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This paper reports the results of a Bayesian-based algorithm for the retrieval of hydrometeors
from microwave satellite radiances. The retrieval technique proposed makes use of an indigenously
developed polarized radiative transfer (RT) model that drives a data driven optimization engine
(Bayesian) to perform retrievals of rain and other hydrometeors in a multi-layer, plane parallel
raining atmosphere. For the sake of completeness and for the purposes of comparison, retrievals
with Artiﬁcial Neural Networks (ANN) have also been done. Retrievals have been done ﬁrst with
a simpliﬁed two-layer atmosphere, where assumed values of hydrometeors are given to the forward
model and these are taken as ‘measured radiances’. The eﬃcacy of the two retrieval strategies is
then tested for this case in order to establish accuracy and speed. The highlight of the work is
however, the case study wherein a tropical storm in the Bay of Bengal is taken up, to critically
examine the performance of the retrieval algorithm for an extreme event wherein a 14-layer realistic,
raining atmosphere has been considered and retrievals are done against Tropical Rainfall Measuring
Mission (TRMM) measured radiances. The key novelties of the work are:
• inclusion of polarization from both hydrometeors and oceans in the RT model, and
• populating the database involving atmospheric proﬁles vs. simulated radiances by proﬁles of
similar rain events in the past.
In this work, the database was populated with TRMM retrieved proﬁles for tropical cyclones
that occurred earlier in the area of interest (Indian Ocean), rather than with the Goddard Cloud
Ensemble proﬁles. The use of (i) polarization in the forward model and (ii) creation of an a priori
database for the retrieval denote the signiﬁcant departure from the current state-of-the-art in the
area.

1. Introduction
In the atmosphere, quantitative assessment of rainfall is needed to improve the understanding of
global weather. Since 70% of the earth is covered
with water, land-based techniques of rainfall estimation (example: rain gauges) are not suﬃcient
for global rainfall estimation. Hence, one uses
satellite remote sensing for global estimation of
rainfall.

Based on sensor frequency, remote sensing is
divided into three main ﬁelds:
(i) visual remote sensing, which covers wavelengths from approximately 0.3 to 0.7 μm,
(ii) infrared remote sensing, which covers wavelengths from approximately 0.7 to 1000 μm,
and
(iii) microwave remote sensing, which covers wavelengths from approximately 1 mm to 30 cm.
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Since visual and infrared radiation cannot
penetrate the clouds, the presence of clouds aﬀects
these measurements. At any given time, approximately 40% of the earth is covered with clouds.
Microwave remote sensing is a valuable way of
measuring geophysical parameters because it can
partially penetrate the clouds, and microwave
radiometers are able to measure blackbody emissions day or night and are nearly independent of
weather conditions. Compared to radars, radiometers are cost-eﬀective and require less electrical power, which is important in space-borne
applications.
Microwave remote sensing problems are of the
general class of inverse problems, where the sensor
gives a measurement vector from which the parameter vector needs to be inferred. Several inversion techniques have been proposed and applied in
the last three decades for estimating precipitation
proﬁles. A detailed review of literature shows that
the Bayesian techniques and artiﬁcial neural network have proven potential and ﬂexibility (Evans
and Stephens 1995; Marzano et al 1999).
Physics-based techniques provide solutions to
two classes of problems, the forward problem and
the inverse problem. The forward problem consists
of the generation of a database, in which the simulated brightness temperatures that would be measured by a space-borne radiometer are associated
with various rain cloud structures. The output of
the forward model is the creation of database which
is signiﬁcant for retrievals. In the inverse problem,
the database is used to train the retrieval algorithm
that minimizes the diﬀerence between simulated
and measured brightness temperatures. The output of the retrieval algorithm is the vertical proﬁle
of precipitation and related parameters.
2. Methodology
The remote measurement of atmospheric rain and
related parameters by microwave radiometers is a
typical inverse problem and can be mathematically
stated as follows:
y = F (x),

(1)

where the vector y is the measurement vector, e.g.,
the discrete values of the brightness temperatures
at diﬀerent frequencies and polarization, whereas
x is the parameter vector to be measured, e.g.,
discrete values of rain, cloud liquid water, precipitating ice and cloud ice at diﬀerent altitude. Here,
one is interested in x but is only able to measure
y. The forward model F has to estimate the measurement vector y for a given parameter vector x.

