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Abstract

For Microwave Humidity and Temperature sounder (MWHTS) measurements
over ocean, a cloud filtering method is presented to filter out cloud- and
precipitation-affected observations by analyzing the sensitivity of the simulated
brightness temperatures of MWHTS to cloud liquid water, and using the root
mean square error (RMSE) between observation and simulation in clear sky as
a reference standard. The atmospheric temperature and humidity profiles are
retrieved using MWHTS measurements with and without filtering by multiple
linear regression (MLR), artificial neural networks (ANN) and one-dimensional
variational (1IDVAR) retrieval methods, respectively, and the effects of the
filtering method on the retrieval accuracies are analyzed. The numerical results
show that the filtering method can improve the retrieval accuracies of the MLR
and the 1DVAR retrieval methods, but have little influence on that of the
ANN. In addition, the dependencies of the retrieval methods upon the testing
samples of brightness temperature are studied, and the results show that the
1DVAR retrieval method has great stability due to that the testing samples
have great impact on the retrieval accuracies of the MLR and the ANN, but
have little impact on that of the 1IDVAR.
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Effects of a Cloud Filtering Method for Fengyun-3C Microwave Hu-
midity and Temperature Sounder Measurements over Ocean on Re-
trievals of Temperature and Humidity
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Abstract: For Microwave Humidity and Temperature Sounder (MWHTS) mea-
surements over ocean, we present a cloud filtering method to screen out cloud-
and precipitation-affected observations by analyzing the sensitivity of simulated
MWHTS brightness temperatures to cloud liquid water, using the root mean
square error (RMSE) between observation and simulation in clear sky as a ref-
erence standard. Atmospheric temperature and humidity profiles are retrieved
using MWHTS measurements with and without filtering by multiple linear re-
gression (MLR), artificial neural networks (ANN), and one-dimensional varia-
tional (IDVAR) retrieval methods, respectively, and the effects of the filtering
method on retrieval accuracies are analyzed. Numerical results show that the
filtering method can improve the retrieval accuracies of the MLR and 1DVAR
methods, but has little influence on that of the ANN. In addition, the dependen-
cies of the retrieval methods upon the testing samples of brightness temperature
are studied, and results show that the 1IDVAR method has great stability be-
cause the testing samples have great impact on the retrieval accuracies of MLR
and ANN, but have little impact on that of IDVAR.

Index Terms: FY-3C/MWHTS, cloud filtering method, multiple linear regres-
sion, artificial neural networks, one-dimensional variational retrieval

1. Introduction

Space-borne radiometers represent an important data source for retrieving at-
mospheric parameters, measuring the thermal radiation emanating from the
Earth’ s surface and atmosphere [?]. In addition to absorption and emission by
atmospheric constituents, electromagnetic wave propagation in the atmosphere
is influenced by scattering from clouds and precipitation. These scattering ef-
fects, which depend on cloud cover, cloud liquid water content, cloud ice water
content, raindrop size, and other microphysical parameters, render the atmo-
spheric radiative transfer process more complex than in clear-sky conditions
and increase the nonlinearity of the radiative transfer equation, thereby com-
plicating atmospheric parameter retrieval [?]. Because clouds do not absorb
and scatter microwave radiation as strongly as visible or infrared radiation, mi-
crowave radiometers possess a robust capability for continuous all-weather detec-
tion [?]. However, a cloud filtering method capable of screening out microwave
observations affected by clouds and precipitation is critical to ensuring retrieval
accuracy. Although satellite-borne sounders have measured atmospheric tem-
perature and humidity profiles for over 50 years [?], retrieval strategies can be
classified into two categories: statistical methods and physical methods.

Statistical methods, including multiple linear regression and artificial neural net-
works, do not involve physical models but instead exploit statistical relationships
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between atmospheric parameters and observations to obtain retrievals. When
thick clouds and/or rain exist within the sounder’ s field of view, the statistical
model may become more complex and inaccurate, directly affecting retrieval
accuracy. For physical retrieval methods, accurate modeling of atmospheric
radiative transfer is paramount. Because the electromagnetic wave scattering
mechanism in clouds and rain is complicated, scattering simulations are often
difficult and inaccurate, increasing uncertainty between simulations and observa-
tions during inversion of the radiative transfer equation and adversely affecting
retrieval accuracy.

In summary, handling cloud- and precipitation-affected observations from
satellite-borne microwave radiometers is particularly important for inversion
processes.

