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Abstract. Mineral (desert) dust aerosols are small sand/dust particles entrained by winds from bare areas and possibly trans-
ported over long distances. These aerosols are climate forcers and affect human health and many socio-economic sectors.
They are therefore important to monitor both in near-real time and on the long term. In this work, the Infrared Atmospheric
Sounding Interferometer (IASI) instrument is used to retrieve vertical profiles of mineral dust aerosols concentration, from
which a 10 um aerosol optical depth (AOD) and a mean aerosol altitude are obtained. In addition, the dust AOD is converted to
550 nm using the same aerosol optical properties as in the retrieval. The theoretically calculated conversion factor is 1.78 (the
550 nm AOD being larger than the 10 pm AOD). This conversion step adds significant uncertainties due to different sensitivity
at the different wavelengths. Specifically, we present here the new version 5.1 of the Mineral Aerosol Profiling from Infrared
Radiances (MAPIR) algorithm and its changes with respect to previous versions. MAPIR v5.1 was used to produce a consis-
tent time series of dust profiles since the start of the IASI observations in 2007 and until now, using data from [ASI onboard
Metop-A and Metop-C. The capabilities of the instrument and retrieval are illustrated, showing good event detection, expected
AOD seasonal cycles, good profiling capabilities and reasonable mean aerosol altitude, good time and cross-platform consis-
tency. A true validation exercise is not possible as there exist no reference aerosols data from thermal infrared measurements
(around 10 pm). Therefore, the absolute value of the obtained AOD can not be validated, although the best possible evaluation
is provided using data obtained in the visible spectral range. The evaluation shows a strong correlation of respectively about
0.8 and 0.7 between MAPIR dust AOD and AERONET 550 nm coarse mode AOD solar and lunar observations. The MAPIR
converted 550 nm AOD shows a small median bias with respect to AERONET, but this bias varies with the AOD, suggesting

an underestimation of the AOD conversion factor.

1 Introduction

Mineral dust, commonly referred to as desert dust, constitutes the most abundant atmospheric aerosol in dry mass (e.g. Textor
et al., 2006), consisting of particles from arid and semi-arid regions. These particles are lofted into the atmosphere by strong
winds and can travel vast distances across continents and oceans. Their size ranges from less than 1 nm to more than 100 um

(e.g. Mahowald et al., 2014). The main sources of mineral dust include the Sahara Desert in Africa, the Gobi Desert in Asia,
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and other dry regions worldwide. The global emission of mineral dust is estimated to be between 1 and 3 Gt yr'!, and its
average atmospheric dust load ranges from 8 to 35 Mt yr! (e.g. Zender et al., 2004).

The impact of mineral dust on Earth’s climate is multifaceted. First, it influences the radiative balance by (back)scattering
and absorbing sunlight in the short-wave spectral range, while absorbing, scattering, and emitting radiation in the infrared
spectral range. This is called the direct radiative effect. Those interactions with light depend on different aerosol properties in
different spectral ranges (e.g. Adebiyi et al., 2023; Di Biagio et al., 2017, 2019; Koepke et al., 2015). They result in atmospheric
and/or surface heating or cooling, depending on the dust layer height, the atmospheric and surface temperatures, the surface
albedo and emissivity, the presence of clouds or other aerosols, the presence of sunlight, etc. Finally, these changes in surface
and atmospheric temperatures also affect surface energy exchanges and local wind speed (e.g. Choobari et al., 2014). Mineral
dust can also modify cloud cover, cloud properties and precipitation processes by acting as cloud condensation and ice nuclei
(CCN and IN) (e.g. Choobari et al., 2014). These are called the semi-direct (cloud impact due to atmospheric heating) and
indirect radiative effects (cloud impact due to microphysics). The deposition of dust can stimulate biogeochemical activity in
ecosystems (both marine and terrestrial) by providing essential nutrients such as iron and phosphorus (e.g. Jickells et al., 2005).
This deposition may also locally modify the visible surface albedo resulting in increased snow melt (Xie et al., 2018).

Beyond its climatic effects, mineral dust has significant implications for human health, affecting the respiratory and circula-
tory systems (e.g. Zhang et al., 2016). Finally, dust aerosols also affect human activities in many ways (e.g. Middleton, 2017;
Monteiro et al., 2022; Mona et al., 2023): they disrupt transportation, damage infrastructure, reduce agricultural productivity,
reduce photovoltaic energy production, etc.

To monitor the dust impacts on the climate and analyse changes, one needs long-term consistent data sets to be able to extract
trends in different variables such as the dust load, vertical distribution, transport paths, source areas. To develop mitigation
strategies related to the dust impact on human health and activities, and to correctly forecast temperatures, clouds and rain,
near-real-time (NRT) data of dust atmospheric distribution and properties are required. Those may be used as input in aerosol
forecast or weather models. For both types of analyses, data should be global (or almost), possibly cover day and night and,
in the case of forecast models, data should have the highest feasible temporal resolution. This can be reached using satellite
remote sensing. Different types of instruments deliver different information on the dust aerosols, with different time resolutions
and ground coverage. A comprehensive recent review on the dust observation from satellites (and also all other observations)
can be found in Mona et al. (2023) and references therein.

The algorithm presented here falls within the effort to improve the current dust observation capabilities from thermal infrared
(TIR) satellite observations by the Infrared Atmospheric Sounding Interferometer (IASI) instrument. This algorithm is called
Mineral Aerosol Profiling from Infrared Radiances (MAPIR) version 5.1 while the previous version was described in detail in
Callewaert et al. (2019). MAPIR uses IASI radiance data, with additional information on the surface and atmospheric state,
to retrieve vertical profiles of coarse mineral dust aerosol concentrations. Those profiles may then be used to calculate the
integrated aerosol optical depth (AOD) at a TIR wavelength (which is usually 10 um) and converted to the visible (VIS)
wavelength most commonly used to report AOD, 550 nm. The profiles can also be used to calculate a mean altitude of the

aerosol layer.
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This manuscript describes in details the new version 5.1 of the algorithm, with several modifications from the previous
version. The algorithm exists in two slightly different versions, depending on the need to produce long-term consistent data
(climate version) or the best possible data in near-real-time (NRT version). This work presents and evaluates the data produced
with the MAPIR-climate version, while the MAPIR-NRT version will be assessed later on, when enough data will have been
produced in NRT mode.

The manuscript is organised as follows. First, the MAPIR retrievals are fully described (Sect. 2), starting with the data it
requires, continuing with the detailed algorithm description and changes with respect to the previous version, and ending with
a general assessment of its performances. Section 3 demonstrates the capabilities of MAPIR and shows comparisons with data
from other instruments. The section begins with the description of the data sets used in this evaluation, continues with a detailed
discussion of the challenges of evaluating TIR-observed aerosol information, then shows the evaluation of the integrated dust
AQOD against reference measurements by the Aerosol Robotic Network (AERONET), discusses some properties of the profile
data and shows example comparisons with Cloud—Aerosol lidar with Orthogonal Polarization (CALIOP) observations and with
European Aerosol Research Lidar Network (EARLINET) data. The section ends with a discussion of MAPIR uncertainties,
long-term stability and TIASI-A versus C continuity. Finally, we wrap the paper up and propose some conclusions and future

perspectives.

2 MAPIR retrievals
2.1 Instruments, models and data used in the MAPIR retrievals
2.1.1 TASI

IASI is a Michelson Interferometer developed by the Centre National d’Etudes Spatiales (CNES) in collaboration with the
European Organisation for the Exploitation of Meteorological Satellites (EUMETSAT). Mounted on the MetOp series of
polar-orbiting satellites, IASI is designed to measure atmospheric temperature and humidity profiles with high accuracy and
resolution, for use in weather forecast models. Its data has in addition been used to retrieve numerous other atmospheric gases
such as carbon dioxide, methane, nitrous oxide, ozone, carbon monoxide and many other traces gases (e.g. Clerbaux et al.,
2009; Clarisse et al., 2011; Hilton et al., 2012; Vandenbussche et al., 2022; De Wachter et al., 2017). Finally, IASI is also
used to retrieve mineral aerosol (desert dust and volcanic ash) atmospheric load, mean altitude or vertical profile, particle
composition and size (e.g. Callewaert et al., 2019; Clarisse et al., 2019; Capelle et al., 2018; Kliiser et al., 2015; Maes et al.,
2016).

The TASI instruments fly onboard the Metop satellite platforms on a polar sun-synchronous orbit approximately 817 km
above Earth, with Equator crossing times at 09:30 (descending mode) and 21:30 (ascending mode) mean local solar time,
allowing for nearly global coverage twice daily per instrument. IASI operates as a nadir-viewing instrument with a swath
width of 2200 km, capable of off-nadir measurements up to a 48.3° viewing angle on either side of the satellite track. It scans

30 elementary fields of view, each consisting of four circular pixels with a 12 km ground diameter at nadir, which extends to
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Table 1. IASI level 1 and level 2 input data for MAPIR v5.1 retrievals.

TIASI-A IASI-C
Radiance TIASI PCS FDR release 1 NRT IASI level 1 PCS
(EUMETSAT, 2022a) (EUMETSAT, 2025a)
Atmosphere and surface  IASI all-sky T and H20 CDR release 1.1  IASI level 2 NRT Combined Sounding Product
-> result of the PWLR3 algo -> selecting the PWLR3 data
(EUMETSAT, 2022b) (EUMETSAT, 2025b)
Used abbreviation CDR OFL (offline)

an ellipse of 39 km by 20 km at the swath’s edges. IASI measures radiances across a spectral range from 645 to 2760 cm™,
with a spectral resolution of 0.5 cm’! after apodization and a radiometric noise of about 0.2 K in the TIR atmospheric window
(Clerbaux et al., 2009), used in MAPIR retrievals. Each spectrum is sampled every 0.25 cm™!, yielding a total of 8461 radiance
channels.

IASI data is perfectly suited for both long-term and NRT monitoring of the atmosphere, with continuous data since 2007
through three identical very stable IASI instruments launched in 2006, 2012 and 2018, one new generation instrument (IASI-
NGQG) launched in summer 2025 and two others planned for further continuation of the observations until at least 2040 (CNES,
2026).

In this work, we use data from IASI/Metop-A (in short, IASI-A, data from July 2007 to September 2021) and IASI/Metop-C
(in short, IASI-C, data since October 2019, including almost 2 years overlap with IASI-A). For computing time mitigation,
we do not use data from [IASI/Metop-B which overlaps with the other instruments. For IASI-A we use level lc radiance from
the TASI Principal Components Scores (PCS) Fundamental Data Record (FDR) Release 1 (EUMETSAT, 2022a), and surface
temperature, atmospheric temperature and humidity profiles, land flag and surface elevation from the IASI All Sky Temperature
and Humidity Profiles - Climate Data Record (CDR) Release 1.1 (EUMETSAT, 2022b). For IASI-C, we use the similar level
1c PCS from the NRT data (EUMETSAT, 2025a) and surface temperature, atmospheric temperature and humidity profiles,
land flag and surface elevation from the NRT Combined Sounding product, both in the "native" file format, delivered with a
small delay through the EUMETSAT Data Store (EUMETSAT, 2025b). Those will further be referred to as OFL ("offline") for
shortness. From that data, we select surface temperature and atmospheric temperature and humidity obtained with the Piece
Wise Linear Regression version 3 (PWLR3) algorithm. This ensures consistency with IASI-A, as the PWLR3 algorithm was
used for reprocessing the IASI-A CDR. Table 1 summarizes all this information.

There has been an update on 30 March 2023 in the NRT PCS, with the use of a new eigenvector basis, improved noise
filtering and the launch of the hybrid PCS (now including local PCS and eigenvectors to better catch unexpected local spectral

signatures not well represented in the global PCS and eigenvectors). We currently do not use those additional local PCS as
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the dust signature is well represented in the global eigenvector basis. This update on 30 March 2023 represents the only
discontinuity in the complete processing chain for the new MAPIR version 5.1, and bears no detectable impact (see Sect. 3.8).
The setup described above refers to the MAPIR-climate setup, which is analysed and validated in this work. The MAPIR-
NRT setup is based on the same algorithm, but uses the NRT-distributed IASI data, in which the level 2 is slightly different
from the OFL data. Indeed, in the OFL data both the PWLR3 and OEM results are provided, while in NRT only one set of data
is provided: the OEM if it succeeded, and the PWLR3 if the OEM failed. The MAPIR-NRT data are therefore slightly different
from the MAPIR-climate data, and will contain inconsistencies when the IASI OEM is modi ed. The MAPIR-NRT data is
planned for NRT distribution through the EUMETCast system, within work from the EUMETSAT Atmospheric Composition
Satellite Application Facility (AC SAF), and will be validated in that context when enough data will have been generated.

