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Hyperspectral A hyperspectra image is characterized by a large dimensionality data,
bands, recorded at very fine spectral resolution in hundreds of narrow frequency
Histogram bands. These bands provide a wealth of spatial and spectral information of the
binning, scene, imaged by the sensors. Histogram binning and morphological operator
morphological based Extreme Learning Machine classifier is proposed. Histogram binning
operations, and morphological operator is used as a preprocessing step which reduces the
ELM classifier, computational complexity, which involves in the hyperspectral data

processing. Each object have distinct reflectance value based on which the
objects are classified by choosing appropriate features and the classifier.
Histogram binning represents the image by reduced gray levd.
Morphological operations envisage the finer inner details of the image. Now
from this new version of the processed image, statistical features such as
mean, median, standard deviation, mode and variance have been extracted.
The extracted features are used for classification. The Extreme Learning
Machine is proposed to classify the image. The classification is done with
different types of kernels. The performance of each type of kernel is
evaluated. The experiment is conducted on the AVIRIS hyperspectral dataset
taken over the North-western Indiana’s Indian Pine Site.

statistical classifier

I ntroduction

A remarkable increase in  spectra leads to substantial differences in the
resolution has led to imaging sensors that reflectance values of the pixels belonging
can gather data in hundreds of contiguous to disparate materids on the Earth’s
narrow  spectral  bands to generate surface. Hence, one of the most prominent
Hyperspectral images. This ability of applications of Hyperspectral imagery is
imaging sensors, to acquire the reflectance land cover classification.

spectrum of a pixel in significant detail,
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A generalized procedure for hyperspectral
data analysis is suggested and it involves
identification and labeling of training
samples followed by feature extraction and
classification[1]. Classification of
heterogeneous classes present in the
Hyperspectral image is one of the recent
research issues in the field of remote
sensing.

Hyperspectral imaging is related to
multispectral imaging. The distinction
between hyper- and multi-spectral is

sometimes based on an arbitrary "number
of bands' or on the type of measurement,
depending on what is appropriate to the
purpose. A Hyperspectra image has
hundreds of bands, where as a multi
spectral has 4 to 7 bands only [1].Thus
every pixel in the hyper spectral image
contains values that proportionate to the
detailed spectrum of reflected light
[2],[3].This rich spectra information in
every spatial location lead to the potential
classification. So, the hyper spectral images
provide more information for within class
discrimination, i.e. they can discriminate
between different types of rocks and
vegetation while multi spectral images can
discriminate between rock and vegetation
alone. Such hyper spectra images can be
used effectivly to classify the
heterogeneous classes which are present in
the image. To classify the multi-classes of
information in an image it is necessary to
extract the proper set of features and to
choose a proper classifier.

Classification of Hyperspectral images
requires several factors to be considered.
They are 1) the large number of land-cover
class to be handled. 2) High number of
spectral bands but low number of the
availability of training samples. To
overcome these problems proper classifier
should be selected. The classifier has to

57

support the voluminous data, multi class
data and the nonlinear dataset. Significant
features among the extracted features must
be selected and to be fed to the classifiers
to obtain the high accuracy rate. This
process is commonly known as feature
selection in the literature. An extensive
literature is available on the pixel-level
processing techniques. i.e., techniques that
assign each pixel to one of the classes
based on its spectral values [4], Maximum
likelihood or Bayesian estimation methods
[5], decision trees [6 - 7], genetic algorithm
based methods [8-10], genetic algorithms
[11] and kernel based techniques [12-15]
have been investigated.

Among the large number of extracted
features, the recursive features can be
eliminated by the method of feature
selection [16] and the reduced set of
significant features can be wused for
classification.

As classifiers are concerned, Spectra
Angle is a time consuming work. For very
complex boundaries of data this shows poor
accuracy.

Classifiers are classical one, used for hyper
spectral image analysis in early works [17],
where the input image spectra are
compared with the reference spectra for
classification. The classes were decided by
calculating angular separation between the
input and reference spectra known as
spectral signature. So, a classifier which is
able to perform classification even with
very complex boundaries and to overcome
al the above cited problems was needed. It
IS obvious that the extreme learning
machine classifier outrage the performance
of all other types of classifiers. The hyper
spectral domain is a non-linear one. Non-
linear domain can be converted into the
linear domain by using kernel trick. Many
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types of kernels like linear, polynomial,
radial Basis Function (RBF), Sigmoid etc.,
are available. Selection of proper kerne
gives proper results. The use of other
classifiers in [18],[19],[20],[21] are with
certain drawbacks of omitting many pixels.

