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EXECUTIVE SUMMARY 
 
In this document, the theoretical basis of the ULB IASI dust retrieval algorithm, which was 
developed within the framework of ESA’s aerosol CCI, is described. This document aims to 
provide a comprehensive overview of the algorithm. Aspects of the algorithm which were 
detailed elsewhere (forward model, detection), will only be summarised here.  
 
The algorithm has a discrimination analysis based dust detection algorithm and a neural 
network based aerosol optical depth (AOD) retrieval, which allows for a comprehensive 
uncertainty estimate of the retrieved AOD. The current version of the document describes 
the complete algorithm. 
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1 RETRIEVING AEROSOL IN THE INFRARED 

1.1 Introduction 
 

Infrared sounders have historically mainly been used for (ice)cloud detection and retrieval, 
even though it was recognised early on  that the atmospheric window 750-1250 cm-1 region 
is also sensitive to mineral aerosol (windblown dust and volcanic ash). This is mainly the case 
because of the strong Si-O resonance band situated around 1000 cm-1 [Hoidale & Blanco, 
1969, Volz, 1973, Toon et al., 1977, Hunt, 1982]. Infrared sounders offer complementary 
measurements of aerosols to UV/Vis sounders, being able to measure in the absence of solar 
radiation (at night) and with enhanced sensitivity to the coarse mode. High-resolution 
sounders in addition offer sensitivity to aerosol size; altitude and composition (see next 
section). In this chapter, we give a brief overview of published retrieval approaches of 
airborne minerals from hyperspectral infrared sounders. 

1.2 Detection and aerosol type differentiation 
Retrieval of aerosol properties in the infrared is often preceded by a detection and/or 
differentiation phase, where observations are flagged for the presence of a certain type of 
aerosol. This has two advantages; firstly, this avoids (often computationally expensive) full 
retrievals of observations without detectable quantities of aerosol. Secondly, the retrieval 
itself can often be simplified if the presence of one specific type of aerosol can be assumed. 
Current high resolution infrared sounders such as AIRS or IASI are able to detect and 
differentiate a range of different aerosol types, such as volcanic ash, windblown dust, 
smoke, sulphuric acid droplets, ammonium sulphate as was shown in [Clarisse et al. , 2013]. 
This study also presents an overview of the typical methods that are applied for detecting 
aerosol in the infrared. Here we list the main approaches. Example references are also given, 
where possible related to detection of mineral aerosol from hyperspectral sounders. 

A. Feature detection. Typically, these methods work by setting thresholds on brightness 
temperature differences (BTD) (e.g. [DeSouza-Machado et al., 2006, Vandenbussche 
et al., 2013]). This is the simplest, but perhaps also the most transparent detection 
method. 

B. Distance measures, here the observed spectra are matched to spectra contained in look 
up tables and then classified based on the results (e.g. [Clarisse et al., 2010a]). 

C. Singular value decomposition and principal component analysis. These approaches have 
the inherent advantage of relying on a large ensemble of (observed) spectra and 
exploiting a large spectral range (e.g. [Hurley et al., 2009, Klüser et al., 2011]). 

D. Retrieval or pseudo-retrieval approaches. Here fitting techniques are directly used, 
either as a first estimate of the quantity (and thus detection) or to circumvent the 
detection altogether.  
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The unified aerosol detection technique, which was presented in [Clarisse et al., 2013], 
combines ideas from B, C and D, and is the one used here. It will be summarized in section 
4.1. 

1.3 Retrieval and its challenges 
At the core of almost all aerosol retrieval algorithms is a forward model that can model the 
outgoing longwave radiation given suitable input parameters on the state of the surface and 
atmosphere. For aerosols, it is important to take into account the effects of multiple 
scattering. The inverse model or retrieval attempts to retrieve atmospheric (aerosol) 
properties from an observed spectrum. For aerosols, the two most common types of inverse 
models are those relying on spectral fitting, where the observed spectrum is iteratively 
matched with the simulated spectrum. The advantage of this approach is that the 
background atmosphere can be fully taken into account; however, a major disadvantage is 
its computational cost. Algorithms based on lookuptables (LUTs) are typically an order of 
magnitude faster. These lookuptables contain precalculated spectra generated from a set of 
different atmospheric/surface input parameters. The challenge for this approach is to make 
the LUT representative enough for the range of observable spectra.  

Whether a retrieval approach is based on spectral fitting or LUT’s, there are a number of key 
parameters that need to be taken into account to allow for a correct retrieval: 

1. The source function (surface temperature and surface emissivity) 

The source function determines how much radiation is emitted from the Earth and 
how much will reach the aerosol layer. It is a vital parameter for the determination of 
an accurate OD. The importance of surface emissivity cannot be underestimated as in 
the infrared it is dependent on the wavenumber. Surface emissivity over ocean can 
be modelled but over land spectrally, spatially and temporally resolved databases are 
required. 

2. The aerosol layer temperature (or equivalently altitude) 

This parameter determines how much radiation will be reemitted by the aerosol 
layer (for a given optical depth).  As the source function, the aerosol layer 
temperature is one of the most important parameters. 

