emissions in Poland, France, and Italy while increasing emissions around Germany, the Czech Republic,
the Po Valley, and Eastern Europe. The result is a more uniform posterior in Central Europe. This is not the case for spring
(MAM), where the prior emissions are much lower in Poland. The posterior emissions in Poland are more similar to winter,
resulting in a widespread increase in most of Central and Eastern Europe, with lower emissions only in Italy, Northwestern
Europe, and the Baltic coast of Poland. A similar pattern occurs in summer (JAJ), but with a southerly shift of the increased
emissions to the Mediterranean region. A small but substantial emission decrease occurs in Switzerland. The autumn (SON)
prior and posterior emissions are very similar to the winter months, but with larger reductions in Poland and the Baltics. The
lower posterior emissions in Northwestern Europe remain throughout the year. The uncertainty relative to the prior is similar

to the annual aggregated data, but with overall larger reductions both in terms of magnitude and spatial extent.
5.2.1 Sensitivity and uncertainty

From the real ensemble experiment (REns), we quantify the sensitivity of the inversion and the associated uncertainty to prior

emissions and observations. With the prescribed prior annual uncertainty of 30 Gg, the resulting ensemble spread of priors is

13



300

305

310

https://doi.org/10.5194/egusphere-2025-1568
Preprint. Discussion started: 30 July 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Apri
o = N w
o © o
o o o
e

B
o
5}

w
=}
S}

Apos
N
=]
o

,_.
o
o

BC [mg m~2 year~!]

0

Apos - apri

Apos - apri uncert

Figure 5. The seasonal variation, columns, of the same variables as Fig. 4a-c,f) in the rows.

154 Gg (270—424 Gg, min to max). This range effectively covers the spread between different bottom-up emission estimates
in the domain. For instance, the difference between the EMEP (Ullrich et al., 2023) and CAMS-GLOB-ANTVS5.3 (Sect. 3.1)
bottom-up inventories in the domain is 172 Gg for 2021. This confirms that the rather arbitrary choice of 30 Gg in annual prior
uncertainty is realistic. The ensemble spread of posterior emissions is 27 Gg (ranging from 398—425 Gg) with a standard
deviation (o grgns) of 7 Gg. This represents a reduction in spread by approximately 80%, indicating that the inversion is very
robust with respect to both prior emissions and observations.

The cross-validation experiments (RCV)) provide a quantified sensitivity of the inversion to the observational network. Figure
B2 shows the daily and annual posterior emissions for each inversion in the cross-validation. We observe that the largest
changes occur when sites that are mostly influenced by emissions at the boundary are excluded. Removing single sites where
the network density is high has a much smaller effect on the annual emissions. Overall, the sensitivity due to observational
network results in a spread of 37 Gg (394—431 Gg) with a standard deviation (crcy ) of 8 Gg.

In general, the inversion is robust with respect to the prior emissions and observations as well as the observational network,
especially where it is dense. Removing single sites in areas outside of dense regions can result in the largest deviations. We
assume that the uncertainties from RCV and REns represent the uncertainty of the base inversion due to prior emissions,
observations, and the site network, and that they are independent. Consequently, we estimate o gpqse (Eq. 7) to be 10 Gg, 67%
less than the prescribed uncertainty of the prior. The sensitivity of the real inversion due to inversion settings is similar to the

synthetic experiment (Sect. 5.1.1), resulting in changes ranging from -3.6% to 2.4% from RBase (Fig. B1).
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Figure 6. Diagnostics of the real base inversion (RBase) by comparing the site specific modelled BC concentrations from prior and posterior
emissions to the dependent observations. The nRMSE reduction (a) and correlation increase (b) of the base posterior compared to the prior at
each of the sites. The sizes of the dots is proportional to number of observations. The annotated values are the averages, weighted by number

of observations.

5.2.2 Improved observational fit

Comparing the modelled observations from the prior and posterior emissions to the observations is a common method for
diagnosing inversions (Michalak et al., 2017). In the real base inversion, the prior emissions underestimate the mean eBC by
-23%. This bias is reduced to -14% in the real base posterior emissions. The site-specific reduction in normalized Root Mean
Square Error (nRMSE) and increase in correlation is presented in Fig. 6. The correlation increase is relatively uniform. In
contrast, there is a tendency for a larger reduction in nRMSE in the central domain. The largest reduction occurs at Hyltemossa
(htm) and the least at Villeneuve d’Ascq (vda). The averaged metrics, weighted by the number of observations, are annotated
in the respective Fig. and show that the base real inversion (RBase) is fitting the observations better. The network averaged
nRMSE and correlation coefficient (annotated in Fig. 6) show an improvement of -33% and +40% respectively in the posterior