There are methods to estimate x if y is known
but they all require the forward model F to be
known. A direct inversion of equation (1), to obtain
x directly given y is seldom possible, as the inverse
problem is typically ill-posed or underconstrained,
outside of the errors associated with measurements
and the forward model solution. Stated explicitly,
for a typical microwave remote sensing problem, x
typically represents the vertical structure of rain,
ice and clouds and may involve around 50–100 layer
averaged parameters, depending on the number
of vertical layers into which the atmosphere is
divided for computational purposes. The y values
represent the microwave radiances which may vary
from 5 to 10 depending on the number of channels used in the remote sensing instrument. Hence,
in principle there could be several combinations
of parameters constituting x that can give rise to
the same y making the retrieval process extremely
formidable.
The present work deals with remote measurements on satellites using passive microwave
techniques with a view to develop an in-house,
indigenous retrieval algorithm for use in the
proposed Indo–French climate research satellite
MEGHA-TROPIQUES due to be launched in
2009–2010 (see Srinivasan 2006). The microwave
radiances are measured with a microwave radiometer and a mathematical model known as
the Radiative Transfer Model is developed to
account for the radiance collected by the radiometer antenna. The theory of radiative transfer in
participating medium is essential to interpret the
measured radiances to infer the physical properties of media that produced them. The process of
inferring constituents and its distributions from
observations called ‘retrieval’ is mathematically
referred to as an inverse problem, and is typically
ill-posed, as already mentioned.
The inverse problem actually uses the forward
model as z = F (x) for the relation between the
simulated measurement vector z and the assumed
state vector x of constituent parameters to be
retrieved; F is the forward model, which encompasses our understanding of the physics behind the
measurement process. The retrieval involves the
solution of the formal inverse problem x = F −1 (z).
The objective function (R(x)) to be minimized is
given by,

R(x) =

No
Ns 


[yk,i − zk,i (x)]2 ,

(2)

k=1 i=1

where Ns is number of frequency bands, No is
the number of observations, y and z are the measured and simulated vectors, respectively. Multiple
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a medium and an electromagnetic wave passing
through it. These are:
•
•
•
•
•

Figure 1. Inverse methodology adopted in the present work.

channels are used to increase the information
content in the problem with a view to reduce the
ill-posedness. The tropical rainfall measurement
mission (TRMM) of NASA that is operational
from 1997 onwards has the following microwave
channels (10.65, 19.35, 37, 85.5 GHz dual polarization and 22.235 GHz channel vertical polarization) in its microwave imager known as the
TRMM microwave imager (TMI). The proposed
Indo–French climate research satellite MEGHATROPIQUES has similar channels except for the
10 GHz channel of the TMI imager that will be
replaced by the 157 GHz ice scattering channel.
Figure 1 gives a schematic of the inverse
methodology adopted in the present work. The
retrieval scheme that links the brightness temperature to physical parameters (precipitable water,
cloud liquid water, cloud ice, precipitating ice)
is regularly set up as an optimization problem
that utilizes forward model simulations. Numerical models are used to compute the microwave
radiation within a well deﬁned atmosphere. The
inversion of such calculations needs a retrieval
algorithm. In view of the above, it is clear that
the quality of the retrieval algorithm is directly
connected to:
• the quality of the forward model,
• the parameter estimation algorithm used for the
retrieval, and
• the prior knowledge we have about the parameters or the state vector.
2.1 The forward model
The retrieval process begins with the development of a polarized microwave model that can
compute the radiances leaving the top of the
atmosphere at various microwave frequencies for a
given atmospheric state. The ﬁrst step is to generate an atmosphere with realistic physical parameters. The second step is to convert all the
atmospheric parameters or hydrometeors (rain,
cloud liquid water, cloud ice, precipitating ice)
into radiative interaction parameters. The interaction parameters describe the interaction between

the extinction coeﬃcients,
single scattering albedo,
the phase matrix for the atmosphere,
the emissivity matrix, and
the bidirectional reﬂection matrix for the ocean.

The radiative transfer equation is then solved
using these interaction parameters in order to
determine the top of the atmosphere (TOA)
radiances.
The forward radiative transfer model is divided
into 3 modules (ﬁgure 2):
• generation of the physical and interaction parameters for the atmosphere,
• generation of the physical and interaction parameters for the ocean surface, and
• solution of the vector radiative transfer
equations.
The generation of the atmospheric and the ocean
surface parameters is very highly involved wherein
the theory of scattering is used in conjunction with
the assumption of distribution of the droplet sizes
for various hydrometeors. A full discussion on the
forward model is available in an earlier article by
the ﬁrst three authors (Deiveegan et al 2008).
2.1.1 Solution of vector radiative
transfer equations
A crucial step in the development of polarized microwave radiative transport model is the
solution of the vector radiative transfer equation.
In the present work, the polarized adding and
doubling method was used to solve the vector
radiative transfer equations. The radiative interaction parameters required are calculated from
the above-mentioned formulation. The interaction
parameters like extinction, scattering matrices,
phase matrix for atmosphere and reﬂection matrix
and emission matrix for surfaces are given as input.
A solution of vector radiative transfer equations
gives the brightness temperatures for the vertical
and horizontal polarizations at a given frequency.
Figure 3 shows a schematic of the third step
involved in the solution of vector radiative transfer
equations.
The radiative transfer model gives the simulated
brightness temperatures (or radiance) for each
viewing angle and frequency, for a downward
looking space borne radiometer. The radiative
interaction parameters for the medium (extinction, scattering albedo and phase matrix) and the
surface (bidirectional reﬂection matrix, emission
matrix) are given as inputs for the radiative transfer calculations. A detailed ﬂow diagram indicating
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Figure 2.

Figure 3.

Three important modules of a polarized microwave radiative transfer model.