3. The optical properties (aerosol refractive index, particle shape and size distribution). 

Optical properties of the aerosol under consideration need to be known, so that 
observed spectra can be accurately simulated with the forward model. The particle 
shape is usually taken to be spherical for the retrieval of mineral aerosol in the 
infrared. The size distribution is often assumed lognormal, whereas the effective 
radius is a parameter which is sometimes included in the retrieval. It is not the most 
critical parameter for the estimation of the optical depth though.  

4. The background atmospheric state (trace gas profiles and  temperature profiles) 
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Water vapour continuum especially can affect the baseline in the atmospheric 
window drastically, and has to be accounted for in the retrieval. Depending on the 
choice of wavelength range, also the variability of ozone needs to be considered.  

5. Meteorological clouds 

Either clouds should to be taken into account in the retrieval or either cloud free 
scenes have to be determined. 

Some of these key parameters can be retrieved simultaneously with the aerosol parameters 
of interest; others are best obtained from auxiliary (third party) sources. While an accurate 
retrieval critically hinges on the accurate knowledge of these, limited or uncertain 
knowledge of any of them can sometimes be circumvented by selecting only a subset of the 
observed channels in the retrieval, which minimizes the influence of the unknowns, while 
maximizing the sensitivity to the parameters of interest. A summary of published retrieval 
methods and some of their characteristics is listed in Table 1.  

The theoretical basis and practical implementation of the ULB NN algorithm will be outlined 
in the next three sections. The choice of the input parameters/auxiliary data for the 
algorithm described in this document will be justified and outlined in Section 2. The retrieval 
algorithm itself is detailed in Section 3. In Section 4, a comprehensive error characterisation 
is presented. 

 

 

 

 

 



 
Table 1-1 Overview of published dust retrieval algorithms for IASI/AIRS  

Lead author Detection 
method 

Main retrieval 
method 

Spectral range and 
channels 

Retrieved 
Parameters 

Background 
atmosphere (Temp 
and H2O) 

Size distribution 
(standard 
deviation) 

Refractive indcies Other specificities References 

Pierrangelo / 
Peyridieu / Capelle BTD Multistage LUT 

10 to 20 channels 
800-1250 cm-1 and 
2600 cm-1 

OD, altitude, 
effective radius 

Retrieved prior to 
aerosol retrieval Log (2.2) 

OPAC/Volz 

(Saharan 
transported) 

Earliest studies restricted 
to monthly averages over 
ocean during night 

[Pierangelo et al. , 
2004, Pierangelo 
et al. , 2005, 
Peyridieu et al. , 
2010, Peyridieu 
et al. , 2013, 
Capelle et al. , 
2014] 

Vandenbussche BTD Spectral fit 900-930 and 1095-
1125 cm-1 OD, altitude ECMWF/IASI L2 Log (2.2) Dust like (Volz) Vertical profile retrieved 

on ensemble of spectra 
[Vandenbussche 
et al. , 2013] 

Klüser SVD SVD 20 channels in 750-
1250 cm-1 OD (altitude) Not needed OPAC (variable) OPAC (variable) 

Retrieval does not require 
knowledge of 
atmospheric state or 
surface emissivity 

[Klüser et al. , 
2011, Klüser et al. , 
2012] 

Clarisse (full) BTD Spectral fit 750-1250 cm-1
 or 

subrange 
OD, effective 
radius IASI L2 Log (2) Volz/Balkanski Also applied to other 

aerosol types 

[Clarisse et al. , 
2010b, Newman 
et al. , 2012] 

Clarisse (LUT) Unified LUT 100 channels in 
750-1250 cm-1 

OD, altitude, 
effective radius 

IASI L2 averaged 
atmosphere Log (2) Volcanic Uncertainty estimates 

[Clarisse et al. , 
2013, Moxnes 
et al. , 2014] 

Clarisse (NN) Unified Neural network 
(LUT) 

100 channels in 
750-1250 cm-1 OD IASI L2 Log (2) Volz (Sahara) This document 

DeSouza BTD Spectral fit 
36 channels 800-
1250 cm-1 and 
2600 cm-1 

OD, altitude ECMWF, Tskin 
retrieved Log (2) Volz (Sahara) 

Details here refer to the 
2010 publication (2006 
uses a LUT) 

[DeSouza-
Machado et al. , 
2006, DeSouza-
Machado et al. , 
2010] 

Yao BTD Spectral fit 8 channels 670-
972 cm-1 OD, altitude ECMWF From in situ 

measurements Volz (Sahara)  [Yao et al. , 2012] 
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2 RETRIEVAL INPUT PARAMETERS 

2.1 L1C data and L2 data 
The IASI level 1C radiance and IASI level 2 are acquired in NRT in the WMO format (bufr) and 
stored within the ULB/LATMOS processing facilities. This data is then processed and subsets 
(channels/selected L2) are then stored in binary files. These binary files are used for a variety 
of purposes (not exclusively for the CCI). L1 data includes geolocation, viewing angle and 
over 100 selected channels (for each 5 cm-1

 bin in the atmospheric windows, one channel 
was chosen which has on average the largest averaged brightness temperature). L2 data 
includes surface temperature, temperature and humidity profiles and cloud coverage. For 
the year 2013, EUMETSAT was so kind to provide v6 of the L2 (which has improved the 
accuracy of the retrieved atmospheric profiles). This data also contains O3 profiles and so for 
that year O3 profiles were stored. A summary of the data that is relevant to the CCI and 
stored in the binary files (those relevant to the CCI) is given in Table below. 

