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Abstract. In this paper we present a neural network methodology used for
classifying an hyperspectral image referencied as Indian Pines. The network
parameters (learning and neighborhood function) are adjusted using a test
battery generated from the image, selecting the values that give the best
robutness and discrimination capacity. The availity of ground truth allows us to
intoduce a new stadistical measure to quantify the resulting classification
accuracy. The results of this methodology show an accuracy of 80% in the
classification.

1. Introduction

The use of hyperspectral imaging sensor data to study the Earth’s surface is based
on the capability of such sensors to provide high resolution spectra, on a per pixels
basis, along with the image data.

Hyperspectral sensor provides a large number of narrow bands that provides sensor
capabilities to recognize narrow absorption band, like the laboratory measurements.
This capability can be used to classify and determine Earth’s surface constituents
signatures from the hyperspectral information provided by the sensor. Conventional
algorithms use these signatures to classify and/or determine the abundances of a
composite pixel spectrum [1].

This problem is known as Hyperspectral Image Analysis. Highly successful results
have been obtained following this approach [2],[3], particularly in the field of geology
were exposed lithographys have been mapped based on specific mineral hyperspectral
reflectance signatures [4].

The great size of t he hyperspectral images is one of it principal disadvantages,
usually 30 times larger than a Landsat TM image of the same spatial size.

The algorithms for conventional multi-spectral sensors can’t be used with
hyperspectral images by the following reasons:
— High dimensionality of the images.
— Great size of the image (hundred of bands, thousands of pixels)
— Sub pixel analysis possibilities.
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— High discrimination to resolve classes
— Difficulties to use training data.

Un-supervised clustering is a problem with application in many areas. Given a set
of N data points in a feature space R, of D dimensions (X,,X,,X,.....X;), we wish to
characterize the data as belonging to K cluster where K, must be obtained from the
data.

Parra et al. [5] assume linear combinations of reflectance spectra with some
additive normal sensor noise and they derive a probabilistic maximum a posteriori
framework for analyzing hyperspectral data. The material reflectance characteristics
are not know a priori, so this is the problem of unsupervised linear unmixing. The
incorporation of different prior information (possitivity and normalization of
abundances) leads to a family of algoritms. In [5] the constrained independent
component analisis (ICA) for the noise-free case is used.

The clustering is based on some distance metrics and one of the most usefully
unsupervised algorithms is the Self-Organizing Neural Network or Self Organizing
Map (S.0.M) proposed by T. Kohonen [6].

The present work exploits the possibility of using a Self-Organizing Neural
Network to analyze the hyperspectral images. Some reason for using this neural
network model, in hyperspectral analysis has been described by Bruske and Merényi
[7]:

— To avoid the need to degrade the data

— To provide speed (when implemented in hardware as massively parallel algorithm.
— To surpass conventional classification algorithm performance.

— Good performance for large real life task.

The Self-Organizing neural network has the advantage that obtains by competitive
procedures the class prototypes. This ability can be used for the classification of the
hyperspectral images. We need tools that match up the intricacy of hyperspectral data.
We propose a neural network for processing the hyperspectral information for each
pixel. The neural model consists on Self-Organizing Neural Network. This net has an
input neuron for each image channel. The output neurons number is related with the
characteristics of the image and must be carefully optimized according some metric.
Different distances and learning functions are used to obtain a better class prototypes
extraction.

The result discussion also includes the influence of the following parameters in the
Neural network performance:
Neighborhood function
Learning function
Noise contamination in the spectra.
Output layer geometry



210 P. Martinez et al.

2. Data

The hyperspectral unmixing algorithms proposed in this work have been tested
using the public domain Indian Pines hyperspectral dataset, which has been
previously used in many different studies. This image was obtained from the AVIRIS
imaging spectrometer at Northern Indiana on June 12, 1992 from a NASA ER2 flight
at high altitude with ground pixel resolution of 17 meters. The whole dataset
comprises 145x145 pixels and 220 bands of sensor radiance without atmospheric
correction. It contains two thirds of agriculture (some of the crops are in early stages
of growth with low coverage), and one third of forest, two highways, a rail lane and
some houses. Ground truth determines sixteen different classes (not mutually
exclusive). Water absorption bands (104-108, 150-163 and 220) were removed [8],
obtaining a 200 band spectrum at each pixel. In order to reduce the time of training
and testing, we have selected a subscene of the complete Indian Pines dataset, which
is depicted in Fig 1.
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Fig. 1. A subset of the Indian Pines hyperspectral dataset with ground truth.

