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Nonlinear Principal Component Analysis for
the Radiometric Inversion of Atmospheric
Profiles by Using Neural Networks

Fabio Del Frate and Giovanni Schiavon

Abstract—A new neural network algorithm for the inversion of the brightness temperatures measured by a seven-channel
radiometric data to retrieve atmospheric profiles of temperature microwave radiometer. The results show that the combined
and vapor has been developed. The potentiality of the neural 514qrithm, if compared with a linear regression technique, can

networks has been exploited not only for inversion purposes but . Id t tri land i flexibl d robust
also for data feature extraction and dimensionality reduction. yield a more accurate retrieval and IS more tiexible and robust.

In its complete form, the algorithm uses a neural network In this paper, a nonlinear principal component analysis
architecture consisting of three stages: 1) the input stage reducesbased on NN replaces the NOF algorithm. This analysis can

the dimension of the input vector; 2) the middle stage performs pe applied to either the input or the output vector, so that,
the mapping from the reduced input vector to the reduced output j, the inversion phase, the nonlinear principal components of

vector; 3) the third stage brings the output of the middle stage to the at heri fil be derived f th i
the desired actual dimension. The effectiveness of the algorithm € almospheric profiles can beé derived from the nonlinear

has been evaluated comparing its performance to that obtainable principal components of the radiometric measurements. This
with more traditional linear techniques. inversion is again performed by a neural network.

Index Terms—Atmospheric profiling, macrowave radiometry,
neural networks. II. NONLINEAR PRINCIPAL COMPONENT ANALYSIS

Principal component analysis (PCA), or NOF expansion, is
|. INTRODUCTION a technique for mapping multidimensional data into lower di-

HE RATIONALE for a reduction of dimensionality in mensions with minimal loss of information [8]. The mapping,
T remote sensing inversion problems mainly lies on the fafPm £ t0 R/, has the form

that, in many cases, reducing the number of input and output (7] = [Y][P] (1)
variables can lead to improved performances for a given data

set. The mapping fixed by the data may be better specifiedifiere [Y] is the n x m matrix of the original data s
a lower-dimensional space, and this compensates for the lgggervationsy variables)[7] is then x f (f < m) matrix of
of information [1]. For these reasons inversion algorithms f@he components (features), afid is them x f matrix which
the retrieval of atmOSpheriC pI‘OfileS based on the expansigérforms the mapp|ng The Co|umns[6ﬂ are the eigenvectors

of the unknown quantities in terms of a base of princip@orresponding to thef largest eigenvalues of the covariance
components [2] or natural orthogonal functions (NOF) [3hatrix [B] (m x m) of [V]

have been proposed [4], [5]. A few functions describe each

profile with a satisfactory level of accuracy, and therefore the [B] = 1 [V]7[Y] )
retrieval process reduces to the estimation of the coefficients n
of the expansion. _ solution of the eigenvalue problem
Artificial neural networks (NN) have been recognized as
being a powerful tool for remote sensing of atmosphere as well [B][P] = [P][N (3)

[6]. Their use in statistical estimation is often effective because ) ) )

they can simultaneously address nonlinear dependencies Whgre[A] is a f x f diagonal matrix whose elements are the

complex statistical behavior. f largest eigenvalues ¢8]. These eigenvectors represent the
A first attempt to combine the properties of both NN anarst f natural Orthogonal functions. The factorization (Iinear

NOF is reported in [7]. Atmospheric profiles were expande#@nsformation) offY’]

on a base of natural orthogonal functions, and the coefficients _ T

of the expansion were estimated with a neural network from Y] =[P7] + (2] (4)

is optimal in the sense that the Euclidean norm ofsthe m
Manuscript received November 9, 1998; revised June 7, 1999. This waisidual matrix[E], norm([E]), is minimized for the given
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. ) o o Fig. 2. Samples of profiles from the dataset of Fig. 1.
Fig. 1. Two level temperature profile dataset distribution with linear corre-

lation.