2.1.2 Dust optical properties

The dust aerosol properties are xed throughout time and space in MAPIR retrievals. The algorithm uses spherical particles,
with the GEISA-HITRAN dust-like Refractive Index (RI) (Jacquinet-Husson et al., 2011) and a mono-modal log-normal
Particle Size Distribution (PSD) with mean radius of 0.6 m, geometric standard deviation of 2 (corresponding to an effective
particle size of 2 m). Those properties are used in a Mie code to calculate the particle properties required for the radiative
transfer code (see Sect. 2.1.4) and for conversion between TIR and VIS (see Sect. 2.1.3 and 3.2). The impact of the spherica
assumption is expected to be minimal in the TIR, while known signi cant in VIS and therefore also in any comparison or
conversion between TIR and VIS obtained dust properties/amounts. This is discussed in more details in Sect. 3.2.

2.1.3 LIVAS

The LIVAS (Lldar climatology of Vertical Aerosol Structure for space-based lidar simulation studies) database utilizes data
from the CALIOP instrument aboard the CALIPSO (Cloud-Aerosol Lidar and Infrared Path nder Satellite Observations)
satellite, to provide a monthly average of high-resolution (60 m) vertical pro les of dust extinction at visible wavelengths,
globallyonal x 1 horizontal grid, from 2007 to 2014 (Amiridis et al., 2013, 2015).

This data is used as a priori for MAPIR dust pro le retrievals, after some pre-treatment. First, the high-resolution extinction
pro les are regridded to the low resolution MAPIR retrieval vertical grid (10 layers, 1 km thick, from 0 to 10 km altitude).
Second, the monthly data are averaged over the 8 years to obtain a mean monthly data set. Then, to assure having data in ea
grid cell and continuity between adjacent cells, a running mean of the data set is calculated al@ngFnally, the extinction
at 532 nm is converted to concentration (particles’susing a Mie code and the same dust particle optical properties used in
the retrieval (see Sect. 2.1.2) and the obtained concentrations in each layer are clipped to the minimum value of 2 particle cm
and a maximum value of 100 particles énirhis minimal concentration is new in MAPIR version 5.1 and its justi cation is
provided in Sect. 2.2.4.
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2.1.4 RTTOV

Radiative Transfer for TOVS (TIROS Operational Vertical Sounder) or RTTOV is a fast radiative transfer model (RTM) de-
veloped by the European Centre for Medium-Range Weather Forecasts (ECMWF) and the EUMETSAT Satellite Application
Facility on Numerical Weather Prediction (NWP SAF) (Saunders et al., 2018). It is designed to simulate satellite radiances
for various atmospheric, surface, and cloud conditions in the infrared, visible, and microwave spectral regions. RTTOV uses
pre-computed transmittance coef cients to ef ciently calculate radiative transfer. The model also allows computing derivatives
of the radiance with respect to some atmospheric gases. Finally, the model allows including aerosols with user-de ned optical
properties, and computing derivatives of the radiance with respect to the aerosol concentration.

In this work, RTTOV version 13 is used for all radiative transfer computations, with the corresponding IASI version 13
predictor coef cients calculated on 101 levels (Saunders et al., 2020). Only water vapour is set as variable gas (mandatory) and
its vertical pro les originate from the IASI level 2 data described in Sect. 2.1.1 and interpolated on the internal RTTOV grid.
All other gases have only low absorption in the MAPIR spectral bands ((e.g. Clerbaux et al., 2009)) and are modelled with xed
concentrations using the RTTOV defaults values as described in Saunders et al. (2017PPF)). The speci ¢ aerosol properties
used in this work are described in Sect. 2.1.2. No solar sources are included (irrelevant in the TIR). Scattering is computed using
the Discrete Ordinate Method (DOM) with 4 streams. The plane parallel approximation is used and the surface is modelled as
lambertian, as both are mandatory for using the DOM in RTTOV. Vertical pro le interpolation, if needed, is done using the
RTTOV default method. All input data are tested before running RTTOV. When needed, pro les are extrapolated up to top of
atmosphere by maintaining the ratio to the default RTTOV pro le instead of repeating the last known value. Concentrations
are clipped to limits for the coef cient regression. All other RTTOV options are left to their default value.

2.1.5 Surface emissivity

In this work, we use surface emissivity internally available in RTTOV version 13 (Saunders et al., 2020): (1) the IREMIS
model for sea surfaces with surface wind speed set to 0 because the data is not available (impact on dust retrievals is below
0.01 AOD at 10 m for a wind speed up to 100 km/h), and (2) the Combined ASTER (Advanced Spaceborne Thermal Emis-
sion and Re ection Radiometer) MODIS (Moderate Resolution Imaging Spectroradiometer) Emissivity over Land (CAMEL)
climatology version 2 for land surfaces, with snow fraction set to 0 because the information is not contained in IASI data. Even
with such a snow fraction forced to 0, the climatology outputs an emissivity spectrum containing the snow component in areas
where and periods when snow is expected. This assumption would therefore only be wrong for dust clouds over occasional
snow cover. There is an automatic satellite viewing angle correction in IREMIS (turned on). For land surface emissivity, there
is a possibility in RTTOV to correct for the satellite viewing angle, but it is the output of one short study and it leads to spurious
retrieval results, therefore it is not turned on in MAPIR. The sea versus land discrimination is done using the corresponding
ag available in the IASI level 2 data.
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2.2 The MAPIR algorithm

The MAPIR algorithm comprises pre-treatment / Itering of the input data (simple quality control, QC), the retrieval itself,
and post-treatment / QC of the retrieved parameters. The retrieval algorithm is based on the OEM Rodgers (2000), which
provides a maximum a posteriori solution by iteratively adjusting a state vector (the retrieved variables: here, the vertical
pro le of dust aerosol concentration and the surface temperature) to minimize a cost function. The latter contains both a
measure of the difference between the observed (here, with the IASI instrument) and simulated (with a RTM, here RTTOV
v13) spectra, and a constraint on the possible values of the state vector (the "prior knowledge", usually a climatological mean
and covariance of the retrieved parameters, here the LIVAS climatology with an assumed xed 50% standard deviation). The
need for an iterative method comes from the high non-linearity of the RTM with respect to the retrieved parameters. The OEM
also allows estimating the information content of the retrieved data (the number of independent information pieces), and to
propagate uncertainties from observation noise, model and input variables uncertainties, to retrieved parameters uncertainties
The biggest (maybe only) drawback of the OEM is that it is computationally very demanding, due to its iterative nature and
the subsequent need for multiple calls to the RTM.

The MAPIR version 5.1 algorithm is improved from MAPIR version 4.1 (Callewaert et al., 2019). The next subsections
present the full description of the new version, and end with a description of the differences, in order to highlight them and
shortly explain their impact on the results. Fig. 1 shows a schematic representation of all data ow and algorithm parts, with
the reference to the section where each is discussed.

2.2.1 Pre-processing algorithm

The pre-processing of MAPIR v5.1 consists in reading the IASI radiances, surface temperature and atmospheric temperature
and humidity pro les (described in Sect. 2.1.1), then screening them using the available quality indicators or RTTOV internal
boundaries. The quality indicators are slightly different depending on the source of the data (CDR for IASI-A or OFL for
IASI-C). All criteria are listed in Table 2. All of them need to be met for a IASI observation to enter the retrieval. It is rare that
observations are rejected due to these criteria (see further Sect. 2.3).

In addition, the surface temperature and pressure and all atmospheric pro les (pressure, temperature, water vapour) mus
be within the acceptable boundaries for RTTOV v13 (Saunders et al., 2020). Therefore, the surface temperature and the atmo
spheric pro le of water vapour are internally clipped (within RTTOV - this is an input parameter) to acceptable values. On
the other hand, the surface pressure and atmospheric pro les of pressure and temperature cannot be corrected with suf cien
certainty and are not retrieved in MAPIR. Given their impact on the retrieval results, if one of those values exceeds the RTTOV
boundaries, the IASI observation is rejected.

2.2.2 Retrieval scheme

The retrieval scheme is based on the OEM (Rodgers, 2000). The state vector, containing the retrieved parameters, is compose
of the vertical pro le of the logarithm of the dust aerosol concentration in 10 layers centred from 0.5 to 9.5 km altitude above



Figure 1. Schematic representation of MAPIR v5.1 data ow and algorithm parts; the numbers in the grey circles refer to the section where

each is discussed.

Table 2. IASI level 1 and level 2 QC before use in MAPIR v5.1 retrievals. B1 and B2 refer to the respective spectral bands of the IASI

instrument, among 3 in total. The MAPIR spectral windows are contained in B1 and B2.

CDR, IASI-A OFL, IASI-C

GQisQuallndex >= 95
GQisFlagQual =0in B1 and B2
ResidualRMS <=1.05in B1 and B2
Tand BO proles, level 2 qualitylndicatorForAtmosphericTemperature <= 2K  FG_QI_ATMOSPHERIC_TEMPERATURE <= 2K
qualitylndicatorForAtmosphericWaterVapour <= 5K FG_QI_ATMOSPHERIC_WATER_VAPOUR <= 5K
FLG_IASIBAD =0
(EUMETSAT, 2022a, b) (EUMETSAT, 2019, 2017)

Radiance, level 1c PCS QFlag=0in B1 and B2

Product guides

sea level (by steps of 1 km) and of the surface temperature. Using the logarithmic space ensures that a negative concentration |
never obtained, as such unphysical conditions would not be acceptable for RTTOV. The starting value of the state vector is the
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same as the a priori, which comes from the LIVAS climatology for the dust concentration pro le (see Sect. 2.1.3), and from
the IASI PWLRS level 2 data for the surface temperature (see Sect. 2.1.1).

MAPIR uses three spectral windows, on both sides of the well-known "V-shape" signature of minerals in the TIR (e.g.
Sokolik, 2002). The rst two spectral windows are highly sensitive to mineral aerosols, and also bear sensitivity to surface
temperature. They range from 905 to 927-tand from 1098 to 1123 cth The third spectral window ranges from 1202.75 to
1204.75 crrt, and is mostly sensitive to the surface temperature, with still a small sensitivity to mineral aerosols. The spectral
noise is set to 0.5 K in the rst two windows and 0.2 K in the third window. This is a small noise in ation with respect to the
instrument spectral noise reported to be 0.2 K in the rst two windows, 0.03 K in the third by Clerbaux et al. (2009) or 0.25 K,
0.33 K and 0.07 K respectively by Hilton et al. (2012). This so-called "noise in ation" consists of setting up the OEM with
a larger spectral noise than the reported instrument noise, allowing to take into account the errors/uncertainties that can no
be quanti ed otherwise (e.g. those related to the RTM, or to surface emissivity). The precise value is determined empirically,
aiming at the lowest possible value (but never below the reported instrument noise) that allows most retrievals to converge to
physically realistic values.

All radiative transfer computations are performed with RTTOV (see Sect. 2.1.4). The radiance derivatives with respect to the
state parameters are calculated during each retrieval main loop, to account for their non-linearity. Those derivatives are used tc
compute the state vector for the next iteration, following the OEM formalism.

Because of the high non-linearity of the radiative transfer with respect to the retrieved parameters, the Levenberg-Marquardt
(Levenberg, 1944; Marquardt, 1963) modi cation of the Gauss-Newton iterative method is adopted, with a dumping factor
starting at 1, increased by a factor of 10 when the cost function has increased during an iteration, and decreased by a factor o
2 if the cost function has decreased during an iteration. The retrieval convergence is tested using the standard OEM formalism,
with a threshold of 0.1 both in the state vector and the observation spaces. Most retrievals converge in less than 6 iterations

23@nd the maximum allowed is set to 20.

