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Abstract 
 
In these paper better classification accuracy techniques is proposed for flower and land cover hyperspectral dataset. Initially flower da-

taset is considered in which newly proposed improved particle swarm optimization is implemented and compared with particle swarm 
optimization and K means algorithm followed by land cover dataset is considered in which proposed random forest algorithm is com-
pared with support vector machine and k means and Navie Bayes classifiers. In both the hyperspectral dataset proposed methods gives 
good classification results in terms of accuracy. 
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1. Introduction 

Hyperspectral imaging collects and processes dataacross the elec-
tromagnetic spectrum, which cannot be achievedby other imaging 
techniques.The goal of hyperspectral imaging is to obtain the 
spectrum for each pixel in the image of a scene to find objects and 

classify. Unlike the human eye, that sees visible light in three 
bands (red, green, and blue), spectral imaging divides the spec-
trum into many more bands. This technique of dividing images 
into bands can be extended beyond the visible. In hyperspectral 
imaging, the recorded spectra have fine wavelength resolution and 
cover a wide range of wavelengths. Therefore, Engineers build 
hyperspectral sensors and processing systems for applications in 
astronomy, agriculture, biomedical imaging, geosciences, physics, 
and surveillance. Certain objects leave unique 'fingerprints' in the 

electromagnetic spectrum known as spectral signatures; these 
'fingerprints' enable identification of the unique features that make 
up a scanned object.  
Hyperspectral (HS) imaging has a wide range of applications in 
terrain classification, mineral detection and exploration, pharma-
ceutical counterfeiting, environmental monitoring and military 
surveillance. Instrument limitation and imperfect imaging optics 
do not allow HS sensors to acquire high-spatial resolution data. 

On the other hand, a low-spatial resolution will result in many 
mixed pixels and greatly degrade the detection and recognition 
performance required in the civil and military fields. Therefore, 
enhancing the spatial resolution of HS data has become an im-
portant area of research. In HSI classification, sufficient training 
samples are usually crucial to obtain reliable results due to the 
curse of dimensionality, i.e. Hughes phenomenon. Manifold learn-
ing promotes dimensionality reduction of intelligent data analysis. 

Hyperspectral image processing has been an area of active re-
search owing to the large number of applications associated with it 
and large datasets, which urge the development of less-complex 

and more accurate processing mechanisms to deal with the high-
dimensional data. Hyperspectral image (HSI), satellite sensors 
collect imagery simultaneously in hundreds of narrow and contig-
uously spaced spectral bands, with wavelengths ranging from the 

visible spectrum to the infrared region (0.4–2.5μm).  
The organization of the paper is as follows. Section 1 introduces 
the importance of use of hyperspectral imaging in the assessment 
of land covers, followed by some of the existing works in Section 
2. The details of proposed methodology have been covered in 
Section 3 followed by Discussion in Section 4. Results obtained 
and comparative analysis has been provided in Section 5 with 
Conclusion in Section 6. 

2. Literature review 

The effect of urbanization over the years by human beings have-
had a negative impact on the sustainability of the environment. 
With the development of roads, buildings, water parks, commer-
cial units there is a threat to environment because of massive de-
forestation, extinction of wildlife, reduction of wetlands and yield-

ing lands. The major reason behind this is the change in living 
standards of human beings over the years without any measures 
being taken for reducing and eliminating the hazardous practices 
undertaken. The survey conducted by Vitousek, P.M el.at [1] has 
highlighted the increasing amount of changes on land cover day 
by day due to the unethical and harmful life style practices in the 
environment. These practices not only are harmful to the human 
beings but have an ill effect on the natural flora and fauna result-

ing in endangering the existing species. The deterioration of natu-
ral resources by the act of humans has had an ill effect on the envi-
ronment there by creating an imbalance in the ecosystem [2]. In 
order to overcome the environmental issues knowledge about land 
use and changes occurring must be kept intact so as to create a 
safe ambient environment [3].  
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When we consider an outside environment, there are several fac-
tors like illumination factors, background in which the image is 
present and these affect the quality of images being captured. Im-
age segmentation is carried out mainly to divide the image into 
multiple regions and further extract such regions, which are of 
interest. The segmentation process proposed by S L S Abdullah 
et.al [4] aims at the production of a threshold before segmentation 
so as to support a uniform illumination effect on the image used. 

The use of Otsu's method for generation of threshold and Fuzzy c 
Means for segmentation have still not been able to produce an 
image of a better quality due to poor illumination efforts and im-
proper backgrounds. The data after segmentation undergoes the 
process of feature extraction so as to identify the differences in 
minute patterns by using a multivariate texture model [5]. This 
model was able to provide four distinct levels of output thereby 
providing better classification of land covers. 

