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One-Dimensional Variational Retrieval Algorithm of
Temperature, Water Vapor, and Cloud Water Profiles
From Advanced Microwave Sounding Unit (AMSU)

Quanhua Liu and Fuzhong Weng

Abstract—The measurements from satellite microwave imaging
and sounding channels are simultaneously utilized through a one-
dimensional (1-D) variation method (1D-var) to retrieve the pro-
files of atmospheric temperature, water vapor and cloud water.
Since the radiative transfer model in this 1D-var procedure in-
cludes scattering and emission from the earth’s atmosphere, the re-
trieval can perform well under all weather conditions. The iterative
procedure is optimized to minimize computational demands and to
achieve better accuracy. At first, the profiles of temperature, water
vapor, and cloud liquid water are derived using only the AMSU-A
measurements at frequencies less than 60 GHz. The second step
is to retrieve rain and ice water using the AMSU-B measurements
at 89 and 150 GHz. Finally, all AMSU-A/B sounding channels at
50–60 and 183 GHz are utilized to further refine the profiles of
temperature and water vapor while the profiles of cloud, rain, and
ice water contents are constrained to those previously derived. It
is shown that the radiative transfer model including multiple scat-
tering from clouds and precipitation can significantly improve the
accuracy for retrieving temperature, moisture and cloud water. In
hurricane conditions, an emission-based radiative transfer model
tends to produce unrealistic temperature anomalies throughout the
atmosphere. With a scattering-based radiative transfer model, the
derived temperature profiles agree well with those observed from
aircraft dropsondes.

Index Terms—Advance Microwave Sounding Unit (AMSU), one-
dimensional variation (1D-var).

I. INTRODUCTION

THE Advance Microwave Sounding Unit (AMSU) mea-
surements are increasingly utilized to derive a variety of

atmospheric and surface parameters such as total precipitable
water, cloud liquid and ice water, as well as surface snow and sea
ice concentration [1], [2]. These products are now routinely gen-
erated from the AMSU measurements at a few window channel
frequencies which are insensitive to the vertical structures of
atmospheric profiles [1]. In particular, atmospheric parameters
such as vertically integrated water vapor and cloud liquid water
can be derived analytically over oceans where the surface emis-
sivity is low and relatively uniform, and the atmospheric emis-
sion from clouds and water vapor is predominant [3].
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TABLE I
AMSU INSTRUMENT CHARACTERISTICS. THE CENTER FREQUENCY FOR

AMSU CHANNELS 9–14 IS 57.29 GHz. FOR CHARACTERISTICS, REFER TO

THE NOAA KLM USER’S GUIDE (http://www2.ncdc.noaa.gov/docs/klm/)

This study develops a new one-dimensional (1-D) variation
(1D-var) system to derive the profiles of atmospheric param-
eters such as temperature, water vapor, and cloud hydrome-
teors over land and oceans by using the measurements from
AMSU window and sounding channels. An advanced radiative
transfer model including scattering, polarization, and surface
emissivity models are developed and integrated as part of the
1D-var retrieval system. With the advanced microwave emis-
sivity model [4], the retrieval of total precipitable water and
cloud liquid water is extended over land. The scattering radia-
tive transfer model allows for an algorithm applicable under
all weather conditions. The combined use of both microwave
window and sounding channels makes it possible to simulta-
neously derive the cloud water profiles in addition to tempera-
ture and water vapor profiles. This integrated approach will lead
to the fundamental developments of more advanced microwave
products from future satellite microwave instruments that carry
onboard both imaging and sounding systems.

II. AMSU INSTRUMENT

The Advanced Microwave Sounding Units are flown onboard
NOAA-15, -16, and -17 satellites. The instruments have been
operational since 1998. The AMSU contain two modules: A
and B. The A module (AMSU-A) has 15 channels (see Table I)
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and is mainly designed to provide information on atmospheric
temperature profiles, while the B module (AMSU-B) allows for
profiling moisture structures. AMSU-A has an instantaneous
field-of-view of 3.3 and scans from nadir with 15
different viewing angles at each side. The AMSU-A measures
thermal radiation at microwave frequencies ranging from
23.8–9.0 GHz. Atmospheric temperature profiles are primarily
based on the measurements obtained at channels near 60 GHz,
which is an oxygen absorption band. In particular, the AMSU-A
sounding channels (3–14) respond to the thermal radiation at
various altitudes as shown by their weighting function dis-
tributions. Channels 1 and 2 detect clouds as well as surface
properties [5]. Since the satellite provides a nominal spatial
resolution of 48 km for AMSU-A at its nadir, the temperature
perturbations from synoptic to mesoscale can be reasonably de-
picted. The AMSU-B instrument contains five channels (16–20;
see Table I) and provides the atmospheric profile of moisture.
The horizontal resolution of AMSU-B is 16 km at nadir. A
combination of several AMSU imaging channels at frequencies
of 31.4, 89, and 150 GHz has been utilized to determine cloud
liquid and ice water contents, because they directly respond to
the emission from liquid droplets and the scattering from ice
particles [1]. AMSU channels are nonpolarized at nadir and
mix-polarized off nadir. The polarization mixture reduces the
angular dependence of the surface emissivity [2].

