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Abstract

This paper investigates the use of a learning vector quantization (LVQ) neural network trained by
invariants and spatial detectors for pattern recognition. Satellite imagery patterns are sensitive to
translation, rotation, and scale variability. This motivates the construction of such detectors to constitute
perceptual instances for an LVQ network. Influence of certain factors such as the hidden layer neurons,
and the learning parameter are investigated.
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Introduction

Feedforward neural networks turned to band in variant detectors for perceptual patters.
attractive trainable machines for feature-baséthis resembles the major difficult part of the
recognition. However, some problems arisproblem, but practical applicability is essential
when the domain of application is coarse artd prove the theoretical foundation on the noisy
uneasy to discern between classes. This probleeal world.

arises in the field of remote sensing because the Neural networks have been used to
domain of applicability iinherits many variationsperform complex functions in various fields to
One of the complicated variations is the type arapplications, including automation, robotics,
nature of the data obtained from satellitdefense, remote nonitoring, and others. In
imagery. To end with a robust recognizer for sualecognition, most ot the use of the learning vector
application is still a matter of experments. Thiguantization are applicable for clustering in
opens a wide area of research, especially witecognition problems. In general, the emergence
the vast existing methods. The heart of thef neural network algorithms in the remote
problem can be solved by constructing spatiaknsing field is of novel applicability. One of
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the best articals that reviewed applications in thisach hidden unit represent a point in an

area before the year 1997 is the one Hy-dimensional space. The outputs of the hidden

Kanellopoulos (Kanellopoulos, 1997).units are based on the proximity of the input

Clustering of remotely sensed images for multiector, and the final output is determined by the

spectral data is the issue of many authowgeights of the linear output layer. The linear

(Gualtieri, 1998; Kamgar-Partial., 1990: Hara layer transforms the competitive layer’s classes

etal., 1994). The LVQ is successful in classifyingnto target classifications defined by the user

SAR imagery, compared with the likelihood

classifier (Knoket al., 1991). The LVQ is Theoretical Foundation

developed to deal with compression of SAR

imagery as well (Luttrell, 1988). Hybrid Instances for the recognition process originate

modeling involves an LVQ and multi-layerfrom moment'’s in variants, block pixel variation

perceptron architecture for classification ofind the standardized vatiance, some of the

remotely sensed images (Kanellpouksal., co-occurrence matrices given in this section,

1994). which also gives an introductory explanation to
From the evidence above, it is clear thahe Invariant Recognition.

most of the work has concentrated Ofhyariant Recognition

classifiction p“’b'e”.‘s’ In this paper, Invariant features are used to cope with

performance of a learning vector quantlzatlopOtati

K has b i : d The i on, scale, and orientation variations.
network has been Investigated. The ISSU§,i5 gection highlights a simple idea about
focused on the use of invariants and spati

) ! fle invariance problem. For more depth on
instances, the effect of the number of hlddetrp]e subject, one can refer to Wood (1996).

units, and the learning rate parameter on th&syme a seV of possible pattern to be
recognition ability of the work architecture fory function of setX. For each patterh € V,

satellite imagery. Spatial and invariants detectogs classificationc(f) exists. The pattern
for patterns form the original instances for theecognition problem is to construct a system
recognition task. which takes as input an eleménf V and gives
The rest of the paper is organized aan outpuis(f) such thas(f) = c(f) for all f € V.
follow; section 2 describe the LVQ, section Jhe classification problem assumes a gr@up
give the theoretical foundation, while section 4ct on seiX, which implies thaG acts onV.
develops the architecture, section 5 discusses fher anyg € G, f €V by
results, and section 6 concludes the investigation.  (gf)(x) =f(g’x) v x € X 1)

. . Given a geometrical grouf®, closed
Linear Vector Quantization (LVQ) under translations, rotations, scaling, etc., the

A learning vector Quantization (LVQ) is Classification of a pattern is in variant under the

a method for training competitive layers irB"OUP
a supervised manner. The model employs aself- c(gf) =c(f) vg €G,f €V (2

organizing network approach that uses training Learning can be done either by assuming
vectors to recursively tune placement of thg,, iqvariance groufs to be known a priori

competitive hidden unit that represent categori%wood 1996): the other assumes unknown
of the inputs. Once the network is trained . iants Webber (1996).

an input vector is categorized as belonging to 11 problem in pattern recognition aims
the class represented by the nearest hidden Upil, puild constraints on the functios
Thg hldden units may be thought of as hav'”&)rresponding to those @rchat is

inhibitory connections between each other

so that the unit with the largest input wins g =s() vg EG, T EV @)
and inhibits all the other units to such an extent  The invariant approach should be able to
that only the winning unit generates an outpuitmprove the generalization of any given
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classifier. Two approaches to deal with the The normalized centrahth moments are
invariance problems are highlighted: the v

classification process can be broken down into Upg = —R_
distinct phases of invariant feature extraction and (VOO)

feature classfication. A set of invariant featuresherer =1+ p+ )/ 2, ando+ q> 2 (8)

has to be found. Then the patterns are classified The normalized moments are also scale
from the information given in the feature vectorsnvariants. From these functions, Hu (1962)

symmetries of the actual pattern set need not Berived seven moment’s invariants, which are
considered. Any conventional pattern recognitioalso translation, scale, and rotation invariants;
techinique can be applied for classifacatiorthe first five moments used in the systems are
Another approcah is to combine these two phasgisen below:

by constructing an invariant., which is

parameterized. The parameters of the invariant - = Moot ©)
can be adapted in order to perform the desired @, = (tby — )+ 4, (10)
classfication. @3 = (Mg = 3up,)* + By = Ugs) (11)
Momen's Invari.ants' ] ] @1 = (g + 1)+ (U + Ugs)’ (12)

