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Abstract. The Integrated Forecasting System with its extension for atmospheric composition (IFS-COMPO) provides global 

forecasts of atmospheric trace gases and aerosols for the Copernicus Atmosphere Monitoring Service (CAMS). The present

system constrains aerosol concentrations by assimilating aerosol optical depth (AOD) from different satellites. Here, we

explore the possibility of assimilating, in addition, ground-based lidar and ceilometer observations from the European E-

Profile network. The system performance is evaluated by comparison to non-assimilated E-Profile stations, AOD observations5

from Aeronet, and aerosol surface concentrations from AirBase. Assimilation of E-Profile data significantly reduces biases

and root mean square errors (RMSE) of model-equivalent vertical profiles of the attenuated backscatter coefficient. Without

assimilation of E-Profile, surface concentrations of particles smaller than 2.5 µm (PM2.5) are frequently overestimated during

summer, while corresponding concentrations of particles smaller than 10 µm (PM10) tend to be underestimated. Assimilation

of E-Profile can reduce the RMSE of PM2.5 by up to 50% and of PM10 by up to 10 %. Since the present analysis system10

uses the total aerosol mass mixing ratio as control variable, it cannot simultaneously reduce the positive PM2.5 bias and the

negative PM10 bias. It typically reduces the PM2.5 bias at the expense of PM10, since fine particles make the dominant

contribution to the optical cross sections per mass. Tests of different assimilation-system configurations reveal that the best

overall performance is obtained by treating optical properties of dust with a spheroid model, suppressing vertical correlations

in the background error covariances, and applying a relatively aggressive cloud mask.15

1 Introduction

The Copernicus Atmospheric Monitoring Services (CAMS, https://atmosphere.copernicus.eu), established by the European

Commission in 2014, provides long-term reanalysis (Inness et al., 2019) as well as near-real time forecasts and analyses of

atmospheric composition. The modelling system and methodology in CAMS evolved over a series of collaborative programmes

starting with GEMS (Hollingsworth, 2008); it contains a global (Peuch et al., 2022) and a regional component (Colette et al.,20
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2025). The global production system relies on the Integrated Forecasting System (IFS) of the European Centre for Medium-

Range Weather Forecast (ECMWF) with its extension for greenhouse gases (GHG) and atmospheric composition (COMPO).

The IFS-COMPO provides global forecasts and analyses to users, as well as boundary conditions for the CAMS regional

ensemble production system. An important component of the global system is the capacity for data assimilation of reactive

gases (Inness et al., 2013) and aerosols (Benedetti et al., 2009). At the moment, aerosols are constrained by assimilating aerosol25

optical depth (AOD) from different satellite sensors, which only provides a proxy for the aerosol load in the entire atmospheric

column.

Lidar and ceilometer observations provide vertical profiles of the laser power backscattered by aerosols and gases. These

observations are potentially useful for constraining the vertical distribution of aerosols in forecasting models. Several studies

have been performed in which observations from ground-based and satellite-borne lidar instruments have been assimilated30

(e.g. Yang et al. (2023) and references therein). In this article we present a pilot study on assimilating profiles of the attenuated

backscatter coefficient observed by lidar and ceilometer instruments in the European E-Profile network (EUMETNET, 2025)

into the IFS-COMPO.

2 Model and observations

2.1 CAMS model and data assimilation system35

The IFS-COMPO is an online model, i.e., meteorological and compositional forecasts and analyses are provided alongside each

other, allowing for an integrated approach by accounting for the radiative impact of dynamic aerosol fields on meteorological

processes. The IFS-COMPO contains different options for simulating reactive gases and aerosols, and it has been continuously

updated. In this article, we use the operational configuration of IFS Cycle 49R1 (hereafter CY49R1), (ECMWF, 2024)) for

CAMS forecasts of reactive gases and aerosols (Flemming, 2015; Huijnen et al., 2016). The atmosphere is discretised by40

137 vertical levels with a horizontal resolution of 0.35◦×0.35◦, spectral truncation T511. The tropospheric and stratospheric

chemistry schemes are based on Williams et al. (2022) and Chabrillat et al. (2025), respectively, while the aerosol scheme is

described and evaluated in Rémy et al. (2022, 2024).

There are in total 16 prognostic aerosol variables: three size bins of sea salt, three size bins of dust, hydrophobic and

hydrophilic black carbon, hydrophobic and hydrophilic organic carbon, sulfate, fine and coarse nitrate, ammonium, biogenic45

secondary organic aerosols (SOA), and anthropogenic SOA. A detailed description of the chemistry and aerosol schemes,

emission inventories, online emissions for dust particles, marine aerosols, and biogenic fluxes, as well as transport and removal

processes can be found in the IFS documentation (ECMWF, 2024).

The IFS employs an incremental formulation of the four-dimensional variational (4DVAR) approach (Courtier et al., 1994)

with 12-hour assimilation windows, which in CAMS range from 03:00 to 15:00 and from 15:00 to 03:00 UTC. The initial50

control vector is optimised by minimising a cost-function

J(δx) =
1
2
δxT ·B−1 · δx+

1
2

n∑

i=0

(Hi · δx(ti)−di)T ·R−1
i · (Hi · δx(ti)−di), (1)
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where δx denotes the control vector at initial time, and B represents the background error covariance matrix. The sum extends

over discrete time steps covering the assimilation window, and δx(ti), Hi, and di denote, respectively, the control vector,

linearised observation operator, and innovations at time step i. The latter are given by55

di = yi−Hi xb(ti), (2)

where xb(ti) is the background model state propagated to time ti, Hi is the observation operator at that time, and yi is the

vector of observations at time index i. The cost function measures the difference between the model field and the observations

during the assimilation window. The model trajectory xb(ti) in Eq. (2) is computed with the full nonlinear forecast model,

and it is mapped into observation space with a generally nonlinear observation operator Hi. For these calculations the full60

model resolution is used. By contrast, the time-consuming iterative minimisation procedure of Eq. (1) is performed at a lower

resolution, where δx(ti) is computed from the initial state by the tangent linear model, and it is mapped into observation space

by a tangent linear approximation Hi of the observation operator.

The minimum of the cost function is the analysis increment δxa at initial time, which is added to the background field to

obtain an analysis for the initial state,65

xa = xb + δxa. (3)

The control vector δx contains both meteorological and compositional variables. For aerosols, only the total mass mixing

ratio (MMR) is included in the control vector. The analysis increment for the aerosol MMR is partitioned among the 16 aerosol

species according to their proportions in the background aerosol field (Benedetti et al., 2009).

There is an extensive number of satellite products of reactive gases and aerosol optical depth (AOD) that are actively70

assimilated or passively monitored in the operational suite (o-suite) of IFS-COMPO, as listed in ECMWF (2024). Specifically

for aerosols, AOD is assimilated from MODIS on both Aqua and Terra, VIIRS on both SNPP and NOAA-20, and from the

PMAP product based on METOP-B and METOP-C. Being an online model, compositional satellite products are assimilated

alongside observations for the numerical weather prediction (NWP) part of the IFS. This setup is used in the global component

of the CAMS forecasting system. In the experiments reported in this study, this system will be employed for the control75

experiments, but using slightly different background errors than in the o-suite (as explained later). The potential usefulness

of ground-based ceilometer and lidar data will be tested by assimilating attenuated backscatter coefficients from the E-Profile

network in addition to all other observations in the o-suite of the IFS-COMPO.