Schematic illustrating calculation of top of the atmosphere radiances using the adding and doubling method.

the various steps employed in the forward model is
shown in ﬁgure 3. Following, Evans and Stephens
(1991), the monochromatic plane parallel polarized
radiative transfer equation for randomly oriented
particles can be written as:

μ

ω̃
dI
(τ, μ, φ) = −I(τ, μ, φ) +
dτ
4π
2π 1
×
0 −1

⎡ ⎤
1
⎢0⎥
M (μ, φ; μ̃, φ̃)dμ̃dφ̃ + (1 − ω̃)B(T ) ⎣ ⎦ .
0
0
(3)

Here I is the diﬀuse radiance ﬁeld expressed
as the vector of four Stokes parameters (I, Q,
U , V ), M is the 4 × 4 scattering (or Mueller)
matrix, B(T ) is the Planck blackbody function, ω̃
the single scattering albedo, τ the optical depth,
μ the cosine of the zenith angle θ and φ the
azimuth angle. The coordinate system is such that

τ increases downwards and μ is positive for the
lower hemisphere. The angular variation of radiation is written as a Fourier series in the azimuth
direction and by discretization in the zenith angle
using numerical Gaussian quadrature. The radiance at any position inside the atmosphere is
represented by the following: Stokes parameters,
quadrature zenith angles and the Fourier azimuth
modes. The radiance ﬁeld is computed via the
doubling-adding algorithm. Detailed validations of
the forward model are again available in Deiveegan
et al (2008).
2.2 Retrieval algorithms
The primary objective of the present work is to
present a Bayesian framework with a new method
of populating the database. However, for purposes of comparing the accuracy of the retrievals
another data driven, stochastic optimization technique, namely artiﬁcial neural networks (ANN) was
also used.
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Nch

2.2.1 Bayesian retrieval algorithm

1

pf (y|x) =
A Bayesian probabilistic framework allows incorporation of various informational sources in a rigorous
and physically meaningful way. The Bayesian
framework allows incorporation of numerous information sources, providing additional constraints
for ill-posed inverse problems. One possible
approach to Bayesian retrievals is the use of an
oﬄine database of pre-calculated simulated vectors
for many possible state vectors, and integrating
over the points in the database with the Bayes’
theorem. Bayesian inversion methods formally add
prior information to that provided by the measurements to obtain a well posed retrieval. The
Bayes’ theorem can be stated mathematically for
the retrieval problem as:
ppost (x|y) =

pf (y|x)ppr (x)
,
pf (y|x)ppr (x)dx

(4)

where x represents the state vector and y represents the vector of observations. ppr (x) is the
prior probability density function (PDF) of the
state x, pf (y|x) is the conditional probability density function of the measurements given the state
vector, and ppost (x|y) is the posterior probability density function (PPDF) of the state vector.
The prior PDF represents our knowledge of the
parameters.
Once the PPDF of the state vector is obtained,
the retrieved parameter xret is calculated by integrating over the posterior PDF to determine the
mean state, which is actually the expectation
of x:
xret =

x pf (y|x) ppr (x) dx
.
pf (y|x) ppr (x) dx

(5)

This is a Monte Carlo integration because the database points are chosen randomly. In practice, this
integral is replaced by a sum over the cases in the
database. One advantage of the Bayesian framework is that the uncertainties in retrieved parameters are naturally deﬁned by the variance of the
posterior PDF:
σx2 =

(x − xret )2 pf (y|x) ppr (x) dx
,
pf (y|x) ppr (x) dx

(6)

where σx is the one sigma error bar in x and xret
is the mean x of the posterior PDF. The forward
PDFs of measurement vector are assumed to be
normally distributed about the simulated vector
for each observation as follows:

j=1

2πσj2

exp −
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(yj − Zj (x))2
, (7)
2σj2

where yj is the j’th channel in the measurement
vector, Zj (x) is the radiative transfer simulation
for channel j, Nch is the number of channels,
and σj is the standard deviation for channel j.
This formulation assumes that the uncertainty in
each channel is independent of the other channels,
which is a good assumption for random measurement noise, but may not be good for representing the radiative transfer modelling error. It is
assumed that the uncertainty σj is due to the
measurement errors. The conditional distribution
is close to zero if the measurement vector is far
from the observed one and hence the Bayesian
algorithm interpolates between those points in
the database that are reasonable matches to the
observations.
The prior probability distribution is a way of
introducing other known information about the
parameters, and addition of a priori information
can serve as a constraint. In addition, the prior distribution gives a good indication of how to choose
the random cases for the database. Upon using
a pre-calculated database where ppr (x) = 1, the
Monte Carlo integration simpliﬁes to:
xret


xi pf (y|xi )
.
= i
i pf (y|xi )

(8)

Equation (8) follows from the application of
equation (7) for pf (y/x) in equation (6). Additionally, the denominator in equation (6) is made 1
as it is only a normalizing factor and the integral
is replaced by a summation as the least square
error (i.e., the sum of the square of the diﬀerence between the simulated and satellite measured
radiances over all the channels) is done at a discrete number of points. The discrete number of
points refers to the discrete number of sample
hydrometeor proﬁles that are tested for ultimately
evaluating the ‘expected value’ in a probabilistic
sense. Hence, the sums in the Bayesian retrieval
algorithm actually span all points in the database.
However, including all the database points wastes
computation time calculating the conditional PDF
for points where the PDF is eﬀectively zero (i.e.,
where the measurement is far from that of the database case). The conditional PDF is the product
of exponentials, and thus is also the exponential
of χ2 :

xret

 1 2

i xi exp − 2 χi
 1 2 ,
= 
i exp − 2 χi

xi from ppr (x),

(9)
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where χ2 is a measure of the square of the diﬀerence
between the measurement vector and the simulated
vector from the database.
2

χ =

2
Nch 

yi − Zi
i=1

σst,i

.

