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Abstract. A methodology for retrieving vertical temperature profiles in the atmosphere with clouds from radiance
measurements made by satellite, using artificial neural networks, is presented. Vertical temperature profiles are
important initial conditions for numerical weather prediction models, and are usually obtained from measurements of
radiance using infrared channels. Though, when these measurements are performed in a cloudy atmosphere, it is not
possible to retrieve the temperature profile with current techniques. It represents a considerable loss of information,
since on average 20% of the pixels of the images have clouds. The methodology proposed here consists of a two step
inverse problem. The first step is an inverse problem of boundary condition estimation, where the radiance reaching the
cloud basis is determined from radiance measured by satellite. The second step consists in determining the vertical
temperature profile from the boundary condition estimated in the first step. The results obtained for four test cases show
that the methodology produces satisfactory results and has great potential for use, allowing to incorporate information
from a wider area of the planet and thus to improve numerical weather prediction models.
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1. INTRODUCTION

The numerical weather prediction is one remarkable scientific conquer for the twentieth century. Firstly, the weather
prediction was identified as an initial value problem at 1904 (known as Vilhelm Bjerknes’ theorem). However, the motion
equation for fluids is a very complicated problem. Indeed, there is no mathematical theory for solving the Navier Stokes
by analytical methods. In 1922, Lewis Fry Richardson has published a book proposing the weather predicting by solving
the complete Navier-Stokes using finite differences (Richardson, 1922). The scheme proposed by Richardson failed;
Lynch (2006) did an interesting report for the process, and an overview on the modern weather forecasting can be found
on Haltiner and Willias (1980).

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. Therefore, there is no information for a
considerable part of the Earth.

4364


mailto:oliva@petrobras.com.br
mailto:oliva@petrobras.com.br

ISSN 2176-5480

P. Oliva Soares, A.J. Silva Neto, H.F. Campos Velho, F.J.C.P. Soeiro
A Two Step Inverse Problem for Vertical Temperature Profile Retrieval in Cloudy Atmosphere Using Artificial Neural Networks

The goal of the present paper is to propose and evaluate an algorithm to identify atmospheric temperature profile under
all classes of clouds. The procedure can also be applied to other atmospheric properties, as humidity and gas concentration.
The idea is to combine two inversion procedures in the same framework: reconstruction of cloud bottom boundary
condition for RTE (Campos Velho, et al., 2002), and then retrieving the temperature profile (Shiguemori, et al., 2006),
as shown schematically at Fig. 1. For step-1, the RTE is a complete Boltzmann equation, which includes the scattering
process. In step-2, the RTE is expressed by the Schwarzchild’s equation, and the scattering phenomenon can be neglected.

Figure 1. Scheme of the proposed methodology

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
(Carvalho, et al., 2010), where an objective function is minimized in order to obtain an ANN with few neurons and fast
convergence. Multi-particle collision algorithm (Luz, et al., 2008) is the metaheuristic used for solving the optimization
problem, and it has shown good results to find out the optimized ANN.

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

2. 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 /, 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 8 (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, k; and 0,, and to a scattering phase function, p;, describing how light is scattered
in any direction. An extinction coefficient f; is defined as §; = k3 + 0;.

Assuming plane parallel atmosphere, considered a good approximation for planetary atmospheres (Lenoble, 1993;
Ozisik, 1973), where variations of all quantities at vertical direction are too much fast than that a horizontal directions,
the RTE is given by

o (z; u,
%% + Lz w o) =Sz d), @
where
wA 21 1
S1(Z @) = (1 — @)By(T) + Ef f Lz, oW, ¢ n p)du'dd’, @
¢=0/pu=-1

being u € [—1,1] the cosine of the incident polar angle 0, @, = 0, (s)/B;(s) the single scattering albedo and B, (T) is the
Planck function (Planck, 1901),
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By(T) = 2hc?
g 25 (ehc/kg/lT - 1) ’ )

where h is the Planck constant, ¢ is the speed of light at vacuum, kg the Boltzmann constant and 7 the absolute
temperature.