III. RETRIEVAL ALGORITHM

The 1D-var retrieval algorithm is composed of key compo-
nents such as advanced radiative transfer models for computing
radiances and gradient of radiance (or Jacobian), and a scheme
for minimizing the cost function that weighs the relative contri-
bution of background (a priori) information and satellite obser-
vations. The gradient of the computed radiance is with respect to
the (background) state variables. Assuming that the errors in the
observations and in the priori information are neither biased nor
correlated, and have Gaussian distributions, the best estimate of

will minimize the cost function

(1)

where is the error covariance matrix associated with the back-
ground state variable . is the sum of and . is the
covariance error in the forward calculation and is the sensor
noise, assuming that bias in measurements is calibrated out. The
superscript indicates a transpose. is the simulated radi-
ance vector for a set of channels (or frequencies) at the state vari-
able . is the observed radiance vector. The error covariance
matrices are often treated as diagonal matrices. In this study, we
use the diagonal covariance matrix. Thus, the minimum of the
cost function is found from an iterative process that computes a
descent direction at the state . The value of the cost function
gradient at each iteration is derived as

(2)

where is the adjoint operator of the Jacobian matrix. is
the tangent linear function of at point (where here is the
potentially nonlinear observation operator).

Fig. 1. Flowchart of the microwave 1-D variation algorithm. The core module
describes the retrieval procedures.

An optimal solution to (2) is obtained by setting the gradient
of the cost function zero and is expressed as follows [6]:

(3)

if the number of unknowns is more than that of measurements.
Alternatively

(4)

if the number of measurements is more than that of unknowns.
In this study, (3) is applied due to the limited vertical resolution
of AMSU data. Here the start point is the first guess and the
background represents the prior information.

Equations (3) and (4) can be iteratively calculated for a given
set of initial values or for a first guess of unknowns. As shown
in Fig. 1, the first guess can be obtained from several methods:
numerical weather prediction model outputs, climatological
databases, and regression algorithm outputs. An intelligent first
guess can speed up the convergence to the final solution. In this
study, a regression technique is used to get the first guess. The
background for the atmospheric temperature and water vapor
is taken from a forecast model. The background values for the
cloud liquid water, rain water, and ice water profiles sets to
zero or a small value. As shown in the core module within the
dashed–dotted lines, the profiles of temperature, water vapor, and
cloud liquid water are first calculated from AMSU-A channels
1–14. In this stage, the radiative transfer model is used for an
initial assessment of these profiles. The AMSU-A measure-
ments near 60 GHz are sensitive to the temperature profiles. The
AMSU-A window channels are sensitive to total water vapor and
cloud liquid water. The potential to derive the water vapor profile
from AMSU-A measurements is determined by the sensitivity
to total water vapor and the correlation between temperature and
water vapor profiles. The second step is to retrieve rain water
and ice water profiles associated with precipitation size particles
using AMSU-B 89 and 150 GHz, assuming that the profiles of
temperature, water vapor, and cloud liquid water are the same
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Fig. 2. (Top) Comparison of the original and retrieved water vapor profile over (a) ocean and (b) over land. (Bottom) Comparison of the original and retrieved
cloud liquid water profile over (c) ocean and (d) over land. The profile is interpolated and extrapolated into 42 pressure levels from a radiosonde measured at 7
north, 151 east on July 2, 2002. This profile is placed on ocean and land, respectively.

as those from the first step. This assumption is physically sound
because scattering signatures from the two channels are not
strongly sensitive to the temperature and water vapor profiles [2].
The final step involves a refinement to the temperature and water
profiles by using all AMSU-A/B channels at 50–60 GHz and 183
GHz. The 183-GHz water vapor measurements can improve the
accuracy of the water vapor profile at middle and high altitudes.
There is a small effect of the refinement on the calculations from
the previous step, which would require an iterative scheme. By
using the retrieved profiles from the third step as inputs to the
second step, the identification of the rain and ice clouds remains
the same. The retrieved rain water and ice water contents can be
changed by about 2% for cloudy conditions. Due to the speed
requirement in operational processing, only a flag is assigned to
qualify the consistency. Note that at the second step, rain water,
and ice water contents are calculated only when the scattering
signatures at 89 and 150 GHz exceed a threshold [2].