 

Table 2-1 Relevant data extracted from BUFR L1C/L2 files 

Category Name 

Geolocation (L1C) 

Latitude (degrees) 

Longitude (degrees) 

Date/time (UTC) 

Zenith Angle (degrees) 

Radiance data (L1C) 169 selected channels (brightness temperature, rounded to 0.01 K) 

Atmospheric profiles (L2) Temperature profile (15 levels, in K) 

Pressure profiles (11 levels, in hPa) 

Humidity profiles (8 levels, in partial columns) 

Ozone profiles (23 levels, in mass mixing ratio, only for 2013) 

Other data (L2) Cloud coverage (%) 

Surface temperature (K) 
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2.2 Surface Parameters 

2.2.1 Surface elevation 

The first important parameter is the surface elevation, which was here taken from the “National 
Geophysical Data Center TerrainBase Global DTM Version 1.0” and downloaded from 
ftp://ftp.ngdc.noaa.gov/Solid_Earth/cdroms/TerrainBase_94/. This data is also used for land/sea 
flagging.  This data has a resolution of 05' 00" for both latitude and longitude. 

2.2.2 Surface emissivity 

For modelling water surface emissivity, very reliable models exist. Here we used the data from Nalli 
et al. [Nalli et al., 2008] currently used in CRTM (data provided by Paul van Delst, private 
communication). This emissivity data is dependent on the wavenumber, the viewing angle and the 
wind surface speed. Because the latter is unknown, we used an average value of 6m/s everywhere.  

Land emissivity is more difficult to model, but there are now several datasets available that were 
derived from IASI. Here the monthly climatology from Zhou et al. [Zhou et al. , 2011, Zhou et al. , 
2013] is used. Although every effort has been made to remove the influence of aerosols and clouds 
on this product, residual contamination by e.g. dust aerosols in some areas cannot be excluded. 

2.3 Aerosol optical and physical properties 

2.3.1 Size distribution 

Aerosols are commonly characterised by a (multimode) lognormal size distribution. This distribution 

is defined as 𝑁𝑁(𝑟𝑟) = 𝑁𝑁0
√2𝜋𝜋 ln�𝜎𝜎𝑔𝑔�𝑟𝑟

 exp �− ln2�𝑟𝑟/𝑟𝑟𝑔𝑔�
2 ln2�𝜎𝜎𝑔𝑔�

�, with 𝑁𝑁0 = ∫ 𝑁𝑁(𝑟𝑟)𝑑𝑑𝑟𝑟∞
0  the total number of 

particles. Here 𝑟𝑟𝑔𝑔 and 𝜎𝜎𝑔𝑔 are called the geometric mean radius and geometric standard deviation 
respectively. For optical depth retrievals, unlike for mass retrievals, size distributions are not that 
critical [Pierangelo et al., 2004]. The width of the distribution especially will determine the very small 
and very large particles, for which the longwave infrared measurements are not sensitive. Following 
other retrieval schemes (see Table 1.1), published aerosols models [Hess et al., 1998] and 
measurement data [Reid et al., 2003], we have settled on mean values of 𝑟𝑟𝑔𝑔 = 0.5 and 𝜎𝜎𝑔𝑔 = 2.   

2.3.2 Refractive index 

Just like the size distribution, the refractive index is a crucial parameter that needs to be defined for 
the retrieval, although the specific choice is unlikely to influence the retrieval value of the optical 
depth greatly [Peyridieu et al., 2010]. We will come back to this when we estimate the retrieval 
uncertainty.   

Since the 1960s only few measurements have been made in the infrared which are representative for 
transported dust. The situation is fortunately improving, and in the past years, several new 
measurements have become available. As an alternative to direct measurements, synthetic refractive 
indices can be used, calculated from applying suitable mixing rules on refractive indices of pure 
minerals. In Table 2-2 a compilation is presented of most public measured or calculated refractive 
indices of dust and sand, most data can be found in the databases HITRAN, GEISA and ARIA. 

ftp://ftp.ngdc.noaa.gov/Solid_Earth/cdroms/TerrainBase_94/
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Table 2-2 Public measured or calculated refractive indices of dust and sand. 

Description Range cm-1 Reference 

Measurements of aerosols 

Dust from precipitation (x, Germany and y, 
Bedford, Massachusetts)   

250-50000 

 

[Volz, 1972b] (figure), sample described in [Volz, 1972a], 
tabulated in [D’Almeida et al. , 1991, Shettle & Fenn, 
1979, World Meteorological Organization, 1986]. 
Termed 'insoluble' in [Hess et al. , 1998, Koepke et al. , 
1997].  

