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ABSTRACT: Observations from spaceborne microwave (MW) and infrared (IR) passive sensors 
are the backbone of current satellite meteorology, essential for data assimilation into modern 
numerical weather prediction and for climate benchmarking. While MW and IR observations 
from space offer complementary features with respect to cloud properties, their synergy for cloud 
investigation is currently underexplored, despite the presence of both MW and IR sensors on 
operational meteorological satellites such as the EUMETSAT Polar System (EPS) MetOp series. As 
such, several key cloud microphysical properties are not part of the operational products available 
from EPS MetOp sensors. In addition, the EPS Second Generation (EPS-SG) series, scheduled for 
launch starting from 2024 onward, will carry sensors such as the Microwave Sounder (MWS) and 
IASI Next Generation (IASI-NG), enhancing spatial and spectral resolutions and thus capacity to 
retrieve cloud properties. This article presents the Combined MWS and IASI-NG Soundings for 
Cloud Properties (ComboCloud) project, funded by EUMETSAT with the overall objective to specify, 
prototype, and validate algorithms for the retrieval of cloud microphysical properties (e.g., water 
content and drop effective radius) from the synergy of passive MW and IR observations. The 
article presents the synergy rationale, the algorithm design, and the results obtained exploiting 
simulated observations from EPS and EPS-SG sensors, quantifying the benefits to be expected 
from the MW–IR synergy and the new generation sensors.
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C louds play a key role at all different scales, from local weather to global climate  
(Fu et al. 2011; Stevens and Bony 2013; Stephens et al. 2015; Bony et al. 2015). 
Albeit measurements of cloud microphysics are possible with in situ cloud probes, 

these become impractical at a global scale. Conversely, observations from space offer the 
capability to monitor clouds over the entire globe, investigating cloud–radiation interactions 
and cloud microphysical properties (Stephens and Kummerow 2007; Stephens et al. 2018). 
Therefore, the bulk of cloud information comes from satellite observations, in particular 
from radiometric (passive) measurements of the upwelling electromagnetic radiation from 
the Earth–atmosphere system (Geer et al. 2019). Several spaceborne sensors, operating in 
the visible, infrared (IR), and microwave (MW) sections of the electromagnetic spectrum, 
are nowadays providing cloud products. In addition to the products extracted from a single 
sensor, more can be inferred from sensor synergy, leveraging on complementary features of 
atmosphere–radiation interaction at different wavelengths (August et al. 2012; Nalli et al. 
2018; Smith and Barnet 2019). However, despite satellite MW and IR observations offer 
complementary information on cloud microphysics (Romano et al. 2007), their synergy is 
currently underexplored, with no operational cloud product exploiting that. In this context, 
ongoing research aims at addressing this gap by developing combined MW–IR algorithms for 
the retrieval of cloud microphysics products from next-generation polar-orbiting satellites to 
be operative for the next two decades (Mastro et al. 2022).

Rationale
Radiometric passive sensors measure the natural radiation coming from the observed scene, 
which consists of the integrated contributions from Earth’s surface and the atmospheric 
constituents (gas, cloud particles, aerosols) along the path (Stephens and Kummerow 2007). 
Radiation interacts with cloud particles in such a way that the greatest sensitivity to the mi-
crophysical details of cloud in the atmosphere occurs when the wavelength of the radiation 
is close to the size of the particles (Geer et al. 2019): while shorter wavelengths (e.g., visible 
and infrared) are more sensitive to smaller particles, longer wavelengths (e.g., microwave) 
are more sensitive to larger particles. In addition, shorter wavelengths are more sensitive 
to the amount of cloud particles and water content, such that they see thin clouds that are 
transparent to longer wavelengths. On the other hand, shorter wavelengths are blocked by 
the top of thicker clouds, while longer wavelengths may be able to see throughout the cloud 
deck. This situation is pictured in Fig. 1. More quantitatively, Fig. 2 shows the sensitivity  
of satellite observations at typical IR and MW wavelengths to the integrated cloud liquid 
water path (CLWP). While IR is very sensitive to small water amounts, decreasing by up to  
1.6 K (g m−2)−1 of CLWP when CLWP < 25 g m−2, it quickly saturates as the CLWP reaches  
50 g m−2, as typical even for relatively thin clouds (Kniffka et al. 2014). Conversely, MW shows 
a rather linear sensitivity with respect to CLWP [~0.05 K (g m−2)−1], much smaller than for IR 
at low CLWP, but constant with increasing CLWP.
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Thus, as the cloud becomes thicker, it blocks IR radiation coming from Earth’s surface, and 
the IR radiation reaching a spaceborne radiometer tends to be generated close to the cloud 
top. On the other hand, MW radiation emitted from Earth’s surface is only slightly affected 
when passing through the cloud and it carries information on the total vertical water content. 
A similar reasoning may be applied to ice clouds: IR radiation is greatly sensitive to low cloud 
ice water path (CIWP) while MW radiation is more sensitive to thicker ice clouds with higher 
CIWP (Sun and Weng 2012). Therefore, a proper combination of IR and MW measurements 
would be able to provide useful information over the whole range of cloud water paths and 
also help in determining the cloud vertical structure, particularly in case of overlapping cloud 
layers, as suggested by several investigators (e.g., Chevallier et al. 2002; Huang et al. 2006; 
Romano et al. 2007; Islam et al. 2014).