concentrations.
5.2.3 Cross-validation

Ideally, to validate the posterior, independent observations which are not used in the optimization should be used. However,
each observation left for evaluation is an observation not assimilated in the posterior. Therefore, we opted for a cross-validation
scheme with multiple inversions, leaving one site for validation each time. There are 24 sites, resulting in 24 inversions. Note
that this approach does not validate the exact posterior where all sites are assimilated, i.e. the real base inversion (RBase), but
rather validates similar posteriors and assesses the sensitivity to single sites. It also indicates how the base inversion is expected
to perform on new observational data, given their area of influence.

Figure 7 presents the fit to the independent observations for each site and networked averaged in the cross-validation as

measured by nRMSE (a,d) and correlation coefficient (c,e). On averaged, the nRMSE is 1.7% lower in the posterior while the
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Figure 7. Observational fit from cross-validation experiment for each site. In upper row the absolute values of posterior and prior nRMSE (a),
nME (b) and correlation coefficient (c). In bottom row, the nRMSE decrease (apri-apos, ¢) and correlation increase (apos-apri, d). Note that
for the posterior metrics, the posterior is first generated with an inversion with all but the labelled site assimilated and then the observations
at the site are evaluated with a forward run, i.e. the posterior metrics represent independent validation. The sizes of the dots is proportional to

number of observations. The site averaged nRMSE and r, weighted by number of observations for are annotated and presented with dashed

lines.

correlation increases by 10.5%. A majority of sites show a reduced nRMSE (15 out of 24) and increased correlation (18). Only
three sites show a significantly worse nRMSE, namely Giordan Lighthouse (glh), Pallas (pal) and Jungfraujoch (jfj).

When sites far away from other sites or sites sensitive to emissions at the domain edge (e.g., isolated sites or alpine sites)
are removed, the posterior tends to perform worse compared to the prior. This includes (but is not limited to) the three sites
listed above. The poorer performance of isolated sites in these cross-validation experiments highlights the importance of a
high-density observational network and suggests that care should be taken when analyzing the real base (RBase) emissions

(or any other BC emissions optimized with surface observations) in areas far from the assimilated sites’ sensitivity. It also
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indicates that the inversions tend to use emissions at the "entry point" of particles over the continent to correct various biases
(e.g., from the boundary condition). In the absence of observational constraints, the inversion can apply changes more freely
here. Therefore, these peripheral sites are crucial for ensuring accurate resolution of emissions in the core part of the domain,
but the emissions in the peripheral regions remain (more) uncertain.

Additionally, the normalized mean error (nME, ﬁ) is presented (Fig. 7b). The prior is, on average, overestimating
the measurements at only six sites (negative nME). The remaining sites cause the inversion to increase emissions (positive
nME). Therefore, it is not surprising that independently evaluating sites with the opposite signal, which are isolated, results
in a worse posterior fit. All three of the worst-performing sites in the cross-validation (glh, pal and jfj) have a negative nME.
Since no other site is sensitive enough to emissions in the same regions as these, the inversion does not have the necessary
information to correct for the opposing bias when any of these sites are not assimilated. The remaining sites with negative nME
are mostly sensitive to emissions in the same area, thus this is not an issue, and the posterior nRMSE is improved. At the same
time, we see that the correlation is not affected by the opposing nME signals, since the correlation coefficient is independent
of any absolute biases. The higher correlation of the posterior at most sites in the central domain suggests that the information

about the temporal variability that the inversions use to improve the correlation is uniform between sites.

6 Discussion

The total annual posterior emissions of 411 + 10 Gg are higher than both the prior and most other available bottom-up estimates
for the domain and year, suggesting a general underestimation in the bottom-up inventories. This is particularly evident when
comparing with the CAMS-GLOB-ANTYV3, which estimates annual emissions of around 227 Gg. The posterior emissions are
closest in magnitude to the EMEP (Ullrich et al., 2023) bottom-up emissions of 399 Gg. However, spatially and temporally
there are still significant differences between the posterior and EMEP emissions.