Many previous studies have developed cloud filtering methods for microwave ob-
servations, where thick cloud and/or rain are collectively referred to as “cloud”
for handling affected observations. Karstens et al. used relative humidity profile
values from meteorological observation data as thresholds to determine clear-sky
cases [?]. Ishimoto et al. and Li et al. filtered cloud-affected brightness tempera-
tures according to infrared cloud imagery or cloud products [?]. Both approaches
obviously depend on third-party data sources that may introduce additional er-
rors into the retrieval process, and cloud filtering criteria must vary depending
on the characteristics of the third-party data. Compared with these methods,
taking full advantage of the characteristics of the satellite data itself offers sig-
nificant benefits for dealing with cloud- and precipitation-affected observations.
The effects of clouds and rain on satellite microwave radiometer measurements
have been studied through simulations and observations [?]. For the Advanced
Microwave Sounding Unit (AMSU)-B with two window channels (at frequencies
89 and 150 GHz) and three water vapor channels (at frequencies 18341, 18343,
and 18347 GHz), Burns et al. analyzed the correspondence between thick clouds
and brightness temperature depressions and suggested a criterion based on dif-
ferences between observed brightness temperatures at 183.314+3 and 183.3141
GHz to screen out observations in severe convective weather. This filtering
method improved agreement between observations and simulations by up to a
factor of two in their case study [?]. Hong et al. developed a method to detect
tropical deep convective clouds and convective overshooting using brightness
temperature differences between AMSU-B water vapor channels. This method,
validated by two aircraft cases and a radiative transfer model, also accounted for
AMSU-B’ s varying viewing angle [?]. Buehler et al. developed a method com-
bining threshold brightness temperatures from AMSU-B channel 18 suggested
by Greenwald and threshold brightness temperature differences suggested by
Burns to filter high and heavily ice-laden clouds in AMSU-B observations [?].
The robustness of this cloud filtering method was demonstrated through a mid-
latitude winter case study, and the method was also applied to study different
biases in upper tropospheric humidity climatologies. These studies show that
different cloud filtering methods based on satellite microwave measurement char-
acteristics can be developed depending on application goals. MWHTS not only

chinarxiv.org/items/chinaxiv-201703.00254 Machine Translation


https://chinarxiv.org/items/chinaxiv-201703.00254

ChinaRxiv [$X]

has the same water vapor channels as AMSU-B but also adds two new water
vapor channels at frequencies 183.31+1.8 and 183.31+4.5 GHz. However, few
studies have investigated cloud filtering methods for MWHTS observations prior
to atmospheric parameter inversion.

In our study, we analyze the sensitivity of MWHTS water vapor channels to
cloud liquid water, take the RMSE of simulations with respect to observations
in clear sky as a reference value, and set three cloud filtering criteria based
on mutual relationships among water vapor channel brightness temperatures to
screen out cloud- and precipitation-affected observations that cannot be accu-
rately simulated by the radiative transfer model RTTOV (Radiative Transfer
for Television and Infrared Observation Satellite Operational Vertical Sounder)
[?]. After determining the optimal cloud filtering criteria, MWHTS observations
over ocean from 1 to 28 February 2015, before and after filtering, are used to
retrieve atmospheric temperature and water vapor profiles by MLR, ANN, and
1DVAR methods, and the effects of the filtering method on retrieval accuracies
are investigated. Additionally, MWHTS observations over ocean from 1 to 31
May 2015 are used to test the stability of these three retrieval methods.

2.1. FY-3C/MWHTS

The MWHTS aboard the FY-3C satellite detects the Earth-atmosphere system
in a cross-track scanning manner and is a total power radiometer. MWHTS has
15 channels: eight temperature channels, five water vapor channels, and two
window channels. The eight temperature channels, centered at the 118.75 GHz
oxygen absorption line, are used operationally for the first time internationally
to measure temperature from the surface to the upper atmosphere. The five
water vapor channels, centered at the 183.35 GHz water vapor absorption line,
aim to sound humidity and precipitation in the troposphere. The two window
channels at 89.0 and 150.0 GHz can provide surface information. MWHTS
has a swath width of 2645 km. It takes 2.667 seconds to complete one scan
line including 98 fields of view (FOV), and its nominal FOV at nadir is 16 km
[?]. Some MWHTS channel characteristics, including channel center frequency,
polarization, bandwidth, channel sensitivity, and in-flight channel sensitivity,
are listed in Table 1 [?]. The weighting functions for temperature and humidity
channels, calculated from the U.S. standard atmospheric profile at nadir by
RTTOV with surface emissivities set to 0.5, are shown in Figure 1 [Figure 1:
see original paper].

