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Abstract: Combining the temperature sounding channels near 118 GHz onboard Fengyun-3D
(FY-3D) with channels near 50 GHz makes it possible to obtain the spatial and vertical distribu-
tions of the clouds through a cloud emission and scattering index (CESI). Previous research has
shown its advantages in cloud detection over oceans. In this study, the CESI method is expanded and
validated under different surface conditions, and angular corrections are conducted to remove the
effect of viewing angles. The landfall process of Typhoon MANGKHUT and a case over special terrain
are chosen to investigate its sensitivities to different surface types. It is found that the cloud spatial
distribution is well demonstrated in both of the cases. Moreover, the CESI vertical distributions
are compared with the Global Precipitation Measurement (GPM) hydrometeor profiles. The results
show that CESIs are highly related to the GPM hydrometeor profiles in all of the conditions, and the
correlations with the sea surface vary with the weighting functions of the matched channels, while
the phenomenon is not obvious for the land surface. In addition, the validation results show that the
new threshold combination for different surface types at different heights can be more effective for
cloud identification. The probability density distribution for most of the channels of the screened-out
clear sky data approximates a Gaussian distribution well, and these radiances can be well assimilated
into the numerical weather prediction models.
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1. Introduction

Microwave sounding instruments play an essential role in short-range forecasting [1]
partly due to their ability to penetrate clouds and areas of precipitation. FY-3D is one of
the new generations of Chinese polar-orbiting meteorological satellites [2]. Microwave
Temperature Sounder-2 (MWTS-2) and the Microwave Humidity Sounder-2 (MWHS-2)
instruments have been part of the FY-3D payload. The combination of thirteen channels
that are around 50–60 GHz onboard MWTS-2 and the newly added eight channels that
are near 118 GHz onboard MWHS-2 can provide rich and valuable information about the
atmospheric thermal structure [3]. However, the current data assimilation scheme has not
considered the advantages of combining two instruments for cloud detection.

In the past, many techniques have been developed to detect clouds from satellite
observations. Within the satellite microwave sensor field of view (FOV), the observations
from the high-resolution infrared or visible instruments are collocated and used to define
the clouds [4,5]. Combined with the cloud product of FY-3D medium-resolution spectral
imager, the cloud information can be dynamically identified according to the different peak
heights according to the weighting functions of different channels [6]. However, IR and
visible clouds can eliminate many useful microwave data since some clouds, such as cirrus,
have little impact on the microwave sounding data.
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Based on the observed microwave brightness temperatures, several approaches are
also proposed for the remote sensing of the cloud properties. For example, Weng et al. [7–9]
developed the cloud liquid water path (CLW) algorithm using two AMSU-A channels
at 23.8 and 31.4 GHz, respectively. However, the CLW method is only suitable over the
ocean. Overland, the CLW is very difficult to be applied due to highly variable land surface
emissivity. Bennartz et al. [10] employed a scattering index (SI) for the ocean and land
according to the scattering difference between the window channels at 89 and 150 GHz.
The cloud emission and scattering index (CESI) was defined for the cloud information
using infrared instruments [11,12]. Taking advantage of the dual oxygen absorption bands
from MWTS and MWHS onboard the FY-3C satellite, Han et al. [13] first applied it to the
microwave instruments. It has been proven that the index is capable of detecting the cloud
structures at different vertical levels, and it has been used as the cloud detection method in
variational retrievals [14]. However, the technique is only valid over the oceans.

In this study, the CESI method is further investigated and applied to the payloads that
are onboard the FY-3D satellite. The scattering information was derived from the observed
brightness temperature at the dual oxygen absorption bands. The sensitivity of the CESI
to the underlying surface and its scan-angle dependence was further analyzed. The new
combination of CESI thresholds was selected and tested for different surface types. The
structure of the article is as follows: In Section 2, microwave sounding instruments that
are onboard the FY-3D satellite are briefly described. The GPM data that are used for the
validation are also introduced. The discussion of the CESI method and the limb effect
correction is shown in Section 3. The analysis after the correction and the validation results
of the CESI spatial and vertical distributions are provided in Section 4. Meanwhile, the
threshold selection for the different surface types is discussed specifically in this section.
Section 5 presents the conclusions.

