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Introduction 
A Principal Component Analysis 
(PCA) is concerned with the under- 
standing of the covariance structure 
through a few ‘significant’ linear com- 
binations of the original variables, the 
motivations being twofold. First, it 
enables us to compress data signifi- 
cantly when in presence of correlated 
variables. Secondly, it allows us to 
attempt understanding the physical 
meaning of the data.While in the engi- 
neering sciences, the primary motiva- 
tion is the first one, in the geophysical 
sciences, it is particularly important to 
discern any physical information con- 
tent that may be present in the 
extracted principal components (Pre- 
isendorfer, 1988). Given a space-time 
data set {X(s,t), s=1,2, ..., m; 
t= 1,2,. ..,n } , the spatio-temporal behav- 
ior of the physical field X can be 
decomposed into an uncorrelated set 
of m time series or n spatial fields 
depending on the PCA mode.If we 
drop the requirement of uncorrelated- 
ness and allow nonlinear functions of 
the original variables we can gain sig- 
nificantly in terms of data compres- 
sion. Furthermore, the lack of 
uncorrelatedness per se, may not nec- 
essarily preclude us from trying to 
understand the physical meanings of 
the fields or time series derived using a 
nonlinear mode of analysis. We can, in 
fact, by using an auto-associative neu- 
ral network perform in a nonlinear 
fashion a task equivalent to the extrac- 

tion of principal components.Such a 
task has been termed ‘nonlinear prin- 
cipal component analysis (NLPCA)’ 
by some authors (Cramer, 1991). This 
paper deals with a geophysical data 
set, that of precipitation over the North 
American continent during the decade 
1979 - 1988. In choosing this data set, 
we anticipated an NLPCA applied to 
this data set may provide additional 
insight into the physical process. The 
data set is described in the next sec- 
tion. Neural Networks used in this 
paper is described in the following 
section . The final section presents 
some results and conclusions. 

Data 
The data used in this study consists of 
precipitation observations gridded to a 
4degree by 5 degree latitude, longi- 
tude lattice. The observations are from 
surface stations over land and satellite 
MSU estimates, Spencer( 1993), over 
the oceans. The bulk of the analysis 
grid used here is over the United 
States where the observational net- 
work provides reliable precipitation 
fields. the data are monthly averages 
for the 120 months from January 1979 
to December 1988. The 120 month 
mean was subtracted from each grid- 
point to form the deviations. The sea- 
sonal cycle was retained since it was 
of interest to compare how well the 
GCMs simulated this cycle. The data 
comprised a matrix of 120 time points 
at 95 space points. Figure 3 shows the - - - 

DISTRtWrrlON OF THIS DOCUMENT IS UMLlMlTEO 

73 



spatia1 coverage of the data. 

Artifical Neural Network 

Connection with Principal Compo- 
net Analysis ( PCA) 

PCA is an essential technique in data 
compression, feature extraction, com- 
pact coding and computational effi- 
ciencyh the context of 
climatological data analysis the con- 
straints and interdependency of spatio- 
temporal data can be identified and 
redundancy eliminated by the use of 
PCA. For example, the use of PCA is 
commonplace in climatological litera- 
ture (Preisendorfer, 1988) and MPEG 
Video Compression is based on the 
same principle (LeGall, 199 l).Briefly 
speaking, if x is a centered n-dimen- 
sional vector, PCA extracts p (<=n) 
linear combinations W x of the com- 
ponents of x where W is a p x n matrix 
of weiights subject to the constraints 
that (a) the variance of each linear 
combination appearing as elements of 
W x is maximized and (b) the 
extracted linear combinations are 
mutually orthogona1.h practice one 
solves the eigensystem for the sample 
covariance matrix say, C with the 
resulting p dominant eigenvectors rep- 
resenting the principal vectors. Sev- 
eral workers in the Neural Network 
community have related (Bourlard and 
Kamp, 1987;Baldi and Hornik, 1989; 
Sirat, 199 1, Oja, 1992) multilinear 
perceptron learning by back propaga- 
tion algorithm with principal compo- 
nents extraction in classical statistics. 
Becker (1991) gives a comprehensive 
survey relating PCA models to unsu- 
pervised learning neural networks. 
While neural networks can derive the 
principal components, the self-orga- 
nizing rules of PCA perform very 
poorly when outliers are present. Xu 
and Yuille (1 995) discusses the prob- 
lem and present robust self-organiz- 

ing rules of PCA extraction based on 
statistical physics approach. In sug- 
gesting a transition from linear to 
‘nonlinear’ principal components 
(sometimes called ‘principal mani- 
folds’), Demers and Cottrell(l992) 
argues that PCA finds an optimal lin- 
ear subspace on which one projects the 
data with minimum loss of informa- 
tion (in the sense of ‘explaiGd’ vari- 
ance in the data). However, if the data 
lie on a nonlinear submanifold of the 
feature space, then the number of 
dominant PCs will overestimate the 
dimensionality. Take for example data 
from a sampled from a 3-d helix. The 
covariance will have a full rank (=3) 
with 3 distinct eigenvaue/eigenvector 
pairs leading to 3 distinct principal 
components. However, the intrinsic 
dimensionality of any 3-d curve such 
as a helix is one since it can ordinarily 
be parametrized by a single parame- 
ter.Furthermore, as has been observed 
by other authors (Gamer, 1991; Oja, 
199 1; Usui, Nakauchi and Nakano, 
1991 and Demers and Cottrell, 1992), 
the addition of hidden layers between 
the inputs and the representation layer 
as well as between the representation 
and the output layer provide a network 
which is capable of learning nonlinear 
representation als0.h the process, one 
achieves what may be termed a non- 
linear analogue of PCA.In the follow- 
ing we present the sketch of such a 
network.(Fig. ) The network consists 
of five layers which are fully intercon- 
nected. In addition to the input and 
output layers which are identical since 
the network is made to be auto-asso- 
ciative, we have a central representa- 
tion layer (where the principal 
manifolds or nlpcs are generated as 
outputs) and two identical layers 
placed on the two sides of the repre- 
sentation 1ayer.These last two layers as 
described above are called the encod- 
ing and decoding layer respectively. 
The training algorithm which is essen- 