3. Topology of the Proposed Neural Network

The Self-Organizing Map (SOM) is based on a competitive learning that leads to
the construction of topologic maps representing class prototypes. In order to
understand the topology of the proposed neural network, we firstly need to define
some basic concepts. A neuron is an information-processing unit. Neurons are
connected by synapses or connecting links, each of them characterized by a weight.
Specifically, a signal x; at the input of synapse j connected to neuron k is multiplied
by the synaptic weight w, [9]. A neural network is a set of neurons organized in the
form of layers. In the simplest form, an input layer projects onto an output layer of
neurons. If the input layer has N units and he output layer has M units, each unit in the
output layer owns N weights associated to the connections that come from the input
layer, so that the set of neural weights are organized in the form of a two-dimensional



Self-Organizing Map for Hyperspectral Image Analysis 211

lattice (W,,,). Our proposed network architecture is depicted in Fig. 2 [10],[11]. In
our case, N corresponds to the number of channels of the hyperspectral image and M
is the number of classes or prototypes to be extracted by the network. M must be
carefully selected according with some metric (we will insist on this issue later on in
the paper).

There are feedforward connections from the input layer to the output layer and
self-feedback and lateral feedback connections in the output layer. These two types of
local connections serve two different purposes. In the classification phase, the input
signals x are projected on the feature space by the feedforward connections W, each
neuron produces a selective response to input signals. In the learning phase, lateral
and feedback output layer connections produce excitatory or inhibitory effects
depending on the distance from the neuron to the winner neuron [12],[13]. These

weigths are used to determine the W; classification prototype por each neuron.
Characteristics

Fig. 2. SOM neural network topology including weight matriz W and learning lateral and
feedback conections.

4. Training Algorithm

There are five basic steps involved in the training algorithm. These steps are
repeated until the topological map is completely formed:

a) Initialisation. Choose random values for the initial weight vectors
w(0),1=1,2,...,M. It is desirable to keep the magnitude of the weights
small.

b) Sampling. Choose an input pattern x(n) belonging to a set of learning patterns or
references R. The selection is done randomly.
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¢) Similarity Matching. Find the best-matching (winning) neuron i* at
time t, using the minimum-distance criterion, as shown in the
following equation:

i'[x(n)]= mjndist{x(n),wf(t)} j=12,--M 1)
! .
where dist (i*,i) is the euclidean distance.

d) Learning. Adjust the synaptic weight vectors of all neurons, using the update
formula (2), where n(t) is a learning-rate parameter, and 7yis a Gaussian
neighborhood function centred around the winning neuron. The size of the
neighborhood is determined by a parameter 6(t) (see equation 3).

w,(t+1)=w, (t)+n(t)y(t, ii [x(n)]Xx(n)— w, () 2

From the different choice for the selection of the involved parameters, taking
into acount the studies made in [13], we have choose the following:

dixr(i’,i)z 2
n0=1 i w)=e 0 o(z)=(ﬁ) -

t

where o, is the initial width that changes in the results that we
present later.

e) Continue from step b) until no noticeable changes in the weight space are
observed, or until the maximum convergence time is achieved.

In order to analyze a hyperspectral image using this algorithm, the network must be
trained with hyperspectral signatures obtained directly from the image. The weights
initially associated with each output layer neuron contain the hyperspectral signatures
of some carefully selected pixels on the image (according with their spatial
distribution).

5 Neighborhood and Learning Function Selection

We have realized a lot of experiments with a predetermined training set, to
establish the optimum values to the neighborhood and the learning parameters for the
rest of the studies.

Each training set has a fixed number of signatures with different sets generated as
follows: the first set contains ten reference signatures free of noise; the second set has
twenty signatures those ten and ten new signatures corresponding to noise version of
them, one for each reference, the third contained thirty signatures (two noise
signatures for each reference); the last set had a hundred of signatures (ten noise
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signatures for each reference). These sets have been used to train ten different
networks.

Hundred signatures that don’t belong to the training set have formed the validation
set.

5.1. Learning function
W e have analyzed five different learning functions given in 4:
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Where 1, is the initial learning value (normally equal to 0,9 in c) and d) and 0,8 in
e), M, is the final learning value (0,08 in e) or the number of iterations in c) and d))
and t_is the number of iterations.
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Fig. 3. Learning parameter study
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The Fig. 3 shows the obtained results for three types of studies; it represents the
accuracy versus the endmembers number (figure a.), the Signal to Noise Ratio defined
as SNR=E(signal)/E(noise),(figure b.) and the correlation between endmembers
(figure c.). We can observe that the better results are obtained by the equation 4.a.