2. Instruments and Data Sets
2.1. Microwave Sounding Instruments Onboard FY-3D

Microwave sounding instruments are one of the most crucial payloads for numerical
weather prediction applications. MWTS-2 on board FY-3D satellite is a cross-track scanning
instrument with thirteen channels covering the oxygen band between 50 and 60 GHz.
Compared with the advanced technology microwave sounder (ATMS), unique observations
are provided by MWHS-2 through eight newly added oxygen channels near 118 GHz.
Since the frequency of MWHS-2 temperature sounding channels is relatively high, it is also
sensitive to clouds and precipitation [15]. In general, the lower microwave frequencies can
also identify information about cloud liquid water while the high frequency can detect the
ice clouds at upper layers. Table 1 gives the specific comparisons between the characteristics
of ATMS, MWTS-2 and MWHS-2.

Table 1. Specific comparisons between channel characteristics for ATMS, MWTS-2 and MWHS-2.

Channel Frequency
(GHz) Polarization Channel Frequency

(GHz) Polarization

ATMS 1 23.8 QV - - -
ATMS 2 31.4 QV - - -
ATMS 3 50.3 QH MWTS 1 50.3 QH
ATMS 4 51.76 QH MWTS 2 51.76 QH
ATMS 5 52.8 QH MWTS 3 52.8 QH
ATMS 6 53.596 ± 0.115 QH MWTS 4 53.596 QH
ATMS 7 54.4 QH MWTS 5 54.4 QH
ATMS 8 54.94 QH MWTS 6 54.94 QH
ATMS 9 55.5 QH MWTS 7 55.5 QH
ATMS 10 f0 = 57.29 QH MWTS 8 f0 = 57.29 QH
ATMS 11 f0 ± 0.217 QH MWTS 9 f0 ± 0.217 QH
ATMS 12 f0 ± 0.3222 ± 0.048 QH MWTS 10 f0 ± 0.3222 ± 0.048 QH
ATMS 13 f0 ± 0.3222 ± 0.022 QH MWTS 11 f0 ± 0.3222 ± 0.022 QH
ATMS 14 f0 ± 0.3222 ± 0.010 QH MWTS 12 f0 ± 0.3222 ± 0.010 QH
ATMS 15 f0 ± 0.3222 ± 0.0045 QH MWTS 13 f0 ± 0.3222 ± 0.0045 QH
ATMS 16 88.2 QV MWHS 1 89.0 QV



Remote Sens. 2022, 14, 5332 3 of 19

Table 1. Cont.

Channel Frequency
(GHz) Polarization Channel Frequency

(GHz) Polarization

- - - MWHS 2 118.75 ± 0.08 QH
- - - MWHS 3 118.75 ± 0.2 QH
- - - MWHS 4 118.75 ± 0.3 QH
- - - MWHS 5 118.75 ± 0.8 QH
- - - MWHS 6 118.75 ± 1.1 QH
- - - MWHS 7 118.75 ± 2.5 QH
- - - MWHS 8 118.75 ± 3.0 QH
- - - MWHS 9 118.75 ± 5 QH

ATMS 17 165.5 QH MWHS 10 150.0 QV
ATMS 18 183.31 ± 7 QH MWHS 11 183.31 ± 1 QH
ATMS 19 183.31 ± 4.5 QH MWHS 12 183.31 ± 1.8 QH
ATMS 20 183.31 ± 3 QH MWHS 13 183.31 ± 3 QH
ATMS 21 183.31 ± 1.8 QH MWHS 14 183.31 ± 4.5 QH
ATMS 22 183.31 ± 1 QH MWHS 15 183.31 ± 7 QH

2.2. Global Precipitation Measurement (GPM)

The GPM satellite was launched in February 2014 [16], carrying two precipitation
instruments: the Microwave Imager (GMI) and the Dual-frequency Precipitation Radar
(DPR). The joint observation from satellite-borne radar and the passive microwave sounder
enhances the capability of retrieving better precipitation information, especially for light
rain and snow [17]. Meanwhile, the quantitative estimates of the properties of precipita-
tion particles are available for the first time [18]. The observations from several passive
microwave instruments are consistently merged through a parametric algorithm [19].

In the GPM mission, the GPM Profiling (GPROF) algorithm is a Bayesian-type retrieval
type using the products from GPM core instrument as an a priori database for searching [20].
A weighted average of potential rain profiles is conducted based on the proximity of the
observed brightness temperature to the simulated results corresponding to each searched
rain profile. Although errors in such merged products may arise because of serval factors,
it is a valuable dataset for the production of precipitation evaluation and assimilation data
with high-accuracy results [21].

3. Methodology
3.1. Description of CESI Method

The detection of clouds and precipitation through the dual oxygen absorption bands
is mainly based on the respective oxygen channels. Previously, Han et al. [13] proposed
the CESI method using the combination of the microwave temperature and humidity
sounder onboard the FY-3C satellite with dual oxygen absorption bands to detect clouds
and precipitation. After spatially matching FY-3C MWTS and MWHS, the channels that
are near 60 GHz and 118 GHz with similar weighting function peak heights were matched.
Cloud information was acquired by the different responses to cloud radiation at the oxygen
absorption band in the high and low frequencies. Once the pairing procedure has been
completed, a linear fitting relationship was established for each channel.