2.2. Data and Model

The data used in our study include MWHTS L1b brightness temperature
data products and European Centre for Medium-Range Weather Forecasts
(ECMWF) ERA-Interim reanalysis data. MWHTS brightness tempera-
ture data products are provided by the National Satellite Meteorological
Center (NSMC) (http://www.nsme.cma.gov.en/NSMC/HOME/Index.html).
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ECMWEF ERA-Interim reanalysis data with horizontal resolution of 1°x1° and
temporal resolution of 6 h (available at 0000 UTC, 0600 UTC, 1200 UTC,
and 1800 UTC) are provided by ECMWF [?]. The surface parameters from
ERA-Interim reanalysis data used in our study include skin temperature, 2 m
air temperature, 2 m air dewpoint temperature, 10 m wind speed, and surface
pressure. The profile parameters include temperature, humidity, cloud liquid
water, and cloud ice water across 37 pressure levels unevenly spaced from 1000
hPa to 1 hPa.

MWHTS brightness temperatures and ERA-Interim reanalysis data over ocean
covering the geographic area (135°E-165°E, 0°N-30°N) are selected to generate
two datasets. The first dataset is a statistical analysis dataset containing collo-
cated MWHTS brightness temperatures with ECMWF reanalysis covering the
period from 1 February 2014 to 31 January 2015. The second dataset is a testing
dataset with the same type of collocated data but covering the period from 1 to
28 February 2014. The collocation criteria require that the time difference be-
tween brightness temperatures and reanalysis be less than 10 minutes, and the
absolute distance between their positions (latitude and longitude) be less than
0.05°. Based on these criteria, the statistical analysis dataset contains 490,142
collocated samples and the testing dataset contains 37,995 collocated samples.
In our study, the fast radiative transfer model RTTOV version 11.2 developed
by ECMWF is used to calculate simulated MWHTS brightness temperatures
and brightness temperature gradients.

3. Cloud Filtering Method

For the statistical analysis dataset containing 490,142 collocated samples de-
scribed in Section 2.2, we use both the absorption-based and scattering-based
models of RTTOV to simulate MWHTS brightness temperatures and evaluate
simulation accuracies through RMSEs with respect to observations. To com-
pare RTTOV simulation accuracies in clear sky versus all-weather conditions,
we select 2,485 clear-sky collocated samples from the all-weather statistical anal-
ysis dataset based on zero cloud liquid water content. We simulate MWHTS
observations in clear sky and all-weather conditions, obtaining simulation accu-
racies RMSEclear and RMSEall, respectively, as shown in Figure 2 [Figure 2:
see original paper].

In clear sky, the simulation accuracies of the two models are equivalent. The
RMSEs in the two window channels are large, while RMSEs in temperature
channels are within 2 K (except for channels 2, 4, and 9), and RMSEs in humid-
ity channels are within 3 K. In all-weather conditions, channels 2, 3, and 4 are
sensitive to the upper atmosphere above 100 hPa and are less affected by clouds
and rain, so the absorption-based model’s simulation accuracies are nearly equiv-
alent to those in clear sky. However, for the scattering-based model, simulation
accuracies are very poor, possibly due to inaccurate atmospheric parameters
in the upper atmosphere, such as cloud cover and cloud ice water content pro-
files. The RMSEs in other channels are higher than in clear sky. Except for
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channels 7, 8, 10, and 15, where the scattering-based model’ s simulation accura-
cies are slightly higher than the absorption-based model, the absorption-based
model is obviously superior. Two reasons may explain this: First, ERA-Interim
reanalysis lacks rain and snow parameters that cause major scattering contribu-
tions, which are set to zero in RTTOV simulations; second, the scattering-based
model requires more atmospheric parameters than the absorption-based model,
and inaccuracies in atmospheric parameters, especially in cloud cover profiles,
can affect RTTOV simulation accuracies [?]. Based on this analysis, we choose
the absorption-based RTTOV model to simulate MWHTS observations in our
study. However, to achieve higher simulation accuracy, cloud- and precipitation-
affected observations must be removed.

In clear sky, for MWHTS water vapor channels, brightness temperature in-
creases with frequency distance from the 183.31 GHz absorption line center
because channels farther from the line center experience less water vapor opac-
ity and can sound warmer, lower atmospheric layers. However, when clouds
and/or rain are present, brightness temperatures of channels with peak weight-
ing function heights above the clouds and/or rain are almost unaffected. For
channels with peak weighting function heights near or below clouds and/or rain,
water vapor opacity increases significantly as cloud water content or rain water
content increases, causing weighting functions to shift upward and the channels
to sound more from higher, colder atmospheric layers. Most upwelling radiation
below the cloud or rain layer is absorbed or scattered away from the satellite
direction, contributing to lower brightness temperatures relative to clear-sky
conditions. In other words, clouds and rain cause brightness temperature de-
pressions [?]. Because water vapor channels have different sensitivities to clouds
and rain, brightness temperature differences between water vapor channels can
serve as indicators of cloud and rain presence [?].

