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 High dimensionality of the Hyperspectral data makes it more difficult to use it for 
classification. In this paper, unsupervised band selection method is used to reduce the 

dimensionality of Hyperspectral image. Linear Prediction Algorithm selects most 

informative bands from the Hyperspectral image band set, without changing the 
physical properties of the image. Spatial features are extracted using Morphological 

operators. Here selected bands are used as spectral features. The combination of 

spectral and spatial features is given as input to the classifier. To overcome the 
difficulty of high dimensionality of resulting features, it is a common practice that 

Morphological Profiles (MPs) are extracted from selected bands. It can improve 

classification because they contain more critical characteristics for classification. 
Support Vector Machine (SVM) used as a classifier to get better accuracy for all 

classes. 
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INTRODUCTION 

 

 A Hyperspectral image is characterized by a large dimensionality data, recorded at very fine spatial 

resolution in hundreds of narrow frequency bands. These bands provide the spatial and spectral information, 

imaged by the sensor. Hyperspectral images are spectrally over determined. Spectra of bands are obtained for 

each pixels. This detailed pixel spectrum can provide much more information about surface than available in a 

traditional multispectral pixel spectrum.  

 With the recent appearance of commercial airborne hyperspectral imaging systems, hyperspectral imaging 

is the mainstream of remote sensing and hence the hyperspectral images are found to be used in a wide variety 

of applications in resource management, agriculture, mineral exploration and environmental monitoring. The 

increased availability of the hyperspectral datasets which simplifies and speeds up the technique involved in 

these fields.  

  High dimensional remote sensing data obtained from hyperspectral sensors produces high dimensional 

spectral images with a large number of spectral bands and correspondingly huge amounts of spectral 

information for data analysis. These remote sensing images can be interpreted to provide information regarding 

large-scale natural resources. 

 Hyperspectral image analysis has been used for many purposes in the field of remote sensing and 

importantly for land cover classification. Hyperspectral imagery is considered as an extension of multispectral 

imagery and it consists of spectral information expressed on hundreds of narrow bands or channels, where each 

channel contains reflectance information gathered at specific wavelength.  

  Hyperspectral imagery deals with imaging narrow discrete spectral bands over spectral image and produce 

spectra of all pixels. It collects and processes information from Electromagnetic Spectrum. Hyperspectral 

images with hundreds of bands offers high resolution and potential accuracy in land cover image classification. 

Among the total of 220 bands, 180 bands are chosen. It is characterized by large dimensionality data, recorded 

at very fine spatial resolution in hundreds of narrow frequency bands which are spectrally over determined. 

These high dimensional data may contain redundant information and create a new challenge for conventional 

classification methods. 
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 The class label is derived according to the class which best approximates the test sample by the resulting 

nearest regularized subspace classifier for each testing space via a linear combination of training samples within 

each class. During the training phase, the features of desired class are given a label name and all other class 

feature are given another label name. Based on the training, the test samples are classified. 

 

II.    Related Work: 

 Hyperspectral image classification is the fastest growing technology in the field of remote sensing and 

medicine. It can be used effectively to classify the heterogeneous classes which are present in the image. It is 

characterized by large dimensionality data, recorded at very fine spatial resolution in hundreds of narrow 

frequency bands which are spectrally over determined. These high dimensional data may contain redundant 

information and create a new challenge for conventional classification methods.(David A.Landgrebe et 

al,1999). 

 There are two methods used for reducing dimension. The first one is band transformation approach e.g. 

Principle Component Analysis (PCA) and second one is Band Selection algorithm. The former one change the 

physical meaning of the image and later one is good for is not losing information.(Kun Tan et al,2014). 

  Many band selection methods have been proposed. In terms of object information availability, band 

selection techniques can be divided into two categories: supervised and unsupervised. Supervised methods are 

to preserve the desired object information, which is known a priori, whereas unsupervised methods do not 

assume any object information. Although supervised techniques clearly aim at selecting bands that include 

important object information and the selected bands can provide better detection or classification than those 

from unsupervised techniques, the required prior knowledge may be unavailable in practice. Therefore, it is a 

need to develop reliable unsupervised band selection methods that can generally offer good performance 

regardless of the types of objects to be detected or classified in the following data analysis (Du.Q et al ,2008). 