Dust (Meppen, Germany and Bedford, 
Massachusetts) 

250-50000 [Volz, 1983] (figure) 

Saharan dust Niamey, Niger 250-4000 [Fouquart et al. , 1987] (figure) [Fouquart et al. , 1984] 
(figure on different scale) 

Saharan sand Barbados, West Indies 250-4000 [Volz, 1973] (figure)   

Saharan sand Cape Verde, dry and 50% relative 
humidity 

470-7000 [Peters, 2009] 

Afghanistan, Tadzhikistan sand  400-4000 

 

[Sokolik et al. , 1993] (figure only, figure also in [Sokolik 
et al. , 1998]) 

Negev, Israel clean and dust storm 833-1333 [Fischer, 1976], figure also in [Sokolik et al. , 1998] 

Dust in Southwester United States, Texas 625-10000 [Patterson, 1981], imaginary part only. Real part 
calculated and shown in [Sokolik et al. , 1998]. 

Niger, Algeria, Tunisia and the Gobi desert 400-4000 [Di Biagio et al. , 2014b, Di Biagio et al. , 2014a]   

Compilations & Mixtures 

Almeida mineral compilation, mainly Volz dust 250-4000 [D’Almeida et al. , 1991], based on [Volz, 1972b, Grams 
et al. , 1974]  

GADS/OPAC mineral compilation, mainly Volz 
Sahara, with addition of extra Quartz absorption 
features 

250-4000 [Koepke et al. , 1997, Hess et al. , 1998], based on [Levin 
& Lindberg, 1979, Volz, 1973, Patterson et al. , 1977] 

Averaged Arid Dust  250-50000 [Krekov, 1993] based on [Volz, 1983, Ivlev, 1982] 

Mixture of hematite and quartz. Hematite is 10% 
by volume. O and E ray. 

33-50000 [Longtin, 1988] 

Composite clay (1/3 by weight of 
Montmorillonite, Illite and Kaolinite) 

50-4000 [Querry, 1987] 

Composite of Hematite, Illiite, Montmorillonite, 
Quartz, Kaolinite and Calcite 

100-34722 [Balkanski et al. , 2007] 
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To decide which refractive index would be used, 41 spectra with a strong dust signature were 
selected over 10 days in June 2013 over the Atlantic Ocean. This region was chosen as the most 
representative for the CCI, and also because it allows us to focus on the refractive index without 
worrying about potential emissivity problems. An optimal estimation fit of the aerosol content and 
interfering trace gases is outlined in [Clarisse et al., 2010b] for 7 different refractive indices. The 
average residuals (differences of observed- calculated spectrum) in brightness temperatures are 
shown in the figure below. 

 
 Figure 2-1 Retrieval residuals with 7 different refractive indices.  

 

Note that in this figure, the residual around 1050 cm-1 should be disregarded, as no attempt was 
made to fit the ozone band accurately. The Fouqaert index stands out with a high fit residual, and 
fails to catch the overall V shape as accurately as the others do. The Volz indices on the other hand 
provide the bests fit, especially the measurement made from Barbados sand. This is not surprising as 
sand found at that location is perhaps the most representative for long-range transported Saharan 
dust. Also the Peters measurements from Cape Verde sand perform well. The new Di Biagio 
measurements provide a reasonably accurate fit, although consistently underestimate the extinction 
near 1100cm-1. The OPAC index, which was obtained from the Volz index with the addition of quartz 
features, gives the worst fit of all. The strong quartz feature at 800cm-1 that is clearly seen in the 
residual, is not seen that strong in the observed spectra.  

From Figure 2-1 we conclude that either the Volz Barbados or the Peters Cape Verde indices are most 
suitable. In the end we have decided to use the Volz indices as (1) they provided the best fit, (2) they 
are readily available, and (3) they are used in many other retrieval schemes, including the ones from 
project partners. Finally, Figure 2-2 shows the mean observed and calculated spectra from our test 
case of 41 spectra.  
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Figure 2-2 Mean observed and calculated spectrum with the Volz (1973) refractive indices. 

 

2.3.3 Altitude 

Aerosol dust altitude can be retrieved in the infrared for large optical depths. However the 
uncertainties become too large in the general case, so that one has to resort to retrieval schemes 
which use information from multiple pixels (monthly [Peyridieu et al., 2010] or regional averages 
using a priori information [Vandenbussche et al. , 2013]). For this reason, and for overall consistency 
and quality control, we have opted here to work with a monthly climatology derived from CALIPSO 
[Yu et al., 2010] observations.  