Current status
Nowadays, thanks to the presence of both MW and IR passive sensors on operational meteo-
rological satellites, such as the MetOp satellites of the EUMETSAT Polar System (EPS) mission, 
the synergy of MW and IR observations is widely used for operational atmospheric temperature 
and humidity profiling in clear and cloudy conditions (August et al. 2012; Nalli et al. 2018; 
Smith and Barnet 2019). However, such a synergy is still underexplored for the retrieval and 
investigation of cloud microphysics. Despite that some previous investigations have demon-
strated the feasibility and benefits of MW–IR synergy (Chevallier et al. 2002; Huang et al. 2006; 
Romano et al. 2007; Islam et al. 2014; Holl et al. 2014; Maddy and Boukabara 2021), several 
key parameters for cloud physical processes are not part of the operational level 2 products 
available from EPS sensors, such as the Advanced Microwave Sounding (AMSU), the Micro-
wave Humidity Sounder (MHS), and the Infrared Atmospheric Sounding Interferometer (IASI). 
Among the key parameters are the cloud particle effective radius (Re), the profiles of cloud 
liquid water content (CLWC) and cloud ice water content (CIWC), and their path-integrated 
CLWP and CIWP. For these products no operational heritage from EPS is available. MW and 

Fig. 1. Artistic view of complementary features of infrared (IR) and microwave (MW) observations  
of cloud properties as seen from the EUMETSAT Polar System Second Generation (EPS-SG) MetOp-A 
satellite (not in scale).
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IR observations will continue to 
be available on future operational 
missions, such as EPS Second 
Generation (EPS-SG), with the 
Microwave Sounder (MWS) and 
IASI Next Generation (IASI-NG). 
The main features of these  
two instruments are given in 
the sidebar. In short, MWS and 
IASI-NG provide enhanced spa-
tial and spectral resolutions, as 
well as lower instrumental noise, 
with respect to their predeces-
sors (IASI and AMSU/MHS), 
allowing more sophisticated 
retrieval procedures to estimate 
new cloud products with en-
hanced accuracy.

In this context, the European 
Organisation for the Exploita-
tion of Meteorological Satellites 
(EUMETSAT) funded a project to 
design, prototype, and validate 
algorithms for the retrieval of 
cloud products from combined 
MW–IR observations. This article 
summarizes the outcome of the project, named ComboCloud1 
(Combined MWS and IASI-NG Soundings for Cloud Properties), 
describing the retrieval approach, the retrieval performances, 
and the way forward.

Algorithm development
The primary objective of the ComboCloud study is to specify, prototype, and validate 
retrieval algorithms for cloud microphysical properties (CLWC, CIWC, CLWP, CIWP, and Re) 
from the synergy of MW and IR measurements, exploiting combinations of current (AMSU/
MHS and IASI) and future (MWS and IASI-NG) passive sensors. Secondary objectives are the 
quantitative evaluation of the benefits of (i) the MW–IR synergy with respect to MW-only and 
IR-only and (ii) the future sensors (MWS and IASI-NG) with respect to current ones (AMSU/
MHS and IASI). The project requirements also included the development of a thin cirrus 
detection flag (Ricciardelli et al. 2022, manuscript submitted to IEEE Trans. Geosci. Remote 
Sens.). This activity is not reported here as it involves IR measurements only, with thin cirrus 
being nearly transparent to MW radiation.