235

240

Finally, averaging kernels and uncertainties are provided, following the OEM formalism and the Levenberg-Marquard mod-
i cation, using equations from Ceccherini and Ridol (2010), as in the previous version of MAPIR (Callewaert et al., 2019).
The result covariance matrix is computed separately for the uncertainties linked to the spectral noise, to the smoothing error,
and to the input temperature and humidity pro les. The information content of the retrievals (degrees of freedom or DOF) is
the trace of the averaging kernel matrix, and reports the number of independent pieces of information present in each single
pro le. In good cases (strong event and / or large temperature contrast between the surface and the dust layer), the retrieval
may reach up to 2.5 DOF. They are distributed in the vertical range depending on the surface and atmospheric temperature
but also depend on the dust concentration pro le because the retrieval is performed in the logarithmic space (e.g. Deeter et al.,
2007; Callewaert et al., 2019).

2.2.3 Post-processing algorithm: quality ag and additional variables

The post-processing consists in computing the dust AOD with associated uncertainty and the dust mean altitude, both from the

full vertical pro le. Uncertainty covariance matrices are computed, and nally quality and cloud ags are added.
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The calculation of the dust AOD from the concentration pro lgy§ is simply a vertical summation of the dust layers to a
dust column, which is then multiplied by the cross-section obtained from the dust PSD and RI used for the retrieval (see Sect.
2.1.2). This can be formalised using the transformation operator L: a row of the same size as the vertical pro le, containing
a repetition of the cross-section value, multiplied by the layer height (which is currently constant in MAPIR). The AOD is
then simply Gust L. The cross-section depends on the wavelength, and the dust AOD is reported both at 10 m (close to the
retrieval spectral windows, although 10 m is not in those windows) and at 550 nm (a standard wavelength for AOD reporting).
The ratio between the AOD at 550 nm and that at 10 mis 1.78. A discussion of that conversion takes place in Sect. 3.2.

The dust AOD uncertainty Uyop is calculated from the OEM-obtained uncertainty covariance matrix S on the pro le,
using the transformation operator Lagbh = P L S L >.Inaddition, an evaluation of the AOD uncertainty due to surface
emissivity uncertainty is provided in Sect. 3.7, however this added uncertainty would be very costly to quantify for each
retrieval and is therefore not part of the pixel-wise reported uncertainty.

The mean altitude of the dust is calculated as the altitude for which half the dust particles are below and half are above.
Obviously, this parameter is meaningless when multiple dust layers are present. In addition, the mean altitude is only reported
when the dust AOD exceeds 0.05 and the information content is larger than 1.25. Lower information content means that there
is not enough information in the vertical range to provide more than just an integrated vertical column, and the mean altitude
usually ends up being the middle of the retrieval range, i.e. about 5 km.

The data used to build the cloud ag is again slightly different for the CDR IASI-A and the OFL IASI-C data. In the rst
case, only the cloud fraction is available (from the level 1 data) and the cloud-free criterion is that the fraction is less than 10%.
In the second case, the same holds true and in addition, the level 2 cloud ag must be 1 or 2 (respectively clear sky and cloud
free with small contamination possible (EUMETSAT, 2017)). This cloud ag is not used during pre- or post-processing and is
only added for information.

The MAPIR data quality ag should be used to Iter the retrieved data, before using them. The goal is to remove the
spurious results, either due to non-convergence (reaching 20 iterations) or converging but with large spectral residuals (root-
mean-square of the residuals larger than 0.75 K) or unreasonable values of the retrieved parameters (surface temperature belo
200 K or above 350 K, dust AOD at 10 m larger than 5). Those underline a high probability that even though mathematically
the convergence is reached, something is wrong (which can be any of the input data, or the presence of a cloud), and the
retrieval result does not reasonably re ect the reality.

Finally, a test has been added to further remove thin clouds. The dust aerosol retrieval converges on most cloudy obser-
vations, even though the spectral signature is different. If the cloud is thick, the aerosol retrieval provides a very high con-
centration, leading to saturation of the signal in the TIR, together with a very low surface temperature. At that point, the dust
signal would be similar to a cloud. This is easy to Iter out, as the retrieved parameters are unrealistic. If the cloud is thin, the
retrieval provides a small dust concentration, together with a surface temperature slightly biased low. This is more complex to
Iter out. In the current setup, we exploit the fact that the EUMETSAT PWLR3 surface temperature (used as a priori in our
retrievals, see Sect. 2.1.1) is an all-sky statistical product, with good performances even under a cloud or aerosols (EUM). The

MAPIR-retrieved surface temperature will on the other hand be biased low in most cloud cases (as clouds reduce the observec
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radiance and are not modelled in MAPIR retrievals), and should bear no bias in the dust aerosol cases (as those are correctl
modelled in MAPIR retrievals). The criteria used for ltering thin clouds is therefore that the retrieved surface temperature
can not be more than 2.5 K lower than the a priori surface temperature. Obviously, this Iter is far from perfect and has not
been validated due to the lack of required reference data. It removes some thin dust observations, while retaining some thin
cloud observations. However, it performs better in that discrimination than using the IASI cloud fraction (and ag), which were
wrongly agging intense dust plumes. The latter is easily seen when analysing IASI cloud data for example during the June

2020 extreme Godzilla event (Saharan emissions transported towards America) and comparing with any so-called True Colour

28fmagery from other satellite sensors.

290

295

300

2.2.4 MAPIR v5.1 changes with respect to MAPIR v4.1

A rst set of changes impacts the amount of data treated by the retrieval, through the removal of almost all pre Iters. This
also drives other changes to reduce single retrieval computational time and improve post-retrieval ltering. In MAPIR v5.1,
we have removed the pre- Itering for the presence of dust outside the dust belt, which was previously performed by looking at
brightness temperature differences to detect the dust V-shaped spectral signature. This Itering was found to miss most of the
low intensity events, where the spectral slopes are low, as well as special conditions where the spectral V-shaped signature i
inverted (when the dust layer is hotter than the surface). In addition, the cloud Itering prior to running the retrieval has been
removed because the EUMETSAT IASI cloud ag is wrongly categorizing intense or unusual dust events as clouds. It was
decided to run the retrieval on all IASI observations and remove the cloud-contaminated scenes as post-processing, as detaile
in Sect. 2.2.3. Finally, the retrieval is now running globally instead of only up td&@ude for version 4.1.

All these changes increase the number of retrievals to be run by an order of magnitude. To mitigate the impact on processing
costs, different ways to reduce the retrieval duration were investigated. The number of streams in the multiple scattering DOM
was reduced from 8 to 4, gaining about a factor of 4 in computing time. This reduction also led to slight changes in the retrieved
dust AOD, which is smaller by a maximum of 0.015 at 10 m in the performed tests. Such a small impact of the number of
streams is explained by the minor contribution of scattering to the total radiative impact of dust in the TIR, largely dominated
by absorption and emission. An additional upgrade leading to a slight gain computation time is a technical improvement to
the whole processing chain, in particular in the pre-processing part of reading, colocating and quality Itering the IASI level
1 spectra and level 2 data. At the end, MAPIR v5.1 treats about 11 times more data, requiring only about 2.5 times more

computing resources.

305 Further changes include:

1. The new algorithm version extends the vertical range of the retrieval up to 10 km altitude (it was 7 km for version 4.1),
allowing to better represent the dust distribution over high altitude areas such as the Tibetan Plateau, where dust is often founc
(e.g. Ge et al., 2014; Hu et al., 2020).

2. The retrieval minimal a priori dust concentration was increased from 0.1 to 2 particlesgmvhich corresponds to

310 a minimal a priori dust AOD of about 0.07 at 10 m. This change affects areas and altitudes where dust is rarely present

and the LIVAS climatology usually shows a very low dust extinction. Deviation from a very low a priori concentration to the
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much higher concentration expected during an event is costly in the minimization cost function, even more with a retrieval
in the logarithmic mode (Deeter et al., 2007; Callewaert et al., 2019). With the previous setup (minimal a priori value of
0.1 particle crr?), retrievals for rare dust events in unusual areas either failed to converge or wrongly modi ed mostly the
surface temperature. Those cases were then rejected by QC because of the large gap between observed and modelled spec
However, this higher minimum a priori value tends to create a small positive bias for low-load dust events. This happens
especially when sensitivity is low, where the retrieval output stays only slightly lower than the a priori value, leading to a dust
AOD of about 0.05 at 10 m. A solution to this bias will be investigated for the next version, however tackling this without
increasing computation time will be challenging.

3. The version of the radiative transfer tool used, RTTOV, was updated, from version 12.1 to version 13.0 (Saunders et al.,
2020), including the use the new version 13 of the RTTOV coef cients with updated gas line parameters and a new optical
depth parameterization. This has very minor impact on our simulations, such as slightly lower spectral residuals in some cases
The important new feature of RTTOV v13 for MAPIR is the availability of a new land surface emissivity database: the
CAMEL climatology version 2 (Loveless et al., 2021), based on 16 years of data, which is now used in MAPIR v5.1. This
is a signi cant change with respect to MAPIR v4.1, where the land surface emissivity from Zhou et al. (2011) was used.
The latter data set has been used since the beginning of the MAPIR retrievals, as the only relevant data with the necessan
spectral coverage and resolution. However, this data suffers from a signi cant bias in the areas where dust is present almost
every day during some months (e.g. the Sahara during summer), due to the way the emissivity is retrieved. On the other hand
the CAMEL climatology shows a more reasonable seasonal cycle, and is similar to the EUMETSAT IASI emissivity when
available. Using the EUMETSAT IASI emissivity, distributed in NRT as 12 principal component scores, was also investigated.
Its quality appears to be affected by the presence of clouds and dust, as one could expect. In addition, as this is a single spectrur
retrieval, it contains an unreasonable variability (e.g. up to 5% over deserts within a month), with also unexplained year-to-year
large differences that hinder the production of a proper climatology. As a conclusion, the CAMEL v2.0 climatology seems the
most adequate choice for land emissivity in MAPIR, at the current state-of-the-art. This modi cation leads to some signi cant
changes in the retrieved dust AOD and vertical pro les, in some cases and areas.

4. The sea surface emissivity was also changed from the Newman et al. (2005) data set (constant everywhere over sea)
to using the RTTOV internally calculated emissivity, using the IREMIS model, which is the default RTTOV sea emissivity
(Hocking et al., 2021).

5. One additional improvement to the algorithm is the inclusion of propagation of temperature and water vapour pro les
uncertainties, to the uncertainty in the aerosol concentration and AOD, through Rodger's formalism (Rodgers, 2000). This
requires the Jacobians (radiance derivatives) for those parameters, which comes with no additional computing costs in the cas
of RTTOV: the temperature and humidity Jacobians are always computed. The uncertainty in temperature and humidity input
data are respectively set to 1 K and 10% (at all altitudes) which are the target accuracy levels for the IASI datasets.

6. The spectral noise in ation in the retrieval has also been reduced with respect to the previous retrieval version, which
used to have a strong noise in ation (Callewaert et al., 2019): the spectral noise used in the retrieval was much larger than

the true instrumental spectral noise (1 K in all retrieval windows, while spectral noise is reported to be 0.2 K in the rst two
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Table 3. MAPIR version 5.1 changes with respect to version 4.1

Variable/parameter MAPIR v4.1 MAPIR v5.1
Pre- Itering Basic input data QC, cloud free, spec-Basic input data QC
tral slopes outside the dust belt
Latitude range 60° Sto 60° N global
DOM streams 8 4
Vertical grid 0:1:7 km 0:1:10 km
A priori min. conc. 0.1 part cr 2 part cn?®
RTTOV version 121 13.0
Land surface emissivity  Zhou et al. (2011) CAMEL clim. v2, RTTOV internal
Sea surface emissivity Newman et al. (2005) IREMIS, RTTOV internal
Uncertainty standard OEM standard OEM and propagated T and
H,O pro le uncertainty
Spectral noise 1K 0.5Kinwin.1and 2; 0.2 Kinwin. 3
Retrieval win. 3 1020-1204 ¢t 1202.75-1204.75 cth
Land Ts a priori std 15K 5K

windows, 0.03 K in the third by Clerbaux et al. (2009) or 0.25 K, 0.33 K and 0.07 K respectively by Hilton et al. (2012) as
already mentioned in section 2.2.2). Now in MAPIR v5.1 the OEM spectral noise is set to 0.5 K in the rst two windows, and
0.2 K in the third window, much closer to the instrumental noise. This new set-up increases the weight of the constraint from
the observation with respect to that from the a priori, and also increases the DOFs. The impact is mostly seen where the AOD
is low: the retrieval may deviate more from the a priori and reach lower AOD values. No convergence issues have been noticed
with this set-up, but they arise if the spectral noise is further reduced towards the instrument noise.