Momen'’s invariants are obtained by taking G = (g = 3) 1ty + ) (g + 11,)? (13)

guotients and powers of moments. A moment is

a weighted sum of the pattef(®) over the input =3y + )] + Bty = Uo3) Bty = W)
field, with weights equal to some polynomial [B(uyy + tp)* = (U + U3)*]
in Xx.

The Block Pixel Variation and the

For non-negative integepsqthe(p +q)th Standardized Block Variace

order moments of a pattef(x, y) defined on
the planeR? are given by In image recognition application,
- characteristics of a certain pattern may well
Py resemble the characteristic of others. Examples
Myq = ffx y*f(x, y)dxdy () are the mean, mean square error, andpthe
" . . histogram (Looney, 1997). The spatial rate of
f(x,y) is assumed to be a piecewisgequencies of the gray level signal in both
continuous function which is non-zero in only §izontal and vertical directions. Features
flmte part of the' plangy andq .are'non-negatlve should posses as much information to distinguish
integers. The discrete form is given by between classes; moreover, they should be
nn invariant to scale, translation, rotation, and
My = EE XPY (X, %) (5) reflection. The block pixel variation and the
i=1 k=1 standardized block variance give a robust
wheref is a fuction taking non-zero values inmeasure for the variations within blocks of the

the range X, ..., X} X { Yy, -, Va}- image.
The block pixel variation computes the
The centroidX,, y,) of f is defined by 8-neigbors directional derivatived (r) with

respect to theth neighbor in the gray scale; the
X = (Myo/ My, 0, Yo = My 1/ My o) (6) pixel variation is given by

The central moments are defined by V= 1 dZ (r) (14)
r<T'®

e The block pixel variation is then given b
Vi = [ [P (=Y Fxy) axdy  (7) ) Jven sy

. o BTN (15)
Moment of the centralized image are translation y

invariant. where isy, the block mean pixel variation.
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The standardized block variance is given by The following co-occurrences are
2, computed for each block:
ot =S (R -u) lu (16) .

. nergy, (angular second moment) defined as
Where u-—2_S'p for an image of size Pra(a b) (17)
M x N, andP; are the pixel values @ i < N), Entropy, given by
(I<j<Mm).
Co-Occurrence Matrices ;PM (2 b) log, B, 4 (a b) (18)

The co-occurrence method describes t
second-order image statistics, and works we
for a large variety of textures. Good properties Z\ ab \kP;d(a, b) (19)
of the co-occurrence method are the description
of spatial relations between pixels, an&orrelation, defined as
invariance to monotonic gray-level trans-
formation (Milanet al., 1999). The method based [(a, b)Py4(a, b)]— 1,
on the repeated occurrence of some 2
gray-level configuration in the texture, this
configuration varies rapidly with distance Wherey,, u, are means, and, o, are standard
The symmetric matrixp,, (a, b) gives the deviations.
configuration of the relative frequencies, where
d and (/) represent distan_ce and direction-,l-he Architecture
respectively. The computation processes of the
co-occurrence matrices consider only directhe architecture used in the experiments consists
neigbors, and treat the relation as symmetraf 24 input neurons, varying hidden units and
(without orientation). three output neurons. Weights were updated after

ontrast, defined by

(20)
0,0,

Feature extraction phase (FE) F.computation,

--------------------- m z;p?)i-nék—ébe“ng
l : Feedforward LVQ phase

I

]

Blocks generation

Input image

Figure 1. Feed forward LVQ neural network architecture.
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the presentation of each training vector usinBesults and Discussion
a variable learning rate at momentum to speed

training. The learning rate was reduced learning vector quantization has been
dynamically after each epoch and processirexamined for the recognition of three catagories
continued using random starting initialization. presented by water, buildings and network, and
The architecture, which is composed ofegetations. 24-feature detector representations
two phases, is depicted in Figure 1. The twof satellite image pattern were extracted from
phases are a feature extraction phase (FE), dhd 3«3 block composed from the original scene.
a feedforward neural network phase. The FAll coefficients were mapped to the bipolar
accepts a two dimensional inputimage, generaturgerval of [-1, 1] using equation (21). For each
anxnsub blocks of the image, performs featuref the three patterns, the traning set and the
computation, mapping and labeling for eachvaluation set were used for training and testing.
block. Output of the FE phase are the input tbhis is illustrated in Figure 2.
the second phase. Neurons in the input layer are  The test is performed on the ability of the
activated by the FE detectors as inputs, duringgural architectures to classify an input vector
training the network takes the inputs and the#s one of the three categories on which it was
corresponding labels. Placement of the featurtrained. Performance of the network was
is performed randomly. For testing, the networkieasured in term of the recognition rates for
accepts the feature detectors as input, ahdth the trainging and the test categories.
produces the class identifier. Two major factors affect the behavior of

Table 1. Effect of different hidden units
(evaluation set).

