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Abstract: Both the Microwave Humidity and Temperature Sounder (MWHTS) and the Microwave 
Temperature Sounder-II (MWTS-II) operate on the Fengyun-3 (FY-3) satellite platform, which pro-
vides an opportunity to retrieve the sea surface barometric pressure (SSP) with high accuracy by 
fusing the observations from the 60 GHz, 118.75 GHz, and 183.31 GHz channels. The theory of re-
trieving SSP using passive microwave observations is analyzed, and the sensitivity test experiments 
of MWHTS and MWTS-II to SSP as well as the test experiments of the contributions of MWHTS and 
MWTS-II to SSP retrieval are carried out. The theoretical channel combination is established based 
on the theoretical analysis, and the SSP retrieval experiment is carried out based on the Deep Neural 
Network (DNN) for the theoretical channel combination. The experimental results show that the 
retrieval accuracy of SSP using the theoretical channel combination is higher than that of MWHTS 
or MWTS-II. In addition, based on the test results of the contributions of MWHTS and MWTS-II to 
the retrieval SSP, the optimal theoretical channel combination can be built, and can further improve 
the retrieval accuracy of SSP from the theoretical channel combination. 

Keywords: MWHTS; MWTS-II; FY-3 satellite; sea surface barometric pressure; fusing observations; 
channel combination; DNN 
 

1. Introduction 
Sea surface barometric pressure (SSP) is an important atmospheric parameter that 

plays an essential role in applications such as numerical weather prediction (NWP), trop-
ical cyclone forecasting and analysis, and climatological studies [1–3]. Meanwhile, SSP is 
also significant in various theoretical studies in the field of atmospheric remote sensing. 
For example, SSP, as the endpoint of the microwave radiative transfer path, has a direct 
impact on the calculation of the microwave radiometer’s simulated brightness tempera-
ture, and thereby affects the application of the observed brightness temperature. The ac-
quisition of SSP with high accuracy has been a hotspot in the research field of atmospheric 
science due to the significance of SSP in various applied and theoretical studies. 

Until recently, SSP has mainly been obtained by in situ measurements, such as ba-
rometers onboard buoys, merchant ships, and airborne platforms, which are sparse in 
spatial coverage and high cost in implementation [4]. Both the spatial and temporal cov-
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erage and resolution of the in situ measurements are limited, which restrict the effective-
ness and scope of the application of SSP in the field of atmospheric science. Compared to 
many remote sensing techniques of SSP, such as raster spectrometer, airborne differential 
absorption radar, and GPS occultation detection, among others, the satellite-based micro-
wave remote sensing has the advantages of a wide detection area, high horizontal resolu-
tion, and global intensive observation, among others, which is an ideal method for obtain-
ing continuous and high spatial and temporal resolution of SSP data [5–7]. Currently, the 
satellite-based scatterometer can obtain the SSP gradient fields by measuring the surface 
wind field [8,9]. However, the output of this method is the SSP gradient rather than the 
SSP itself, and at least one reliable observation (e.g., buoy or coastal station) is required to 
obtain SSP [10,11]. This requirement is difficult to meet due to the lack of in situ observa-
tions for the ocean areas. As a passive microwave remote sensing instrument, the satellite-
based microwave radiometer can detect SSP due to its capability to measure the total co-
lumnar oxygen absorption [12,13]. In the microwave band, the oxygen absorption spec-
trum has a clear frequency partitioning feature, with one resonance absorption line lo-
cated at 118.75 GHz and the remaining 45 absorption lines forming a resonance absorption 
band centered at 60 GHz [14]. Currently, the satellite-based microwave radiometers with 
channels near 118.75 GHz or in the 60 GHz band, such as MWHTS, MWTS-II, Advanced 
Microwave Sounding Unit (AMSU), and Advanced Technology Microwave Sounder 
(ATMS), all have the capability to detect SSP. Zhang and colleagues have carried out a 
study on the retrieval of SSP using the ATMS observations and the MWHTS observations, 
and their experimental results show that both ATMS and MWHTS are capable of acquir-
ing SSP with an accuracy of 2 hPa under clear sky conditions and 3 hPa under cloudy 
conditions, which can meet the application requirements in NWP and also validate the 
comparable detection capability of ATMS and MWHTS for SSP [15]. Meanwhile, they 
have verified that the detection channel at 183.31 GHz contributes to the retrieval of SSP 
by the retrieval experiments [15,16]. Although all of these three microwave frequency 
bands centered at 60 GHz, 118.75 GHz, and 183.31 GHz are capable of detecting SSP, stud-
ies on the fusion of multiple frequency bands based on 60 GHz, 118.75 GHz, and 183.31 
GHz to retrieve SSP have not been reported. 

In general, the combined detection of atmospheric parameters through multiple re-
mote sensing platforms or multiple frequency bands is expected to obtain richer detection 
information, which in turn has the potential to achieve higher retrieval accuracy. MWHTS, 
with channels set at 118.75 GHz and 183.31 GHz, and MWTS-II, with channels set at 60 
GHz, are both carried on the FY-3C and FY-3D satellites, which provides an opportunity 
to fuse the observations at 60 GHz, 118.75 GHz, and 183.31 GHz to retrieve SSP. In this 
paper, a study of fusion retrieval of SSP with 60 GHz, 118.75 GHz, and 183.31 GHz is 
carried out using MWHTS and MWTS-II observations. Based on the theoretical analysis 
of microwave remote sensing SSP and the contribution test experiments of each channel 
of MWHTS and MWTS-II to the SSP retrieval, this paper builds the theoretical channel 
combination and the optimal theoretical channel combination for the fusion retrieval of 
SSP, and also achieves the purpose of fusion retrieval of SSP with high accuracy using 
MWHTS and MWTS-II observations. 

This paper is organized as follows: Section 2 describes the characteristics of the 
MWHTS and MWTS-II instruments, the datasets, and the microwave radiative transfer 
model used in this study; the theoretical analysis of measuring SSP by satellite-based mi-
crowave radiometer and the sensitivity test of MWHTS and MWTS-II to SSP are contained 
in Section 3; in Section 4, the retrieval algorithm and experimental designs of the contri-
bution tests of MWHTS and MWTS-II to the SSP retrieval and fusion retrieval of SSP from 
observations of MWHTS and MWTS-II are presented; the experimental results and anal-
ysis are highlighted in Section 5; Section 6 concludes the study. 
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2. Data Description and Pre-Processing 
2.1. Instrument Characteristics 

MWHTS and MWTS-II are important payloads onboard the FY-3C and FY-3D satel-
lites, both of which are total power microwave radiometers. MWHTS has eight tempera-
ture sounding channels at the 118.75 GHz oxygen absorption line, five humidity sounding 
channels at the 183.31 GHz water vapor absorption line, and two window channels at 89 
GHz and 150 GHz mainly for sounding the Earth’s surface parameters. MWTS-II has 13 
channels in the 60 GHz oxygen absorption band mainly for sounding the atmospheric 
temperature. Both MWHTS and MWTS-II scan in a cross-track manner within ±53.35° and 
±49.5° with respect to the nadir direction, respectively. Each field of view (FOV) in the 
scan line corresponds to one scan angle. MWHTS has 98 FOVs per scan line with a normal 
FOV of 15 km at the nadir, and MWTS-II has 90 FOVs per scan line with a normal FOV of 
33 km at the nadir [17–19]. 

