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A B S T R A C T   

Two retrieval algorithms developed as a part of the European Space Agency Climate Change Initiative (ESA-CCI) 
project are used to assess the effects of withholding observations from selected frequency channels on the 
retrieved subskin Sea Surface Temperature (SST) from AQUA’s Advanced Microwave Scanning Radio-
meter—Earth Observing System (AMSR-E) and to evaluate a Copernicus Imaging Microwave Radiometer (CIMR) 
like channel configuration. 

The first algorithm is a statistical regression-based retrieval algorithm, while the second is a physically based 
optimal estimation (OE) algorithm. A database with matching satellite and drifting buoy observations is used to 
test the performance of each channel configuration using both retrieval algorithms to identify the most optimal 
channel selection for accurate SST retrievals. The evaluation against in situ observations allows identification of 
the strengths and weaknesses of the two retrieval algorithms, and demonstrates the importance of using in situ 
observations to evaluate existing theoretical retrieval uncertainty studies. Overall, the performance increases as 
expected when more channels are included in the retrieval. In particular, more channels allow a better perfor-
mance for the range of different observing conditions (e.g. cold waters). The two retrieval algorithms agree that 
for a three-channel configuration, the 6, 10, 18 GHz (V and H polarization) is better than the 6, 10, 23 GHz 
configuration (V and H polarization). This is demonstrated for different geographical regions and throughout all 
seasons. Of the different combinations tested here, it is evident that withholding observations from the 23 and 36 
GHz channels from the retrieval has the least impact on the SST performance. Overall, this analysis shows that 
the CIMR like channel configuration performs very well when compared to an AMSR-E like constellation using 
both retrieval algorithms.   

1. Introduction 

Global sea surface temperature (SST) observations are crucial for 
climate monitoring (e.g. Merchant et al., 2019), numerical weather 
prediction (NWP; Brasnett and Colan, 2016; Chelton and Wentz, 2005), 
ocean and coupled models (Liang et al., 2017; Le Traon et al., 2015; 
Yang et al., 2015) and in understanding and predicting the state of the 
ocean and the atmosphere (Gentemann et al., 2003; Monzikova et al., 
2017; Ning et al., 2018; O’Carroll et al., 2019). Global sampling of SST is 
only possible through satellite remote sensing, and SST was one of the 
first ocean variables to be observed from earth observing satellites (see 

e.g. Minnett et al. (2019) for a detailed overview of the latest progress in 
satellite SST retrievals). SST has been derived from infrared (IR) satellite 
observations since 1981, with a typical spatial resolution of 1–4 km 
(Embury et al., 2012; Gladkova et al., 2016; Merchant et al., 2019; 
Reynolds et al., 2002). However, the IR observations are biased from 
aerosols and the temporal/spatial sampling is problematic in regions 
with persistent cloud cover (such as the Polar and Tropical regions), 
since IR wavelengths are unable to observe the surface through clouds 
(Merchant et al., 1999, 2006; Vázquez-Cuervo et al., 2004). 

Observations from passive microwave (PMW) sensors are important 
alternatives to IR observations as PMW measurements are not prevented 
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by non-precipitating clouds or biased by aerosols (Donlon et al., 2007, 
2010; Ulaby et al., 1981; Wentz et al., 2000). The first space borne 
microwave radiometer capable of measuring SST was the Scanning 
Multichannel Microwave Radiometer (SMMR) carried on Seasat 1 and 
Nimbus 7, both launched in 1978 (Lipes, 1982; Milman and Wilheit, 
1985). However, SST retrievals from Nimbus-7 SMMR suffered from 
significant calibration problems, resulting in SST errors as high as 
1.12 ◦C (Milman and Wilheit, 1985) as well as very coarse spatial res-
olution of approx. 150 km, limiting its usefulness. The high quality PMW 
SST record began in 1997 after the launch of the Tropical Rainfall 
Measuring Mission (TRMM) Microwave Imager (TMI; e.g. Kummerow 
et al., 1998; Wentz, 2015; Wentz et al., 2000) (10 GHz channel), which 
provided SST observations from 1998 to 2014 between 40◦N/S. The 
TRMM mission was followed by the Global Precipitation Mission (GPM) 
Microwave Imager (GMI; Bidwell et al., 2005; Draper et al., 2015), 
which was launched in 2014, and uses a larger antenna compared to TMI 
resulting in a better spatial resolution. The first global PMW SST data 
became available in 2002 by AQUA’s Advanced Microwave Scanning 
Radiometer – Earth Observing System (AMSR-E; e.g. Chelton and Wentz, 
2005; Kawanishi et al., 2003), using the channels at 6 GHz. The in-
strument ceased normal operations in October 2011 and was followed 
by the currently flying Advanced Microwave Radiometer 2 (AMSR2), 
flown on the Global Change Observing Mission 1st – Water (GCOM-W1), 
which was launched in 2012 (Imaoka et al., 2010). AMSR2 has a larger 
antenna compared to AMSR-E, which provides improved spatial reso-
lution and the additional channel at 7 GHz allows for better identifica-
tion of Radio Frequency Interference (RFI). PMW SST estimates using 
the 6.9 and 10.7 GHz channels have a typical spatial sampling of about 
10 km, a resolution of 50–60 km and an uncertainty of about 0.4 ◦C 
(Gentemann, 2014; Gentemann et al., 2010; Nielsen-Englyst et al., 2018; 
Wentz et al., 2000). The uncertainty is mainly attributed to mismatches 
in time and space of observations, differences in measurement depth, 
and errors in satellite estimates and in situ observations. 

The current microwave imagers do not capture the subscale to 
mesoscale variability and are contaminated near (~100 km) coasts and 
in the marginal ice zone at the 6.9 GHz channels, due to the large field of 
view (e.g. AMSR2 has a 64 × 32 km field of view at 6.9 GHz). The spatial 
resolution of SST retrievals is limited by the ratio of the wavelength of 
measurement to the antenna diameter, the satellite altitude and the 
incidence angle (Wentz and Meissner, 2000). A larger antenna is 
therefore required to obtain a high spatial resolution (e.g. for a resolu-
tion of ~10 km at 10 GHz an antenna of ~6 m is required assuming a 
satellite altitude of 830 km. Improving the spatial resolution of the 
measurements obtained by the 6.9 and 10.7 GHz channels could lead to 
substantial improvements of PMW SST estimates and their information 
content in global products and regional analysis systems. 

A sustained continuity of PMW imagers, which can provide mea-
surements at higher spatial resolution and with high radiometric fidelity 
to retrieve SSTs that meet the current operational needs, is a major 
concern within the SST community (O’Carroll et al., 2019). The Chinese 
Microwave Radiometer Imager onboard the HaiYang-2B (HY-2B) is a 
future PMW mission with a 6.9 GHz channel (Zhang et al., 2020), while 
the FengYun-3 series (FY-3D and FY-3F) also has a 10.65 GHz channel. 
However, their spatial resolutions are three times lower compared to 
AMSR2. In addition, the AMSR2 follow-on mission (AMSR3) is officially 
approved as a project to be installed on the Global Observation SATellite 
for Greenhouse gases and Water Cycle (GOSAT-GW) to be launched in 
2023 by JAXA (Hirabayashi, 2020). AMSR3 will be of almost equivalent 
capability to that of AMSR2, but with addition of high-frequency 
channels (166 and 183 GHz) (Hirabayashi, 2020). 

A new radiometer, the Copernicus Imaging Microwave Radiometer 
(CIMR), is currently being studied by the European Space Agency (ESA) 
for the Copernicus Expansion program of the European Union 
(http://www.cimr.eu/). CIMR is a polar mission, designed to observe 
all-weather, high-resolution, high-accuracy, sub-daily observations of 
SST and sea ice as the primary variables (Donlon, 2019). It is the 

intention to include the radiometer channels 6.9, 10.7, 18.7 and 36.6 
GHz common with AMSR-E and AMSR2, but also the 1.4 GHz channel, 
providing continuity to the current Soil Moisture and Ocean Salinity 
(SMOS; Kerr et al., 2010) and the Soil Moisture Active Passive (SMAP; 
Fore et al., 2016) missions. The anticipated spatial resolution of CIMR is 
shown in Table 1 and compared to the spatial resolution of AMSR-E. The 
higher spatial resolution at the lower frequency channels enables re-
trievals of SST and other surface parameters at a higher resolution and 
lower uncertainty than possible with the current missions. 