The stability and convergence of the retrieval algorithm is a
common issue. This retrieval algorithm takes three iterative cy-
cles at each step to achieve the convergence, in general. The
stability may be tested by perturbing the first guess (i.e., start
point). For this algorithm, there is not a significant change be-
tween using the temperature and water vapor profiles as inputs
from the regression method and from the retrieval at the last step.

An important process in Fig. 1 is to correct the various bi-
ases from the AMSU instrument, within the forward model and
the first guess. It was found that three AMSU instruments on
board NOAA-15, -16, and -17 satellites all display some level
of asymmetric radiances across their scan line [1]. The causes
for this asymmetry are still not fully understood. Nevertheless,
an empirical algorithm was developed [1] and utilized in this

study. In addition to a correction of the instrumental bias, the
biases of the first guess and forward model to the truth are also
corrected. When using forecast model outputs (e.g., 6-h fore-
cast) as a first guess, we collocate in situ temperature and water
vapor profiles observed from radiosondes with forecast model
outputs, and then calculate the global mean difference between
the first guess and in situ data. The biases in the forward ra-
diative transfer model are derived from the mean difference be-
tween measured brightness temperatures and simulated bright-
ness temperatures that are calculated from radiosonde data.

The constant error covariance matrix associated with the
background and the constant covariance error matrix associ-
ated with the observation error and the error in forward radiative
transfer calculations are also important parameters in the 1D-var
package [see (1) and (2)]. By definition, the background is the
prior information and the first guess is the start point for solving a
retrieval equationalthough the background canbe usedas the first
guess. In (3) or (4), is the first guess. After removing biases in
the simulated brightness temperatures, the standard deviation of
simulations to satellite observations is used for the error covari-
ance matrix . A similar method is used to define the error co-
variance of the background. In this study, only diagonal elements
of the background error covariance matrix are used. A detailed
description of the observational and background error covariance
is referred to http://www.emc.ncep.noaa.gov/gmb/treadon/gsi/.

In this study, the first guesses to temperature and water vapor
profiles are derived from a regression algorithm [7], [8]. These
guesses are obtained at a maximum of 42 levels from surface
to 0.1 hPa in order to make this 1D-var generally applicable
for the current satellite data assimilation system. It should be
pointed out that an individual AMSU-A channel is not sensitive
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Fig. 3. Comparison of the total precipitable water between radiosondes and retrievals using data from (a) NOAA-15 AMSU, (b) NOAA-16 AMSU, and
(c) NOAA-17 AMSU.

to water vapor profile. However, AMSU-A channels are sensi-
tive to the total precipitable water vapor (e.g., 23.8 GHz) and
vertical temperature profile. Thus, the initial water vapor profile
can be still estimated from the AMSU-A because of the cor-
relation between temperature and water vapor profiles, and the
AMSU-A channel 1 sensitivity to the total precipitable water.

The regression coefficients for temperature and water vapor
profiles are predetermined using our collocated radiosondes and
satellite measurements. Note that the first guess for cloud water
profile is set to zero above the freezing level and to a small
value of 0.005 g m for the rest part of the profile, since the
in situ cloud liquid water profile [9] is not sufficient for devel-
opments of the regression algorithm. Since the 1D-var proce-
dure also retrieves the rain water profile, we need to identify the
precipitating atmospheres. In doing so, the rain is determined
through an algorithm which uses AMSU-B measurements at 89
and 150 GHz [2]. While the rain pixel is identified, a vertically
uniform distribution of rain water below the freezing level is
assumed.