(10)

One way to speed up the Bayes integration is to
stop the χ2 summation and not calculate the posterior PDF when the χ2 exceeds a maximum user
speciﬁed value, χ2 > χ2max . In the present work
χ2max = 30 is used.
2.2.2 Artificial neural network (ANN)
This section describes the procedure involved in
using artiﬁcial neural network as a retrieval algorithm to estimate the precipitation and related
parameters from microwave remote sensing data.

Neural network: Neural nets are computational
structures that were developed to mimic the way
biological neural nets learn from their environment
and are useful for pattern recognition and classiﬁcation. Neural nets can be used to learn and compute functions for which the relationship between
inputs and outputs are unknown or computationally complex. There are a variety of neural nets
(Lippmann 1987) such as feed forward neural nets
(multilayer perceptrons), Kohonen self-organizing
feature maps, and Hopﬁeld nets. In this study, the
feed forward neural net has been employed.
Structure of neural network: The basic structural
element of feed forward neural nets is called a perceptron. It computes a function of the weighted
sum of inputs and a bias, as shown in ﬁgure 4:

y=f

 n



wi xi + b ,

(11)

i=1

Figure 4.

The structure of a perceptron.

Figure 5.

where xi is the ith input, wi is the weight associated with the ith input, b is the bias, f is the
transfer function of the perceptron, and y is the
output.
Perceptrons can be combined to form a multilayer network as shown in ﬁgure 5. In ﬁgure 5, xi is
the ith input, n is the number of inputs, wij is the
weight associated with the connection from the ith
input to the jth node in the hidden layer, bi is the
bias of the ith node, m is the number of nodes in
the hidden layer, f is the transfer function of the

A two-layer feed forward neural net with one output node.
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Training the neural network The neural nets for
this study were trained using the Levenberg–
Marquardt training algorithm. Marquardt developed an eﬃcient algorithm (Hagan and Menhaj
1994) for nonlinear least-squares parameter estimation (Marquardt 1963). Hagan and Menhaj (1994)
incorporated this technique into a back propagation training algorithm for feed forward neural
nets.
The weights of the neural net were initialized
using the Nguyen–Widrow method in order to
facilitate convergence of the neural net weights
during training (Nguyen and Widrow 1990). The
vectors used to train and evaluate the neural nets
were divided into three disjoint sets:

Figure 6.

• The training set, the set used to determine how
the weights of the neural net are to be adjusted
during the training.
• The validation set, the set used to determine
when the training should stop.
• The testing set, the set used to evaluate the
resulting neural net.

Neural network transfer functions.

In the training phase, many pairs of inputs and
outputs are shown to the network and the weights
within the network are adjusted until the network
produces the desired output. In the simulation
phase, the training algorithm is deactivated, and
the network merely computes the output based on
the given inputs.
Figure 7.

2.3 Retrieval in a two-layer atmosphere

A simple two-layer atmosphere model.

perceptrons in the hidden layer, wi is the weight
between the ith node and the output node, c is the
bias of the output node, g is the transfer function
of the output node, and y is the output. Then,

y=g

m


vj f

 n


j=1


wi xi + bj


+c .

(12)

i=1

In the present work, f and g are deﬁned as follows:

f (x) = tanh x =
g(x) = x.

ex − e−x
,
ex + e−x

In this exercise, for a simpliﬁed two-layer atmosphere the sea surface albedo, rain rate and ice
content are estimated simultaneously by inverse
analysis, from the knowledge of measured brightness temperatures based on vertical and horizontal
polarizations. Measured brightness temperatures
are simulated by adding random errors to the
brightness temperatures computed from the forward problem. To assess the accuracy of predictions, a statistical analysis is made to establish
error bars for the inverse solution. To check the performance and accuracy obtained in the retrieval,
a comparison is presented between two retrieval
methods, viz., Bayesian algorithm and artiﬁcial
neural network.

(13)
(14)

The function tanh x is approximately linear in the
range −0.6 ≤ x ≤ 0.6, and approaches 1 as x goes
to 1 and −1 as x goes to −1 and so it has a nonlinearity that is not too complex (ﬁgure 6).

