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CAMAERA(Copernicus Atmosphere Monitoring Service
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CAMAERA

WP5-6 Online emissions and deposition, implementation; Online
emissions and deposition, test and evaluation

WPS is led by Mikhail Sofiev (FMI) and Samuel Remy (HYGEOS, project coordinator)

Task 5.1 — Development of new desert dust and sea-salt aerosol emission schemes (lead FMI/HY GEOS contributors METNorway
e Machine learning approach for sea-salt acrosol emissions in the IFS with possible use in regional models

® Sea-salt aerosol emission schemes based on recent chamber experiments with possible use in regional models

e Implementation into the IFS and SILAM of a scheme that represents high latitude dust

e Development of a gridded version of the NORTRIP road dust emissions scheme and implementation into EMEP, EURAD-IM and
LOTOS

Task 5.2 — Interactive ammonia emissions (lead FMI contributors FZJ)

e Implementation of FANvV2 in SILAM, evaluation against regional inventories of ammonia emissions

e Collection of activity data as an input to FANv2

Task 5.3 — Dry deposition (lead TNO/HYGEOS, contributors FMI, SMHI, ENEA)

e 0D dry deposition intercomparison and evaluation with ground observations over different surfaces. Participant models are IFS, LOTOS-
EUROS, GEM-AQ, SILAM, MATCH, MINNIL.

e Extension of the dry deposition scheme of LOTOS-EUROS

WP6 is led by Mikhail Sofiev (FMI) and Samuel Remy (HY GEOS, project coordinator)

Task 6.1 — Development of new desert dust and sea-salt aerosol emission schemes (lead FMI/HYGEOS contributors MF)

® Machine learning approach for global desert dust aerosol emissions

e Implementation of the newly developed sea-salt and desert dust emission schemes into MOCAGE

e Improvement and evaluation of the Fire Forecasting System, implementation into SILAM and the IFS; evaluation on simulated AOD and
PM particularly focusing on specific fire events

Task 6.2 — Interactive ammonia emissions (lead FMI contributors FZJ)

e Implementation of the crop specific management profiles

e Extension of the process model used to simulate emission reductions from tillage and other practices that incorporate the fertilizer to the
soil matric

e Implementation of FANV2 in IFS and EURAD-IM, evaluation against regional inventories of ammonia emissions

e Evaluation of the impact of FANv2 ammonia emissions on global and regionally simulated PM2.5, ammonium aerosol at surface,
ammonia burden against CrIS retrievals and on nitrogen deposition fluxes

Task 6.3 — Dry deposition (lead TNO/HYGEOS, contributors FMI, SMHI, ENEA)

[J Implementation and test of the LOTOS-EUROS dry deposition scheme into the IFS

[0 Update of the 0D dry deposition intercomparison

ENEN

General



Model description: Pleim and Ran (2011) — PR11

Table 1
Detailed mechanistic expressions used for particle dry deposition velocity and resistance parameters for monodisperse and sectional approaches.

Scheme | 7 R, R,
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V, = settling velocity: V, = —2— (m s-1).

18u
p = particle density (kg m-3).
d, = particle diameter (m).
g = acceleration due to gravity (m s-2).
_ 0.55d,
C = Cunningham slip-correction factor.C = 1+ 2([.257 04e 4 )

dy
p = temperature-dependent viscosity of air (kg m-1 s-1).
A = the mean free path of air (m).
@4, = Non-dimensional temperature profile constant for neutral conditions.
Zz = height at which dry deposition velocity is measured (m).
Zy = roughness length (m).
Yu = stability correction function for heat (see an example expression in Khan and Perlinger, 2017).
x = Von Karman constant.
u, = friction velocity (m s-1).
Er,. = Total of all deposition process efficiencies: Er,, = Eg + Epy + Epy (see detailed expressions for.Eg, Epy, E;y in Table 2)

Ez = Brownian diffusion efficiency.
E;n — Impaction efficiency.

