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Abstract

Vertical temperature profiles are important initial conditions for numerical weather prediction
models. In the infrared band from the solar spectrum, the temperature profile can be calculated for clear
atmosphere. However, more than 20% of images contain clouds. For a few classes of clouds (cirrus and
thin stratus, for example), the micro-wave band can be used, with worse precision, to compute the
temperature profile. But for deeper clouds nor micro-wave can provide an useful information. At the
present paper we introduce a methodology that intends to be able to identify atmospheric temperature
profile under all classes of clouds, combining to inversion procedures in the same framework:
reconstruction of cloud bottom boundary condition for radiative transfer equation and then retrieving the
temperature profile. For both steps, two different multi-layer perceptron self-configured artificial neural
networks are used as inversion operators. Initial results confirm the good potential of the proposed
technique.
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Introduction

The numerical weather prediction is one remarkable scientific conquer for the twentieth century. It
was identified as an initial value problem at 1904 and in 1922, Lewis Fry Richardson has published a
book proposing the weather predicting by solving the complete Navier-Stokes using finite differences
[1]. The scheme proposed by Richardson failed; Lynch [2] did an interesting report for the process, and
an overview on the modern weather forecasting can be found on [3].

In order to have a better forecasting, the computation of a good initial condition is a mandatory issue.
This imposes the necessity of using observed data from the regions for which the forecasting will be
performed. In this sense, meteorological satellites can provide information from regions with difficult
access, as tropical rain forests, deserts, poles of the planet, and over the ocean, overcoming the lack of
information provided by terrestrial measurement stations. The mathematical equation relating the
satellite radiances and atmospheric profiles (RTE: Radiative Transfer Equation) describes the physical
conception behind the identification process for estimating temperature profile, moisture, and gas
concentration. The forward problem is to compute the radiances, and the inverse problem is to retrieve
the properties from the measured radiances.

Several approaches to retrieve the atmospheric temperature profile from satellite data have been
developed. In the infrared band from the solar spectrum, the temperature profile can be calculated for
clear atmosphere. However, more than 20% of images contain clouds. Under this situation, micro-wave
band can be used, with worse precision, to compute the temperature profile, but for a few classes of
clouds (cirrus and thin stratus, for example). For deeper clouds (stratus-cumulus and cumulus-nimbus),
nor micro-wave can provide useful information.

The goal of the present paper is to evaluate the algorithm to identify atmospheric temperature profile
under all classes of clouds. The procedure can also be applied to other atmospheric properties. The idea
is to combine two inversion procedures in the same framework: reconstruction of cloud bottom boundary
condition for RTE [4], and then retrieving the temperature profile [5], as shown schematically at Fig. 1.
For step-1, the RTE is a complete Boltzmann equation, that includes the scattering process. In step-2, the
RTE is expressed by the Schwarzchild’s equation, and the scattering phenomenon can be neglected.

For both steps, two different multi-layer perceptron (MLP) artificial neural networks (ANN) are used
as inversion operators. The best configuration for the ANN is obtained automatically, by using self-
configured ANN strategy [6], where an objective function is minimized in order to obtain an ANN with
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few neurons and fast convergence. Multi-particle collision algorithm [7] is the metaheuristic used for
solving the optimization problem, and it has shown good results to find out the optimized ANN.
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Fig. 1. Scheme of the proposed methodology

Noisy synthetic satellite data were used to test the inverse methodology, and preliminary results
confirm the good performance of the proposed technique.

1. Solving the radiative transfer equation

The radiative transfer equation models the light beam interactions into a medium. Light intensity is
given by a directional quantity, the radiance I, which measures the rate of energy being transported at a
given point and for a given direction. Considering a horizontal plane, this direction is defined by a polar
angle 6 (relative to the normal of the plane) and an azimuthal angle, ¢. Once within the medium, light
can be absorbed, scattered or transmitted, according to the absorption and scattering coefficients, «, and
a,, and to a scattering phase function, p,, describing how light is scattered in any direction. An extinction
coefficient g, is defined as g; = k; + a;.

Assuming plane parallel atmosphere, considered a good approximation for planetary atmospheres [8,
9], the RTE is given by

L (z; u,
LBGRD | 1oy = 5:1.8), @
where
2T 1
SA(Z; 123 ¢) = (1 - WA)B}{(T) +%f f IA(Z; ,u', d),)pl(.u,! ¢';,Ll, ¢)d#,d¢,' (2)
¢=07p=-1

being 1 € [—1,1] the cosine of the incident polar angle 9, @, = 0,(s)/B(s) the single scattering albedo
and B, (T) is the Planck function [10],

2hc?