tially adjustment of the connection 
weights to minimize the vector differ- 
ence between the target and the net- 
work output is based on the back 
propagation of error algo- 
rithm.(Rumelhart and McClelland, 
1986) 

Network Architecture 

Although there are no specific guide- 
lines for the choice of the number of 
nodes in the encoding and the decod- 
ing layer, Kramer (1991) provides 
bounds based on the principle that the 
number of weights in the network 
should be a fraction of the number of 
constarints imposed by the data set. A 
few simplifying assumptions then lead 
to the constraints 

where M1 , M2 are respectively the 
sizes of the encoding and the decoding 
layers and n is the size of the training 
set. 

In determining the size of the repre- 
sentation layer three different 
approaches have been indicated in the 
literature. Demers and Cottrell(l992) 
suggest a ‘pruning’ method based on 
successive elimination of representa- 
tion nodes by penalizing variances. 
This results in encodings of minimum 
dimensionality with respect to allow- 
able reconstruction error. Kramer 
( 199 1) on the other hand introduces a 
sequential determination of the nlpcs 
one at a time similar in spirit to its lin- 
ear counterpart, namely the PCA 
extraction algorithm. Applied in this 
context, it amounts to using in a recur- 
sive manner the same network in fig. 
except with a single node in the repre- 
sentation layer and in each recursion 
feeding the residual matrix obtained 
from the previous stage as the UO pair. 
The residual matrix is simply the error 

matrix obtained by subtracting the out- 
put of the trained network from the 
input. The procedure stops when 
either a desired number of nlpcs have 
been extracted or a desired level of 
accuracy has been attained in the 
residual matrixh yet a third method, 
instead of a sequential procedure, we 
may simply decide to use a fixed num- 
ber p say, of nodes in the re6esenta- 
tion layer and extract the p nlpcs. This 
will however preclude any ranking of 
these nlpcs. In our work, we have used 
the last two methods only. 

Analysis 
The PC analysis used the standard rou- 
tine, PRINC from IMSL (1994) to 
compute the principal components 
from the covariance matrix computed 
from the data consisting of the 120 
time points at 95 space points. 
The same data were used as input to 
the neural net described above. 

Results: 
The results will focus on the first com- 
ponents of each method since these 
represent the seasonal cycle and allow 
a fairly direct interpretation in the lim- 
ited space available in this paper. 
Figure 3 shows the projection of the 
first nlpc onto the data. This spatial 
distribution allows for some physical 
insight into the components. The pro- 
jection for the first PC was very simi- 
lar overall, with some differences in 
detail. From the times series in Figs. 4 
and 5. it can be seen that these first 
components are a representation of the 
seasonal cycle. Figure 3 clearly shows 
the characteristic west and east coast 
wintertime maxima in precipitation 
due to cyclonic storms, while the mid- 
continent has a summertime maximum 
which is attributable to convective, 
severe storms. 
Both the PC and nlpc techniques cap- 
ture the bulk of the seasonal oscillla- 



tion but the nlpc displays a somewhat 
sharper distinction and transition from 
the winter to summer precipitation 
regimes. This is shown in the spectra 
of Figs. 6 and 7. The PC analysis has a 
significant contribution from the sec- 
ond PC at 12 months ( 1/12 = 0.083) 
while the nlpc has virtually all the sea- 
sonal contribution in the leading com- 
ponent. The extra freedom allowed by 
the non-linearity permits this more 
distinct characterization. This property 
would be of use when the comparisons 
are made with GCM output. The 
proper simulation of the seasonal 
cycle is an essential benchmark for a 
acceptable integration. 
On the other hand, the close resem- 
blance of the analogous PC figure( not 
shown )to Fig. 3 indicates that the lin- 
ear PC does capture the essence of the 
spatial distribution and might well be 
adequate for most purposes. 
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Figure 1. A fully interconnected ( connections not shown ) auto-associative neural network 
architecture. Showing from top to bottom: the input layer, encoding layer, the 
representation layer ( with two nlpc nodes ), the decoding and output layers. 

Figure 2. Sequential selection of non-linear principal components showing a sequence of p 
auto-associative networks A, AI, .... A,1 with each Ai configured like A in Fig. 1 (except with 
a single node in each representation layer). The VO pair within each Ai during training are the 
successive residuals Ro, R1, ... Rp-l with the original data matrix in b. 
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Figure 4. First nlpc of precipitation data. 
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Figure 6. Spectra of first nlpc using maximum 
entropy estimation. 

Figure 3. Projection of the first 
nlpc. The data is the observed 
precipitation. The analysis grid 
is a 4 x 5 latitude longitude 
grid over the US. Dashed lines 
indicate negative deviations, 
solid lines positive deviations. 
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Figure 5.  First PC of precipitation data. 
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Figure 7. Spectra of first PC using maximum 
entropy estimation. 