In nonlinear principal component analysis (NLPCA) [9], the
mapping into feature space is generalized to allow arbitrary
nonlinear functionalities. Analogous to (1), the mapping is
expressed in the form

(7] = [GI(YD) (6)

where [G] is a nonlinear vector function, composed §f
individual nonlinear functions|G] = {Gi, Ga, ---, G},
analogous to the columns @P]. The inverse transformation,
restoring the original dimensionality of the data, analogous
to (5), is implemented by a second nonlinear vector function

161

temperature at 500 m height (CC)
o

[H] = {H17H27 "'7H7n} 8t fegert

Y] =[H|[T]). () !
Analogous to PCA, the functioni&] and [H] are selected to 5 10 12 T 18 20 2
minimize norm{[E]). ground temperature (OC)

If nonlinear correlation between variables exists, NLPCA i o ) )
will describe the data with greater accuracy and/or by fewgé%-reg;étic;lxlo level temperature profile dataset distribution with nonlinear
components than PCA. A simple example can help to under-
stand this statement. . . o

Consider the set of atmospheric temperature profiles, cf@'—s case, again, the two principal axes are drawn as dashed

scribed by the two temperature values at ground level and iQFS’ but a very poor approximation of the data is obtained
500 m height, which is plotted in Fig. 1. Each point represen

sing only one principal component, with a variance in the
a different profile and some samples are drawn in Fig. 2 f{)(?c:onstruction error of 8.04 and 12.56 for the first and the least
reference. The points in Fig. 1 are mainly distributed alon mponent, respeg:uvely. If, on the other hgnd, the mappmg_to
a straight line, showing little dispersion in the orthogona{ e_feature space is performed _by the nonlinear t_ransformatlon
direction. The PCA identifies the two principal axes draw hich maps rectangu_lar coordinates to polar with respect to
in the figure as dashed lines, and the use of only the fif _cen(;cer _Of thel ellr|]pse, Ia much Ibe;ccter appro>_<|mat|qn IS
principal component for the representation of the data Ieadsq%ta'ne using only the polar a.ngdie n act,. a variance in

a variance in the reconstruction error of 0.03 (versus a val reconstruction error .Of 0.04 is obtained in this case, while
of 13.79 using only the least principal component), while th € use of only the radiup leads to a value O.f 41'22'. For
variances of the original temperatures were 8.39 and 5.43s reason, the anglé can be considered our first nonlinear

respectively principal component.
A different set of profiles is shown in Figs. 3 and 4. In
this case the points in Fig. 3 are mainly distributed around l1l. A UTOASSOCIATIVE NEURAL NETWORKS

an ellipse, representing profiles with greater variability in To generate the functior[§&7] and [H] of previous section,
the slope and with ground temperature inversions (Fig. 4). énbasis function approach can also be used. Cybenko [10] has
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500 ‘ . 1 . . where N is the number of the training exampleg,(x™)
represents the output of unit as a function of the input
vector x™, and the quantityc} represents the desired value
400+ { for output unit £ when the input vector isx™. Such a
network is said to form an autoassociative mapping. Error
minimization in this case represents a form of unsupervised
300} 1 training, since no independent target data is provided [12].
The network can be viewed as two successive functional
mappingsF; and Fs. The first mappingF; (performed by
200 1 the LS) projects the originai-dimensional data onto am/-
dimensional subspace defined by the activations of the units in
the central hidden layer. Because of the presence of nonlinear
100t 1 units, this mapping is essentially arbitrary, and in particular
not restricted to being linear. Similarly the second half of the
network (RS) defines an arbitrary functional mapping from
O 10 2 ” 16 18 20 > the M-dimensional space back into the origiratiimensional
temperature (C) space. The described network performs a NLPCA. It might
be thought that these arbitrary mappings can be performed
by a net with one hidden layer, obtained by the one of
Fig. 5 removing the mapping and demapping layers, provided
shown that functions of the following form are capable ofhat the bottleneck layer has nonlinear (sigmoid) activation
fitting any nonlinear functiorfv] = f[«] to an arbitrary degree functions. However, it was shown by Bourland and Kamp

height (m)