The approach that we followed is very similar to the one presented in [Tsamalis et al., 2013]. As input 
for the climatology the Lidar Level 2 Vertical Feature Mask was used for all CALIOP observations from 
2007 to 2013. The CALIOP data were obtained from the NASA Langley Research Center Atmospheric 
Science Data Center. From this data all layers (which included multi-layered structures) were 
extracted which were classified as ‘dust’ or ‘polluted dust’ with a high feature QA and a confident 
cloud/aerosol assessment. For each such layer the mean altitude (defined as the mean between the 
top and the bottom of the layer) was stored. Then all data was gridded (1° by 1°) and averaged for 
one-month periods, calculating both the mean and standard deviation. To reduce the apparent 
noise, grid boxes with fewer than 150 measurements were set to NaN and the resulting data was 
then smoothened. Doing so, the standard deviation of the grid boxes corresponding to locations 
outside the main dust areas was unrealistically low. Volcanic ash, and exceptional dust storms can 
travel huge distances, and when that happens, the altitude is typically large and variable. For this 
reason, the standard deviation grid boxes with fewer than 100 observations were set to a more 
realistic value of 2 km. 
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An example of the mean and standard deviation for the month June is shown in Figure 2-3.  

 

 
Figure 2-3 Mean and standard deviation (inset) of dust altitude derived from CALIPSO L2 data. 

2.4 Aerosol detection 
The basis of the dust detection scheme that has been employed here has been discussed in detail in 
[Clarisse et al., 2013]. We summarize the method briefly below. 

A crucial feature of the method is that it does not rely on any forward simulations; instead, it uses 
real observed IASI spectra of aerosol dust as the basis of the detection. In the original method, 11 
averaged dust spectra were used. Here we have simplified this further and it turned out that four 
average representatives, for ocean, ocean (emission), land (AM) and land (PM) yielded very good 
detection. These four representatives are shown in Figure 2-4 and form the basis of our detection 
algorithm (and as we will see later also for the retrieval algorithm). Note that we use here a subset of 
100 channels (from the 169 channels introduced above) between 775 and 1250 cm-1

. 

As well as information on the spectral signature of dust, we need to capture the spectral information 
of clear spectra (uncontaminated with dust). For this, we use a global mean 𝜇𝜇𝑐𝑐 and covariance matrix 
𝑆𝑆 of clear spectra both for land and over sea separately (this as explained in [Clarisse et al. , 2013] 
was trained recursively, as detection gets better, the mean and covariance matrix can be updated).  
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Figure 2-4 IASI averaged dust spectra used in the detection algorithm (selected 

channels) 

The actual detection is based here on linear discrimination analysis (but has also a relation with 
optimal estimation [Walker et al., 2011]): 

𝑅𝑅(𝑦𝑦) =
𝑘𝑘𝑇𝑇𝑆𝑆−1(𝑦𝑦 − 𝜇𝜇𝑐𝑐)
√𝑘𝑘𝑇𝑇𝑆𝑆−1𝑘𝑘

 

With y the observed spectrum and 𝑘𝑘 = 𝜇𝜇𝑝𝑝 − 𝜇𝜇𝑐𝑐 . This quantity is normalized so that for clear spectra 
the mean equals 0 and the standard deviation equals 1. So that 99.7% of clear spectra will have an R 
value within ±3. Suitable thresholds on this value can therefore detect dust. This relative distance 
criterion is very good at detecting dust, but typically suffers from too many false detections due to 
surface emissivity features over deserts and ice.  

To resolve these over desert, a monthly averaged R-bias was calculated from months where no or 
not much dust is to be expected as illustrated in Figure 2-5. This bias was then subtracted from each 
individual observation (based on the closest grid point and only over desert).  

To resolve the false detections over ice and snow, we decided to exclude observations over ice and 
snow from the processing chain as no dust observations are expected there anyway. For this a 
monthly climatology was built using ERA ECWMF reanalysed data of ice and snow cover,  where we 
disregard observations where there is on average more than 30% sea-ice or 2 cm snow in addition to 
some manually chosen areas. 

Finally, a (linear) dependence of the R index on the surface temperature was discovered and 
corrected for in v7 of the algorithm. The linear correction factor was estimated from (an assumed 
dust free area) of over North America. 
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Figure 2-5 Month where the lowest dust AOD is expected over deserts. 

 

Example detection on June 2013 is shown in the figure below. The comparison with the MACC 
ECMWF model for the same time-period (arbitrarily based on the criterion OD>0.3), reveals an 
excellent match for the detected patterns. This model data was downloaded from http://sds-
was.aemet.es/forecast-products/dust-forecasts/.  

 

http://sds-was.aemet.es/forecast-products/dust-forecasts/
http://sds-was.aemet.es/forecast-products/dust-forecasts/
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Figure 2-6 IASI dust detection ratio for June 2013 

 

 

 
Figure 2-7 MACC ECWMF dust detection ratio (cells with OD>0.30) for June 2013 
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2.5 Summary of L1C/L2 and auxiliary data NN-ready files. 
As part of the processing chain, the data presented in this section (L1C/L2 and auxiliary 
data), is stored in one convenient Matlab file (one per day) available for use by the neural 
network. The contents of these files are summarized in the table below. 