TBreg
H = β + αTBobs

T (1)

where TBobs
T is the observed brightness temperatures of MWTS; TBreg

H is the brightness
temperatures of corresponding MWHS channels. α and β are the regression coefficients
that are derived through a linear fit between the observations (TBobs

H ) and simulations
(TBsim

H ) of matched channels. The simulations were obtained from the radiative transfer
(RT) model using ECMWF analysis profiles. The CESI is defined as the difference between
the regressed brightness temperatures and the observations at the oxygen channel at a
high frequency:

CESI = TBreg
H − TBobs

H (2)

According to Han et al. [13], the CESI method aims for the joint cloud detection
of FY-3D microwave sounders. Dual oxygen channel pairings were constructed based
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on the weighting functions of oxygen absorption channels at low (50–60 GHz) and high
(118.75 GHz) frequencies under the clear sky condition. Channels with similar weighting
function peaks should be matched first.

The weighting function peak height of the channel was calculated from the fast
radiative transfer model. Radiative Transfer for TOVS (RTTOV) [22,23] that was released
by Europe and Community Radiative Transfer Model (CRTM) [24] that was released by the
United States are two main operationally fast RT models that are widely used. To accelerate
the use of Chinese satellite data, an advanced radiative transfer modeling system (ARMS)
has been developed [25]. The new vector fast RT solvers in ARMS inherit the simulation
capabilities of RTTOV and CRTM and it also supports a variety of Chinese satellites, which
are not included in RTTOV and CRTM [26–28]. The weighting functions of FY-3D MWTS-2
and MWHS-2 were calculated by ARMS using the standard U.S. atmospheric profile. The
weighting functions of the three pairs of matched channels are shown in Figure 1, and the
specific channel information is listed in Table 2.
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Figure 1. The distribution of the weight functions of the dual oxygen pairing channels in the low
(left), middle (middle), and high (right) troposphere. The red and blue curves represent the MWTS
and MWHS channels, respectively.

Table 2. Channel characteristics of paired channels.

Pair Channel
Number

Central
Frequency

(GHz)

Weighting
Function Peak

(hPa)

Channel
Number

Central
Frequency

(GHz)

Weighting
Function Peak

(hPa)

1 MWTS Ch3 52.80 940 MWHS Ch7 118.75 ± 2.5 1070
2 MWTS Ch5 54.40 400 MWHS Ch6 118.75 ± 1.1 340
3 MWTS Ch6 54.94 250 MWHS Ch5 118.75 ± 0.8 230

The combination of three pairs can provide information on different height levels.
The pair of MWTS Ch3 and MWHS Ch7 was used for the lower troposphere scattering
information, and the corresponding scattering index was calculated as CESIlow. CESImid is
the paired MWTS Ch5 and MWHS Ch6 and represents the middle troposphere scattering
information. The last group of MWTS Ch6 and MWHS Ch5 were used for CESIhigh.

3.2. Limb Correction Algorithm

The microwave sounders of the FY series act as cross-track radiometers, and the
observed radiances normally vary with different viewing angles within one scanline. The
variation can be up to 15 K at atmospheric temperature channels and even 30 K at the
window channels [29]. The feature is called the limb effect, which directly affects the
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recognition of weather signals. Limb correction is performed as common practice for
National Oceanic and Atmospheric Administration (NOAA) operational work, and it is
crucial for subsequent applications [30].

The adjustment to limb effect can be derived through physical or statistical methods.
The method based on physical and statistical theories was adopted here. The corrections
can be performed with the following equation:

y = xTb (3)

where x is the vector of observed brightness temperatures; b is the vector of coefficients
trained from an ensemble, and y is the brightness temperatures after the limb correction.
The training ensemble consists of the means of x and y over latitude for a long period to
obtain a robust result. With the means rather than individual cases of x and y, variations in
the brightness temperatures are only caused by the view angle of each beam position. A
global set of coefficients were computed and used for least-square fitting for adjustments at
a given FOV.

