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Abstract—Classification of heterogeneous classes present in 

the Hyperspectral image is one of the recent research issues 

in the field of remote sensing. This work presents a novel 

technique that classifies Hyperspectral images that contain 

number of classes by making use of the image moments. 

Recently, researchers have introduced a number of neural 

network models and structured output based methods for  

classification of these Hyperspectral images they however 

suffers with the problem of confusion between the classes that 

are having similar characteristics and hence provides 

imbalanced solution for the classes with less number of 

pixels. The polynomial features such as Zernike moments are 

extracted from the Hyperspectral image and is used for 

classification. Support Vector Machines with Binary 

Hierarchical Tree is used for classification of the 

Hyperspectral data by One Against All methodology. Then, 

the performance of Zernike moments in Hyperspectral image 

classification is evaluated. 

Keywords— Zernike moments, Hyperspectral Image 

Classification, Multi-class Classifier, Support Vector 

Machine, AVIRIS. 
 

                 I.  INTRODUCTION 
 

Classifying the heterogeneous classes present in the 

Hyperspectral Image is one of the recent research issues in the 

field of remote sensing. It is demonstrated that using 

Hyperspectral image to make quantitative classification and 

identification of crop or vegetation characteristics is successful 

[1]. However, the high dimensionality of the Hyperspectral data 

makes it more difficult to use it for classification. Moreover, 

there is a lot of redundancy in the data which needs to be 

removed [2]. Complexity lies in the nature of high 

dimensionality data and the consequent ground truth demand 

for supervised classification [3]. Hughes phenomenon implies 

that the number of labeled training samples required for 

supervised classification increases as a function of 

dimensionality. In Remote Sensing, the availability of training 

samples is often limited and this limitation becomes relevant in 

case of high number of features. This problem is addressed by 

identifying a model that is less sensitive to Hughes phenomenon 

provided it should reduce the redundancy of the dataset 

available [4].  

Classifying the pixels in the Hyperspectral Images and 

identifying their relevant class belongings depends on the 

feature extraction and classifier selection processes. Feature 

extraction is an akin process while classifying images. In 

Remote Sensing, the number of training samples available is 

often limited. Hence to avoid the problems caused by the 

limited training samples, several feature extraction methods 

based on the wavelet transform have been proposed for 

Hyperspectral images [5]. Chebyshev Statistics based on 

Chebyshev Polynomials gives accurate representation of image 

features. The Chebyshev Polynomial analysis is a form of 

transformation, where the necessary features are extracted to 

preserve the second order image statistics [6]. Zernike moments 

in general are rotation invariant and robust to noise. The higher 

order Zernike moments represent the global shape of a pattern 

whereas the lower order Zernike moments grasps the finer 

details of the pattern [7]. They are proven to have very good 

image feature representation capabilities, are based on the 

orthogonal Zernike Radial Polynomials [8]. They are able to 

achieve a near-zero value of redundancy measure in a set of 

moment functions where the moments correspond to 

independent characteristics of the image [9].   

In general, Hyperspectral datasets are non-linear in nature. 

The Kernel methods that are used in machine learning models 

converts these non-linear datasets into a linear one, thereby 

making it a useful tool for applications like regression, 

classification and clustering [10-11].These Kernel methods are 

suitable for the classification of high dimensional data while 

the availability of the training samples is limited. Many types 

of kernels such as Linear, Polynomial, Sigmoid, Radial Basis 

Function (RBF) etc., are available. Selection of proper kernel 

gives proper results.  

Support Vector Machine (SVM) with Radial Basis Function 

(RBF) is a preferred combination which balances the 

complexity and accuracy [12]. The usage of SVM classifier for 

Hyperspectral Images is shown by J.Gualtieri [13]. Multiclass 

classifier for Hyperspectral images is explained by B.Scholkopf 

[14]. 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 [15-16]. The results show that the SVM achieved 
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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 

[17]. 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 [18]. 

From the literature, it is evident that the image moments are 

also capable of efficient image representation and hence they 

are used as features for classification. First the Zernike 

Moments are extracted as features from the Hyperspectral 

image. Then the extracted features are used for efficient 

classification of Hyperspectral image using a SVM classifier.  

Rest of the paper is organized as follows. Section-2 deals 

with the Proposed Work followed by the Experiment Design as 

Section-3. Section-4 is dedicated to the Results and 

Discussions. Section-5 gives the conclusion about the work. 

II. PROPOSED METHODOLOGY 

 

A. Zernike Moments 

Zernike features are the coefficients of the Zernike 

polynomial approximation of the image. While Zernike 

coefficients are complex-valued, absolute values are used as 

image descriptors. Zernike first introduced a set of complex 

polynomials { } which form a complete orthogonal set 

over the unit disk of x
2
 + y

2
 ≤ 1 in polar coordinates. Since the 

Zernike moments are defined over the unit circle, two steps 

were required to convert a rectangular region of each image to a 

unit circle for calculation of Zernike moments. In the first step, 

the range of the image should be mapped to the unit circle with 

its origin at the image’s centre. Secondly, the pixels falling 

outside the unit circle are discarded in the computation process. 

For example, if we want to compute Zernike moments of a 

binary image with spatial resolution of 64×64. This binary 

image is normalized into a unit circle with fixed radius of 32 

pixels. The form of the polynomials is defined as: 

                                       

(1) 

where n is positive integer or zero; m is integers subject to 

constraints n-|m| is even, and |m| ≤ n; ρ is the length of the 

vector from the origin to the pixel (x, y); θ is the angle between 

the vector ρ and x axis in counter-clockwise direction; (ρ) is 

Radial polynomial defined as: 

  

(2) 

Here, Zernike moments can be calculated using analytical 

forms of Zernike polynomials instead of complex Zernike 

polynomials. The Zernike moment of order n with repetition m 

for function f (x, y) is defined as: 

       

(3) 

Where, . 