7. The third retrieval window, which was from 1202 to 1204 ciwas slightly shifted to 1202.75 to 1204.75 ¢pnio avoid
some small methane absorption lines. This has no detectable impact on the retrieval results but is theoretically better and more
robust.

8. Finally, the input IASI data has been selected to ensure consistency all along the IASI time series (for the climate
version) or to ensure using the best available data (for the NRT version). This was already explained in details in Sect. 2.1.1.
Furthermore, the processing chain was also modi ed to be more ef cient and more exible with respect to QC of the input
data. One consequence of using the reprocessed IASI data is that the surface temperature a priori is now of better quality unde
dust storms, especially over deserts (where old IASI data versions produced highly biased data), allowing to reduce the surface
temperature a priori standard deviation from 15 K to 5 K over land. That means that in MAPIR v5.1 this standard deviation is
set to 5 K everywhere.
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2.3 Retrieval overall performance

Figure 2 shows the statistics of the MAPIR IASI-A and IASI-C performance, in terms of pre-retrieval ltering, retrieval
convergence rate and post-retrieval quality ltering (basic and including the cloud ltering).

For IASI-A, almost all observations are accepted for launching the retrieval (grey line in Fig. 2) and MAPIR v5.1 conver-
gence rate is about 85% (green line), relatively low because the retrieval is run on all spectra, including those containing very
thick clouds, which often lead to non-convergence. A total of about 70% cases pass the rst set of quality Iters (blue line,
Itered on spectral residuals, reasonable surface temperature and AOD as detailed in Sect. 2.2.3). Finally, about 35% (of the
total) pass the nal quality test aimed at removing residual clouds (dark pink line). These numbers are stable along time, except
a slight decreasing trend towards the end of the IASI-A life span. This re ects the long-term consistency of the EUMETSAT
level 1 and level 2 IASI-A CDR, and most probably the small impact of the orbital drift towards the end of the instrument's
life. The small spike of good quality data in April and May 2014 could be linked to several orbital manoeuvres occurring in
that period (EUMETSAT, 2025c).

For IASI-C, even though everything was expected to be consistent with IASI-A, after the processing a technical issue was
discovered in the OFL IASI-C 1 data. The surface altitude was not provided for a signi cant portion of the pixels reported as
cloudy and mostly those with a cloud ag value of 3 which represents partial cloud coverage in the pixel or a cloud ag of
4 which represents high or full cloud coverage of the pixel. The absence of that parameter causes the MAPIR retrieval crash.
For the next (re)processing, the surface altitude in MAPIR will be provided from a separate digital elevation model to avoid
such issues. For this work, this issue leads to retrieving dust parameter for only 35 to 40% of the IASI-C observations, and
then almost all those retrievals converge. After the full QC process is applied, about 25 to 30% of the observation remain.
This is signi cantly lower than for IASI-A, and a quick comparison of the data clearly shows that with IASI-C some of the
highly dusty pixels are missing. In addition, the statistics demonstrate at least one strong discontinuity in the QC between

9 and 15 September 2022, that seems to correct for a decreasing trend in the year before, and corresponds to an instrumel

38sdecontamination (EUMETSAT, 2025c).

390

3 Capability demonstration and evaluation

This section contains a demonstration of the capabilities of MAPIR v5.1, and an evaluation of the IASI MAPIR dust pro les
and integrated AOD quality against different reference data sets.

3.1 Instruments, models and data used for evaluation of the MAPIR retrievals
3.1.1 AERONET | AOD evaluation

AERONET is a globally distributed network of ground-based remote sensing aerosol monitoring stations established by NASA
(National Aeronautics and Space Administration) and PHOTONS (PHOtométrie pour le Traitement Opérationnel de Normali-
sation Satellitaire) in collaboration with numerous international partners (e.g. Holben et al., 1998). Utilizing sun photometers,
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Figure 2. MAPIR v5.1 performance for IASI-A and IASI-C.

AERONET provides continuous, high-quality, and standardized measurements of aerosol optical properties, including AOD,
size distribution, and refractive index (e.g. Dubovik et al., 2002; Eck et al., 1999).

In this work, AERONET data is used as ground-based "truth" for comparison with the IASI MAPIR dust AOD. We used
the AERONET version 3 (Giles et al., 2019; Sinyuk et al., 2020) solar and lunar level 2 (cloud screened and quality assured)
Spectral Deconvolution Algorithm (SDA) version 4.1 (O'Neill et al., 2003). From this data, we select the coarse mode total
AOD at 500 nm (further referred to as CAOD, containing dust coarse mode aerosols and when present sea salt/ marine aerosols
for comparison with the MAPIR dust AOD converted to 550nm. All AERONET stations with median CAOD of at least 0.05
were considered in this analysis. This avoids comparing data from areas with very little dust or with mostly marine aerosols,
which would then mostly be comparing noise levels.

The AERONET data is Itered to remove events for which the reported uncertainty is large, following the method initially
described in Capelle et al. (2018): we keep only data with a reported root-mean square error lower than 0.05 + 0.15 * CAOD.
That Itering removes about 1/3 of the comparison points overall, especially in East Asia, but does not change the comparison
statistics on a global scale. The correlation between MAPIR and AERONET improves at Asian stations (where most of the
"bad" data is removed), and slightly worsens at some "transport" stations, where the variability is low, because the Itering
removes a signi cant number of high dust load events, lowering the variability even more. Finally, the AERONET data is
ltered to remove mixed events of dust and ne aerosols such as those linked to biomass burning. Indeed, when two different
aerosol types are mixed the partitioning between ne and coarse mode in the SDA algorithm is more dif cult and the resulting
CAOD is plausibly of lower quality. The Itering is performed using the AERONET Fine Mode Fraction: when this fraction
exceeds 0.5 the data is rejected. That results, for example, in about 45% of the IASI-A against AERONET solar comparison
points being rejected, mostly of low AOD. Again the global statistics of the comparisons do not change signi cantly with
this additional Itering. Figure 3 shows the impact of both data Iters on the number of MAPIR-AERONET colocations per
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Figure 3. Reduction (in %) of AERONET - MAPIR IASI-A colocation pairs due to AERONET ltering.

station, for the 1ASI-A full time series: from 4% data removed at Ragged Point (Barbados) to 90% data removed at Silpakorn
University (Thailand).

Finally, stations were used only if at least 100 co-locations were found (the method is described in detail in Sect. 3.3.1),
leading to using the 74 stations listed in Table Al.

3.1.2 EARLINET | Vertical pro les evaluation

Lidar (Light Detection and Ranging) is an active remote sensing technique widely used to study the vertical distribution of
atmospheric aerosols. By measuring the backscattered signals from emitted laser pulses at certain wavelengths, it can acquit
information on the shape, size and concentration of atmospheric particles. When ground-based, the signal may reach altitude
up to the lower levels of the stratosphere. Lidar is the most accurate means of studying the vertical resolution of aerosols, mak-
ing it an excellent tool in mineral dust (e.g. De Rosa et al., 2025), satellite instrument evaluation (e.g. Michailidis et al., 2023)
and aerosol classi cation studies (e.g. Voudouri et al., 2019). The European Aerosol Research Lidar Network,EARLINET,
consists of more than 30 ground-based lidar stations distributed across Europe (e.g. Pappalardo et al., 2014) providing har
monized and quality-assured datasets. The network ensures data consistency through the application of the Single Calculu
Chain algorithm (e.g. D'Amico et al., 2015), an automated processing framework that standardizes lidar data analysis. In the
present study, Level 1 data from the EARLINET station of Limassol, Cyprus (CYC, 34.68° N, 33.04° E, 11 m) (e.g. Mamouri

et al., 2016) were used, a site strategically located in the Eastern Mediterranean, frequently affected by long-range transportec
mineral dust originating from the Sahara Desert and the Middle-East. The CYC station consists of a multiwavelength PollyXT
lidar (e.g. Engelmann et al., 2016) which performs continuous automated measurements under diverse atmospheric conditions
rendering it optimal for evaluation of polar-orbiting satellite data.
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3.1.3 CALIOP | Vertical pro les demonstration

CALIOP is a nadir-pointing, dual-wavelength elastic backscatter lidar onboard the CALIPSO satellite, launched in April 2006
as part of the A-Train constellation with equator crossing time of 13:30 and 01:30. CALIOP provides global, vertically resolved
observations of aerosols by measuring backscattered laser radiation at 532 and 1064 nm (Winker et al., 2009). At 532 nm,
CALIOP measures both parallel and perpendicular polarized backscatter, enabling the computation of particulate depolariza-
tion ratios and supporting aerosol type discrimination, while the 1064 nm channel measures total attenuated backscatter. The
instrument has a nominal horizontal sampling of 333 m along track and a vertical resolution of 30—60 m in the troposphere.

This study uses CALIOP Version 4.2 Level 2 aerosol pro le products. Aerosol backscatter and extinction coef cients are
retrieved from calibrated attenuated backscatter pro les by removing the molecular contribution and applying aerosol-type-
dependent lidar ratios. Aerosol subtyping (e.g. dust, smoke, polluted continental) in Version 4.2 is based on an improved
classi cation algorithm that exploits layer-integrated backscatter, depolarization ratio, spectral dependence, and layer altitude
(Kim et al., 2018). We use the CALIOP aerosol type and 532 nm extinction pro les, to qualitatively compare with IASI
MAPIR dust concentration pro les. The data is quality-controlled as advised in Winker et al. (2013): only data with Cloud
Aerosol Discrimination (CAD) score between -100 and -20 (avoiding detection artefacts) and with extinction quality ag
pertaining to successful retrievals (value of 0,1,16 or 18) are kept (e.g. Song et al., 2021; Ridley et al., 2012; Mielonen et al.,
2009; Gkikas et al., 2016).

450 3.2 Evaluation Challenges

455

460

The main challenge arises from the absence of reference aerosol data in the TIR. Therefore MAPIR results can only be
compared with data gathered in the VIS or near-infrared (NIR) spectral ranges, using very different types of instruments. In
the case of aerosols, the implications are even wider because the spectral sensitivity to aerosols is largely different in the VIS
and TIR.

In a nutshell, TIR allows observations of (almost) only coarse mineral aerosols, while VIS bears the radiative impact of all
aerosol types and all sizes. The aerosol effect on radiation is the combination of scattering, absorption and TIR emission. The
latter depend on the particle size, composition and absorption/emission features, while the former depends on the ratio betweel
the particle size and the wavelength. Both are signi cantly different in VIS and TIR.

Absorption in the TIR is due only to mineral aerosols, while VIS absorption is mostly due to black carbon, with some
contribution of dust and organic carbon (e.g. Li et al., 2022). Even within the dust absorption, sensitivity differs: in VIS it
mostly depends on the iron oxide content, while in TIR itis due to clays, quartz, calcite, kaolinite and felsdspar (e.g., Di Biagio
et al., 2019, 2017; Li et al., 2021). The coarse particles obviously absorb signi cantly more than ne particles (for the same
number of particles).

As for the scattering, in TIR it is due to coarse particles only, while in VIS, there is also a signi cant ne-mode scattering

4gmontribution (e.g. Dufresne et al., 2002; Li et al., 2022).
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There are however ways to mitigate those differences and perform meaningful comparisons between TIR aerosol information
and VIS reference aerosol data. From VIS observations, it is possible to separate the ne and coarse modes (e.g. for AERONET
O'Neill et al., 2003). The main assumption here is that the spectral variation of the coarse mode is neutral (within the VIS
range). The VIS coarse mode data obtained this way may also contain thin cloud contamination, for which a removal is
attempted based on the temporal variability. It also contains contributions from sea salt particles and volcanic ash when present
The VIS CAOD is, to our knowledge, the best parameter to be compared with the TIR-obtained dust AOD. However, obviously,
the separation is not perfect, in particular when there is a mixture of aerosols.