To prevent the limb effect from affecting the cloud identification, the limb corrections
should be performed before the CESI calculations. Four-month data for January, April,
July and October were selected to compute mean brightness temperatures over each 1◦

latitude for each FOV. In addition to the channels that were used for correction, another two
adjacent channels are selected as well as predictors based on the weighting function [31].
When training the coefficients, the pixel was trained when the sample number over ocean
was greater than one hundred. Otherwise, the coefficient of the neighboring latitude at
the same FOV was directly used. The global brightness temperatures for MWTS channel
5 before and after limb corrections are displayed in Figure 2. It is clear in Figure 2a that
the original global brightness temperatures have obvious scan patterns in each swath.
In contrast, the bias and incoherence between neighboring swaths were smoothed after
corrections. In consequence for the limb correction, some large-scale weather signals are
displayed in the global temperature field.
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4. Analysis and Validation
4.1. Analysis

For further discussions of the cloud detection method, accurate temporal and spatial
collocations for the MWTS, MWHS, and GPM data are required. The collocation criteria for the
temporal and spatial differences were 5 min and 15 km, respectively. Taking the four-month
data of January, April, July and October as an example, the total collocated sample number is
1,055,142. According to the surface classification products that were provided by the GPM, four
kinds of surfaces were considered. The collocated sample number over the ocean, sea ice, land
and snow are 724,173, 78,622, 186,072 and 66,275, respectively.

The ECMWF ERA-5 data for the same period as the MWTS, MWHS and GPM data were
used as forward model inputs. Figure 3 provides the scatterplots of the observed brightness
temperatures after the limb corrections for three sets of paired channels over four surface types
under clear sky conditions. The definition of a clear sky condition is based on the GPM products.
It was considered as clear only when the rain rate was equal to zero and the liquid, ice and rain
water paths were less than 0.1. It is noticed that only the zenith angle that is less than 10◦ is
in the regions of interest. The correlation coefficients, mean bias and standard deviation are
marked in the figure as well. The total number of collocated data is 11,790 (snow), 30,848 (land),
107,469 (ocean) and 13,020 (sea ice).

Remote Sens. 2022, 14, 5332  7  of  23 
 

 

 

Figure 3. Scatter plots of the observed brightness temperatures after limb corrections for three sets 

of paired channels over four surface types (subfigures (a–c) for snow; (d–f) for land; (g–i) for sea 

and  (j–l)  for  sea  ice) under  the  clear  sky. The  subfigures  (a,d,g,i)  represent  the  scatter plots  for 

CESI , (b,e,h,k) for  CESI   and (c,f,i,l) for  CESI  R represents the correlation coefficient. 

For further investigations, the bias and standard deviation of three paired channels 

are given in Figures 4 and 5, respectively. The X‐axis is the FOV number. For Figures 4 

and  5,  the  blue,  red  and  yellow  curves  in  subfigures  (a)–(d)  represent  the  results  for 

CESI ,  CESI   and  CESI , respectively.  It  is clear  that  there  is an obvious angular‐

dependent  characteristic  for  the  lower  troposphere, while  the  angular  dependence  of 

CESI   and  CESI   is weak. The pattern displays a symmetric bias with respect to the 

position of the nadir. Moreover, the angular dependence occurs not only in the bias fig‐

ures (Figure 4), but also in the standard deviation results (Figure 5). The angular‐depend‐

ent linear regression should be considered. Meanwhile, the insignificant differences in the 

figures should be eliminated as well. 

Figure 3. Scatter plots of the observed brightness temperatures after limb corrections for three sets of
paired channels over four surface types (subfigures (a–c) for snow; (d–f) for land; (g–i) for sea and
(j–l) for sea ice) under the clear sky. The subfigures (a,d,g,i) represent the scatter plots for CESIlow,
(b,e,h,k) for CESImid and (c,f,i,l) for CESIhigh R represents the correlation coefficient.



Remote Sens. 2022, 14, 5332 7 of 19

As shown, the correlation coefficients for most of the pairs are greater than 0.95. The
correlation coefficient is 0.91 over sea ice for CESIlow. The worse correlation performance is
likely due to the limb effect correction coefficient training process. As mentioned above,
only the datasets over the ocean surface were trained. Since the high-latitude regions are
mostly covered with sea ice, the coefficients were mostly trained using mid- and high-
latitude ocean data. In addition, the standard deviation for CESIhigh is always the lowest
among the three pairs, regardless of the surface type.