 

Table 2-3 Summary of L1C/L2 and auxiliary data NN-ready files 

Category Name 

Geolocation (L1C) 

Latitude (degrees) 

Longitude (degrees) 

Date/time (UTC) 

Zenith angle (degrees) 

Surface altitude above sea level (km) 

Ocean/land/snow-ice flag 

Radiance data (L1C) Radiance at 801 cm-1 and 809.75 cm-1 (brightness temperature, 
rounded to 0.01K) 

Atmospheric profiles (L2) Temperature profile (12 levels, in K) 

Pressure profiles (11 levels, in hPa) 

Humidity profiles (7 levels, in partial columns) 

Ozone profiles (23 levels, in mass mixing ratio, only for 2013) 

Other data (L2) Cloud coverage (%) 

Surface temperature (K) 

Auxiliary data Caliop dust height (km) 

Caliop dust height standard deviation (km) 

Dustflag (0/1) 

Dust R values (4 per observation) 

Surface emissivity (at 801 cm-1 and 809.75 cm-1) 
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3 RETRIEVAL 
The actual OD retrieval algorithm relies on a neural network. The main motivations for this approach 
are:  

1. A multilayer perceptron with one hidden layer can approximate any continuous bounded 
function arbitrarily close. While continuity is not automatically guaranteed in our case 
(for instance when the retrieval problem is under-constrained), for our problem we will 
show that they can accurately map the retrieval problem.  

2. Spectral fitting approaches perform the same expensive calculations (with slightly 
different input parameters). It can be argued that most of these calculations must be 
redundant. 

3. A neural network allows easily estimating the propagation of the uncertainties of the 
input parameters on the network output (the retrieval result). 

Any neural network needs to be trained with a suitable set of training data, which is discussed in the 
next section. Note that for the remainder of this section OD refers to the OD at 10 μm. 

3.1 Data Training set 
To have maximum control over the training data, it was constructed here from forward simulations 
using the forward model presented in [Clarisse et al., 2010b]. The radiative transfer in the forward 
model uses a four stream adding-doubling approach to deal with the effects of multiple scattering. 
The aerosol optical properties were calculated with Mie theory from the aerosol properties 
(refractive index, size distribution) outlined in the previous section.  

To make the dataset as representative as possible for actual observed dust spectra, the input 
parameters (background atmosphere, viewing angle, surface height, emissivity parameters, etc.) for 
the forward simulation were taken from the auxiliary parameters of the NN-ready files L1C and L2 
data (but of course not the observed spectrum). In particular: 

- For the year 2013, about 1 in 200 observations were selected with 0% of cloud coverage and 
to have valid (non-NAN) L2 data. 

- These observations were further selected so that in 90% dust was detected.  

The ‘atmospheres’ selected in this way are shown in Figure 2-8. 

A random aerosol altitude (between 0.5 and 6.5 km) was assigned to each of the observations. The 
CALIOP altitude is at this stage not used to make the simulations representative for a larger range of 
different altitudes. For each of these observations, 10 forward simulations were carried out with 
varying random OD (between 0 and 3, but with a higher probability assigned to the lower ODs). In 
this way a dataset of over 120000 simulations over ocean and 130000 over land was constructed.  
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Figure 3-1 Location of the atmospheres used for building the training data set. 

3.2 Setup and training of the neural network 

3.2.1 Input parameters 

The input parameters of a neural network should be extensive enough to make the problem well 
defined, but at the same time, redundancy should be avoided. We first discuss the input parameters 
related to the spectrum itself and to the surface temperature.  

3.2.1.1 The V-shape and the R function 

In the research phase of this project, first all available spectral channels were used as input. 
However, we found that although it was very easy to train the network satisfactory, the network 
itself was too sensitive to the particular refractive index that was used in the forward simulations. In 
this case, it appeared that the output was very sensitive to the small-scale features between 
different spectral channels, rather than the large scale ‘V’-shaped mineral extinction feature. This is a 
common problem in neural networks, and the solution is often to reduce the number of input 
parameters. In order to capture the overall extinction feature, a good parameter is the R function, 
defined in section 2.4. For increasing optical depth, the R-value increases monotonically (up to 
saturation levels) as is illustrated in the figure below. Another appealing characteristic of the function 
is that for constant atmospheric parameters it is almost linearly related to small optical depths. The 
slope is mainly determined by the thermal contrast that is the temperature difference between the 
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(effective) skin temperature and the atmospheric temperature, which in turns is determined by the 
aerosol height. 

 
Figure 3-2 Relating OD and the R function for two different atmospheric scenario's 

3.2.1.2 The surface temperature 

Another input parameter that caused trouble in the initial testing phase was the surface 
temperature, which as mentioned before is essential for determining the thermal contrast, and 
hence the R/OD slope. Unfortunately, even for an advanced hyperspectral infrared sounder as IASI, it 
can be challenging to retrieve an accurate surface temperature, especially over deserts and in the 
presence of aerosols. Indeed, the presence of aerosols almost makes it impossible to retrieve surface 
temperature independently from the aerosol content. To address this issue, rather than using the L2 
surface temperature, we added an extra input parameter, set to the mean of the brightness 
temperature over two selected window channels outside the main ‘V’ feature. This then gives the 
neural network sufficient information on the baseline to work with. Effectively, rather than training 
the neural network to retrieve OD from R given specified L2 info (including the surface temperature), 
the neural network is then asked to retrieve both the OD and implicitly the surface temperature 
given R and the temperature of the baseline.  