  According to (Yang et al 2010), the high dimensionality of hyperspectral imagery challenges 

image processing and analysis. Band selection is a common technique for dimensionality reduction. When the 

desired object information is unknown, an unsupervised band selection approach is employed to select the most 

distinctive and informative bands. Unsupervised Band selection Method, was developed by Kun Tan et al [5],to 

effectively select the most information from the larger dataset. 

 Mathematical Morphology, a method was proposed by (Palmason et al, 2001). In this method, opening and 

closing morphological transforms are used in order to isolate bright (opening) and dark (closing) structures in 

images, where bright/dark means brighter/darker than the surrounding features in the images. 

A morphological profile is constructed based on the repeated use of openings and closings with a structuring 

element of increasing size, starting with one original image. 

  Data Fusion is a method which proposed by (Fauvel .M. Benediktsson J. A 2008) is based on the  fusion of 

the morphological information and the original hyperspectral data: the two vectors of attributes are 

concatenated. After a reduction of the dimensionality using Decision Boundary Feature Extraction, the 

final classification is achieved using a Support Vector Machines classifier.   

 Kernel methods provides a machine learning paradigm for building nonlinear methods from linear ones. 

Kernel methods intrinsically cope with nonlinearities in a very flexible way and are effective when dealing with 

low numbers of high-dimensional samples. Many types of kernels like linear, polynomial, radial basis function 

(RBF), sigmoid etc., are available. Selection of proper kernels gives proper results. The Support Vector 

Machine with kernel trick has been successfully used in hyperspectral image classification (Camp-valls et al, 

2005). 

 Support Vector Machine (SVM) with Radial Basis Function (RBF) is a preferred combination which 

balances the complexity and accuracy. Huang and Dixon applied the SVM classification to the Landsat 

Thematic Mapper (TM) image classification and compared the results with the maximum likelihood classifier 

(MLC), the neural network classifier, and the decision tree classifier. The results show that the SVM achieved. 

Higher classification accuracy than those of the other classifiers. In addition, the SVM was also applied to 

multispectral remotely sensed image classification and achieved higher classification accuracy than those of 

other traditional classification methods(Zhu,G et al ,2002). Foody applied the SVM algorithm to classify the 

airborne image, and the results indicated that the SVM often achieved a higher accuracy than those of other 

classification methods (Foody.G.M et al, 2004) 

 

III. Proposed Methodology: 

3.1 Dimensionality Reduction: 

  Dimensionality (Feature) Reduction is the important preprocessing step in Hyperspectral image 

classification. The feature reduction of high dimensional data is done in two ways: feature reduction and feature 

selection. The first method is the transformation approach, which usually change the physical properties of the 

image. The second method is used to select most informative bands from the larger dataset. This method is 
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more significant to use for dimensionality reduction. Among band selection methods, unsupervised band 

selection technique, which is used to find most informative bands without knowing any object information.    

 

                                                   
                                                                             

Fig. 1: Architecture Diagram. 

 

3.1.1 Linear Prediction Algorithm: 

 Linear prediction Algorithm is an unsupervised method used to select most informative bands from the 

hyperspectral dataset. The algorithm consists of the following three steps 

1) Initialize the algorithm by choosing a pair of bands B1and B2; the selected subset is denoted as Φ={B1,B2} 

2) Find a third band B3  that is the most dissimilar to all the  bands in the current by using a certain criterion , 

a0   + a 1 B1   + a2 B2= B’           (1) 

 Where B1 and B2 are in Φ with N pixels each . B’ is the linear prediction of band B using B1 and B2 and 

a0, a1,a2 are  parameters. To find Linear prediction error of bands using this formula   

e=||B-B’||            (2) 

From that select a third band which is having maximum prediction error. 

