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Abstract In this paper, we propose an ensemble optimization algorithm to retrieve the hydrometeor
profiles for the upcoming Ice Cloud Imager submillimeter-wave radiometer. The algorithm combines the
database approach with local optimization under a framework of Bayesian Monte Carlo methodology.
It first builds a retrieval database with atmospheric parameters obtained from prior information, and then
it conducts ensemble optimization to minimize the cost function when too few database cases match
the observations. The ensemble approach does not use the gradient information. Instead, it learns
what the optimum’s posterior distribution looks like, and then tries to estimate this distribution directly.
The algorithm represents the unknown continuous posterior distribution with an ensemble of discrete
cases, and it iteratively decreases the estimate uncertainties by generating a new ensemble from the
learned distribution. Once the termination criterion is met, retrieval results and uncertainties are derived
by integration over the final ensemble. We conduct retrieval experiments using simulated noisy brightness
temperatures. Retrieved profiles are compared to the true values, and the results are statistically analyzed.
The ensemble optimization algorithm is demonstrated to be an effective objective value minimization
technique that avoids the complexity of gradient radiative transfer calculations. The algorithm also shows
a satisfactory water content profile retrieval performance for frozen hydrometeors.

1. Introduction

Remote sensing of cirrus ice clouds has received increasing attention in recent years, as ice clouds play a key
role in the Earth’s energy budget. Ice clouds can significantly affect the Earth’s radiative balance by reflecting
the incoming shortwave solar energy and trapping the outgoing longwave infrared radiation. Global mea-
surements of the physical characteristics of ice clouds are essential to reduce the uncertainties of general
circulation models (GCMs) (Mitchell et al., 2008; Waliser et al., 2009).

Millimeter-/submillimeter-wave radiometry is a developing and promising technique for monitoring and
characterizing the properties of ice clouds due to its high sensitivity to ice cloud parameters (Evans &
Stephens, 1995; Evans et al., 1998). In the millimeter/submillimeter spectral range, ice cloud particles
scatter the upwelling flux of the radiation, which is mostly emitted from the thermal surface and water
vapor in the lower atmosphere. Compared to the existing visible and infrared techniques, the millimeter-/
submillimeter-wave radiometer provides many advantages and is helpful for addressing the cirrus cloud
observation gap (Evans et al., 1999).

A fundamental ice cloud parameter is mass, which is usually described by the ice water content (IWC) and
the ice water path (IWP). The IWP is the vertical integral of ice water content. In general, the ice cloud
mass retrieval problem is ill conditioned, because the information content of the observational data (i.e., the
received brightness temperatures in each channel) is much lower than that of the solution. Several statisti-
cal retrieval algorithms have been developed to retrieve the IWP from millimeter/submillimeter observations.
These algorithms notably include the Bayesian Monte Carlo Integration (Bayesian MCI) method and the neural
network (NN). Evans et al. (2002) first proposed the Bayesian MCI and tested its performance using simu-
lated brightness temperatures, followed by Evans et al. (2005), who applied this algorithm to retrieve the IWP
and particle size from the observations in the CRYSTAL FACE campaign. The precalculated retrieval database
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Table 1
Channel Characteristics of Ice Cloud Imager Submillimeter-Wave Radiometer

Channel (GHz) Noise (K) Polar Feature

183.31 ± 7.0 0.7 V water vapor

183.31 ± 3.4 0.7 V water vapor

183.31 ± 2.0 0.7 V water vapor

243.20 ± 2.5 0.6 V+H window

325.15 ± 9.5 1.1 V water vapor

325.15 ± 3.5 1.2 V water vapor

325.15 ± 1.5 1.4 V water vapor

448.00 ± 7.2 1.3 V water vapor

448.00 ± 3.0 1.5 V water vapor

448.00 ± 1.4 1.9 V water vapor

664.00 ± 4.2 1.5 V+H window

was developed by using randomly generated profiles and microphysics,
with the statistics taken from radiosondes and aircraft campaigns. Jiménez
et al. (2007) proposed using the NN to retrieve the ice cloud parameters,
and they tested the retrieval accuracy of the IWP, ice particle size, and cloud
height. Brath et al. (2017) applied the NN method to retrieve the snow IWP,
liquid water path, and integrated water vapor (IWV) from the observations
in the airborne radiometers (ISMAR and MARSS). The atmospheric profiles
in the training database were taken from the Icosahedral Nonhydrostatic
(ICON) numerical weather prediction model. Both Bayesian MCI and NN
algorithms show a satisfactory IWP retrieval performance, and they can
effectively meet the scientific requirements.

Compared to the IWP retrieval, the IWC vertical distribution retrieval prob-
lem is much more difficult, because its retrieval accuracy is more easily
affected by the sparsity of the retrieval database. Wang et al. (2017) applied
the NN to retrieve the hydrometeor profiles of ice, snow, rain, graupel, cloud
water, and frozen water content. They showed that while the vertical struc-
tures of the cloud were reproduced, large errors were introduced. This is due

to the sparse distribution of the training database in the observation space. Evans et al. (2012) combined the
Bayesian MCI and the Optimal Estimation Method (OEM) to retrieve ice cloud profiles. OEM was implemented
to minimize the cost function when too few database cases matched the observations. OEM proceeds with
the guidance of the Jacobian matrix, which is complex to calculate in the radiative transfer model. Evans
et al. (2012) also proposed a Markov Chain Monte Carlo (MCMC) approach to minimize the cost function,
but because it necessitates a large number of iterations, it is impractical for use on the whole observational
data set.