Finally, in addition to selecting the VIS AOD that best matches the types of particles observed in the TIR, there is a need to
convert the AOD obtained in the TIR (standard is at 10 m) to a VIS AOD (for example 550 nm). Theoretically, the conversion
is simple, using the particle cross-sections at the two wavelengths (Eq. 1). The cross-sections are obtained using the particle

optical properties used in the retrieval (see Sect. 2.1.2) and a Mie code (spherical assumption, as in MAPIR retrievals).

XSGCt550nm

AOD =AO0D
550nm 10m Xsectlo m

@)

After conversion, the reported AOD at 550 nm is the CAOD, representing particles that are observable in the TIR. The
conversion adds a signi cant uncertainty linked to the difference in sensitivity at both wavelengths and to the fact that the
cross-sections are calculated using a Mie code, with the approximation of spherical particles. It is well-known that mineral
dust particles are not spherical (e.g. Kandler et al., 2007). The shape of the particles impacts scattering phase functions, witt
only a small effect in TIR where the particle size is smaller than the light wavelength (e.g. Koepke et al., 2015). However,
non-sphericity has a signi cant impact in VIS and especially in conversions between VIS and TIR (e.g. Song et al., 2018; Saito
etal., 2021).

Clarisse et al. (2019) made a literature review of the different conversion factors for mineral dust AOD, from 10 m to
550 nm and highlighted that they range from 0.9 to 3.5, the VIS AOD being usually larger than the TIR AOD. Our conversion
factor of 1.78 falls in that range, a bit lower than the average value of 2.2. Recently, Zheng et al. (2026) con rmed an expected
dependency of the conversion factor to the PSD and RI, with TIR to VIS factors of 1.25 to 5 for effective radius from 3 to
1.5 m and RI assigned during the retrieval, depending on source region and using the database from Di Biagio et al. (2017).

Finally, in TIR particle thermal emission occurs, with the same spectral dependency as the absorption and with an intensity
depending on the particle temperature, hence on its altitude. The AOD, on the other hand, does not contain any altitude
information, and is simply the vertically integrated aerosol number concentration multiplied by the extinction coef cient at
the desired wavelength. That means that the same TIR AOD with a different underlying vertical pro le actually produces a

different impact on radiance. It also means that in a TIR aerosol retrieval the altitude of the aerosols is highly important and

4gmy bias in it directly leads to a bias in the retrieved TIR AOD.

All these considerations are highly important and need to be kept in mind when comparing TIR retrievals to data obtained
from VIS instruments. Failing to do so would lead to erroneous conclusions and a wrong evaluation of the TIR dust observation
and capabilities.
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Table 4. Literature survey of co-location methods between different satellite instruments and AERONET.

Instrument Co-location criteria Reference

CALIOP 80 km CALIOP averages, 1 h AERONET averages Proestakis et al. (2024)

IASI 0.25°, 1 h, both averaged Capelle et al. (2018)

IASI 30 km, 30 min, both averaged Clarisse et al. (2019)

IASI 0.25°, 1 h, single-point comparisons Callewaert et al. (2019)
SEVIRI single pixel over the station, 10 min Bernard et al. (2011)
MIDAS 25 km, 2 h, both averaged Gkikas et al. (2021)

3.3 Integrated AOD comparison against AERONET
500 3.3.1 Co-location method

The method used to co-locate the ground-based reference and satellite observations may have a strong in uence on the com

parison results. Ideally, one would wish for the smallest time and space differences, but one also requires suf cient comparison

data for a reasonable statistical analysis. Finally, one can compare each single pair of co-located data (maximising the numbe

of comparisons) or averaged data (reducing the noise in the comparisons). A short literature survey shows (Table 4) different
sepproaches in different publications / analyses.

In this work, we have tested different criteria and compared the results: co-locations distances from 25 to 150 km and times
from 15 min to 1 h, single point comparisons or averages within the co-location criteria, with and without outlier removal.
General conclusions remain very similar for all these. Differences are seen at some stations, with usually an obvious expla-
nation. First, at stations located close to sources, the correlation coef cient tends to decrease when loosening the co-location

510 constraints, attributed to the high horizontal variability of the atmospheric dust in those areas. Second, at stations with only few
data, loosening the co-location constraints allows more data to enter the comparisons, leading to different statistics (sometime:s
better and sometimes worse). Third, at stations with little variability in the dust / coarse aerosol load, far from sources, loosen-
ing the co-location constraints improves the statistics as more events are included in the comparisons, enhancing slightly the
variability and leading to a slightly better correlation coef cient.

515 Using mean values in the comparisons instead of comparing single observations smooths the local variability (in time and
space), and might lead to misinterpretation when using loose co-location criteria. Indeed, single observation comparisons with
loose criteria show a large spread of both MAPIR and AERONET data for a single event (especially close to sources where
the variability is larger), while using averaged values only shows a slight correlation coef cient reduction. Having performed
comparisons with all types of co-location criteria allows a better understanding of both data sets, and therefore also a better

52interpretation of the comparison results.
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The results shown and discussed here are for maximum 25 km distance between the IASI pixel centre and the AERONET
station, maximum 15 min between the observations, and single comparisons (no time or space average). This assumes the
the dust aerosol eld is homogenous within 25 km and 15 min. Finally, the worst 3% of the comparisons are removed from
the statistics for each station, as probable outliers (due to limitations in satellite versus ground-based comparison, considering
the high spatiotemporal variability of dust AOD) or cloud misclassi cation. However, this only minimally affects comparison
statistics (e.g. MAPIR IASI-A versus AERONET solar data median bias is 0.011 or 0.012 respectively without and with the
outlier removal). The correlation coef cient is reduced when not removing outlier (0.71 versus 0.78), which is expected due
to the presence of additional noise in the data. The same comparisons are performed using both solar and lunar AERONET
data, but statistics are computed separately as the AERONET data quality might differ between solar and lunar measurement:
acquired under very different circumstances and with different sensitivity. Stations for which there is less than 100 colocations

are removed from the analysis.
3.3.2 Global statistics

In this section, we analyse the comparisons globally, all co-locations from all-stations grouped together. Table 5 provides the
comparison statistics for MAPIR IASI-A and C separately (dust AOD converted from 10 m to 550 nm), and for solar and
lunar AERONET observations separately (SDA CAOD). The overall correlation coef cient is almost 0.8 between both IASI
and AERONET solar observations, and almost 0.7 for comparisons with AERONET lunar observations, which shows very
good capability of IASI and MAPIR to observe dust events and follow their seasonal cycles. The mean absolute bias is close
to 0 with a standard deviation of about 0.1, except for IASI-A against lunar AERONET where bias is larger (0.011) and with
about twice the standard deviation. The median absolute bias is of about 0.01, positive for all groups except again for IASI-
A against AERONET lunar where it is negative. The median relative bias is about 10% for both IASI instruments against
AERONET solar, and about 5% against AERONET lunar. The median absolute bias is positive in all cases except IASI-A
against AERONET lunar. The ratio of comparisons with a bias lower than 0.1 lies between 76 and 81% except again for IASI-
A against AERONET lunar, where it is only 58%. We recall here the important considerations from Sect. 3.2, which have a
strong impact on absolute value comparisons while mostly not affecting correlation.

Figures 4 and 5 show graphically the comparison results of MAPIR converted 550 nm AOD (IASI-A and C separately)
versus AERONET (solar and lunar separately). Panels (a,d) show the density plot of MAPIR against AERONET AOD, with
its linear regression line and equation. Panels (b,e) show scatter plots of MAPIR bias versus AERONET and data bins with
constant number of points (median and interquartile (IQR) are shown). Finally, panels (c,f) show histograms of the MAPIR bias,
together with its median and quartiles. These gures show that even though the correlation, mean and median bias highlight
very good performance of MAPIR v5.1, there is a clear overestimation by MAPIR v5.1 of the low 550 nhm AOD values, and
a linear dependence of the MAPIR 550 nm AOD bias with the AOD, the bias being positive for small AOD and becoming
negative from AOD of about 0.1. The histograms also show almost Gaussian distributions of the bias, with a maximum skewed
towards positive values while the median is close to zero.
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Table 5. Statistics of MAPIR v5.1 AOD converted to 550nm versus AERONET SDA CAOD

Parameter IASI-Avs solar  IASI-Avs lunar IASI-C vs solar  IASI-C vs lunar
N points 47 310 1024 12 167 959
Correlation coeff. (all stations) 0.78 0.67 0.79 0.7
Mean absolute bias (std dev) -0.002 (0.112) -0.011 (0.18) 0.002 (0.09) -0.001 (0.09)
Median absolute bias 0.012 -0.010 0.011 0.008
Median relative bias 9% -5% 10% 6.2%
Comp. with bias lower than 0.1 76% 58% 81% 78%

The overestimation of low AOD is clearly linked to the lack of IASI sensitivity for very low AOD and therefore also exists
in the 10 m AOD data. In those cases, the deviation from the a priori during the retrieval is dif cult. The a priori minimal
value was set to 2 particles énall over the retrieval range, corresponding to a dust AOD of about 0.08 at 10 m, or about
0.14 at 550 nm. The retrieval manages to deviate to lower values in absence of dust, but as will be seen more precisely in Sect
3.3.3 there is a lower threshold that the retrieval does not seem to be able to pass.

The underestimation of high 550 nm AOD, could be linked to an underestimated AOD conversion factor from TIR to VIS
(see Sect. 3.2), and the linear dependence of the bias with the AOD aligns with such a possibility. Indeed, using a TIR to
VIS conversion factor of 2.85 (instead of the theoretically calculated 1.78) leads to a constant bias (0.1 +/- 0.05) of MAPIR
550 nm AOD compared to AERONET solar CAOD. Following the nding from Zheng et al. (2026), only a small difference
in effective particle size is enough to explain such a difference in conversion factors (e.g. a conversion factor of respectively
1.78 and 2.85, in their work, corresponds to a Reff of respectively about 1.9 m and 1.75 m). Future work should include
investigating variable PSD and RI in the retrieval and/or in the conversion. To validate the absolute value of the IASI dust TIR
AOD and conversion factor to VIS, it would be necessary to have some reference data directly at 10 m, which is currently not
available. Therefore, these AOD comparisons are interesting as they help understand the product (and are requested by users
but the absolute value of the bias is not truly a product quality assessment. The correlation is however relevant, as it assesse
relative changes and not the absolute values.

Comparisons with lunar AERONET data show similar results as for solar for IASI-C (although with much fewer points,
and at much fewer stations) but signi cantly more noise for IASI-A, especially for high AOD. This is most probably due
to un Itered thin clouds, leading to arti cially high dust MAPIR AOD in some cases even though these should not appear
in the colocations with AERONET data as the latter also undergo a cloud ltering. The absence of such issues for IASI-C
comparisons with lunar AERONET highlights that the IASI-C data was partially cloud- Itered before the retrieval, due to the
absence of the surface altitude data for most of the cloudy pixels (see Sect. 2.3). This unwanted Itering however also clearly
removed some of the high AOD dust cases, as seen on both IASI-C comparison plots for which the last equal number bin
(black, in panel (c)) occurs for a signi cantly lower AOD than for IASI-A.
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Figure 4. MAPIR v5.1 comparisons for IASI-A (a,b,c) and IASI-C (d,e,f) dust AOD converted to 550 nm against AERONET solar SDA
CAOD at 500 nm. (a,d) Density plot of AOD, MAPIR versus AERONET, with its linear regression and equation; (b,e) Scatter plot of the
MAPIR AOD bias versus the AERONET AOD, with bins of equal number of points. (c,f) Histograms of the MAPIR AOD bias.