From the literature, it is evident that the
context or the position information of the
pixel is also more important along with the
spectral information. Extracting features
and the use of proper classifier are the
genera aspects concluded from the
literature survey. So in this proposed
methodology first the input bands undergo
histogram binning which is done as the pre-
processing feature reduction step. This
reduces the overall dimensionality which is
just  sufficient for the  efficient
classification. With  this  reduced
dimensionality the image is pre- processed
by morphological operations like dilation.
With this image the statistical features are
extracted. The Combined Features can be
derived. Such Combined Features are
expected to yield the better spatially
classified image. The robust performance
of ELM classifier makes the classification
much effective and efficient.

Proposed Work

A remotely sensed hyper spectral image is
acquired by sensors which provide ample
spectral  information to identify and
distinguish between spectrally similar
materials. This image acquired is in multi
bands which are then processed to
overcome the complexity but still holding
the accuracy. Our paper progress in the
following step by step approach

Remote sensing

Image processing
Pre-processing

Histogram binning
Morphological operations

AN N NN
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v" Feature extraction
Classification by classifier

The remotely sensed image which isreadily
available is processed as the initial stage to
overcome the computational complexity in
handling the multi bands. The processed
bands are then taken as the initia input
spectral image. here the input is the
Hyperspectral image acquired by the
AVIRIS sensor over Indiana pines which
consists of 145* 145 pixels and 224 spectra
bands.

Histogram Binning

The histogram which is the graphical
representation of the tonal distribution of
the image is first plotted for each separate
bands considered. It is agraph in which the
horizontal axis represents the tonal
variations and the vertical axis represents
the number of pixels in that tone. Once the
histogram is plotted then the plotted
histogram is linearly binned. Binningisthe
process of combining two or more pixels
into a single super pixel. In linear binning
the gray level is divided into equaly
divided into equal sized bins. Thus the
overall impact is the image is being
represented by reduced gray levels which
are just enough to represent the image.
From this binned histogram the original
image is then again reconstructed. Thus the
overall data dimensiondlity is beng
reduced.
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Morphological Operations

While point and neighborhood operations
are generally designed to alter the look or
appearance of an image for visud
considerations, morphological operations
are used to understand the structure or form
of an image. Thisusualy meansidentifying
objects or boundaries within an image.
Morphological operations play akey rolein
applications such as machine vision and
automatic object detection.

The foundation of morphological processis
in the mathematically rigorous field of set
theory. The operation is mainly based on
shapes that is it process the image based on
shapes. A proper structuring element of
appropriate shape and size is chosen which
slides on the image to be processed. The
value is calculated for each and every pixe
based on its neighbors which is being
decided by the structuring element.
Among the several morphological operators
available the one suitable for this work is
dilation. Here in this process the value of
the output pixel is the maximum of the
value of the input neighboring pixels. The
pixel beyond the image border is assigned
the minimum value. The overal impact of
this process is that the area of foreground
pixels grows in size whereas the holes
within the regions become smaller. Thisis
the resulted image after dilation

Feature Extraction

Feature reduction is a special form of
dimensionality reduction. Since our input
data is too large to be processed in which
some of the data may lack much details. In
such case the data is transformed to a
reduced set of features. Thus the input is
transformed to a reduced set of features
which represents the relevant information
required to be further processed. Feature
extraction involves simplifying the amount
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of resources required to describe a large set
of data accurately.