A description of the observation operator for the attenuated backscatter coefficient is given in App. A. In CY49R1 the lidar

wavelengths 1064, 532, and 355 nm are available. For the assimilation of E-Profile data it is necessary to extend the observation80

operator to include a wavelength of 910 nm. This extension, and specifically the parameterisation of molecular absorption at

that wavelength, is described in App. A1. A new optics model for the lidar ratio, in which dust aerosols are described by

spheroidal particles, is presented in App. A2. A comparison of the system performance with dust-optics models based on

spheres and spheroids is given in App. D1, and the overall improvements obtained with the new model are discussed in Apps.

D1 and D5.85
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instrument type manufacturer λ [nm] vertical range [km] vertical resolution [m] No.

CL31 ceilometer, diode laser Vaisala 910 ≤ 7.6 5–10 153

CL51 ceilometer, diode laser Vaisala 910 ≤ 15 10 34

CHM15k ceilometer, Nd:YAG solid-state laser Lufft 1064 7–15 5 128

Mini-MPL lidar, Nd:YAG solid-state laser Micro Pulse LiDAR 532 ≤ 30 5–75 6

Table 1. Instruments from which data have been assimilated. The maximum vertical ranges and resolutions are based on the manufacturers’

specifications. In the actual analysis experiments the vertical ranges have been capped and the vertical resolution was reduced as explained

in Sect. 2.2.3. The last column shows the total number of stations that were used in this study for assimilation and validation.

The IFS uses a wavelet representation of background error covariances. Here we are using artificial wavelets in which vertical

correlations have been suppressed. Further details are provided in App. B. A comparison of the system performance with and

without vertical correlations can be found in Apps. D3 and D4.

2.2 E-Profile

E-Profile data are operationally available in near-real time (https://e-profile.eu), typically with a latency of three hours between90

observation and delivery to ECMWF. This short latency is a key motivation for investigating the potential benefits of assimilating

these data into the global CAMS system, as near-real time availability is a fundamental requirement for inclusion in the

operational IFS runs.

2.2.1 Station network and instruments

The E-Profile network comprises a growing number of stations using different lidar and ceilometer instruments (Haefele et al.,95

2022). For the analysis experiments, two periods have been selected, SON 2023 and JJA 2024. Data from a total of 321 stations

are used for assimilation and evaluation. The types of instruments and number of stations from which data were available

during these periods are listed in Table 1. As illustrated in Fig. 1, the stations were partitioned into two subsets, a larger one for

assimilation and a smaller one for evaluation. The latter comprises 30 stations with CHM15k instruments and 44 stations with

either CL31 or CL51 instruments.100

2.2.2 Processing of E-Profile data

E-Profile lidar and ceilometer measurements are processed centrally and provided in a common file format for the different

instrument types. The vertical profiles of attenuated backscatter are averaged on 5 minutes, whereas the altitude range and

vertical resolution depend on the instrument type. The data are provided with a vertical resolution of either 20 (CL31 and

CL51) or 30 meters (CHM15k and Mini-MPL). Overlap correction is performed by the manufacturers and varies depending105

on the instrument type.
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Figure 1. E-Profile stations used in this study for assimilation (left) and validation (right). The colours represent different types of instruments

as explained in the legend and detailed in Tab. 1. Two CHM15k stations are outside the plotted area, one in Southern Ontario, the other in

the Dutch Antilles.

For the Vaisala instruments (CL31 and CL51), the calibration of the attenuated backscatter profile is provided directly by

the manufacturer and is constant in time. However, for the CHM15k and the Mini-MPL, E-Profile applies its own calibration

procedure, based on the Rayleigh calibration technique (e.g. Wiegner and Geiß (2012)) and usually updated on a monthly basis.

Following recent improvements to the calibration procedure, we reprocessed the CHM15k time series for the two assimilation110

experiment periods, using a daily calibration value. It should reflect the current quality of the data distributed in near real-time.

2.2.3 Preprocessing of E-Profile data for assimilation into the CAMS system

The E-Profile data are available in netCDF format and can be downloaded from CEDA Archive (2018). A script has been

created for automatic navigation and downloading of data for any desired period and list of stations, which has been used to

download the CL31 and CL51 stations. The reprocessed CHM15k and Mini-MPL data have been provided by MeteoSwiss.115

To prepare the data for assimilation the following preprocessing steps are performed.

– Masking of unwanted data.

– Reduction of temporal and vertical resolution.

– Unit conversions.

– Reordering of bottom-up to top-down vertical profiles.120

– Pooling of the data and export into ODB format.

5

https://doi.org/10.5194/egusphere-2025-6077
Preprint. Discussion started: 11 March 2026
c© Author(s) 2026. CC BY 4.0 License.



A critical step is the masking of clouds, precipitation, fog, and noise. In the body of the paper, we show results for a masking

approach that aggressively removes clouds, while being relatively conservative with noise masking. This approach proved to

be most reliable as compared to other masking strategies. More details on masking of unwanted data and other preprocessing

operations are provided in App. C, and a comparison of two different masking approaches is provided in Apps. D2 and D4.125

3 Analysis experiments

The starting point for the analysis experiments reported here is the o-suite of the IFS-COMPO with assimilation of all NWP

observations and satellite products for reactive gases and AOD used in the global CAMS production system. This setup is used

for the control experiments. The only difference in our control experiments to the setup in the o-suite is that we use wavelets

with vertical correlations being disabled. To evaluate the potential benefits of lidar and ceilometer data, attenuated backscatter130

coefficients from the E-Profile network are additionally assimilated, and the outcome is compared to the control runs. Only the

stations indicated in the left panel of Fig. 1 are assimilated.

The experiments were run for two 3-month periods, SON 2023 (2023-09-01 – 2023-11-30) and JJA 2024 (2024-06-01 –

2024-08-31). For each period a 1-month spin-up was used. We use a configuration of the E-Profile assimilation that proved

to give optimum results. In this approach the optical properties of dust were derived from spheroids, vertical correlations in135

the background error covariances were suppressed, and an aggessive cloud-masking approach was applied to the input data. A

more comprehensive evaluation of the assimilation system with different configurations is provided in App. D.

3.1 Impact of the analysis on vertical profiles of the attenuated backscatter coefficient

It is instructive to first look at two specific examples, shown in Figs. 2 and 3. Figure 2 (top left) shows the concentration of

coarse dust aerosols at 800 hPa on September 6, 2023. The image represents the 00+03 hour forecast of the control experiment.140

There is an aerosol plume originating from a Sahara dust storm that passes over the Iberian peninsula, western parts of France,

and reaches the UK. The analysis increments are shown for the control run (assimilating only AOD, centre left), and for

assimilating both AOD and E-Profile observations (bottom left). The E-Profile assimilation results in a region of negative

analysis increments ranging from the south of France to the south of the UK (bottom left), which is almost absent in the

control experiment (centre left). For illustrative purposes, four profiles of the attenuated backscatter coefficient observed at145

non-assimilated E-Profile stations are selected that lie within the path of the dust plume: Gourdon, FR, (September 4 15:00

UTC, top centre), Palaiseau, FR (September 6 03:00 UTC, top right), Nottingham, UK (September 6 12:00 UTC, bottom

centre), and Cranwell, UK (September 6 12:00 UTC, bottom right). The observations are shown in black, the control run in

orange (dashed line), and the analysis experiment with E-Profile assimilation in light blue (dash-dotted line). Near the surface

all experiments agree reasonably well with the observations. But between 1–3 km altitude, where the dust plume manifests itself150

in the backscattered signal, the control run significantly overestimates the observations. By contrast, the analysis experiment

brings the model-equivalent backscattering analysis into much closer agreement with the observations.
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Figure 2. Control-run forecast of the coarse-dust concentration at 800 hPa during a Sahara dust storm on 6 September 2023 at forecast

time 00+03h UTC (top left). Analysis increment at 03:00h UTC for the control run (AOD only assimilation, centre left), and for AOD

+ E-Profile assimilation (bottom left). Attenuated backscatter coefficients at selected non-assimilated stations at different times during the

event: Gourdon, FR (top centre), Palaiseau, FR (top right), Nottingham, UK (bottom centre), and Cranwell, UK (bottom right). The lines

show observations (black), the control experiment (orange dashed line), and analysis experiment with E-Profile assimilation (light blue dash-

dotted line).