2.3.1 Forward problem for the two-layer
atmosphere
For simplicity, this example considers a two-layer
precipitating atmosphere having an ice layer above
a rain layer. The lower half of the atmosphere is
modelled as a raining layer and the upper half is
taken as a layer containing ice particles (ﬁgure 7).
Absorption by oxygen, water vapour and cloud
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Table 1. Parameters used in the two-layer atmosphere
case.
Parameter
Reﬂectivity (albedo)
First layer rain rate
Second layer ice content

Range

Unit

0.01–0.8
0.02–49.0
0.01–24.5

–
mm/h
mm/h

liquid is ignored. Vertical hydrometeor proﬁles,
including rain drops and ice particles are speciﬁed
from 0 to 8 km in a series of homogenous layers.
Table 1 lists the parameters used in the model.
The boundary conditions include contribution of
downwelling radiation from space 2.7 K and sea
modelled as Lambertian surface at constant surface temperature of 300 K. The relative humidity
in this simple model is set at 90%. A viewing angle
of 50◦ is used. The size distribution is assumed to
follow that of Marshall–Palmer with a maximum
diameter of 1.0 cm. The Mie theory is used to determine single scattering properties such as extinction
coeﬃcient, single scattering albedo and Legendre
series coeﬃcients. The forward problem is used to
compute, the upwelling radiances at the top of a
raining atmosphere at six microwave frequencies
(6.6, 10.7, 18.0, 37.0, 85.6, 183.0 GHz).
2.3.2 Retrievals
This example compares retrievals based on the two
methods discussed in an earlier section namely,
Bayesian algorithm and ANN. Basically these two
methods are data driven approaches and hence the

generation of database holds the key for both the
methods. The distribution of these parameters is
the prior information in the retrieval, so it is important that the proﬁles are realistic and completely
cover the possible realistic parameter range. There
are two parts in generating the database:
(1) creating the random proﬁle of albedo, rain
rates and ice content,
(2) computing the simulated brightness temperatures.
In the present work a database of size 31,000
is generated, out of these only 15,000 datasets are
used for ANN training, but 30,000 datasets are
used for Bayesian method and 1000 are used for
testing.
The parameters obtained through ANN and
Bayesian methods are studied by using the brightness temperature values of the 1000 proﬁles which
were not used for training. Table 2 gives the error
statistics for both the ANN and Bayesian retrievals
for a case with zero measurement error. It may
be observed that the PARAmeters such as albedo,
ﬁrst layer rain rate and second layer ice content
are estimated accurately. The time consumed on
a 4.0 GB RAM, 3.2 GHz Pentium-4 processor is
only 10 s (ANN) and 30 s (Bayesian) for retrieving
the parameter set of 1000 proﬁles. Table 3 shows
a comparison of the two retrieval strategies for
a case with maximum noise in the measurements
is 2%.
It can be observed that both algorithms retrieve
the parameters very accurately. Parity plots (not

Table 2. Performance of ANN and Bayesian retrievals for 0% measurement error.
ANN

Sl. no.

Parameter
retrieved

1
2
3

Albedo
1st layer rain
2nd layer ice

Bayesian

Unit

Standard
deviation
of
estimate

Correlation
coeﬃcient
(%)

Time
taken
(s)

Standard
deviation
of
estimate

Correlation
coeﬃcient
(%)

Time
taken
(s)

–
mm/h
mm/h

0.0046
0.59
0.09

99.9
99.9
99.9

0.01
0.01
0.01

0.016
1.36
0.056

99.8
99.5
99.9

0.03
0.03
0.03

Table 3. Performance of ANN and Bayesian retrievals for 2% measurement error.
ANN

Sl. no.

Parameter
retrieved

1
2
3

Albedo
1st layer rain
2nd layer ice

Bayesian

Unit

Standard
deviation
of
estimate

Correlation
coeﬃcient
(%)

Time
taken
(s)

Standard
deviation
of
estimate

Correlation
coeﬃcient
(%)

Time
taken
(s)

–
mm/h
mm/h

0.047
4.10
0.41

98.1
95.7
99.7

0.01
0.01
0.01

0.025
2.50
0.01

99.4
98.6
99.9

0.03
0.03
0.03
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Figure 8.

Retrieval algorithm for precipitation related parameters.

Figure 9.

A neural network architecture for precipitation retrievals.

presented here) show that, with no measurement
error, both Bayesian and ANN predict very accurately but the accuracy of ANN decreases with
increase in the measurement error. A fuller discussion of the retirevals for the two-layer atmosphere
are available in Deiveegan (2007).
The above exercise demonstrates that both artiﬁcial neural network and Bayesian provide accurate estimation of parameters to be retrieved for
a case without measurement error. When noise
in the measurements increase, the Bayesian algorithm gives better estimates compared to a neural
network. Both these methods give estimation of
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parameters almost in real time. It can also be
observed from the parameter retrievals that the
polarized radiative transfer algorithm captures
both emission and scattering dominated rain and
ice events.
2.4 The complete retrieval scheme for a
14-layer atmosphere
A detailed ﬂow diagram elucidating the retrieval
procedure for a 14-layer atmosphere is shown in
ﬁgure 8. The important step of the retrieval algorithm is the creation of database which in a sense
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Table 4. Range of geophysical parameters in the database employed for retrievals.
Sl. no.