M ean

Themeanof a data set is smply the
arithmetic average of the values in the set,
obtained by summing the values and
dividing by the number of values. In other
words mean is a measure of the center of
the distribution. In words,

Mean = Sum of X values / N(Number of
values)
Mathematically mean is calculated by the
formula,
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M edian

The median is the middle value of a set of
data containing an odd number of values, or
the average of the two middle values of a
set of data with an even number of values.
The median is especially helpful when
separating data into two equal sized bins

Standard Deviation

Standard deviationis a widely used
measure of variability or diversity used
in statistics and probability theory. It shows
how much variation or "dispersion” exists
from the average (mean, or expected
value).
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Variance

Variance is the Average of the squared
distance from mean. The variance (¢°) is a
measure of how far each value in the data
set isfrom the mean.
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Mathematically it is calculated as
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Mode

In statistics, themodeis the value that
occurs most frequently in adata setor
aprobability distribution. In some fields,
notably education, sample data are often
called scores, and the sample mode is
known as themoda score. Mode is the
most frequently occurring value in
frequency distribution

Several statistical features are chosen to be
extracted. Some of the features extracted
are mean, median, standard deviation,
mode and variance. These five feature
vectors are then combined into a single
super feature vector which is the final input
to the classifier.

Classifier
Extreme L earning Machine Classifier

There are numerous aspects that must be
considered when conducting a supervised
classification.. Training areas must be
selected for each of the classes and
statistics calculated for them. The
appropriate classification algorithm has to
be selected, and once each pixel in the
image (including the ones used as training
areas) are evaluated and assigned to a land
cover class, the accuracy of the
classification has to be assessed.

There are numerous factors that can affect
the training signatures of the land cover
classes. Environmental factors such as
differences in soil type, varying soil
moisture, and health of vegetation, can
affect the signature and affect the accuracy
of the final thematic map.
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The classifier used here is extreme
learning machine (ELM) classifier. ELM
classifier is a supervised classifier. for a
supervised classifier a reference image is
needed according to which the classifier is
trained and tested. Image classification
consists of assigning alabel to each pixel of
an observed image. Some of the pixels
from reference image is taken to be trained
and some pixels from original image is
taken to be tested. The supervised classifier
also includes groundtruthing process where
the image acquired by the sensor is
compared with the pixels what is actually
there in redlity. Thus the efficiency of the
fina classification by the proposed
classifier is being determined.

Extreme Learning Machine (ELM) was
able to overcome the difficulties of a neural
network through a fast learning speed and
high performance. There are different types
of kernels available and some of which are
asfollows:

Linear kerne

The Linear kernel is the simplest kernel
function. It is given by the inner product
<x,y> plus an optiona constant c. Kernel
algorithms using a linear kernel are often
equivalent to their non-kernel counterparts,
i.e. KPCA with linear kernel is the same
as standard PCA.

f.'[;r', If;;l = ;i'IIIfJ,I' +
Sigmoid kernel

The Hyperbolic Tangent Kernel is also
known as the Sigmoid Kernel and as the
Multilayer Perceptron (MLP) kernel. The
Sigmoid Kernel comes from the Neurd
Networks field, where the bipolar sigmoid
function is often used as anactivation
function for artificial neurons.

k(z,y) = tanh{a="y + )

(4)

()
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Polynomial kernel

The Polynomial kernel is a non-stationary
kernel. Polynomial kernels are well suited
for problems where all the training data is
normalized. Adjustable parameters are the
slope alpha, the constant termcand the
polynomial degreed.

o . yl = [rk:f'I.y‘ + )rr (6)

Experimental Design

The experiment is conducted on the
AVIRIS hyperspectral dataset taken over
the Northwestern Indiana’s Indian Pine Set.
The dataset consists of 220 bands and each
band consists of 145x145 pixels. The
original dataset contains 16 classes and
ground truth is available for that.

Iy
S
' B r |

i
= B

Results and Discussion

background

Alfalfa
. . W Corn ool il
@ Corn-min

LCurn

BB Crisis/Past nrn

B Crass/Trons

B Crase/ sl nen
vy winleowes]
Dats

M Sovbeans-notll !
Soybosains min

B Soybean-clean

B Wheat

B Wixnls

il

Stomey stex] Limwses

The Feature set derived from the Feature
Extraction method is used for classification.
Randomly chosen pixels from each class
and their corresponding feature vectors are
used for training. The classifier produces
output based on, whether the particular
pixel under test belongs to the interested
trained class or not. Thus, the pixels under
the same class are separated from whole
dataset.
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Similarly the process is performed with
other class each separating it from the rest.
Thus individual classes have been
separated and classified. The following is
the combination of classes classified by
using three different kernels. The overall
accuracy for the individual classes for each
kernel is 94.14, 95.70, 97.2 for sigmoid,
linear and the sigmoid+ linear kernels
respectively.