For further investigations, the bias and standard deviation of three paired channels are
given in Figures 4 and 5, respectively. The X-axis is the FOV number. For Figures 4 and 5,
the blue, red and yellow curves in subfigures (a)–(d) represent the results for CESIlow,
CESImid and CESIhigh, respectively. It is clear that there is an obvious angular-dependent
characteristic for the lower troposphere, while the angular dependence of CESImid and
CESIhigh is weak. The pattern displays a symmetric bias with respect to the position of the
nadir. Moreover, the angular dependence occurs not only in the bias figures (Figure 4), but
also in the standard deviation results (Figure 5). The angular-dependent linear regression
should be considered. Meanwhile, the insignificant differences in the figures should be
eliminated as well.
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According to Equations (1) and (2), an angular-dependent correction of the brightness
temperature was added, and the final form is shown below as:

CESIi f ov = TBH −
(

regTBH − stdTBi f ov

)
= TBH −

(
αi f ovTBT + βi f ov − stdTBi f ov

)
(4)

Different from the regression method in Han et al. [11], the coefficients are generated by
a simple linear fit between the MWHS and MWTS observations rather than by simulations.
The simulations that were calculated from the RT model cannot reflect the possible system
bias of the corresponding channels. Therefore, in the actual situation, we believe that it is
more effective to use both of the observations to perform the fit. Moreover, to eliminate the
variation between the scan positions, the fit was performed in each FOV, and the standard
deviation for each scan position was removed as well.

4.2. Validation on the Spatial Distribution

To test the sensitivities to the different surfaces, the landfall process of Typhoon
MANGKHUT on 16 September 2018 was chosen. The limb effect on the brightness temper-
ature was adjusted as well. The CESIs that are derived from the dual oxygen absorption
bands were initially evaluated through the comparisons with the GPM’s total water prod-
ucts. The time difference between FY-3D and GPM is around 30 min.

Figure 6 compares the spatial distributions between the CESIs and GPM products. The
GPM total water product at the corresponding height was selected based on the weighting
function peak height of the matched channels. It is shown that the eye, eyewall and rain
bands of MANGKHUT are captured well by CESIs. However, there are several false-
alarm signals along the coastline which were recognized by CESIlow in Figure 6a. Since
the matched channels of CESIlow are window channels, it was significantly affected by
the underlying surface. In contrast, due to the higher weighting function peak, the CESI
spatial distributions of CESImid and CESIhigh showed more similarities to the GPM total
water product.

To further demonstrate the dependence of the CESI algorithm on the surface type,
the Tibet Plateau was selected as a special case for discussion. Figure 7 provides the CESI
distributions for 17 July 2018. The temporal collocation criterion was about 4 h between
GPM and FY-3D observations. Due to the lack of measurements of the GPM data over
the plateau or snow cover, the GPM products and cloud images from the Visible Infrared
Imaging Radiometer Suite (VIIRS) onboard Suomi NPP (SNPP) satellite are provided as
a reference.

In Figure 7a, the algorithm recognized some clouds over most of the land and ocean
surfaces. However, it was hard to detect the clouds at high elevations such as the Tibetan
Plateau since the weighting function peak of CESIlow was already lower than the surface
altitude was. What is received is the surface information, rather than the atmospheric
scattering information. With an increase in the weighting function peak of CESImid, this
situation was improved. The cloud distribution is closer to the GPM total water distribution
in Figure 7d, and it is even much closer to the VIIRS cloud image (Figure 8). It should be
noticed that the height that is shown in GPM products is based on the surface altitude.
Considering the altitude of the plateau itself, the product height of Figure 7d is much closer
to the weighting function peak of CESImid. CESImid can well capture the clouds on the
plateau. The algorithm fully characterizes the clouds around the mountains. The lack of
cloud information in the southeast for the GPM total water products resulted from the
relatively large time gap between the GPM and the FY-3D observations.
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Figure 8. Cloud images from the VIIRS onboard SNPP.

4.3. Validation of Verical Distribution

The CESI algorithm can depict not only the spatial distribution, but also the vertical
distribution of the clouds. In order to quantitatively evaluate the accuracy of the CESI
vertical distribution, the GPROF hydrometeor profiles can be used as the standards for the
examinations. The testing collocation dataset is independent of the regression coefficients
for the independent validation. In this way, a relative reliable validation was completed.

The GPROF hydrometeor profiles were used as references to examine the vertical
distributions of CESIs over different surface types. The product has four kinds of water
type: liquid water, ice, rain and snow. Due to the inaccuracy of ice retrieval, only the snow
type was considered as a solid profile. The correlations of three different profile types
were estimated.