Fig. 4. Samples of profiles from the dataset of Fig. 3.

of precision [13] that, in this case, the PCA analysis is the one providing
~ N the minimum error on the representation of the data in a
= = subspace with reduced dimensionality. There is not therefore
= i1t + 0; 8 i . 2 .
Yk ; Wik2e ; Wigtthi + 01 ® any advantage in using the net with one hidden layer to

perform dimensionality reduction. Another comment is that,
where o(z) is any continuous and monotically increasingising the NLPCA analysis, it may be necessary to train and
function with o(z) — 1 asz — +oo ando(z) — 0 as compare several networks having different valuedbto be

x — —oo. A suitable function is the sigmoid able to specify the proper number of components to be used.
1 A convenient strategy might be that of exploiting the PCA
o(z) = [ (9) properties and select this number using the linear approach.

The actual representation in the lower-dimensionality space
Equations (8) and (9) are the describing equations for a feg@ then be realized with the NLPCA technique.
forward NN with IV, inputs, a hidden layer containing, Examples of autoassociative networks capable of providing
nodes with sigmoidal transfer functions, and a linear outpybod one-factor representation of data of the kind of those
node for eachith component ofiv]. In (8), wi;; represents yeported in Fig. 3 can be found in [9], [14].
the weight on the connection from nodein layer [ to
node j in layer ! + 1. The # are nodal biases, treatable as
adjustable parameters like the weights. More details on NN IV. THE GLOBAL INVERSION PROBLEM
of this type are given in [11]. Here, we emphasize that (8)

. . Although the dimensionality reduction, operated on either
and (9) are showing that multilayer neural networks can l?ﬁe input or the output vector, can lead to an optimized

used to perform nonlinea_r (_jim_ensionality re_duction, th_ere%finition of the inversion problem, it does not perform by
overcoming some of the limitations of NOF linear algorlthmi’[self the inversion from the measured data to the desired

Consider then a multilayer perceptron whose topology hBﬁrameters Therefore. three sta
- . . , ges are needed to complete
Fhe form shown in F'g' 5,_havmg aleft-hand stage (LS) Mtht e retrieval algorithm, as shown in Fig. 6. The first neural
inputs and a mapping (hidden) layer, one bottleneck (hidd t Ny, which is the LS of a net, as in Fig. 5, performs the

Iaz:ﬁr Wi(;h M ur_lits Q\fdj ), Iand a rrght'?antd St_"’t‘ge_l_(ﬁs)dimensionality reduction of the input. This net, processing the
with a demapping (hidden) layer a ' OUtput Units. IN€ 5t data, provides the mappidg described in the previous
targets used to train the network are simply the input VeCtIR ion. The middle net Nwill carry out the pure inversion

Fhemselves, S0 th_at the network is attempting to map 3 ase. Its input and output units are hidden units of the neural
input vector onto itself. Due to the reduced number of uni et N given by the connection of networks NNy, and N

in the central layer, a perfect reconstruction of all inputs 5, " 14 et N (RS of a net, as in Fig ,’5) Qe,xecutes'the
not possible, in general, but the network can be trained Pr¥apping F, of the previous s,ection on the output of net
minimizing a sum-of-squares error of the form

N, yielding the predicted vector after having transformed
d its dimension to that of the original data. The topology and

E=1% Z {yn(x™) — 2} }? (10) the weights characterizing each net are calculated separately

n=1 k=1 so that the nets can be optimized for their specific different
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Fig. 5. Topology of an autoassociative multilayer perceptron.