The first guess of ice water content is assumed to be uniformly
distributed above the freezing level if the scattering signature is
larger than the threshold defined in [1]. The ice particle effective
diameter is calculated from the scattering parameter ratio at 89
and 150 GHz, which in turn is defined as the ratio of the differ-
ence between predicted and measured brightness temperatures
to the measured brightness temperature. The predicted bright-
ness temperature is computed from AMSU-A channels 1 and 2
brightness temperatures based on a regression technique. The
ice water path is then calculated from the effective diameter and
the scattering parameter. Detailed information is to be found at
http://www.orbit.nesdis.noaa.gov/corp/scsb/mspps/main.html.

As required by 1D-var, the surface pressure and ocean wind
speed are taken from 6-h forecast data from the National
Centers for Environmental Prediction (NCEP) global forecast
system (GFS). A high-resolution dataset having a is
used to define surface elevation and 24 surface types. The
surface types are: water, old snow, fresh snow, compacted soil,
tilled soil, sand, rock, irrigated low vegetation, meadow grass,
scrub, broadleaf forest, pine forest, tundra, grass soil, broadleaf
pine forest, grass scrub, oil grass, urban concrete, pine brush,
broadleaf brush, wet soil, scrub soil, broadleaf 70-pine 30, and
new ice.

IV. RADIATIVE TRANSFER MODEL

The radiative transfer model used in (1)–(4) is an improved
version of the two-stream model [10]. In this model, the radiance
emanating to the top of the atmosphere is first calculated at a
fixed viewing angle using the two-stream solution. This radiance
is then used to approximate the multiple scattering term in (5)
as follows [11]:

(5)

where is the intensity or radiance; the single-scattering
albedo; the Planck function of a temperature the
azimuth-averaged phase function. is the cumulative optical
thickness increasing from 0 at the top of the atmosphere to at
the surface.
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Fig. 4. Global distribution of the total precipitable water retrieved from (a) AMSU data, (b) from global distribution of the global data assimilation system
(GDAS), and (c) the comparison of the zonal mean of total precipitable water between GDAS and retrievals.

The iterative solution to (5) can be derived accurately in terms
of an integral form. For an optical depth of at a layer bottom,
it can be written as

(6)

The first term on the right side of (6) is the transmitted radi-
ance from the bottom of the layer. The second term represents
the emitted radiances by the layer which can be derived from
the atmospheric temperature and optical parameters. The radi-
ance from the first two terms on the right side is called path radi-
ance, because they act in the same way as in the emission model.
The path radiance approaches the exact emission solution when
scattering approaches zero. The third term is the multiple scat-
tering and can be evaluated using a two-stream solution. If more
streams are used for multiple scattering, the solution as shown
in (6) becomes more exact. However, in microwave frequencies,
the two-stream solution [10] for the multiple scattering parts has
resulted in a satisfactory accuracy of 1.0 K for simulated bright-
ness temperature even under more cloudy conditions [10].

To speed up radiative transfer simulations, we use a fast
model called OPTRAN [12], [13] to calculate atmospheric
gaseous absorption at microwave frequencies. For a typical

Fig. 5. Brightness temperatures at 150 GHz for a Hurricane Isabel scene on
September 12, 2003.

AMSU channel with a finite frequency bandwidth, OPTRAN
runs about 13 times faster than the typical microwave absorp-
tion model [14] calculation at a center frequency, and 100 times
faster than the line-by-line calculations, where each band is cut
with 10 lines. Furthermore, in comparison with the line-by-line
calculations, OPTRAN can also achieve accuracy better than
0.1 K for all AMSU channels. Note that cloud optical properties
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Fig. 6. (Top left) Retrieved ice water content, (top right) surface rain rate, (bottom left) cloud liquid water, and (bottom right) total precipitable water for Hurricane
Isabel on September 12, 2003.

such as extinction coefficient, single albedo and asymmetry
factor which are required in radiative transfer but not provided
from OPTRAN are precalculated and made into a lookup table
that can be used for faster retrievals.

As part of the radiative transfer model, various emissivity
models are also needed to calculate the thermal emission from
the earth’s surfaces. For an oceanic surface, a fast emissivity
model at microwave frequencies was developed and widely used
for forward calculations [15], whereas for land, an emissivity
model was also developed by Weng et al. [4] to compute the
emissivity for a variety of surface conditions such as bare soil,
canopy, and snow. These emissivity models are key components
and are integrated in our 1D-var package.