The objective of this paper is to develop a new hydrometeor profile retrieval algorithm for the upcoming Ice
Cloud Imager (ICI) submillimeter-wave radiometer. The new algorithm combines the database approach with
local optimization under a Bayesian MCI framework. It avoids the complexity of the gradient radiative transfer
calculation and automatically provides the retrieval uncertainties. This paper is structured as follows: section 2
briefly introduces the ICI submillimeter-wave radiometer; section 3 provides an overview of the ensemble
optimization retrieval algorithm; sections 4 and 5 describe the algorithm in detail; section 6 discusses the
retrieval simulation experiments and analyzes the results; and finally, section 7 presents the summary and
conclusions.

2. Ice Cloud Imager

The ICI is a conical scanning millimeter-/submillimeter-wave radiometer that is being developed for the
Meteorological Operation Second Generation (MetOp-SG) mission (Kangas et al., 2014). It will provide con-
tinuity and enhancement of operational meteorological observations from 2020 to 2040. The ICI, placed
on-board satellite B, will be the first meteorological instrument using the submillimeter-wave frequency range
for Earth observations from space. The main objective of the ICI is to measure ice cloud properties. In addition,
it will provide water vapor measurement capabilities. The ICI has 13 double-sideband channels (including
dual polarization channels), covering the frequency range from 183 GHz to 664 GHz. Most frequency chan-
nels are centered on water vapor absorption lines. All frequency channels receive linear vertical polarization,
while the two window channels receive horizontal polarization as well. The ICI will provide 15 km on-ground
footprints at all frequencies, with an incident angle of 53∘. The channel characteristics are given in Table 1.
Figure 1 shows the clear-sky temperature Jacobians for a tropical atmosphere to visualize the measurement
altitude of the different channels. Similar discussions about the instrument fundamentals, although they do
not explicitly relate to the ICI, can be found in Buehler et al. (2007, 2012).

3. Overview of the Ensemble Optimization Algorithm

The ensemble optimization algorithm is primarily designed to retrieve the frozen hydrometeor profiles for
the ICI instrument, but it can also retrieve the profiles of other atmospheric parameters that influence the
brightness temperatures in the ICI frequency range, such as liquid hydrometeors and water vapor. We retrieve

LIU ET AL. 4595



Journal of Geophysical Research: Atmospheres 10.1002/2017JD027892

0 0.1 0.2

Jacobian

200

300

400

500

600

700
800
900

1000

pr
es

su
re

 [
hp

a]
243.20 2.5GHz
664.00 4.2GHz

0 0.05 0.1

Jacobian

200

300

400

500

600

700
800
900

1000

pr
es

su
re

 [
hp

a]

183.31 2.0GHz
183.31 3.4GHz
183.31 7.0GHz

0 0.1 0.2

Jacobian

200

300

400

500

600

700
800
900

1000

pr
es

su
re

 [
hp

a]

325.15 1.5GHz
325.15 3.5GHz
325.15 9.5GHz

0 0.2 0.4

Jacobian

200

300

400

500

600

700
800
900

1000

pr
es

su
re

 [
hp

a]

448.00 1.4GHz
448.00 3.0GHz
448.00 7.2GHz

Figure 1. Ice Cloud Imager temperature Jacobians for a tropical atmosphere.

the water content profile for each hydrometeor, because we use the one-moment scheme to describe the
particles’ size distribution. For the water vapor, we retrieve the profile of volume mixing ratio (VMR). Polariza-
tion information is not used in this study, because we assume that all the scattering particles are randomly
oriented, and the horizon channels cannot provide further information.

The flowchart of the ensemble optimization algorithm is shown in Figure 2. Since the algorithm is described in
more detail in sections 4 and 5, here we present only a quick overview. The algorithm combines the database
approach and the local optimization under the framework of Bayesian MCI methodology. Bayes theorem
treats the unknown parameters as random variables described by a probability density function (pdf), and
it incorporates the prior information into the observations to derive the posterior pdf. Bayes theorem can be
mathematically stated as follows (Evans et al., 2002):

ppost(x|yobs) =
pcond(yobs|x)pprior(x)

∫ pcond(yobs|x)pprior(x)dx
(1)

where x is the retrieval state vector, yobs is the observation vector, pprior(x) is the prior pdf, pcond(yobs|x) is the
conditional pdf, and ppost(x|yobs) is the posterior pdf. The prior pdf represents what we believe the atmospheric
state distributions to be before the measurements are made. The conditional pdf provides the physical corre-
lations between the observations and the atmospheric parameters and can easily be related to the radiative
transfer model. We assume that random noise in each channel is independent and that the conditional pdf
can be represented by a multivariate normally distributed likelihood function:

pcond(yobs|x) = M∏
j=1

1√
2𝜋𝜎2

j

exp

[
−
(

yobs,j − ysim,j

)2

2𝜎2
j

]
(2)

where M is the number of channels, yobs,j and ysim,j are the observed and simulated brightness temperatures
in the jth channel, and 𝜎2

j is the variance of measurement noise in the jth channel. A parameter 𝜒2 is defined
to measure the distance between the observed and simulated brightness temperature vectors:

𝜒2 =
M∑

j=1

(yobs,j − ysim,j)2

𝜎2
j

(3)

and the conditional pdf can be simplified as

pcond(yobs|x) ∝ exp
(
−1

2
𝜒2

)
(4)

As shown in Figure 2, the ensemble optimization algorithm first builds up a retrieval database, which consists
of the random atmospheric cases and the corresponding brightness temperatures. As will be discussed in
section 4.1, the atmospheric cases are generated according to the prior pdf. In this way, the prior information
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Figure 2. Flowchart of the ensemble optimization retrieval algorithm. GEM = Global Environmental Multiscale;
MCI = Monte Carlo Integration; EOF = Empirical Orthogonal Function.