The authors in [8] obtained compared features using different 
filtering strategies for morphological attribute filters by consider-
ing non-increasing attributes. The Attribute Profiles (APs) and 
Self Dual Attribute Profiles (SDAPs) were obtained by sequential-
ly applying attribute filters on tree-based image representations, 
such as Min- or Max-trees and Inclusion tree. The main objective 
of this study was to investigate the effects of filtering rules max, 
min, direct and subtractive, when considering the non-increasing 

attributes of moment of inertia and standard deviation. By using a 
high-spatial resolution dataset, the extracted information from the 
profiles has been analyzed. This is done by studying the effects on 
the classification accuracy by using the profiles as additional input 
features to a Random Forest classifier.  
Rebetez et al [9] have studied the problem of domain adaptation in 
the context of hyperspectral satellite image analysis. Authors pro-
posed a new correlated correspondence algorithm based on net-
work analysis. The algorithm finds a matching between two distri-

butions, which preserves the geometrical and topological infor-
mation of the corresponding graphs. The performance of the algo-
rithm evaluated on a shadow compensation problem in hyper-
spectral image analysis has shown to improve to the the land use 
classification obtained with the compensated data. 
Liu, et al. [10] have proposed a neighboring filtering kernel to 
spatial-spectral kernel sparse representation for enhanced classifi-
cation of hyperspectral images. The proposed neighboring kernel 

presented a framework of spatial-spectral kernel sparse representa-
tion classification (KSRC) and could measure the spatial similarity 
by means of neighborhood filtering in the kernel feature space. 
The authors have shown the presented method to be effective and 
was able to outperform the existing spatial-spectral kernels. In 
addition, the proposed spatial-spectral KSRC could open a wide 
field for future developments in which filtering methods could be 
easily incorporated. 

3. Discussion 

Hyperspectral image is a set of data which measure the spectrum 
of solar radiation reflected by the earth’s surface. The detailed 
spectral information provides new opportunities to identify objects 
that exhibit distinguishable spectral characteristics associated with 

absorption and reflectance features. These images have many 
applications in agriculture, geology, forestry, landscape, biodiver-
sity conservation, regional planning as well as warfare. The in-
formation contained in hyperspectral image allows the characteri-
zation, identification, and classification of the land-covers with 
improved accuracy and robustness. With very narrow spectrum 
band, hyperspectral image data include ample information, which 
reflects tiny differences among materials of the earth’s surface. 

Hyperspectral image is of high input dimension of pixels, small 
number of labelled samples, and spatial variability of the spectral 
signature. However, high dimensionality of hyperspectral data, 
usually coupled with limited reference data available, limits the 
performances of supervised classification techniques. The com-
monly used pixel-wise classification lacks information about spa-

tial structures of the image. In order to increase classification per-
formances, integration of spatial information into the classification 
process is needed. A new IPSO technique and spectral-spatial for 
feature extraction based on GWLM scheme for hyperspectral im-
age classification is proposed, and classification is done using 
ANN classifier to generate knowledge base. 

4. Proposed methodology 

The appropriate process flow of the proposed technique is as fol-
lows: An Improved Particle Swarm Optimization for based Artifi-
cial Neural Network is proposed for Hyper Spectral Image Classi-
fication. Firstly, Hyperspectral image considered is pre-processed 
which includes resizing, de-noising and color separation.  
The resulting image is segmented using IPSO. Spectral-spatial 

features are extracted from the segmented image by using Gaussi-
an Weighted Local mean operator. Laplacian Eigen values are 
generated for the extracted features. Then, feature vectors are 
created using the generated Laplacian Eigen values. Then classifi-
cation is done using ANN classifier to generate knowledge base. 
This constitutes the training phase. In the testing stage the Hyper-
spectral image which is to be tested is classified using ANN clas-
sifier to obtain the statistical data for proper image analysis. 

Let us consider the hyperspectral image with N number of pixels 
is represented as.  
 

 NxxxX ,,, 21 
 

 
The spectral vector associated with an image pixel 
 

 idii xxixx ,,, 21 
 

 

with number of spectral bands and image pixel Bi , where 
 nB ,,2,1  is the set of integers indexing the n pixels of x. 

Here, first we do pre-processing such as resizing, de-noising, color 
separation. For the purposes of this paper, the tested images were 
resized into (1024x1024), and de-noising the HSI (Hyper Spectral 
Image) used by the median filtering. Image de-noising or filtering 
is a technique to reduce noises from a corrupted image. In many 
applications of image processing, the input image may be corrupt-
ed by noise and thus may not show the features or colors clearly. 
Thus, a major task in image processing is to extract information 

from the noisy images. The median filtered image  yxg , can be 

obtained from the median pixel values in a neighborhood of  yx, in 

the input hyperactive spectral image  yxf ,  as defined by the fol-
lowing formula: 
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Hyperactive Spectral Image segmentation using Improved Particle 
Swarm Optimization Algorithm: Particle Swarm Optimization is 
an algorithm developed by Kennedy and Eberhart, that simulates 
the social behaviors of bird flocking or fish schooling and the 
methods by which they find roosting places, foods sources or oth-
er suitable habitat. The proposed IPSO algorithm not only im-
proves the standard PSO algorithm but also adds new strategy in 

order to find the global solution better than PSO algorithm by 
applying the chaotic sequences for weight parameter. The chaotic 
sequences are included in the inertia weight factor of the classical 
PSO to improve the searching capability of the algorithm. The 
proposed approach automatically determines the optimum number 
of clusters. The algorithm starts by partitioning the hyperspectral 
image into a relatively large number of clusters to reduce the ef-
fect of initial conditions. 