Studies have been conducted to assess the expected impact of CIMR 
observations on retrievals and applications for: sea ice, snow depth and 
sea surface salinity (Braakmann-Folgmann and Donlon, 2019; Ciani 
et al., 2019; Scarlat et al., 2020). Theoretical information content studies 
have been made with the aim of identifying the role of different channel 
combinations and the expected CIMR performance for SST (Kilic et al., 
2018, 2019; Pearson et al., 2018, 2019; Prigent et al., 2013). Kilic et al. 
(2018) derive a mean global SST retrieval uncertainty of 0.2 ◦C at a 
spatial resolution of 15 km using the intended CIMR channel configu-
ration, which is a clear improvement in performance compared to 
AMSR2. They also show that the estimated CIMR retrieval uncertainty 
varies strongly with SST (from 0.15 ◦C for warm SSTs and up to 0.45 ◦C 
for cold SSTs) and wind speed (larger uncertainties for higher wind 
speeds), but is only weakly impacted by the total column water vapor 
content and total cloud liquid water content. However, a comparison of 
the theoretical retrieval error standard deviations obtained for AMSR2 
by Kilic et al. (2018) (Figs. 5 and 6) and the standard deviations of 
retrieved versus drifting buoy SSTs in Alerskans et al. (2020) (Figs. 7 and 
8) shows significant differences between the theoretical and the 
observed uncertainties. These differences can arise due to the different 
retrieval methods (physical versus statistical) or due to limitations in the 
forward models ability to simulate the real conditions. Kilic et al. (2019) 
compared some of the ocean forward models used in the theoretical 
studies and found large differences between the models and significant 
disagreement with observations, in particular for high wind speeds and 
cold SSTs. 

With the discrepancies among the forward models, it is thus impor-
tant to apply several types of retrieval algorithms for different channel 
configurations and to evaluate them against a common in situ reference 
data set to supplement the existing theoretical studies. The aim of this 
study is to determine the impact of using different channel selections on 
retrieved SST and to assess the realistic performances of a physically 
based optimal estimation (OE) algorithm and a statistical regression 
(RE) based algorithm against in situ observations. The use of in situ 
observations can inform us about deficiencies and strengths of different 
types of retrieval algorithms as well as evaluate the impact of different 
channel combinations. In addition to the preparation for the CIMR 
mission, it is also important to investigate the effects of different channel 
combinations in a realistic scenario, where future ITU frequency allo-
cations may contaminate some of the specific frequency bands used for 
PMW observations of the ocean. Furthermore, this study can also be 
used to assess the impact during an instrument failure, where the de-
tector or electronics for one or several channels fail during operations. 
Finally, the results can aid in the construction of long-term climate data 
records (CDRs) and harmonization of PMW satellite missions with 

Table 1 
The frequency channels of the AMSR-E and CIMR mission and their respective 
spatial resolutions.  

Frequency 
(GHz)  

1.4 6.9 10.6 18.7 23.8 36.5 89.0 

Spatial 
Resolution 
(3 dB 
footprint 
size) (km x 
km) 

AMSR- 
E 

– 75 
×

43 

51 
× 29 

27 
× 16 

32 
× 18 

14 
× 8 

6 ×
4 

CIMR 64 
×

36 

19 
×

11 

13 
× 7 

6 ×
4 

– 5 ×
3 

–  
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different channel configurations. 
For the investigations conducted here, a physical and a statistical 

retrieval algorithm will be applied, where the physically based algo-
rithm is a type of retrieval algorithm similar to the ones used for the 
information content studies (Kilic et al., 2018, 2019; Pearson et al., 
2018; Prigent et al., 2013) and the statistical algorithm resembles the 
retrievals currently used to generate many existing PMW satellite SST 
products (Alerskans et al., 2020; Chang et al., 2015; Gentemann et al., 
2010; Shibata, 2006; Wentz and Meissner, 2007). 

The two different retrieval algorithms used here are developed 
within the ESA Climate Change Initiative (CCI) for SST (Merchant et al., 
2014). The first algorithm is an optimal estimation algorithm (Nielsen- 
Englyst et al., 2018), which inverts a forward model to retrieve different 
geophysical parameters including SST from AMSR-E observations. The 
second retrieval algorithm is a purely statistical retrieval, consisting of a 
regression model, which retrieves wind speeds and SSTs using AMSR 
brightness temperatures (Alerskans et al., 2020). In this study, we test 
different subsets of the channels available in AMSR-E, which means that 
we do not consider the 1.4 GHz channels, the actual noise equivalent 
differential temperatures (NEdTs) from CIMR and the higher spatial 
footprints. However, the results give valuable insight to the relative 
performance of the different channel combinations, and the differences 
between the two different types of retrieval algorithms for real condi-
tions using a well-known instrument. This study is therefore an impor-
tant extension to existing theoretical studies that investigate and prepare 
for new PMW missions like the CIMR. 

The paper is structured such that Section 2 includes a description of 
the matchup database used for algorithm development and validation. 
The retrieval algorithms are described in Section 3.1 while Section 3.2 
describes the different channel selections and filters, which have been 
tested. The retrieval results from using different channel selections in 
both retrieval algorithms are presented in Section 4. Section 5 contains a 
discussion and Section 6 presents recommendations for future work. 
Finally, conclusions are given in Section 7. 

2. Data 

2.1. ESA CCI multisensor matchup dataset (MMD) 

This work is built on the ESA CCI Multi-sensor Matchup Dataset 
(MMD), which is described and used in Nielsen-Englyst et al. (2018) and 
Alerskans et al. (2020). It includes brightness temperatures from the 
Level 2A (L2A) swath data product AMSR-E V12 (Ashcroft and Wentz, 
2013), with the spatial resampling to the 6.9 GHz resolution (75 × 43 
km). The L2A AMSR-E V12 product also includes a satellite scan quality 
flag, channel quality flags and the incidence- and azimuth angles. The 
brightness temperatures have been matched with quality controlled in 
situ measurements from the International Comprehensive Ocean- 
Atmosphere Dataset (ICOADS) version 2.5.1 (Woodruff et al., 2011), 
the Met Office Hadley Centre (MOHC) Ensembles dataset version 4.2.0 
(EN4; Good et al., 2013) by requiring a maximal geodesic distance of 20 
km and a maximal time difference of 4 h. The 20 km was chosen to 
ensure that the in situ measurement is located within an AMSR-E foot-
print, while the maximal time difference balances the need for accurate 
collocated data with the need for a sufficient number of useable 
matches. The MMD also includes SST, Total Column Water Vapor 
(TCWV), Total Cloud Liquid Water (TCLW), and Wind Speed (WS) in-
formation from the ERA-Interim (ERA-I) reanalysis data (Dee et al., 
2011). For sea surface salinity (SSS), we have included data from the 
GLOBAL-REANALYSIS-PHY-001-030 reanalysis product provided by the 
Copernicus Marine Environment Monitoring Service (CMEMS; http://m 
arine.copernicus.eu). 

The MMD has been filtered for erroneous satellite, in situ and 
auxiliary data. Erroneous satellite measurements include those 
contaminated by precipitation and RFI from ground-based sources, 
geostationary satellites and communication satellites that are identified 

and flagged in order to obtain accurate SST retrievals (e.g. Gentemann 
and Hilburn, 2015). Low quality AMSR-E pixels and brightness tem-
peratures outside the accepted range (0− 320 K) were also flagged as 
erroneous. In addition, data were flagged if the difference between the 
measurements in vertical (V) and horizontal (H) polarization for the 
18–36 GHz channels was negative. The standard deviations of the 23 
and 36 GHz channels (both polarizations) were calculated over a 21 ×
21 subregion surrounding the retrieval pixel and were used to flag low 
quality data. Low quality in situ data and matchups with an in situ or 
ERA-I SST outside the accepted range (− 2–34 ◦C) were flagged as 
erroneous. Similar, matchups with ERA-I wind speeds greater than 20 m 
s− 1 were flagged. Further checks were included to account for situations 
where the SST retrievals could be compromised due to land and sea ice 
contamination, diurnal warming effects, precipitation and sun glitter 
contamination, and RFI. Land and sea ice contamination was accounted 
for by using the AMSR-E land/ocean flag and ERA-I sea ice fraction. To 
avoid diurnal warming effects, daytime matchups with ERA-I wind 
speeds less than 4 m s− 1 were removed. Rain contamination was 
accounted for by removing data if the brightness temperature of the 18 V 
channel exceeded 240 K. Contamination from sun glitter was accounted 
for by removing data with sun glint angles below 25 degrees. Potential 
contamination due to RFI was accounted for by using Table 2 in Gen-
temann and Hilburn (2015), as well as the observation location (for 
ground based RFI) and the reflection longitude and latitude (for geo-
stationary RFI). As a last control, a 3-σ filter was applied on the ERA-I 
and in situ SST difference. The number of matchups per latitude band 
is limited in order to ensure a better balance of data across the different 
latitude bands. For further details on data filtering see Alerskans et al. 
(2020). 