is introduced and the posterior pdf is the same as the conditional pdf. If the desired number of database cases
matching the observations within a specified 𝜒2 threshold is obtained (25 cases in our study), the retrieval
results can be calculated directly by Bayesian MCI over the posterior pdf to find the mean state:

xret =

∑
i xi exp

(
− 1

2
𝜒2

i

)
∑

i exp
(
− 1

2
𝜒2

i

) (5)

And the retrieval uncertainties are obtained by calculating the standard deviation around the mean state:

𝜎xret
=

√√√√√√
∑

i(xi − xret)2 exp
(
− 1

2
𝜒2

i

)
∑

i exp
(
− 1

2
𝜒2

i

) (6)

We set the 𝜒2 threshold to:

𝜒2
threshold = M + 4

√
M (7)

This choice is guided by the fact that the expected value of 𝜒2 is M and the variance of 𝜒2 is 2M (Evans et al.,
2005). If the desired number of database cases is not obtained, the Bayesian MCI fails, and the optimization
process begins.
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Table 2
Variables in the GEM Simulation Outputs Needed for the Radiative Transfer
Model

Group Variable Dimension

Atmosphere Temperature, 3-D (57 levels)

pressure, altitude,

relative humidity

Cloud Water content (species) 3-D (57 levels)

Surface Surface temperature, 2-D

wind speed

Others Latitude, longitude 2-D

Note. GEM = Global Environmental Multiscale.

Since the retrieval parameter values cannot be uniquely determined by the
observations alone, the optimization process itself should also carry some
prior information to derive the most likely retrieval results. Mathematically,
it is equivalent to minimize the following least squares cost function:

J = (yobs − ysim)T S−1
y (yobs − ysim) + (x − xreg)T S−1

x (x − xreg) (8)

where Sy is the covariance matrix of the observation noise, xreg is the prior
estimate vector, and Sx is the covariance matrix of the prior estimate uncer-
tainties. This definition implies that a Gaussian prior pdf is introduced in the
optimization process. A local Gaussian assumption is usually more accurate
than assuming a global Gaussian prior pdf. It is worth noting that this partic-
ular Gaussian functional form is not required in the Bayesian MCI database
approach.

We use the ensemble optimization algorithm to minimize the cost function
J. The algorithm does not use the gradient information to move forward step

by step. Instead, it learns what the posterior pdf should look like, and then tries to estimate that pdf directly.
The algorithm represents the unknown continuous posterior pdf by an ensemble of discrete cases, and it
iteratively decreases the estimate uncertainties by generating a new ensemble from the learned distribution.
The ensemble evolves and gradually becomes concentrated in the most likely area, compensating for the
sparse database distribution. Once the criterion is met, the retrieval results and their associated uncertainties
can be derived by integration over the final ensemble.

4. Retrieval Database

The ensemble optimization algorithm first creates a retrieval database. This process consists of two steps.
In the first step, the realistic atmospheric states and microphysical cloud properties, such as the profiles
of hydrometeors, temperature, and water vapor, are randomly generated according to the prior pdf. In
the second step, the radiative transfer model simulates the ICI channels’ brightness temperatures for each
atmospheric case.

4.1. Atmospheric Profiles
We take the atmospheric profiles and microphysical cloud parameters from numerical simulations conducted
by the Global Environmental Multiscale (GEM) model. The GEM model is an integrated forecasting and data
assimilation system developed by Environment and Climate Change Canada to meet the needs of operational
weather forecasting, as well as those of air quality and cloud modeling (Côté et al., 1998). It can be configured
to simulate atmospheric phenomena over a broad range of temporal and spatial scales.

The GEM model typically runs with horizontal grid spacing of 10 km, 2.5 km, 1 km, and 0.25 km. In this study,
the atmospheric parameters are obtained from a high-resolution (0.25 km) GEM model running on a swath
along the A-train satellite orbit on 7 December 2014. The orbit begins at Greenland, crosses the eastern part
of Canada, and ends over the Caribbean Sea. It covers the region between 17.84∘N and 72.29∘N, and 68.96∘W
and 48.21∘W. The swath is 150 km in width and 6,200 km in length. The core variables in the GEM outputs,
which feed the radiative transfer model, are summarized in Table 2.

We divide the simulated swath into two equal swaths with a transect along the satellite orbit. The data set in
one swath is the resource data set, from which we obtain the prior information to build the retrieval database.
The data set in the other swath is the test data set, which is used to test the retrieval performance. We divide
the swath in this way to improve independence between the database atmospheric cases and the cases used
in the synthetic retrieval.

We build up the retrieval database by randomly withdrawing 10,000 cloudy cases and a proportional 5,435
clear-sky cases from the total 7,440,000 atmospheric cases in the resource data set. These selected cases rep-
resent our prior knowledge about the atmospheric parameter distributions. Figure 3 shows the statistical
water path comparisons between the cloudy cases in the retrieval database and those in the resource data
set. The comparisons are for IWP, snow water path (SWP), liquid cloud water path (CWP), and rain water path
(RWP), respectively. The database curves follow the resource curves very well (Figure 3), which indicates that
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Figure 3. Statistical water path comparisons between cloudy cases in the retrieval database and those in the resource
data set. IWP = ice water path; SWP = snow water path; CWP = liquid cloud water path; RWP = rain water path.

the retrieval database covers the full range of the atmosphere/cloud situation with reasonable weights. The
water path statistics of the retrieval database are summarized in Table 3.