Previous studies have demonstrated MW–IR synergy for cloud properties retrievals using a 
variety of methods, including variational (Chevallier et al. 2002), physical (Huang et al. 2006; 
Romano et al. 2007), and machine learning (Islam et al. 2014; Holl et al. 2014; Marke et al. 
2016; Maddy and Boukabara 2021) approaches. Machine learning methods are increasingly 
applied to data inversion because of their ability to find nonlinear statistical relationships 
between target variables and input variables, such those arising in satellite remote sens-
ing of geophysical parameters through spectral radiances (Holloway and Mengersen 2018; 
Belgiu and Drăguţ 2016; Izquierdo-Verdiguiera and Zurita-Millab 2020). Here, we also adopt 

1 www.eumetsat.int/combocloud

Fig. 2. Simulated cloudy minus clear sky radiance difference 
at 11 μm and 31.4 GHz for a range of cloud liquid water path 
(CLWP). Both calculations use the same atmospheric settings: 
temperature and water vapor profiles are from typical midlati-
tude Atlantic Ocean conditions (from the 60-level diverse pro-
file dataset available at https://nwp-saf.eumetsat.int/site/software/
atmospheric-profile-data/), with 288.4-K sea surface tempera-
ture, 44.4 kg m−2 integrated water vapor, 280-m-thick strati-
form cloud with top at 496.6 hPa, and 5-μm effective radius. 
The dataset considered in this work contains clouds at around 
this altitude for ~20% of the cases. Figure adapted to satellite 
observations from Turner (2007).
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MW and IR sounders on EPS-SG (MWS and IASI-NG)
The EPS-SG Microwave Sounder (MWS; www.eumetsat.int/eps-sg-microwave-sounder) is a total power radiometer that measures the upwell-
ing radiance. The primary objective of the MWS is to support numerical weather prediction (NWP) at regional and global scales by providing 
information on atmospheric temperature and water vapor profiles in clear and cloudy conditions. It is also sensitive to cloud water content. 
The MWS has a direct heritage from the microwave instruments AMSU-A (Advanced Microwave Sounding Unit A) and MHS (Microwave 
Humidity Sounder) on board EPS and NOAA satellites (Table SB1). The MWS spectral characteristic is enhanced in comparison to its predeces-
sors by the addition of two temperature and three humidity sounding channels, including one at 229 GHz particularly sensitive to ice clouds. 

Table SB1. Channel comparison between MWS and AMSU/MHS. In the AMSU/MHS combination, channels 1–15 belong to 
AMSU-A, channels 16–20 belong to MHS. Channels 5, 7, 20, 22, 24 of MWS are new with respect to AMSU/MHS. Channels 
18, 19, 21, 23 have either central frequency, polarization, or passband differences with respect to the closest AMSU/MHS 
channels.

AMSU/MHS MWS

Ch. No. Channel frequency (GHz)
NEΔT  

(K) Ch. No. Channel frequency (GHz)
NEΔT  

(K)

1 23.8 0.30 1 23.8 0.25

2 31.4 0.30 2 31.4 0.35

3 50.3 0.40 3 50.3 0.50

4 52.8 0.25 4 52.8 0.35

5 53.246 ± 0.08 0.40

5 53.595 ± 0.115 0.25 6 53.596 ± 0.115 0.40

7 53.948 ± 0.081 0.40

6 54.4 0.25 8 54.4 0.35

7 54.94 0.25 9 54.94 0.35

8 55.50 0.25 10 55.50 0.40

9 57.290344 0.25 11 57.290344 0.40

10 57.290344 ± 0.217 0.40 12 57.290344 ± 0.217 0.55

11 57.290344 ± 0.3222 ± 0.048 0.40 13 57.290344 ± 0.3222 ± 0.048 0.60

12 57.290344 ± 0.3222 ± 0.022 0.40 14 57.290344 ± 0.3222 ± 0.022 0.90

13 57.290344 ± 0.3222 ± 0.010 0.80 15 57.290344 ± 0.3222 ± 0.010 1.2

14 57.290344 ± 0.3222 ± 0.0045 1.20 16 57.290344 ± 0.3222 ± 0.0045 2.0

15 89.0 0.50

16 89.0 0.22 17 89.0 0.25

17 157.0 0.38 18 165.5 ± 0.725 0.50

18 183.311 ± 1.0 0.42 23 183.311 ± 1.0 0.75

22 183.311 ± 1.8 0.60

19 183.311 ± 3.0 0.57 21 183.311 ± 3.0 0.60

20 183.311 ± 4.5 0.40

20 191.31 0.45 19 183.311 ± 7.0 0.40

24 229 0.70

Table SB2. Channel comparison between IASI-NG and IASI. The corresponding noise levels are illustrated in Fig. SB1.

Characteristic IASI IASI-NG

Spectral coverage 645–2,760 cm−1 645–2,760 cm−1

Spectral sampling 0.250 cm−1 0.125 cm−1

No. of channels 8,461 16,921

Noise level Blue curves in Fig. SB1 Red curves in Fig. SB1
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The MWS set of channels is thus similar to the ones of the Advanced Technology Microwave Sounder (ATMS) on board the NOAA–NASA 
Suomi National Polar-Orbiting Partnership (SNPP) satellite but with the additional high-frequency window channel at 229 GHz.