3.3.3 Stations

Figure 6 shows the Pearson correlation coef cient between the MAPIR IASI-A dust AOD converted to 550 nm and solar
580 AERONET SDA CAOD at 500 nm, for the 68 stations passing the criteria detailed in Sect. 3.1.1. The corresponding map for

IASI-C comparisons is very similar, with some different stations due to the different time frame, and a total of 41 stations. The

comparisons with AERONET lunar data contain only 8 stations for IASI-A and 7 for IASI-C and the correlation coef cients

are again similar, slightly lower for IASI-A as already seen in the global statistics. The limited number of lunar stations in

these comparisons arises from the strong constraint of at least 100 colocations at a station to keep it in the analysis. Table Al

sgaimmarizes all these statistics by station.
For most stations, the correlation coef cient is about 0.8, including close to sources and after long-range transport towards
the Caribbean. This shows the good capability of MAPIR / IASI to identify the dust events, their relative intensity and seasonal
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Figure 5. Same as Fig. 4 but for comparisons with AERONET lunar data.

cycles. The stations with the worst correlation coef cient (below 0.5, e.g. in Ascension Island, Arica or Manila) show very
little AOD variability, and highly discontinuous time series, rendering the statistical analysis un t in terms of correlation. The
same occurs for Zinder airport lying in the Sahara but reporting very episodic data, only for strong events, rendering it again
statistically un t for extraction of a correlation coef cient. There is also a group of stations with a correlation coef cient around
0.6-0.7, lying mostly in the Middle-East. Most of them lack full seasonal cycle observations, and therefore again lack a part of
the natural variability, reducing the capability to get a good correlation coef cient from noisy data.

Figure 7 shows the time series of AERONET solar and lunar data, and of IASI-A and IASI-C data split between daytime and
night-time, for two AERONET stations: Dakar Belair and Ragged Point. Those stations were selected from the few stations
containing solar and lunar AERONET observations, and during the IASI-A and IASI-C overlap time, one relatively close
to sources and the other after long-range transport. We emphasize that in those plots, all data are plotted and not only the
colocations. This provides a lot of useful information. First, one can see a continuity and consistency between AERONET
solar and lunar data, between IASI daytime and nighttime data, and between IASI-A and IASI-C. Second, MAPIR gets the
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Figure 6. Correlation coef cient between MAPIR v5.1 comparisons for IASI-A dust AOD converted to 550 nm and AERONET solar SDA
CAOQOD at 500 nm, for all stations with at least 100 colocations

seasonal cycles very well, even after long-range transport. Third, there is a minimal AOD (about 0.05 at 550 nm) under which
the MAPIR algorithm does not seem to be able to go, as seen in Sect. 3.3.2. Fourth, for each dust event, the AERONET
data contains numerous observations, spanning a range of AODs in a short time range (the vertical lines of grey points /
black crosses). This obviously renders noisy the comparisons with the twice-per-day satellite data, unless a very strong time
constraint is applied - and this was observed when testing the different colocation criteria. And nally, one can also see in those
plots some plausible remaining un Itered cloudy cases in the MAPIR data: the isolated high MAPIR AOD when AERONET
does not show an event.

Figure 8 shows the time series of colocations for the two same stations, separately for IASI-A and IASI-C. For Ragged
Point, there are not enough lunar colocations for IASI-A, therefore only IASI-C is shown. Those plots clearly show again
the nice continuity in all data sets, and the good capability of IASI-MAPIR to observe seasonal cycles. They also show the
MAPIR underestimation of the 550 nm AOD larger than 0.1 and increasing underestimation when the AOD increases, as
already discussed in Sect. 3.3.2. However, we do not see here any possible un Itered clouds in the IASI data. This is due to
the strong colocation criteria and the fact that AERONET data is also cloud-cleared, therefore the remaining cloudy MAPIR
should not have any colocated AERONET data.

3.4 Degrees of freedom

The number of DOF are the number of distinct information pieces one can extract from the vertical pro le. The DOF considers

the instrument / retrieval pair sensitivity to the true atmospheric state, and is extracted from the averaging kernel matrix as
its diagonal. For the speci c case of TIR observations, the DOF will largely depend on the difference between the surface
temperature and the target species' temperature, which relates to its altitude. With MAPIR, the DOF reaches about 2.5 for
the best cases (large AOD, large temperature contrast). Figure 9 shows the dust AOD at 10 m (a) and the DOF (b) for 19

June 2020, during a huge Saharan dust out ow towards America. The gure shows the MAPIR IASI-A data separately for
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Figure 7. Time series of all AERONET (solar and lunar) SDA CAOD at 500 nm and of MAPIR IASI-A and IASI-C dust AOD converted
to 550 nm (separated day and night) for the time span with available AERONET data, at (a) the Dakar Belair AERONET station and (b) the

Ragged Point station. Note that these are full data series, not only colocations.

the morning and evening overpasses. One can clearly see the DOF being around 1 or even lower in areas without dust, while
the DOF may reach up to 2.5 where there is a large dust AOD and expected large temperature contrast, such as above th
desert. As was detailed for the previous MAPIR version 4.1 in (Callewaert et al., 2019), when performing the retrieval in the

logarithmic mode the averaging kernels tend to peak at altitudes and locations where there is dust, explaining partly the low

625DOF in absence of dust.

630

3.5 Mean altitude

As detailed in Sect. 2.3, the MAPIR data also contains a mean altitude (above sea level), provided when the dust AOD exceeds
0.05 and the information content exceeds 1.25, the latter being the strictest criterion. The mean altitude represents the medial
of the dust concentration pro le.

It is important for the user to understand that even though the mean altitude is provided only when there is a reasonable
vertical sensitivity, there still remain cases where the mean altitude is simply about half the total vertical range (i.e. about
5 km). Those cases are dif cult to Iter out without extremely strict Iters, which would also reject many reasonable results,
reducing usefulness. Figure 10 shows the mean altitude from MAPIR IASI-A dust pro les for 19 June 2020 (the same day
as in Fig. 9 showing AOD and DOF), separately for morning and evening overpass. One can see that for this huge event the
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Figure 8. Time series of colocated AERONET (solar and lunar) SDA CAOD at 500 nm and of MAPIR (a) IASI-A and (b) IASI-C dust AOD
converted to 550 nm (separated day and night), at the Dakar Belair AERONET station, and (c) IASI-C at the Ragged Point station.

635 transport towards America occurred (as often) at about 2.5 to 3 km altitude, and one can spot the plausible source area as th
location in the central Sahara with very low mean altitude. There were also other smaller dust events that day throughout the
dust belt as well as in Australia. The highest mean altitudes (of about 5 km) at the edges of the Saharan part of the plume occut
in parts of the plume with lower sensitivity, at the limit of the criterion to provide the mean altitude, and are close to the middle
of the pro le vertical range. This kind of "artefacts" occur at different places, for a limited number of IASI observations.

640 When aggregating the data at monthly (Fig. 11 a) or yearly (Fig. 11 b) scale, one can see some areas popping out with an
unreasonable high mean altitude (even above 6 km), mostly in South Africa and South America in areas where there usually is
no dust. Therefore, it is safe to assume that these averages result from a limited number of artefact events. On the other hanc
one can nicely see for example a mean dust altitude of more than 5 km over the Tibetan Plateau, which is expected.
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Figure 9. Dust 10 m AOD (a) and number of DOF (b) for MAPIR IASI-A, 19 June 2020. Morning and evening overpass data are plotted
separately

3.6 Proles

We show here some qualitative comparisons to illustrate vertical pro ling capabilities of MAPIR v5.1, while a full pro le
validation will be presented in a separate manuscript. The latter represents signi cant work in developing a new comparative
methodology.

3.6.1 Qualitative comparisons with CALIOP

This section shows qualitative illustrations of the IASI MAPIR dust concentration pro les compared to the CALIOP high
resolution extinction pro les. The IASI MAPIR data is averaged around every 5 CALIOP observations along its track, with a
maximum 50 km distance and 6 h time difference. The second criterion ensures comparing day-time or night-time observations
separately. IASI and CALIOP observations always bear a time difference of 3 to 5 h due to their respectively mid-morning
(9:30) and mid-afternoon (13:30) orbits, and depending on the IASI pixel position within the cross-path swath.

On Figs. 12 to 14, the CALIOP data is plotted along its track for selected relevant orbit parts, rst as aerosol type (all types
included), then as extinction at 532 nm for only the "dust", "dusty marine" and "polluted dust" types. Then the IASI MAPIR
data is also plotted as concentration pro les (the main retrieval output), and a daily MAPIR 10 m AOD map is provided with
the CALIOP track plotted in teal.
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Figure 10. Mean altitude (km above sea level) for MAPIR IASI-A, 19 June 2020.

Figure 11. Mean altitude for MAPIR IASI-A averaged over the month of June 2020 (a) and the whole year 2020 (b). Morning and evening

overpasses are included.

For the rst example (Fig. 12), we look at a night-time Middle-East dust plume on 28 October 2018, with MAPIR IASI-
A. One can see a signi cant dust plume between 50 and 20°N along the selected CALIOP track, with the most intense dust
660 extinction and concentration at about 30° N (Afghanistan / Iran border)), between 1 and 2 km altitude, with smaller dust
amounts up to 4 km altitude. The IASI MAPIR dust pro les place the dust at the same location as observed with CALIOP, both
horizontally and vertically. With MAPIR, dust is also observed right above the surface at about 45° N along that track, where
CALIOP typing determined the presence of continental aerosols. As IASI observations are not sensitive to other aerosol types,
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it is well plausible that the observed aerosols are a small amount of dust, maybe with different properties than the usual desert
dust.

The second example (Fig. 13) is the next orbit, on the same day, showing dust over Syria, Jordan, then Egypt and the Sudar
and nally in the South of the African continent. A rst plume is detected with both CALIOP and MAPIR as most intense
around 30° N (in Jordan), again at 1 to 2 km altitude. The plume extension towards 20° N (towards the Red Sea then Egypt
and the Sudan) is more intensely observed with MAPIR than with CALIOP, which could be due to the time difference and
plausibly looking at the source area. There is a second dust plume detected with MAPIR at 20-30° S (in Botswana and South
Africa), for which CALIOP type is "polluted dust”, with a very low extinction, while MAPIR shows signi cant dust amounts.

The third example (Fig. 14) is selected during an unusually intense Atlantic dust transport case, the Godzilla event in June
2020 (the same event already used for some other illustrations). The gure shows that during the event, even after long-range
transport, the dust column is very intense and reaches high altitudes with respect to the usual transport altitude. Indeed, CALIOF
and MAPIR concur in placing large amounts of dust up to 3-4 km altitude all across the plume's head, close to the Antillas.
The CALIOP signal is even saturated and does not provide information below 2 km altitude.

These examples all show the good dust pro ling capabilities with IASI data and the MAPIR algorithm, even over land or in
unusual situations.

3.6.2 Assessment against ground-based lidars

To evaluate the MAPIR dust concentration pro le and altitude, the EARLINET lidar measurements are processed through a
dedicated retrieval chain. First, the two-step POLIPHON (POlarization Lidar PHOtometer Networking) (Mamouri and Ans-
mann, 2014) method is implemented in order to separate the contribution of coarse dust particles from the lidar signal at
532 nm, to best match the TIR sensitivity to coarse particles. The threshold particle depolarization values, which are an es-
sential component of the technique, are derived from the literature (Tesche et al., 2009). The retrieved lidar dust backscatter
pro les are then regridded from the instrument's native vertical resolution of 7.5 mto 1 km to ensure consistency with the 1ASI
dust pro le vertical grid. Lastly, the dust concentration (particlesciris calculated using the following equation, proposed

by (Mamouri and Ansmann, 2014):

whereY is the POLIPHON conversion factor for the site of Potenza, v is the volume concentration of dust, is the aerosol
optical depth at 532 nm,q is the coarse dust backscatter coef cient derived from POLIPHQNs $he lidar ratio, and ¥is
the volume of a spherical dust particle with an effective radius of 1.7 um, a value calculated from AERONET (Aerosol Robotic
Network) inversion data for the Potenza site. The lidar ratio of dust is derived from nighttime Raman measurements. The dust
mean altitude from the lidar observation is calculated as the median altitude of the pro le, implying the altitude at which half of
the dust particles are located above and the other half below, following the same approach as implemented within the MAPIR
product. It should be noted that an overlap correction is also applied to the lidar data, meaning that when dust is detected at the
lowest provided altitude, the concentration is assumed to remain constant down to the surface level.
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In this work, two dust transport cases over the EARLINET lidar station at Potenza, Italyf4Q.B.72 E, 760 m a.s.l.)(Madonna
et al., 2011), occurring during June®™®023 and June 192024, are presented, while a more extensive analysis is currently
under preparation. This station regularly receives mineral dust aerosols transported from the Sahara Desert (De Rosa et al.
2025). The speci c cases presented here were identi ed through a synergistic approach combining lidar and AERONET ob-
servations with forecast and back-trajectory models such as the NOAA hybrid single-particle Lagrangian integrated trajectory
(HYSPLIT) model (e.g. Stein et al., 2015). For the rst case, the distance between the nearest IASI pixel and the lidar station
was 7.8 km, with a temporal difference of 155 min between the measurements. For the second case, the corresponding value
were 10.4 km and 70 min. These spatial and temporal mismatches are considered acceptable for satellite validation studie:
when the reference observations do not occur at high frequency. Additionally, the MAPIR retrievals are characterized by a
DOF value of 1.79 and a 550nm dust optical depth value of 0.58 for the rst case, and a DOF of 1.38 and a dust optical depth
of 0.21 for the second case, both indicative of substantial dust loading.