3.2.1.3 Summary of the input data 

Below we tabulate the input parameters of the neural network. Care has been taken that all major 
variables are present that affect the observed spectrum, although for instance not all L2 parameters 
used in the forward simulations have been included, to avoid problems with overfitting. In addition, 
emissivity parameters have been omitted for observations over ocean, as these are a strict function 
of the zenith angle. 
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Table 3-1 Input data of the neural network 

Category Name 

Auxiliary data 
Zenith angle (degrees) 

Dust layer height above sea level (km) 

Radiance data (L1C) Sum of the brightness temperature for the channels at 801 and 
809.75 cm-1 

Dust R values (ocean, land-AM and land-PM) 

Atmospheric profiles (L2) Temperature profile (6 levels, in K) 

Surface pressure 

Humidity profiles (5 levels, in partial columns) 

3.2.2 Neural network setup 

For the neural network, we chose a two-layer feed-forward network with sigmoid hidden neurons 
and linear output neurons (falling in the class of universal approximator). The hidden layer size was 
set to 15. The network is illustrated in Figure 3-3. 

 

 

 

Levenberg-Marquart was used as the training function with the ‘mean square error’ as performance 
function. The dataset was divided in 90% train data, 9.9% test data and 0.1% validation data. The test 
data is used to avoid overfitting, while the validation data is used to evaluate the overall 
performance of the network on an independent data set. 

Rather than using as output the OD, it was found better to use the ratio OD/R as output parameter. 
OD’s have a large dynamic range and using those as an output would imply that the absolute error 
performance function would weigh the error’s on the higher OD’s relatively higher than the low OD’s 
(and hence would result in poor performance of the network for the higher OD’s). On the other 
hand, a performance function based on the relative error would give too much importance to the 

Figure 3-3. Diagram of the neural network. 
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very low OD values. For a fixed atmospheric setup, the ratio OD/R is constant for low values of 
optical depths, and has in any case a small dynamic range, which circumvents the aforementioned 
problems.  

3.2.3 Neural network training 

Network training takes, depending on the run, about 50-100 iterations, where the performance on 
the test data is in most cases just slightly below the performance on the training set. This indicates 
that the network weights are not overly sensitive to the training data. The performance of the whole 
set is illustrated in 2D error histograms below for different altitude groups (Figure 3-4). Here the 
output was converted back to optical depth through multiplaction with the R factor. Note that to get 
the neural network used to ‘noisy’ R values, a random noise was added to the calculated R value (1.5 
standard deviations); The errors shown here are thus realistic for real noisy input data. As to be 
expected, the performance of the network is best for aerosol layers above 2 km. Keeping in mind the 
lower thermal contrast and saturation issues, the performance for layers below 2 km is still 
satisfactory.   

A further illustration of the performance is shown in Figure 3-5. The left panel shows the mean 
percent difference of the target vs output, in % (absolute value) as a function of OD and plume 
altitude (left panel). The right panel shows the mean percent difference of the target vs output, in % 
(here the sign is taken into account to illustrate possible network biases). The absolute value 
difference is almost everywhere below 20% except for the lowest altitude and optical depths. The 
network bias is around 0 for most Altitude/OD combinations, except for the lowest and the highest 
OD’s. 

 
Figure 3-4 2D histograms of the neural network performance after training (for the 
ocean neural network, land is similar). 
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Figure 3-5 Performance mean errors (in absolute value) and performance biases (for 

the ocean neural network, land is similar). 

 

3.3 Example 
An example of the NN output on real observed spectra is shown in Figure 3-6 for 13 June 2013 (AM) . 
Note that the retrieval is only performed on spectra with a cloud coverage below 10%, which 
explains the gaps in the data coverage. The monthly average for the month of June is shown in Figure 
3-7, showing good agreement with other published results (e.g. [Peyridieu et al., 2013]). 
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Figure 3-6 Example retrieval output (OD at 10 μm) on 13 June 2013 AM. 

 

 
Figure 3-7. June monthly average of the 10 μm optical depth. 
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4 UNCERTAINTY CHARACTERISATION 

4.1 Systematic uncertainty 
Systematic errors include biases introduced beyond our immediate control, due to the choice of the 
size distribution, refractive index and forward model. We have not carried out our own error analysis, 
but here we rely on studies from the LMD group [Pierangelo et al., 2004], since these in essence all 
stem from the forward model. The size distribution and refractive index were estimated to yield an 
error of maximum 10% each. Other forward model errors are expected to be negligible. In view of this 
we conservatively estimate our systematic error to be of the order of 25%. 

