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Classification of Pavia University Hyperspectral
Image using Gabor and SVM Classifier
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Abstract: Hyperspectral remote sensing technology is used
for identification and detection of objects on the earth.
Hyperspectral images are composed of several bands, each
band comprises of spectral and spatial information’s. Recent
developments involve both spectral and spatial classification
for hyperspectral image analysis. This rich and detailed
spectral, spatial information can be used to classifying and
identifying a wide range of earth surface materials. In this
paper spectral and spatial information’s from each band are
derived using Gabor filter. Classification is done using
Support Vector Machine (SVM) classifier. SVM advocates
good results in the linear domain classification but,
Hyperspectral domain is a non-linear domain which can be
converted into linear domain by using kernel methods.
Hyperspectral dataset of Pavia University acquired by
ROSIS sensor is chosen as the input image for this
experiment and classification accuracy of 63.62% is
obtained.
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I.NTRODUCTION
Remote Sensing is a field of study for gathering
data and information by measuring signals from objects at
long distances. Land cover classification is concerned
with identifying different types of coverage on the Earth’s
surface and has been used for many purposes, such as
urban planning and management, forestry, environmental
monitoring, agriculture, etc. Remote Sensing methods are
used to gain a better understanding of the Earth and its
functions. Recent developments in remote sensing
technologies have made hyperspectral imagery (HSI)
readily available to detect and classify objects on the earth
using pattern recognition techniques. Hyperspectral
remote sensing, also known as imaging spectroscopy, is
an emerging technology that is currently investigated by
researchers for the detection of terrestrial vegetation,
man-made materials, minerals, and backgrounds.
Hyperspectral images are acquired using satellite/airborne
sensors, like Hyperion in several hundred narrow and
continuous bands. These bands provide wealth of spatial
and spectral information. This rich and detailed spectral,
spatial information can be used to classifying and
identifying a wide range of earth surface materials.
Hyperspectral imaging is excellent source of information
for the classification of materials. Hyperspectral sensors
contain hundreds of spectral channel where each channel
covers a small portion of electromagnetic spectrum.
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Classifying the pixels in the Hyperspectral
Images and identifying their relevant classes depends on
the feature extraction, and classifier used. Feature
extraction is done using Gabor Transform for getting
transformed raw image. Gabor function provides the
optimal resolution in both the spatial and frequency
domains [1]. Classification is done using Support Vector
Machine (SVM) classifier. SVM advocates good results in
the linear domain classification [4] but, non-linear domain
can be converted into linear domain by using kernel trick.
Kernel methods constitute a machine learning paradigm
for building nonlinear methods from linear ones. The
superiority of SVMs, implementing structural risk
minimization SVMs aim to discriminate two classes by
fitting an optimal separating hyperplanes to the training
data within a multidimensional feature space by using
only the closest training samples. Thus, the approach
works well with small training set, even when highdimensional data sets are classified [5]. Tarabalka et al.
[6] proposed the use of probability estimates obtained by
the support vector machine (SVM) classification, in order
to determine the most reliable classified pixels as seeds of
spatial regions.
SVM with Radial Basis Function (RBF) is a
preferred combination which balances the complexity and
accuracy [7]. The SVM with kernel trick has been
successfully used in Hyperspectral image classification
[8]. Kernel based methods like one-class SVM, identifies
samples of one particular class and rejecting the others
[9]. Lately , [10] semi supervised kernel-based classifiers
for example, the transductive SVM [11] and Laplacian
SVM [12] have been introduced to exploit the wealth of
unlabeled data in the image.
II. Proposed method
Hyperspectral image
Gabor wavelet
SVM
A Hyper spectral image consists of many
classes. In the classification of hyperspectral image,
getting the input image is the initial step. For evaluating
the performance of the proposed method, a sample hyper
spectral image of Pavia University dataset is chosen.
Gabor Wavelets
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Feature is defined as an associate that
characterise the difference from one class to other class. A
feature is a significant representative of an image which
can be used for classification. When the input data to
an algorithm is too large to process, the data can be
transformed into a reduced representation set called
features. The method of transforming an input data into
the set of features is called Feature extraction. Features are
extracted from transformed image bands. Gabor function
provides the optimal resolution in both the spatial and
frequency domains. Spatial resolution is a measure of the
coarseness or fineness of a raster grid. The higher the
spatial resolution of a digital image, the more detail it
contains. Spectral resolution is the ability of a sensor to
detect small differences in wavelength. Due to this
optimal resolution in both domains, Gabor function has
been considered as a very useful tool for feature
extraction. In the proposed method, the Gabor feature of
orientation 4 and scale of 6 is selected and 24 Gabor
features have been extracted for all the pixels in the
hyperspectral data cube.
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Pavia University dataset acquired using ROSIS
sensor is a 610*340 pixel image. The number of bands in
this image is 103 spectral bands with a spectral coverage
ranging from 0.43 to 0.86 μ m and a spatial resolution of
1.3 meter per pixel. This dataset has 9 different classes.
Out of 103 spectral bands only 50 bands are chosen for
this experiment.