BaT) = (1) ©)

where h is the Planck constant, c is the speed of light at vacuum, kg the Boltzmann constant and T the
absolute temperature.
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1.1 Boltzmann equation
For step-1, the medium is a cloud, where there is no radiation source term. Under these hypothesis,
and considering the definition of the optical depth (with: dz = g, dz), Egs. (1) and (2) can be rewritten as

dl ) 21
M —1(z; H'¢)+—f f L@, 9Dpa(W', @' 1, pdu'de’, “)
dt ¢=07pu=-1

known as Boltzmann equation, subjected to boundary conditions

L(0; 1, ) = F&(u — 1) (9 — o) (43)
Li(to; =i, @) = G6(u — 11)6(p — 1) (4b)

Where (uo, ¢o) and (uq, ¢,) represent the polar and azimuthal directions of incident beams, F and G, at
7 =0 (top of the cloud) and t =z, (bottom of the cloud). To simplify the solution and to use some
previous development [11], the problem defined by Eq. (4) is split in two ones, assuming that the
incident beam at one boundary does not interact with the incident beam at the other boundary. Therefore,
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and
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and the final solution is the sum of the solutions of both problems. Both problems are solved using the
same technique, and only the solution for Eq. (5) will be shown here.

Let us assume that the electromagnetic radiation field consists of two components: one called
unscattered component (I,), and the scattered component (I;). Thus, the total radiation can be written as
the sum of these two components,

(T, ) = L(T 1, @) + Is(T; 1, ). (7

The formulation for the unscattered component is obtained eliminating the scattering term (w,) in Eq. 5,
and its explicit solution is given by

I,(t; 1, ¢) = F§(u — 10)8(d — po)e ™"k, ®)
for t € [0,7,], u € (0,1] and ¢ € [0,2w]. Using Eq. (7) at Eq. (5), and considering Eq. (8), one obtains

2w 1
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Is(tg; =1, ) = 0 (9b)
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The above is solved by the LTSn method [12]. This method consists on the application of the Laplace
transform on the radiative transfer discrete ordinates equations, producing and algebraic equation on s,
and then the application of inverse Laplace transform to obtain the desired radiation field.

For obtaining the radiative transfer discrete ordinates equations from Eg. (9), the anisotropic
scattering phase function p, is represented by an expansion in Legendre polynomials P; in terms of the
cosine of the scattering angle 6. After that, the polar angle domain (y) is discretized, and the integral is
approximated by a Gauss-Legendre quadrature:

d[m(‘[,[l') m @ \ mpm N m m m
Wt = -1 (r.u;)+7°;nwz P (u;)Zsz W)™ (@, 1) + S™ (7, 15) (10)

i=1
forj =1,2,..,N, where n; are the weights of the quadrature, the boundary conditions are described as

m,u;)=0, j=12.,n (10a)
I™(to,u;) =0, j=n+1n+2,..,N (10b)

and s™ is the source scattering function, given by
L
Sm(fr ﬂj) = ZZD_; [lZ:n wrlplm(l‘j)le(#o)] Fe~t/ko, (11)
Applying Laplace transform on Eq. (10), the following system of equations on s is obtained [11],
_ 1. @y - _ 1.
ST(s) + 21 (5) = Z—W;ﬁrplm(uj) Z n PG () = () +-57(9), (12)

where I™(s) = f0°° I™(t)e~S*dr. The matrix form of Eq. (12) becomes
M (s)I™(s) = I™(0) + S™(s), (13)
where the matrix M (s), called the LTSy matrix, is given by MJ*(s) = sI + A™, where I is the identity
matrix and the A matrix is given by
L
——— > BP"(w)n; P (4)), ifi=j

Ui 24
b iEm . (14)

L
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while vectors '™ (s), I™(0) and S™(s) are defined as

m(s) = [I*(s) 13(s) ... I (s)] (15)
m(o) = [1"(0) 13*(0) ... Iy*(0)] (16)
. [s;”(s> CR0) s;;l@} (17)
(s) = .
H |2%) Un

In order to solve Eq. (13), it must be multiplied by the inverse matrix of M (s), represented by
B™(s), resulting in ™ (s) = B™(s)I™(0) + B™(s)S™(s). The inverse Laplace transform is applied to solve
this equation:
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I (7) = B™(t)I™(0) + H™(7), (18)
where B™(t) = L71[B™(s)] and H™ () = B™(t) = S™(z), and the convolution operation is denoted by .