Figure 3 (top left) shows the concentration of hydrophilic organic matter at 800 hPa on 19 August 2024, taken from the

12+03h forecast of the control experiment. One can see a smoke plume originating from Canadian wildfires and reaching

parts of Western Europe. The analysis increment in the control run (centre left) reveals both positive and negative increments155

over North America and the Atlantic, but nearly zero increments over Europe. By contrast, assimilation of AOD and E-Profile

observations (bottom left) produces both positive and negative analysis increments over Europe. Four selected, non-assimilated

profiles are shown that lie in the path of the plume (all on August 19): Nottingham, UK (00:00 UTC, top centre), Deauville, FR

(12:00 UTC, top right), Lelystad, NL (15:00 UTC, bottom centre), and List, DE (21:00 UTC, bottom right). The observations

(black) are mostly peaking around 2-3 km, which is well captured by the control experiment (orange dashed line). However,160
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Figure 3. Control-run forecast of the hydrophilic organic matter concentration at 800 hPa during a Canadian wildfire on 19 August 2024 at

forecast time 12+03h (top left). Analysis increment at 15:00h UTC for the control run (AOD only assimilation, centre left), and for AOD

+ E-Profile assimilation with spheroidal dust optics (bottom left). Attenuated backscatter coefficients at selected non-assimilated stations at

different times during the event: Nottingham, UK (top centre), Deauville, FR (top right), Lelystad, NL (bottom centre), and List, DE (bottom

right). The line colours and analysis experiments are as in Fig. 2.

the control run overestimates, in these examples, backscattering in the lowermost 1.5 km. The E-Profile analysis experiment

(light blue dash-dotted line) fits the observations more faithfully.

Can these findings be generalised? Figure 4 shows the attenuated backscatter coefficient at 1064 nm wavelength for the entire

autumn period (SON 2023) averaged over all 30 non-assimilated CHM15k stations. The top row shows, from left to right, the

observations, the control run, and the E-Profile analysis experiment. The corresponding biases and root-mean square errors165

(RMSE) are shown in the second and third row, respectively. There are episodes of large discrepancies between the control

run and the observations during which the control experiment mostly overestimates the backscattering signal, notably around

day 40 (10 October), but also at day 18, 48, 52, and others. Near the surface, the control experiment often underestimates the

observations. These discrepancies also manifest themselves in the bias and RMSE. Assimilation of E-Profile data significantly

reduce both the bias and the RMSE (rightmost column).170
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Figure 4. Attenuated backscatter coefficient at 1064 nm wavelength during SON 2023, averaged over 30 non-assimilated CHM15k stations.

Top row (from left to right): observations, control experiment, and E-Profile analysis experiment. Second row: bias (model - observations).

Third row: root mean square error.
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Figure 5. As Fig. 4, but averaged over 44 non-assimilated CL31 and CL51 stations.

The results in Fig. 4 were based on averaging over non-assimilated CHM15k stations, which observe at 1064 nm wavelength.

As seen in Fig. 1, CHM15k tend to be clustered in Germany, Switzerland and the Netherlands, while CL31 and CL51 stations

are more common elsewhere. Figure 5 shows results analogous to those in Fig. 4, but averaged over 44 non-assimilated

CL31 and CL51 stations. The general trends are closely analogous to those observed for the CHM15k stations. The control

run periodically overestimates the observed attenuated backscattering coefficient, which is accompanied by high RMSE.175

Assimilation of E-Profile observations reduces the bias and substantially lowers the RMSE. However, the observations seem

to have an artifact around 3 km altitude. This is because the Figure shows an average over both CL31 and CL51 stations.

The former were capped at 3 km, the latter at 5.3 km — see Sect. C. The aerosol backscatter signal of the CL31 may be too

unreliable for altitudes around 3 km and should, possibly, be capped at 2–2.5 km.
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Figure 6. As Fig. 4, but for JJA 2024.

Figures 6 and 7 show results analogous to those in Figs. 4 and 5, but for the summer period (JJA 2024). Overall, the180

observed attenuated backscatter coefficient is higher and vertically more extensive than in the autumn period. As before, there

are several episodes during which the control run overestimates the observations aloft, e.g. around days 20, 27, 33, 62, and 79.

The E-Profile analysis experiment consistently reduces the bias and, even more so, the RMSE.

3.2 Impact of the analysis on aerosol mass concentrations at the surface and on AOD

Figure 8 illustrates the effect of assimilating E-Profile observations on aerosol mass concentrations at the surface and on AOD.185

The examples are based on SON2023. PM2.5 (top) and PM10 results (2nd row) are compared to 447 (PM2.5) and 901 (PM10)

AirBase sites in Europe, while AOD at 870 nm wavelength (3rd row) is compared to level-2 data from 115 Aeronet stations in
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https://doi.org/10.5194/egusphere-2025-6077
Preprint. Discussion started: 11 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 7. As Fig. 5, but for JJA 2024.

Europe. This Aeronet wavelength lies closest to 910 nm and 1064 nm, at which most of the E-Profile measurements are taken.

The results are averaged over all stations, and the time series of the bias (left) and RMSE (right) are shown.

The control experiment (green) mostly overestimates PM2.5 (top left) during the first two months, and underestimates it190

during the last month. PM10 (2nd row left) is mostly underestimated by the control experiment. The E-Profile assimilation

experiment periodically decreases the PM2.5 and PM10 biases, while at other times there is a degradation. By contrast, the

RMSE of PM2.5 (top right) and PM10 (2nd row right) is mostly reduced by the assimilation of E-Profile observations.

The magnitude of the bias in AOD (3rd row left) is mostly reduced by the assimilation of E-Profile data. This is rather

unexpected. AOD is the only observation constraining the aerosols in the control analysis experiment. By contrast, when the195

analysis has to minimise the cost function by accommodating both AOD and ceilometer observations, then one would expect

that the overall match with independent AOD observations may be degraded compared to the AOD-only control run.
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Figure 8. Top row: bias (left) and RMSE (right) of PM2.5 surface concentrations during SON2023, averaged over 447 European AirBase

stations. The control experiment is shown in green, the E-Profile analysis experiment in red. Second row: analogous results for PM10,

averaged over 901 European AirBase stations. Third row: analogous results for AOD, averaged over 115 European Aeronet stations. Bottom

row: PM10 RMSE of the control experiment (left) and RMSE difference (right) between the control and the E-Profile assimilation experiment.
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The bottom row shows the seasonally averaged RMSE in PM10 at 901 AirBase sites for the control experiment (left), and the

RMSE differences between the control and the E-Profile assimilation run (right), where green shades indicate that the E-Profile

assimilation reduces the RMSE. Comparison with Fig. 1 suggests that regions in which the RMSE is most strongly reduced200

correlate with those in which the observational network is dominated by instruments of higher quality (CHM15k, CL51, and

miniMPL), while regions with a higher density of CL31 instruments or no instruments show less positive impact, no impact,

or even a mild degradation.