V. RETRIEVAL RESULTS

The 1D-var retrieval algorithm is first tested using simulated
AMSU brightness temperatures. In our simulations, atmo-
spheric temperature and water vapor profiles from a radiosonde
observation are interpolated and extrapolated into 42 pres-
sure levels from 1050 hPa to 0.1 hPa. Five-layer clouds from
800–950 hPa are assigned to this radiosonde profile and the
relative humidity from 800–950 hPa sets to 100%. Fig. 2(a)

and (b) displays water vapor profiles over oceans and land,
respectively. In general, the retrieved water vapor profiles agree
with original profiles. The water vapor derived in the profile
peaks where clouds occur. The retrieval accuracy of total pre-
cipitable water over ocean [Fig. 2(a)] is better than over land
[Fig. 2(b)], because microwave window channels measured
over oceans are more sensitive to water vapor at lower altitudes
in the troposphere. Fig. 2(c) and (d) shows the comparison of
cloud liquid water over ocean and land, respectively. While the
cloud liquid water paths agree, the vertical distributions are
somewhat different. Retrieved cloud water concentrates near
the cloud top due to a lack of detailed information on clouds
from the AMSU sounding channels.

The 1D-var retrieval algorithm is also validated with
collocated satellite measurements and radiosonde data. The ra-
diosonde stations are distributed globally and are shown on the
website http://raob.fsl.noaa.gov/. All AMSU and radiosondes
data are matched with a spatial distance less than 50 km and a
temporal difference less than 2 h. Fig. 3(a)–(c) compares the
total precipitable water from radiosondes with that retrieved
from NOAA -15, -16, and -17 AMSU data. Note that the entire
match-up data during 2002 are used in this analysis and the
comparisons are only made with the radiosonde data under
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Fig. 7. Retrieved atmospheric temperature at 850 hPa through (top left) a scattering radiative transfer model and (top right) an emission radiative transfer model
and (bottom left) the retrieved atmospheric temperature at 200 hPa through the scattering radiative transfer model and (bottom right) the emission radiative transfer
model for Hurricane Isabel on September 12, 2003.

clear conditions. Overall, the biases are relatively small and
root mean square error is stable and near 2.5 mm (or 2.5 kg/m ),
which is better than the results from our previous study [1].

The performance of the 1D-var algorithm is also tested using
the global AMSU data over land and oceans but excluding the
data over high latitudes beyond 60 north and south. Over land,
surface parameters needed for emissivity calculations [4] are
obtained from NCEP Global Forecast System (GFS), and in-
clude surface temperature, soil temperature, snow depth, vege-
tation coverage, canopy water content, land surface vegetation
type, soil type, surface wind speed, and direction at 10 m
above the surface, air temperature at 2-m height above the sur-
face, and surface pressure. Fig. 4(a) and (b) compares the total
precipitable water (TPW) derived from the AMSU and the
GFS Data Assimilation System (GDAS). In general, AMSU
retrieval agrees well with the GDAS data. Low TPW in the
western United States, northern Africa, and southern Australia
is obvious on both images. Hurricane Isabel having a higher
amount of TPW locates at 21.75 N and 56.55 W. Fig. 4(c)
further compares the zonal means of the TPW’s between the

AMSU and GDAS data. The zonal mean is averaged over
longitudes for clear and cloudy cases over land and oceans.
Overall, the bias and rms error of the zonal means are 0.15 and
0.75 mm, respectively.

It is also important to assess the performance of the 1D-var
under cloudy and precipitation conditions. In this study, the
AMSU observations in Hurricane Isabel are used for our tests.
Hurricane Isabel was one of the most powerful storms that af-
fected the eastern portion of the United States in 2003. From
the AMSU data at 150 GHz, we can clearly define the hurri-
cane center near 21.75 N and 56.55 W and the spiral rainfall
bands surrounding the eye (see Fig. 5). Fig. 6 shows retrieved
cloud ice water path, surface rain rate, cloud liquid water path,
and total precipitable water. Notice that the area covered by the
cloud ice water is much broader than surface precipitation. The
nonprecipitating ice clouds are primarily depicted by the AMSU
150 GHz. Also, both cloud liquid water and total precipitable
water fail to detect the hurricane eye regions due to the poor
spatial resolution of the AMSU data, although the amounts are
generally higher near the center.
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Fig. 8. Vertical distributions of the atmospheric temperatures from (solid line) dropsondes and (dashed–dotted line) the retrievals from AMSU measurements. The
dashed lines are the difference of the atmospheric temperature between dropsondes and retrievals. The values in percentage represent measured relative humidity.