We calculate simulated brightness temperatures from the U.S. standard atmo-
spheric profile, including temperature and humidity parameters at nadir, using
RTTOV. Based on statistical characteristics of cloud liquid water content and
cloud ice water content from ERA-Interim reanalysis covering the period from
1 February 2014 to 31 January 2015, cloud liquid water content varies from 0-
4 mm and cloud ice water content from 0-2 mm. Because water clouds are
mainly distributed below 400 hPa in the middle and lower atmosphere, cloud
liquid water content is evenly distributed below 350 hPa. Since ice clouds are
mainly distributed above 600 hPa in the upper atmosphere, cloud ice water
content is evenly distributed between 100 hPa and 550 hPa. If the same cloud
and/or rain content exists in different FOVs at nadir, different cloud cover can
cause different brightness temperatures [?]. To avoid cloud cover impacts on
simulations, cloud cover is set to 1.0 when clouds or rain are present. MWHTS
channel 11, which is sensitive to about 350 hPa, is scarcely influenced by clouds
and rain, so channel 11 is chosen as the reference channel. Ai-11 (i=12, 13, 14,
15) represents brightness temperature differences between channel i and channel
11.
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Because cloud ice water content has little effect on MWHTS brightness tempera-
tures [?], only the effects of cloud liquid water content on brightness temperature
differences Ai-11 are investigated here. Figure 3 [Figure 3: see original paper]
shows the sensitivities of brightness temperature differences Ai-11 to cloud lig-
uid water content.

Figure 3 shows that brightness temperature differences Ai-11 decrease as cloud
liquid water content increases, with the decreasing trend gradually leveling off.
Because increasing cloud liquid water content causes water vapor channel weight-
ing function peaks to shift upward, leading to brightness temperature depres-
sions, the magnitude of depression is larger for frequencies farther from the
183.31 GHz line center [?]. However, precipitation generally occurs near the sur-
face when cloud liquid water content exceeds 0.5 mm [?]. MWHTS water vapor
channels are less affected by rain because their peak weighting function heights
are above 900 hPa, which explains why the decreasing trend drops off. As shown
in Figure 3, different brightness temperature differences Ai-11 exhibit different
sensitivities depending on water vapor channel weighting function distributions.
A15-11 and A14-11 will be used to screen out cloud- and precipitation-affected
observations in our study due to their higher sensitivity compared to A12-11
and A13-11.

For A15-11, we first take 11.7 K as the reference threshold, corresponding
to a cloud water content of 0.5 mm. Using RMSEclear from the absorption-
based model in clear sky from Figure 2 as reference values, we adjust the refer-
ence threshold with a step length of 0.2 K. Adjustment stops when differences
between RMSEall from the absorption-based model in all-weather conditions
shown in Figure 2 and the reference values RMSEclear are within 1 K for tem-
perature channels and within 1.5 K for water vapor channels. After some ad-
justment, we determine the threshold to be 12.5 K. For A14-11, the method for
determining the threshold is the same, but the reference threshold is set to 7.1
K, yielding a determined threshold of 8.1 K. Based on these two thresholds, we
develop three criteria: the first is A15-11>12.5, the second is A14-11>8.1, and
the third is A15-11>12.5 and A14-11>8.1.

Applying these three criteria to the statistical analysis dataset to screen out
cloud- and precipitation-affected observations, we obtain three additional statis-
tical analysis datasets unaffected by clouds and rain: statistical analysis dataset
1, statistical analysis dataset 2, and statistical analysis dataset 3, containing
467,587, 470,051, and 452,683 collocated samples, respectively. A statistical
analysis is performed on the RMSEs of simulations with respect to observed
brightness temperatures after cloud filtering. Figure 4 [Figure 4: see original
paper] shows RTTOV simulation accuracies for the filtered observations using
these three criteria.