"
"

E;y = Interception Ff = correction factor for convective conditions.Fy = 1+ 0.24

r
*

EI w, — convective velocity scale (m s-1).
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CAMAERA

- 0D dry deposition intercomparison and evaluation with ground
observations over different surfaces-

Comparison of the dry deposition velocity.
LUC1,SC1:0.80.450.008 0.002 5e-07

] — Lorenz and Murphy (1989) Gronholm et al. (2009)
| | t Waraghai and Gravenhorst (1989) vong et al. (2010)
3 w— MINNI Beswick et al. (1991) case 1 Mammarella et al. (2011)
10 T — A Beswick et al. (1991) case 2 Gordon et al. (2011)
J — @ Gallagher et al. (1997) Lavi et al. (2013)
n | Wyers and Duyzer (1997) Zhang et al. (2014)

- Buzonus et al. (2000) . Sun et al, (2014)
102 ‘ Hofken and Gracenhorst (1982) Ould-Dada (2002) Pryor et al. (2007)
E Hicks et al. (1982) Gaman et al. (2004) Deventer et al. (2015)

3 W Grosch and Schmitt (1988) A Gronhoim et al. (2007) /
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Z01 in CAMAERA

Table 2
Land use categories (LUC) and seasonal categories (SC) used in
Canadian Aerosol Module

Table 2
Detailed mechanistic expressions used for particle dry deposition velocity,
settling velocity and resistance parameters for monodisperse and sectional

approaches.
Category Diescription
Scheme E B E I E IN S E N S = 3‘ p
Smooth Surfaces Vegetative Surfaces Land use categories (LUC)
PR11" 2 S Assume O Vg Aszume O Vguf i Ev dleleaf
%3 0iEE - - vergreen—needleleaf trees
OFF" 2 5 Assume 0 Vd  Assume 0 Wl 2 Evergreen broadleaf trees
5 3 400 + 5 = & 3 Deciduous needleleaf trees
1 - 9
VGLAT g _se Assume 0 V;:* Assume 0 Vg_:* 4 Deciduous broadleaf trees
5 ] + 562 £ . . .
T o P o v 75 Vo 5 Mixed broadleleafl and needleaf
(a + “f} & E(.J. ) 24 trees
— [ (Grass
¥ = empirical parameter dependent on land-use type. Ranges from 0.5 to 0.58. 7 Crops. mixed farmin
& = empirical parameter dependent on land-use type. Ranges from 0.2 to 100, g D _Il T g
but typically 1.0 or 1.2, esert
v = kinematic viscosity of air (m2 s-1). 9 Tundra
A = characteristic radius of collectors on vegetative surfaces (m). 10 Shrubs and interrupted wood-
a, b, ¢, dSame as Table 1. lands
11 Wet land with plants
_— 12 Ice cap and glacier
apie 5
Parameters for 12 land use categories (LUC) and five seasonal categories (SC)* 13 Inland water
LuUC 1 2 3 4 5 6 7 8 9 10 11 12 13 14 s 14 Ocean
SC1 08 265 08 105 LIS 01 0.1 004 003 01 003 001 f(u) £ ) o 13 Urban
SC2 09 265 085 105 LIS 01 0.l 004 003 01 003 001 flw  f) 1.0
Zy(m) SC3 09 2.65 0.80 095 1.15 0.05 0.02 0.04 0.03 0.1 0.02 0.01 fu) fu) 1.0 - -
SC4 09 2.65 0.55 0.55 1.15 0.02 0.02 0.04 0.03 0.1 0.02 0.01 fu) f(u) 1.0 S‘l?(f.'!nﬂﬂﬂ'lr E‘(H-[’gﬂ?‘! es {'ST:‘ III
SC5 08 2.65 0.60 0.75 1.15 0.05 0.05 0.04 0.03 0.1 0.03 001 filu) Slu) 1.0 1 h"‘l id SUIMITIET .“"ith lu qh vege [ﬂtiDl’l
SC1 20 50 20 S0 50 20 20 nma na 100 100 na na na 100 . .
SC2 20 50 20 50 S50 20 20 na  na 100 100 na ma na 100 < Autumn with cropland that has
Amm)SC3 20 5.0 5.0 10.0 50 50 50 na na 10.0 10.0 na na na 10.0 . .
SC4 20 5.0 50 10.0 50 50 50 na na 10.0 10.0 na na na 10.0 nﬂt heen h‘:l r“'EStEd'
SC5 20 50 20 5.0 50 20 20 na na 10.0 100 na na na 10.0 3 Liltﬂ autumn Elftf-'r rl":'st no snow,
o 1.0 0.6 1.1 08 08 T2 1.2 50.0 500 1.3 20 50.0 100.0 100.0 1.5 &
3 05 058 056 056 056 054 054 054 054 054 054 054 05 050 056 T Winter, snow on ground and sub-
*Note: f(u) represents a function of wind speed (1) and na represents not applicable. freez"] g"