4.2. Radiative Transfer Model
We use the Atmospheric Radiative Transfer Simulator (ARTS; Buehler et al., 2005; Eriksson et al., 2011) to sim-
ulate the brightness temperatures for each atmospheric case. ARTS provides a workspace environment with
script languages and can be flexibly applied to many different applications.

4.2.1. ARTS Configuration
ARTS handles cloud scattering in a rigorous manner. Two scattering solvers, Discrete Ordinate Iterative
and Monte Carlo (MC), are implemented to solve the radiative transfer equation. However, because the
optimization algorithm necessitates the simulation of a large number of atmospheric cases, we apply a com-
putationally more efficient solver, the DIScrete Ordinates Radiative Transfer (DISORT) program (Stamnes et al.,
2000), to address the cloud scattering issue.

ARTS runs 1-D radiative transfer calculation in our forward model. Gas molecules include oxygen, nitrogen,
ozone, and water vapor. Their absorption coefficients are calculated as a sum of spectral lines, together
with additional absorption continua terms. Spectral line data are obtained from the HITRAN database
(Rothman et al., 2013), and we apply the MT-CKD model (Mlawer et al., 2012) to deal with the continuum
terms. We derive the surface emissivity from the FAST microwave Emissivity Model (FASTEM) (Liu et al., 2011)
by using the surface wind speed and surface temperature obtained from the GEM simulation outputs.

Table 3
Statistics of Randomly Sampled Atmosphere/Clouds Cases in the
Precalculated Retrieval Database

Parameter Mean Median Minimum Maximum

IWP (g/m2) 4.14 0.21 0 346.9

SWP (g/m2) 64.38 0.38 0 4,437.5

CWP (g/m2) 120.39 0 0 4,284.1

RWP (g/m2) 22.62 0 0 8,004.8

Scattering particles, including ice, snow, liquid cloud droplets, and rain, are
described by the single scattering properties and the particle size distribu-
tions. In this study, we assume that cloud ice particles, liquid cloud droplets,
and rain drops are spherical, and their single scattering properties are cal-
culated by Mie theory. However, Mie theory is shown to have important
limitations in simulating the scattering properties of snow particles (Geer
& Baordo, 2014; Galligani et al., 2015), so we use the aggregates from the
Hong-DDA (discreet dipole approximation) scattering database (Hong et al.,
2009). Eriksson et al. (2015) showed that the Hong-DDA aggregates have
a good representation of average snow scattering properties. We use a
one-moment scheme to describe the size distribution of the hydrometeor
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Table 4
Parameter Values in the Modified Gamma Distribution

Hydrometeor 𝜇 𝛾 𝜆

Ice cloud 2 1 2.05 × 105

Liquid cloud 2 1 2.13 × 105

particles. For ice and liquid cloud particles, we calculate the size distribu-
tions according to the modified gamma distribution:

N(D) = N0D𝜇 exp(−ΛD𝛾 ) (9)

where D is the diameter of the spheres, and N0 is the scale parameter. The
coefficients 𝜇, 𝛾 , and Λ are provided in Table 4. For the rain particles, we cal-
culate the size distribution following the Marshall-Palmer parameterizations

(Marshall, 1948). For the snow particles, the calculation follows the Field parameterizations for midlatitudes
(Field et al., 2007). The mass-dimension relationship in our study is

m(D) = 𝛼

(
D

D0

)𝛽

(10)

where D is the maximum diameter, D0 is the unit maximum diameter, 𝛼 and 𝛽 are shape parameters, which
are calculated from the shape dimensions. We set 𝛼 = 65.4 and 𝛽 = 3.
4.2.2. ARTS Simulations
We conduct ARTS simulations to obtain the brightness temperatures that are used for testing the retrieval
algorithm’s performance. Atmospheric parameters are taken from a transect in the middle of the test swath.
We use the data starting from 36.5∘N in latitude until about 1,300 atmospheric cases are reached. Figures 4a
and 4b show the vertical water content distributions for the frozen hydrometeors (including ice and snow) and
the liquid hydrometeors (including liquid cloud and rain), while Figures 4c to 4f show the simulated brightness
temperatures in the different ICI channels, which are the window channels, 183 GHz channels, 325 GHz chan-
nels, and 448 GHz channels, respectively. In general, the correspondence between the brightness temperature
depressions and the water content of the frozen particles is clear. It can also be seen that the depressions
have a weak dependence on the liquid hydrometeors, which the ICI channels are not directly sensitive to. The
ICI channels are spread over a wide frequency range. Channels with different center frequencies have differ-
ent sensitivities in order to sample different cloud particles’ scattering properties. For the channels centered
on the water vapor absorption line (as shown in Figures 4d to 4f ), the large-frequency offset relates to high
brightness temperatures in the clear-sky region and the large depressions in the cloudy region. This is because
the channel with large offsets is associated with lower atmospheric opacity. These graphs are helpful to
visualize the brightness temperatures that are used in the following retrieval experiments.

5. Ensemble Optimization Algorithm

We use an ensemble optimization algorithm to maximize the posterior pdf by minimizing the least squares
cost function J in (8). As Figure 2 shows, the optimization algorithm includes two parts. First, the estimation
procedure uses the previous ensemble to numerically estimate the optimal posterior pdf; second, the sam-
pling procedure samples this learned pdf to generate a new ensemble. These two steps are repeated until the
predefined termination criterion is met.