The Infrared Atmospheric Sounding Interferometer–New Generation (IASI-NG; www.eumetsat.int/eps-sg-iasi-ng) is an infrared inter-
ferometer which has the capability to measure the temperature and water vapor profiles of Earth’s atmosphere. The primary objective 
of IASI-NG is to support NWP at regional and global scales. IASI-NG has a direct heritage from its predecessor IASI instrument on board 
EPS satellites. IASI-NG will provide observations at 16,921 spectral samples between 645 and 2,760 cm−1 with a spectral resolution  
of 0.25 cm−1. With respect to its predecessor IASI, IASI-NG has double spectral resolution and signal-to-noise improved by a factor of 2 
(Fig. SB1, Table SB2). These improvements are fundamental for increasing the accuracy in estimating the vertical profile of key atmospheric 
parameters for weather and climate studies (Crevoisier et al. 2014; Boynard et al. 2017).

Fig. SB1. Noise level for IASI (blue curves) and IASI-NG (red curves). (left) Radiometric noise in radiance units after the 
Gaussian apodization (L1C data). (right) Equivalent brightness temperature NEΔT at 280 K.

machine learning approaches, two types in particular: (i) feedforward artificial neural net-
works (NN), also referred to as multilayer perceptron (MLP) systems and demonstrated to be 
“universal approximators” (Hornik et al. 1989), and (ii) random forests (RF), also referred to 
as ensemble learning methods, because they operate by constructing a structure composed 
of several decision trees (Breiman 2001). Within the ComboCloud project, NN algorithms 
were developed for the retrieval of CLWC, CIWC, CLWP, and CIWP, while an RF algorithm 
was developed for the retrieval of Re.

Both NN and RF require training of the coefficients. This is usually obtained through a 
dedicated dataset of collocated and simultaneous observations and target variables. Since 
ComboCloud mainly addresses future sensors (MWS and IASI-NG will fly on board the 
MetOp-SG spacecraft from 2024 onward), an observational dataset is not available yet and 
thus a synthetic dataset of simulated observations had to be generated. Indeed, a simulated 
approach provides the flexibility needed for evaluating the relative improvements brought by 
the MW–IR synergy and by future sensors with respect to what is currently available. Figure 3 
pictures the design, implementation, and validation of ComboCloud algorithms. A simulated 
dataset of realistic observations was produced processing global data from ERA5, the fifth 
generation of European Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis, with 

Brought to you by University of Maryland, McKeldin Library | Unauthenticated | Downloaded 05/09/23 06:40 AM UTC

http://www.eumetsat.int/eps-sg-iasi-ng


A M E R I C A N  M E T E O R O L O G I C A L  S O C I E T Y M A R C H  2 0 2 3 E612

state-of-the-art radiative trans-
fer models (RTM) codes, namely,  
RTTOV-SCAT (Saunders et al. 
2018) and sigma-IASI-as (Liuzzi 
et al. 2017). Input data from 
ERA5 are mainly atmospheric 
thermodynamic profiles (pres-
sure, temperature, humidity, 
cloud, and precipitation water 
contents) and surface meteoro-
logical data (pressure, tempera-
ture, humidity, wind). Global 
data at four days (1 January, 
1 April, 1 July, 1 October) and 
four synoptic hours (0000, 
0600, 1200, 1800 UTC) have 
been processed to catch typical 
seasonal and diurnal cycles. 
The considered dataset contains 
high (33%), medium (45%), and 
low (30%) clouds, inclusive of 
overlap cases. Thus, the considered dataset is assumed to include all types of clouds with 
realistic relative frequencies. Histograms for other cloud characteristics (i.e., pressure level, 
CLWP, CIWP) are illustrated in Fig. 4.