Validated by the four-month collocation data (February, May, August and November),
the sample size comprises over 10 thousand data points over the different surface types of
each CESI pair. Figures 9–11 show the correlations of the solid, liquid and total profiles,
respectively. The solid profile was used for comparisons first. The blue, red, brown and
green curves in the figure represent the results under the ocean, sea ice, land and snow
conditions, respectively. The dashed black line represents the zero value. As shown in
Figure 9, the correlation coefficients over the land and ocean are greater than that over the
snow and sea ice. The vertical distribution of the solid profile over the land is similar to
that over the ocean. It is clear that the correlation coefficient is up to about 0.7 at about 5
km height, and this decreases from that height to the surface. The sharp decrease of the
correlation coefficients below 5 km may be due to the melting of the solid particles. Among
the three pairs, CESImid had a better recognition effect on the height range of 5–12 km,
and the algorithm was more accurate over ocean among the height range. For the liquid
profile consisting of liquid water and rain, the general situation is the same as a solid profile
in Figure 10. Since there is no liquid presence above a certain altitude, the correlation
coefficients are close to zero above 10 km. The maximum correlation coefficient is about 0.8,
which is consistent with matched channels’ weighting function peak. The correlations of
the total of three hydrometeor profiles were estimated as well. The shape of CESIs over the
ocean in Figure 10 is more consistent with the channel weighting functions. Considering the
complexity of the terrain over land, the lower correlation coefficients are understandable.
However, CESIlow and CESImid correlate well between 5–12 km. In addition, the CESIs
over the snow and sea ice have a low correlation under all of the conditions, and their
values are remarkably similar. Thus, it is hard to identify the clouds over the snow and sea
ice surfaces.
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Figure 9. Vertical distributions of the correlation coefficient between CESIs derived from (a) CESIlow,
(b) CESImid and (c) CESIhigh, and GPROF solid profiles. The blue, red, brown and green curves in
figures (a–c) represent results over ocean, sea ice, land and snow conditions, respectively. The dashed
black lines represent the zero value. The sample size after collocation over different surface types is
shown in (d). The testing dataset is February, May, August and November in 2018.
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results for CESIlow, CESImid and CESIhigh, respectively. The sample size after collocation over
different surface types is shown in (d).

Remote Sens. 2022, 14, 5332  13  of  23 
 

 

The dashed black  lines represent  the zero value. The sample size after collocation over different 

surface types is shown in (d). The testing dataset is February, May, August and November in 2018. 

 

Figure 10. Same as Figure 9 except for the liquid profile correlation. The subfigures (a–c) represent 

results for  CESI ,  CESI   and CESI , respectively. The sample size after collocation over dif‐

ferent surface types is shown in (d). 

 

Figure 11. Same as Figure 9 except for the total profile correlation. The subfigures (a–c) represent 

results for  CESI ,  CESI   and CESI , respectively. The sample size after collocation over dif‐

ferent surface types is shown in (d). 

Generally, the CESIs almost have a negative correlation with the GPROF profiles over 

all of the surface types for all of the pairs. The algorithm has a higher accuracy with the 

GPROF profiles at a paired channel weighting function peak height over the ocean. The 

variations  between  the  CESI  pairs  over  the  land  surfaces  are  not  obvious.  Overall, 

CESI   of the MWHS channel 5 and MWTS channel 3, representing the higher tropo‐

sphere scattering information, correlates worse than the other pairs do. 

Figure 11. Same as Figure 9 except for the total profile correlation. The subfigures (a–c) represent
results for CESIlow, CESImid and CESIhigh, respectively. The sample size after collocation over
different surface types is shown in (d).



Remote Sens. 2022, 14, 5332 12 of 19

Generally, the CESIs almost have a negative correlation with the GPROF profiles
over all of the surface types for all of the pairs. The algorithm has a higher accuracy with
the GPROF profiles at a paired channel weighting function peak height over the ocean.
The variations between the CESI pairs over the land surfaces are not obvious. Overall,
CESIhigh of the MWHS channel 5 and MWTS channel 3, representing the higher troposphere
scattering information, correlates worse than the other pairs do.

4.4. Discussion on Cloud Detection Thresholds

In previous analysis and validations, the CESI scheme has a relatively good detection
performance over the ocean and the land. However, the thresholds for the cloud scattering
indices were not discussed specifically, and a zero threshold was used to determine the
cloud for all of the layer heights. To further determine the threshold selection for the CESIs
at different heights and surface types, channels 5–9 around 118 GHz of the MWHS, which
are sensitive to the tropospheric information, were selected for the analysis. The microwave
sounder data from 20 July 2021 and the atmospheric profile from the ERA5 reanalysis data
were used as the inputs for the brightness temperature simulation under the clear sky
conditions. A preliminary threshold range determination was performed by considering
the relationship between the CESIs and the observations minus the simulations (O − B) at
different height layers over the ocean and land. The collocated sample numbers over the
ocean and the land are 31,109 and 15,103, respectively.