Figure 4 reveals that simulation accuracies for each channel have been obvi-
ously improved compared with RMSEall in Figure 2(b), except for channels
2, 3, and 4. MWHTS channels 15 and 14 are sensitive to levels around 900-
800 hPa and 800-700 hPa, respectively. Clouds distributed in these different
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atmospheric layers can be well detected by criterion 1 (A15-11>12.5) and cri-
terion 2 (A14-11>8.1). However, clouds distributed around 900-800 hPa have
little effect on channel 14 because its water vapor absorption is mainly located
above cloud top. Clouds distributed around 800-700 hPa cause decreases in
channel 15 brightness temperature due to increased absorption and scattering
by ice and water droplets in clouds [?]. In other words, criterion 1 can screen
out more cloud- and precipitation-affected observations than criterion 2. An-
other point to note is that criterion 2 has better sensitivity to high-level clouds
than criterion 1, especially in atmospheric layers around 800-700 hPa. Based
on this analysis, for water vapor channels, the simulation accuracy of channel
15 for criterion 1 is higher than that for criterion 2, but criterion 2 yields better
simulation results for channels 13 and 14. For temperature channels 6, 7, 8, 9
and window channels 1 and 10, criterion 1 can improve simulation accuracies to
varying degrees compared with criterion 2, with the largest improvement of 0.4
K in channel 9. This occurs because criterion 1 better identifies low-level clouds
in the near-surface atmospheric layer where ice and water droplets can intro-
duce scattering to brightness temperatures of channels whose peak weighting
function heights are closer to the surface. Criterion 3 combines criteria 1 and
2, enabling it to detect clouds distributed between approximately 900 and 700
hPa, screen out more cloud- and precipitation-affected observations, and obtain
higher simulation accuracies than the first two criteria, as shown in Figure 4.
Through this analysis, criterion 3 is adopted as the cloud filtering method in
this paper. Compared with AMSU-B, MWHTS provides greater sensitivity to
clouds in different tropospheric layers due to the new water vapor channel at
183.31+£4.5 GHz. Consequently, cloud filtering criterion 3 demonstrates better
performance in filtering out cloud- and precipitation-affected observations and
effectively improving RTTOV simulation accuracy. To further evaluate the per-
formance of the cloud filtering method in atmospheric parameter inversion and
provide reference values for different retrieval techniques, retrieval experiments
are conducted.

4.1. MLR Retrieval Algorithm

In essence, the MLR retrieval algorithm converts observations to atmospheric
parameters through a linear regression model representing the linear relation-
ship between radiometer observations and atmospheric parameters including
temperature, humidity, and cloud water parameters. This model is given by
[7:

where x is the atmospheric state vector, p is pressure level, represents the statis-
tical mean value, y is the observed radiance vector, i is the radiometer channel
index, and D is the retrieval operator. In our study, collocated samples includ-
ing atmospheric temperature profiles, humidity profiles, and MWHTS bright-
ness temperatures from the statistical analysis dataset are used to calculate the
retrieval operator D. We then retrieve MWHTS brightness temperatures from
the testing dataset to obtain the retrievals.
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4.2. ANN Retrieval Algorithm

ANN is a statistical regression model that, unlike MLR, can describe not only
linear relationships between input and output data but also any nonlinear re-
lationships in theory. Following the majority of publications on applying ANN
to atmospheric parameter inversion, we choose a three-layer backpropagation
ANN with one hidden layer for the retrieval problem. Figure 5 [Figure 5: see
original paper| shows a schematic diagram of the selected network. Additional
details on initialization, training, optimization, and other advanced topics can
be found in Polyakov et al. and Yao et al. [?, ?].

In our study, MWHTS brightness temperatures from the statistical analysis
dataset are taken as the input vector (i=1~15 is the MWHTS channel index).
Profile parameters including temperature and humidity, and surface parameters
including 2 m air temperature, 2 m air dewpoint temperature, and 10 m wind
speed from the statistical analysis dataset are taken as the output vector (j=1~37
and j=38~74 represent pressure levels from upper atmosphere to surface for
temperature and humidity, respectively; j=75, 76, 77, 78 represent 2 m air
temperature, 2 m air dewpoint temperature, 10 m U wind component, and 10
m V wind component). The input and output vectors comprise the training
samples, and the steepest descent method is selected for the training phase.
Based on extensive testing, a hidden layer with 16 hidden nodes was found to
be optimal in our study. Weights and biases are determined by training on
90% of the training samples, while the remaining 10% are used for validation to
determine when to stop training.

4.3. 1DVAR Retrieval Algorithm

The 1DVAR method is a typical representative of physical retrieval approaches
that obtains atmospheric parameters by directly solving the radiative transfer
equation. The algorithm consists primarily of two components: the radiative
transfer model used to calculate simulated brightness temperatures and bright-
ness temperature gradients, and a scheme for minimizing a cost function that
weights the relative contributions of satellite observations and background in-
formation. If errors in background information and satellite observations are
unbiased, uncorrelated, and have Gaussian distributions, the atmospheric state
vector can be solved by minimizing the following cost function:

where B is the background covariance matrix, x_b is the background state vec-
tor, R is the sum of covariance error in simulated brightness temperature and
instrument channel noise, T represents matrix transpose, H is the forward oper-
ator that simulates satellite observations at atmospheric state vector x, and y is
the observed brightness temperature vector. Setting the cost function gradient
to zero yields the optimal estimate:

where n is the iteration index, the starting point x_0 is the first-guess profile,
and H is the tangent linear function of H at point x_n. Equation (3) shows
that retrieval algorithm parameters including background covariance matrix B,
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background state vector x_ b, error covariance matrix R, first-guess profile, and
system bias must be determined before retrieval.