Figure 9 Shows similar results to those in Fig. 8, but for JJA2024. PM2.5 (top) and PM10 results (2nd row) are compared

to 441 (PM2.5) and 981 (PM10) AirBase sites in Europe, while AOD at 870 nm wavelength (3rd row) is compared to level-205

2 data from 83 Aeronet stations in Europe. The control experiment (green) generally overestimates PM2.5 (top left), and it

underestimates PM10 (2nd row left). Assimilation of E-Profile data results in a significant reduction of the PM2.5 bias and

RMSE. For PM10 (2nd row) the bias (left) is degraded, while the RMSE (right) is reduced by the assimilation of E-Profile

data.

This opposite effect on PM2.5 and PM10 biases can be understood as follows. It was apparent in Fig. 6 that the control run210

mostly overestimates the observed backscattering signal. Accumulation-mode aerosols tend to make the dominant contribution

to the optical cross sections per mass. Therefore, the overestimation of the backscattering signal is likely to be caused by an

overestimation of fine particles, which is consistent with the overestimation of PM2.5 at the surface that is evident in Fig. 9. The

model-equivalent attenuated backscatter coefficient can be brought into closer agreement with the observations by reducing

the mass concentration of fine particles. However, the control variable is the total aerosol mass concentration. Therefore, a215

reduction in fine aerosols also entails a reduction in coarse aerosols. At the surface, the latter are underestimated, so that a

reduction in total aerosol mass by the analysis results in an improvement for PM2.5 and, inevitably, a degradation for PM10.

AOD (third row) shows a degradation. This is different from what was observed for SON2023, but, as discussed there,

more in line with what one would expect for an observing system in which the analysis has to simultaneously fit AOD and

backscattering observations.220

The fourth row shows the seasonally averaged PM2.5 bias in the control experiment at the 441 AirBase sites (left), and

the difference in biases between the control experiment and E-Profile assimilation experiment (right). Positive biases (left) are

found in Northern Germany, the Benelux countries, Northeastern France, Northern Italy, Corsica, Sardinia, along the northern

and western coast of the Iberian Peninsula, and at some Eastern European stations. These are largely the regions in which

analysis of E-Profile data leads to a pronounced reduction in the bias (right).225

4 Conclusions

The main conclusion is that assimilation of E-Profile attenuated backscatter coefficient, βatt, into the IFS-COMPO significantly

reduces the bias and RMSE of the model-equivalent vertical profiles when compared to independent, non-assimilated E-Profile

observations. The control experiments frequently overestimate βatt aloft, and they often misrepresent to overall shape of the

vertical profiles, especially during episodic events. This can be strongly alleviated by assimilation of the lidar and ceilometer230
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Figure 9. Similar to Fig. 8, but for JJA2024. Top row: bias (left) and RMSE (right) of PM2.5 surface concentrations, averaged over 441

European AirBase stations. Second row: analogous results for PM10, averaged over 981 European AirBase stations. Third row: analogous

results for AOD, averaged over 83 European Aeronet stations. Bottom row: PM2.5 bias of the control experiment (left) and bias difference

(right) between the control and the E-Profile assimilation experiment.
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data. This was consistently found for both the summer and autumn seasons by comparison against both CHM15k instruments

at 1064 nm wavelength and CL31 and CL51 instruments at 910 nm wavelength.

Different configurations of the analysis system have been tested — see App. D. The results suggest that assimilation of

E-Profile observations gives the most favourable results when using an aggressive cloud-masking approach combined with

a dust-optics model derived from spheroidal model particles and suppressing vertical correlations in the background error235

covariances. The effects of E-Profile assimilation become particularly apparent when prioritizing the improvement of vertical

profiles and of PM2.5 ground concentrations.

At 3 km altitude CL31 instruments record slightly higher values of βatt than CL51 instruments. The CL51 use InGaAs diode

lasers with an average pulse power of 27 W, while the CL31 instruments use the same type of laser source, but with an average

pulse power of only 11 W. Thus the signal detected by the CL51 instruments is stronger and more reliable; the elevated signal240

seen by the CL31 instrument around 3 km is probably due to too much noise. In future assimilation experiments the CL31

observations should be capped at 2–2.5 km rather than 3 km, as we did here.

A main limitation of the present analysis system in the IFS-COMPO is the use of a single control variable for aerosols,

namely, the total aerosol mass mixing ratio. This makes it impossible to simultaneously reduce the frequent overestimation

of PM2.5 concentrations while increasing the often underestimated PM10 concentrations. In the current operational CAMS245

system, only AOD at a wavelength of 550 nm is assimilated. The limited information contained in these observations would

hardly justify to constrain more than a single control variable. However, it is well understood that supplementing extinction

with backscattering observations or having multi-channel observations can increase the information contents of observations,

thus allowing to constrain more model variables (e.g. Burton et al. (2016); Kahnert and Andersson (2017)).

The need to extend the number of control variables may also arise when assimilating, in addition to AOD 550, lidar data250

from EarthCARE (Donovan et al., 2024) or multi-channel AOD observations from, e.g., the 3MI instrument (EUMETSAT,

2025). Different approaches to multiple control variables have been pursued (e.g. Kahnert (2009); Li et al. (2013); Liang et al.

(2020); Sun et al. (2020)), mostly based on educated guesses on which aerosol control variables may be most suited for an

observation system. A more systematic method for selecting optimal control variables based on quantifying the information

content of the observations has been proposed (Kahnert, 2018). However, a pragmatic next step beyond the use of the total255

aerosol mass may simply be to use the fine-mode and coarse-mode mass mixing ratios as control variables.

A main concern for global modelling is the currently limited geographic coverage of the E-Profile network. Extending

the E-Profile data with observations from additional regions, such as those provided by NASA’s Micro-Pulse Lidar Network

(MPLNET) (Welton et al., 2018), would significantly enhance coverage. A main requirement for assimilation in the IFS is the

availability of data in near-real time.260

. Code and data availability. Codes developed at ECMWF are the intellectual property of ECMWF and its member states and can,

therefore, not be made publicly available. However, ECMWF member-state weather services and their approved partners will get access

granted. Also, access to an open version of the IFS code may be obtained from ECMWF under an OpenIFS license (OpenIFS); this
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includes cycle CY43R3 IFS(AER), see https://doi.org/10.5194/gmd-15-6221-2022 (Huijnen et al., 2022). More details can be found at

https://confluence.ecmwf.int/display/OIFS/About+OpenIFS (ECMWF, 2025). An updated IFS Fortran routine for computing the attenuated265

backscatter signal at 910 nm can be found under https://doi.org/10.5281/zenodo.18803400 (Kahnert et al., 2026). In the same archive, we have

published the python programs for pre-processing E-profile data prior to ingestion into the IFS, and those for post-processing model output for

plotting and comparison with observations. E-Profile data can be downloaded from the CEDA archive, https://data.ceda.ac.uk/badc/eprofile/data/daily_files

(CEDA Archive, 2018). The reprocessed data from CHM15k and Mini-MPL instruments is publicly available on Zenodo (E. Sauvageat,

2026).270

Appendix A: Observation operator for the attenuated backscatter coefficient

The attenuated backscatter coefficient at altitude z is defined by

βatt(z) = [βa(z) +βmol(z)]e−2τ(z), (A1)

where βa(z) is the unattenuated backscatter coefficient [m−1 sr−1] of aerosols at z. τ(z) is the optical depth along the optical

path from the source to the point of backscattering, which is equal to that along the return path to the detector, thus the275

factor of 2. The unattenuated molecular backscatter coefficient, βmol, is parametrised as a function of wavelength following

Chiriaco et al. (2006). The 16 aerosol species are assumed to be externally mixed, in which case βa can be computed by linear

combination of the optical properties of each individual aerosol species appropriately weighted by their mass mixing ratios.