To compute the Zernike moment of a digital image, we just 

need to change the integrals with summations: 

      

(4) 

Suppose we know all Zernike moments of f(x, y) up to 

order N, we can reconstruct the image by: 

                                         

(5) 

Zernike polynomials take the unit disk x
2
 + y

2
 ≤ 1 as their 

computation domain. To compute the Zernike moments of a 

digital image, the range of the image should be mapped to the 

unit circle with its origin at the image’s centre. The lower order 

Zernike moments capture the overall shape information, and the 

higher order moments capture the fine details of the image. In 

addition to these, Zernike moments possesses many attractive 

properties, such as Rotation Invariance, Invariance to 

Illumination condition, Robust to Noise, Expression Efficiency, 

Fast Computation and Excellent multi-level image feature 

representation capabilities. Besides these, they may also 

achieve scale and translation invariance properties, if the input 

image is normalized before the computation of moments. 

 

B. Feature extraction 

When the input data to an algorithm is too large to be 

processed and it is suspected to be redundant, then the input 

data will be transformed into a reduced representation of set of 

features (also named feature vectors). Transforming the input 

data into the set of features is called feature extraction. From all 

the bands of Hyperspectral dataset, the Zernike moments of 

order n=3 are computed and the results are used as features for 

Hyperspectral image classification with the help of a classifier 

named SVM.  

 

C. Support Vector Machine (SVM) 

 

SVM is a good candidate for remote sensing data 

classification for a number of reasons.  Firstly, an SVM can 

work well with a small training data set as the selection of a 

sufficient number of pure training pixels has always been a 
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problem with remote sensing data. Secondly, SVM has been 

found to perform well with high accuracy for problems 

involving hundreds of features. 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 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. Radial Basis Function 

Kernel is used here.  

This kernel nonlinearly maps samples into a higher 

dimensional space, unlike the linear kernel, and so it can handle 

the case when the relation between class labels and attributes is 

nonlinear as shown in Figure. 1. 

 

 

Fig 1. Separable classification using RBF kernel in a) Original Space b) Feature 

Space 

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. 

 

 

Fig 2. OAA Binary Hierarchical Tree ( represents ) 

 

Likewise so many SVMs can be run to find out the 

interested classes. While training, care is shown towards the 

over fitting of the samples. 

  

Fig. 3 Proposed Methodology 

 

III. EXPERIMENTAL DESIGN 

 

    The experiment 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 of 

145x145 pixels. The original dataset contains 16 classes and 

ground truth is available for that.  

 

                         Fig 4. Ground Truth Classes 

 

 IV. RESULTS AND DISCUSSIONS 

The Feature Vectors derived from the Feature Extraction 

methods are 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. Similarly other classes also 

trained and by this method, the classes are separated 

hierarchically.  

After that the pixels of interested class are assigned white 

gray level while others are assigned black. Then the output is 

displayed and the performance is evaluated. By comparing each 

class of pixels with the ground truth, the amount of 
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misclassified pixels can be found. From that the accuracy can be 

found. 

 

 
                         Fig 5. Classification Output 

 

TABLE I : AVERAGE ACCURACY (AA) FOR 16 CLASSES 

 

Class label class Average accuracy 

(%) 

C1 Alfalfa 66.67 

C2 Corn-notill 57.26 

C3 Corn-Min 66.25 

C4 Corn 59.95 

C5 Grass-Pasture 89.74 

C6 Grass-Trees 40.24 

C7 Grass-Pasture 

Mowed 

61.54 

C8 Hay-Windrowed 68.27 

C9 Oats 60 

C10 Soybean-notill 61.98 

C11 Soybean-Min 64.06 

C12 Soybean-Clean 56.51 

C13 Wheat 56.60 

C14 Woods 61.82 

C15 Building Grass 

Tree Drives 

65.00 

C16 Stone Steel Tower 28.42 

Overall Accuracy 72.7% 

 
 

From Table 1, it is inferred that, for nearly three-fourth 

of the classes, the average accuracy obtained by the proposed 

feature set reaches more than 60%. Classes like Grass-pasture 

and Woods produces accuracy more than  75% and classes like 

Alfalfa, Corn-min, Hay-windrowed produces accuracy more 

than 65% and classes like Grass pasture- mowed, Soy- notill, 

Soy-min, Wheat and Stone-steel towers produces average 

accuracy more than 60% whereas classes like Corn-notill,  

Corn and Building Grass Tree Drives attains average accuracy 

of 40%. By comparing the classification result with the ground 

available, the overall accuracy of classification is obtained and 

is found to be 72.7%. 

 

 

Fig 6. Pseudo Coloured Output of SVM 

 
V. CONCLUSION 

The classification of Hyperspectral remote sensing 

data using Support Vector Machines was investigated. SVM 

provides very accurate classification, even in the case of a very 

limited number of training sample and high dimensional data. 

Feature like Zernike Moments from Raw Image is used for 

classification using SVM. It is predicted that this feature alone 

gave overall classification accuracy of 72.7%. It is possible to 

develop a soft classification algorithm for this type of sensitive 

classifications. For this case of analysis, knowledge about 

‘which’ class a pixel belongs to is not sufficient. If, the 

information about, ‘how much’ the pixel belongs to a particular 

class is known, it will be more useful for classification. As the 

Soft Classification extends its application to the sub-pixel 

levels, it can able to reduce the misclassifications. 
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