The focus of this study is the year 2010. To obtain an independent 
validation data set, the matchups from 2010 were divided into four 
subsets to accommodate the fact that the regression model (see Section 
3.1.2) needs to be trained and afterwards validated on independent data. 
The first three subsets are used exclusively for the training of the 
regression model whereas the validation subset is used to validate the 
results from both retrieval algorithms. For a more detailed description 
on the division into subsets see Alerskans et al. (2020). 

The filtered validation subset consists of 1,514,985 matchups from 
2010, which are used to compare the performance of the different 
channel configurations for both retrieval algorithms. Fig. 1 shows the 
geographical distribution of the validation subset, with the largest 
number of matchups in North Atlantic Ocean. There is no significant 
seasonal variation in the matchup distribution. In Section 3.2, different 
filters are established to be used during the comparison of different 
channel configurations. 

3. Methods 

3.1. Retrieval algorithms 

3.1.1. Optimal estimation (OE) retrieval algorithm 
The OE algorithm used in this study is based on the retrieval algo-

rithm described in Nielsen-Englyst et al. (2018), which is built upon the 
forward model described in Wentz and Meissner (2000) that relates the 
observed top of atmosphere brightness temperatures to the relevant 

Table 2 
The number of matchups (N) left after filtering and the percentage of matchups 
removed by each filter. Convergence is also required by F1 + F2.  

Filter N % Removed 

No filter 1,514,985 – 
OE convergence passed 1,246,425 18 
F1: TB RMSE < 0.25 K 694,473 54 
F2: TB RMSE < 0.5 K 1,137,765 25 
F3: 3RSTD 1,080,336 29  
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geophysical parameters as given by the state vector, x = [WS, TCWV, 
TCLW, SST]. These are by experience the most important geophysical 
parameters influencing the amount of microwave radiation received by 
the satellite antenna at frequencies in the microwave part of the spec-
trum over open-ocean (Wentz and Meissner, 2000). Following Nielsen- 
Englyst et al. (2018), we use a regression model to correct for the for-
ward model residuals, which depends on SST and WS from the previous 
iteration and the ERA-I wind direction relative to the azimuthal look, φr. 
One way to examine the impact of the different channels on the retrieved 
parameters is to investigate the change in brightness temperature for a 
perturbation in the individual geophysical parameters (i.e. the Jacobian 
matrix). The sensitivity of the brightness temperatures to the geophys-
ical parameters varies with both frequency and polarization. The 
sensitivity of the forward model to SST is shown in Fig. 2a for the AMSR- 
E frequencies up to 36 GHz. It illustrates that the sensitivity is larger for 
the vertical polarizations, where 6.9 V GHz provides the highest sensi-
tivity with maximum changes in brightness temperature of 0.5 K/◦C. For 
6.9 and in particular the 10.7 GHz, the sensitivity decreases for cold 
SSTs, indicating that SST retrievals are more difficult in cold waters 
compared to warm waters. The WS influences the sea surface roughness, 
which affects the surface emissivity and hence the observed brightness 
temperatures (Hollinger, 1971; Meissner and Wentz, 2002, 2012). 
Fig. 2b shows the sensitivity to WS (wind induced surface roughness) 
with larger sensitivities to horizontal than vertical polarization. There is 
a distinct change in the slopes at WS of about 7 m s− 1 where foam starts 
to form, which increases the emissivity for both polarizations. The effect 
of water vapor is weak at low frequencies, and peaks at 23 GHz (Fig. 2c). 
Fig. 2d shows the change in brightness temperature over a range of 
TCLWs, with the main influence at the 36 GHz channels. The SSS has a 
small effect and the influence is largest at low frequencies (Fig. 2e). 
These dependencies are similar to the sensitivities found by Prigent et al. 
(2013) using the fast radiative transfer model RTTOV, but differ from 
those found by Pearson et al. (2018). For consistency, the sensitivity to 
the relative wind direction (φr) is shown in Fig. 2f, with the largest 
impact at the vertical polarizations at angles of 100–250◦. 

The OE technique presented by Rodgers (2000) has been used to 
retrieve WS, TCWV, TCLW and SST from AMSR-E observations by 
inverting the forward model. In the inversion, the forward model is 
constrained by a priori information about the expected mean and 
covariance of the geophysical parameters. A priori information from 
ERA-I has been used for SST, WS, TCWV and TCLW. We use a similar 
setup as in Nielsen-Englyst et al. (2018), but with an increased diagonal 
covariance matrix element for SST to increase the sensitivity of the 
retrieved SST to true changes in SST and to ensure the independency 
from the first guess SST information from ERA-I. The covariance of the a 

priori state xa (the a priori guess of the ocean and atmospheric state x), is 
therefore given as: 

Sa =

⎡

⎢
⎢
⎢
⎢
⎢
⎣

e2
WS 0 0 0
0 e2

TCWV 0 0
0 0 e2

TCLW 0
0 0 0 e2

SST

⎤

⎥
⎥
⎥
⎥
⎥
⎦

(1)  

where eWS = 2 m s− 1, eTCWV = 0.9 mm, eTCLW = 1 mm and eSST = 4 ◦C. 
The uncertainties on WS, TCWV and TCLW are best estimates based on 
available published validation results (Chelton and Freilich, 2005; Dee 
et al., 2011; Jakobson et al., 2012; Jiang et al., 2012; Li et al., 2008) and 
the covariances are assumed zero following Nielsen-Englyst et al. 
(2018). As in Nielsen-Englyst et al. (2018), we use the 5 lower fre-
quencies: 6.9, 10.7, 18.7, 23.8, 36.5 GHz from AMSR-E for the retrieval. 
The Se is listed in Appendix A and the constant bias correction of the 
forward model ranges from − 0.72 K on 10 GHz H to 0.64 K on 18.7 GHz 
V. 

In the OE retrieval method, the error on the retrieval is given by the 
retrieval error covariance matrix: 

S =
(
S− 1

a + KT
i S− 1

ϵ Ki
)− 1 (2)  

where K is the Jacobian of the forward model. The square root of the S 
matrix provides the theoretical retrieval error standard deviation. Fig. 3 
shows the theoretical retrieval error standard deviation of SST as a 
function of SST for different WS, TCWV and TCLW conditions using an 
incidence angle of 55◦. The figures show that the theoretical retrieval 
error is largely dependent on the SST and WS, with largest errors for cold 
waters and high wind speeds. In comparison, the impact from TCWV and 
TCLW is very limited. This is in agreement with previous results (Kilic 
et al., 2018; Prigent et al., 2013). 

The OE algorithm also directly provides the sensitivities of the 
retrieved parameters to the true state through the averaging kernel 
matrix, which is given by: 

Aij =
dxi

dxt
j

(3)  

where xt is the true state. Using the validation subset as described in 
Section 2.1 and a filter requiring the root mean squared difference of 
simulated versus observed brightness temperatures (TB RMSE) less than 
0.5 K, the mean sensitivities of the retrieved parameters to the true state 
are given as: 0.99, 1.00, 1.00 and 0.99 for WS, TCWV, TCLW and SST. 
The increased sensitivity to SST, compared to the mean value of 0.5 in 

Fig. 1. (a) The geographical distribution of the matchups using a grid size of 5 × 5 degrees and (b) the latitudinal distribution of matchups, for the filtered vali-
dation subset. 
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Fig. 2. The change in top-of-atmosphere brightness temperature as a function of a) SST, b) WS, c) TCWV, d) TCLW, e) SSS and f) φr as simulated by the forward 
model for the state defined above the individual plots. 
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Nielsen-Englyst et al. (2018), is a result of the increased uncertainty on 
the first guess SST from ERA-I. For the same subset (TB RMSE<0.5 K), 
the standard deviation of retrieved SST versus in situ observed SST is 
0.66 ◦C. 