The weighting function (WF) distributions for 15 channels of MWHTS and 13 chan-
nels of MWTS-II, calculated from the standard U.S. atmosphere profile at nadir by the 
Millimeter-wave Propagation Model (MPM)-93 [20], are displayed in Figure 1. The rela-
tive contribution of each atmospheric layer to the channel observations is indicated by the 
WFs. As shown in Figure 1a, MWHTS channels 2–9 detect the temperature information 
mainly in the stratosphere (from the surface to 30 hPa), and MWHTS channels 11–15 de-
tect the humidity information in the troposphere. It can be seen from Figure 1b that 
MWTS-II channels 3–13 detect the temperature information from the surface to 3 hPa. 
MWHTS channels 1 and 10, and MWTS-II channels 1–2, with their peak WF heights closer 
to the surface, are affected by the radiation from the surface and can thus be used to obtain 
surface information. In addition, it can be observed from Figure 1 that the WF distribu-
tions of different channels are overlapped, which indicates that these channels detect the 
same atmosphere layer or surface information and therefore their observations may be 
correlated. Some channel characteristics of MWHTS and MWTS-II are listed in Tables 1 
and 2, respectively, including the channel frequency, sensitivity requirement, on-orbit 
sensitivity, calibration accuracy, and peak weighting function (WF) height. 

  
(a) (b) 

Figure 1. Weighting functions for MWHTS and MWTS-II calculated from the U.S. standard atmos-
pheric profile at nadir, assuming a surface emissivity of 0.6: (a) MWHTS; (b) MWTS-II. 
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Table 1. Channel characteristics of MWHTS. 

Channel Frequency 
(GHz) 

Sensitivity Re-
quirements (K) 

On-Orbit 
Sensitivity 

(K) 

Calibration 
Accuracy (K) 

Peak WF 
Height (hPa) 

1 89.0 1.0 0.23 1.3 surface 
2 118.75 ± 0.08 3.6 1.62 2.0 30 
3 118.75 ± 0.2 2.0 0.75 2.0 50 
4 118.75 ± 0.3 1.6 0.59 2.0 100 
5 118.75 ± 0.8 1.6 0.65 2.0 250 
6 118.75 ± 1.1 1.6 0.52 2.0 350 
7 118.75 ± 2.5 1.6 0.49 2.0 surface 
8 118.75 ± 3.0 1.0 0.27 2.0 surface 
9 118.75 ± 5.0 1.0 0.27 2.0 surface 

10 150.0 1.0 0.34 1.3 surface 
11 183.31 ± 1.0 1.0 0.47 1.3 300 
12 183.31 ± 1.8 1.0 0.34 1.3 400 
13 183.31 ± 3.0 1.0 0.30 1.3 500 
14 183.31 ± 4.5 1.0 0.22 1.3 700 
15 183.31 ± 7.0 1.0 0.27 1.3 800 

Table 2. Channel characteristics of MWTS-II. 

Channel Frequency 
(GHz) 

Sensitivity Re-
quirements (K) 

On-Orbit 
Sensitivity 

(K) 

Calibration Ac-
curacy (K) 

Peak WF 
Height (hPa) 

1 53.30 1.5 0.26 1.5 surface 
2 51.760 0.9 0.20 1.5 surface 
3 52.800 0.9 0.21 1.5 950 
4 53.596 0.9 0.18 1.5 700 
5 54.400 0.9 0.19 1.5 400 
6 54.940 0.9 0.19 1.5 250 
7 55.500 0.9 0.23 1.5 180 
8 57.290(f0) 0.9 0.74 1.5 90 
9 f0 ± 0.217 1.5 0.66 1.5 50 

10 
f0 ± 0.322 ± 

0.048 1.5 0.49 1.5 25 

11 f0 ± 0.322 ± 
0.022 

2.3 0.53 1.5 10 

12 f0 ± 0.322 ± 
0.010 3.0 0.93 1.5 6 

13 
f0 ± 0.322 ± 

0.005 4.5 2.11 1.5 3 

2.2. Date Description and Pre-Processing 
The datasets used in this study include: (1) level 1b brightness temperature dataset 

of MWHTS and MWTS-II onboard the FY-3D satellite from the National Satellite Meteor-
ological Center (NSMC) (http://satellite.nsmc.org.cn/, 18 December 2019); (2) ERA-Interim 
reanalysis dataset obtained from the European Centre for Medium-Range Weather Fore-
casts (ECMWF) website (http://apps.ecmwf.int/datasets/, 18 December 2019) is produced 
by a data assimilation system, which assimilates many sounding measurements, includ-
ing radiosondes and in situ sounders [21,22]. The reanalysis dataset can typically be used 
as the truth data to verify the retrieval accuracy of atmospheric parameters. In this study, 
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the profile parameters and the surface parameters from the ERA-Interim reanalysis da-
taset are used to build the atmospheric parameter dataset. The profile parameters include 
temperature, relative humidity, and specific cloud liquid content, which have a total of 37 
pressure levels unevenly from 1000–1 hPa. The surface parameters include 2 m tempera-
ture, 2 m dewpoint temperature, surface pressure, skin temperature, 10 m u wind compo-
nent, 10 m v wind component, and vertical integral of cloud liquid water. These parame-
ters that are used to build the atmospheric parameter dataset have the horizontal resolu-
tion of 0.5° × 0.5° and the temporal resolution of 6 h (i.e., with data available at 0000 UTC, 
0600 UTC, 1200 UTC, and 1800 UTC). The atmospheric parameter dataset and the bright-
ness temperature data of MWHTS and MWTS-II used in this work are over the ocean covering 
a geographic area of 25° N–45° N and 160° E–220° E from 1 September 2018 to 31 August 2019. 

The radiative transfer model RTTOV (Radiative Transfer for Television and Infrared 
Observation Satellite Operational Vertical Sounders) Version 11.2, developed by the 
ECMWF, is selected to calculate the simulated brightness temperatures and carry out the 
sensitivity test experiments. RTTOV is a fast radiative transfer model for simulating top-
of-atmosphere radiances from passive visible, infrared, and microwave downward-view-
ing satellite radiometers, and is widely used in the satellite retrieval and data assimilation 
communities. The core of RTTOV is a fast parameterization of layer optical depths due to 
gas absorption. Given an atmospheric profile of temperature, water vapor, and, option-
ally, trace gases, aerosols, and hydrometeors, together with surface parameters and the 
viewing geometry, RTTOV can rapidly obtain the corresponding layer optical depth by 
interpolation and compute the top-of-atmosphere radiances in each of the channels of the 
sensor being simulated. For additional details on the RTTOV model, as well as the updates 
and increased capabilities of the latest versions, one can refer to [23,24]. 

In this study, three steps of data pre-processing are performed. First, the collocated 
brightness temperatures are collected by collocating the observations of MWHTS and 
MWTS-II with the criteria that their time difference is less than 2 s and the absolute dis-
tance between their positions (latitude and longitude) is less than 0.1°. Next, the collocated 
dataset is built by collocating the collocated brightness temperatures with the atmospheric 
parameter dataset, with the criteria that their time difference is less than 0.5 h and the 
absolute distance between their positions (latitude and longitude) is less than 0.1°. Finally, 
two collocated datasets both containing the observed brightness temperatures, and the 
atmospheric parameters have been built. One is the analysis dataset, with 321,448 collo-
cated samples from 1 September 2018 to 30 June 2019, which is used to develop the re-
trieval algorithm of the SSP. The other is the testing dataset, with 64,831 collocated sam-
ples from 1 July to 30 August 2019, which is used to evaluate the retrieval algorithm per-
formance. It is important to note that the analysis dataset and the testing dataset are com-
pletely independent from each other, as their data come from different time periods. The 
overall procedures of the data pre-processing are summarized in Figure 2. 
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Figure 2. The schematic of the data pre-processing procedures. 