INPUT
MAPPING
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Fig. 6. Topology of the net performing the global retrieval algorithm.

task. Note that nets Nand N; can easily implement a NOF mosphere, have been used [15]. All profiles contain clouds.
algorithm and in the same way net;Ncan implement a Realistic and physically acceptable humidity and tempera-
linear regression model so that the Bétrepresents a generaltyre irregularities as well ground-based inversions are also
inversion procedure including linear models as special casgse|uded. Liebe’s millimeter-wave propagation model (MPM)
[16] has been used to compute the brightness temperatures
V. RESULTS as would be measured with a ground-based microwave ra-

The algorithm described in the previous section has bedipmeter aiming at zenith at the following seven frequencies:
applied to retrieve atmospheric profiles from radiometric dat&2-235, 23.87, 31.65, 51.25, 52.85, 53.85, and 54.85 GHz.
Two sets (training and evaluation) of 1783 and 1662 temihese values define the actual channels of a new-generation
perature and water vapor profiles, respectively, statisticaligdiometer designed and developed under a European Space
generated starting from the midlatitude summer standard Agency (ESA) contract by Officine Galileo, Florence, Italy
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[17]. To simulate noise in the radiometric channels, random ,,
fluctuations with 0.5 K standard deviation (representative of
the performance of the mentioned radiometer) have been added
to the brightness temperature data. Ground measurements ofg |
surface temperature and relative humidity have also been
considered.

The dimensionality reduction of the inputs (measurementsy 6
could be very useful in the case of hyperspectral and/cf
scanning remote sensing instruments, with hundreds or evén
thousands of channels which can be correlated to one anothér.4 |
For example, Westwatest al. [18] perform atmospheric tem-
perature profiling by means of a multifrequency (7) scanning
(50 angles) radiometer. In this case the degree of redun-
dancy is considerable and the measurements dimensionality
is conveniently reduced from 350 to 9 using a singular value 0 L
decomposition (SVD) [19]. 0 0.2 0.4 0.6 08 1 1.2 1.4

In our case, with only seven radiometric channels, which temperature rms (K)
have been chosen to give different pleces of Informat_lon’ aES 7. The rms representation accuracies of temperature profiles using seven
one ground measurement, the reduction of the dimension of #@F (dashed curve) and seven nonlinear components (solid curve).
input vector did not show to provide significant improvement
in the inversion process. For this reason it has not been applied, 10
while seven nonlinear principal components have been used
for the output (starting from the initial number of 33 levels
discretizing the profile) which guaranteed a satisfactory level 4|
of representation. This means that the net used was made up
by only sections B and N; of Fig. 6.

Using sigmoidal functions a scaling procedure is generallyg 6
recommended to prevent the input values from being in th&
saturated regions. In this study, the input variables of thef;
autoassociative networks have then been linearly transformed 4
to have all values comprised in the rangel, 1]. Similarly,
being the outputs units characterized by sigmoidal functions,
the output variables have been scaled to have all values varying ? [
in the range[o, 1].

Several attempts have been made to properly choose the

T

number of hidden units to insert in the LS and RS stages of o 0.2 0.4 06 08 1

the autoassociative NN which performs the NLPCA of the vapor rms (g/m3)

atmospherlc prOfIIes' The foIIowmg two topologles have begi] . 8. The rms representation accuracies of water vapor profiles using seven
selected: 33-18-7-18-33 for the case of temperature and (dashed curve) and seven nonlinear components (solid curve).

30-7-30-33 for the vapor case. The hidden layer of Netof

Fig. 6 has been made up by eight units for temperature and ) i

12 units for vapor. Therefore, the resulting topology of th@S alref’;\dy performed n [5]. In gengral, the accuracies of
net performing the global algorithm has been 8-8-7-18-33 ithe retrievals ob_talned with the two different te_chnlques are
temperature and 8-12-7-30-33 for vapor. comparable, while for the extreme cases, which are those

The rms representation accuracies, for both temperature ¥ff the presence of ground inversions for temperature and
vapor profiles, using seven nonlinear principal components &fthick clouds for vapor, the nonlinear technique performs
plotted in Figs. 7 and 8 compared to those obtained with tR§ter. Observe in Fig. 9 (bottom) how the temperature profile
same number of linear principal components. The behavi&trieved with the nonlinear inversion approaches the value of
of PCA and NLPCA is quite similar for temperature (Fig. 7fhe ground inversion more precisely than the linear technique,
while NLPCA achieves a reduced rms error profile in the ca¥dile the estimation is essentially equivalent with no inversion
of vapor (Fig. 8). (top). In Fig. 10, two samples of vapor profiles are plotted.