This setup has been used to run the OE algorithm for a number of 
different channel selections (see Section 3.2). The forward model sim-
ulates brightness temperatures for all channels, but only the selected 
channels (and the corresponding measurement and forward model un-
certainties) are included in the inversion, when different channel com-
binations are tested. 

3.1.2. Regression (RE) model 
The statistical retrieval algorithm consists of a two-step WS regres-

sion model followed by an SST regression model. Both steps in the WS 
retrieval algorithm use AMSR-E brightness temperatures, where the first 
step applies a global algorithm and the second step applies a localized 
algorithm for fixed WS intervals, using the first-step retrieved WSs. The 
SST retrieval algorithm applies a global algorithm to retrieve SST using 
AMSR-E brightness temperatures, the retrieved wind speeds from step 
two of the WS retrieval algorithm and information from ERA-I. The SST 
retrieval is very similar to the one described in Alerskans et al. (2020), 
except that the coefficients are derived globally in this study. Alerskans 
et al. (2020) used a two-stage retrieval algorithm to retrieve SST, where 
the first-stage coefficients were derived locally for fixed latitude in-
tervals and ascending and descending passes, respectively, and the 
second-stage coefficients were derived locally for fixed WS and SST 

intervals. The approach with global coefficients was chosen in this study 
to ensure a consistent comparison of the different channel selections and 
to minimize effects from localized algorithm coefficient derivations. The 
global performance of the retrieved SST compared to drifter SST is 
0.62 ◦C using the frequency range 6–36 GHz and a filter of TB RMSE less 
than 0.5 K, as derived for the OE retrieval (see Section 3.2). In this study, 
we are considering the relative differences between the different chan-
nel selections and we are therefore not concerned with the slightly larger 
retrieval errors. 

3.2. Selection of channels and subsets 

Different channel combinations have been tested by selecting 
different subsets of the channels available in AMSR-E and a configura-
tion where all channels (except the 89 GHz channels) are included. As 
the focus of this study is SST retrievals, the main focus will be on the 15 
different channel selections that all include the 6 GHz channels, as 6 GHz 
is the primary frequency for global SST retrievals (Wilheit, 1979). 
However, it is beneficial to know the effect of excluding the 6 GHz 
channels, as the GMI instrument could be a potential bridging data set 
between AMSR2 and future PMW missions (Bidwell et al., 2005; Draper 
et al., 2015). The importance of the 6 GHz channel is clear when the two 
channel combinations 6, 10, 18, 23 and 36 GHz and 10, 18, 23 and 36 
GHz are compared, where the removal of the 6 GHz channels results in 
an increase in the uncertainty of the retrieved SST from 0.66 ◦C to 
0.75 ◦C for the OE algorithm and from 0.62 ◦C to 0.86 ◦C using the RE 

Fig. 3. The simulated retrieval error, S, as a function of SST for different a) WSs, b) TCWVs and c) TCLWs.  
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algorithm and the TB RMSE<0.5 K filter. 
In this study, we will refer to the AMSR-E channel selection as the 

one including: 6, 10, 18, 23 and 36 GHz (without the 89 GHz channels), 
following Nielsen-Englyst et al. (2018). Alerskans et al. (2020) uses the 
89 GHz channels, but the inclusion only resulted in slight improvements 
in the performance. We will refer to the CIMR channel selection as the 
one including: 6, 10, 18 and 36 GHz (in contrast to the expected 
configuration, which also includes the 1.4 GHz frequency). It is assumed 
that the V and H polarizations are always available (or not available) at 
the same time. In Section 4.1, the 15 different channel selections have 
been tested on the same validation subset for both the OE and RE 
retrieval algorithms. It is important to select a suitable selection filter 
that enables a comparison of the different retrievals. Here, the subsets 
have been obtained by applying a common filter based on the matchups 
for which the OE AMSR-E channel configuration has reached conver-
gence and another filter based on TB RMSE also obtained from the OE 
AMSR-E channel configuration. Differences in the simulated and 
observed brightness temperatures can usually be attributed to forward 
model errors or measurement errors (due to e.g. imperfect calibration or 
channel contamination). Nielsen-Englyst et al. (2018) showed a close 
relationship between the TB RMSE and the SST retrieval performance. 
Table 2 shows the number of matchups removed by applying different 
filters. Of all matchups, 82% reached convergence as defined in Nielsen- 
Englyst et al. (2018). The next two filters (F1 and F2) include the 
convergence criterion as well, but also additional filters with TB RMSE 
less than 0.25 K and 0.5 K, respectively. The F2 filter removes 25% of the 
matchups (including the ones that did not reach convergence), while the 
F1 filter removes 54%. Using the simulated brightness temperatures 
from the AMSR-E channel configuration for filtering will favor this 
configuration over the other selections, but ensure that the same subset 
is used for all channel configurations and that the worst retrievals are 
excluded. The TB RMSE filters have been used in Section 4.1. 

In Section 4.2, the analysis focuses on four of the above-mentioned 
channel configurations: a) 6, 10, 18 GHz, b) 6, 10, 23 GHz, c) 6, 10, 
18, 36 GHz, and d) 6, 10, 18, 23, 36 GHz. These configurations have 
been chosen because they represent the effect of including the 23 GHz 
channels through a direct comparison against the 18 GHz channels and 
through a comparison of the CIMR and AMSR-E channel configurations. 
Furthermore, selection a) and c) allow us to examine the effects of the 
36 GHz channels. For this analysis, another filter (F3) has been applied 
to ensure that the filtering does not favor any of the four channel con-
figurations, and still retains enough matches to make robust validation 
statistics. The F3 filter removes matchups if the simulated minus 
observed brightness temperatures exceeds three times the robust stan-
dard deviation (3RSTD) for any of the channels in each of the four 
channel configurations. This filter removes 29% of the matchups, most 
of which are the same as those removed by the F2 filter, with 99% of the 

matchups removed by the F3 filter also removed by the F2 filter. A total 
of 98% of the matchups removed by the F1 filter are also removed by the 
F3 filter. Fig. 4 shows the geographical distribution of the removed 
matchups using the F1 and F3 filter, respectively. Most of removed 
matchups are located in the areas, where the largest number of 
matchups is present (see Fig. 1) and the two filters agree on the locations 
where most matchup are removed. 

4. Results 

4.1. Performance for all channels 

The validation subset (described in Section 2.1) has been used for 
both retrieval algorithms (RE and OE) to assess the overall impact of 
using different channel combinations. Fig. 5 shows the robust standard 
deviation (rstd) of retrieved SST – in situ SST for the OE and RE algo-
rithms, using the 15 different channel combinations, where the F2 and 
F1 filters have been applied, removing 25% and 54% of the matchups, 
respectively (see Section 3.2). The channel configurations are ranked 
from the highest standard deviations to the lowest using the RE model 
results and the F1 filter to determine the order. This ranking order of the 
channels will be used for all figures in this section. Adding more chan-
nels leads to a better performance of the RE model, with the 6, 10, and 
18 GHz channels being the most important. Using the F1 filter improves 
the RE performance for all channel configurations, with limited changes 
in the ranking order compared to the F2 filter. The TB RMSE filtering 
shows improvements in the RE retrieval of comparable magnitude as 
when using the OE algorithm. This shows the value of the TB RMSE 
factor as an uncertainty indicator. The OE algorithm shows less variation 
among the different channel combinations compared to the RE algo-
rithm, and the OE algorithm performs quite well by only including 2 
frequencies, where it outperforms the RE algorithm. 