In Fig. 15(a), the dust concentration pro les retrieved from both instruments are shown for altitudes between 1.5 and
6 km, with the respective errors. The lidar retrieval indicates generally lower concentrations, reaching approximately 5 par-
ticles cm?® , with a well-de ned dust layer extending from about 1.5 to 4.5 km and concentrations approaching zero above
this altitude range. In contrast, MAPIR retrieves a broader vertical distribution, extending from near the surface up to approxi-
mately 5.5 km. Peak concentrations are roughly twice those observed by the lidar, exceeding 15 parfticl#semust mean
altitudes estimated from both datasets are also displayed as horizontal dashed lines. For this event, the difference between th
retrieved mean altitudes is approximately 0.7 km. Overall, MAPIR reproduces the main structure of the observed dust layer
reasonably well, although an overestimation of particle concentration is evident. Figure 15(b) presents the vertical pro le of the
absolute difference between MAPIR and lidar concentrations. The largest discrepancy occurs near 4.5 km, where differences
reach approximately 12 particles ém while smaller deviations are observed throughout the remaining pro le, suggesting a
generally consistent representation of the dust vertical distribution. Finally, Fig. 15(c) shows the spatial distribution of MAPIR
dust mean altitude over central Italy. The location of the Potenza lidar station is marked with a star, together with a surrounding
radius of 100 km. The IASI pixels are coloured according to the retrieved MAPIR dust mean altitude. Within the selected
radius, most pixels report mean altitudes between approximately 1.5 and 5 km, revealing noticeable spatial variability in the
vertical placement of the dust layer, thus indicating that both the spatial separation and the temporal mismatch between the twc
measurements may play a non-negligible role in the observed discrepancies.

Similar plots are presented in Fig. 15d-f. In this case, the lidar-derived coarse dust layer is less well de ned, exhibiting
relatively uniform dust concentrations between approximately 1.5 and 6 km altitude. The MAPIR retrievals show a similar
vertical distribution, although the dust layer is less distinct than that observed by the lidar. The differences in both mean dust
altitude (Fig. 15(d)) and dust concentration (Fig. 15(e)) are noticeably smaller than those observed in the rst case. The spatial
variability of the MAPIR-derived mean dust altitude around the station is comparable between the two cases.

Overall, these examples suggest that MAPIR is able to accurately reproduce vertical pro les with a structure similar to
the ground-truth lidar observations. A slight overestimation of dust particle concentrations is observed in one case, while

substantially better agreement is found in the second. Regarding mean dust altitude, both instruments provide similar values in
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Table 6. Overview of MAPIR dust AOD 10 m uncertainty

Cause Input Median AOD unc. IP68 AOD unc.
Spectral noise 0.5Kor0.2K 0.005 (clear-sky) - 0.00&p to 0.02 (Tropical summer
(Tropical summer) and Antarctica)
Vertical smoothing Averaging kernels, Sa matrix 0.005 to 0.008 0.005
Atmospheric T 1K, T Jacobians Negligible Non-negligible only in Antarc-
tica: up to 0.004
Atmospheric HO 10%, H O Jacobians <0.002 Very small except in the Tropi-

cal summer: up to 0.01

Total OEM propagation  All components above 0.0051t0 0.01 Low variability except in the
North Tropics and Antarctica:
up to 0.03

both cases, with differences of 0.64 km and 0.8 km, respectively. Finally, it should be noted that a comprehensive multi-station
validation effort is currently in preparation, which will extend the ndings presented here and provide statistically robust results
(Biskas et al., 2026).

3.7 Uncertainties

As described respectively in Sect. 2.2.2 and 2.2.3, the retrieval provides the uncertainty on the dust concentration pro le, which
is then used to compute the uncertainty on the dust AOD. That uncertainty, based on the OEM formalism, contains separately
the uncertainty linked to the (in ated) spectral noise, to the vertical smoothing, and to the propagated uncertainty of the vertical
pro les of temperature and humidity. Table 6 gives an indication of the median and inter-percentile (IP) of 68 (i.e. 1-sigma)

for the different uncertainty components. The statistics were calculated for the dust 10 m AOD, by latitude bands and by
month. Here only a summarized overview is provided, to simplify the complex information.

In addition, a short sensitivity study was undertaken to evaluate the impact of the surface emissivity uncertainty on the
dust retrieval results. It is not possible to properly propagate such an uncertainty through the OEM, because RTTOV does not
provide emissivity Jacobians and their numerical calculation for each retrieval would be highly computationally costly. The
study was therefore undertaken by modifying the surface emissivity manually (5% reduction), and analysing the impact it has
on the retrieval results. This impact depends, among others, on the dust AOD, on the satellite viewing angle, on the surface
type and temperature. The only clear conclusion is that 5% uncertainty in the surface emissivity leads to minimum 0.015 AOD
uncertainty in absence of dust, and maximum 0.05 AOD uncertainty in presence of a high dust load. It also leads to a mean
altitude uncertainty of about 0.5 km.
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Combining both analyses leads to an important conclusion for the users: any dust AOD 10 m below 0.02 should be
considered as noise, and any dust AOD 10 m below 0.06 should be considered with a highly critical eye, especially over land
where the surface emissivity uncertainty is larger. As the uncertainty clearly depends on the precise case, the user is advised t
read the calculated OEM uncertainty for each retrieval, provided in the data (only the total OEM uncertainty is provided in the
data, to spare storage space), and to keep in mind the additional plausible uncertainty due to the surface emissivity uncertainty
of up to 0.05.

3.8 Long-term stability

The long-term stability was assessed with 2 different exercises. First, the AERONET comparisons were used, looking for
potential drifts in the MAPIR IASI bias. Second, the full IASI MAPIR data (both instruments) was used to plot time series of
daily averages within large areas, looking for any discontinuity or unexpected feature.

For the rst analysis, a simple linear regression analysis was performed on time series of MAPIR bias versus AERONET
solar data. We kept only stations for which the AERONET data spans at least 5 years, and contains at least 50 points per
year on average (meaning there can be gaps - otherwise almost all stations are rejected). The same analysis was attempti
using AERONET lunar data but no station passed those criteria. The p-value was used to consider only the trends/drifts that
are signi cant at the 95% con dence interval. Fig. 16 shows the results of this analysis for IASI-A, with in grey the stations
for which the analysis was run without signi cant trend/drift (representing 19 over the 33 stations analysed). It shows that
only very small signi cant drifts are detected, below the absolute value of 0.006 (for the 550 nm AOD bias) per year except
at Medenine where it reaches 0.009. Medenine provides data only for a year from mid 2014 to mid 2015, and 1.5 year from
end 2018 to early 2020. The other stations close to it show either a non-signi cant drift (Tunis-Carthage) or a negative drift
(Gozo). In general, the sign of the drifts is inconsistent between the different stations. We performed the same analysis using
the Theil-Senn robust linear t and, although some stations shift between signi cant and non-signi cant drift (both ways), the
general conclusions remain the same. We consider these results as indication that there is no drift in the MAPIR |ASI-A data,
as would be expected considering that all inputs are consistent in time, to the best of our knowledge.

The same analysis was run for IASI-C, and shows only one signi cant drift over the 8 stations analysed: at Medenine, with
-0.01 550 nm AQOD per year (while it was positive for IASI-A). The data at this station has again a long gap between early 2020
and early 2022, meaning that the 5 years time span constraint is met, but at the beginning of the series there are only a few
months of data, followed by 2 years without data. In addition, for the 2 stations very close to Medenine (Gozo and Ben Salem),
no signi cant drift is detected in MAPIR. Therefore we conclude that there is currently no indication of a drift in the MAPIR
IASI-C data. There does not seem to be any impact of the discontinuities pinpointed in the QC (Sect. 2), or of the change of
the PCS eigenvector basis on 30 March 2023.

For the second exercise, we plotted MAPIR IASI-A and C dust AOD 10 m daily averages (morning and evening data
combined) for selected large areas, looking for any discontinuity or unexpected feature. Figure 17 shows those for the North
Atlantic area (latitude 15 to 35° N, longitude 20 to 60° W), the large Saharan desert (latitude 9.5 to 36.5° N, longitude 17.5° W
to 37.5° E) and the large Asia (latitude 20 to 45° N, longitude 70 to 120° E) respectively. All time series (including for different
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areas not shown here) look perfectly reasonable and do not bear any clear discontinuity. The consistency between MAPIR date
for IASI-A and C will be discussed in the next Sect. 3.9.

3.9 IASI-AvsIASI-C

In this section, we discuss the potential and de nite differences between IASI-A and IASI-C MAPIR dust products. First, it
was shown in Sect. 2.3 that there is an issue in the OFL data used for IASI-C, in which the surface altitude was not provided
in the les for a signi cant part of the cloudy observations. That results in less retrievals run for IASI-C. Most of them are
cloudy (then excluded anyway by the QC after the retrieval) but some of them are dusty cases mis-classi ed as cloudy. This
leads to smaller coverage of some events with IASI-C (without quality loss for the retrieved data), but it does not seem to lead
to an inconsistency between IASI-A and IASI-C in general. Fig. 18 illustrates this for one day during the huge Godzilla dust
event. One can clearly observe a signi cant number of missing pixels in the IASI-C retrieval results, with respect to IASI-A.
This does not occur speci cally for the highest AOD only, therefore it would seem that it impacts mostly the coverage, and
not the representativeness of the daily AOD. Fig. 19 illustrates this with the 2020 yearly average dust 10 m AOD. There are
some small differences, mostly for the Sahara and Australia, where the time difference between the satellites is most plausibly
responsible, as addressed in the next paragraph.

Secondly, even though both Metop-A and C are in the mid-morning orbit 9:30 equator crossing time (descending node),
this is only valid during their operational time. Metop-A has started drifting from this reference orbit in August 2016, after
its last manoeuvre. This drift remains very small until 2018 (equator crossing time is about 9:15 at the end of that year), but
starts to be signi cant during the year 2019, with the equator crossing time of about 8:50 at the end of the year, then about
8:25 at the end of 2020 and about 8:00 when IASI-A was decommissioned. This may have an impact on the MAPIR 1ASI-A
versus IASI-C consistency, especially in some dust source area with diurnal cycle. We have analysed time series of MAPIR
IASI-A and IASI-C dust 10 m AOD daily averages (morning and evening data combined), zooming on the years with data
from both instruments, for different large source (Sahara, Taklamakan, Gobi, Middle East, Australia) or transport area (North
Atlantic or Indian oceans). This analysis was done for morning observations, evening observations, or both combined. From
all this, the only area where there is a clear difference between MAPIR IASI-A and IASI-C are the Sahara and Australia (Fig.
20). In both cases, the differences mostly arise from the morning observations, which highlights the plausible cause of the time
difference and the morning emission mechanisms. Indeed, part of the dust emitted right after sunrise (6:00-7:00 in the Tropics)
and observed with IASI-A could have settled down when IASI-C passes, explaining slightly lower dust AOD with the latter.

Considering the existence of these shifts in the time series, which seem to be due to the Metop-A drift, we recommend for
long-term analyses to use MAPIR IASI-A only until IASI-C data comes up in October 2019. At that moment there is already

about 30 minutes time difference between both satellites, but the dust data seems to be reasonably continuous.

33



815

820

4 Conclusions

Mineral dust is a dominant tropospheric aerosol, with impacts on climate, health and many socio-economical spheres. It is
therefore important to monitor it both on the long term and in NRT. The MAPIR v5.1 algorithm and its application to IASI
observations since their beginning in 2007 provide an important contribution to this monitoring.