2.1 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: dt = [;dz), Eqgs. (1) and (2) can be rewritten as

ALyt 1,
w RAGT )+_j L__lla(f 1, eI, @' P)du’' de’, 4)

known as Boltzmann equation, subjected to boundary conditions

L0 u, @) = F6(u — uo)d(dp — o) (4a)
L(tg; —p, @) = G6(u — u1)6(¢p — 1) (4b)

where (ug, ¢o) and (i, ;) represent the polar and azimuthal directions of incident beams, F and G, at T = 0 (top of the
cloud) and t = 7 (bottom of the cloud).

To simplify the solution and to use some previous development done by Souto et al. (2006), 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,

dI )
L0 1, ) = F&(u — po)( — ¢o) (5)
IA(TO' —H, ¢) =0 (Sb)

and

dI ( ) ¢) 2t 1
p—a ZTM' =L@ wd) +%f fla(f:u’.rb’)p(u. o i, )du'dg’ ©6)
L0 d) =0 ’ .
IA(TO; —HU, ¢) = 65(/1 — ﬂ1)6(¢ - ¢1) (6b)

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 (). Thus, the total radiation can be written as the sum of these two components,

I(t;u, @) = L(t; 1, ) + I(T; 1, ). (7

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

I,(t; 1, ) = F&(u — p10)5( — dpo)e /o, ®)
for T € [0,74], # € (0,1] and ¢ € [0,2r]. Using Eq. (7) at Eq. (5), and considering Eq. (8), one obtains

2 1
dls(t; p,
# (Ic-l‘[l’l 7 = LT wd) + %f f L(t;p', dDp(u, é; 1, ¢)du'do’ o

+ 20 1, 3 o, o) Fe /4o
41
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1,(0; 1, ) = 0 (9a)
Io(to; —#,$) = 0 (9b)
The above is solved by the LTSN method (Barichello and Vilhena, 1993). 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 Eq. (9), first 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 (u) is discretized, and the integral is approximated by a Gauss-Legendre quadrature:

L N
di™(t, u; @,
#j% = —I"(1,p) + 702 ‘Ufnpzm(#j)z i P (u)I™ (T, 1) + S™ (7, 1) (10)
=1

I=m

forj = 1,2, ..., N, where 1; 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
()
s™(tw) =52 [Z wI“PP(u;)P{"(uo)l Fe™/to, (1
l=m

Applying Laplace transform on Eq. (10), the following system of equations on s is obtained (Barichello and Vilhena,
1993),

L N
Tm 1 Tm _ﬂ mpm m Tm —_m l_m
ST+ TS) Z”jlzzmﬁl P (u;);sz ") =@ +-57(5), (12)

where I™(s) = fom I™(1)e~*"dt. The matrix form of Eq. (12) becomes
MR ()™ (s) = I™(0) + S™(s), (13)

where the matrix My'(s), called the LTSN matrix, is given by My'(s) = sI + A™, where I is the identity matrix and the
A matrix is given by

an =1~ " , (14)

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

m(s) = [I7*(s) I*(s) ... I}(s)] (15)

m) = [1"(0) 15*(0) ... I§'(0)] (16)

§m(s) = [5{"(3) S7(s) 51'\7(5)]_ (17)
H1 ) HUn

In order to solve Eq. (13), it must be multiplied by the inverse matrix of MJ*(s), represented by B™(s), resulting in
I™(s) = B™(s)I™(0) + B™(s)S™(s). The inverse Laplace transform is applied to solve this equation, obtaining the
electromagnetic radiation field,

I(7) = B™(t)[™(0) + H™ (1), (18)

where B™ (1) = L71[B™(s)] and H™(t) = B™(t) * S™(7), and the convolution operation is denoted by *.
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2.2 Schwarzchild equation

For step-2, the medium is the atmosphere between the ground and the bottom of the cloud, that 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 (Liou, 2002)

dIA (T; U, ¢)
u—-

e ) = By(T), (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 7 and 7;, where T = 7,
refers to the ground surface. For remote sensing applications, it is assumed g = cos 8 = 1, and writing the result in terms
of pressure coordinates