The differences and similarities between the RE and OE algorithms 
have been investigated further by looking at the performance during 
different weather and surface conditions, using the F2 filter. This filter 
was chosen to keep sufficient matchups in the different categories and to 
minimize effects from filtering on the results. Fig. 6a–b show the per-
formance of the retrieved SST for calm or strong winds (calm or rough 
sea), cold or warm SSTs, and dry or humid conditions for the OE and RE 
algorithm, respectively. Using 500 bootstrap samples with replacement 
(same size as N), the average width of the 90% confidence intervals is 
0.0030 ◦C, when considering both algorithms and all the different 
weather/surface conditions and channel selections. The maximum 
width of the 90% confidence intervals is 0.0075 ◦C and calculated for the 
RE WS > 10 m s-1 and the 6, 18 GHz channel selection data subset. 
Warm, calm waters and humid conditions show a good and similar 
performance for the different channel selections for both algorithms. 

Fig. 4. The number of matchups removed by a) the F1 (TB RMSE<0.25 K) filter and b) the F3 (3RSTD) filter using 5 × 5 degree bins.  
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Rough and cold waters provide equally high standard deviations, when 
compared to the relatively low standard deviations observed for warm 
and calm waters. Both algorithms show a good performance for high 
TCWV conditions, but this effect is likely related to the good perfor-
mance in warm waters, with 96% of the high water vapor matchups 
located in warm waters (>15 ◦C). By including more channels, the al-
gorithms tend to retrieve better SSTs in cold and rough waters, reducing 
the overall spread and thus allowing the algorithms to better represent 
all observing conditions. One of the key differences between the two 
algorithms is seen in the variability among the different weather and 
surface conditions. The OE algorithm shows significant increases in 
uncertainty for cold and rough waters, but a very good performance in 
warm and calm waters for all channel configurations. In contrast, the RE 
model shows limited variability among the different weather and sur-
face conditions, especially when more channels are included. This 
demonstrates the strength of the statistical RE model, which always 
maximizes the amount of information in the channels available for 
retrieval based upon the information in the training data. In few of the 
RE channel combinations (6, 10 GHz and 6, 36 GHz), the information is 
limited resulting in inadequate representation of all conditions. These 
channel selections work for warm waters, but they all show weak per-
formance in cold and rough waters for the RE algorithm. A good per-
formance should not only be judged on the overall performance, since it 
depends on the number of matchups representing the given conditions, 
but it should also consider the spread in performance between the 
different observing conditions. 

The overall improvement in SST performance (i.e. decrease in rstd 
when compared to drifter SST) of including the different frequencies (V 
and H polarization) can be seen in the first two columns of. 

Table 3. These are based on the difference in performance between 
the algorithm that includes the frequency considered and the same 
channel configuration excluding the frequency considered. The im-
provements by adding the 6 GHz channels are thus based on the com-
parison of the 10, 18, 23, 36 GHz against the AMSR-E configuration, 
while the statistics on each of the other channels are based on a com-
parison of 7 pairs of channel configurations (all including the 6 GHz 
channels). The channels with the largest impact have been marked as 
bold in the table. The table shows that the OE and the RE algorithm 
agree that (not surprisingly) the most important channels for SST re-
trievals are the 6 GHz channels, followed by the 10 and 18 GHz 

channels. 
Fig. 7 shows the sensitivity (Eq. (3)) to SST obtained using the OE 

algorithm for the different channel configurations during the different 
weather and surface conditions. The sensitivities to SST are generally 
high (mean value of 0.98) and the variations are small, but significant. 
Using 500 bootstrap samples with replacement (same size as N), the 
average width of the 90% confidence intervals is 2.44e-05 when 
considering the different weather/surface conditions and channel se-
lections. The maximum width of the 90% confidence intervals is 8.77e- 
05 and calculated for the WS > 10 m s− 1 and the 6, 10 GHz channel data 
subset. The high sensitivities are explained by the increased uncertainty 
on first guess SST. As more channels are included the sensitivity in-
creases (in particular for cold waters), with the 6, 10 GHz configuration 
having the lowest sensitivity. This should be viewed in context of the 
performance of the retrieved SST against in situ SST in Fig. 6a, where 
increased number of channels improves the performance over the range 
of different observing conditions. The lowest sensitivity is generally seen 
for cold SST and high wind speeds, which explains the poor OE perfor-
mance in these conditions using all channel configurations (Fig. 6a). 

The sensitivity to TCLW (not shown) is likewise very high (mean 
value of 1.00) across the 15 channel selections, due to relative high 
uncertainty on ERA-I TCLW, which means that the retrieved TCLW is 
independent of the first guess from ERA-I. The sensitivity to WS and 
TCWV (also not shown) vary across the different channel selections 
depending on the information available in the selected channels, with 
the mean values of 0.93 and 0.44, respectively. The increase in sensi-
tivities with inclusion of different frequencies (V and H polarization) can 
be seen in the last four columns of. 

Table 3. The addition of the 36 GHz channels shows the largest in-
crease in both the WS and TCLW sensitivity, followed by the 18, 23 and 
10 GHz channels, while the 6 GHz channels give the smallest increase in 
sensitivity. For the TCWV sensitivity, the 23 GHz channels show the 
largest increase, followed by the 36 and 18 GHz channels and with 
limited impact from the 6 and 10 GHz channels. For the SST sensitivity, 
the 6 GHz channels show the largest increase, and leave the remaining 
channels with a small impact on the sensitivity in comparison. 

4.2. Geographical dependencies for selected channel configurations 

Fig. 8 shows the global performance of retrieved SST when compared 

Fig. 5. Robust standard deviation of retrieved SST against drifter SST for different channel selections using the OE and RE algorithm and the filters F1 (TB 
RMSE<0.25 K) and F2 (TB RMSE<0.5 K), respectively. The channel configurations are ranked from the highest to the lowest standard deviations using F1 filtering 
and the RE algorithm. 
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to drifters for the RE and OE algorithms, respectively, for the AMSR-E 
channel configuration using the F3 filter. In general, the best perfor-
mance is seen for low latitudes, while the high latitude and high vari-
ability regions show increased standard deviations. This is consistent 
with the fact that ∂TB/∂SST is smaller for cold waters compared to warm 
waters, as is also shown in Fig. 2a. Sea ice and a much smaller Rossby 
radius (compared to low latitudes), resulting in much smaller scale of 
eddies and fronts, further complicate SST retrievals in high latitudes. 
Better spatial resolution (as expected by CIMR) will make it easier to 
detect these features and therefore improve high latitude retrievals. The 
large standard deviations in the Sea of Japan are evident for all channel 

combinations and both types of retrieval algorithms, and are likely ef-
fects from RFI at 6 GHz and RFI at 10 and/or 18 GHz, which are not 
removed by the applied RFI filters (see Section 2.1). Larger standard 
deviations are seen both with and without the 6 GHz channels, indi-
cating that some matchups are contaminated at 6 GHz, while others are 
contaminated at 10 GHz and/or 18 GHz. Therefore, more sophisticated 
RFI filtering may be required, such as being planned for on-board 
implementation on CIMR. Since, the effect is seen in all channel selec-
tions it will not change the conclusions drawn in this study. The OE 
algorithm shows larger latitudinal differences in performance, with a 
better performance than the RE algorithm in the region between 25 N 

Fig. 6. Robust standard deviation of retrieved SST against drifter SST for different conditions and channel selections using a) the OE algorithm and b) the RE al-
gorithm. The F2 (TB RMSE<0.5 K) filter has been applied for both the OE and RE algorithm and N is the number of matchups in each subset. The channel con-
figurations are ordered from the highest to the lowest standard deviations using “all” conditions/matchups after F1 filtering (TB RMSE<0.25 K) for the RE algorithm. 
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and 25 S, but a decrease in the performance at latitudes above 40◦. The 
smaller latitudinal dependence in the RE algorithm indicates that the 
statistical model finds a way to compensate for the reduced sensitivity in 
colder waters using information from the other channels and the co-
variances between the geophysical parameters that have an impact on 
the observed brightness temperatures. 

Fig. 9 shows how the performance of the three channel selections: 6, 
10, 18 GHz, 6, 10, 23 GHz, and CIMR differs from the performance using 
the AMSR-E channel configuration for the OE and RE algorithm, 
respectively. Using the 6, 10, 18 GHz channels improves the perfor-
mance in the equatorial region (and mid-latitudes for the OE algorithm) 
compared to the AMSR-E configuration. However, in the high latitudes 
(and further into the mid-latitudes for the RE algorithm) the AMSR-E 
configuration outperforms the 6, 10, 18 GHz configuration. The 

Table 3 
Improvements in SST retrievals compared to drifters for the OE and RE algo-
rithms (column 1–2), and the increase in sensitivities (column 3–6), by including 
information from individual frequencies (both V and H polarization) using the 
F2 (TB RMSE < 0.5 K) filter. The largest increases in SST performances and 
sensitivities have been marked with bold.   