A priori information including background covariance matrix and background
state vector directly affects retrieval accuracy in the physical retrieval process,
aiming to constrain retrievals within physically realistic solutions during iter-
ation in equation (3). In our study, atmospheric temperature and humidity
profiles from ERA-Interim reanalysis covering the period from 1 February 2014
to 31 January 2015 are used to compute background covariance matrix B, fol-
lowing Boukabara et al. for detailed computation methods [?]. The means of
atmospheric parameters used to compute the background covariance matrix are
taken as the background state vector x_b. Outputs from the BP ANN retrieval
method in Section 4.2 are taken as first-guess profiles in our study.

For biases between simulations and observations, statistical regression correction
is given by [?]:

where I* is the corrected MWHTS brightness temperature, I is the uncorrected
MWHTS brightness temperature, a is the slope, b is the intercept, i=1~15 is
the MWHTS channel index, and j=1~98 is the MWHTS scan position index.
We determine correction coefficients through statistical analysis of simulations
and observations from the statistical analysis dataset, then correct observed
brightness temperatures from the testing dataset.

For error covariance matrix R, assuming measurements in one channel are un-
related to those in others, only diagonal elements of R are used. Differences
between simulations and observations from the statistical analysis dataset and
in-flight sensitivities from Table 1 are utilized.

The convergence criterion adopted in our retrieval system stops iteration in
equation (3) when the relative difference in cost function between two itera-
tions is less than 0.01, with a maximum of 10 iterations. If iterations reach
10, retrieval is set to the first guess. The retrieval quality control criterion dis-
cards observations if residuals between corrected brightness temperatures and
RTTOV-simulated values using the first guess exceed 20 K in any channel.

5. Validation and Analysis of Retrieval Results

MWHTS channel weighting function distributions shown in Figure 1 indicate
that temperature channels are not sensitive to the top of the atmosphere and
water vapor channels are not sensitive to levels above 300 hPa. Therefore, we
verify retrievals at levels from 1000 to 50 hPa for temperature and 1000 to 250
hPa for relative humidity. MWHTS profile retrieval results are evaluated by
mean error (ME) and RMSE with respect to ECMWF ERA-Interim reanalysis
taken as truth. ME and RMSE are defined as follows [?]:

where x_ MWHTS is the MWHTS retrieval, x_ ECMWF is the ECMWF reanal-
ysis, and N is the total number of comparisons.
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Applying the three cloud filtering criteria suggested in our study to the testing
dataset in Section 2.2 to screen out cloud- and precipitation-affected observa-
tions, we obtain three additional testing datasets unaffected by clouds and rain:
testing dataset 1, testing dataset 2, and testing dataset 3, containing 35,211,
35,517, and 34,021 collocated samples, respectively. RTTOV simulation calcu-
lations using atmospheric parameters from these four testing datasets show that
simulation accuracies for each channel have been obviously improved after filter-
ing cloud- and precipitation-affected observations in the testing dataset, with
criterion 3 achieving higher simulation accuracies than criteria 1 and 2, con-
sistent with conclusions from the statistical analysis datasets in Section 3. To
further evaluate cloud filtering method performance in atmospheric parameter
inversion, observed brightness temperatures from these four testing datasets are
used to retrieve atmospheric temperature and humidity profiles.

5.1. Retrieval Results and Analysis of MLR Method

The statistical analysis dataset in Section 2.2 and the three statistical analysis
datasets in Section 3 are used to separately calculate retrieval operator D, with
retrieval results shown in Figure 7 [Figure 7: see original paper|. For tempera-
ture, retrieval MEs of brightness temperatures in the testing dataset before and
after filtering are nearly equal, reaching maximum values of about 2.8 K at 70
hPa and 850 hPa, and minimum values of about 0 K between 200 hPa and 300
hPa, with mean errors within 1.5 K at other levels. However, retrieval RMSEs
with filtering are smaller than those without filtering between 400 hPa and 1000
hPa, and criterion 3, which performs better in filtering cloud- and precipitation-
affected observations, yields the highest retrieval accuracy. RMSEs are almost
the same between 50 hPa and 400 hPa because temperature channels sensitive
to the upper atmosphere are nearly unaffected by clouds and rain. Retrieval
RMSEs reach a minimum of 1.08 K near 200 hPa and a maximum of about 3.4
K near 850 hPa. For humidity, retrieval MEs of brightness temperatures before
and after filtering are nearly equal (similar to temperature retrieval results), at
about 9% between 500 hPa and 600 hPa, and within 5% at other levels. Re-
trieval accuracies with filtering are higher than without filtering between 300
hPa and 800 hPa because the peak weighting function heights of water vapor
sounding channels are mainly distributed in this pressure range. Similar to tem-
perature retrieval accuracy, criterion 3 achieves the highest humidity retrieval
accuracies, with RMSEs reaching a maximum of 19.5% near 800 hPa.