5.1. Estimating Probability Distribution
For each iteration, we numerically estimate the unknown continuous posterior pdf using the discrete cases
in the last ensemble. The cases’ posterior values are obtained according to their objective values as calcu-
lated by the cost function J in (8). The J definition is also based on Bayes theorem, by assuming that both the
conditional pdf and the prior pdf are multivariate Gaussian distributions. The first term in J represents the con-
ditional information, which measures how well the simulations can reproduce the observations within the
measurement uncertainties. The second term represents the prior information, which is used for the regular-
ization that constrains the shape of the newly generated profiles to follow that of xreg. The regularization term
helps to improve the conditioning of the retrieval results.

For the regularization term, we use the estimates obtained directly from the precalculated retrieval database
by the uncertainty-expanded Bayesian MCI method (Evans et al., 2005). When too few database cases match
the observations, we expand the 𝜒2 range by increasing all of the 𝜎2

j in steps of a factor of 2 until reaching a
minimum number of database cases (25 cases in our study). In this way, the database cases have meaningful
and reasonable posterior values, and the database estimates, as well as the covariance matrix of the estimate
uncertainties, can be calculated by integrating over the expanded posterior pdf.
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Figure 4. The Global Environmental Multiscale simulation results showing the water content profiles of (a) frozen hydrometeors (including ice and snow) and
(b) liquid hydrometeors (including liquid cloud and rain) along a latitudinal transect. The simultaneous radiative transfer results showing the simulated brightness
temperatures for the Ice Cloud Imager instrument on the (c) windows channels, (d) 183-GHz channels, (e) 325-GHz channels, and (f ) 448-GHz channels.
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Subsequently, we define the prior pdf for the optimization process as

pprior ∝ exp
(
− 1

2𝜆
(x − xreg)T S−1

x (x − xreg)
)

(11)

where xreg and Sx are the database estimates and the associated covariance matrix of the estimate uncertain-
ties calculated in the last step, and 𝜆 is a parameter characterizing the strength of the regularization. We add
this new parameter 𝜆 based on two facts. First, without 𝜆, the regularization is strong, and the newly gener-
ated ensemble would always be constrained to a small range around the xreg. Second, as will be discussed
in section 5.2, the new ensemble is generated from the accumulated knowledge that includes the real prior
pdf in the retrieval database and the new information explored by the previous ensemble. The effect of the
parameter 𝜆 is to constrain the shape of the newly generated profiles and, at the same time, retain as much
of the accumulated knowledge as possible. Based on these considerations, we set 𝜆 to be 60 in this study.

For the conditional term, we use the same uncertainty-expanded strategy to address the situation of too few
cases in one ensemble matching the observations within the 𝜒2 threshold in (7). The conditional pdf can be
stated as

pcond ∝ exp

(
− 1

2𝜎2
s

(yobs − ysim

)T

S−1
y (yobs − ysim)) (12)

We determine 𝜎2
s by increasing its value in steps of a factor of 2 until reaching the desired number of cases in a

single ensemble with a 𝜒2 less than the new threshold 𝜎2
s 𝜒

2
threshold (also 25 cases in this study). The parameter

𝜎2
s implies that a source of estimate error must be introduced, due to the sparse distribution of ensemble cases

in the observation space.

Using Bayes theorem, the posterior pdf estimated from this ensemble can be stated as follows:

ppost ∝ exp

(
−1

2

(
1
𝜎2

s

(yobs − ysim)T S−1
y (yobs − ysim) +

1
𝜆
(x − xreg)T S−1

x (x − xreg)
))

(13)

We would note that the regularization term is not required when we evaluate the database ensemble, because
the database cases are generated according to the prior distributions. These posterior values are used in the
following sampling procedure.

5.2. Sampling Probability Distribution
The sampling procedure generates a new ensemble by sampling the learned posterior pdf in the estima-
tion procedure. The unknown continuous pdf is only shown by an ensemble of discrete weighted cases.
Assumptions must be made to approximate the missing information.

For the first step, we select the cases in the previous ensemble again according to their posterior values. The
cases with large weights are selected several times, while the cases with small weights tend to vanish since
they are unlikely to be selected. The selected times are approximately equal to

ti ≈ ppost,i × N (14)

where ti is the selected time for ith case ci , ppost,i is the posterior value for ci , and N is the number of cases in
the new ensemble (100 cases in this study). In this way, the posterior values in the last ensemble are inherited
by the selected times in the new ensemble. We record all the selected cases and their selected times.

For the second step, we generate a new ensemble by randomly sampling the following sets of Gaussian
distributions:

fk(x) =
ntype∑
i=1

1√
2𝜋𝜎2

k

exp

(
−
(x − xi,k)2

2𝜎2
k

)
× ti (15)

where fk(x) is the distribution function for the kth dimension of the state vector, ntype is the number of the
selected state vectors, xi,k is the parameter value in the kth dimension of the ith selected case ci , ti is the
selected time for ith case, and 𝜎2

k is the Gaussian variance in the kth dimension, which can be adjusted to
control the space range we wish to explore. This function implies that we approximate the unknown posterior
pdf with a set of Gaussian distributions. We use the Gaussian assumption because it is robust, and we lack
other information on the true distribution that we can have confidence in.
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Figure 5. Profile retrieval results for the frozen hydrometeors, including (a) ice and (b) snow. For each species, the
original profiles (top panels), retrieved profiles (middle panels), and retrieved uncertainties (bottom panels) are shown
along a latitudinal transect.

However, conducting the sampling procedure directly in parameter space will cause some information to be
lost, because the variables in the parameter state vector are highly correlated, and the function in (15) cannot
describe this relationship. As a result, we apply empirical orthogonal function (EOF) on the selected cases to
eliminate the high interdependencies, and we conduct the sampling procedure in eigenspace.