Radiance simulations at IR wavelengths assume cloud optical properties from the LBLDIS 
library for either liquid or ice particles (Turner et al. 2003), considering crystal aggregates 
for the latter (Martinazzo et al. 2021). Realistic values for cloud effective radius and size dis-
tributions are computed from ERA5 data using parameterized methods, developed for either 
liquid (Martin et al. 1994) or ice particles (Wyser 1998). At MW wavelengths, recommended 
RTTOV-SCATT optical properties have been used (Geer and Baordo 2014), including Mie 
spheres for rain and nonprecipitating hydrometeors and sector snowflakes for solid precipita-
tion. The processed dataset thus contains a fairly large number (66,144) of simulated radiance 
and brightness temperature spectra at MW and IR channels corresponding to current EPS 
(AMSU/MHS and IASI) and future EPS-SG (MWS and IASI-NG) sensors. Typical emissivity 
values obtained from physical model and atlas are considered in the simulation of MW and 
IR radiances. MW emissivity is computed with the TESSEM2 model and TELSEM2 atlas over 
ocean and land, respectively, available as part of the RTTOV package. For simulation over sea 
background, the emissivity is modified according to wind speed to account for ocean rough-
ness. IR surface emissivity is computed based on the Masuda model for sea surface (available 
for the 15 IASI Field of Regard angles), while the IR emissivity for land surface is derived from 
the University of Wisconsin Global Infrared land Surface Emissivity2 (Seemann et al. 2008). 
However, only data simulated over ocean have been considered 
in this study. Three nadir angles have been considered (2°, 21°, 
and 44°), spanning the range of useful observing angles of most 
satellite sounders. Synthetic noise is added to simulations accord-
ing to the instrument requirements (Tables SB1 and SB2 in the sidebar). The obtained dataset 
has been divided into three subsets for algorithm training (70%), test (15%), and validation 
(15%). The designed NN and RF algorithms are implemented and optimized based on the train-
ing and test datasets, and finally evaluated with the validation dataset. The target reference 
values correspond to the cloud properties values from the global reanalysis used to generate 

2 http://cimss.ssec.wisc.edu/iremis/, last access  
23 August 2022.

Fig. 3. (top) Flow diagram of ComboCloud algorithm design, 
implementation, and validation. Radiative transfer model 
(RTM) codes are used to generate simulated realistic observa-
tions from global reanalysis fields. (bottom) Zooming in the 
RTM input/output. Ancillary data include surface emissivity and 
cloud particle size distributions.
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the simulated observations. The algorithms were trained and optimized on the global dataset 
over ocean (day and night, including liquid and solid precipitation). The dataset was filtered to  
avoid extremely large CLWP/CIWP values (i.e., CLWP and CIWP larger than 0.6 and 0.5 kg m−2, 
respectively) that may harm the NN training, screening out less than 0.3% of the initial  
dataset. Algorithm optimization was achieved by objective methods, like hyperband tuners (Li 
et al. 2018; Akiba et al. 2019), random search (Bergstra and Bengio 2012; Kandasamy et al. 
2018), and early stopping (Caruana et al. 2000; Yao et al. 2007). Four independent modules 
have been developed, one for the retrieval of CLWC and CIWC profiles (SW1), one for the 
retrieval of CLWP and CIWP (SW2), one for the retrieval of the cloud effective radius (SW3), 
and one for the detection of thin cirrus (SW4). All four modules exploit machine learning 
techniques (NN for SW1-2-4, RF for SW3) and are designed to ingest all channels from either 
current (AMSU/MHS and IASI) or future (MWS and IASI-NG) sensors. SW1-2-3 are designed  
to take in input either MW-only, IR-only, or combined MW–IR, while SW4 is designed to take 
in input IR-only. Each module thus consists of multiple independent algorithms, with the 
same output, but different input and architecture. Note that the original dimensionality of  
the hyperspectral data (8,461 channels for IASI and 16,921 for IASI-NG) is reduced using 
principal component analysis (PCA). This step allows a compact representation of the spectra, 

Fig. 4. (top) Histograms of (left) pressure and (right) water content for liquid clouds within the considered dataset. (bottom) As 
in the top panels, but for ice clouds.
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much more efficient for the development and operational use of retrieval algorithms. All  
modules are applicable at one-pixel resolution and include an estimate of the per-pixel  
uncertainty. Further information on the algorithm development is given in Mastro et al. 
(2021, 2022).

Validation
The validation data subset was used to quantify the algorithm retrieval performances, 
comparing retrieved cloud products obtained from simulated satellite observations (CLWC, 
CIWC, CLWP, CIWP, Re) with the corresponding ERA5 data from which the simulated ob-
servations were generated. The validation dataset does not include cases used during the 
algorithm training phase, though it is generated using the same radiative transfer code 
and settings. As the validation set was selected randomly from the original dataset, we 
assume it retains the main characteristics, i.e., it includes all kind of clouds with realistic 
relative frequencies. Performances of configurations based on each single instrument or 
their combination can be compared to quantify the benefits of future sensors and MW–IR 
synergy with respect to current state. Figure 5 shows the statistics of the retrieval error and 
also the error decrease in CLWC and CIWC retrievals using six configurations. The retrieval 
error decrease is defined as the percentage decrease in root-mean-square error (rmse) with 
respect to the mean state; the latter being defined as simply the mean CLWC (or CIWC) 
profile derived from the training set:

 =100×
−

f
rmse rmse

rmse
.rmse

clim retr

clim

 (1)

Among the six configurations, three are based on current sensors (MW-only: AMSU/MHS; 
IR-only: IASI; MW–IR synergy: AMSU/MHS and IASI) and three on future sensors (MW-only: 
MWS; IR-only: IASI-NG; MW–IR synergy: MWS and IASI-NG). Figure 5 confirms quantitatively 
the qualitative expectations: the MW–IR synergy outperforms the configurations based in 
either MW- or IR-only for both liquid and ice clouds throughout the vertical domain, from few 
percent up to ~20%. The benefits of future sensors with respect to current ones is not always 
evident, but for MWS, which usually provides higher retrieval error decrease than the current 
AMSU/MHS for both liquid and ice clouds. However, it is worth noting that the combination 
of new sensors leads to a substantial error decrease (~10%) for CLWC at 500–600 hPa, which 
may be relevant for NWP applications. Note also that NWP centers do not necessarily as-
similate all channels, but just an opportune down-selection (e.g., Collard 2007), which may 
hide the benefits of higher resolution. However, PCA-based retrievals and data assimilation 
(Masiello et al. 2011; Matricardi and McNally 2013) are likely to grow with the advent of 
future higher-resolution sensors like IASI-NG.

Similarly, Fig. 6 shows the retrieval performances for path-integrated CLWP and CIWP. Here, 
we use the Taylor diagram (Taylor 2001) for a graphical, intuitive, and concise representation 
to compare the retrieval performances. The performances are quantified in terms of three 
statistics: (i) the Pearson correlation coefficient, (ii) the rmse, and (iii) the variability defined 
as one standard deviation (std) of the validation subset. Practically, the closer a marker is 
to the reference point, the better are the retrieval performances, so the relative merit of the  
different configurations is evident. MW–IR synergy shows the best retrieval performances 
for both CLWP and CIWP, followed by MWS-only and IR-only. Quantitatively, the MW–IR  
combination provides CLWP with 2% (14%) higher correlation and a 1.4 (2.4) factor lower 
rmse with respect to MW-only (IR-only). For CIWP, the MW–IR combination provides 4%  
(8%) higher correlation and a 1.7 (2.1) factor lower rmse with respect to MW-only (IR-only). 
With respect to current MetOp sensors (IASI and AMSU/MHS), the combination of future 
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Fig. 5. (top) Retrieval error (kg kg−1) for (left) cloud liquid water content (CLWC) and (right) cloud ice water content (CIWC). 
IR-only is shown in blue (solid: IASI; dashed: IASI-NG), MW-only in red (solid: AMSU+MHS, dashed: MWS), MW–IR combination in 
black (solid: AMSU+MHS+IASI; dashed: MWS+IASI-NG). (bottom) As in the top panels, but for retrieval error decrease (%) with 
respect to background.
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MetOp-SG sensors (IASI-NG and MWS) provides CLWP with 0.4% higher correlation and a 
1.2 factor lower rmse and CIWP with 0.2% higher correlation and a 1.4 factor lower rmse.

For the retrieval of cloud drop effective radius (Re), Fig. 7 shows the performances obtained 
with the combined IASI-NG and MWS configuration. Re for liquid and ice clouds are retrieved 
separately, and so the validation is performed separately. The reference Re have been deter-
mined from ECMWF data with the same parameterized methods used in the training [Martin 
et al. (1994) and Wyser (1998) for liquid and ice clouds, respectively]. The scatterplots in  
Fig. 7 show that the MW–IR combined approach offers some skills in retrieving Re throughout 
the 4–100-μm range. The validation shows 0.68-μm rmse and 0.79 correlation for liquid clouds 
and 11.67-μm rmse and 0.86 correlation for ice clouds, with a tendency for the retrievals to 
overestimate small values and underestimate large values. Using IASI-NG alone, the scores 
reduce to 0.87-μm rmse and 0.62 correlation for liquid clouds and 12.1-μm rmse and 0.85 
correlation for ice clouds. With respect to current MetOp sensors (IASI and AMSU/MHS), the 
combination of future MetOp-SG sensors (IASI-NG and MWS) provides Re with 1.6% higher 
correlation and a 2.4% lower rmse for liquid clouds and with 1.9% higher correlation and a 
4.7% lower rmse for ice clouds. These results provide overall global performances, although 
it is likely that the accuracy of Re estimates depends on cloud characteristics (e.g., optical 
thickness and top temperature).