Geophysical parameter

Units

Min

1

Cloud liquid water

g/m3

0

0.641

2
3

Precipitable water
Cloud ice

g/m3
g/m3

0
0

4.335
0.372

4
5

Precipitable ice
Ground rain rate

g/m3
mm/h

0
0

3.474
86.7

Figure 10.

Max

Ground rain rates (mm/h) retrieved by ANN.

serves as prior knowledge. In the present work,
the Tropical Rainfall Measuring Mission (TRMM)
retrieved proﬁles are used as prior knowledge. The
TRMM proﬁles contain the vertical proﬁles of four
hydrometeors (precipitable water, precipitable ice,
cloud liquid water and cloud ice) and ground rain
rate in a 14-layer plane parallel atmosphere with a
total height of 18 km. These are proﬁles retrieved
using the Goddard Proﬁling Algorithm (GPROF)
that powers the TRMM retrievals, using an oﬄine
Bayesian. The GPROF uses the vertical proﬁles
of hydrometeors numerically generated with high
resolution numerical weather prediction models
and these proﬁles are commonly referred to as the
Goddard Cloud Ensemble (GCE) proﬁles (see, for
example, Kummerow et al 1996).
In the present study, TRMM retrieved proﬁles
of earlier cyclones that have occurred either in the
Bay of Bengal or the Arabian Sea are directly given
as input to the polarized forward model. Details of
the database of proﬁles employed in the retrievals
are discussed in section 3.1.
The forward model solves the equation of transfer, given the vertical proﬁles of hydrometeors.

An SST of 300 K, wind speed appropriate to the
strength of the storm and a salinity of 36 PPM
have been used in the calculations. The pressure, temperature and humidity proﬁles have been
taken from the Goddard Cloud Ensemble (GCE)
Proﬁles for a raining atmosphere. Preliminary
studies showed that a variation of ±2 K in the
SST from the baseline value of 300 K did not
produce any signiﬁcant change in the output of
the forward model under raining conditions. This
is because of the domination by emission and
scattering of the hydrometeors in a precipitating
atmosphere. The output of the forward model is
the top of the atmospheric (TOA) radiances at
various frequencies. The database contains the
proﬁles of hydrometeors and corresponding brightness temperatures at TRMM frequencies (vertical
and horizontal polarization for 10.65, 19.35, 37,
85.5 GHz and vertical polarization for 21.3 GHz).
The brightness temperatures are converted into
non-dimensional parameters called emission and
scattering indices. These indices are dimensionless numbers. They are the ratios of the diﬀerence between vertical and horizontal polarization
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Figure 11.

Figure 12.
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Ground rain rates (mm/h) retrieved by Bayesian.

Ground rain rates (mm/h) retrieved by TMI algorithm.

brightness temperatures normalized by the difference between the same two quantities but for
clear sky conditions. This has several advantages
like reducing roundoﬀ errors and the dimensionality. More importantly, by employing this procedure, any bias induced by the radiometer or
the forward model is also more or less nulliﬁed
(see Petty 2001 for a fuller discussion on this).
The satellite radiometer measures the brightness temperatures at diﬀerent frequencies and

polarizations. Furthermore, the TRMM brightness
temperatures for diﬀerent frequencies are available at diﬀerent resolutions. First, the retrieval
algorithm converts these data into high resolution
data. The brightness temperatures are then converted into emission and scattering indices. The
retrieval algorithm compares the non-dimensional
brightness temperatures obtained from simulations and the TRMM measurements. The retrieval
algorithm then gives the retrieved parameters
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Figure 13. Parity plot of ground rain rate retrieved by ANN
with TMI algorithm.

In so far as ANN retrievals are concerned,
feed-forward multilayer perceptron networks are
employed for training the ANN. These networks
are widely used due to their simplicity and excellent performance (Peterson et al 1994). A network
with 9 inputs and 58 outputs (56 hydrometeors,
ground rain rate and convective fraction) is
created, and two hidden layers with 40 neurons
each are employed. Figure 9 shows the layout of
the network used in the present study. The left
most layer in the ﬁgure corresponds to the input
variables. All the input variables are normalized
with respect to their maximum possible values,
to ensure that the range of the entire variables
lie in the same range of activation function used
for each node in the neural network. This helps
in reducing the eﬀort to link the input and output values in the ANN. Furthermore, this also
reduces some eﬀort needed to code the variable
limits in the optimization analysis used for accomplishing the retrievals. The number of hidden layers used is two, and 40 nodes are placed in each
hidden layer. The rightmost nodes in the network
give the retrieval parameters corresponding to the
input brightness temperatures at various channels.
The above conﬁguration of the network is selected
based on the performance of the network that
predicts the parameters well as opposed to other
conﬁgurations.

3. Application to a tropical storm:
A case study

Figure 14. Parity plot of ground rain rate retrieved by
Bayesian with TMI algorithm.

by minimizing the diﬀerences between these two
vectors.
For brevity, details concerning the calculation of
the non-dimensional brightness temperatures from
actual measured brightness temperatures and the
screening algorithms used in the present work (to
eliminate the nonraining pixels and pixels over
land) are not presented here. See Deiveegan et al
(2008) for a fuller discussion on this.