First, we transform the selected cases from parameter space to eigenspace. After normalizing these atmo-
spheric cases, we calculate the covariance matrix to obtain eigenvalues and eigenvectors. The eigenvectors
are mutually orthogonal and form the new coordinate axes in the eigenspace. The associated eigenvalues
describe the dispersion of the points projected in these axes and quantify their significance. We carry out the
transformation by

DataInEigenSpace = EigenVectorsT × DataAdjustInParameterSpace (16)

Second, we conduct the sampling procedure in eigenspace. The converted vectors in eigenspace have lin-
early uncorrelated variables, so the distribution function in (15) can be used. In each dimension, for the point
related to case ci , ti new points are generated by randomly sampling a normal distribution. The mean value
and the variance of that distribution denote the projected value of ci and the specified uncertainty, respec-
tively. In our study, we determine the uncertainty by calculating the variance of all the projected points in this
eigendimension.

Third, we transfer the vectors generated in eigenspace back to the parameter space. This can easily be
accomplished by inverting the formal transform in (16)

SamplesAdjustInParameterSpace = EigenVectors × SamplesInEigenSpace (17)

and conducting a renormalization. This new ensemble represents our best estimate of the optimum distri-
bution by incorporating all the obtained information. The new ensemble is then used to further explore the
unknown space.

5.3. Termination Criterion
Once the newly generated ensemble has been obtained, the radiative transfer model has computed the
brightness temperatures, and the cost function has evaluated the objective values, the optimization algo-
rithm cycle repeats. Each iteration first numerically estimates the posterior pdf using the last ensemble,
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Figure 6. Profile retrieval results for the liquid hydrometeors, including (a) liquid cloud, (b) rain, and (c) water vapor.
For each species, original profiles (top panels), retrieved profiles (middle panels), and retrieved uncertainties
(bottom panels) are shown along a latitudinal transect.

and subsequently samples this pdf to generate new ensemble. It is worth noting that only cases in the same
generation can be used to approximate the optimal distribution, because the cases’ weights in the different
generations are not equivalent. The estimation procedure assigns new weights to the weight-equivalent cases
in the last ensemble, and the sampling procedure samples the learned distributions and makes the weights
in the new ensemble equivalent again. As the iteration proceeds, more information and evidence become
available, and more accurate estimates can be obtained. As a result, the factor𝜎2

s gradually decreases. The iter-
ation stops when we obtain the desired number of cases matching the observations within the 𝜒2 threshold
in a single ensemble (25 cases in this study), or the number of iterations is over a specified threshold (seven
in this study). Finally, we derive the retrieval results and the retrieval uncertainties by Bayesian MCI over the
posterior values in the final ensemble, as shown in (5) and (6).

LIU ET AL. 4604



Journal of Geophysical Research: Atmospheres 10.1002/2017JD027892

Figure 7. Comparisons of retrieved and original vertically integrated contents for hydrometeor species and water vapor.
The left-hand panels show the comparisons along the latitudinal transect, and the right-hand panels show the
corresponding scatter plots and correlation coefficients. WP = water path.

6. Retrieval Simulation Experiments and Results

We conduct retrieval experiments using simulated brightness temperatures to determine the accuracy of the
retrieved parameters. The atmospheric profiles and simulated observations are obtained from the latitudi-
nal transect shown in Figure 4. Gaussian noise, with the standard deviation representing the measurement
noise as listed in Table 1, is added. We input these simulated noisy brightness temperatures to the ensemble
optimization algorithm and we compare the retrieval results with the true values.

Figure 5 shows the retrieval performance for the water content profiles for the frozen particles (ice and snow).
True water content profiles, retrieved water content profiles, and retrieval uncertainties are presented for each
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Figure 8. Comparisons between the absolute retrieval errors and the retrieval uncertainties of the vertically integrated
content for each species. The left-hand panels show the direct comparison along the latitudinal transect, and the
right-hand panels show the normalized errors along the latitudinal transect. IWV = integrated water vapor.

hydrometeor species. We observe that the vertical distribution of the frozen clouds is well captured: the struc-
tures are nearly identical, and the value differences are small. The retrieval results for snow tend to be more
accurate than those for ice, likely because snow hydrometeors have large particle sizes and high column water
paths, making them dominant in the scattering process. The relatively small retrieval uncertainties, as shown
in the bottom panels, indicate that the water content profiles of these two species have a similar shape in the
final ensemble. This suggests that the brightness temperatures are sensitive to changes in frozen particles.
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Figure 9. The change in 𝜒2 after optimization and the corresponding number of iterations for each retrieval.

Figure 6 shows the retrieval results for the liquid hydrometeors (liquid cloud and rain) and water vapor.
Again, the true profiles, the retrieved profiles, and the retrieval uncertainties are shown for each species.
For the liquid phase, the algorithm does not perform well: although the basic structures are captured, large
retrieval errors are also observed. This is expected because the strong water vapor absorption blocks the sub-
millimeter frequency channels sensing the lower atmosphere. The rain hydrometeor retrieval performs better,
likely because the rain particles are large and thus have more influence on the low-frequency channels, such
as the 183 GHz and 325 GHz channels. Compared to the frozen hydrometeors, the liquid hydrometeors have
generally large retrieval uncertainties. This also shows that the lower atmosphere is opaque, and changes in
the liquid phase have a small influence on the ICI observations. Figure 6 also shows the VMR profiles for water
vapor. The true water vapor values do not vary significantly in this geographic region, but the retrieved profiles
are not always in good agreement with the true values.