] i
] i Neural  Number of Recognition raté
i {"‘ ~ network hidden units (%)

B e T}

Per s ™ e " LVQ 200 87.81
150 91.44

ia) 100 84.88

50 84.54

10 76.05

g “ Average of 6 networks
| fﬁﬂﬁﬁn, »
IR i
. AH | [} ' Table 2. Effect of different learning rates
28] l?};’f: ' ! (evaluation set).
3 '.1‘-'- — ar =

5 Lare s TR FETTCTA

SR - Neural Learning Recognition rate
T— network rates (%)
2 LVQ 200 87.81
150 91.44
Figure2. Visualization of the effect of 100 84.88
mapping the pattern instancec 50 84.54
10 76.05

(a) original instance;
(b) tranformed instances. " Average of 6 networks
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Figure3. Effect of different hidden units on the recognition ability of LVQ network
(training set), y-axis: recognition rates, x-axis: learning rates.
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Figure 4. Effect of different learning parameter on the recognition ablity of LVQ network
(training set), y-axis: recognition rates, x-axis: hidden neurons.
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the LVQ network, the number of hidden units, simulate neural networks using parallel
and the learning rate. Figure 3 and 4 give the  processing. NASA Information Systems
effect of the number of hidden units, and the Newsletter, 15:12-15.
learning rate parameter, respectively for theara, Y., Atkins, R.G., Yueh, S.H., Shin, R.T.,
training category. For the evaluation category  and Kong, J.A. (1994). Application of
Table 1 and 2 summarize the average of the neural networks to radar image
networks for both the effect of the hidden units classification. IEEE Transactions on
and the learning rate parameter. Geoscience and Remote Sensing,
Higher recognition rates of the training 32(1):100-1009.
set Figure 3 (a-e) are achieved with the increaggmgar-Parsi, B., Gualtieri, J.A., and Devaney,
in the number of hidden units as seen in Figure 3 £ (1990). Clustering with neural
3 (a-c), and then stateq to.decrease Flgur'e 3 networks. Biological Cyberbetics,
(d-e). However, generalization degraded with 63:201-208.
large num_ber of hu_jden_unlts and the amount Rfanellopoulos, I. (1997). Use of neural
computation required increased as well. The
effect of the hidden units for the evaluation set
Table 1 is given as average of the 6 networks.
Again, the recognition rates are increasing as the
number of hidden units increase, and started to Available f - htto// .
decrease for higher units of about 200 as shown vailable from: http://europa.eu.int.
in Table 1. The network generalization seemed Accessed June, 290,1'
to decrease as the hidden units were added. k@nellopoulos, I., Wilkinson, G.G., and
Figure 4 gives a visualization of different Chiuderi, A. (1994). Land cover mapping
learning rates (a-f); there is a systematic trend  USing combined Landsat TM imagery and
in the graphs. The best recognition rates are  textural features from ERS-1 Synthetic
achieved with 100, and 150 hidden neurons for ~ Aperture Radar Imagery. In: Image and
different learning rates. The evaluation of the ~ Signal Processing for Remote Sensing.
network results in Table 2 is displayed as an  Desachy, J., ed., p. 332-341.
average of 5 networks, where the best resulthg10k, R., Hara, Y., Atkins, R.G., Yueh, S.H.,
obtained for the higher learning rates. Shin, R.T., and Kong, J.A. (1991).
Application of neural networks to sea ice

classification using polarimetric SAR
image. Proceedings of the International
This paper de monstrates the use of invariants Geoscience and Remote Sensing
detectors coupled with spatial ones to represent  Symposium (IGARSS'91); June 1991,
the pattern for an LVQ network. A simple Espoo, Finland. IEEE Press, 1:85-88.
architecture that consists of two layers producésoney, C.G. (1997). Pattern recognition using
the significant recognition rates. Varying hidden neural networks. Theory and Algorithme
units and learning rates have been examined for  for Engineer and Scientists’ Oxford.
investigating the effect of such parameters druttrell, S.P. (1998) Image compression using a
the recognition of certain pattern presented in ~ neural network. Proceedings of the
the image. The LVQ network requires a short International Geoscience and Remote
training time to perform the network Sensing Symposium, (IGASS’'88);
computation. Other neural nets have to be  September,1998; Edinburgh, Scotland.
examined in order to obtain a better recognition,  ESA Publications Division, p. 1,231-1,238.

networks for improving satellite image
processing techniques for land cover/
land use classification. Italy: European
Commission, Joint Research Center.

Conclusion

which is the issue for futher research. Milan, S., Hlavac, V., and Boyle, R. (1999).
Image processing, analysis, and
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