3. The Principle of Measuring SSP by Satellite-Based Microwave Radiometer 
In this section, the theoretical basis of the passive microwave remote sensing of SSP 

is provided and analyzed from the perspective of the relationship of SSP and atmospheric 
transmissivity. The relationship of SSP and atmospheric surface transmissivity is tested 
by the sensitivity test experiments of MWHTS and MWTS-II to SSP based on the radiative 
transfer model. In addition, in order to fully utilize the detection information about SSP 
from MWHTS and MWTS-II to retrieve SSP, a correlation analysis of the channel obser-
vations of MWHTS and/or MWTS-II is performed. 

3.1. Theoretical Basis 
For a satellite-based, downward-looking radiometer, the upward-emitted brightness 

temperature can be expressed as [25], 

஻ܶ = ௎ܶ௉(݂, (ߠ + ௌܶ௄௒(݂, ,ΓΥ(0(ߠ ∞) + ௌܶாΥ(0, ∞)  (1)

where ௎ܶ௉(݂, ,݂)and ௌܶ௄௒ (ߠ -are the upwelling and downwelling radiations of the at (ߠ
mosphere at frequency ݂ and zenith angle ߠ given by Equations (2) and (3), 

௎ܶ௉(݂, (ߠ = ߠܿ݁ݏ ׬ ,݂)௔ߢ ஶ଴(ݖ (2)  ݖఛబ(௭,ஶ)௦௘௖ఏ݀ି݁(ݖ)ܶ

ௌܶ௄௒(݂, (ߠ = ாܶ௑்ோ஺݁ିఛబ(଴,ஶ)௦௘௖ఏ + ߠܿ݁ݏ ׬ ,݂)௔ߢ ஶ଴(ݖ (3)  ݖఛబ(଴,௭)௦௘௖ఏ݀ି݁(ݖ)ܶ

where ߢ௔(݂,  ,ݖ is the total power absorption coefficient of the atmosphere at height (ݖ
which usually contains three components: the oxygen power absorption coefficient, the 
water vapor power absorption coefficient, and the liquid water power absorption coeffi-
cient. ܶ(ݖ) is the atmospheric temperature profile. ாܶ௑்ோ஺ is the galactic and cosmic ra-
diation originating from outside of the Earth’s atmosphere. ௌܶா is the brightness temper-
ature of the ocean (or ground) surface when observed in the absence of the atmosphere. Γ is the reflectivity of the surface. ߬଴(0, -is the zenith optical thickness of the atmos (ݖ
pheric layer between the surface and height ݖ, which is related to ߢ௔(݂, ,by, ߬଴(0 (ݖ (ݖ = ׬ ,݂)௔ߢ ᇱ௭଴ݖ݀(ᇱݖ   (4)

and Υ(0, ∞) is the one-way transmissivity of the atmosphere layer between the surface 
and the top of the atmosphere along direction ߠ, which is given by, Υ(0, ∞) = ݁ିఛబ(଴,ஶ)௦௘௖ఏ = ݁ି ׬ ఑ೌ(௙,௭)௦௘௖ఏௗ௭ಮబ  (5)

According to Equation (5), and replacing the height ݖ with the integral variable ݈݊ܲ, 
Equation (1) can be simplified as, 
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஻ܶ = න ܹ(݂, ܲ)௟௡௉ೄିஶ ܶ(ܲ)݀(݈݊ܲ) + ௌܶߝ(݂, )Υ(ߠ ௌܲ, 0) (6)

where ܶ(ܲ) represents the vertical distribution of temperature at atmospheric pressure 
level ܲ, ௌܲ denotes SSP, ߝ(݂, -is the emissivity of the surface, ௌܶ is the surface tem (ߠ
perature, Υ( ௌܲ, 0) is the transmissivity between the surface and the top of the atmosphere 
(i.e., the surface transmissivity), and ܹ(݂, ܲ) is given by, ܹ(݂, ܲ) = [1 + (1 − ,݂)ߝ ஌(௉ೄ,଴)஌(௉,଴))((ߠ )ଶ] డ஌(௉,଴)డ(௟௡௉)   (7)

From Equation (6), it can be seen that the atmosphere transmissivity Υ directly affects the 
satellite brightness temperature, and SSP, which is the endpoint of the detection path of 
the satellite-based microwave radiometer, not only participates in the calculation of the 
atmospheric absorption, but also has an important impact on the transmission of surface 
radiation in the detection path. However, although SSP, as the integral limit in Equation 
(6), seems to establish a connection with the satellite brightness temperature, it can be 
noted that SSP does not affect the satellite brightness temperature if the surface transmis-
sivity  Υ( ௌܲ, 0) is zero. Meanwhile, it is concluded that the measurements of the satellite-
based microwave radiometer channels with non-zero Υ( ௌܲ, 0) can be influenced by SSP, 
and thus contain the detection information about SSP. 

Based on the above analysis, the surface transmissivity, Υ( ௌܲ, 0), of all channels of 
MWHTS and MWTS-II are calculated by RTTOV. The inputs of RTTOV are the profile 
parameters and the surface parameters of the analysis dataset. The mean value of Υ( ௌܲ, 0) 
for each channel is shown in Figure 3. It can be seen that the mean values of the surface 
transmissivity, Υ( ௌܲ, 0), for channel 1, channels 5–10, and channel 15 of MWHTS and for 
channels 1–5 of MWHTS are not zero. Thus, these channels are sensitive to SSP. 

 
Figure 3. The mean value of the surface transmissivity, Υ( ௌܲ, 0), of each channel of MWHTS and 
MWTS-II in the analysis dataset. 

However, as can be concluded from Figure 1, there is a correlation between micro-
wave channels due to the same atmospheric layer or the surface information in detection. 
Therefore, measurements of microwave channels with non-zero Υ( ௌܲ, 0) contain the de-
tection information about SSP, and measurements of microwave channels whose Υ( ௌܲ, 0) 
are zero are also likely to contain SSP information. For MWHTS and MWTS-II, the corre-
lation coefficients between observations of the channels with zero Υ( ௌܲ, 0) and observa-
tions of the channels with non-zero Υ( ௌܲ, 0) are calculated using the observations of 
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MWHTS and MWTS-II in the analysis dataset. The calculated results of the correlation 
coefficients are shown in Table 3, where H-n, n = 1, 2, 3, ..., 15. denotes the MWHTS chan-
nel, and T-m, m = 1, 2, 3, ..., 13. denotes the MWTS-II channel. 

Table 3. The correlation coefficients between observations of the channels with zero Υ( ௌܲ, 0) and 
observations of the channels with non-zero Υ( ௌܲ, 0) for MWHTS and MWTS-II. 

Correlation Coefficient 
Channel H-1 H-5 H-6 H-7 H-8 H-9 H-10 H-15 T-1 T-2 T-3 T-4 T-5 

H-2 0.38 −0.22 −0.17 0.22 0.28 0.36 0.32 −0.10 0.39 0.38 0.21 −0.09 −0.16 
H-3 −0.03 −0.09 −0.23 −0.25 −0.20 −0.09 −0.15 −0.40 0.02 −0.06 −0.41 −0.35 −0.21 
H-4 −0.31 0.15 −0.09 −0.47 −0.45 −0.38 −0.41 −0.49 −0.30 −0.41 −0.56 −0.28 −0.06 