In this manuscript, the MAPIR version 5.1 was presented in detail, highlighting the improvements and changes since the
last published version 4.1. MAPIR v5.1 retrieves dust aerosol concentration pro les from ground to 10 km altitude (above sea
level), in 1 km thick layers, from which the integrated AOD is obtained together with a mean dust altitude. MAPIR is based
on the OEM with Levenberg-Marquardt optimisation, and uses RTTOV for all radiative transfer computations, using the DOM
for scattering modelisation. The algorithm was used to produce a fully consistent time series of MAPIR IASI-A dust pro le
data (July 2007 to September 2021), using the reprocessed IASI spectra and atmospheric pro les, and MAPIR IASI-C dust
pro le time series (since October 2019) as consistent as possible with the IASI-A data. The data product also contains the
uncertainties, both as the full pro le covariance matrix and as AOD uncertainty. Finally, averaging kernels and a quality ag

825 are also provided.
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The retrieval shows a very good capability to retrieve dust aerosols distributions, correctly reproducing seasonal cycles at all
analysed locations, and ability to detect unusual events. The vertically integrated AOD, converted from 10 m to 550 nm, was
compared against AERONET sun/moon-photometer observations, showing overall a very low median bias of about 0.01, and a
good correlation of almost 0.8 when comparing to solar data, and 0.7 for lunar comparisons. The MAPIR bias however varies
with the 550 nm AOD (positive bias for low AOD, decreasing towards a negative bias for high AOD) in a quasi linear relation-
ship that suggests the underestimation of the current 10 m to 550 nm conversion. This conversion and also the challenges of
the comparison of TIR based retrievals with VIS observations are discussed in detail in the manuscript, highlighting the need
for reference data directly in the TIR and the fact that the absolute value of the TIR retrieved AOD currently cannot be truly
validated. On the other hand, the good correlation between the compared data sets shows the good capabilities of MAPIR tc
reproduce the variability of the dust AOD, and does not depend on the absolute AOD values. The low AOD positive bias arises
from the low sensitivity in the presence of only small amounts of aerosols, rendering the deviation from the a priori very costly
for the retrieval. This bias is also seen at 10 m: the minimal dust AOD in absence of dust events is about 0.06. MAPIR 10 m
AOD below that threshold should be considered non-signi cant and, depending on applications, could be removed from the
data or considered as indication of the absence of dust.

In addition to the good capabilities to reproduce the total column dust load, MAPIR also shows good capabilities to provide
vertical information. The information content is however relatively low (maximum about 2.5 DOF, when the dust load is
relatively high and the thermal contrast with the surface is clear), and the 10 retrieved layers are not at all independent.
Examples of comparisons with CALIOP show the good capability of MAPIR to retrieve the dust in the correct vertical range(s)
even when multiple layers are present. One example of pro le comparisons between MAPIR/IASI and EARLINET lidar data
at the Potenza station also highlights the potential of MAPIR for providing vertical information. This exercise will be expanded,
which will be the subject of a separate publication containing a large comparison data set and statistical analysis.
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The mean altitude obtained from the pro les also shows to be reasonable. It is provided only when the sensitivity is accept-
able (1.25 DOF, 0.05 AOD at 10 m). When the sensitivity is too low, the middle of the vertical range is mostly obtained as
mean altitude, which is not physically meaningful. Those cases are mostly ltered out (and the mean altitude not provided),
but some still pass the lIters and appear as artefacts in the data. This effect stands out when averaging for long time periods, in
areas where there is typically only rarely dust.

Finally, the MAPIR data shows long-term stability along both IASI-A and C time series, and a very good potential for
merging if taking into account the orbital drift of IASI-A. Indeed, we show that for merging the best moment to switch from
IASI-A to IASI-C is at the start of the IASI-C data series (i.e. October 2019), reducing to the minimum the time difference
between both instruments. This is especially important close to source areas, where a time difference between instruments als
means a potentially large difference in the observed scene. In the current MAPIR IASI-C time series, some observations are
rejected from the data because they lack the surface altitude information. This occurs mostly for cloudy cases, but also for
some dusty cases. That issue will be solved in the next processing, using another source for the surface altitude. This issue onl
causes missing some data, but does not affect the retrieval results. Our analysis also indicates that it does not impact long-tern

8emalyses, or large area averages.

The cloud ltering remains a challenging step. In the current version, no ltering is done prior to the retrieval, to avoid the
removal of some dust events (which occurs with every currently existing cloud ag, as far as we are aware and have analysed).
The cloud Itering forms part of the post-retrieval QC, and leads to much better dust/cloud discrimination than any attempted
pre- ltering. However, it is obviously still not perfect and it happens that a thin cloud is kept in the dust data, as an arti cial
relatively large AOD.

The uncertainty calculation also remains a challenge with respect to the inclusion of all relevant uncertainties. In the current
version, in addition to the basic OEM uncertainty calculation we have added the propagation of uncertainties in temperature
and humidity pro les. Future work should also aim at including the propagation of uncertainties on the surface emissivity, and
on the dust optical properties. Managing this at a pixel level without strong increase in computational time is challenging.

Future work on IASI dust retrievals should also include research on using a variable dust PSD and R, the latter for example
considering recent laboratory measurements such as those from Di Biagio et al. (2017). The de nition of the aerosol model
indeed impacts the dust retrieval itself and the conversion to VIS AOD.

MAPIR v5.1 presented here was used to produce full data time series, which are analysed in this manuscript, but is also
in preparation for delivering NRT observations through the EUMETSAT AC SAF and the EumetCast system. The two data
streams will be maintained in parallel, the "climate" version aiming at the most consistent long-term data series, and the "NRT"
version aiming at the best data at production time, for use in forecast models.

Looking towards the future, the MAPIR algorithm will be implemented on data from the newly launched IASI-NG (hew
generation) instrument onboard Metop-SG (second generation) platform. This is expected to be relatively straightforward,
given the similar instrument properties and spectral range. No particular improvement is expected for MAPIR retrievals from
the increased spectral resolution and reduced spectral noise: the dust aerosol signature is broad. However, the atmospher

temperature pro le is expected to be of improved quality with IASI-NG, which will indirectly re ect on the quality of the
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dust pro les. Another new instrument has been recently launched, with TIR hyperspectral capabilities: the InfraRed Sounder
(IRS) onboard Meteosat Third Generation (MTG), a geostationary platform. Application of a MAPIR-like algorithm to that
instrument is planned, and bears serious challenges such as the enormous data amount and the large viewing angles. It
however expected to bring extremely useful information with the high temporal resolution, allowing to better follow the diurnal
cycle and to provide more regular input to weather and aerosol forecast models.

Data availability. The MAPIR v5.1 climate time series received a DOI (https://doi.org/10.18758/f7el2zbr), and is also available through the
iasi.aeronomie.be website, with data completion at least twice per year. Furthermore, the data is produced as level 3 daily and monthly les,
containing only the dust AOD and mean altitude. This level 3 data is distributed through the Copernicus Climate Data Store (cds.climate.coperr

doi: https://doi.org/10.24381/cds.239d815c), together with a series of other aerosol data from different satellite instruments.
Appendix A: List of used AERONET stations and correlation coef cient with MAPIR IASI

Table A1: AERONET SDA CAOD 550nm vs MAPIR IASI dust AOD converted to 550nm correlations by station (sorted by
latitude, North to South)

Station Lat Lon Alt(m) Rsol-A Rsol-C RIlun-A RIlun-C
Beijing 39.98 116.38 92 0.87

Beijing CAMS 39.93 116.32 106 0.81 0.90

XiangHe 39.75 116.96 36 0.86 0.87

Dushanbe 38.55 68.86 821 0.66 0.71

Tunis Carthage 36.84 10.20 10 0.87

Tizi Ouzou 36.70 4.06 133 0.89

IMS METU ERDEMLI 36.56 34.26 3 0.73 0.83
Blida 36.51 2.88 230 0.89

Gozo 36.03 14.26 111 0.75 0.71
SACOL 35.95 104.14 1965.8 0.86

Ben Salem 35,55 991 130 0.89 0.92
Lampedusa 35.52 12.63 45 0.81 0.82 0.75
CUT TEPAK 34.67 33.04 22 0.73 0.57
Oujda 34.65 -1.90 620 0.91
Medenine IRA 33.50 10.64 335 0.51 0.49
Migal 33.24 35.58 200 0.77 0.83
Nes Ziona 31.92 34.79 40 0.76
Weizmann Institute 3191 3481 73 0.67 0.56

Continued on next page

36



Station Lat Lon Alt(m) Rsol-A Rsol-C RIlun-A RIlun-C
Saada 31.63 -8.16 420 0.87 0.91

Lahore 3148 74.26 209 0.77 0.80

SEDE BOKER 30.86 34.78 480 0.76 0.79

Cairo EMA 2 30.08 31.29 70 0.57 0.69

Eilat 29.50 34.92 15 0.60 0.72

Kuwait University 29.32 47.97 42 0.61 0.53 0.64
Shagaya Park 29.21 47.06 242 0.54 0.69

IIT Delhi 28.55 77.19 15 0.87

La Laguna 28.48 -16.32 568 0.85 0.78

Santa Cruz Tenerife 28.47 -16.25 52 0.81 0.68 0.58 0.70
Gual Pahari 28.43 77.15 250 0.89

Amity Univ Gurgaon 28.32 76.92 285 0.84 0.86

PLOCAN Tower 28.04 -15.39 12 0.76

Tenerife 28.03 -16.63 52 0.77 0.69 0.56 0.79
El Farafra 27.06 27.99 92 0.52

Jaipur 26.91 75.81 450 0.85

Kanpur 26.51 80.23 123 0.80 0.81 0.59

Qena SVU 26.20 32.75 75.7 0.68

Gandhi College 25.87 84.13 60 0.80

Dhadnah 2551 56.32 81 0.74

Abu Al Bukhoosh 25,50 53.15 24.5 0.73

Karachi 2495 67.14 49 0.85 0.57

Solar Village 24.91 46.40 764 0.85

DEWA ResearchCentre 24.77 55.37 86.8 0.65

Masdar Institute 24.44 54.62 4 0.72

Mussafa 24.37 54.47 10 0.80

Mezaira 23.10 53.75 201 0.66

University of Nizwa 2291 57.67 564 0.70 0.59
Tamanrasset INM 22.79 553 1377 0.78 0.80

KAUST Campus 22.30 39.10 11.2 0.72 0.69

Hada El Sham 21.80 39.73 254 0.73

Cape San Juan 18.38 -65.62 15 0.85 0.75

NEON GUAN 17.97 -66.87 128 0.82 0.77

La Parguera 17.97 -67.05 12.4 0.88 0.86

Mindelo OSCM 16.88 -25.00 10 0.79

Calhau 16.86 -24.87 40 0.83

Continued on next page
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Station

Lat Lon Alt(m) Rsol-A Rsol-C RIlun-A RIlun-C

Capo Verde 16.73 -22.94 60 0.84 0.78

Guadeloup 16.22 -61.53 39 0.83

Dakar Belair 14.70 -17.43 15 0.73 0.76 0.64 0.53
Manila Observatory 14.64 121.08 63 0.43

Dakar 14.39 -16.96 21 0.77 0.51
Silpakorn Univ 13.82 100.04 72 0.69

Zinder Airport 13.78 8.99 456 0.26

IER Cinzana 13.28 -5.93 285 0.70 0.73

Ragged Point 13.17 -59.43 40 0.84 0.75 0.69
Bac Lieu 9.28 105.73 10 0.67

llorin 8.48 4.67 400 0.75 0.75 0.48
Songkhla Met Sta 7.18 100.60 15 0.42

MCO Hanimaadhoo 6.78 73.18 13 0.63

LAMTO STATION 6.22 -5.03 105 0.80

Koforidua ANUC 6.11 -0.30 205 0.80

ICIPE Mbita -0.43 34.21 1152 0.52

San Marco Platform -2.94 40.21 20 0.64

ASI Malindi -3.00 40.19 12 0.46 0.58 0.41
Ascension Island -7.98 -14.41 30 0.43 0.27

Arica -18.47 -70.31 25 0.37
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