5.2. Neighborhood function

We have analyzed different neighborhood functions given in 5.
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Where 6, is the initial neighborhood value (normally equal to middle of map), G, is
the final neighborhood value (0,08 in c¢) and t__ is the number of iterations.
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Fig. 4. Neighborhood parameter study

The figure 4 shows the obtained results for the same types of studies used in the
learning function. We can observe in fig. 4 the obtained results for the same types of
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studies used in the learning function; the better results are obtained by the equation
5.a.)

The previous studies justify the choice of the used functions in the next section.

6. Results and Discussion

We have applied our proposed neural network to real hyperspectral data, described
in section 2. Since there are several parameters involved in the training algorithm
(described in section 4); in this section we analyze the influence of those parameters
in the process of class prototype extraction. In particular, the parameters that we
consider in the present study are the number of iterations until convergence of the
neural network is reached, the size of neighborhood function y centered around the
winning neuron, which is determined by 6(t), and the number of neurons in the output
layer of the neural network.

The experiment is performed as follows. We train the network with all the
hyperspectral signatures of the image. During the learning stage, we go through all the
pixels of the image starting from a random pixel that is different in each of the
iterations. Once class prototypes have been extracted, each pixel is classified and the
confusion matrix [14] is obtained; this matrix allows us visualize the
winner neuron density for each class and can be used as one different
aproach of the Umatrix [15],[16].

The characteristics of the confusion matrix provide us with a comprehensive
visualization of distribution in N-dimensional space, and may indicate the accuracy of
the classification. Since each column corresponds to an output neuron, if in the same
column, high values for different classes are presents, the overall accuracy of the
classification should be low. In order to measure the degree of accuracy of the
classification, we propose the following metric based on the topology of the confusion
matrix:

E= 100% X, =maxX,)  X.,=YX, ©

si
i J

X ,is the maximum value for a column of the confusion matrix and Xs: is the sum
of all the values in that column. E: provides information about the capacity of each
neuron to discriminate between the classes, and can be averaged for all the neurons in
the network, providing a general measure about the accuracy of the classification.

Next, some results obtained for the hyperspectral data described in section 2 are
provided. In the experiment, we have considered 16 neurons in the output layer, ¢, =
2 and 100 iterations. Fig. 5 shows the resulting classification provided by the neural
network along with a greyscale representation of the confusion matrix obtained.
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Fig. 5. Resulting classification and confusion matrix for the Indian Pines dataset considering
100 iterations, 6,= 2 and 16 neurons in the output layer.

A favorable result would be obtained if neurons activate exclusively for a
particular class, discriminating this class from the others. In the confusion matrix, this
can be graphically expressed as a row for which several columns present high values.
In Fig. 5 we can appreciate this situation at four different rows, indicating that there
are four major classes in the image. The fact that column values overlap indicates an
inaccurate classification. Another indicator of the quality of the classification is the
continuity of bright zones in the confusion matrix. In this experiment, the topology of
the resulting classes is not preserved since we can appreciate several discontinuities in
the learnt classes. The overall accuracy of the classification obtained in this
experiment was 60% according to the measure provided in equation 6. These results
are obtained when we have signatures that don’t belong to any class, if these
signatures are not included, the accuracy increases to 80%.

One more detailed discussion of these results can be obtained in [17], from these
results we can conclude two suggestion to modify the SOM learning algorithm:

1. Use the confusion matrix in the learning phase to avoid the misclassification
problems associated with several winner neurons for the same learning vector. The
unsupervised confusion matrix CM will be one MxM matrix and can be filled
increasing for each learning vector, whose winner neuron is I, the value of
CM(L,j)=CM(L,j)+S,(X,). The high values of CM(L,j) should be for I=j, in the other
hand must be avoided by one hard competition between I and j neurons.

2. Take into account for the hyperspectral classification the high order statistics [8]
collected during the learning phase, one possibility is to store different SOM neural
networks parameters for each pair of neurons Lj:

a. "{IJ.

b. m,
c. o), o

0.1
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7  Conclusions

We have presented a new approach to unsupervised classification of hyperspectral
images using a Self Organizing Map. The overall performance of the method has been
tested by its application to real hyperspectral data. The availability of ground truth
allows us to introduce a new statistical measure to quantify the accuracy of the
resulting classification. Since the training stage of the neural network incorporates
several parameters, we have studied the influence of some of these parameters on the
final result.
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