More specifically, for a layer l between pressure levels p(zl) and p(zl) +∆p(zl),

βa(zl) =
16∑

i=1

Xi(zl)km
i

∆p(zl)
g∆zl

/Si. (A2)280

Here, Xi(zl) are prognostic variables of the IFS-COMPO, namely the mass mixing ratios [kg (aerosol species i) / kg (air)]. km
i

is the mass extinction cross section [m2 / kg (aerosol species i)], and Si is the lidar ratio [sr], which expresses the ratio of the

aerosols’ extinction cross section to their backscatter cross section. g is the Earth’s acceleration, so the term ∆p(zl)/(g∆zl)

yield the air density at that pressure level. Analogously, the aerosol optical depth τa of a population of externally mixed aerosols

along the optical path from the ground to altitude zL can be obtained by285

τa(zL) =
16∑

i=1

L∑

l=137

Xi(zl)km
i

∆p(zl)
g

, (A3)

where in the IFS layer l = 137 is the one closest to the ground.

The total optical depth in Eq. (A1) consists of contributions from aerosol extinction, Rayleigh scattering, and molecular

absorption,

τ(zL) = τa(zL) + τRay(zL) + τmol(zL). (A4)290

The Rayleigh-scattering contribution is parametrised as a function of wavelength according to Bodhaine et al. (1997), while

the molecular absorption optical depth, τmol is obtained by summation over the contributions of each molecular species. Which

molecules contribute to absorption depends on wavelength.
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Figure A1. Total column optical depth (top) and two-way transmittance (bottom) of individual gases at 355, 532, 910, and 1064 nm, for

the CKDMIP “median” atmosphere (Hogan and Matricardi, 2020). The gas components are water vapour (blue), ozone (magenta), carbon

dioxide (black), methane (green), and molecular oxygen (red).

A1 Extension of the observation operator to 910 nm

In CY49R1 observation operators for the attenuated backscatter coefficient based on Eqs. (A1)–(A4) are implemented for295

three wavelengths, λ=355, 532, and 1064 nm. The code contains parametrisations for τmol(λ) that account for O3 and NO2

at 355 and 532 nm, and for O3, NO2 CO2, and O2 at 1064 nm. However, many ceilometer instruments in the E-Profile

network measure at a wavelength of 910 nm. Thus the observation operator in the IFS-COMPO needs to be extended to

that wavelength. For aerosols, CY49R1 uses a look-up table of optical properties at 331 wavelengths in the range 200 nm

– 2 mm. The mass extinction cross section and lidar ratio at 910 nm are determined by linear interpolation between the300

closest tabulated values (873 and 914 nm). The main challenge is to determine the molecular absorption at 910 nm. To this

end, detailed line-by-line radiative transfer computations from the Correlated K-Distribution Model Intercomparison Project,

CKDMIP (Hogan and Matricardi, 2020) are analysed. Figure A1 shows the total column optical depth (top) and corresponding

two-way transmittance (bottom) for individual gases in the case of the CKDMIP “median” atmosphere. At 1064 nm (panels d

and h), molecular absorption is dominated by molecular oxygen (red), while at 532 nm (panels b and f), the dominant absorber305
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Figure A2. Two-way transmittance as a function of column water vapour obtained by spectrally averaging CKDMIP line-by-line results at

910 nm over a spectral interval±10 nm (blue circles). Corresponding results are shown for a grey absorber (grey line) and a Malkmus model

(red line).

is ozone (magenta). (Note the logarithmic optical-depth scale.) At 355 nm, molecular absorption is, in fact, dwarfed by the

effect of Rayleigh scattering. Therefore, we simplified the observation operators by

– neglecting molecular absorption at 355 nm;

– only retaining the contribution of O3 to the molecular absorption at 532 nm; and

– only retaining the contribution of O2 to the molecular absorption at 1064 nm.310

At 910 nm (panels c and g) the dominant absorber is water vapour (blue), which displays a rich spectral structure and absorbs

much more strongly than any gas at the other wavelengths. We seek to parametrise the transmittance averaged across the

spectral range corresponding to the band width of a typical 910-nm lidar, which is around ±10 nm for the CL31 and CL51

ceilometers deployed at several E-Profile stations. For each of the 50 diverse atmospheric profiles of the CKDMIP “Evaluation-

1” dataset, we compute the spectrally averaged transmittance from the surface up to height z:315

Tw(z) =
1

λ2−λ1

λ2∫

λ1

exp[−2τw(λ,z)]dλ, (A5)

where τw(λ,z) is the water-vapour absorption optical depth at wavelength λ from the surface to height z. The blue circles in

Fig. A2 show the transmittances computed for λ1 = 900 nm and λ2 = 920 nm as a function of the column water vapour content

x(z) up to the same height. With 50 profiles and each profile being described 55 points in height, we have 2750 points.
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For a grey absorber, for which the optical depth has no spectral dependence, one would predict a column optical depth of320

τw(z) =

z∫

0

q(z′)ρair(z′)km
w (z′)dz′, (A6)

where q is the specific humidity, ρair is the air density, and km
w denotes the mass absorption cross section of water vapour

(which in principle depends on temperature, pressure, and specific humidity). Applying km
w = 0.015 m2 kg−1 leads to the grey

line in Fig. A2; clearly neglecting the spectral variation of absorption leads to a very poor fit to the line-by-line computations.

Instead, a Malkmus model (e.g. Geleyn et al., 2005) was used: by assuming the spectrum to consist of randomly distributed325

overlapping lines, the Malkmus model predicts an effective absorption optical depth of water vapour of the form

τeff(z) = 2C
[√

1 +Kx(z)/C − 1
]
. (A7)

The red line represents the transmittance calculated with C=0.034 and K=0.013509 m2 kg−1, and is an excellent fit to the

line-by-line data.

The new parametrisation for water-vapour absorption as well as the simplifications at the other three lidar wavelengths have330

been added both to the diagnostic routines and to the lidar observation operator. A corresponding tangent linear (TL) model

and adjoint operator (AD) have been implemented for 910 nm, and the consistency of the TL and AD codes have been ensured

by use of standardised adjoint tests of the IFS. These changes will be included in CY50R1.

A2 Aerosol optics model for nonspherical dust aerosols

The observation operators of aerosol optical properties, such as AOD or attenuated backscatter coefficient, make use of pre-335

computed look-up tables of mass extinction cross section, single-scattering albedo, asymmetry parameter, and lidar ratio. In

earlier IFS cycles these aerosol optical properties where based on models that assumed all aerosols to be homogeneous spheres.

This assumption is known to be erroneous, in particular for desert dust which comes in a wide variety of shapes (e.g. Adebiyi

et al., 2023) . As of CY49R1 a correction has been applied to the extinction to account for the nonsphericity of desert dust

aerosols (Rémy et al., 2024), which led to an increase in UV and visible dust extinction by 5–20 % for fine and coarse size340

bins, and by 5–10 % for the super-coarse bin. The nonspherical dust extinction was modelled by assuming a prolate spheroidal

shape with an aspect ratio of 1.6, derived from Kandler et al. (2009), which was found to be a shape representative of a majority

of particles from the West Sahara. The online tool MOP-SMAP (Gasteiger and Wiegner (2018)) has been used to compute the

non-spherical optical properties of desert dust. In CY49R1 IFS-COMPO, this approach has been applied to compute mass

extinction, single scattering albedo and asymmetry parameter for the three desert dust bins, at the 20 wavelengths that are345

produced and archived. Here, this approach has been extended to also compute the lidar ratio S of dust aerosols, so as to take

into account nonsphericity as well for this parameter.