Po a i
1) = B TGS + [ [wf(p)]# » 20)
Ps

where p is the atmospheric pressure, p, the pressure at the top of the atmosphere, p, the pressure at the surface and J(z) =
e~ " the monochromatic transmittance. The quantity 03 (v;, p)/0dp 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;+ B4
I; = Bis(T)Ti s + Z( Wt )[\5 ~ij-1)s @D

fori = 1,2, ..., Ny, where Nj is the number of spectral channels and N,, the number of atmospheric layers being considered.
3. SELF-CONFIGURED ARTIFICIAL NEURAL NETWORK

Artificial neural networks (ANN) are massively parallel and distributed 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 that have not been used
during the learning process. The abilities of learning and generalization make ANN able to solve complex problems,
especially highly nonlinear problems (Haykin, 2001).

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

vie = 0| D wig + by ), 22)
=1

where x; is the input vector, wy ; are the connection weights, by is the bias, y is the output of the k*" neuron and ¢ (+) is
the activation function. used to limit the output of the neuron to a finite value.

Figure 2. Single neuron model
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Three activation functions are considered in this work. The logistic function, with image between 0 and 1, is defined
by

p@) = T+ exp(—ad)’ (23)

where a is a slope parameter, considered here equal to one (Fig. 3a). The hyperbolic tangent function, with image between
-1 and 1, is defined by @ (¥9) = tanh(¥9) and represented on Fig. 3b. Finally, we also consider the Gaussian function,
written as @(9) = exp —(92), shown on Fig. 3c.

a
Figure 3. Activation function. (a) Logistic. (b) Hyperbolic tangent. (c) Gaussian
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. 4. The
number of neurons at input and output layers are defined by the problem being solved.

Figure 4. 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. 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 (W]l (n) - Wji (n - 1)) + iji' (24)
with

Awj;(n) = n §;(n) y;(n), (25)
where a is a momentum parameter, 7 is the learning rate and the local gradient &;(n) is defined by

5;(n) = e;m)g; (v;(m)) (26)

where e;j(n) is the calculated error. 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.
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For finding the best configuration of an ANN is an exhaustive task, because there are no rules to define the optimum
number of hidden layers, the number of neurons on each hidden layer, the best activation function, or the best values for
learning rate (1) and momentum («). The common procedure is to test several configurations of ANNSs, evaluate each one
manually and define which gave the best result.

In the last two decades, a number of authors are developing algorithms for automatically identify an optimal
architecture for the ANN (Costa et al., 2003; Carvalho et al., 2010; Rocha, 2012). The definition of the architecture for
an ANN can be formulated as an optimization problem, where each point in the search space represents one architecture.
Considering some objective function, that can take into account the training error, the size of the ANN or any other
parameter, the costs of all possible architectures compose a discrete surface of search, where the optimal one is that with
the performance as close as possible of a global optimum.

The objective function at the present work combines two error criteria and one penalty factor, being defined as
(Carvalho et al., 2010)

p1 X Etrain + D2 X Egen)

J(K) = penalt x(
P Y p1 + D2

@7

where p; and p, are weights that modify the relevance allowed to the training and generalization error, Eypqin and Egep,
both defined as

N
1
E= NZ(dk = ¥i)? (28)
k=1

where N is the number of patterns, d; the desired output and y; the calculated output. 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 we consider penalty = 1. Weights p; and p, assume the
values of 1 and 0.1.

The Multi-Particle Collision Algorithm (MPCA) is the metaheuristic used for solving the optimization problem given
by Eq. (26). MPCA is a new metaheuristic introduced by Luz ef al. (2008) as an extension of the Particle Collision
Algorithm (PCA), proposed by Sacco and Oliveira (2005).

The PCA has been inspired on the behavior of absorption and scattering of neutrons in nuclear reactors and resembles,
in structure, the simulated annealing algorithm. 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”, and the whole procedures is repeated until a stop criteria is reached.