OE SST RE SST ΔA1,1 ΔA2,2 ΔA3,3 ΔA4,4 

(WS) (TCWV) (TCLW) (SST) 

6 GHz 0.2402 0.0907 0.0210 0.0140 0.0000 0.0145 
10 GHz 0.0876 0.0148 0.0372 0.0913 0.0002 0.0013 
18 GHz 0.0811 0.0117 0.0431 0.2762 0.0017 0.0007 
23 GHz 0.0309 0.0089 0.0339 0.5984 0.0011 0.0007 
36 GHz 0.0289 0.0114 0.0950 0.4939 0.0039 0.0011  

Fig. 7. The sensitivity to SST for the different channel selections and different weather/surface conditions using the same ranking order as in the previous figures and 
the F2 (TB RMSE < 0.5 K) filtering. N is the number of matchups in each subset. 

Fig. 8. Retrieved SST performance (robust standard deviations, rstd) against drifter SST using the AMSR-E (6, 10, 18, 23, 36 GHz) channel selection for a) the OE 
algorithm and b) the RE algorithm, using the F3 (3RSTD) filter. The geographical statistics have been gridded using a grid size of 5 degrees, with a minimum of 50 
matchups per grid cell. 
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largest reductions in performance (compared to AMSR-E) are seen in the 
comparison of the 6, 10, 23 GHz configuration for both algorithms, with 
the most pronounced degradation for the RE algorithm. For both algo-
rithms, the degradations are concentrated in the high latitudes (and mid 
latitudes for the RE algorithm), while the 6, 10, 23 GHz configuration 
seems to perform slightly better in the equatorial region. Both the OE 
and RE algorithms show the best agreement between the CIMR and 

AMSR-E channel selections, with the smallest differences using the OE 
algorithm. These findings have been summarized in Table 4 for the nine 
regions shown in Fig. 10. 

Table 4 shows the performance of the four channel configurations 
using the OE and RE algorithms for each of the nine regions. For all 
channel selections, the best performance is seen in the equatorial region, 
with decreasing performance towards the poles. This latitudinal 

Fig. 9. Difference in robust standard deviations (retrieved minus drifter SST) (rstd) between channel configurations 6, 10, 18 GHz and the AMSR-E channel 
configuration using a) the OE algorithm, and b) the RE algorithm. Similar, the differences in rstd between 6, 10, 23 GHz and AMSR-E are shown for the OE (c) and RE 
(d) algorithms and the differences in rstd between CIMR and AMSR-E for the OE (e) and RE (f) algorithms. The F3 (3RSTD) filter has been used in all figures. The 
geographical statistics have been gridded using a grid size of 5 degrees, with a minimum of 50 matchups per grid cell. 
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dependence is more pronounced for the OE algorithm compared to the 
RE algorithm, in all configurations. The 6, 10, 18 GHz combination 
shows very good performance in particular for the OE algorithm, where 
it outperforms the AMSR-E selection in most regions (except for the high 
latitudes). The AMSR-E and CIMR configurations show very similar 
performance in all regions. 

Fig. 11 shows the seasonal cycle of the robust standard deviations of 
retrieved minus drifter SST for the same four channel selections using 
both retrieval algorithms in the nine different regions. The high latitudes 
show a clear seasonal cycle, with the lowest standard deviations during 
local summer (warm SST) for both algorithms. The high latitude regions 
also show the largest differences between the RE and OE performance, 
which is particularly true during local winter time, where the RE algo-
rithm performs better than the OE algorithm. For most regions, the 6, 10, 
23 GHz configuration gives the highest standard deviations for both 
retrieval algorithms. The RE algorithm shows very similar seasonal 
performance for the 6, 10, 18 GHz, CIMR and AMSR-E channel config-
urations for all regions. However, large differences between these con-
figurations and the 6, 10, 23 GHz configuration are observed using the 
RE algorithm, especially at high latitudes during winter, where signifi-
cant improvements are seen when replacing the 23 GHz with the 18 GHz 
channels. 

5. Discussion 

This study shows that the inclusion of more channels and more 

information in the retrieval reduces the uncertainty in the SST retrievals. 
This is clearly seen for the RE algorithm, while the OE algorithm shows 
less variability in overall performance among the different channel se-
lections. This difference can be explained by the fundamental difference 
in the two types of retrieval algorithms. The statistical retrieval is based 
solely on the information available in the selected satellite channel ob-
servations. Conversely, the OE types of retrieval algorithm use a priori 
information to constrain the retrievals. If limited information is avail-
able in a given set of channels, the sensitivity will decrease and as a 
result, the algorithm will put more weight on the first guess. The largest 
decreases in the wind speed (i.e. sea surface roughness) sensitivity are 
seen for retrievals in cases, where 36, 23 or 18 GHz are left out from the 
OE retrieval. Theoretically, the sensitivity to WS is largest at 10 and 18 
GHz (Fig. 2b). In the approach used here however, the fact that indi-
vidual channels are sensitive to other parameters is turned to an 
advantage by the simultaneous use of all channels. The largest decrease 
in water vapor sensitivity is seen for retrievals, where the 23 and 36 GHz 
observations are left out. In particular, the retrieved water vapor will in 
these cases be dominated by the first guess from ERA-I, which therefore 
will keep the OE retrievals close to the true state even with limited in-
formation from the brightness temperatures. This will be the case in a 
realistic scenario, as the one considered here, where WS and TCWV in-
formation is available from NWP at a similar quality as ERA-I to be used 
as first guess for the OE algorithm. The OE retrieval algorithm is thus 
more robust towards different channel combinations, compared to the 
statistical RE algorithm. 

Table 4 
The retrieved versus drifter SST robust standard deviations (◦C) within each region using the OE and RE algorithm, for each of the four channel selections using the F3 
filter.  

Region RE algorithm OE algorithm 

6, 10, 18 6, 10, 23 CIMR AMSR-E 6, 10, 18 6, 10, 23 CIMR AMSR-E N 

Arctic 0.70 0.82 0.69 0.67 0.92 0.96 0.90 0.89 109,493 
Subpolar North Atlantic 0.67 0.75 0.68 0.66 0.82 0.85 0.82 0.82 43,160 
North Atlantic 0.62 0.68 0.63 0.62 0.57 0.60 0.59 0.59 110,870 
North Pacific 0.64 0.71 0.65 0.63 0.58 0.62 0.60 0.60 163,072 
Equatorial Region 0.53 0.57 0.55 0.55 0.44 0.44 0.48 0.47 188,331 
South Atlantic 0.61 0.69 0.62 0.61 0.60 0.63 0.61 0.61 76,185 
South Pacific 0.58 0.65 0.58 0.57 0.53 0.56 0.55 0.54 116,675 
South Indian Ocean 0.63 0.70 0.63 0.61 0.63 0.65 0.65 0.65 83,632 
Southern Ocean 0.68 0.79 0.67 0.65 0.83 0.87 0.82 0.83 174,069 
All regions 0.62 0.70 0.63 0.62 0.63 0.66 0.66 0.66 1,065,487 

Bold indicates the lowest robust standard deviation among the channel selections for each region and both algorithms. N is the number of matchups within each region. 