Figure A3 shows the spectral dependence of the size-averaged lidar ratio of spheroids normalised by that of volume-

equivalent homogeneous spheres. The size averages were taken over the three size bins of dust particles in CY49R1 (as

explained in the caption). In the near infrared (NIR), where most E-Profile instruments operate, the lidar ratio of the spheroids350
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Figure A3. Lidar-ratio of prolate spheroids with an aspect ratio of 1.6 as a function of wavelength, normalised by the lidar ratio of volume-

equivalent homogeneous spheres. The three panels show size-averaged results over each of the three size bins of dust particles used in

CY49R1, namely, 0.03–0.55 µm radius (left), 0.55–0.9 µm (centre), and 0.9–20 µm (right).

is larger than that of spheres by about 10 % for the fine particles, 50 % for medium-size particles, and by a factor of 2.4 for

coarse particles.

Appendix B: Wavelet representation of the background error covariance matrix

The background error covariance matrix (B in Eq. (1)) is given in wavelet formulation in the IFS (Fisher, 2004, 2006).

The wavelet formulation allows for spatial variation of both the geographical and vertical correlations, whilst simultaneously355

allowing for spectral variations to be represented. In the standard CAMS system, the total aerosol mass mixing ratio background

errors represented by the wavelet are calculated using the National Meteorological Center (NMC) method (Parrish and Derber,

1992). Figure B1 shows the resulting globally averaged standard deviation (left) and horizontal correlation (centre) at each

of the model levels. The vertical correlations for a single point over Paris, averaged across wavenumbers (right), is shown to

demonstrate how the wavelet formulation can spread information between model levels and specifically lead to increments,360

δxa (Eq. (3)), being induced without or contrary to the observational information.

An alternative is to create a wavelet representation of the background errors with vertical correlations that are diagonal; i.e.

there are no correlations between neighbouring levels. This can be done by setting the horizontal geographical correlations to

be isotropic Gaussian functions with a user determined length scale. A vertical standard deviation can then be imposed on these

identical horizontal correlations. For the ’artificial’ background error wavelet representation used here, the standard deviation365

from the operational CAMS wavelet was imposed as shown in Fig B1 (left) and a lengthscale of 150km was used for the

Gaussian lengthscale of the horizontal correlations (centre). 150km lengthscale was chosen since it reflects a balance between
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Figure B1. The globally averaged standard deviation at each model level (left), the globally averaged lengthscale of the horizontal correlation

(center) and the vertical correlation averaged across wavenumbers for a point centered on Paris (right) from the CAMS standard wavelet

representation of the background errors.

the mean lengthscale observed in the operational background errors at the different levels in the atmosphere and the ability to

correctly capture the Gaussian correlation at the grid resolution of the minimisation (Inness et al., 2022).

Appendix C: Data preprocessing prior to assimilation370

C1 Masking of unwanted data

The masking method has been adapted from Meteo-France. It consists of a truncation of the altitude range, a cloud mask,

precipitation mask, fog mask, and noise mask.

Altitude range. The vertical ranges in Tab. 1 mainly reflect the instruments’ limitations for cloud-base detection. For the

much weaker and, potentially, noisier aerosol signal a more conservative vertical range is adopted, depending on the instrument:375

CL31: 0–3 km

CL51: 0–5.3 km

CHM15k: 0–7.5 km

miniMPL: 0.25–15 km

All data outside these ranges are masked out.380

Cloud mask. Even though backscattering from clouds is generally stronger than that of aerosol plumes, the signal strengths

of clouds and aerosols can significantly overlap. Therefore, clouds and aerosols cannot be reliably discriminated based on the

strength of the backscattered power. However, the standard deviation of the attenuated backscatter coefficient, std(βatt), has

been found to be an effective discriminator. More specifically, an observation of βatt at altitude zl and time step ti is regarded
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as a cloud, if385

std[βatt(ti,zl)] > Threshold, (C1)

where the standard deviation is computed from all data in a neighbourhood ti−2 ≤ ti ≤ ti+2 and zl−3 ≤ zl ≤ zl+3. The

threshold is taken to be 1e-6 m−1sr−1 for CHM15k instruments, and 1.5e-6 m−1sr−1 for all other instruments. Several

thresholds have been tested for each instrument to determine the best value for detecting clouds without masking aerosols.

To verify the validity of our results, we compared observations marked as clouds with satellite images. We also tested these390

thresholds in cases of desert dust episodes. Our results showed that using a threshold that is too low leads to an overestimation

of clouds, which can mask aerosols. On the contrary, a threshold that is too high can result in the retention of a large number

of observations that are in reality clouds.

Precipitation mask. At each time step ti the number of cloud layers is determined up to a maximum of three layers. If

there are cloud-free model layers between two cloudy layers, and if the altitude difference between the lower and the upper395

cloud layer is ≥ 35 m, then the upper layer is counted as a new cloud layer. For each cloud with base altitude zc ≥ 1 km, one

considers the quantity

βatt(ti,zmin,zmax) = mean
zmin≤z≤zmax

[βatt(ti,z)]. (C2)

The precipitation mask is based on evaluating this quantity by taking the mean over all altitudes between zmin = zc-1 km and

zmax = zc-0.5 km. If400

βatt(ti,zc− 1km,zc− 0.5km) > 2.5e− 6m−1sr−1, (C3)

then all data at time step ti below the cloud base zc are masked out as precipitation.

Fog mask. Data are masked out as fog if the altitude is below 250 m, and if any of the following two conditions is satisfied:

βatt(ti, 0, 250m) > 2.5e− 6m−1sr−1 (C4)

βatt(ti, 0, 250m) > 2βatt(ti, 250m, 500m). (C5)405

Noise mask. Data points are masked out as noise if the following criterion is satisfied:

mean[βatt[(ti,zl)]
std[βatt[(ti,zl)]

< 3, (C6)

where the mean and standard deviation are evaluated in a neighbourhood ti−2 ≤ ti ≤ ti+2, zl−2 ≤ zl ≤ zl+2. The data point is

also removed if the number of unmasked data points in that neighbourhood is less than 13.

Figure C1 shows the attenuated backscatter coefficient observed at the lidar station in Toulouse on 17 September 2023. In410

the E-Profile data files up to three cloud layers are identified, which are represented in the top panel by dashed lines. The other

panels illustrate the masks (grey shading) for clouds (second panel from top), precipitation (third panel), fog (fourth panel), and

noise (bottom panel). The clouds identified by the mask closely agree with the cloud-base heights identified in the E-Profile

data files. The precipitation mask identifies several rainy episodes during that day, while no fog has been detected. Most data

points above the clouds are rejected by the noise mask.415
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Figure C1. Attenuated backscatter coefficient at 532 nm wavelength, observed on 17 September 2023 by the Mini-MPL lidar instrument

in Toulouse, France. The top panel shows the cloud-base heights (dashed lines) provided in the E-Profile data files. Second panel from top:

cloud mask; third panel: precipitation mask; fourth panel: fog mask; bottom panel: noise mask.
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C2 Combining masking and data-reduction operations

Pre-averaging over time and altitude. To reduce the data volume prior to assimilation, both averaging data and thinning data

by selection have been considered. Averaging can reduce noise in the data, while thinning by selection is somewhat faster.