L]

Titolo della presentazione - luogo - data (pié f Transitional spring with partially
tutta la presentazione) green short annuals,
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CAMAERA

WP9 Consistency between regional and global: intercomparison

WP9 is led by Jacek Kaminski (IOS-PIB) and Samuel Rémy (HY GEOS, project
coordinator)

Task 9.1 — Intercomparison regional/global using similar or equivalent emissions
(lead HYGEQOS, contributor 10S-PIB)

e Merge regional emissions into global so as to run the global system with emissions
that are comparable to those of the regional systems

e Comparison of the simulated fields by the regional and global systems, evaluation
against observational datasets

e Evaluation of regional and global simulations of the intercomparison using remote
sensing products such as AOD and tropospheric columns, depending on the relevance.

ENEN
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Enhancement of
Satellite Data
Assimilation and
inversion
techniquesin IFS
global model

ENEN

General

CAMEO (CAMs EvOlution)
www.cameo-project.eu

WP7: Project management,

coordination and oversight
ECMWF

WP1: Aerosol

Assimilation in WP4: Evaluation-
CAMS

UNI LilleSECMWF based uncertainty WP5: Uncertainty
quantification of of emissions and
CAMS products surface fluxes in

WP3:

Enhancement of
Satellite Data WP6: Ensemble

Assimilation in and modelling

regional CAMS based uncertainty
models estimates of
CAMS Products

CAMS operational services and products
Tier-1 & 2 activities using CAMEO developments



CAMEO - WP3 Enhancement of Satellite Data Assimilation in regional CAMS models

T3.1 Assimilation of Sentinel 5p TROPOMI products (INERIS, FMI, AU, ENEA, FZJ, SMHI, 10S-PIB)

e Task 3.1.1: Assimilation of TROPOMI SO2 in CAMS2_40 Regional Models. All seven
teams contributing to Task 1 will assess the added value of assimilating SO2. The
assessment will include a sensitivity to the choice of the selected retrieval. The
development will be strongly dependent on the individual assimilation techniques
in the 7 models participating in Task 1. The coordination will focus on designing
consistent numerical plans in the selection of retrieval products and evaluation
procedure to demonstrate the added value for the air quality system as a whole.

e Task 3.1.2: Assimilation of TROPOMI CO, O3, HCHO in CAMS2_40 Regional Models.
Selected teams will assess the feasibility and added value of assimilating additional
gaseous species.

ENEN
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Data Assimilation

-assimilation of measurements at stations-

Data assimilation refers to a
large group of methods that Contents lists available at ScienceDirect - P
update information from oY Atmospheric Environment
n U m er|C3| Com p ute r m Odels W |t h ._ R journal homepage: www.elsevier.com/locate/atmosenv
information from observations.
Data assimilation is used to Data assimilation experiments over Europe with the Chemical Transport R
update model states, model i?deifﬁmhes —
trajectories over time, model i -, EDSRRE
. . ¢ Qurrent affiliation: CIMA Foundation, Savona, ftaly
parameters, and combinations
thereof HIGHLIGHTS
) + An assimilation §chmm .hasu:l on 3Dvar/Ol is impk.mmlcd on CTM FARM model.
o . . Spatial Cmatsteacy Tent improves model sk s
(WI kl ped I a) + Advance quality control of assimilated observations improves model estimates. ——
bias : PMy; . - - Pfis; {,M L
10.0 61
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_ 254

10.0

2 a . 8 10
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manth

Fig. 4. Median of the monthly bias computed on station for validation. Blue line is the VRA ensemble, red is MINNI with BF and SCT, magenta MINNI with only BF, yellow is
Gen the “free run”. Shaded area is the spread of CAMS members.