H-11 −0.18 0.38 0.40 0.08 −0.01 −0.13 −0.08 0.62 −0.26 −0.20 0.12 −0.32 0.37 
H-12 −0.12 0.42 0.47 0.18 0.10 −0.04 0.01 0.74 −0.24 −0.16 0.22 −0.26 0.43 
H-13 −0.06 0.42 0.49 0.25 0.17 0.02 0.08 0.83 −0.20 −0.11 0.30 −0.22 0.46 
H-14 −0.01 0.44 0.54 0.32 0.24 0.09 0.15 0.90 −0.20 −0.09 0.37 −0.17 0.50 
T-6 −0.19 0.98 0.91 0.16 0.04 −0.11 −0.03 0.29 −0.67 −0.60 0.10 0.76 0.92 
T-7 −0.42 0.68 0.45 −0.33 −0.39 −0.43 −0.40 −0.20 −0.65 −0.67 −0.42 0.18 0.47 
T-8 −0.15 −0.10 −0.29 −0.40 −0.35 −0.23 −0.29 −0.44 −0.05 −0.17 −0.54 −0.42 −0.26 
T-9 0.22 −0.20 −0.25 −0.01 0.05 0.16 0.10 −0.22 0.26 0.21 −0.06 −0.27 −0.23 

T-10 0.47 −0.27 −0.19 0.30 0.37 0.45 0.41 −0.06 0.47 0.48 0.29 −0.07 −0.18 
T-11 0.50 −0.34 −0.20 0.38 0.44 0.51 0.49 0.08 0.52 0.54 0.38 −0.03 −0.19 
T-12 0.47 −0.28 −0.12 0.40 0.44 0.48 0.48 0.16 0.46 0.50 0.42 0.06 −0.11 
T-13 0.37 −0.02 0.13 0.41 0.41 0.40 0.42 0.25 0.26 0.32 0.44 0.25 0.11 

As shown in Table 3, although channel 2, channel 3, and channel 4 of MWHTS are 
not sensitive to SSP, their observations have certain correlations with the observations of 
MWTS-II channel 1, MWTS-II channel 3, and MWTS-II channel 3, which contain the SSP 
information, with correlation coefficients of 0.39, −0.41, and −0.56, respectively. The obser-
vations of MWHTS channels 11–14 are all strongly correlated with that of MWHTS chan-
nel 15, with correlation coefficients of 0.62, 0.74, 0.83, and 0.90, respectively. The observa-
tions of MWTS-II channels 6 and 7 are also strongly correlated with that of MWHTS chan-
nel 5, with correlation coefficients of 0.98 and 0.68, respectively. MWTS-II channels 8–13 
are all insensitive to SSP, but their observations are correlated with those of channel 3, 
channel 4, channel 2, channel 2, channel 2, and channel 3 of MWTS-II, with respective 
correlation coefficients of −0.54, −0.27, 0.48, 0.54, 0.50, and 0.44. In addition, it should be 
noted that MWHTS channel 15, which mainly detects the atmospheric humidity infor-
mation, shows a correlation with the temperature sounding channels, such as MWHTS 
channel 2, MWHTS channel 3, and MWTS-II channel 8, which may be due to the correla-
tion between the atmospheric parameters. In a natural climate, there are natural linkages 
between atmospheric parameters such as pressure, temperature, and humidity, among 
others [26]. Therefore, in addition to the fact that microwave channels detect the same 
information about atmospheric parameters, the correlation between atmospheric param-
eters may also be a reason for the correlation of the observations of the microwave chan-
nels. 

Furthermore, based on the correlation analysis of the channel observations of 
MWHTS and/or MWTS-II, a theoretical assumption that the observations of the channels 
whose surface transmissivity is zero contain the SSP information and can be used to re-
trieve SSP is presented. According to the above theoretical analysis, in order to fully utilize 
the SSP information in observations of MWHTS and MWTS-II to retrieve SSP, a theoretical 
channel combination including all of the 15 channels of MWHTS, and 13 channels of 
MWTS-II is established. However, as for the fusion retrieval of SSP from MWHTS and 
MWTS-II, whether each channel of MWHTS and MWTS-II can contribute to the retrieval 
of SSP can be verified by the retrieval experiment for SSP. 
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3.2. The Sensitivity Test of MWHTS and MWTS-II to SSP 
Inputting the artificially perturbed atmospheric parameter into the microwave radi-

ative transfer model to calculate the simulated brightness temperatures, and then obtain-
ing the relationship between the simulated brightness temperatures and the specific at-
mospheric parameter, is the traditional sensitivity test method in microwave remote sens-
ing of the atmosphere, especially in testing the sensitivity of the passive microwave ob-
servations to temperature, humidity, and cloud parameters [27–29]. Similarly, in this 
study, the traditional sensitivity test method based on the radiative transfer model is cho-
sen to carry out the sensitivity test of MWHTS and MWTS-II to SSP, where RTTOV is used 
as the radiative transfer model and the atmospheric parameters are from ERA-Interim 
reanalysis instead of artificial perturbation, such that the atmospheric parameters used 
will be closer to the natural atmospheric situation. According to the theoretical analysis in 
Section 3.1, both channels of MWHTS and MWTS-II with zero and non-zero surface trans-
missivity are sensitive to SSP. In this study, the sensitivities of all channels of MWHTS 
and MWTS-II to SSP are tested. 

For the sensitivity test experiments of MWHTS and MWTS-II to SSP, the test scheme 
is to input the atmospheric parameters, which are as identical as possible with the excep-
tion of SSP, into RTTOV to calculate the simulated brightness temperature and obtain the 
simulated brightness temperature versus SSP. However, since each channel of MWHTS 
and MWTS-II has a different sensitivity to atmospheric parameters such as temperature, 
humidity, and cloud water content at different pressure levels, the sensitivity test datasets 
where the atmospheric parameters, except for SSP, have as little effect as possible on the 
simulated brightness temperature for that channel need to be built for each channel. Fol-
lowing the method used to build the atmospheric parameter dataset in Section 2.2, except 
using data from a different time range, the atmospheric parameter dataset with 
142,492,873 samples from 1 September 2014 to 31 August 2019 is used to build the sensi-
tivity test dataset for each channel of MWHTS and MWTS-II. The sensitivity test datasets 
are built as follows. 

First, in order to reduce the impact of the clouds and precipitation on the simulated 
brightness temperature, while taking into account the amount of available data, the verti-
cal integral of cloud liquid water of 0.01 mm was set as the cloud filtering threshold, with 
only the atmospheric parameters with a vertical integral of cloud liquid water less than 
0.01 mm in the atmospheric parameter dataset are used. Next, since the brightness tem-
perature of each channel is influenced by the atmospheric parameters only at some pres-
sure levels, the main affected pressure levels for each channel need to be determined. 
Based on the WF distributions, the main affected pressure levels of each channel of 
MWHTS and MWTS-II can be determined by inputting the perturbed atmospheric tem-
perature and humidity profiles into RTTOV to calculate the simulated brightness temper-
ature. Finally, the mean atmospheric parameters in the atmospheric parameter dataset are 
calculated and the mean surface emissivity for each channel is calculated by the Fast Emis-
sivity (FASTEM)-5 model [23]. The atmospheric parameters, with the exception of SSP, 
that are similar to the mean values of the atmospheric parameters are searched for each 
channel. The search criterion is that the difference between the temperatures and the mean 
values of temperatures at the main affected pressure levels needs to satisfy the tempera-
ture threshold, and the searched atmospheric parameters based on the temperature 
thresholds can generate the same simulated brightness temperatures as the mean values 
of the atmospheric parameters. Following the same approach, the humidity threshold for 
each channel can be determined. It is noted that the determination of temperature and 
humidity thresholds requires a comprehensive consideration of the effects of temperature 
and humidity differences on the sensitivity test and the number of available samples. In 
addition, in order to reduce the impact of the surface emissivity on the simulations of 
channels with the peak WF heights close to the surface, only the difference between the 
surface emissivity and the mean surface emissivity for channels with non-zero surface 
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emissivity within the range of 0.001 is selected. The overall procedures for building the 
sensitivity test dataset are summarized in Figure 4. 

 
Figure 4. The schematic of building the sensitivity test dataset. 