Uncertainty estimation
A single-pixel uncertainty estimate for each cloud product has been implemented within the 
four retrieval modules. The single-pixel uncertainty is estimated for each module through 
the validation process, computing a binning analysis of the residuals between the values 
of the output cloud product and the corresponding target. Although this uncertainty is not 
based on error propagation, as for example in the optimal estimation method (Maahn et al. 
2020), it is based on the statistics of realistic retrieval residuals. The residuals account for 
the uncertainty due to the inversion technique as well as the expected instrumental random 
uncertainty, as instrumental noise was added to the simulated radiances. Note that the 

Fig. 6. Taylor diagrams for (left) CLWP and (right) CIWP retrievals. “Ref” marks the best adherence to the refence truth. Six NN 
architectures are compared, three corresponding to future sensors (F, red markers) and three to current sensors (C, blue markers). 
Plus markers (+) indicate combined MW and IR sensors (F1: MWS and IASI-NG; C1: IASI and AMSU/MHS). Circles indicate MW-only 
(F2: MWS; C2: AMSU/MHS-only). Cross markers (X) indicate IR-only (F3: IASI-NG-only; C3: IASI-only).
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residuals are not spatially correlated, as they are computed on single observations that are 
independent from each from other. Figure 7 shows the results from the binned analysis 
for selected cloud products (CLWC, CIWC, CLWP, CIWP, Re for liquid and ice clouds). Both 
the systematic and random error components are estimated, although they are combined 
into the total error to estimate the retrieval uncertainty (ut). A polynomial curve is fitted 
through the total error resulting from the binned analysis, and the single-pixel uncertainty 
estimate is generated evaluating the fit of the error model as a function of the retrieved 
product value:

 ε( ) ( )=u P Pt i M ifit , .  (2)

For example, the ith-pixel uncertainty associated to CLWC is computed as

 ( ) ( )=ut i iCLWC fit rms,CLWC .  (3)

Figure 8 shows that retrieval uncertainty is ~120% for CLWC, 70%–100% for CIWC, ~20% 
for CLWP, 15%–30% for CIWP, 10%–15% for liquid-cloud Re, and finally 10%–75% for 
ice-cloud Re. The achieved retrieval uncertainty may be compared with the user requirements 
for each of the considered cloud products. Table 1 reports uncertainty values for global NWP 
applications, as retrieved from World Meteorological Organiza-
tion (WMO) Observing Systems Capability Analysis and Review 
Tool (OSCAR).3 Three levels of performances are specified: 
threshold (T), breakthrough (B), and objective (O). Table 1 also 
reports the values set by the EPS-SG End User Requirements Document (EURD 2019), 
limited to the cloud products considered therein. Finally, Table 1 reports the performance 
levels obtained in ComboCloud: the goal (G), as set initially based on a literature review 

3 www.wmo-sat.info/oscar/requirements

Fig. 7. Superimposed scatterplot and box-and-whisker diagrams of Re retrievals for (left) liquid and (right) ice clouds. On  
each box, the central mark is the median, the edges of the box are the 25th and 75th percentiles (Q1 and Q3, respectively), the 
whiskers extend to the most extreme datapoints that are not considered outliers, while the outliers are plotted individually with 
red cross markers. Points are considered as outliers if they are outside 99.3% coverage of a normal distribution.
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(e.g., Lin et al. 1998; Huang et al. 2006; Romano et al. 2007; Holl et al. 2014; Nalli et al. 
2018), and the achieved (A) performances resulting from the validation using the simulated 
dataset. Note that the estimated per-pixel uncertainty does not account for the additional 
uncertainty related to mapping the products into model space, i.e., from satellite observations 
(level 2 data) to regular grids (level 3 data) (Sun et al. 2018).

Summary and conclusions
The ComboCloud study demonstrated quantitatively the value of combining MW and IR 
observations to retrieve cloud properties with respect to using MW-only or IR-only. The 
synergistic retrievals were demonstrated to combine the sensitivity of MW and IR to cloud 
properties, thus outperforming the performances achievable by either one. In addition, 
the study demonstrated quantitatively the added value of next generation EPS-SG sensors 
(IASI-NG and MWS) with respect to the EPS sensors currently available (IASI and AMSU/
MHS). The impact of sensor synergy and next generation sensors depends on the considered 
cloud product and can lead to considerable improvements (up to 20%).