As far as the complete inversion process is concerneld)e bottom graph shows the improved ability of the nonlinear
some examples of retrieved temperature and vapor profiles tgehnique to follow sharp variations in the profile, particularly
plotted in Figs. 9 and 10, respectively. The profiles retrievett the boundaries of a thick cloud, where the linear one tend to
with the technique described in this study are compared wigmooth out the retrieved profile. The estimation is comparable
the actual profiles and with those retrieved by means ofwhen low cloud liquid is present, as shown in the top graph.
linear technique which estimates the coefficients of the NOFThe overall retrieval accuracy is reported in Figs. 11 and
expansion (PCA) of the profiles with a linear regressiod,2, where the profiles of rms error of retrieved temperature
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Fig. 10. Examples of vapor profiles from the considered data set (solid line),

0
260 265 270 275 280 285 290 295 300 linear retrieval (dotted line), and nonlinear retrieval (dashed line).
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Fig. 9. Examples of temperature profiles from the considered data set (solid 10 T
line), linear retrieval (dotted line), and nonlinear retrieval (dashed line).

and vapor, respectively, for both the linear and the nonlinear °
technique are plotted. The standard deviation curves, also
plotted in the figures, give tha priori profiling accuracy = 6f
without measurements. The graphs show that the rms errér
values of the retrieved atmospheric quantities are smaller fcﬁs
NLPCA than for PCA for all levels in the profiles. This = 4
means that the nonlinear technique provides a better retrieval
accuracy than that of the linear one.

Fig. 13 reports the retrieval accuracy of vapor for profiles 2|
with the highest liquid content/{ > 2 mm). In this case the
gap between the rms error profiles corresponding to the linear . . . s . .
and the nonlinear retrievals has grown wider with respect to Oo 015 1 1f5 5> 25 3 35 4 45 5
Fig. 12, confirming at an ensemble level what was already temperature rms (K)
observed at single-profile level when commenting Fig. 10. ) ) - )

It could be observed that the nonlinear method iS MOfEievs), dashed ine. Inear retieval, and dotied ne: standard deviation o
complex than the linear one. In fact, more adaptive coefficientsfiles from their means.




DEL FRATE AND SCHIAVON: NONLINEAR PRINCIPAL COMPONENT ANALYSIS

height (km)

1.5 2
vapor rms (g/m3)

2341

VI.

A NN-based algorithm for the inversion of radiometric
data to retrieve atmospheric profiles has been presented. In
the algorithm the pure inversion phase is combined with
pre/postprocessing of the data and both tasks are performed
using NN. This means that the NN potentialities are exploited
either to face the nonlinearities characterizing the inversion
problem or to implement a nonlinear principal component
analysis of the input and of the output vectors. This latter
finds and eliminates nonlinear correlations in the data and has
been carried out by means of autoassociative neural networks,
containing a bottleneck hidden layer and trained to learn
an identity mapping. The final proposed retrieval scheme
illustrates an inversion procedure operating according to the
described approach but also including the linear techniques as
by-product.

Results obtained with the considered new methodology have

CONCLUSIONS

Fig. 12. Profiles of rms error of retrieved vapor. Solid line: nonlineaheen compared with those of linear algorithms. The advan-

retrieval, dashed line: linear retrieval, and dotted line: standard deviation
profiles from their means.

€
=
E
=y
[
= -
. . . .
0 0.5 1 1.5 2 2.5 3 35 4
vapor rms (g/m3)
Fig. 13. Profiles of rms error of retrieved vapor in casd.of 2 mm. Solid

line: nonlinear retrieval and dashed line: linear retrieval.

t%jges of the neural processing are concerned either with the
representation of the data in a lower-dimensionality space or
with the retrieval capabilities in the global inversion problem.
Particularly, the considered algorithms are more precise in the
estimation of ground inversions and sharp variations in the
atmospheric profiles, providing results comparable with those
obtained using linear techniques when profiles are closer to
those characterizing the average atmospheric conditions.
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