Figure 7 shows the comparison between the true values and the retrieved values of the vertically integrated
content for each hydrometeor as well as water vapor. The graphs in the left-hand panels show the compari-
son along the latitudinal transect. The retrieved values are shown together with the uncertainty bar. The two
curves in the IWP and SWP panels are in good agreement, while noticeable difference can be seen in the CWP
and RWP panels. For the frozen hydrometeors (ice and snow), the main retrieval errors are concentrated in
the deep-frozen region around 37.5∘ latitude. The retrieved IWP values tend to be greater and the retrieved
SWP tend to be smaller. This occurs because the large SWP conditions in this geographic region are rare,
and almost no matching atmospheric cases can be found in the precalculated retrieval database. Table 3
shows that the maximum SWP value in the retrieval database is around 4.4 kg/m2, which is much lower than
the real SWP values in this region. Since ice and snow particles have similar scattering properties, the loss of
the SWP is compensated for by the increased IWP. These errors indicate that the algorithm lacks the extrapo-
lation ability, which is a well-known problem of the Bayesian MCI method. The retrieved values of CWP, RWP,
and IWV are noisy and are always associated with substantial uncertainties. Again, this means that these pro-
files display diverse shapes in the final ensemble, and the ICI channels are only weakly sensitive to changes
in their shapes. The right-hand panels in Figure 7 show the scatter plots of the true values and retrieved
values for each species. To provide further information about the retrieval errors, the correlation coefficients
are also shown.

Figure 8 investigates the relationship between the absolute retrieval errors and the retrieval uncertainties of
the vertically integrated content for each species. The graphs in the left-hand panels show the direct compar-
ison along the latitudinal transect. It is seen that the frozen particles’ retrieval uncertainties tend to be larger
than the actual retrieval errors, and the liquid particles’ retrieval uncertainties tend to be smaller. The graphs
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Figure 10. Comparisons between the retrieval algorithm’s input data set and output database for the mean vector and standard deviation vector for each
hydrometeor species as well as water vapor.

in the right-hand panels show the absolute retrieval errors normalized by the retrieval uncertainties along the
latitudinal transect. The normalized error 𝛿error is defined as

𝛿error =
||xret − xtrue

||
𝜎xret

(18)

where the xret, xtrue, and 𝜎xret
are the retrieved value, true value, and retrieval uncertainty, respectively. The

actual error is meant to fall within the retrieval uncertainty when the 𝛿error is smaller than 1. These graphs show
that the retrieval uncertainties of the frozen particles cover the retrieval errors more frequent than those of
the liquid particles. For the atmospheric cases with 𝛿error larger than 1, we observe that the 𝛿error values are
mostly smaller than 10. This means that the retrieval uncertainties are mostly 1 order of magnitude smaller
than the actual retrieval errors.

Figure 9 shows the change in 𝜒2 after optimization and the corresponding number of iterations (NoI) for each
retrieval. In this study, the iteration stops when the algorithm meets the termination criterion, or when the NoI
is over 7. The top panel shows that the reduction in 𝜒2 after optimization is obvious. The atmospheric cases
before optimization cover a wide 𝜒2 range, and the 𝜒2 values after optimization are near the 𝜒2 threshold.
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Figure 11. Comparisons between the absolute retrieval errors and the retrieval uncertainties for the mean vector and standard deviation vector of the water
content and the volume mixing ratio.
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Figure 12. Correlation coefficient between the retrieved and true values at each level for each hydrometeor as well as water vapor.

In the geographic region around 37.5∘ latitude, the 𝜒2 values are still large, but they are much smaller than
the original values. The bottom panel shows the NoI for each retrieval. The total number of forward radiative
transfer calculations required in one optimization retrieval is equal to the product of the NoI with the number
of cases in one ensemble (100 cases in this study). It is seen that except for the region around 37.5∘ latitude,
many retrieval processes stop after four generations, but sometimes the retrieval requires more iterations.

To better quantify the accuracy of the retrieved parameters, we conduct statistical analyses of the retrieval
results. Figure 10 shows the comparison of the mean vector and standard deviation vector between the
retrieval algorithm’s input data set and output database for each hydrometeor species as well as water vapor.
The mean vector provides a rapid snapshot of the overall trend, and the standard deviation provides a mea-
surement of the associated dispersion. Ideally, if the algorithm did not introduce any retrieval errors, these two
vectors would be equivalent. In general, all curves for both data sets are in agreement. For ice, the retrieved
values around 280 hPa tend to be higher, and the dispersions are also higher than the real values. For snow,
except for some small differences around 600 hPa, the curves are in good agreement.

Figure 11 shows the comparison of the mean vector and standard deviation vector between the absolute
retrieval errors and the retrieval uncertainties of the water content and the VMR. It is seen that the maxi-
mum retrieval error of ice particles occurs around 280 hPa and that of snow particles occurs around 620 hPa.
In general, the mean vector of the absolute retrieval errors is seen to be two times larger than that of the
retrieval uncertainties. This implies that the retrieval uncertainties of water content and VMR cannot estimate
the actual retrieval errors very well.

Figure 12 shows the correlation coefficient between the retrieved and true hydrometeor values at each level
for each species. The correlation coefficient is a number between −1 and 1, with positive values implying a
positive association and negative values implying an inverse association; higher absolute values represent
a better correlation. It is seen that the ice cloud is double layered, and the retrieval results tend to be more
accurate at high altitude. For the snow particles, the retrieval results are highly correlated with the true values.
But for the cloud particles, there are barely any correlations between the retrieved water contents and the
true water contents.
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Figure 13. Correlation matrix of retrieval errors for each hydrometeor as well as water vapor. VMR = volume mixing ratio.
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Figure 14. The change of the root mean square of the normalized water content errors and the normalized vmr errors at different levels versus the number of
iterations. NoI = number of iterations.