The expected performances for the retrieval of cloud microphysical properties have been 
compared against current WMO and user requirements. Although the MW–IR synergy out-
performs MW- and IR-only methods, the achieved performances for liquid cloud profiling 
(CLWC, 120%) are ~20% worse than the minimum threshold (100%) level set by WMO for 
global NWP applications (Table 1). Conversely, the achieved performances for ice cloud 
profiling (CIWC, 70%) are below the threshold (100%) and closer to the breakthrough (50%) 
level. Similarly, the performances for the integrated liquid and ice paths (CLWP and CIWP, 
respectively 21 and 17 g m−2) are between the threshold (respectively 50 and 20 g m−2) 
and breakthrough (respectively 20 and 10 g m−2) levels. The performances for CLWP and 
CIWP correspond to ~20% of the corresponding total range. For CIWP, this is well within 
the EPS-SG End User Requirements (EURD 2019). For CLWP, the achieved performances 
are better than what was expected from the combined two EPS-SG imagers (MWI and ICI, 
50%), but worse than what was expected from the combined MWS and IASI-NG (5%). Our 
analysis seems to indicate that the EURD requirement for CLWP from the combined MWS 
and IASI-NG is quite optimistic. Finally, for the retrieval of effective radius Re, the achieved 
performances meet both the EURD and the WMO objective level when limited to liquid 
clouds. For ice clouds, the achieved performances are a factor of ~2 larger than the require-
ments. But given the much larger range of ice particle size, the achieved performances result 
in less than 12%. Note that no distinction is made in EURD and WMO OSCAR between Re 
of liquid and ice clouds.

Table 1. Cloud product accuracy requirements for global NWP applications. Threshold (T),  
breakthrough (B), and objective (O) levels are from WMO OSCAR. EURD levels are from the EPS-SG 
End User Requirements Document (EPS-SG EURD gives two accuracy values for CLWP: 5% using 
MWS and IASI-NG and 50% using MWI and ICI). The goal (G) level was set initially based on the 
ComboCloud literature survey. The achieved (A) values report results from the ComboCloud  
validation from the simulated dataset.

WMO OSCAR Global NWP EUMETSAT ComboCloud

Product Units T B O EURD G (initial) A (final)

CLWC g kg−1 100% 50% 20% 100% 120%

CIWC g kg−1 100% 50% 20% 100% 70%

CLWP g m−2 50 g m−2 20 g m−2 10 g m−2 5%–50% 50 g m−2 21 g m−2/20%

CIWP g m−2 20 g m−2 10 g m−2 5 g m−2 50% 20 g m−2 17 g m−2/20%

Re μm 5 μm 2 μm 1 μm 5 μm 4 μm 1 μm (liq)

12 μm (ice)
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Fig. 8. Retrieval uncertainty estimates by binned analysis for the configurations exploiting combined 
MW and IR observations from future sensors (MWR and IASI-NG). Systematic (bias) and random (std) 
error components are estimated: (top left) CLWC, (top right) CIWC, (middle left) CLWP, and (middle 
right) CIWP, (bottom left) liquid-cloud Re, and (bottom right) ice-cloud Re.
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This analysis shows that the improvements expected by future sensors depend on the con-
sidered cloud product. In general, the combination of future sensors provides performance 
closer to the WMO requirements for the retrieval of cloud microphysical properties. The sci-
entific impacts of these improvements include better understanding of cloud microphysics, 
refined cloud climatology, and radiative forcing. All these contribute to reducing the large 
uncertainty associated with cloud essential climate variables in climate predictions and will 
also provide more accurate reference for the assessment of climate models. Few directions 
are identified for further refining the current analysis:

(i) Consider additional nadir angles in the training, test, and validation datasets, possibly 
covering the whole set of operational IASI/IASI-NG nadir angles.

(ii) Consider refining the sampling procedure of the training dataset in order to extend the 
range and thus the ability to estimate products in extreme events.

(iii) After the launch, consider algorithm output validation and calibration against reference 
estimate of cloud parameters; identified references for validation are observations from 
active sensors deployed both on spaceborne platforms (e.g., CloudSat) and ground-based 
networks (e.g., Cloudnet). In addition, cross-comparison is foreseen with cloud prod-
ucts from other sensors exploiting also visible channels, such as the low-orbiting VIIRS 
and the geostationary Flexible Combined Imager (FCI).

(iv) After the launch, investigate the feasibility to perform training, test, and validation with 
a dataset of real observations, in order to mitigate effects related to inherent inconsisten-
cies between radiance observations and radiative transfer simulations.

In summary, the ComboCloud project set the stage for the exploitation of artificial intel-
ligence methods using MW–IR synergy for cloud microphysical product retrievals, paving 
the road for further developments and the operational exploitation with EPS-SG MWS and 
IASI-NG from 2024 onward.
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