1.2 Schwarzchild equation

For step-2, the medium is the atmosphere between the ground and the bottom of the cloud, and it can
be considered a non-scattering medium, under local thermodynamic equilibrium. From these
considerations, the source function represented by Eq. (2) is simplified to Planck function. Equations (1)
and (2) can be rewritten as [13]

MW +L(tn @) = By(D), (19)
known as Schwarzchild equation, widely used on remote sensing of atmospheric profiles.

The atmospheric radiation is assumed independent on azimuthal angle. The amount of radiation
reaching a certain level t of the atmosphere is calculated multiplying Eq. (19) by e~** and integrating
between t and t,, where t =1, refers to the ground surface. For remote sensing applications, it is
assumed p = cos 6 = 1, and writing the result in terms of pressure coordinates

03(vi,p) d

P (20)

Do
1) = Blvi, T3 (i, ps) + f Blv, T()]
Ds

where p is the atmospheric pressure, p, the pressure at the top of the atmosphere, p, the pressure at the
surface and JI(z) = e~* the monochromatic transmittance. The quantity a3(v;,p)/dp is known as
weighting function, and when multiplied by Planck function provides a measure of the contribution of
each atmospheric layer to the radiation that reaches a specified pressure level dp. Eq. (20) is solved using
finite difference method,

Np
B,i+B;i_,
I; = By s(T)TJi s + Z (%) [Bi; — i1l (21)
=

fori =1,2,..,N;, where N; is the number of spectral channels and N, is the number of atmospheric layers
being considered.

2. Self-configured artificial neural network

Artificial neural networks (ANN) are structures inspired by the operation of biological neural
network of human brain. They resemble the brain in two main aspects: they acquire knowledge from the
environment through a learning process and store this knowledge on connection or synaptic weights.
Moreover, they also have the ability of generalize, meaning they can produce appropriate outputs from
inputs out of learning process. The abilities of learning and generalization make ANN able to solve
complex problems, especially highly nonlinear problems [14].

Artificial neural networks are made of arrangements of processing elements, called neurons. As
represented on Fig. 2a, the artificial neuron model basically consists of a linear combiner, followed by an
activation function, given by

N
Ve = @ (Z ijXj + bk>' (22)
j=1

where x; is the input vector, w,; are the connection weights, b, is the bias, y, is the output of the k"
neuron and ¢(-) is the activation function.
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There are several different architectures for ANN. The Multilayer Perceptron (MLP), with
backpropagation learning process, is our choice. Multilayer perceptrons are feedforward networks
composed of an input layer, one output layer and a number of hidden layers, whose aim to extract high
order statistics from the input data, as represented in Fig. 2b.
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Fig. 2a. Single neuron model Fig. 2b. Multilayer perceptron

For a supervised ANN, two distinct phases can be devised. At the training phase, the connection
weights are adjusted for the best performance of the network in establishing the mapping of many
input/output vector pairs. Once trained, the weights are fixed, and the run phase can be performed, where
the network is presented to new inputs and calculates the corresponding outputs, based on what it has
learned. The backpropagation training is a supervised learning, where pairs of input and output data are
used to determine the error of the network as the square difference between the calculated output and the
desired vector, for the same input. The connection weights are adjusted by an amount proportional to the
error, following the so-called delta rule,

Wji(n) = Wji(n) +a (Wﬁ(n) - Wji(Tl - 1)) + AWJ'[, (23)

with Aw;;(n) = n &;(n) y;(n), where « is a momentum parameter, » is the learning rate and the local
gradient §;(n) is defined by &;(n) = ¢;(n)¢; (vj(n)), where ¢;(n) is the calculated error.

For finding the best configuration of an ANN is an exhaustive task, because there are no rules to
define the optimum number of neurons on each hidden layer, the number of hidden layers, the best
activation function, or the best values for parameters n and a. In the last two decades, a number of
authors are developing algorithms for automatically identify an optimal architecture for the ANN [6, 15,
16]. Carvalho et al. [6] has formulated the optimal design for an ANN by minimizing the following
objective function

D1 X Etrain + D2 X Egen) (24)

J(K) = penalty x ( P
where p; and p, are weights that modify the relevance allowed to the training and generalization error,
Etrqin and Eg.,, and K is the vector of unknown parameter: number of hidden layers, number of neurons
per hidden layer, type of activation function, learning and momentum ratios. The penalty function is used
to control the ANN complexity, avoiding solutions with too much layers, or with too much neurons in
each layer, but at the present work penalty = 1. Weights p, and p, assume the values of 1 and 0,1.