Since the extra time required for averaging was not found to be substantial, it was decided to reduce the amount of data by

averaging over 30-minute time intervals and over appropriate altitude intervals. For the latter the geometric altitudes of the420

137 IFS model levels of a US standard atmosphere have been employed. If more than 90 % of the data points in an averaging

interval where flagged as missing values, then the average was not computed; instead, the low-resolution data point was also

flagged as a missing value.

Ordering of masking and resolution-reduction. Data masking and resolution reduction are non-commuting operations.

Therefore, it is important to determine in which order these operation have to be applied. This is illustrated in Fig. C2.425

The top panels show observations by the Mini-MPL instrument in Toulouse on a partially cloudy day (16 September 2023,

left), and during a Sahara dust-storm event (4 September 2023, right). The second row shows the effect of applying the

cloud/rain/fog/noise mask first and time/altitude averaging second. Only few data points are identified as clouds, noise, or

precipitation (left), while most of the dust plume at 1-2 km altitude is identified as valid data (right). The third panel shows the

effect of applying time/altitude averaging first and the cloud/rain/fog/noise mask second. This results in a much more aggressive430

cloud mask (left), which may be desirable if one wants to be sure not to assimilate any cloud-contaminated data. However, this

approach is so aggressive that even the dust plume is misclassified as a cloud (right). To obtain a reasonably aggressive cloud

mask that does not misidentify optically thick aerosol plumes as clouds, the following approach has been tested. The masking

operations are split up; the cloud/rain/fog mask is applied first, time/altitude averaging is applied second, and the noise mask

is applied last. The effect of this approach is seen in the bottom row. Clouds and noise are securely masked out (left), while the435

dust plume passes the mask unharmed (right). For brevity, we refer to the combined mask/averaging operation illustrated in the

second row of Fig. C2 as the conservative mask, and to that shown in the fourth row as the aggressive mask. Symbolically,

(conservative mask) = (averaging) ◦ (noise mask) ◦ (fog mask) ◦ (rain mask) ◦ (cloud mask) (C7)

(aggressive mask) = (noise mask) ◦ (averaging) ◦ (fog mask) ◦ (rain mask) ◦ (cloud mask), (C8)

where the operators are applied in the order from right to left. In the analysis experiments performed in this study, we tested440

both approaches.

C3 Miscellaneous preprocessing steps

Unit conversion. The E-Profile data files provide the attenuated backscatter coefficient in units of Mm−1sr−1 and time as

epoch date (i.e., number of days) since 1 January 1970. To conform to IFS standards these have to be converted into m−1sr−1

and date-time (YYYYMMDD:HHMMSS), respectively.445

Reordering of bottom-up to top-down vertical profiles. The E-Profile data are ordered from bottom to top in altitude.

However, the IFS requires profiles in top-down format. It is essential to reorder the data accordingly prior to assimilation.
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Figure C2. Observation from the same station as in Fig. C1, but on 16 September 2023 (top left) and 4 September 2023 (top right). The

other rows illustrate the effect of applying masking operations and time/altitude averaging in different orders; second row: (averaging) ◦
(noise mask) ◦ (fog mask) ◦ (rain mask) ◦ (cloud mask) (where the rightmost operation is applied first); third row: (noise mask) ◦
(fog mask)◦(rain mask)◦(cloud mask)◦(averaging); fourth row: (noise mask)◦(averaging)◦(fog mask)◦(rain mask)◦(cloud mask).

Otherwise, the IFS will misinterpret the vertical structure, placing boundary-layer aerosols on top of the atmosphere, resulting

in significant analysis errors. To prevent such errors, a validation step has been implemented in the lidar observation operator

to ensure that all input data comply with the required top-down format. This extra safety measure will be included in CY50R1.450

Pooling of the data and export in ODB format. New experimental observations can be ingested by the IFS by use of

the simulobs2odb routine. This requires that large data files are split into pools and converted into ascii files following the

Observational Data Base (ODB) format. Here, the maximum number of lines per pool was set to 12,000, and the preprocessed

data for each day and analysis time-step where split into pools and saved as ODB-like ascii files.

Observation errors. The E-Profile data files come with a rough estimate for the observation error standard deviation455

σo(ti,zl) for each data entry βatt(ti,zl). In the analysis experiments reported here these values are basically adopted, but

we assume that the standard deviation is never smaller than 1e-6 m−1sr−1. Thus, a standard deviation is assumed according
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to σ′o(ti,zl) = max[σo(ti,zl),10−6m−1sr−1]. This is based on earlier tests of assimilating Earlinet data into the IFS. If σo

becomes much smaller than that threshold, then the algorithm for minimising the cost function in Eq. (1) can sometimes fail to

converge. It is further assumed that the observation error covariance matrix in Eq. (1) is diagonal, i.e. R = diag{σ′o2(ti,zl)}.460

Appendix D: Comparing different configurations of the assimilation system

For the assimilation of E-Profile data, different assumptions in the assimilation system were tested:

– Two different dust-optics models were employed (Sec. A2), one in which the lidar ratio was simulated by use of

homogeneous spheres, the other in which it was modelled by use of homogeneous prolate spheroids with an aspect

ratio of 1.6.465

– Two sets of background error covariances were used (Sec. B), the standard wavelets from CY49R1, and artificial wavelets

in which vertical correlations were suppressed.

– The data were preprocessed with two types of masks, the conservative mask, Eq. (C7), and the aggressive mask, Eq.

(C8) (where conservative and aggressive refers to the masking effect on clouds).

– The experiments were run for two 3-month periods, SON 2023 (2023-09-01 – 2023-11-30) and JJA 2024 (2024-06-01 –470

2024-08-31). For each period a 1-month spinup was used.

Combining these four, we have 24 = 16 different experiments, and four control experiment without E-Profile assimilation were

performed (two seasons and two sets of wavelets), resulting in a total of 20 experiments.

D1 Impact of dust-optics model on assimilation results

Figure D1 shows the same observations (1st column) and control experiment (2nd column) as in Fig. 4; however, the 3rd and475

4th columns present a comparison of the E-Profile assimilation experiment using dust optical properties derived from spheres

and spheroids, respectively. In both configurations the high positive biases observed in the control run as well as the RMSE are

reduced by the assimilation of E-Profile data. However, the spheroid-based approach outperforms the sphere-based method.

This effect is more pronounced for the RMSE than for the bias. This finding held for both seasons under study and was evident

even in the CL31 and CL51 measurements (not shown).480

D2 Impact of masking approach

The results in Fig. D1 were based on preprocessing the observations with the aggressive cloud-masking approach according to

Eq. (C8). Figure D2 presents analogous results obtained by preprocessing the observations with the conservative cloud masking

method in Eq. (C7). As in the previous examples, the analyses experiments, especially the one with the spheroidal dust optics,

significantly reduce both the bias and the RMSE, resulting in a much improved vertical distribution of the model-equivalent485

backscatter signal. However, the observations (top left) reveal a few episodes of high backscatter signals at altitudes of 6–7
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Figure D1. Attenuated backscatter coefficient at 1064 nm wavelength during SON 2023, averaged over 30 non-assimilated CHM15k stations.