The following are the classes and their
discussion with respect to the kernels
employed. For the class afafa, the total
number of pixels in this class is 54. The
pixels which are omitted is either null or
one. The commission error is less when
employing sigmoid kernel than the other.
This may be due to its orientation which by
direct observation isnot linear.

For the Class hay, there are totally 489
pixels belonging to this class. Here more or
less the accuracy is same with respect to
both linear and sigmoid kernels separately.
So while employing the combination of
these kernels the performance is dill
enhanced. But compared to linear kernel
sigmoid is better. Here also the commission
error is more whereas there is no pixels
omitted or avery few of the pixels omitted.
For the Class corn, there are totaly 234
pixels belonging to this class. Here also
more or less the performance rate is same
for both linear and sigmoid kernels.
Whereas the performance is still enhanced
when used with the combination of two
kernels. Comparing both the individua
classes employed linear kernel islittle more
in performance than the sigmoid kernel.

For the class bldg grass tree drives, there
are totally 380 pixels belonging to this
class. Here the commission error is more in
case of sigmoid kernel compared to the
linear kernel. So the performance is still



Int.].Curr.Res.Aca.Rev.2014; 2(6):56-66

higher when using the combination of the
both. There is no omission error when
using linear or the combination of linear or
sigmoid kernel. The performance is robust
when using the linear kernel and worst for
the case of sigmoid kernel. This shows that
its orientation supports only linear type of
kernel and doest support sigmoid kernel.

For the class stedl, the total number of
pixels in this class is 95. Here the
performance is amost similar for linear and
sigmoid kernels. the classification is best
for linear than the sigmoid case. Also when
using the combination of both linear and
sigmoid kernels the performance is still
higher and robust.

For the class corn, here the total number of
pixels belonging to this class is 234. The
performance is better for Linear kernel than
the sigmoid type. Also when using their
combination the accuracy is still enhanced.
when employing sigmoid kernel than the
linear type. Also when the combination of
kernels is employed the performance is still
enhanced.

For the class whest, the total number of
pixels in this class is 212. Here the
performance is amost same for all the three
kernels that have been employed. However
the accuracy is more for the combination of
two kernels than with the individua
kernels. For the class soynot, there are
totally 968 number of pixels belonging to
this class. The accuracy rate is higher for
the sigmoid type than for the linear type.
However when employing the combination
of both the kernels the accuracy rate is still
enhanced.

For the Class soymin there are totally 2468
number of pixels belonging to this class.
The accuracy of classification is higher for
linear type than the sigmoid kernel. Also
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when employing their combination the
accuracy of the classification processis still
higher. For the class Soyclean this class has
tota pixels of 968. The accuracy of
classification is more for the linear type
than the sigmoid or using their
combination.

For the class Cornmin there are totaly 824
numbers of pixels belonging to this class.
The accuracy of classification is higher for
the case of sigmoid type than the linear
type of kernel. Also when the combination
of both the kernels is employed the
performance rate and hence the accuracy is
still increased.

Linear kernel is good for corn, bgtd, stedl,
grass pasture, grass trees, soymin, and
soycln. Whereas sigmoid for the remaining
classes except oats and grass pasture
mowed for which both the kernel
performance rate is same.

The classification process is done by three
different kernels and the performance of
each kernel and their accuracies are
tabulated and compared as above: By
using three different kernels the
classification process has been done for a
simple comparison process. Thus the
combination of linear and sigmoid kernels
is robust among the rest. The classification
of similar type of elementsis based on their
reflectance value which in turn is obtained
by the spectra features extracted.
It is from the classified results it is inferred
that the performance is robust for the
combination of two or more kernels than
with the individual kernel. It is because
some of the classes have been well
classified in the certain type of kernel while
some of the classes are well classified in
other kernels. So when different kernels are
combined the performance is enhanced
compared to that of the individual kernels.
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So it is predicted that the performance of
the classifier depends upon the type of
kernel employed which in turn depends
upon the orientation of the classes in that
image.

