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Abstract. In this paper a non-linear formulation

of Hopfield neural network is applied to the prob-

lem of retrieving vertical temperature profiles in

the atmosphere from satellite data. This estima-

tion is a key issue in meteorology, since it provides

an important input for numerical weather predic-

tion codes. This is a fundamental procedure in the

Southern Hemisphere. This inversion process is

a non-linear reconstruction, therefore a non-linear

version of the standard Hopfield neural network is

used to approach the problem. Results are com-

pared with inversions obtained from regularized so-

lutions.

INTRODUCTION

The retrieval of vertical temperature profiles in

the atmosphere from the satellite data is a funda-

mental issue in numerical weather prediction mod-

els. It is particularly important in the Southern

Hemisphere, where there are large areas uncovered

by data collecting ground stations.

The resolution process requires the inversion of

the radiative transfer equation (RTE) where the ra-

diation is measured in different frequencies, related

to the energy from different atmospheric layers.

A nonlinear inversion procedure based on a Hop-

field neural network (HNN) is used to approach the

problem [1]. The advantage of using HNN is in the

fact there is no need of set target data for training

purposes. Inversion results for synthetic radiance

data show good reconstructions, similar to the pro-

files obtained with regularized solutions to recover

the temperature profile [2, 3].

THE NONLINEAR INVERSION METHOD

The relation between radiation intensityI from

the Earth, for a given temperatureT , is described

by the by the Planck equation [4], if the system

Earth-atmosphere can be considered as a black

body. If this temperature is dependent on some

other parameter, for example, the pressurep, one

must consider the intensity of the radiation in a

given interval, and the Planck function can be writ-

ten as,

Iλ =
8πhc

λ5

∫ p2

p1

[
1

ehc/λkBT (p) − 1

]
∂Γ
∂p

dp (1)

in which∂Γ/∂p is the variation of radiance against

the pressure (p), andλ is the wavenumber of the

radiation. For a given temperature profile, the com-
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putation of the radiance is a simple and well-posed

problem, where the integral in equation (1) can be

calculated by the Gauss-Legendre quadrature. This

is the forward problem. On the other hand, the

inverse problem consists on the computing of the

temperature profile,T (p), from the intensity of the

radiation. The inverse problem is a more difficult

task, because it represents a highly ill-conditioned

Fredholm integral equation of the first kind. This is

the problem to be considered at the present work.

An efficient new approach to handle nonlinear

ill-posed problems has been presented recently [1].

This scheme is based on recurrent neural network

method resulting in a set of differential equations,

analogous to the Hopfield model [5].

Following the linear case, an energy function is

defined as [5, 6],

E =
1
2

Nλ∑
j=1

e2
j =

1
2

Nλ∑
j=1

 Np∑
i=1

Kij

− Ij

2

(2)

with ej ≡ (
∑

i Kij)−Ij . The quantitiesIj andKij

are, respectively, the radiation intensity, and the

matrix (discrete) representation of the integral term

in equation (1) (with scaling factor – not shown):

Kij =
8πhc/λ5

i

ehc/λikBTj

(
∂Γ
∂p

)
pj

wj (3)

being pj , wj nodes and weights of the Gauss-

Legendre quadrature. The number of experimental

data (satellite channels) are represented byNλ, and

Np stands for the size dimension (number of atmo-

spheric layers). After the conditiondE/dt < 0,

imposed on (2), a set of differential equation are

established [1]

dui

dt
= −

Nλ∑
j=1

∂Kij

∂Ti
ej (4)

being the temperatureTi connected to the state

variable by the following activation function:

Ti(u) = tanh(ui(t)) . (5)

Therefore, it is easy to get initial conditions for the

system of differential equations (4) from a initial

profile (first guess) of the atmospheric temperature.

RESULTS AND DISCUSSIONS

The inverse problem turns out to be highly un-

derconstrained since, due to technological limita-

tions, the number of observations corresponds to

a fraction of the number of temperatures to be esti-

mated. For instance, in the example presented here-

after, 40 temperature values are estimated from 7

radiance measurements (meaningNp = 40, and

Nλ = 7). In practice, operational inversion algo-

rithms reduce the risk of being trapped in local min-

ima by starting the iterative search process from an

initial guess solution that is sufficiently close to the

true profile.

Noiseless Data

In order to evaluate the Hopfield network using

non-linear system, a simulation was performed to

generate the radiance data using the integral radia-

tive transfer equation (1), with a known tempera-

ture profile. Figure 1 shows the generated radiance

data. The results obtained by the non-linear Hop-

field neural network presented a very good agree-

ment with the exact temperature profile (residual

error of 0.3%) as can be seen in Figure 2.
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Figure 1: Simulated radiance satellite data.
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An isothermal profile equal 280 K was estab-

lished as apriori (initial guess) information for the

system. The evolution of the neurons can be seen

in Figure 3, which shows it learning along the time

and convergence to it own state. In this present case

noiseless radiances were considered.
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Figure 2: Inverted temperature profile, initial guess and

ITTP-5 comparative profile.

The good performance of the Hopfield neural

network to invert simulated radiance data to obtain

the temperature profile in the atmosphere, suggests

the use of radiance experimental data, as discussed

later.

Experimental Data

The inversion for the atmospheric temperature

is now compared within situ radiosonde measure-

ments, and using radiance data from the High Res-

olution Radiation Sounder (HIRS-2) of NOAA-14

satellite.

The results, as expected, presented a strong os-

cillation compared to the temperature profile com-

puted by the ITTP-5 (International TOVS Process-

ing Package - version 5), due to the noise in the
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Figure 3: Neurons (ui(t)) evolution with time.

observational radiances. For solving this oscilla-

tion problem – obtaining smoother results – a mo-

bile average was applied. The final result showed

a good agreement between the HNN retrievals and

the radiosonde measurements for the range of 200-

1000 hPa, as showed in Figure 4. A initial guess

of 259 K was considered. The initial guess was de-

fined by minor solution error for each isothermal

temperature profile, Figure 5.
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Figure 4: Inverted temperature profile for experimental

data, initial guess and ITTP-5 comparative profile.

It should be pointed out that the retrieval from

the ITTP-5 is dependent on the initial guess, poor
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reconstructions are obtained when a homogeneous

initial profile is considered [2, 3]. However, the de-

pendence of the final solution on a good choice of

the initial guess represents a fundamental weakness

of such algorithms, particularly in regions where

lessa priori information is available [7]. This is the

main reason for considering alternative algorithms

for this very important inverse problem.
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Figure 5: Solution error.

CONCLUSIONS

This paper presents results of retrieving vertical

temperature profiles from satellite data. A non-

linear Hopfield neural network is applied to ap-

proach the problem. The conducted experiments

use simulated and real life satellite radiance data.

The results are encouraging in the sense that the

non-linear Hopfield neural network has achieved

good inversions. However, the paper shows partial

results and the proposed non-linear model needs to

be validated on different data sets.
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