The effects of cloud and precipitation scattering on the tem-
perature retrievals can be demonstrated by comparing the re-
sults from a scattering radiative transfer model to those from
the emission-based model. In Fig. 7 (top left), the magnitude
of the cold temperature anomaly at 850 hPa derived from the
scattering model is more agreeable with other results [16], [17]
than that from the emission-based in Fig. 7 (top right). Because
of the scattering of liquid phase hydrometeors, the microwave
brightness temperatures at sounding channels are strongly de-
pressed. If this scattering effect would not properly taken into
account in the retrieval process, the physical temperatures at 850
hPa would have been forced to the colder values which become
highly nonphysical [see Fig. 7 (top right)]. Using the scattering
model, the retrieved structure of cooling at 850 hPa is smooth,
and the anomaly of about 3 K is realistic according to Hawkins
and Rubsam [16].

The quality of the temperature distribution at 200 hPa has
been also improved significantly using the scattering model.
Note that the temperature at the center is about 10 warmer than
that of its environment [see Fig. 7 (bottom left)] and is favor-
ably comparable to other early observations [16], [17]. It is also
interesting to see that the retrieved temperature from the emis-
sion model [Fig. 7 (bottom right)] is warmer than that from the
scattering model [Fig. 7 (bottom left)], which is opposite to the
pattern at 850 hPa. This can be explained as follows. For the

clouds at high altitudes, the transmittance in the emission model
is smaller, attenuating the high radiance from lower warm and
humid/cloudy atmosphere. Since the measured brightness tem-
peratures are higher than those predicted by the emission-based
model, the retrieval algorithm must enforce a warmer tempera-
ture there when the emission model is applied.

To validate the 1D-var retrievals, we also use collocated
atmospheric temperature profiles from dropsondes and re-
trieved temperature profiles from AMSU for Hurricane
Isabel. The comparison is carried out for Hurricane Isabel on
September 16, 2003. Four dropsondes at

, and
arematchedwithAMSUmeasurementsat06:00UTCSeptember
16, 2003. Fig. 8 shows the dropsonde measurements and re-
trievals at four sites. The differences between satellite retrievals
and dropsondes measurements are typically less than 2 K. Even
under heavy precipitation conditions [Fig. 8(d)], the retrieval
errors are similar to those from other nonprecipitation cases
indicating the algorithm robustness.

VI. SUMMARY AND DISCUSSION

This study develops a 1-D variation method (1D-var) for the
retrieval of atmospheric temperature, water vapor, and cloud
water. The scattering effects from clouds and precipitations are
taken into account. Using an emission-based radiative transfer
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model, the retrieved temperatures tend to be colder at lower al-
titudes and warmer at high altitudes. With a full scattering ra-
diative transfer model, the quality of the retrieved temperature
profiles can be significantly improved, and the retrievals agree
well with coincident dropsonde’s measurements.

The procedures developed in the 1D-var process have been
optimized after our many numerical experiments. It is found
that with measurements from AMSU-A channels 1–14, temper-
ature profile and cloud liquid water can be first estimated. The
AMSU-B window channel measurements can be then used to
define cloud ice and rain water contents [1]. In our retrieval,
the rain water is uniformly distributed below the freezing level,
and the cloud ice water is also uniform above the freezing level.
This treatment to the ice and rain water may be oversimplified.
Thus, it is necessary to further refine all atmospheric parame-
ters through an additional 1D-var process with all AMSU water
vapor sounding channels near 183 GHz so that the water vapor
products can be finally improved as well.

We use the same observational error and background error in-
formation throughout all steps in the retrieval. In the third step,
the background information on the temperature and water vapor
is the same as those from the first step. A refinement of tempera-
ture and water vapor profiles is necessary when rain or ice water
is present, and when the measurements at 183 GHz become
available for water vapor retrievals. Even without using the ad-
ditional observations in the third step, the presence of rain, ice,
or both modifies the sensitivity and the simulations, resulting in
the modification of temperature and water vapor profiles.

There are numerous factors affecting the retrieval accuracy in
atmospheric sounding [18]. For example, the different channels
of satellite measurements are generally correlated, reducing
the number of independent measurements on atmospheric
structures. With fewer independent measurements, the detailed
profiling of atmospheric structures becomes difficult. The mag-
nitude of instrument noises also limits the retrieval accuracy.
Furthermore, the systematic instrumental biases remaining
after applying the empirical scan asymmetry correction may
result in retrieval biases. A first guess that deviates less from
the true profile can speed up the convergence and improve the
retrieval accuracy.
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