MPCA is based on canonical PCA, but introduces the use of several particles, instead of only one particle, acting in a
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 pseudo-code for MPCA is presented by Fig. 5 (Luz et al.,
2008)
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Generate an initial solution Old_Config
Best_Fitness = Fitness (Old_Config)
Update blackboard
For n=0 to # iterations
For n =0 to # of particles
Perturbation ()

If Fitness (New_Config) > Fitness (Old_Config)
If Fitness (New_Config) > Best_fitness
Best fitness = Fitness (New_Config)

End if

Old_Config = New_Config

Exploration ()

else

Scattering ()
End if
Update blackboard

End for
End for

Figure 5. Pseudo-code of MPCA

ISSN 2176-5480

At the present work, the search space of MPCA is given by the parameters shown on Tab. 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.

4. RESULTS

4.1 Methodology

To solve the proposed problem, the methodology shown schematically on Fig. 6 will be used.

Table 1. Parameters of the search space of MPCA

Parameter Value

Number of hidden layers 1to3

Number of neurons in 1% hidden layer 1 to 32

Number of neurons in 2™ hidden layer 1 to 32

Number of neurons in 3™ hidden layer 1to 32
Learning ratio 0.0to 1.0
Momentum constant 0.1t00.9

Activation function

Logistic, Tanh, Gaussian
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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 coverage of the most important interval to the numerical
weather prediction (from sea level up to 250 hPa) (Liou, 2002). For the numerical experiments, properties for cumulus
cloud, with 1 km height, were considered (I3RC, 2012; WDC-RSAT, 2012) and are represented on Tab. 2 and Tab. 3.

Table 2. Cloud coefficients for the chosen wavelengths

Wavelength Single scattering Extinction Scattering
(zm) albedo coefficient (m?) | coefficient (m™)
14.95 0.346002 0.06655 0.02303
14.72 0.341669 0.06522 0.02228
14.50 0.337592 0.06398 0.02160
14.21 0.332327 0.06238 0.02073
14.00 0.32839 0.06120 0.02010
13.66 0.322336 0.05940 0.01915
13.34 0.316803 0.05777 0.01830

Table 3. Phase function coefficients

Coefficient Value Coefficient Value
Wy 1.0 37 0.04850
w; 2.44421 w; 0.02046
w, 2.97751 ;5 0.00825
w3 2.72090 w13 0.00319
wy 2.08455 ;4 0.00119
ws 1.39373 W5 0.00043
wg 0.83649 W6 0.00015
w; 0.45720 W, 0.00005
wg 0.23117 ws 0.00002
Wy 0.10904 w5 0.00001

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 (Fig. 7). 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.

Figure 7. Scheme of the neural network used to estimate temperature profile

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
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(Fig. 8). 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.

Figure 8. Scheme of the neural network used to estimate boundary condition

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.

4.2 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 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 here. Figures 9 to 12 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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Figure 9. Results for test case 1 — Largest relative error: 3%

4373



1,508
_. 8E09
8,09
7609
§E09

5E-09

Radiance (W mZ sr' nm*!

-
m
=1
©

3.E09

ISSN 2176-5480

22nd International Congress of Mechanical Engineering (COBEM 2013)
November 3-7, 2013, Ribeirdo Preto, SP, Brazil

©OExact

0o

0o

oo

152 15

1,E08

9.E09

8,E-09

7.E09

6,E-09

5E09

Radiance (W m? sr' nm')

4,E09

3,E09

148

1486 144 142 14 138 136 134 132
‘Wavelength (um)

Figure 10. Results for test case 2 — Largest relative error: 6.3%

©Exact
OEstimated

!

152 15

9.E09

8E09

TE09

6,E-09

5E09

Radiance (W m2 sr-' nm-)

4E09

3E09

148

146 144 142 14 138 136 134 132
Wavelength (pm)

Figure 11. Results for test case 3 — Largest relative error: 4.6%

©Exact

DEstimated

152 15

148

145 144 142 14 138 136 134 132
‘Wavelength(um)

Figure 12. Results for test case 4 — Largest relative error: 8%

4374



ISSN 2176-5480

P. Oliva Soares, A.J. Silva Neto, H.F. Campos Velho, F.J.C.P. Soeiro
A Two Step Inverse Problem for Vertical Temperature Profile Retrieval in Cloudy Atmosphere Using Artificial Neural Networks

5. 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 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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