Data Assimilation

-measurements at stations and satellite data-

2022-08-01 05:55 (UTC) 24868 2022-08-01 07:35 (UTC) 24869
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CSO - CAMS Satellite Operator

Tools for assimilation of satellite data in regional air quality model.
Aarjo Segers (https://ci.tno.nl/gitlab/cams/cso)

A model simulated column is : . . .
Vs (X)) = Z A, me,l AIte*rnatlve AMF is defined by:
l My (xXm) = M(xq )2 Ay Hxpyy /
e  x,,isthe local model apriori profile Zl me,l

e Aisthe averaging kernel defined on the a priori layers
e His the horizontal and vertical mapping operator from _ o _
model grid to layers to a priori layers ® X isthe apriori TM5 profile
® Xx,, isthelocal model apriori profile

e M(x, )isthe TM5 airmass factor
e  Possible benefit of using Air Mass Factor (AMF) as reported in o A is the averaging kernel defined on the a

the PUM and Duros et al 2023 (https://doi.org/10.5194/gmd- priori layers
16-509-2023) e H is the horizontal and vertical mapping
operator from model grid to layers to a priori
e AMF : ratio between optical thickness of vertical and slant layers

vertical column. By default, AMF are provided with TM5
apriori profile.

m Courtesy of Gaél Descombes (INERIS)
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Data Assimilation:

Optimal Interpolation (Ol) and Ensemble Adjustment Kalman Filter (EnAKF)

Ol: the background error covariance
matrix is stationary

alt is a static, variance-minimizing method that
updates the state estimate using a weighted average
of observations and model forecasts.

OThe weights are determined based on a predefined
covariance matrix, which does not evolve
dynamically.

OO0l assumes stationary error statistics, meaning it
does not adapt to time-varying uncertainties in the
system.

Computationally efficient since it uses a
precomputed covariance matrix.

Often used in operational weather forecasting
where computational efficiency is key.

ENEN

General

EnAKF: the background error covariance
evolves with the model dynamics

Qlt is an ensemble-based, sequential assimilation
method that updates model states using a
dynamically evolving estimate of error covariances.

QUnlike Ol, it does not require an explicit model for
error covariances; instead, it estimates them from
the ensemble of model states.

OEAKF accounts for nonlinear and time-dependent
error growth, making it more suitable for highly
dynamic systems.

More computationally expensive because it requires
running and updating an ensemble of forecasts.

Widely used in modern atmospheric and ocean data
assimilation systems (e.g., for climate reanalysis and
numerical weather prediction) due to its ability to
handle complex error structures.



MINNI simulation setup over Europe: August 2023

resolution 0.15 x 0.1 lat/lon

number grid points 468x421

number of vertical levels 17

top of domain 11790m

meteorological driver 12 UTCIFS, 1 hrly

boundary conditions CAMS global

Emission inventory Emissioninventories6.1.1_year2022(operational

end of 2024)

ENEN
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"he most basic mathematical formulation of Optimal Interpolation (Ol) for satellite data assimilation is

jiven by the analysis equation:

vhere:

. . SR
o 1 = analysis state (updated estimate of the atmosphere after assimilatio
o« 2= background state (forecast or prior estimate).

¢ 1y = observation (e.g., satellite temperature retrieval).

Kalman Gain in Ol

z® = 2% + K(y — sz) The Kalman gain matrix in Ol is computed as:

K — BH'(HBH" + R)™!
here:
s B = background error covariance matrix (describes uncertainty in the background state).

¢ R = observation error covariance matrix (describes uncertainty in satellite observations).

o HT - transpose of the observation operator, which transforms observation space back into model

¢ H = observation operator, which converts the model state to observatio  space.

¢ K = Kalman gain matrix, which determines how much weight is given to observations versus the

background.

. Yy — Haz" = observation innovation, which represents the difference between the observed and

predicted values.