Compared to the prior emissions, the the annual posterior emissions are around 18% higher. During winter time, a period
when emissions of BC in Europe is dominated by residential combustion, the prior and posterior agree well. This suggests that
this sector is well represented in the bottom-up emissions. However, this is probably not uniform in all countries as we note
that in Poland specifically, a country with high emissions in this sector, the posterior suggests significantly less emissions. We
found higher emissions in spring, mostly in Eastern Europe. A possible cause of this could be open burning of agricultural
residue, which is banned in all EU countries but it is still being practiced in this area (Hall et al., 2021). The burned area (and
consequently bottom-up estimated emissions) can be underestimated, partly due to the small scale of each fire and partly due
to not being officially reported (Hall et al., 2021). The present study covers a complete year, but to further investigate the extent
of the bottom-up underestimation and its underlying causes, future work will include a multi-year inversion with the inversion
setup described and validated in this study.

To our knowledge, there are no other top-down BC emission estimates covering the same region for recent years, making
inter-comparison impossible. However, we can compare our posterior emissions with top-down emission estimates for the

period Jan—April 2020, on a slightly larger domain from Evangeliou et al. (2021). For that period, Evangeliou et al. reports
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191 Gg. During the equivalent period in 2021, our top-down emissions results in 159 Gg of emitted BC. Considering the
smaller domain of the present study, the estimates are in agreement despite using priors of very different magnitude. However,
the estimate of Evangeliou et al. (2021) includes a reduction of around 46 Gg compared to the previous five years, about half
of which is contributed by the COVID-19 pandemic. How those effects are carried into 2021 is not explored, but in early 2021
there was still restrictions in some countries.

Both Evangeliou et al. (2021) and this study are based on a very similar setup of FLEXPART to model the transport of BC
in the atmosphere, which might be part of the reason why they seem to agree. Indeed, the posterior sensitivity to the transport
model is the main factor of potential uncertainty not explored or quantified in the present study. In future studies, one option
is to alter the FLEXPART settings, which have been shown to result in larger uncertainty than using different prior emissions
(Evangeliou et al., 2018). Another option for future work would be to compare with a different transport model altogether.
Using a different transport model is also preferred for future validation of the top-down estimates.

Our approach of assessing posterior uncertainties is to our knowledge a novel implementation in the field of aerosol (BC)
inversions. We recommend future work to utilize this approach for three reasons: 1) by perturbing both observations and
prior emissions in the same inversions we get information about the uncertainty due to these factors at the same time. 2) the
cross-validation scheme provides information about the effect of the observational network on uncertainty while 3) acting as a

method of general validation without the need to withhold assimilated observation.
6.1 Effects of wildfires and background emissions

As in any atmospheric inversion, completely separating different sources is not possible, since the system cannot distinguish
between the sources if they are collocated in space and time. In the context of the present study, we cannot be certain that
the posterior only includes anthropogenic sources. However, the vast majority of changes between the prior and posterior
emissions described in this study are in the anthropogenic sectors. The prescribed wildfire emissions are only 1.4% of the
prescribed anthropogenic emissions within the European domain (Table 1). Even if the prescribed wildfire emissions (see
Table 1), which is based on satellite observations, are incorrect by a large fraction, the changes between the prior and posterior
are still larger. In addition, the wildfire contribution to BC concentration is considered throughout the inversion (non-optimized
sector).

We can compare the contribution of the wildfire emissions in the domain to the modelled observations. Network averaged,
they contribute only 0.5% to the average posterior modelled concentrations of 0.20 pg m™. Most wildfires in the domain occur
in the eastern and southern part, far away from most of the sites. The site with the largest contribution from wildfires (3.5%) is
DEM Athens (dem) with 3.5% of the modelled BC concentration.

In contrast, there is a larger contribution from emissions, both anthropogenic and wildfires, outside the domain (31°9, see Sect.
2.2). Network averaged, 49 is 10.2% of the total modelled concentration, with sites at high altitude being more significantly
influenced. At most, 52% of the average concentration is attributed to 9 at Jungfraujoch (jfj) and Pic du Midi (pmi). Therefore,
we recommend future BC inversions should consider the boundary conditions for this domain (or similarly sized domains),

despite the short lifetime of BC in the atmosphere. Otherwise, the inversion will be biased to a solution of higher emissions.
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6.2 Negative emissions

As mentioned in Sect. 3.1.1, negative emissions are mathematically plausible with the LUMIA inversion framework but phys-
ically unlikely. In total, the real base posterior emissions include -2.2 Gg (0.6% of the annual) of "negative" emissions. There
are multiple ways of solving this issue. An inequality constraint can be applied to the posterior, essentially setting the negative
emissions to zero but considering the posterior covariance matrix (Evangeliou et al., 2018, 2021; Jia et al., 2021). However,
this approach infers a positive bias on any aggregated estimates. Another possible future improvement would be the implemen-
tation of a log-normally distributed control vector (Guerrette and Henze, 2017). However, considering their small magnitude,

risk of otherwise introducing biases and technical limitations, the negative emissions are left as is in the present study.