For the cloud filtering criteria developed in this paper, criterion 3 makes greater
strides in improving retrieval accuracy of multiple linear regression, which uses
linear relationships between atmospheric parameters and satellite observations,
though criteria 1 and 2 also improve retrieval accuracy to some extent. The
filtering methods screen out cloud- and precipitation-affected brightness temper-
atures, further reducing nonlinearity caused by clouds and rain and conforming
to the linear model used by the retrieval approach. However, it is worth noting
that relationships between atmospheric parameters and satellite observations
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are nonlinear, which limits the retrieval accuracy of multiple linear regression.

5.2. Retrieval Results and Analysis of ANN Method

The statistical analysis dataset in Section 2.2 and the three statistical analysis
datasets in Section 3 are used to separately train the ANN and determine weights
and biases, with retrieval results shown in Figure 8 [Figure 8: see original paper].
For temperature, retrieval MEs of brightness temperatures before and after
filtering with the three criteria are nearly equal, both within 1 K. Retrieval
RMSEs with filtering are smaller than without filtering between 300 hPa and
200 hPa, but higher between 900 hPa and 800 hPa, and nearly equal at other
levels. Retrieval accuracies reach a maximum of about 2.5 K at 100 hPa and
are within 1.8 K at other levels. For humidity, retrieval MEs of brightness
temperatures before and after filtering with the three criteria are all within
about 2%, and their RMSEs are nearly equal at all pressure levels, reaching a
maximum of about 15% at 800 hPa.

Analysis of ANN retrieval results shows that the cloud filtering method using
the three criteria cannot improve retrieval accuracy and even worsens it at some
levels. This occurs because ANN’ s strong nonlinear mapping capability can de-
scribe the nonlinear relationships between satellite observations and atmospheric
parameters caused by clouds and rain. However, the number of samples trained
in the statistical analysis dataset differs with and without filtering, and ANN
algorithm performance is affected by the number of training samples, which
may lead to worse retrieval accuracies.

5.3. Retrieval Results and Analysis of IDVAR Method

The statistical analysis dataset in Section 2.2 and the three statistical analysis
datasets in Section 3 are used to separately determine correction coefficients for
biases between observations and simulations. Observed brightness temperatures
in the four testing datasets are corrected and retrieved, with results shown in
Figure 9 [Figure 9: see original paper]. For temperature, retrieval MEs of
brightness temperatures before and after filtering are nearly equal above 400
hPa in the upper atmosphere, but at other levels, retrieval MEs with filtering
are obviously smaller than without filtering, all within 0.4 K. Retrieval MEs
with the three criteria are nearly equal. Retrieval accuracies with filtering are
higher than without filtering between 400 hPa and 1000 hPa where temperature
channels 7, 8, and 9 are sensitive, and criterion 3 achieves the highest accuracy
of 1.7 K between 150 hPa and 1000 hPa. For humidity, retrieval MEs and
RMSEs with filtering are significantly smaller than without filtering, especially
between 200 hPa and 800 hPa where water vapor channels are sensitive, with
MEs close to zero. Criterion 3 improves humidity retrieval accuracies by up to
11.2% and achieves the highest retrieval accuracy of about 19%.

From a physical perspective, the IDVAR method retrieves atmospheric parame-
ters by directly solving the radiative transfer equation. As seen in equation (3),

chinarxiv.org/items/chinaxiv-201703.00254 Machine Translation


https://chinarxiv.org/items/chinaxiv-201703.00254

ChinaRxiv [$X]

in addition to prior information, differences between observations and simula-
tions directly affect retrieval accuracies. Filtering out cloud- and precipitation-
affected observations can improve retrieval accuracies of atmospheric temper-
ature and humidity profiles. Compared with criteria 1 and 2, criterion 3 can
effectively screen out more cloud- and precipitation-affected observations and
better improve retrieval accuracies.

5.4. Comparison Results of Three Retrieval Methods

Based on the above analysis, for temperature retrievals, MLR method shows
the largest MEs and RMSEs, while 1DVAR retrieval accuracies are slightly
better than ANN. For humidity retrievals, both ANN and 1DVAR methods
have MEs nearly zero at all levels. ANN retrieval accuracies are the best, while
other methods have similar retrieval accuracies. However, we should note that
1DVAR retrieval accuracies depend on many factors evident from equation (3).
Therefore, several approaches can further improve retrieval accuracy, such as
optimizing bias correction methods, improving first-guess profiles, and further
controlling satellite observation quality.