Based on the above steps, the sensitivity test dataset for each channel of MWHTS and 
MWTS-II can be built. Table 4 lists the main affected pressure levels, temperature thresh-
old, humidity threshold, and the number of samples in the sensitivity test dataset for each 
channel of MWHTS and MWTS-II, where channels with similar WF distributions can 
share the same configuration of the sensitivity test dataset. For example, H-1, H-7, H-8, H-
9, H-10, T-1, and T-2 with peak WF heights are close to the surface, which can use the same 
sensitivity test dataset. In addition, the temperature threshold affects all channels of 
MWHTS and MWTS-II, while the humidity threshold affects the window channels H-1 
and H-10, the temperature sounding channels H-5, H-6, H-7, H-8, and H-9, and the hu-
midity sounding channels H-11, H-12, H-13, H-14, and H-15. 

Table 4. The configuration of sensitivity test datasets for MWHTS and MWTS-II. 

Channel Main Affected Pres-
sure Levels 

Temperature 
Threshold (K) 

Humidity 
Threshold (%) 

Number of 
Samples 

H-1, H-7, H-8, H-9, 
H-10, T-1, T-2  

825–1000 1.20 8 468 

H-2, T-10 3–150 0.45 - 163 
H-3, H-4, T-8, T-9 5–225 0.50 - 152 

H-5, H-6 100–1000 1.20 25 181 
T-3, T-4 200–975 0.95 - 115 
T-5, T-6 50–825 0.85 - 212 

T-7 5–550 0.65 - 133 
T-11 2–100 0.45 - 148 
T-12 2–50 0.40 - 188 
T-13 1–10 0.35 - 265 

H-11, H-12 150–650 1.50 3 238 
H-13, H-14, H-15 200–950 1.80 5 260 
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The zenith angle is set to be 0° and the sensitivity test dataset is input into RTTOV to 
calculate the simulated brightness temperature and the surface transmissivity, Υ( ௌܲ, 0), of 
MWHTS and MWTS-II, respectively. The simulated brightness temperature for each chan-
nel of MWHTS and MWTS-II versus SSP, and the results of the linear regression fits to the 
relationship between the simulated brightness temperature and SSP, are shown in Figure 
5. The mean values of surface transmissivity, Υ( ௌܲ, 0), of each channel of MWHTS and 
MWTS-II are shown in Figure 6. 

(a) 

 
(b) 

Figure 5. The results of the sensitivity test of MWHTS and MWTS-II to SSP: (a) MWHTS; (b) MWTS-
II. 
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Figure 6. The mean value of surface transmissivity, Υ( ௌܲ, 0), of each channel of MWHTS and MWTS 
in sensitivity test datasets. 

In Figure 5, the slope of the linear regression is an indicator of whether a channel is 
sensitive to SSP. If the slope is almost zero, it means that the simulated brightness temper-
ature hardly varies with the changed SSP, and is therefore not sensitive to SSP. Based on 
the slope of the linear regression fit results of the relationship between the simulated 
brightness temperature and SSP for each channel, the sensitivity of each channel to SSP 
can be determined. It can be seen from Figures 5a and 6 that MWHTS channel 1, channels 
5–10, and channel 15 have non-zero slopes and non-zero transmissivity, Υ( ௌܲ, 0), are sen-
sitive to SSP. It is also shown that the simulated brightness temperatures of MWHTS chan-
nel 1 and channels 5–10 all show a significant linear relationship with SSP. MWHTS humidity 
sounding channel 15 is weakly sensitive to SSP, while MWHTS humidity sounding channels 
11–14 are not. For the sensitivity test results of MWTS-II to SSP, it can be observed from Figures 
5b and 6 that MWTS-II channels 1–5 with non-zero slopes and non-zero transmissivity, Υ( ௌܲ, 0), are sensitive to SSP, and there is a clear linear relationship between their simulated 
brightness temperatures and SSP. However, MWTS-II channels 6–13 are not sensitive to SSP. 

It should be noted that only the MWHTS and MWTS-II channels with the non-zero 
transmissivity, Υ( ௌܲ, 0), are sensitive to SSP, which is consistent with Equation (6), but 
inconsistent with the assumptions presented in the theoretical analysis in Section 3.1. The 
inconsistency between the sensitivity test results and the theoretical assumptions could 
be due to the following three reasons: 

(1) The commonly used operational radiative transfer models, such as RTTOV, 
CRTM, and ARTS, are developed with the main purpose of improving the accuracy of the 
simulated brightness temperature, in which surface transmissivity is obtained by linearly 
interpolating SSP to a fixed pressure grid [23,30,31]. Such treatment reduces the weight of 
SSP in the entire radiative transfer calculation and is crude for obtaining the relationship 
between the simulated brightness temperature and SSP. In addition, obtaining the surface 
transmissivity in this way is also the reason why the simulated brightness temperature of the 
channel with non-zero surface transmissivity shows an obvious linear relationship with the 
variations of SSP in the results of the sensitivity test of MWHTS and MWTS-II to SSP; 

(2) The radiative transfer model may not well characterize the correlation between 
atmospheric parameters and the correlation about SSP between channels when calculat-
ing the simulated brightness temperature. This means that the sensitivity test method 
based on the radiative transfer model cannot capture the observations of the channels 
whose surface transmissivity is zero and contain the SSP information; 
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(3) Errors in the simulated brightness temperature from the radiative transfer model 
due to non-modeled atmospheric processes, signal distortion in the ionosphere, errors in 
the spectroscopy, etc. [22–34], may adversely affect the sensitivity test results. In addition, 
whether the atmospheric parameters in the sensitivity test dataset are representative, as 
well as the scope of their values, are also important factors affecting the sensitivity test 
results. 

It is obvious that the sensitivity test method based on the radiative transfer model, 
although successfully applied to some other atmospheric parameters such as temperature, 
humidity, and cloud parameters, is not applicable to SSP. Furthermore, in this study, the 
sensitivity test method based on the radiative transfer model cannot validate the theoret-
ical assumption in Section 3.1 that the observations of the channels whose surface trans-
missivity is zero contain the SSP information and can be used to retrieve SSP. Fortunately, 
the theoretical assumption in Section 3.1 can be validated by determining whether each 
channel contributes to the SSP retrieval in the retrieval experiments, as detailed in Section 
4.2. 

4. Algorithm and Experiment Design 
In this section, according to the nonlinear relationship between passive microwave 

observations and SSP presented in Equation (6), a neural-network-based retrieval algo-
rithm that can describe the linear and nonlinear relationships between the input and out-
put samples is developed. Experimental designs to test whether each channel of MWHTS 
and MWTS-II contributes to the SSP retrieval in the retrieval experiment and to establish 
the optimal channel combination for fusion retrieval of SSP from MWHTS and MWTS-II 
are also presented. 

4.1. Neural-Network-Based Retrieval Algorithm 
As a typical representative of machine learning algorithms, neural networks (NNs) 

are widely used in the field of atmosphere microwave remote sensing because of their 
advantages of low computational effort, high computational efficiency, ease of operation, 
and comparable retrieval accuracy compared with physical retrieval algorithms. In the 
supervised learning process, the NN is trained using a training dataset in which each set 
of input samples is corresponding to a given output label to build a NN model that can 
describe the relationship between the inputs and outputs. When the new testing inputs 
are provided to the trained NN model, the model can predict the new outputs which cor-
respond to the new testing inputs [35,36]. When NNs are applied to the satellite-based 
microwave remote sensing of atmospheric parameters, the inputs are usually the bright-
ness temperatures of satellite-based radiometers, and the corresponding outputs can be 
the atmospheric temperature profile, humidity profile, cloud-water parameters, and sur-
face parameters, etc. The additional details on the initialization, training, and optimization 
of the NNs, as well as other advanced topics, are detailed in previous work [37–40]. 