SVM

The classification is done with Support vector
machines. A Support vector machine performs
classification by constructing an N-dimensional hyper
plane that optimally separates the data into two categories.
Classification is done using SVM classifier. SVM
advocates good results in the linear domain classification
[15] but, Hyperspectral domain is a non-linear domain.
Kernel tricks are used to convert non-linear domain into
linear domain. Kernel methods constitute a machine
learning paradigm for building nonlinear methods from
linear ones [16-17]. SVM with Radial Basis Function
(RBF) is a preferred combination which balances the
complexity and accuracy [20].
III. Experimental results
Hyperspectral image acquired using ROSIS
(Reflective Optics System Imaging Spectrometer) over the
Pavia University is chosen for this experiment.

Fig 1: Ground truth for Pavia University
Input image is transformed using Gabor Filter the
value of scale and orientation is fixed as six and four
respectively. 24 Gabor Features are extracted from the
input image. Pixels are randomly chosen from each class
and their features are used for training. Here 5-30% of
pixels from each class are used for training. All the pixels
are tested against the training samples. The classifier
produces the output, whether the pixel under test belongs
to the interested trained class or not.
Thus the pixels of interested classes are identified among
the whole dataset. Similarly other classes are also trained.
Randomly selected pixels are tested against the training
samples. By this way, classes are separated hierarchically.
The training and testing information are shown in Table 1
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Table 1: Training Samples
Classes

Number of
samples

Trained
samples (10%)

Trained
samples (20%)

Trained
samples (30%)

6631

Trained
samples
(5%)
331

Asphalt

663

1326

1989

Meadows

18649

932

1865

3730

5595

Gravel

2099

105

210

420

630

Trees

3064

153

306

613

919

Paint metal sheet

1345

67

135

269

403

Bare soil

5029

251

503

1006

1509

Bitumen

1330

67

133

266

399

Self block bricks

3682

184

368

736

1105

Shadows

947

47

95

189

284

Table 2: Overall Accuracy Table
Classes

Accuracy for 5%
trained samples

Accuracy for 10%
trained samples

Accuracy for 20%
trained samples

Accuracy for 30%
trained samples

Asphalt

22.18

35.58

55.41

69.37

Meadows

42.93

61.90

78.33

86.84

Gravel

19.63

33.78

52.83

66.75

Trees

15.31

27.87

47.45

60.90

Paint metal sheet

9.07

16.36

30.63

41.71

Bare soil

29.9

45.95

62.44

73.91

Bitumen

18.57

30.23

46.69

60.23

Self block bricks

20.32

37.40

58.56

73.55

Shadows

6.12

13.52

27.56

39.39

Overall Accuracy
(%)

20.44

33.62

51.1

63.62
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(a)

(b)

(c)

(d)

Fig 2: Pseudo colour SVM output (a) 5% trained (b) 10% trained (c) 20% trained (d) 30% trained samples
IV. Conclusion
The classification of hyper spectral remote
sensing data using support vector machines was
experimented. Even in the case of a very limited number
of training samples and high dimensional data SVM

provides accurate classification. Feature extraction
procedure is carried out using Gabor. Gabor function
provides the optimal resolution in both the spatial and
frequency domains and then the 5-30% trained feature
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samples are used for classification using SVM classifier.
This proposed method provides classification accuracy of
20.44 for 5% trained, 33.62 for 10% trained, 51.1 for 20%
trained and 63.62 for 30% trained samples for the Pavia
University Dataset.
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