Accurate quantitative assessment of rainfall and
hydrometeor proﬁles within tropical cyclones over
oceans is a diﬃcult problem because direct measurements are almost impossible. The ANN and
the Bayesian retrieval algorithms, described in the
previous section, are tested for tropical cyclonic
storms. The speciﬁc storm under consideration is
FANOOS that made its landfall on the southeast coast of India on 9 December 2005. The
satellite (TRMM) measured brightness temperatures at 10.65, 19.35, 21.3, 37, 85.5 (2 polarizations each except for the 21.3 GHz channel that
does not employ the horizontal polarization) are
given as input to the retrieval algorithms. The
retrieval algorithms discussed in section 2 are used
to estimate the proﬁles of rain, cloud liquid water,
cloud ice, precipitation ice, convective rain rate
and ground rain rate. The retrieved parameters
are compared with the TRMM retrieved vertical
proﬁles of hydrometeors. Additionally, the retrieval
is validated with rain rate obtained from the
precipitation radar, which is considered as proxy
evidence.
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Figure 15.

Figure 16.
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Ground rain rates retrieved by ANN.

Ground rain rates retrieved by Bayesian.

3.1 Generation of database
In the present study, the objective is to evaluate
the accuracy and eﬃciency of the retrieval algorithm to retrieve an extreme event like a tropical
cyclone. The Bayesian algorithm and ANN used

in this study are both data driven approaches and
hence the generation of database holds the key for
both the methods. The distribution of the hydrometeor parameters is the prior information in the
retrieval, so it is important that the proﬁles are
realistic and completely cover the possible realistic
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Figure 17.

Ground rain rates retrieved by TMI algorithm (Bayesian).

Figure 18.

Ground rain rates measured by precipitation radar (PR).

parameter range. There are two parts in generating
the database:
(1) creating the proﬁles of rain rates, cloud liquid
water content, cloud ice and precipitation
ice,
(2) computing the brightness temperatures at
diﬀerent frequencies and polarization.

Towards this, a retrieval database was ﬁrst created by considering ﬁve tropical cyclones over
the Indian subcontinent that occurred between
years 2000 and 2004. Approximately 43,000 proﬁles and the corresponding brightness temperatures are stored in the database. Some statistics of
the database are shown in table 4. The retrieval
algorithms are then applied to the tropical cyclone
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Figure 19. Parity plot of ground rain rates retrieved by
ANN with PR.

Figure 20. Parity plot of ground rain rate retrieved by
Bayesian with PR.

FANOOS and as a ﬁnal validation exercise for
cyclone 03B.
3.2 Results for the case study
Figures 10–12 show the surface rain rate retrieved
by ANN, Bayesian and TMI (TRMM microwave
imager) retrieval algorithms, respectively for the
tropical cyclone FANOOS. The comparison with

Figure 21.

Figure 22.
ice.
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ANN retrieved vertical proﬁles of rain.

ANN retrieved vertical proﬁles of precipitating

TMI retrievals shows that the two algorithms, in
general give a good estimation of ground rain rate.
Both ANN and Bayesian algorithms are able to
capture the general features of the cyclone quite
well. Particularly, the Bayesian retrieved ground
rain rate closely matches with the TMI retrieved
ground rain rate (the high precipitation over Sri
Lanka seen in ﬁgures 11 and 12 may be ignored
as it is an artifact of the interpolation. This work
concerns retrievals only over the ocean).
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Figure 23.
water.

ANN retrieved vertical proﬁles of cloud liquid

Figure 25.

Figure 26.
Figure 24.

Bayesian retrieved proﬁles of rain.

Bayesian retrieved proﬁles of precipitating ice.

ANN retrieved proﬁles of cloud ice.

Figures 13 and 14 show parity plots of surface rain rate retrieved by the ANN and Bayesian
with the surface rain rate retrieved by the TMI.
The superior performance of the Bayesian method
when compared to ANN can be inferred from these
ﬁgures. The high dimensionality of the problem
wherein 58 parameters are retrieved from 9 measurements, makes the ANN retrieval less accurate. However, it cannot be denied that the ANN
retrievals are fast and easy to implement.

Figures 15 and 16 show the surface rain rate
retrieved by the ANN and Bayesian algorithms
used in the present work. These retrievals are
compared with the TMI retrieved (ﬁgure 17)
and precipitation radar (PR) (ﬁgure 18) estimated ground rain rates. Additionally, parity plots
between the ground rain rate obtained from present
study (ANN, Bayesian) and the PR data are shown
in ﬁgures 19 and 20.
The general agreement between PR data and
retrieved rain rates is reasonably good. The general
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Figure 27. Bayesian retrieved proﬁles of cloud liquid water.

Figure 28.