Top row (from left to right): observations, control experiment, and E-Profile analysis experiments with spherical and spheroidal model

particles for dust optical properties. Second row: bias (model - observations). Third row: root mean square error.

km, for example around days 45 and 76. These signals are likely to originate from clouds that the conservative mask has not

captured. Another striking difference to Fig. D1 is that data above 5.5 km altitude are essentially missing. The reason is that in

this approach noise masking is applied prior altitude/time averaging — see Eq. (C7). Thus, much of the noisier data at higher

altitudes are rejected by the mask. In the aggressive cloud mask averaging is applied prior to noise masking — see Eq. (C8).490

But averaging reduces noise, which lets more data points at higher altitudes pass the noise mask. Therefore, the aggressive

cloud mask acts, in fact, more conservatively on noise. Aggressive cloud masking and conservative noise masking are both

desirable properties.

D3 Impact of vertical correlation in the background error covariances

The effect of vertical correlations in the wavelets is best illustrated by inspecting individual profiles. Figure D3 shows two495

selected profiles from the dust-storm event in Fig. 2 (left) and the wild-fire episode in Fig. 3 (right). There are now two control

experiments, one using standard CY49R1 wavelets (light blue, dash-dotted line), the other using artificial wavelets with zero

vertical correlations (orange dashed). The corresponding E-Profile assimilation experiments with standard (yellow solid) and
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Figure D2. As Fig. D1, but preprocessing the observations with the conservative cloud mask in Eq. (C7).

artificial wavelets (dotted green) are also shown; both are based on using the aggressive cloud mask and spheroidal dust

optics. In the dust-storm case (left) the control experiments give similar results. Both ceilometer assimilation runs substantially500

improve the vertical profiles in comparison to the observations (black). Above 3.6 km altitude the observations are flagged

as too noisy. At those altitudes the assimilation experiment based on artificial wavelets (orange dashed) closely matches the

control experiment. By contrast, the one based on standard wavelets (yellow solid) displays higher backscatter values in that

altitude range, presumably due to stronger vertical spreading of information from lower altitudes. However, this effect is not

very strong. In the wild-fire case (right) the two control experiments differ substantially. But the corresponding E-Profile505

assimilation experiments match the observations about equally well. This has been found to be rather typical. However, as we

shall see in the next section, the two sets of wavelets can give very different results for surface concentrations of particulate

matter.

D4 Comparison of all experiments

A concise summary of the performance of all 20 experiments is given in Figure D4, showing biases (left) and RMSE (right)510

for PM2.5 (top), PM10 (centre), and AOD (bottom). The biases and RMSEs are averaged over all validation stations and over

the entire season. The columns in each matrix show results for (from left to right) 1. the control run, the aggressive mask with

29

https://doi.org/10.5194/egusphere-2025-6077
Preprint. Discussion started: 11 March 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure D3. Vertical profiles of βatt in Palaiseau, FR, during the dust-storm in Fig. 2 (left), and in Nottingham, UK, during the wild-fire in Fig.

3. The lines show the control runs with standard (light blue, dash-dotted line) and artificial wavelets (orange dashed), and the corresponding

ceilometer assimilation experiments for standard (yellow solid) and artificial wavelets (greed dotted), respectively.

2. spherical and 3. spheroidal dust optics, and the conservative mask with 4. spherical and 5. spheroidal dust optics. The rows

present results for (from top to bottom) JJA 2024 with 1. artificial and 2. standard wavelets, and for SON 2023 with 3. artificial

and 4. standard wavelets.515

For PM2.5, biases are generally higher in the summer than in the autumn period. The artificial wavelets consistently yield

lower biases than the standard wavelets, even for the control experiments. The aggressive and conservative masking approaches

do not result in significantly different biases, while the experiments based on spherical dust optics yield lower biases than those

based on spheroidal dust optics. The PM2.5 RMSE in the control runs is higher in the summer than in the autumn period, but

the E-Profile analysis experiments reduce the RMSE very effectively in the summer and makes it lower than the corresponding520

RMSE values in the autumn period. The RMSE values of the aggressive masking methods are on the same order as those of

the conservative masking method. Spherical dust optics and artificial wavelets yield the lowest RMSE values.
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Figure D4. Bias (left) and RMSE (right) for PM2.5 (top), PM10 (centre), and AOD (bottom) averaged over all validation stations and over 3-

month periods. In each matrix the control experiments are shown in the first column; the other columns show E-Profile analysis experiments

using the aggressive cloud mask with spherical (2nd column) and spheroidal dust optics (3rd column), and the conservative cloud mask with

spherical (4th column) and spheroidal dust optics (5th column). The rows show from top to bottom experiments for JJA 2024 using artificial

(1st row) and standard wavelets (2nd row), and SON 2023 using artificial (3rd row) and standard wavelets (4th row).

31

https://doi.org/10.5194/egusphere-2025-6077
Preprint. Discussion started: 11 March 2026
c© Author(s) 2026. CC BY 4.0 License.



PM10 (centre left) is underestimated by all experiments, but less so in the summer period. Spheroidal dust optics lead to

slightly lower absolute biases, and in many cases to significant reductions of the RMSE, while spherical dust optics degrades

the RMSE. A possible explanation is that the optical properties of coarse dust particles are particularly sensitive to shape.525

Therefore, while the spheroid model gives less improvements for fine particles compared to spheres, there is a much more

pronounced effect on RMSE of PM10.

For AOD one would usually expect that the control experiments yield the lowest bias and RMSE for reasons already

mentioned above. This is confirmed in most experiments, except for the autumn period run with artificial wavelets. In those

experiments, assimilation of E-Profile data reduces the bias, especially in the experiments based on using spheroidal dust530

optics.

D5 Identifying an optimum configuration of the analysis system

Dust-optics model. Two different aerosol optics models were tested for representing the lidar ratio of dust particles, one based

on spheres, the other based on spheroids. The reduction of biases and RMSE in the vertical profiles are more pronounced

for the spheroid model than for the sphere model. For surface concentrations, spheroids reduce, in most cases, the RMSE for535

PM10, while spheres result in a degradation. For PM2.5 both spheres and spheroids mostly give a reduction of biases and

RMSE, where spheres slightly outperform spheroids. All things considered, the spheroid model seems to be slightly superior

to the sphere model, especially for improving vertical profiles.

Masking method. The masking method that has a more conservative effect on clouds appears to occasionally miss high-

altitude clouds above 6 km. Further, for ceilometers observing at 1064 nm it rejects most data above 5.5 km as too noisy. Both540

properties are undesirable. The more aggressive cloud mask securely masks out the high-altitude clouds. Since in this approach

time/altitude averaging is performed prior to noise masking, it retains a lot more data above 5.5 km. One can conclude that the

aggressive cloud mask defined in Eq. (C8) proved to be superior to the conservative mask in Eq. (C7), at least for masking data

in the upper troposphere. No significant differences were observed between these two masking approaches when evaluating

their effect on surface concentrations in the E-Profile assimilation experiments.545

Vertical correlations. Two sets of wavelets have been tested, the standard wavelets in CY49R1, which contain vertical

correlations, and an artificial set of wavelets in which vertical correlations had been suppressed. The latter gives the analysis

more leeway to adjust the vertical profiles. This has remarkably little impact on model-equivalent backscatter signals aloft;

but it can have a significant effect on PM2.5 surface concentrations. During both seasons, the assimilation experiments with

artificial wavelets resulted in lower biases and lower RMSE compared to the standard wavelets. A similar improvement can be550

observed for AOD.

Based on these findings, the main body of the paper presented E-Profile assimilation experiments with suppressed vertical

correlations in the wavelets, dust optical properties derived from spheroids, and with observations preprocessed by the aggressive

cloud-masking approach,
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