7 Conclusions

This study presents the first application of the Lund University Inversion Algorithm to aerosol emissions. Specifically, an-
thropogenic black carbon emissions in Europe (15° W-35° E, 33-73° N) for 2021 are optimized by assimilating surface
observations of equivalent black carbon from 24 ACTRIS and GAW background sites hosted on the EBAS database. The
atmospheric transport model FLEXible PARTicle dispersion model (FLEXPART) is used to calculate the senstivity of obser-
vations to emission 14 days back in time in the inversion domain. The background concentrations are computed with transport
30 day backwards in the entire Northern Hemisphere. On average, the background concentrations, from both anthropogenic
sectors and wildfires, are found to be 10.2% of the total. Therefore, we recommend future BC inversion studies of this, or
similar sized domains, to consider background concentrations. In contrast, wildfire BC emissions within the domain contribute
only 0.5%.

Synthetic inversions show that the framework is able to recover a prescribed true emission dataset well by reducing the
annual bias by 72% and reconstructing large temporal variations. Intra-weekly variability is not as well recovered. Several
sensitivity tests show that the inversion is robust with respect to inversion settings, both the synthetic and inversion with real
observations.

The posterior annual emissions from the inversion with the real observations is found to be 411 &+ 10 Gg of BC, which is 18%
higher than the prior emissions as defined in our modified version of the HTAPv3 dataset with updated European emissions in
line with official reporting. It is also higher than most other bottom-up inventories in the domain. Most of the increase occurs
in April through September in the Eastern part of the domain and the Iberian peninsula. The largest emission reductions in the
posterior are found in Poland during winter and autumn. While direct comparison to other top-down emission estimates is not
possible, we find that our results are in agreements with findings from Evangeliou et al. (2021) in spring time.

We assess the uncertainty of the posterior with two ensembles of inversions, an implementation that we recommend future
work to utilize. Firstly, an ensemble with perturbed prior and observations results in an annual emissions standard deviation of
7 Gg. This represents the uncertainty of the posterior due to the prior and observations. Secondly, a cross-validation scheme,
where one site is removed at the time, provides an estimate of the uncertainty due the choice of sites. Annually, the resulting

standard deviation is 8 Gg, with most of the variability occurring when isolated sites are removed. Spatially, the combined
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uncertainty from both cross-validation and ensemble results in an overall reduction of uncertainty in the central part of the
domain, where the observational network density is high.

Additionally, the cross-validation scheme is used to validate the posteriors with independent observations. In a majority of
cases the posterior emissions result in modelled concentrations that fit the independent observations better. A worse observa-
tional fit was only observed when the not-assimilated site is both isolated and has an average signal opposite from other sites.
Therefore, we argue that these sites are important to ensure an accurate resolution of the emissions in the core part of the
domain, while the emissions in the peripheral regions remain uncertain and more observations would be needed in these areas
to confidently reduce uncertainty there.

This work show that Black Carbon emissions in Europe are underestimated in bottom-up inventories for 2021. This have
environmental impacts from a modelling perspective: less emissions in climate or atmospheric transport models may lead to
underestimating of for example radiative forcing or air quality effects. In addition, this work is a first step in identifying what
(missing or misrepresented) sectors in bottom-up inventories is the driver for this underestimation, information which can help
guide future policy changes. At the same time, the results show that for certain regions and periods the top-down inventory
instead can act as a verification that bottom-up inventories are indeed correct.

Finally, we discuss possibilities to improve the inversion setup further for top-down emissions estimates of BC, or other
aerosol species with LUMIA. For instance, sensitivity towards the transport model is not assessed in this study. In addition,
false "negative" emissions could be removed by applying an inequality constraint to the posterior or by assuming log-normally

distributed emissions.