Bayesian retrieved proﬁles of cloud ice.

pattern of tropical storm is very well reproduced.
The correlation coeﬃcient between the PR data
and surface rain rate retrieved by the ANN,
Bayesian and TMI algorithms are 0.474, 0.572 and
0.596 with standard deviations (mm/h) of 3.101,
2.603 and 2.472, respectively. From the above it
is seen that the present Bayesian algorithm is
almost as good as the TMI algorithm as both of
them have a correlation coeﬃcient of around 60%.
At heavier rain rates, uncertainties signiﬁcantly
increase due to heavy attenuation in all channels
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which requires surface rainfall to be inferred as
the sole relationship (non-unique) between surface
rain rate and scattering signature in the strongly
coupled 37 and 85 GHz brightness temperatures.
The TMI retrieval is considered to be the stateof-the-art and the Bayesian retrieval developed
in this study is very close to the TMI retrieval in
terms of accuracy even though the forward model
that drives the retrieval does not address (i) the
eﬀect of the melting layer and (ii) the beam ﬁlling
problem.
Figures 21–24 show the ANN retrieved proﬁles
of rain, precipitation ice, cloud liquid water and
cloud ice, for three representative rain proﬁles that
correspond to low, medium and high rain rate.
The retrieved proﬁles are, in general, physically
consistent despite the high dimensionality of the
problem and the common perception that retrieved
vertical proﬁles are ‘quite noisy’. The above statement is substantiated by the fact that the cloud
ice content is close to zero in up to the bright
band, cloud liquid water tapers oﬀ at an altitude of
10 km, precipitation ice peaks at around 8 km and
cloud ice peaks around 14 km. Additionally, the
proﬁles are compared with TRMM-TMI retrieved
proﬁles. The comparison shows that the ANN
retrieved proﬁles are not in very good agreement
with TMI retrieved proﬁles. This is due to the fact
that ANN uses equal weights for all the channels.
However, the Bayesian algorithm gives maximum
weight for the channels which give more information about precipitation, i.e., higher frequency
channels. Figures 25–28 show a comparison of the
vertical proﬁles obtained from the present Bayesian
algorithm with the TMI retrieved data. It can be
observed that the present Bayesian retrievals are
in very good agreement with TMI retrievals.
As a ﬁnal validation exercise, retrievals were
also done for cyclone 03B that again originated
in the Bay of Bengal during the ﬁnal week of
June 2007, a rather unusual period for cyclone
activity in this region. The cyclonic activity in
the Bay is invariably present only during the
period of the north–east monsoon, i.e., during
October–December. In view of this, artifacts, if
any, introduced by our retrieval procedure will
clearly reﬂect in the quality of the retrievals, if
the algorithm is tested for an unusual cyclone
like the 03B. Furthermore, to remove the inﬂuence of any bias or prejudice introduced by screening for rain pixels, retrievals were performed for
03B by switching oﬀ the rain ﬂags. Figures 29(a–c)
show the retrieval of the ground rain rate with
and without rain screening, along with the TMI
retrievals. The performance of the retrieval algorithm is (i) quite impressive and (ii) more or less
unaﬀected by the rain screening, both of which
reinforce our faith in the retrieval process.
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Figure 29(a).

Figure 29(b).

Figure 29(c).

Ground rain rate retrievals for cyclone 03B (TRMM).

Ground rain rate retrievals for cyclone 03B with Bayesian using rain/no rain classiﬁcation.

Ground rain rate retrievals for cyclone 03B with Bayesian without using rain/no rain classiﬁcation.
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4. Conclusions
This paper discussed two data driven techniques namely Bayesian and ANN for estimating
rainfall and hydrometeors from (i) synthetically
generated radiances from a two-layer atmosphere
and (ii) satellite microwave radiances at frequencies corresponding to TRMM. The retrievals are
powered by a polarized microwave radiative transfer code developed in-house. The ANN is easy to
implement, and despite the high dimensionality
of the problem, gave results that are reasonable
but still not close to the state-of-the-art. On the
contrary, the Bayesian performed quite well with
accuracy very close to the state-of-the-art.
The key novelties of the present work are:
(i) use of polarization from both the oceans and
the hydrometeors and (ii) populating the database with already retrieved proﬁles, for similar
situations in the past. If retrievals are to be
done for a tropical cyclone, we start with a database of retrieved proﬁles of earlier cyclones. Since
any retrieval minimizes the error between satellite
observed and simulated radiances, injecting ‘hard’
data from measurements by employing retrieved
proﬁles makes the retrieval better. We demonstrated this methodology ﬁrst for the tropical
cyclone FANOOS and then for the cyclone 03B
both of which originated in the Bay of Bengal. The
agreement with the gold standard radar estimates
(PR estimates) is close to 60% and is close to that
obtained by the GPROF, in spite of the melting
layer not taken into account and the beam ﬁlling
problem. However, it needs to be mentioned that
both the ANN and Bayesian algorithms are data
driven and extensive training holds the key to successful retrievals. With inherent noise in the data,
the Bayesian is more robust.
Hence, the strategy of doing oﬄine Bayesian
retrievals with a dynamically updated database
that incorporates data corresponding to similar
rain events in the past, from the satellite under
consideration, for future retrievals from the same
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satellite holds considerable promise and warrants
further investigations.
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