4.2 Random uncertainty 
Here we discuss the uncertainty caused by uncertainties in the input parameters and input of the neural 
network. The nature of the neural network implies that we can very easily calculate how these errors 
propagate on the final OD retrieval. We attribute the following uncertainties σ to the five input 
parameters: 

 

1. Aerosol altitude. Here we use the standard deviation of the CALIOP heights. σALT= σcal. 

2. IASI instrumental noise on R. The R-value, has by definition an uncertainty of σR=1.  

3. IASI instrumental noise on the input baseline channels. We use σBL=0.28K. 

4. Temperature profile. A value of σTEMP=1 K has been applied for the whole profile 
[Pougatchev et al., 2009, August et al., 2012]. 

5. Humidity profile. A value of σHUM=10% has been applied for the whole profile 
[Pougatchev et al., 2009, August et al., 2012]. 

 

In addition to these, there is the error caused by the imperfect training of the neural network, this was 
set at σNN =25%. Using these we can calculate the total error on the OD as 
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The different error terms are illustrated in figure 4-1 (absolute errors) and 4-2 (relative errors) for 13 
June 2013. In absolute errors, as expected the largest contribution comes from uncertainty in the dust 
altitude. This is also the case when looking at the relative errors, except for those observations with 
little or no dust, where the uncertainty on the R-value dominates (relative errors over 100% but very 
low OD) .   
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Figure 4-1 Absolute error budget (in optical depth) for 13 June 2013 
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Figure 4-2 Relative error budget (in % of optical depth) for 13 June 2013 
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5 ALGORITHM OUTPUT 

5.1 Quality flags 
• Pre_quality_flag:  This flag determines whether an optical depth will be retrieved for 

each observation. It is set if: 

o Snow/ice mask is off 

o Cloud coverage <=10% 

o IASI L2 is available. 

• Post_quality_flag: This flag determines whether the retrieval should be used or not. Note 
that this flag only removes the worst observations; observations with post-quality_flag 
set to 1 can still have a large uncertainty!  

o For low OD <0.1 the absolute error should be smaller than 0.1  

o For high OD>0.1 the relative error should be smaller than 100% 

o Additional thresholds on the retrieved ratio (if too high the observation is 
considered unreliable) 

For any post processing or practical use of the data is it is strongly recommended only to use 
the data where both flags are set to 1. 

5.2 Netcdf files 
The output format and dataset is summarized in the table below. 

 

Format 

 netCDF4, because compatible to HDF-5 (if not possible CDF3 also allowed) 

 the products are compliant with CF metadata convention 1.4 
http://cfconventions.org/Data/cf-conventions/cf-conventions-1.4/build/cf-conventions.html  

Filename 

 Lv2:  daily (AM/PM separated): 

MetOpA.IASI.Lv2.dust.AOD.<algorithm>.<version>.<date><AM/PM>.nc 

 Lv3, daily (total, optional AM/PM):  
MetOpA.IASI.Lv3.dust.AOD.<algorithm>.<version>.<year><month><day><AM/PM>.nc 

 Lv3, monthly (total, optional AM/PM): 
MetOpA.IASI.Lv3.dust.AOD.<algorithm>.<version>.<year><month><AM/PM>.nc 

http://cfconventions.org/Data/cf-conventions/cf-conventions-1.4/build/cf-conventions.html
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Global attributes 

-2 dateTime = "2009-01-02 11:55:24" (UTC time of first observation) 

-1 productID = "Filename" 

Auxiliary variables 

1 latitude (at center; for level 3 vector with same value for each line of the data arrays, for 
level 2 also a complete vector with different values for each pixel) 

2 longitude (at center; for level 3 vector with same value for each column of the data arrays, 
for level 2 also a complete vector with different values for each pixel) 

3 time (UTC time of acquisition HHMMSS; one vector for level 2 with pixel acquisition 
times, two arrays with first and last time of acquisition of any contributing pixel for level 
3) 

Product variables (The CF-compliant standard variable name is standard_name = 
"atmosphere_optical_thickness_due_to_aerosol"; wavelength specification is only added in the 
long_name = "Aerosol Optical Depth at 550nm"; for the other variables (aerosol type, etc.) no 
CF-compliant standard variable names exist yet.) 

4 aod10000 

5 aod10000_error (= absolute uncertainty) 

6 aod11000 

7 aod550   

Diagnostic variables (Diagnostic varibles are optional, as appropriate and defined in each 
ATBD, with explanation in meta data) 

8 satellite_zenith (at center) 

9 dust_flag (no dust (0) or dust (1)) 

10 land_flag (ocean (0) or land (1)) 

11 cloud_flag (clouds no (0) or yes (1)) 

12 pre_quality_flag (bad (0) or good (1)) 

13 post_quality_flag (bad (0) or good (1)) 

Obligatory qualifier attributes for each variable 

 long_name 
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 standard_name (see CF standard name list) 

 units (unless dimensionless variable: can be missing or then set to “no_units”) 

 valid_range 

 coordinates 

 missing_value 
 (no value provided, agreed to be -999) 
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