Code and data availability. The LUMIA source code is publicly available and can be downloaded from https://github.com/lumia-dev/lumia.
FLEXPART is publicly available and can be downloaded from https://www.flexpart.eu/ (Pisso et al., 2019). Model output from all experi-
ments and FLEXPART footprints are to large to upload, but can be accessed upon request to the corresponding author of this paper. Prior
emission datasets are also available for download. Modified HTAPv3 at https://meta.icos-cp.eu/collections/npTsl_Y_k65gZtLSdVDHEs1o
(Denier van der Gon et al., 2023), CAMS-GLOB-ANT at https://doi.org/10.24380/eets-qd81 (Soulie et al., 2024) and GFEDv4s at https:
/Iwww.globalfiredata.org/ (van der Werf et al., 2017). The level-2 absorption coefficient measurements are available for download at https:

/lebas-data.nilu.no/. All results can also be accessed upon request to the corresponding author of this paper.
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Appendix A: Diagnostic of synthetic experiments

Here we show the observational fit of the base synthetic inversion. Overall, the prior modelled BC concentrations underestimate
the synthetic observations with -10%, which is decreased to -0.6% in the posterior emissions. The improvement in the fit to the
observations is not uniform in the network, as illustrated by the reduction in nRMSE and the increase in correlation for each site
in Fig. A1l. Overall, there is a tendency for a better observational fit, i.e. larger reduction in nRMSE and increase in correlation,
in the central domain. The averaged metrics, weighted by the number of observations, are annotated in the respective Fig. and
show that the base synthetic inversion (SBase) is fitting the observations better. Compared to the prior, nRMSE of the posterior

is reduced by 48% while correlation increased by 13% on average.

(a) nRMSE reduction (b) Correlation increase
ARMSE i = 0.114 Fapri = 0.847
bnRMSEa,,DS =0.059 brapos =0.960

[ —
—0.05 0.00 0.05 -02 00 0.2
NRMSE i — NRMSE 3p0s Fapos = Fapri

Figure A1l. Diagnostics of the synthetic base inversion by comparing the site specific modelled BC concentrations from prior and posterior
emissions to the dependent observations. The nRMSE reduction (a) and correlation increase (b) of the base posterior compared to the prior at
each of the sites. The sizes of the dots is proportional to number of observations. The annotated values are the averages, weighted by number

of observations.
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Appendix B: Real inversion experiments

B1 Sensitivity to inversion setttings

(a) Daily emissions
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Figure B1. Upper row (a) shows daily emissions of 2021 for real base posterior RBase (red, solid) and posteriors from real sensitivity tests
(dashed) aggregated over the domain. In the bottom row (b), the annually aggregated emissions. The sensitivity test are equivalent to the

sensitivity tests of the synthetic experiments (Sect. 5.1.1).

The real base inversion (RBase) behaves very similar to the synthetic inversion (Sect. 5.1.1) when changing the inversion
parameters, presented in Fig. B1. Overall, the annual posterior emissions vary between -3.6% to 2.4% from RBase in the
sensitivity tests (Fig. 3b) indicating that the real inversion is rather robust to inversion settings. Changing both observational
(RO.05, RO.2) and prescribed prior (RP.15, RP.60) uncertainty changes the emissions as expected, but less than the effects of
changing the correlation lengths. Specifically, the inversion with the lowest spatial correlation (RCx.250) results in the lowest
posterior, 15 Gg less than base. In contrast, with higher spatial or lower temporal correlation (RCt. 1000 and RCt.7) the posterior
is the highest with 10 Gg more than the base inversion. The total in spread annual posteriors emissions due to inversion settings

is 25 Gg (396-421 Gg, min to max).
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B2 Cross-validation
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Figure B2. Upper row (a) shows daily emissions of 2021 for real base posterior RBase (red, solid) and posteriors from cross-validation

(dashed) aggregated over the domain. In the bottom row (b), the annually aggregated emissions. For each CV posterior, the label shows

which site is not included in the assimilation

While the main purpose of the cross-validation experiments (RCV) is to validate the inversion with independent observations
(see Sect. 5.2.3), it also provides a quantified sensitivity of the inversion to the observational network. As mentioned, Fig. B2
presents the annual (a) and posterior (b) emissions for each inversion in the cross-validation, where the label shows which
site is removed from the inversion. We note that the largest changes occur when sites close to the boundary (or sites that are
influenced by emission at the boundary) are removed. For instance, the largest annual posterior emissions happen when sites
like Pallas (pal, 431 Gg) or Jungfraujoch (jfj, 424 Gg) are not included in the inversions, while the smallest occurs when
Hyytidld (hyy, 394 Gg) is removed. Removing single sites where the network density is high have a much smaller effect on the
annual emissions. Overall, the sensitivity due to observational network results in a spread of 37 Gg (394431 Gg, min to max)

with a standard deviation, o pcy of 8 Gg.
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