Following the vast majority of publications on applying NNs to atmosphere remote 
sensing, and considering the strongly linear and non-linear mapping ability required in 
this research, a deep neural network (DNN), which contains an input layer, two hidden 
layers, and an output layer, is selected to retrieve SSP from MWHTS and MWTS-II. A 
DNN can be understood as a neural network that contains many hidden layers and the 
hidden layers contain many neurons. The DNN design used here is fully connected net-
works, where each neuron in each layer is connected to all neurons in the next layer, and 
the neurons in the hidden layer perform nonlinear computation on all input vectors to 
characterize the relationship between input and output samples. In the SSP retrieval, the 
input layer of the DNN receives the measurements of MWHTS or MWTS-II, and the num-
ber of neurons of the input layer corresponds to the number of channels contained in the 
measurements of MWHTS or MWTS-II. The output layer has one neuron output SSP. 
There are 512 neurons in each hidden layer of the DNN, and this configuration is selected 
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after extensive testing with smaller and larger numbers of neurons. In the extensive test-
ing, the trained DNN produces the best result in terms of reproducing SSP, which is eval-
uated by the root mean square error (RMSE) between the predictions of SSP and the SSP 
in the testing dataset. 

In the training of the DNN, the error back propagation learning algorithm is used. A 
DNN with the learning rate of 0.001 targets the minimum squared error of prediction and 
adjusts the threshold and weight of the network to fit the expected SSP. For the activation 
function in this study, the rectified linear unit (ReLU) is selected for its ability to overcome 
the problems of saturation and vanishing gradients [37]. More importantly, a DNN with 
ReLU can obtain the highest prediction accuracies in the SSP retrievals compared to sig-
moid and Leaky ReLU. Another concerning problem is setting the number of epochs for 
the training of the DNN. Too few epochs can lead to an underfit model, while too many 
may result in overfitting. In this study, in order to avoid the underfit model, an arbitrarily 
large number of epochs is set, and the method called early stopping is selected to termi-
nate the training of the DNN before overfitting occurs. Early stopping split the training 
dataset and used a subset (20%) as a validation dataset to monitor the performance of the DNN 
during training. If the loss on the validation dataset remains unchanged over a set number of 
epochs (or patience), the training of the DNN will be stopped. After extensive testing, the ar-
bitrarily large number of epochs and the patience in this study are 1500 and 100, respectively. 

The developed DNN is trained and tested using the analysis dataset and the testing 
dataset established in Section 2.2, respectively, with the observed brightness temperatures 
and the corresponding SSP in the analysis dataset being used as the inputs and outputs of 
the DNN, respectively, to train and build the DNN-based retrieval model. Next, the ob-
served brightness temperatures in the testing dataset as new data are input to the DNN-
based retrieval model to generate the predictions of SSP, and the SSP in the testing dataset 
is used as the truth value to verify the accuracy of the DNN-based retrieval model. An 
illustration of the schematic of the SSP retrieval process is displayed in Figure 7. 

 
Figure 7. The schematic of retrieving SSP. 

4.2. Design of Retrieval Experiment 
Following the theoretical assumption of the theoretical analysis in Section 3.1, the 

channels of MWHTS and MWTS-II with zero surface transmissivity can be used for re-
trieving SSP. However, only the channels of MWHTS and MWTS-II with non-zero surface 
transmissivity can be useful for retrieving SSP according to the sensitivity test results, as 
shown in Section 3.2. Therefore, in order to further validate whether each channel contrib-
utes to the SSP retrieval in the retrieval experiment, an experiment is designed to test the 
contribution of each channel of MWHTS and MWTS-II to the SSP retrieval. Based on the 
test results of the contribution of each channel to the SSP retrieval, the optimal theoretical 
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channel combination for retrieving SSP can be established, and then the fusion retrieval 
experiment of SSP from MWHTS and MWTS-II is designed. The specific designs of the 
above two experiments are as follows. 

Experiment 1: testing the contribution of each channel of MWHTS and MWTS-II to the 
retrieval of SSP. To further validate the theoretical assumption in Section 3.1 by determining 
whether each channel contributes to the SSP retrieval, this experiment is designed as follows. 

First, taking MWHTS as an example, according to the SSP retrieval process in Section 
4.1, the observed brightness temperatures of all 13 channels of MWHTS replace the bright-
ness temperatures in Figure 7 to carry out the DNN training, build the DNN-based re-
trieval model from MWHTS, and obtain the SSP retrieval accuracy from MWHTS. Next, 
one channel is removed from MWHTS to build the MWHTS channel combination remov-
ing one channel, and the observed brightness temperatures of the MWHTS channel com-
bination removing one channel replace the brightness temperatures in Figure 7, with the 
retrieval of SSP being carried out according to Figure 7 to obtain the SSP retrieval accuracy 
from the MWHTS channel combination removing one channel. The SSP retrieval accura-
cies from MWHTS and from the MWHTS channel combination removing one channel are 
then compared to determine whether the removed channel in MWHTS contributes to the 
SSP retrieval. Finally, following the same operation, the contribution of each channel of 
MWHTS to the SSP retrieval can be determined. By following the same method, the con-
tribution of each channel of MWTS-II to the SSP retrieval can also be determined. 

Experiment 2: the fusion retrieval of SSP from MWTS-II and MWHTS. In order to 
make full use of the information about SSP in the observations of MWTS-II and MWHTS, 
and obtain the SSP retrieval with higher accuracy than that of MWTS-II or MWHTS, the 
theoretical channel combination (all 15 channels of MWHTS and all 13 channels of MWTS-
II, i.e., MWHTS + MWTS-II) based on the theoretical analysis in Section 3.1 is built, and 
the fusion retrieval experiment of SSP is carried out. According to the SSP retrieval process 
in Section 4.1, the observed brightness temperatures of the theoretical channel combina-
tion replace the brightness temperatures in Figure 7 to carry out the DNN training, build 
the DNN-based retrieval model from the theoretical channel combination, and obtain the 
SSP retrieval accuracy from the theoretical channel combination. 

However, it is important to note that the retrieval of atmospheric parameters using 
the satellite observations is affected by the instrument observation errors, and the data 
quality of each channel of the microwave radiometer varies greatly, which in turn leads 
to some channels in the retrieval calculation not being useful for the retrieval, or even 
reducing the retrieval accuracy. Therefore, according to the test results of the contribution 
of each channel of MWHTS and MWTS-II to the SSP retrieval in Experiment 1, the chan-
nels that do not contribute to the SSP retrieval can be obtained, and the optimal theoretical 
channel combination is established by removing channels that do not contribute to the 
SSP retrieval in the theoretical channel combination. 

The procedure of establishing the optimal theoretical channel combination is as fol-
lows. First, the theoretical channel combination removing one channel is created by ran-
domly removing one channel that does not contribute to the SSP retrieval from the theo-
retical channel combination. According to the SSP retrieval process in Section 4.1, the ob-
served brightness temperatures of the theoretical channel combination removing one 
channel replace the brightness temperatures in Figure 7 to carry out the DNN training, 
build the DNN-based retrieval model from the theoretical channel combination removing 
one channel, and obtain the SSP retrieval accuracy from the theoretical channel combina-
tion removing one channel. When the SSP retrieval accuracy from the theoretical channel 
combination removing one channel is better than that of the theoretical channel combina-
tion, the theoretical channel combination removing two channels is created by randomly 
removing another one channel that does not contribute to the SSP retrieval from the the-
oretical channel combination removing one channel. Next, the theoretical channel combi-
nation removing three channels can be built according to the same operation of building 
the theoretical channel combination removing two channels, until all the channels that do 
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not contribute to the SSP retrieval are removed from the theoretical channel combination, 
and thus the optimal theoretical channel combination is built. Meanwhile, the validation 
of the established optimal theoretical channel combination is necessary to be carried out 
by the following two steps. First, when any one or more channels that do not contribute 
to the SSP retrieval are added from the established optimal theoretical channel combina-
tion, if the SSP retrieval accuracy does not increase, then it can be shown that the optimal 
theoretical channel combination is preliminarily verified to be able to obtain the optimal 
retrieval accuracy of SSP. Next, when any one or more channels contributing to the SSP 
retrieval are removed from the established optimal theoretical channel combination, if the 
SSP retrieval accuracy decreases, then it can be shown that the optimal theoretical channel 
combination is able to obtain the optimal retrieval accuracy of SSP. 