Hence depending upon the orientation of
the classes the type of kernel must be used.
For ex: the classes which are linearly
oriented are suitable to use linear type
kernel. And similarly for other kernels. The
kernel type is also chosen according to the
number For the class grass pasture, the total
number of pixels belonging to this class is
294. The accuracy of classification is worst
for sigmoid kernel and average in case of
linear kernel. Here the combination of
kernels does not support the classification
process. For the class grass pasture mowed,
here the total number of pixels belonging to
this class is 26. Here the accuracy is more
for the sigmoid type compared to the other
two types of kernels.

For the class oats, the tota number of
pixels in this class is 20. Here the
performance is similar for amost all the
three kernels employed. This may be due to
its very less number of pixelsin this class.
For the class grass trees, there are totally
747 pixels belonging to this class. The
performance is average in case of ssigmoid
kernel which is dightly enhanced in linear
type. So when the combination of both is
employed the accuracy rate is still higher
than employing individual classes. For the
class woods the total number of pixels in
this class is 1294. The classification
accuracy is more of pixels present in that
class. Also in ELM classifier the
commission error is greater and mostly
none of the pixels are omitted from
classification. This is contrary to SVM
classifier.

Here linear, sigmoid and a combination of
both kernels are used. Each class is
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classified with certain accuracies. Also
certain classes are well classified in
particular type of kernels whereas with
little accuracies in others. This bring a
conclusion that the classes are classified
based upon their orientation also. So the
proper selection of kernel type is needed
such that the chosen kernel should match
the orientation of the class.

The performance of various kernels has
been plotted with respect to its accuracies
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Fig 4: Performance of Various Kernel

From the above table graph is plotted and
the following observation is made. It is
obvious from the graph that Some of the
classes are well classified for certain types
of kernels and not in others .thus the kernel
type must be chosen by considering the
orientation of the classes. Also when
combination of two or more kernelsis used
the accuracy rate is higher than the
individual performance rate for most cases.
Also the kernel type depends on the
number of pixels belonging to particular
class.



Int.].Curr.Res.Aca.Rev.2014; 2(6):56-66

Tablel: Accuracy Table

SIGMOID KERNEL LINEAR KERNEL LINEAR + SIGMOID KERNEL
Class Accuracy | Misclassified | Commission | Omission | Accuracy Mis- Commission | Omission | Accuracy Mis- Comm | Omis

Pixels error error classified error error classified | ission | sion

Pixels Pixels error | error

Alfalfa 98.8 264 233 1 98.02 416 416 0 97.9 444 444 0
Corn 95.6 917 891 26 95.3 989 985 4 96.6 719 715 4
min
Cornn 92.3 1602 1545 57 91.7 1742 1666 76 93.23 1423 1377 46
otill
Hay 98.0 415 413 2 97.9 422 416 6 98 406 406 0
Soynot 91.9 1693 1665 28 91.5 1777 1728 49 934 1382 1352 30
Soymi 92.0 1674 1527 147 91.8 1720 1576 144 93.2 1424 1334 90
n
Soycln 95.0 1040 996 44 96 827 813 14 95.5 950 940 10
Wheat 98.4 337 336 1 98.2 367 367 0 98.5 326 325 1
Woods 93. 1364 1347 17 92.8 1522 1501 21 94.4 1178 1172
Steel 97.9 422 422 0 98.3 350 350 0 98.5 320 320
Oats 99.5 90 90 0 99.57 90 90 0 99.5 90 90
Grass 86.2 2902 2878 24 89.46 2217 2204 13 86.9 2762 2748 14
pas
Grass 99.4 117 117 1 97.6 495 495 0 97.6 495 495 0
pasm
Grass 925 1560 1540 20 92 1671 1655 16 934 1383 1364 19
trees
Bgtd 91.1 1863 1859 4 96.7 704 704 0 934 1399 1399
corn 98.0 421 418 98 407 407 0 98.5 326 326
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Conclusion

The proposed work developed a
classification scheme that uses statistical
features alone while classifying an image.
It is predicted that those features alone
gave. The accuracy of calculation depends
upon the type of kernels used also depends
on the orientation of objects. certain
objects are well classified in certain
kernels. So a combination of two or more
kernels is found to give greater accuracies.
Here in this case the combination of linear
and sigmoid Kkernel produces more
accuracies than classified by individual
kernels.
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