The correspondence between the CESIlow, CESImid, CESIhigh and O − B values over
the ocean are illustrated in Figure 12. The CESIs for each channel show a good linear
relationship with the O − B values regardless of the layer height. The plots for the middle
and upper layers show a more pronounced relationship between the CESIs and the O − B
values than they do for the lower layers due to the higher weighting function peak. Overall,
for these five different oxygen absorption channels, the points of each channel O − B near
zero are concentrated in almost the same position, corresponding to a certain range of
CESI. This feature is shown on the plots of different layers, which was the basis for the
subsequent preliminary classification of clear sky and cloudy areas.

Figure 13 shows the correspondence over the land surface. A linear relationship
between the CESIs and O − B values is less pronounced for each channel over land than
it is over the ocean. In particular, for the lower layers, the CESI may be more influenced
by the surface emissivity, with a wide range from negative to positive, corresponding to
the value of zero for O − B. This irregularity is improved by the correspondence of the
CESImid, which corresponds best to the O − B. In general, for these five chosen channels,
the correspondence between the CESIs and O − B values for each layer over the land
surface still shows a clear linear relationship, and the concentration of points with O − B
values around zero observed in Figure 12 are still reflected.

According to the relationship between the CESIs and the O − B values in Figures 12 and 13,
the range of the CESI when the O − B value is close to zero was roughly determined. A
range from -4 K to 6 K was performed at 0.5 K intervals to test the threshold values of the
CESIs at different layers. Taking the window channel of the MWHS (channel 10, 150 GHz)
as an example, Figure 14 shows the situations for the screened-out clear sky points by the
corresponding thresholds. The curves in the figure indicate the change in the standard
deviation of the clear sky points after the screening, while the bars indicate the remaining
number. For the near-surface-sensitive CESIlow channels, the standard deviation follows
a monotonic trend with respect to the threshold. The larger the threshold is, the smaller
the standard deviation of clear sky points is, but the number of points decreases slowly,
whereas the CESImid and CESIhigh behave differently from the CESIlow. As the threshold
increases, the standard deviation value first decreases abruptly. However, the standard
deviation remains almost constant or even increases after reaching a certain value. The
number of remaining points after the screening also varies significantly. In order to achieve
a balance between the number and the standard deviation, the thresholds for the different
height layers of the ocean surface were taken as 6, 3.5 and 4.5, respectively.
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Figure 14. The standard deviation of O − B values (lines with asterisks) and the remaining number
(bars) of MWHS channel 10 (150 GHz) in the clear sky region over ocean surface. The clear-sky points
are screened out by the corresponding threshold.

The threshold determinations for the land surfaces are generally similar to those for
ocean surfaces (Figure 15). However, there are differences in the threshold identification
for the surface-sensitive CESIlow channels. As the threshold changes from −4 K to 2 K, the
remaining number of points changes relatively little as the standard deviation decreases. As
the threshold increases to 5 K, the number of points decreases more. The standard deviation
tends to increase as the threshold value increases further. For the CESImid and CESIhigh,
the number of points decreases dramatically after the threshold values were taken as 0 and
2.5, respectively. The standard deviations all show a decreasing trend, then an increasing
one and then, a decreasing one again with the increasing threshold values. Although it is
within the range of values, the standard deviation of the clear-sky points has a minimum
value at the different layers. The final thresholds for the land surface identification were set
as 1, 3 and 3 in consideration of the remaining number of clear-sky points.
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Figure 15. Same as Figure 14 except for the land surface.

The probability density distributions of clear sky points that were filtered by the
newly established thresholds were compared with those with the clouds to verify the
effectiveness of the newly established thresholds. The blue part of the figure indicates
the probability density distribution of the filtered clear sky points, and the pink part
indicates the probability density distribution of the rejected cloudy points. Since the
window channels were more severely affected, while the channels with the weighting
function peak in the stratosphere were hardly affected by the clouds, only few channels are
shown. The frequency settings of each channel are labelled at the top of the figure.