For the established optimal theoretical channel combination, the observed brightness 
temperatures of the optimal theoretical channel combination replace the brightness tem-
peratures in Figure 7 to carry out the DNN training, build the DNN-based retrieval model 
from the optimal theoretical channel combination, and obtain the SSP retrieval accuracy 
from the optimal theoretical channel combination. 

5. Experimental Results 
In this section, the test results of the contribution of each channel of MWHTS and 

MWTS-II to the SSP retrieval in Experiment 1, and the retrieval results of SSP from the 
theoretical channel combination and the optimal theoretical channel combination in Ex-
periment 2, are presented, where the SSP from ERA-Interim reanalysis in the testing da-
taset is used as the truth value to verify the retrieval accuracy, i.e., the RMSE between the 
SSP from ERA-Interim and the predicted retrieval of SSP is calculated, and the correlation 
coefficient and the mean bias between them are also presented for further explanation of 
the retrieval results. 

5.1. The Test Results of the Contribution of Each Channel to the SSP Retrieval 
According to the design of Experiment 1, the DNN-based retrieval model from MWHTS 

by training the DNN, where the loss presented by RMSEs on the validation dataset and the 
training dataset both converge around 3.87 hPa, can be built. The retrieval result of SSP using 
the MWHTS observed brightness temperatures in the testing dataset is shown in Figure 8. 
Fifteen DNN-based retrieval models from the MWHTS channel combination removing one 
channel and the corresponding 15 SSP retrieval accuracies from the MWHTS channel combi-
nation removing one channel can be obtained, and the differences between the SSP retrieval 
accuracy from MWHTS and these 15 SSP retrieval accuracies from the MWHTS channel com-
bination removing one channel, respectively, are shown in Figure 9. 

  
(a) (b) 
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Figure 8. The retrieval result of SSP and the distribution of retrieval bias from MWHTS: (a) the re-
trieval result; (b) the distribution of bias. 

 
Figure 9. The differences between the SSP retrieval accuracy from MWHTS and the 15 SSP retrieval 
accuracies from the MWHTS channel combination removing one channel. 

For MWHTS, Figure 8a shows that the correlation coefficient between the retrievals 
and the validation values of SSP is 0.848, and although the correlation coefficient is high, 
the SSP retrieval accuracy from MWHTS is relatively low at 3.903 hPa. According to the 
comparison of the SSP retrieval accuracy from MWHTS with that of from the MWHTS 
channel combination removing one channel as shown in Figure 9, it can be observed that 
the SSP retrieval accuracy decreases by more than 0.05 hPa after removing channels 3–5, 
7–8, 10, and 13–15 in MWHTS, respectively, which in turn indicates the important contri-
bution of these channels to the SSP retrieval. 

However, the retrieval of atmospheric parameters using the satellite observations is 
affected by the instrument observation errors, and the data quality of each channel of the 
microwave radiometer varies greatly, which in turn leads to some channels in the retrieval 
calculation not being useful for the retrieval or even reducing the retrieval accuracy. As 
shown in Figure 9, when channels 1, 2, 6, 9, 11, and 12 are removed from MWHTS, respec-
tively, there is almost no effect on the SSP retrieval accuracy from MWHTS. The main 
reason may be because the data quality of these channels is poor for retrieving SSP, while 
the exact reason needs to be further investigated. 

The test results of the contribution of each channel of MWHTS to the SSP retrieval 
also reveal that channels 3, 4, 13, and 14, with zero surface transmissivity, contribute to 
the SSP retrieval, thus also validating that the sensitivity test results based on the radiative 
transfer model in Section 3.2 cannot accurately describe the relationship between MWHTS 
observations and SSP. 

Following the same operation as for testing the contribution of each channel of 
MWHTS to the SSP retrieval, the DNN-based retrieval model from MWTS-II by training 
the DNN, where the losses converge around 2.71 hPa, can be built. The SSP retrieval re-
sults using the MWTS-II observed brightness temperatures in the testing dataset is shown 
in Figure 10. Thirteen DNN-based retrieval models from the MWTS-II channel combina-
tion removing one channel and the corresponding 13 SSP retrieval accuracies from the 
MWTS-II channel combination removing one channel can be obtained, and the differences 
between the SSP retrieval accuracy from MWTS-II and these 13 SSP retrieval accuracies, 
respectively, are shown in Figure 11. 
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Figure 10. The SSP retrieval results and the distribution of retrieval bias from MWTS-II: (a) the re-
trieval results; (b) the distribution of bias. 

 
Figure 11. The differences between the SSP retrieval accuracy from MWTS-II and the 13 SSP retrieval 
accuracies from the MWTS-II channel combination removing one channel. 

For MWTS-II, it can be found from Figure 10a that the correlation coefficient between 
the retrievals and validation values of SSP is 0.934, and the retrieval accuracy of SSP is 
2.725 hPa. From Figure 11, it can be observed that the decreases in the SSP retrieval accu-
racy from MWTS-II are above 0.1 hPa after removing any channel in MWTS-II, which can 
indicate that each channel in MWTS-II contributes to the SSP retrieval. Meanwhile, ac-
cording to the comparison of the SSP retrieval accuracy from MWTS-II with that of from 
the MWTS-II channel combination removing one channel, the theoretical assumption pre-
sented in Section 3.1 that the observations of the channels whose surface transmissivity 
are zero can be used to retrieve SSP has been validated. The test results of the contribution 
of each channel of MWTS-II to the SSP retrieval can also validate that the sensitivity test 
results based on the radiative transfer model in Section 3.2 do not accurately describe the 
relationship between MWTS-II observations and SSP. 

Based on the test results of the contribution of each channel of MWHTS and MWTS-
II to the SSP retrieval, it can be demonstrated that the theoretical assumption presented in 
Section 3.1 and the sensitivity test method based on the radiative transfer model is not 
applicable to the SSP retrieval. Therefore, the sensitivity test results based on the radiative 
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transfer model as shown in Section 3.2 are not applied in the fusion retrieval. For the fu-
sion retrieval from MWHTS and MWTS-II, according to the procedure of establishing the 
optimal theoretical channel combination given in the design of Experiment 2 and the test 
results of the contribution of each channel of MWHTS and MWTS-II to the SSP retrieval, 
the optimal theoretical channel combination can be created by removing channels 1–2, 6, 
9, 11, and 12 in MWHTS that do not contribute to the SSP retrieval in the theoretical chan-
nel combination. Therefore, the theoretical channel combination and the optimal theoreti-
cal channel combination will be used to carry out the fusion retrieval experiments for SSP, and 
the configurations of these two channel combinations are listed in Table 5. 

Table 5. Channel combinations for the fusion retrieval of SSP from MWHTS and MWTS-II. 