The Multi-Particle Collision Algorithm (MPCA) [7] is the metaheuristic used for solving the
optimization problem (24). MPCA is an extension of the Particle Collision Algorithm (PCA), proposed
by Sacco and Oliveira [17]. The PCA has been inspired on the behavior of absorption and scattering of
neutrons in nuclear reactors. Firstly, in the PCA, an initial configuration is chosen; then there is a
stochastic perturbation of the old configuration to generate a new one. The qualities of the two
configurations are compared. If the new configuration is better, it is named as the old configuration for
the next step, where will be performed an exploration of the vicinity of this solution. If it is not, the
algorithm proceeds with a new change of the old configuration, called “scattering”. MPCA is based on
canonical PCA, but introduces the use of several particles, instead of only one particle, acting in a
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collaborative way over the search space. It is intrinsically a parallel code, that makes the division of task
by multiple particles for parallel machines of multi-cores processors.

The search space of MPCA is given by the parameters shown on Table 1. The MPCA is used to
generate a set of candidate solutions that correspond to an ANN architecture. For each solution, the ANN
is activated, and the training process runs until the stopping criteria of minimum error is satisfied. With
the values obtained by ANN, the MPCA calculates the objective function, updating the parameters for
the ANN. The process is repeated until an optimal value for the objective function is found.

Table 1. Parameters of the search space of MPCA

Parameter Value
Hidden layers 1to3
Neuron in each hidden layer 1to 32
Learning ratio 0.0t0 1.0
Momentum constant 0.1t00.9
Activation function Tanh, Logistic, Gaussian

3. Results

3.1 Noisy data simulation

The experimental data, which intrinsically contains errors, is simulated by adding a random
perturbation to the exact solution of the direct problem, 159t = [Mo4(T(p)) + o, Where o simulates the
standard deviation of the noise and ¢ is a random variable taken from Gaussian distribution. An error of
5% has been added to calculated radiances reaching the bottom of the cloud, and to the radiances leaving
the top of the cloud.

3.2 Databases and patterns generation

Measured radiance are simulated by using a set of temperature profiles, employed in Eq. (21) to
calculate the radiance reaching the bottom of the cloud, for a certain number of wavelengths. These
radiances calculated from Eq. (21) are used as boundary conditions for Boltzmann equation (Eq. 4b).
Finally, the radiances leaving the top of the cloud (measured by satellites) can be determined.

A number of 646 temperature profiles were randomly selected from TIGR (Thermodynamic Initial
Guess Retrieval) database. Seven wavelengths from HIRS/2 sensor of NOAA-14 satellite, associated to
CO- band absorption, centered on 15 um, have been used, in order to provide a reasonable vertical
profile for the most important vertical interval to the numerical weather prediction (from sea level up to
250 hPa) [13]. For the numerical experiments, properties for cumulus cloud, with 1 km height, were
considered [18].

ANN for step-2 consists of eight inputs (radiances for seven wavelengths plus the level of the
atmosphere) and one output: the temperature for that level. The technique of self-configured ANN has
determined the best architecture for one hidden layer, with ten neurons, logistic function as activation
function, learning rate of 0.430439 and momentum equals to 0.852758.

ANN for step-1 consists of ten inputs (radiances that leave the top of the cloud measured by satellites
for ten polar directions and one wavelength) and one output: the radiance that reaches the bottom of the
cloud for a given wavelength. The best architecture was an ANN with three hidden layers, with 10, 20
and 14 neurons respectively, Gaussian function as activation function, learning rate of 0.832256 and
momentum equals to 0.152039.

Once the best architecture for each ANN is determined, the whole inverse problem is solved by
employing radiances data for seven wavelengths to the ANN of step-1, obtaining the radiative boundary
condition for the bottom of the cloud. After that, these seven radiance values, plus the levels of interest in
the atmosphere, are presented to the second ANN (step-2), to find the temperature for that level.

3.3 Preliminary results
Four test cases have been chosen, from the whole set of patterns, to test the methodology. As
mentioned before, the radiances for the seven wavelengths at the bottom of the cloud are firstly
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estimated. The temperature profile, from 1000 hPa up to 0,1 hPa, is estimated by the second ANN. The
region until 250 hPa is the most important vertical interval for numerical weather prediction, and only
this interval is shown. Figures 3 to 6 show the obtained results, and indicate the largest relative error for
estimated temperature, in the region between 1000 hPa and 250 hPa. It is clear the correlation between
the precision on the estimates of the radiances at the bottom of the cloud and the temperature profile
estimation.
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4. Conclusions

A methodology based on self-configured artificial neural networks to retrieve atmospheric
temperature profile from satellite data is performed under cloud covering. These preliminary results
show that the proposed technique produces satisfactory results, and it has great potential of use. Such
algorithm allows for obtaining information from images covered by thick clouds, where not either sign of
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microwave is able to supply reliable inversions. The results encourage us to apply the strategy out lined
here in more realistic experiments.
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