ENEN
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Optimal Interpolation

Background Error Covariance Matrix (B) computed with NMC (Parrish and Derber, 1992) for
48h-0h forecast (DO and D-2) using log concentration

B annual (average of monthly B), static

Negative values are not considered

Satellite data assimilated only if they are two times higher than their St.Dev
Observational Error Covariance Matrix (R) extracted from satellite data

B and R are diagonal: variance and correlation scales are handled separately
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S0O2 COBRA dataset assimilation with Ol

Timeseries S5P SO2 retrieval (2023080110_2023083114)
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NO, dataset assimilation with OI

Timeseries S5P NO2 retrieval (2023080110_2023083114)
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EnAKF-DART implementation in MINNI

Ensemble Adjustment Kalman Filter (EnAKF)

Analysis equation Kalman Gain
-1
x =x/ +K(y° —Hx!) Ki= P/H] (H;P/HT +R;)

EnKFI: Replacement large covariance matrices with
ensemble statistics

m

N 1

X = %z xif(k) Sxf = xif(k) - X;, Sxf =[8xf V) .. 5xf(M)] € RNXm
k=1

The forecast error 1

covariance matrix P/ Pl ~ — Sxf §x/T
can be approximated as

5|3 ensemble members advancing in time

Iy

analysis prior

e
e o]

=

o

&

E

[1] Welcome to the Data Assimilation Research
m Testbed — DART 11.10.6 documentation

General

Ensemble Adjustment Kalman Filter

EnAKF provides a deterministic update of
the forecast ensemble (ensemble square
root filters)

True state / background covariance matrix:
m — OO

m usual range : 15 -100

m low:

- sampling noise, off-diagonal terms in Pl-f
- Filter divergence due to insufficient
variance

Sampling noise mitigation: covariance
localization function (smooth-off) to avoid
spurious long-range correlations / lost of far
flow dependency structures

Filter divergence: inflation techniques

Quantile conserving Ensemble Filtering
framework (QCEFF)



EnAKF-DART: Perturbations

» Adds noise to emissions while maintaining user-defined vertical/horizontal correlation.
* Prevent ensemble collapse (zero spread) by fine-tuning parameters (horiz/vert/spread).

» Well-suited for correcting concentration fields influenced by emissions.

* No inclusion of volcanic emissions o
* Emission ensemble mean centered on reference base case e ' ’

__member = 2

Emission Ensemble Mean Emission Ensemble Spread

time = 2023-08-13T13:00:00, z = 20.0 [m] time = 2023-08-13T13:00:00, z = 20.0 [m]
20°W  10°W 0° 10°E 20°E 30°E 40°E 20°W  10°W 0° 10°E 20°E 30°E  40°E

70°N 70°N CoeeEs

70°N 3

60°N 60°N 60°N _ebarsiia

50°N — R 50°N 7

‘member = 14

8 40°N 40°N E

30°N i

107! 10° 10!
€_SO2 : ug/m3/h €_SO2 : ug/m3/h

Left: Mean sulfur dioxide (SO,) emissions from the ensemble. Right: Ensemble spread
(uncertainty) in SO, emissions. Datetime: 2023-08-13 13:00

107t 10°
c_S02 : ug/m3/h
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FARM-DART

Implementation and performances

Run Ensemble FARM [«

Orchestrator FARM-DART

ENEN

General

increment 1 hour

Observation check |,

Obs to
assimilate?

yes,
H

Preprocessing
workflow (FARM-to-
DART conversion

v

Run Observation
Converter

2

Run the filter

2

Preprocessing
workflow (DART-to-
FARM conversion)

End

FARM.exe

obs_converter.exe

DART.exe

CRESCOG6 HPC, Intel Xeon Platinum 8160 CPUs with 48 cores
per node (24 cores per socket, 2 sockets).