The parameter vector a=(a0a1a2)
T    

can be determine by using  

a = ( X
T  

X  )
-1 

X
T 

y          (3) 

 Where X is an N*3 matrix whose first column is one, second column includes all the N pixels in B1 and 

third column includes all the pixels in B2.This process is repeated until, Φ set becomes larger. 

3) Continue step (2) until the number of bands in is large enough.  

 

3.2 Spatial Feature Extraction and Feature Vector Formation: 

 In hyperspectral image, both spatial and spectral bands have more amount of information. Avoiding spatial 

features, leads to decrease in the classification accuracy. A s a result of dimensionality reduction twenty five 

most informative bands are selected and spatial features are extracted. Here spatial feature extraction is done by 

using Morphological processing. Mathematical morphology is a tool for extracting image components that are 

useful in the representation of region shape. The basic operators of morphology are dilation, erosion, opening 

and closing. Sometimes opening and closing introduces the fake objects in the image. To avoid this problem 

Geodesic morphology and reconstruction used. In this method, the structure of the image contains SE(structural 

Element) then it is totally preserved, or totally removed. To determine the shape or size of all elements present 

in an image, it is necessary to use a range of different SE sizes. An MP (Morphological Profile) is composed of 

the opening profile (OP) and closing profile (CP).  

The OP at the pixel x of the image I is defined as an n-dimensional vector 

OPi (x) = γR 
(i) 

(x)            Ѵi  € [0,n]         (4) 

Where γ R (i)  is the opening by reconstruction with an SE of a size i and n is the total number of openings. 

The OP at the pixel x of the image I is defined as an n-dimensional vector 

CPi(x)=ΦR 
(i) 

(x)               Ѵi  € [0,n]         (5) 

where φ(i) R is the closing by reconstruction with an SE of a size i. 

By collating the OP and the CP, the MP of image I is defined as 2n + 1dimensional vector 

MP(x) = {CPn(x), . . . , I(x), . . . , OPn(x)} .        (6) 

 

 Thus, from a single image results a multiband image, whose dimension corresponds to the number of 

transformations, and spatial information is now contained in the MP for each pixel. 

 

3.3   Classifier: 

 The classifier used for this hyperspectral image classification is Support Vector Machine (SVM). 

 

3.3.1 Support Vector Machine (SVM): 

 SVM is a good candidate for remote sensing data classification for a number of reasons. SVM outperforms 

other classifiers as they work well with a small training data. They can support more number of features during 

the classification task. SVM performs nonlinear classification using kernel trick. Kernel-based methods are 

based on mapping data from the original input feature space to a kernel feature space of higher dimensionality 

and solving a linear problem in that space. The aim is to find a linear separating hyper plane that separates 
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classes of interest. The hyper plane is a plane in a multidimensional space and is also called a decision surface 

or an optimal separating hyper plane. 

 Here, One-against-all (OAA) Binary Hierarchical Tree strategy is used by SVMs while classifying images. 

It separates the classes hierarchically by considering how one class is separated from others. 

 

RESULTS AND DISCUSSIONS 

 

 This work is conducted on the AVIRIS Hyperspectral dataset taken over the North-western Indiana’s 

Indian Pine Set. The dataset consists of 220 bands and each band consists of145x145 pixels. The original 

dataset contains 16 classes and ground truth is available for that. 

 
Fig. 2: Ground Truth Classes. 

 

 The combination of spectral information and MP-based spatial features are used for hyperspectral image 

classification. Dimensionality reduction is done via linear prediction algorithm and most informative bands are 

selected. Here linear prediction algorithm is implemented and results also discussed. Mathematical morphology 

is constructed for spatial feature extraction. Finally the combination of spectral and spatial features is given as 

input to the classifier and results obtained. The results of all modules are discussed below. 

 

 
 

Fig. 3: Selected Twenty Five Bands. 

   

 Hyperspectral image is a high dimensionality image. There exits high correlation between the adjacent 

bands. So that first dimensionality reduction is done. The input image contains 180 bands. The unsupervised, 

linear prediction Algorithm selects only 25 bands for classification.  