From the perspective of algorithm complexity, statistical inversion methods
including multiple linear regression and ANN are simple and straightforward.
Generally, a good statistical model corresponds to high retrieval accuracy, as
exemplified by the ANN trained in our study. However, it is worth noting that
retrieval algorithm stability is very important for operational applications of
atmospheric parameter retrieval.

In our study, we change testing samples to examine the stability of these three
retrieval methods. MWHTS brightness temperatures covering the period from
1 to 31 May 2015 are selected, and collocation criteria with ERA-Interim re-
analysis are the same as in Section 2, yielding 43,137 collocated samples in
all-weather conditions and 38,034 samples after filtering by criterion 3. These
38,034 brightness temperature samples are used to retrieve atmospheric tem-
perature and humidity profiles using the three retrieval methods, with results
shown in Figure 10 [Figure 10: see original paper]. For the MLR method,
compared with retrieval results using criterion 3 in Figure 7, different retrieval
results are obtained due to different brightness temperature samples retrieved.
Temperature retrieval MEs and RMSEs are both significantly smaller than in
Figure 7 between 400 hPa and 1000 hPa, with temperature retrieval accuracies
improved by about 1.0 K. Humidity retrieval accuracies decrease by 5% near
500 hPa. For the ANN method, compared with retrieval results using criterion
3 in Figure 8, temperature retrieval MEs and RMSEs both increase significantly,
with temperature retrieval accuracies declining about 0.4 K between 400 hPa
and 800 hPa. Humidity retrieval accuracies decline 5% near 800 hPa. However,
for the 1IDVAR method, compared with retrieval results using criterion 3 in
Figure 9, retrieval accuracies remain nearly unchanged. These comparison anal-
yses demonstrate that MLR and ANN retrieval methods have great dependence
on retrieved brightness temperatures, which have very little impact on 1IDVAR
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6. Summary and Discussion

MWHTS water vapor channels have high sensitivity to clouds and rain and can
detect different tropospheric cloud layers well due to new channels at 183.31+4.5
GHz. We have derived a cloud filtering method to screen out cloud- and
precipitation-affected observations using brightness temperature differences be-
tween water vapor channels. Based on sensitivities of MWHTS water vapor
channels 14 and 15 to cloud water content, and taking RMSEs between ob-
servation and simulation by RTTOV in clear sky as reference values, we de-
veloped cloud filtering criteria: A15-11>12.5 and A14-11>8.1. The proposed
cloud filtering method can improve agreement between simulated and observed
brightness temperatures. To evaluate the cloud filtering method in the retrieval
process, brightness temperatures before and after filtering are used to retrieve
atmospheric temperature and humidity profiles through different retrieval meth-
ods. Retrieval results show that the cloud filtering method can effectively im-
prove retrieval accuracies of MLR and 1DVAR, which depend on the nonlinear-
ity of the radiative transfer model, but has little effect on ANN because ANN
can represent the nonlinear relationship between atmospheric parameters and
satellite observations. Comparison of retrieval results using the three methods
shows that MLR accuracies, which only describe linear relationships between
atmospheric parameters and satellite observations, are worst. ANN and 1IDVAR
can describe nonlinear relationships and have similar temperature retrieval ac-
curacies, but 1IDVAR humidity retrieval accuracy is lower than ANN. From an
operational application perspective, retrieval algorithm stability is tested, and
results show that IDVAR is the best choice.

This paper focuses on improving differences between simulated and observed
brightness temperatures. Generally, differences between simulations and obser-
vations are caused by: satellite instrument issues (e.g., poor calibration or ad-
verse environmental effects), the radiative transfer model linking atmospheric
parameters to sounder-measured radiation (e.g., spectroscopy errors, simplis-
tic modeling of sounder viewing geometry, or inaccurate modeled scattering
effects), and errors in atmospheric parameters input to the radiative transfer
model. However, filtering out cloud- and precipitation-affected observations as
a pre-processing step is very important for subsequent bias correction that can
further improve retrieval accuracy.

It is worth noting that the proposed cloud filtering method does not account
for limb darkening for MWHTS, which is a cross-track scanning instrument.
However, from a statistical computation perspective in this study, effects of
limb darkening on simulation accuracies may be partially filtered out using the
cloud filtering method. The cloud filtering method may be optimized by de-
riving cloud filtering criteria based on statistical analysis for different MWHTS
viewing geometries, which is our next investigation. Additionally, we only study
MWHTS measurements over a portion of ocean in this paper; therefore, devel-
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oping a cloud filtering method for MWHTS observations over the global range
is also a future research direction.
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