20 cores

20 cores |
|

Single Assimilation Cycle Timeline

DART—FARM

20 cores
720 coresz
720cores [ |

720 cores | |

FARM-DART -

Batch 3 (6 Sims) 4

Batch 2 (7 Sims) 4

Batch 1 (7 Sims) 4 |

0.0 25 5.0 75 10.0 125 15.0 17.5
Time (minutes)

10 minutes per cycle =
runtime

6 days total



August 2023 (obs space)

EnAKF-DART results —

20°W  10°W  0° 10°E  20°E  30°E  40°E 20°W  10°W  0° 10°E  20°E  30°E  40°E
70°N =2 o fﬁm /570°N 70°N =2 = 70°N
60°N é{/qugﬁ, 60°N 60°N 60°N
50°N {; IE 50°N 50°N 50°N
rj b a ﬁ '
40°N /(\\/\\% “'\é 400N 400N /\/\\%\ ,\‘V\,;i 400N
: fm' = i
- A L) P
A ;
30°N Tt Moy 30°N % 30°N
20°W  10°W  0° 10°E  20°E  30°E  40°E 20°W  10°W  0° 0°E  20°E
~1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00 —40 -20 0 20 40
c_S02 : mol/m2 le-5 % (posterior_sp - prior_sp) / prior_sp)

Averaged difference between Posterior and Prior ensemble means Relative difference between posterior and prior ensemble spread over Europe
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EnAKF-DART results — August 2023 (model space)

z=20m Z=65m

20°W  10°W 0° 10°E 20°E 30°E 40°E W 10°W 0° 10°E  20°E 30°E 40°E

=~ A
20°W  10°W 1 E 3 4 w 1 2 40°E

00 05 10 15 20 25 3.0 35 40 0 1 2 3 4
€_S02 : ppb le=-2 €_S02: ppb le-2
z=125m z=210m

0° 10°E 20°E  30°E

Averaged difference between Posterior 0w oo e e e
and Prior ensemble means

20°E

0 1 2 3 6
€_S02 : ppb le-2 €_S02 : ppb le-2

z=325m z=480m

20°wW  10°W 0° 10°E 20°E 30°E 10°W 0° 10°E 20°E

Small corrections possibly due to:
- Insufficient spread from perturbations
- Lack of volcanic emissions

A s

General

¢_S02 : ppb le-2



Sensitivity analysis: emission perturbations

Changing perturbation -> redefinition of background error
covariance matrix

Observations Prior Ensemble Mean 0.00010 Posterior Ensemble Mean
0.00010 13°E 14°E 15°E 16°E 17°E 18°E 19°E 13°E 14°E 15°E 16°E 17°E 18°E 19°E 0.00010

B s - 0.00009 k= -
0.00009  3gey = == ! 38°N 38°N |t 0.00009
0.00008
. 0.00008
Perturbations = N 37N = I f 37+n| [ 0-00008
centered on 0.00007 £ S 000007 &
2 3N 36°N 2 36N 36°N =
basecase 000000 g £.00000 g 0.00006 £
~
0.00005 % 35°N 35°N B 35°N S 35°N o
) 0.00005 ' 0.00005 !
0.00004 34°N 34°N 0.00004 34°N 34°N 0.00004
0.00003 i
0.00003 0.00003
13°E 14°E 15°E 16°E 17°E 18°E 19°E 13°E 14°E 15°E 16°E 17°E 18°E 19°E
0.00002
0.00002 0.00002
0.00045
Observations 0.00045 Prior Ensemble Mean Posterior Ensemble Mean 0.00045
13°E 14°E 15°E 16°E 17°E 18°E 19°E 13°E 14°E 15°E 16°E 17°E 18°E 19°E 05080 13'E 14°E 15°E 16°E 17°E 18°E 19°E
0.00040 z 0.00040
38°N 38°N 38°N 38°N
0.00035
0.00035 /00033
Perturbations = T N — 3N 37N
= 0.00030 =
0:00030. & E 0.00030 3
not centered g N H 36 g 3N %N 3
0.00025 = 0.00025 = 0.00025 £
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Results: emission perturbations
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Summary and future plans

-SO2 satellite data assimilation with Ol makes “visible” Etha plume more than EnAKF-DART with
current setup

-HCHO, CO and O3 satellite data will be assimilated with Ol and at least one pollutant with EnAKF-
DART

-study the sensitivity of Ol results to background error covariance matrix specification
-study the sensitivity of SO2 results with EnAKF-DART to perturbation parameters and prior inflation

-study if EnAKF-DART performances improves when SO2 Etna emissions will be included
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