 Spatial feature extraction is done by using Morphological operators. The opening by reconstruction and 

closing by reconstruction is continuously applied to the image. As a result of these two operators, opening 

profile and closing is profile formed. By combining these two Profiles Morphological is profile formed. For 

more number of bands, the morphological profiles are combined, the Extended Morphological Profile (EMI) is 

formed. 

 
                                                                     

Fig. 4: Extended Morphological Profile. 

 

 Classifier is a learning system, which learns from the training set and gives appropriate output. Here 

Support Vector Machine (SVM) is used for classification and results are shown in figure 5 and 6. 

 In this dataset, 16 classes are labeled and given as a ground truth image. The sixteen classes are Alfalfa, 

Corn-notill, Corn-min, Corn, Grass-pasture, Grass-trees, Grass-pasture-mowed, Hay-windrowed, Oats, 

Soybean-notill, Soybean-mintill, Soybeanclean, Wheat, Woods, Buildings-Grass-Trees-Drives and Stone-Steel-

Towers. In that Alfalfa, Oats, Grass-pasture-mowed are small classes and corn-Notill, Soybean-mintill and 

woods are larger classes. SVM performed equally well for all those classes and gives higher accuracy for all 

classes. Alfalfa, Oats, Grass-pasture-mowed has got the overall accuracy of about 93.6%, 95.85%, and 97.90% 

respectively. These three classes having very limited number of pixels like Alfalfa having only 54,oats having 
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26 and Grass-pasture-mowed having 20 only. During classification these classes are overwhelmed by larger 

classes like Corn-min, Soybean-mintill, woods. Some classes like Soybeanclean, corn, Hay-windrowed got the 

overall accuracy in the range of 99.09%, 99.87%, 99.91%.The misclassification pixels present in these classes 

are very low compared to other classes. 

 

         
 

Fig. 5: SVM Output.                                                            Fig. 6: Combined SVM Output. 

                                                         
Table I: Average Accuracy for 16 Classes. 

CLASS CLASS NAME CLASS ACCURACY(%) OVERALL ACCURACY (%) 

C1 Alfalfa 65.4 93.86% 

C2 Corn Nortil 60.8 96.43% 

C3 Corn Min 57.7 99.28% 

C4 Corn 65.3 99.87% 

C5 Grass Pasture 58.9 96.80% 

C6 Grass Tree 60.9 97.87% 

C7 Grass Pasture Mowed 76.4 97.90% 

C8 Hay 63.2 99.91% 

C9 Oats 50.8 95.85% 

C10 Soya Notil 76 89.43% 

C11 Soya Min 64.2 97.37% 

C12 Soya Clean 58.3 99.09% 

C13 Wheat 55.2 94.46% 

C14 Wood 60 98.37% 

C15 BGT 54.7 93.86% 

C16 Steel 40.5 95.87% 

 

 The performance of classification is evaluated by calculating kappa coefficient. It provides a difference 

measurement between the observed agreement of two maps and agreement that is contributed by chance alone. 

 K < 0.4: poor   0.4 < K < 0.75: good    K > 0.75: excellent. 

 Kappa Coefficient for the above classified image is K=0.8513.From the kappa coefficient , it is obvious 

that, the Classification result is accurate. 

 

V.Conclusion: 

 Hyperspectral imaging is a powerful technique and has been widely used in a large number of applications, 

such as detection and identification of the surface, analysis of soil type, monitoring agriculture, environmental 

studies, and military surveillance. An unsupervised Linear Prediction Algorithm has been used to reduce the 

dimensionality of input image. Twenty five most informative bands were chosen by this algorithm from  one 

eighty bands. Spatial features were extracted from those selected bands and Morphological profile was 

constructed. This morphological profile is constructed for all the twenty five bands and these profiles are 

combined with spectral features to form the spectral and spatial feature set. This feature set is given as an input 

to the classifier Support Vector Machine. SVM provided very accurate classification results for all classes 

present in that data. This process took so much time to select most informative bands. So band optimization 

techniques can be incorporated for band selection in future, thereby reducing the time to select the informative 

bands. 
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