Channel Combination Channel 

The theoretical channel combination 
MWHTS channels: 1–15,  
MWTS-II channels: 1–13 

The optimal theoretical channel combination 
MWHTS channels: 3–5, 7–8, 10, 13–15, 

MWTS-II channels: 1–13 

5.2. The Fusion Retrieval Results of SSP from MWHTS and MWTS-II 
According to the design of Experiment 2, the DNN-based retrieval model from the 

theoretical channel combination by training the DNN where the loss presented by RMSEs 
on the validation dataset, and the training dataset both converge around 2.29 hPa, can be 
built. The SSP retrieval result using the observed brightness temperatures of the theoreti-
cal channel combination in the testing dataset is shown in Figure 12. Following the same 
operation as for retrieving SSP using the theoretical channel combination, the DNN-based 
retrieval model from the optimal theoretical channel combination by training the DNN, 
where the losses converge around 2.09 hPa, can be built. The SSP retrieval result using the 
observed brightness temperatures of the optimal theoretical channel combination in the 
testing dataset is shown in Figure 13. 

  
(a) (b) 

Figure 12. The SSP retrieval result and the distribution of retrieval bias from the theoretical channel 
combination: (a) The retrieval result; (b) The distribution of bias. 
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Figure 13. The SSP retrieval result and the distribution of retrieval bias from the optimal theoretical 
channel combination: (a) The retrieval result; (b) The distribution of bias. 

When the theoretical channel combination (i.e., MWHTS + MWTS-II) is used to re-
trieve SSP, Figure 12a shows that the retrieval result is significantly improved compared 
with that of the single sounder (3.903 hPa from MWHTS or 2.725 hPa from MWTS-II) as 
shown in Figures 8a and 10a. The correlation coefficient between the retrievals and vali-
dation values of SSP is 0.950, and the retrieval accuracy is 2.314 hPa, which is 1.59 hPa 
better than that of MWHTS and 0.41 hPa better than that of MWTS-II. This retrieval result 
indicates that the retrieval accuracy of SSP can be improved by combining the observa-
tions of MWHTS and MWTS-II in retrieving SSP. 

Compared with the theoretical channel combination, the retrieval results of SSP from 
the optimal theoretical channel combination have been further improved as shown in Fig-
ure 13a. The correlation coefficient between the retrieval values and the validation values 
of SSP is 0.961, and the retrieval accuracy is 2.104, which is 0.21 hPa better than that of the 
theoretical channel combination. This validates the method of building the optimal theo-
retical channel combination for the fusion retrieval of SSP from MWHTS and MWTS-II by 
removing the channels which have no contribution to the retrieval of SSP in the theoretical 
channel combination as effective, and can further improve the retrieval accuracy of SSP. 

In this study, the number of epochs is set to be large enough to avoid obtaining an 
underfit model, and the method of early stopping is used to avoid overfitting in the train-
ing of the DNN. These two means are effective because the experimental results from 
these two channel combinations do not suffer from overfitting or underfitting based on 
the convergence of the losses on the training dataset, the validation dataset, and the testing 
dataset. Measurements from more channels would theoretically contain more information 
about SSP and should obtain a higher retrieval accuracy. However, the SSP retrieval ac-
curacy from the optimal theoretical channel combination (including 22 channels) in the 
retrieval experimental results is higher than that of the theoretical channel combination 
(including 28 channels). The main reason may be that the data quality of the channel ob-
servations is an important factor affecting the SSP retrieval accuracy when using the same 
DNN-based retrieval algorithm. 

For MWHTS channels 1, 2, 6, 9, 11, and 12 that do not contribute to the SSP retrieval, 
there have been numerous studies demonstrating the important contribution of the obser-
vations of these channels to the retrieval of the atmospheric temperature and humidity 
profiles [41,42]. However, the data quality of these channels is poor for retrieving SSP. 
Comparison of the SSP retrieval experimental results from the theoretical channel combi-
nation and from the optimal theoretical channel combination shows that the channels that 
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do not contribute to the SSP retrieval adversely affect the SSP retrieval accuracy, and re-
moving these channels can further improve the SSP retrieval accuracy. However, it should 
be noted that a more optimized retrieval algorithm may be able to extract the information 
about SSP from the observations with poor data quality, and thus further optimize the 
effectiveness of microwave observations for retrieving SSP. Therefore, the continuous op-
timization of the retrieval algorithm is also important for the retrieval of SSP. 

In summary, although the sensitivity test method of atmospheric parameters based 
on the radiative transfer model cannot describe the relationship between microwave ob-
servations and SSP and its sensitivity test results cannot be applied to the fusion retrieval 
of SSP, the optimal channel combination for the fusion retrieval can be established by test-
ing the contribution of each channel of MWHTS and MWTS-II to the SSP retrieval, and 
then obtaining the SSP data with high accuracy, as well as achieving the purpose of ob-
taining higher retrieval accuracy of SSP than that of a single instrument (MWHTS or 
MWTS-II). In addition, it can be found through the fusion retrieval of SSP that although 
MWHTS contains observations in both the 118.75 GHz and 183.31 GHz bands, it still does 
not have a higher accuracy than MWTS-II, which only contains observations in a single 
frequency band of 60 GHz for retrieving SSP. The reason could be related to various fac-
tors such as frequency band characteristics, instrument channel settings, and atmospheric 
observation conditions. Therefore, for the theoretical development of passive microwave 
remote sensing of SSP, the comparison of the detection capability of different microwave 
bands for SSP needs further research. 

6. Discussion and Conclusions 
In this paper, in order to combine MWHTS and MWTS-II observations to retrieve SSP 

with high accuracy, the theoretical principle of retrieving SSP is analyzed using the pas-
sive microwave observations, and the sensitivity test experiments based on the radiative 
model for SSP are carried out. Meanwhile, the contribution of each channel of MWHTS 
and MWTS-II to the SSP retrieval is tested. According to the theoretical analysis, the the-
oretical channel combination is established, and the SSP retrieval experiment based on the 
theoretical channel combination is performed. The experimental result shows that the the-
oretical channel combination can achieve the purpose of combining the 60 GHz, 118.75 
GHz, and 183.31 GHz observations to retrieve SSP with high accuracy, and its retrieval 
accuracy can be improved by 1.59 hPa and 0.41 hPa compared with that of MWHTS and 
MWTS-II alone, respectively. In addition, the retrieval accuracy can be further improved 
by 0.21 hPa when removing the channels which have no contribution to the SSP retrieval 
from the theoretical channel combination. 

Based on the microwave radiative transfer equation, a direct link between satellite 
brightness temperature and SSP is established, and it can be deduced that the channels 
with non-zero surface transmissivity are sensitive to SSP. Meanwhile, based on the corre-
lation between channels and the correlation between atmospheric parameters, the as-
sumption that the channels with zero surface transmissivity also contain the SSP infor-
mation and can be used to retrieve SSP is proposed, and verified by testing the contribu-
tion of each channel of MWHTS and MWTS-II to the retrieval of SSP. 

In this study, the research objective of combining MWHTS and MWTS-II to retrieve 
SSP with higher accuracy than that of MWHTS or MWTS-II alone is achieved with no 
dependence on the sensitivity test results, and the sensitivity test results are verified by 
the test results of the contribution of each channel of MWHTS and MWTS-II to the SSP 
retrieval to be not valuable for the SSP retrieval. However, continued research on the sen-
sitivity test of passive microwave observations to SSP can not only provide an essential 
reference for retrieving the atmospheric parameters, but also have important significance 
for the subsequent multi-band fusion retrieval or the data application of hyperspectral 
microwave radiometer. It is necessary to find a new sensitivity test method for SSP, which 
is also the focus of our future work. In addition, comparing the detection capability of 
different microwave bands for SSP from the perspective of physical retrieval or improved 
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DNN-based retrieval is of great significance for the development of the retrieval theory of 
SSP, which is also the focus of our future work. 
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