Fig. 10. The matchups in the nine selected regions for which the algorithms have been evaluated.  
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By including more channels both algorithms show a better repre-
sentation over the range of the different observing conditions. The 
performance of the OE algorithm (and the different channel selections) 
is sensitive to the atmospheric and oceanic conditions with elevated 
uncertainties for cold and rough waters for all channel selections. The 
increased uncertainties in cold waters are related to the decreased 
sensitivity to SST for the low frequency channels (in particular at V 
polarization) as seen in Fig. 2a. Kilic et al. (2019) found that cold SSTs 
are a general source of disagreement between simulated and observed 
brightness temperatures in the emissivity models and they explained this 
in part by uncertainties in the modelling of the dielectric constants of sea 
water, but also by inaccuracy in the reanalysis data and high wind speed 
effects in colder areas. Fig. 2a shows that the sensitivity to SST in cold 
waters to a large extent originates from the higher frequency channels, 
with decreasing brightness temperatures for increasing SST. This suggest 
that the increased uncertainties for cold SST could also be attributed to 
uncertainty in modelling the higher frequencies due to e.g. imperfec-
tions in the atmospheric emissivity model. This effect could possibly to 
some extent be reduced by including the covariances (off-diagonals in 
Sa) between the geophysical parameters in the OE algorithm. However, 
these are currently not well known and it is a complete study to estimate 
them (see recommendations for future work in Section 6). Using the RE 
algorithm, the increased uncertainties for cold waters and strong surface 
roughness is most pronounced for the two-frequency configurations 
without 18 GHz, while more (>2) frequencies provide enough infor-
mation to balance the lower sensitivity in cold and rough waters. This 
indicates that the statistical RE algorithm compensates for the reduced 
sensitivity of the low frequency channels in colder waters by using in-
formation from the higher frequency channels and possibly the co-
variances between the geophysical parameters influencing the 
observations. These results demonstrate the importance of using in situ 
observations and several types of SST retrievals to assess the relative 
performance of the different channel selections. Information content 
studies are typically performed using the OE type of algorithms, but 
different conclusions might be reached using other types of retrieval 
methods, as indicated here. 

Both the OE and RE algorithms agree that in a three frequency se-
lection, the 6, 10, 18 GHz combination is better than 6, 10, 23 GHz, 
considering the nine different regions in Table 4 and performance 
throughout the year (Fig. 11). In general, the results for the OE and RE 
algorithms consistently show that the CIMR channel selection performs 
very well compared to the AMSR-E configuration. It should be noted that 
the presented results do not correspond to the expected CIMR perfor-
mance, as e.g. the CIMR NEdTs will be different from the AMSR-E NEdTs 
and the CIMR footprints will be significantly smaller than the AMSR-E 
footprints. Neglecting these observational characteristics for the CIMR 
instrument, means that the absolute performance of the CIMR retrievals 
is expected to be significantly better than shown here due to smaller 
NEdTs and smaller footprints, which better resolve spatial variability at 
the key frequencies. However, as we focus on the differences between 
the channel combinations, we consider the AMSR-E NEdTs suitable for 
the current study. Using the AMSR2 observations instead of AMSR-E 
observations would very likely resemble the results presented here, as 
it was shown in Alerskans et al. (2020) that the retrievals from the two 
instruments showed very similar performance and uncertainty 
characteristics. 

The very good performance of the 6, 10 and 18 GHz combination 
shown here support the channel selection for the CIMR mission, as the 
CIMR requirement of the NEdT for the 36 GHz is elevated (Donlon, 
2019) and therefore is likely to contribute with limited information to 
the SST retrievals. Also, note that the CIMR configuration referred to in 
this paper is without the 1.4 GHz channels (L-band). This could intro-
duce a difference in the wind speed behavior, particularly for high wind 
speeds (Meissner et al., 2017; Reul et al., 2012, 2016, 2017), and also on 
the impact of salinity. However, for the winds considered here (<20 m 
s− 1) it was shown in Alerskans et al. (2020) that sufficient information 
was available in the AMSR-E observations to perform an accurate wind 
speed retrieval. 

To obtain realistic retrieval estimates using the OE algorithm, an 
accurate forward model is needed to account for the brightness tem-
perature dependencies to the relevant geophysical parameters. The 
forward model used is based on an earlier version of the RSS (Remote 

Fig. 11. Retrieved SST performance against drifters for the four different channel selections: 6, 10, 18 GHz, 6, 10, 23 GHz, 6, 10, 18, 36 GHz, and 6, 10, 18, 23, 36 
GHz as a function month for the different regions using the F3 filter for both retrieval algorithms. 

P. Nielsen-Englyst et al.                                                                                                                                                                                                                        



Remote Sensing of Environment 254 (2021) 112252

14

Sensing Systems) model (Wentz and Meissner, 2000), which showed the 
least discrepancy with observations in Kilic et al. (2019). The im-
provements applied to the forward model (Nielsen-Englyst et al., 2018) 
results in even better agreement with observations and consequently 
good SST retrievals. The forward model sensitivities presented in this 
paper (see Fig. 2) indicate a close relationship with Prigent et al. (2013) 
and Kilic et al. (2018), whereas the use of RTTOV and FASTEM (FAST 
microwave Emissivity Model) in Pearson et al. (2018) shows signifi-
cantly different emissivity/brightness temperature dependencies with 
respect to wind speed and sea surface salinity. 

One of the strengths of the OE algorithm is that it offers several 
possibilities to obtain realistic error estimates and in fact it directly 
provides a theoretical error estimate for each retrieval. The theoretical 
uncertainties presented in Section 3.1.1 are in good agreement with 
those found in Prigent et al. (2013) and Kilic et al. (2018). A validation 
of the estimated theoretical uncertainties is shown in Fig. 12, where the 
OE versus drifter SST differences are displayed against the theoretical 
uncertainties obtained from Eq. 2. The dashed lines represent the ideal 
uncertainty under the assumptions that drifting buoys have a total un-
certainty of 0.2 ◦C and that the mean global point to footprint sampling 
uncertainty is 0.15 ◦C, derived as in Alerskans et al. (2020) taking into 
account the footprint of the AMSR-E instrument. The figure shows 
reasonable agreement between the observed uncertainties and the 
theoretical uncertainties, which is computed for each retrieval in the OE 
algorithm, but also demonstrates that the theoretical retrieval un-
certainties are not representing the true uncertainties for all conditions, 
demonstrating the need for use of in situ observations for this type of 
assessment. 

6. Future work 

This study shows that the statistical retrieval algorithm is more 
robust over the range of observing conditions, when compared with the 
physically based OE algorithm that can include information from first 
guess fields. Future work should therefore aim at improving the OE al-
gorithm. This can be done in several ways. One way is to improve the OE 
statistics for PMW observations e.g. by including the error covariances 
for the geophysical variables in the retrieval. The error covariances for 
the geophysical variables influencing passive microwave observations 
are currently not well known and it is a complete study to estimate these. 
One recent study has been conducted to estimate error covariance 

parameters (and a bias correction) using IR observations (Merchant 
et al., 2020) and it looks very promising. Repeating the work done by 
Merchant et al. (2020) should be the focus of future work to improve the 
OE algorithm. Another way to improve the OE algorithm is to update the 
forward model to more accurately model the emissivity over the given 
frequency range and accounting for the different observing conditions. 
As also recognized in Kilic et al. (2019), current ocean emissivity models 
have issues particularly in cold and rough waters, and future efforts 
should thus be devoted to address these issues. The addition of the 1.4 
GHz channels in the retrieval to prepare for the CIMR observations is 
another interesting task that would add information about the salinity 
and high wind speeds to the channel combinations considered here. 
Note, however, that the spatial resolution of the 1.4 GHz channels on the 
CIMR will be significantly coarser than e.g. the 6 GHz observations, 
which adds a complication to the use of the 1.4 GHz channels. 

Both retrieval algorithms agree that the 6, 10, 18 GHz is better than 
the 6, 10, 23 GHz combination. Although the 23 GHz should be 
considered the best channel to account for uncertainties due to water 
vapor variability, these results show that it might add more noise being 
in the absorption band, while the 18 GHz channels are able to correct for 
the relative small uncertainties in the 6 GHz channels due to water vapor 
variability. If 10 GHz is used as the primary frequency for SST retrievals, 
the 23 GHz may be needed as the 10 GHz channels are affected more by 
water vapor than the 6 GHz channels. Future studies could extend this 
study to investigate other channel combinations, including those omit-
ting the lowest frequency(ies) in order to obtain better spatial 
resolution. 

Additional future tasks could also be to examine the impact on the 
results shown here by using a different forward model or by using ERA5 
(Copernicus Climate Change Service (C3S), 2017) instead of ERA-I 
reanalysis data for training the RE algorithm and for first guess in the 
OE algorithm, respectively. Irrespective of the different improvements 
made to the retrievals and the forward models, this study demonstrates 
the importance of comparing different types of retrieval algorithms 
(physical versus statistical) using in situ observations before deter-
mining the best suitable SST retrieval for a new instrument, such as 
CIMR. 