In the basic IPSO technique, suppose that the search space is d-
dimensional. Each pixel is called particle, and each particle (i-th 
particle) is represented by d-dimensional positional vector and 
described as.  
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The fitness function is calculated using the following formula, 
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Feature Extraction Using Gaussian Weight Local mean Operator 
(GWLM): 
In this section, GWLM is proposed to extract the spectral and 
spatial information. In our proposed scheme, GWLM is applied 

for each pixel ix  of HSI to extract its spatial information
s

ix . Let f  

is usually a gray value of image, u is any pixel point, v  denotes 

the translation interval, and  uBr is a sliding window of size rr   
( r  is an odd number) pixels with the centre from the optimal solu-
tion of IPSO. 

Set the Gaussian weight between the point u  and vu  after 
translation, 
 

      22
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It is the normalization factor. GWLM of u  in the neighborhood 
 uBr is given by 
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The above procedure is followed for the hyperspectral data set of  
Lillies close up flower and below shown technique is applied for 
land cover hyperspectral data set of Hyderabad region. 
The process of image acquisition is followed by segmentation 
where the pixels making up the image are assigned suitable labels 

either in a supervised or unsupervised manner. Selection of the 
supervised or unsupervised mode mainly depends on the underly-
ing application. The segmentation techniques used in the proposed 
system are Fuzzy C-means method and Otsu's thresholding meth-
od. Otsu's method aims at optimizing the parameters without any 
prior estimation by following three main discriminating criteria 
which are Intra-class variance, interclass variance and total vari-
ance. The histogram normalization of the image is obtained by the 

probability of the pixels  
 

PI=
h(i)

∑ h(j)L−1
j=0

(3)with Pi ≥ 0 

 

∑L−1
i=0 Pi = 1(6) 

 
Whereh(i)represents occurrence of gray level pixel and L repre-
sents the total number of gray levels. In case of binarization, the 
ratio of interclass variance to total variance is maximized. The 

Otsu method groups the pixels into two classes, following which 
the objects are segmented there by performing maximum segmen-
tation.  
Random Forest Classifier 
Step 1: An initial variable is taken into consideration and split, at 
every possible point resulting in 2 child nodes at each level, where 
the left nodes correspond to a positive response and right nodes 
respond to negative response. 

Step 2: The split points are evaluated based goodness-of-split 
criteria which can be defined as 
 

∆I ( s , t ) =i(t) - pL [I (tL) ] – pR[i(tR) ](7) 
here s represents the exact split, pL is defined as the observation 
proportion at a node t entering the left child node tL,and pR is the 
proportion observed that is entering the right node tR and is simi-

lar topL. Impurity is given by i(tL) and i(tR) of left node and right 
node. 
Step3: The best split designated for each variable is considered 
and selected based on its maximum impurity reduction capacity. 
This is repeated in iterations at the root node for rest of the varia-
bles.  
Step 4: Ranks are allotted for each of the variables based on the 
impurity reduction, further selecting the variables and the split 

points such that the root node or parent node is capable of reduc-
ing the impurity. 
Step 5: Classes are assigned to nodes based on the minimization of 
mis-classification cost such that cost of mis-classification is as 
minimal as possible.  

5. Results 

The following simulation results obtained forhyperspectral flower 
dataset shown below. 
 

 
Fig. 1: Overall Accuracy. 

 

 
Fig. 2: Sensitivity Comparison. 

 
Classifier Accuracy = 3×4 table 

 
Table 1: Accuracy for Land Cover Dataset 

Parameters NN SVM RF Navie Bayes 

LBP 33.333 35 92.5 39.167 

Area 33.333 35 91.667 39.167 

LBP_Area 33.333 35 92.5 39.167 

6. Conclusion 

In this paper for the flower hyperspectral dataset new IPSO tech-
nique is proposed and it provides better classification accuracy as 
shown in figure 1 and also sensitivity graph is obtained which can 
be seen in figure 2. From figure 1 it is clear that the proposed 

technique provides80% accuracy when compared to others . In the 
case of Land cover hyperspectral dataset proposed improved Ran-
dom Forest algorithm provides 92.5% classification accuracy 
when compared to other classifiers such as support vector machine, 
K Nearest neighbor and Navie Bayes as shown in Table 1 . In both 
the considered different hyperspectral dataset newly proposed 
techniques achieves better classification accuracy. 
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