In Figure 16, it can be seen that the probability distribution of the screened clear
sky points basically satisfies the characteristics of a normal distribution, and the O − B
value corresponding to the highest probability density of the screened clear sky points in
each channel is almost around zero. Among the five oxygen absorption channels around
118.75 GHz, the remaining channels can effectively distinguish the clear sky from the
cloudy information, except for the 118.75 ± 0.8 GHz and 118.75 ± 1.1 GHz channels with
the weighting function peak being higher. Although there is some overlap between the
probability density graphs of the clear sky and the cloudy information for this channel,
the overall O − B distribution for the clear sky points is concentrated within a smaller
region that is around zero. The overlap may be due to the inaccurate selection of the clear
sky points that is caused by the channel’s insensitivity to the cloud information below
the weight height. The same principle can also explain the phenomena of the channels
at 54.4 GHz, 54.94 GHz and 55.5 GHz. For these channels, it can be approximated that
the observation as taken under a clear sky. Among the 15 channels shown, the CESI
scheme is ineffective in distinguishing clear sky from cloudy information at 52.8 GHz and
183.31 ± 1 GHz. However, in general, the O − B values of the screened clear sky points
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remain low. For most channels, the probability density distribution of the screened clear
sky data approximates a Gaussian distribution.
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Figure 16. Probability density distribution of O − B values for the screened out clear sky points
and the rejected cloudy points over ocean. The blue part of the figure indicates the probability
density distribution of the filtered clear sky points, and the pink part indicates the probability density
distribution of the rejected cloudy points.

Similarly, Figure 17 shows the probability density distribution of the O − B values of
the screened-out clear sky points over the land versus the rejected cloudy points. In general,
the distinction between the clear sky and the cloudy information is not very clear over the
land surface. The graphs of the probability density distributions of O − B for clear sky and
cloudy for most channels overlap. Similar to the case over the ocean, the four channels
from 53.596 GHz to 55.5 GHz can be approximated as a clear sky due to the overall small
O − B values. Similarly, the channels at 52.8 GHz and 183.31 ± 1 GHz are not very
significant in distinguishing the clear sky from the presence of clouds. Over a land surface,
the large O − B values of the screened-out clear sky points at 52.8 GHz may be due to the
ground sensitivity of the channel. The CESI identification scheme is heavily influenced by
the complex terrain as well as the land emissivity. Overall, although the recognition of land
is not as good as it is for an ocean surface, it can basically meet the recognition requirements.
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5. Conclusions

A combination use of the dual oxygen absorption bands offers a unique chance for
cloud screening to be performed. Three pairs were matched based on the weighting
functions of each channel, and these represent the scattering information of the upper,
middle, and low troposphere, respectively.

Due to the scanning characteristics of the microwave sounders, limb effect corrections
should be performed before the CESI calculations are performed. As a result, the limb
effect can be mostly removed, and weather signals are revealed more clearly after the
corrections. With the four-month data for the CESI coefficients training, a detailed analysis
of the algorithm sensitivity to the underlying surface was conducted. Three paired channels
correlate well across most surface types with the ARMS simulations under a clear sky. The
poor effect over the sea ice surface was caused by the training process of the limb effect
correction coefficients. An additional angular dependence was eliminated as well. It is
revealed that the spatial distributions of the CESIs show a high degree of similarity with
the GPM products both over the oceans and the land, except around the coastline in the
case of typhoon MANGKHUT. Taking the Tibetan Plateau as a special terrain example, the
cloud information is well captured by CESImid and is close to the VIIRS cloud image.

For a quantitative assessment of the CESI vertical distribution, independent valida-
tions were conducted using GPROF hydrometeor profiles as references. The correlation
relationships over the sea surface were consistent with weighting functions of the paired
channels. In contrast, there are slight variations in heights between the results of the CESI
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pairs due to the complexity of the land surface. It should be noted that this method is
difficult to distinguish the clouds over sea ice and snow.

Different surface types are specifically discussed to choose further the thresholds of
the CESI scheme at different heights. Based on the relationship between the CESIs and
O − B values, the threshold selection range was determined, and the test threshold was
performed at 0.5 K intervals. The combination of the thresholds for different heights was
selected to be used for the scheme to achieve the best possible balance between the number
and standard deviation of the remaining clear-sky points. According to the analysis, the
thresholds for the different height levels were 6, 3.5 and 4.5 over the ocean and 1, 3 and 3
over the land. In the validation of the effect of the new threshold, the probability density
distribution of the selected clear-sky data approximates a Gaussian distribution in most of
the channels. The high weighting function peak height may cause poor recognition results
for some channels. The setting of the thresholds in the subsequent study can be carried out
further by considering the characteristics of the different channels.

Overall, the improved CESI algorithm is suitable for all of the surface types, including
plateaus. It can accurately capture the spatial and vertical distribution of clouds. The results
also show that the new threshold combination can be effective for cloud identification.
Moreover, the CESI scheme can better use the different detection capabilities of the two
microwave instruments, and it provides a new idea for quality control in data assimilation.
It is valuable not only for the microwave sounding instruments onboard FY-3D but also for
those on onboard FY-3E. With similar channel settings, this method can be easily imple-
mented to the FY-3E microwave sounding instruments with a training of new coefficients
of the CESI.
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