7. Conclusion 

The aim of this study is to analyze the impact of using different 
channel selections on retrieved sea surface temperature (SST) and to 
assess the performance of two different types of retrieval algorithms. 
The first algorithm is a physically based optimal estimation (OE) algo-
rithm (Nielsen-Englyst et al., 2018), which inverts a forward model to 
retrieve SST, wind speed (WS), total column water vapor (TCWV) and 
total cloud liquid water (TCLW), while the second algorithm is a sta-
tistical regression (RE) based algorithm, which retrieves WS and SST 
(Alerskans et al., 2020). Here, we use AMSR-E brightness temperatures 
from 2010 to retrieve SST using different channel combinations in both 
algorithms, which are then compared to independent in situ SSTs. 

This study demonstrated similarities with Kilic et al. (2018) using the 
OE algorithm, but it also demonstrated the importance of using two 
different types of retrieval algorithms. Information content studies are 
typically performed using the OE type of algorithms, and the current 
forward models have issues reproducing observations in cold waters 
(Kilic et al., 2019). Conversely, statistical retrievals, such as the RE al-
gorithm, are the often used for generating operational and climate data 
records of PMW SST. The RE algorithm used here is able to compensate 
for the decreased sensitivity for cold SSTs, due to the nature of the sta-
tistical algorithm. This study also highlights the importance of assessing 
the retrievals against real reference observations, to ensure that all the 
different uncertainties contributions are included when drawing con-
clusions on the impact of using different channels for SST retrievals. 

Both algorithms show (as expected) an increase in performance 
when more channels are included in the retrieval, since more channels 

Fig. 12. Theoretical uncertainty validation with respect to drifter SST for the 
OE algorithm. Dashed lines show the ideal uncertainty model accounting for 
uncertainties in drifter SST and the sampling error. Solid black lines show one 
standard deviation of the retrieved minus drifter differences for each 
0.03 ◦C bin. 
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allow a better representation of the different observing conditions (e.g. 
cold waters). Both algorithms agree that the 6, 10, 18 GHz channel 
configuration is better than 6, 10, 23 GHz for SST retrievals. Further-
more, it is evident that withholding observations from the 23 and 36 
GHz channels from the retrieval has the least impact on the SST per-
formance. The proposed CIMR constellation (not considering the 1.4 
GHz channels) has proven to perform very well when compared to an 
AMSR-E like constellation (excluding the 89 GHz channels) using both 
the OE and RE algorithm. The actual CIMR performance is expected to 
be significantly better than shown here due to smaller NEdTs and 
footprints. The proposed CIMR constellation includes observations at 
1.4 GHz (L-band), which will further add information to both SST and 
WS retrievals (Reul et al., 2012, 2017), but with decreased spatial res-
olution and with larger influence from sea surface salinity and the 
ionosphere (i.e. Faraday rotation). 

The comparison of the two retrieval algorithms demonstrates 
strengths and weaknesses related to their use. One of the strengths of the 
RE algorithm is its ability to compensate for the decreased sensitivity to 
SST in cold waters as mentioned above. The OE algorithm, on the other 
hand, shows very good capability during conditions with fewer chan-
nels. This can become very useful e.g. in case of instrument failure and 
we believe that this capability will be useful to develop alternative plan 
for emergency status of the instrument. Another advantage of the OE 
algorithm is, that it can be used to retrieve SST from day 1 for all channel 
combinations, while the RE algorithm requires significant number of 
matchups for training each combination of channels before it can be 
used for retrievals. This is important to consider for potential day 1 SST 

products from e.g. CIMR. All of above needs to be considered before an 
algorithm is selected for a given application and multiple utilization of 
the two algorithms is definitely an advantage. 

Overall, new insights have been gained into the performance of the 
SST retrievals for different channel combinations. This is important for 
designing and evaluating new satellite configurations or for assessing 
the impact of existing satellite observations in the case of failing chan-
nels or RFI contaminated retrievals. 
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0.023 − 0.067 0.127 0.048 0.113 − 0.011 0.092 − 0.071 0.084 − 0.059  
− 0.042 − 0.105 0.048 0.090 0.026 0.047 0.005 − 0.025 0.000 − 0.028 

Se= − 0.002 − 0.075 0.113 0.026 0.243 0.073 0.101 − 0.148 0.132 − 0.107  
− 0.119 − 0.220 − 0.011 0.047 0.073 0.275 − 0.154 − 0.052 − 0.130 − 0.011  
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Tompkins, A., Tao, W.-K., Köhler, M., 2008. Comparisons of satellites liquid water 
estimates to ECMWF and GMAO analyses, 20th century IPCC AR4 climate 

simulations, and GCM simulations. Geophys. Res. Lett. 35 (19) https://doi.org/ 
10.1029/2008GL035427. 

Liang, X., Yang, Q., Nerger, L., Losa, S.N., Zhao, B., Zheng, F., Zhang, L., Wu, L., 2017. 
Assimilating Copernicus SST data into a pan-Arctic Ice-Ocean coupled model with a 
local SEIK filter. J. Atmos. Ocean. Technol. 34 (9), 1985–1999. https://doi.org/ 
10.1175/JTECH-D-16-0166.1. 

Lipes, R.G., 1982. Description of SEASAT radiometer status and results. J. Geophys. Res. 
87 (C5), 3385. https://doi.org/10.1029/JC087iC05p03385. 

Meissner, T., Wentz, F., 2002. An updated analysis of the ocean surface wind direction 
signal in passive microwave brightness temperatures. IEEE Trans. Geosci. Remote 
Sens. 40 (6), 1230–1240. https://doi.org/10.1109/TGRS.2002.800231. 

Meissner, T., Wentz, F.J., 2012. The emissivity of the ocean surface between 6 and 90 
GHz over a large range of wind speeds and earth incidence angles. IEEE Trans. 
Geosci. Remote Sens. 50 (8), 3004–3026. https://doi.org/10.1109/ 
TGRS.2011.2179662. 

Meissner, T., Ricciardulli, L., Wentz, F.J., 2017. Capability of the SMAP Mission to 
measure ocean surface winds in storms. Bull. Am. Meteor. Soc. 98 (8), 1660–1677. 
https://doi.org/10.1175/BAMS-D-16-0052.1. 

Merchant, C.J., Harris, A.R., Murray, M.J., Zavody, A.M., 1999. Toward the elimination 
of bias in satellite retrievals of skin sea surface temperature 1. Theory, modeling and 
inter-algorithm comparison. J. Geophys. Res. Oceans 104 (C10), 23565–23578. 
https://doi.org/10.1029/1999JC900105. 

Merchant, C.J., Embury, O., Le Borgne, P., Bellec, B., 2006. Saharan dust in night-time 
thermal imagery: detection and reduction of related biases in retrieved sea surface 
temperature. Remote Sens. Environ. 104, 15–30. 

Merchant, C.J., Embury, O., Roberts-Jones, J., Fiedler, E., Bulgin, C.E., Corlett, G.K., 
Good, S., McLaren, A., Rayner, N., Morak-Bozzo, S., Donlon, C., 2014. Sea surface 
temperature datasets for climate applications from phase 1 of the European Space 
Agency climate change initiative (SST CCI). Geosci. Data J. 1 (2), 179–191. https:// 
doi.org/10.1002/gdj3.20. 

Merchant, C.J., Embury, O., Bulgin, C.E., Block, T., Corlett, G.K., Fiedler, E., Good, S.A., 
Mittaz, J., Rayner, N.A., Berry, D., Eastwood, S., Taylor, M., Tsushima, Y., 
Waterfall, A., Wilson, R., Donlon, C., 2019. Satellite-based time-series of sea-surface 
temperature since 1981 for climate applications. Sci. Data 6 (1), 223. https://doi. 
org/10.1038/s41597-019-0236-x. 

Merchant, C.J., Saux-Picart, S., Waller, J., 2020. Bias correction and covariance 
parameters for optimal estimation by exploiting matched in-situ references. Remote 
Sens. Environ. 237, 111590. https://doi.org/10.1016/j.rse.2019.111590. 

Milman, A.S., Wilheit, T.T., 1985. Sea surface temperatures from the scanning 
multichannel microwave radiometer on Nimbus 7. J. Geophys. Res. 90 (C6), 11631. 
https://doi.org/10.1029/JC090iC06p11631. 
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