Figure 13 shows the correlation matrix of retrieval errors for each species. The correlation matrix shows the
error correlations at the same level along the main diagonal, and the error correlations at different levels in
the other (off-diagonal) matrix positions. In general, the retrieval errors are poorly correlated at high altitude,
but they tend to be well correlated in the lower atmosphere, implying that the retrieval errors in the lower
atmosphere have similar patterns.

Finally, we investigate the change of normalized retrieval error 𝛿error versus the NoI. In each iteration, we derive
the estimate results and the estimate uncertainties by conducting the uncertainty-expanded Bayesian MCI
over the current ensemble, and then we calculate the normalized retrieval error defined in (18). Figure 14
shows the root-mean-square (rms) of the 𝛿error for the water content and the VMR at different levels. It is seen
that the rms values tend to get larger along with the iteration going on. One possible reason is that the atmo-
spheric cases which are easy to retrieve make no contribution to the rms values with large NoI. But these
graphs still imply that it becomes harder for the retrieval uncertainties to estimate the actual retrieval errors
with the iteration going on. Figure 15 shows the histograms of the 𝛿error for the vertically integrated content
for each species versus the NoI, and the similar change trend is observed.
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Figure 15. The change of the histograms of the normalized error of vertically integrated content versus the number of
iterations for each species. IWV = integrated water vapor; NoI = number of iterations.
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7. Summary

This paper proposes an ensemble optimization retrieval algorithm to retrieve hydrometeor profiles for the
upcoming ICI submillimeter-wave radiometer. It combines the database approach with local optimization
under a Bayesian MCI framework. The algorithm first builds a retrieval database consisting of an ensemble
of random atmospheric cases obtained from a prior pdf and their corresponding brightness temperatures.
The atmospheric parameters are taken from GEM simulations along an A-train swath. We set up a radiative
transfer model based on ARTS and use the DISORT program as the scattering solver. The scattering properties
of snow particles are calculated by DDA, and those of other particles by Mie theory. A one-moment scheme
is used to describe the particles’ size distributions. ARTS simulations are conducted to obtain the brightness
temperatures used for testing the retrieval algorithm’s performance.

We use an ensemble optimization algorithm to minimize the cost function when too few database cases
match the observations within the𝜒2 threshold. The algorithm does not use the gradient information. Instead,
it learns what the optimum posterior pdf should look like, and tries to estimate this pdf directly. The opti-
mization algorithm includes two procedures: the estimation procedure numerically estimates the posterior
pdf using the discrete cases in the last ensemble, and the sampling procedure samples this pdf to generate
a new ensemble. These two procedures are carried out in eigenspace, due to the high interdependencies
between variables in the parameter state vector. Iteration stops when the desired number of cases matching
the observations are generated in a single ensemble, or the number of iterations is over a specified threshold.
Finally, we use the Bayesian MCI to calculate the retrieval results with their uncertainties over the posterior
values of the final ensemble.

We perform retrieval experiments using the simulated brightness temperatures with added Gaussian noise
to determine the accuracy of the retrieval parameters. We compare the retrieved profiles with the true val-
ues for each hydrometeor as well as water vapor, and we also compare their vertically integrated contents.
The retrieval uncertainties and the absolute retrieval errors of the vertically integrated content are also com-
pared. The change in 𝜒2 values after optimization and the iteration times are presented. Furthermore, we
statistically analyze the retrieval results in four different ways: we compare the mean value vectors and the
standard deviation vectors between the algorithm’s input data set and output data set; we compare these
vectors between the retrieval uncertainties and the absolute retrieval errors of the water content and VMR; we
calculate the correlation coefficient between the retrieved and true values at each level; and we investigate
the relationship between retrieval errors at different levels. Finally, we investigate the change of normalized
retrieval errors versus the number of iterations. The rms of the water contents’ normalized errors and the his-
tograms of the vertically integrated contents’ normalized errors are presented versus the NoI. The results show
that the ensemble optimization algorithm performs well in retrieving the water content profiles of the frozen
hydrometeors from the ICI brightness temperatures and also has some ability to retrieve the profiles of liquid
hydrometeors and water vapor.

Overall, the ensemble optimization algorithm effectively minimizes the cost function and avoids the com-
plexity of gradient radiative transfer calculations. It also automatically provides the retrieval uncertainties.
However, it is worth noting the assumptions made in our retrieval database and radiative transfer model.
First, we obtain the prior hydrometeor profile information from the GEM cloud model alone. This numeri-
cal model contains many microphysical simplifications that result in less microphysical variability than exists
in nature. Second, we use a fixed coefficient in the size distribution function, which has a limited ability to
specify a realistic situation. It is also important to note that the regularization term used in our study is not
exactly coincident with the real prior pdf. Because of the way of obtaining prior information, we use the
database estimates to constrain the newly generated profiles. Better strategy will be taken by statistically
generalizing a relatively small number of cloud profiles that represent the prior information. Last but not
least, there are some strategies which could be employed to improve the retrieval accuracy and accelerate
the optimization process. For example, because the optimization starts by capturing the shape of all selected
atmospheric cases in the retrieval database, perhaps some classifications on these selected cases might
generate more reliable ensembles. Also, the best combination of the control variables remains to be investi-
gated. Future work should try to improve the ensemble optimization algorithm to better satisfy the scientific
requirements.
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