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Abstract- Hyperspectral imaging provides a wealth of information for each pixel in the image that is captured in a wide range 
of electromagnetic spectrum. The analysis of hyperspectral image is complex due to its high dimensional nature. In this paper, 
a dimension reduction (DR) method is presented called Folded PCA (FPCA), which can be applied to the hyperspectral image 
dimension reduction. The main shortcoming of the common Principal Component Analysis (PCA) method is that it does not 
consider spatial relation among image points. FPCA considers the spatial relation among the neighboring image pixels and 
also takes into account both global and local structures while preserving all useful properties of PCA. The FPCA method 
outperforms PCA in terms of efficiency and memory requirement which is shown through simulation results. The FPCA 
extracted features are given as input for Support Vector Machine (SVM) Classification. The experimental results also show 
the identification of four different classes from the hyperspectral images. 
 
IndexTerms- Dimension Reduction (Dr), Hyperspectral Imaging (Hsi), Principal Component Analysis (Pca), Support Vector 
Machine (Svm). 

 
 

 
I. INTRODUCTION 
 
Hyperspectral images provide a dense sampling of the 
sensor’s spectral range, and is able to facilitate better 
discrimination among similar ground cover classes 
than traditional multispectral scanners which are 
having low spectral resolution [1]. These images 
provide a wide range of relevant information at 
hundreds to thousands of frequency bands (very 
narrow spectral bands). These bands are highly 
correlated with each other and also contain redundant 
information [2]. Because of this high dimensionality, 
computational complexity increases. Dimensionality 
reduction techniques [3], [4] are typically designed to 
reduce the dimensionality of the feature space while 
preserving desirable information. Dimensionality 
reduction algorithms aims to decrease computational 
complexity. 
As the dimensionality of hyperspectral images 
increases, the classification accuracy improves but as 
the number of the training samples becomes low, it 
degrades and then remains constant. This problem is 
known as Hughes phenomenon or Bellman’s curse of 
dimensionality [5]. Subsequently, in HSI, data 
reduction without losing important information about 
objects has become a topic of great interest in recent 
years [1]. 
A variety of dimension reduction techniques exist: 
Principal Component Analysis (PCA) [6], [7], 
Minimum Noise Fraction, Locally Linear Embedding 
[8], Independent Component Analysis [4], [9], 
Discrete Wavelet Transform [10], Orthogonal 
Subspace Projection Approach [11] etc. All these  

 
methods are classified as feature extraction methods 
[3] as these algorithms project the original data space 
into lower dimensional space without loss of 
information. 
Feature selection algorithms form another class of 
dimension reduction technique. These algorithms 
select only a few features, which contain most of the 
information, from the original set of features [12]. 
This can be done in two ways, a selection criterion and 
a search strategy. The former measures statistical 
distance among classes for assessing the 
discrimination capabilities of a given subset of 
features [13]. The latter plays a crucial role in hyper 
dimensional spaces, since it defines the optimization 
approach necessary to identify the best subset of 
features according to the used selection criterion. 
Since the identification of the optimal solution is 
computationally unfeasible, techniques that lead to 
suboptimal solutions are normally used. 
There are two main groups of dimension reduction 
techniques: linear and nonlinear [5], [14]. In linear 
method a lower dimensional data is obtained by 
applying suitable linear transformation to high 
dimensional data. PCA is an example for linear 
method while Locally Linear Embedding is a 
nonlinear method. 
In PCA, high dimensional data is converted into 
linearly uncorrelated variables, known as principal 
components, using orthogonal transformation. This 
transformation is done in such a way that the principal 
components are ordered in the order of decreasing 
variance [11]. Even though the spectral signatures of 
materials resident in the hyperspectral images are 
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correlated but the Eigen vectors used to derive the 
principal components are orthogonal to each other. 
Thus, the number of principal components is 
significantly reduced when compared to original 
feature dimension, that is, the number of bands. Even 
though PCA is widely used it has the drawback of high 
computational cost, huge memory requirement in 
dealing with high dimensional data [15]. Thus a 
variation of PCA known as Folded PCA (FPCA) has 
been presented which considers both global and local 
structures. 
 
In Folded PCA, the featured spectral bands are folded 
into a smaller matrix which helps to successfully 
extract the correlation between the bands as well as the 
band groups [15]. Using this matrix based 
representation, it is possible to extract the global and 
local structures which provides relevant information 
for data classification. 
 
Support Vector Machine (SVM) is found to provide 
better classification results than any other widely used 
pattern recognition techniques [17]. Furthermore, in 
the presence of heterogeneous classes which are 
having only few training samples, SVM is appear to be 
especially advantageous. Thus SVM is not affected by 
the Hughe's phenomenon, and it offers solutions by 
exploiting the explicit dependence on the data's most 
informative patterns. Because of these characteristics 
of SVM, they are used for hyperspectral data 
classification and knowledge discovery [18]. 
The rest of this paper is organized as follows. In 
section II, PCA algorithm is described. Folded PCA 
method is discussed in section III. Section IV shows 
the Simulation results. The findings of the paper is 
concluded in Section V. 
 
II. CONVENTIONAL PCA ALGORITHM 
 
Principal component analysis [7] is the conventional 
and widely used dimensionality reduction technique. 
Band selection is important for identification of 
optimal spectral for different hyperspectral imaging 
applications. Analysis of hyperspectral image is 
difficult due its high dimensional nature. So, in 
hyperspectral image analysis, dimension reduction is 
an important pre-processing step. The general steps 
involved in PCA are [6]: 
 
1) Obtain mean vector in x-space. 
2) Obtain covariance matrix in x-space. 
3) Calculate the Eigen values and the corresponding 

Eigen vectors. 
4) Form the components in y-space. 

 
In this method, the components in the direction of 
maximum variation are considered as principal 
components. Thus only first few components contain 

the required information [16]. Fig.1 shows the PCA 
approach to dimensionality reduction. 
 

 
Fig.1 Data Matrix in Conventional PCA 

 
Conventional PCA has high computational cost, large 
memory requirement and low efficacy when dealing 
with huge dimensional data. 
 
A.  Algorithm: 
The PCA algorithm is explained in [15]. 
Let Xn = [Xn1, Xn2 … XnF]T  be the spectral vector of a 
pixel in the hypercube. The value of n ranges from 1 to 
Z, where Z is the spatial size of the image cube and N 
is the number of spectral bands. The hypercube is 
converted to an N X Z matrix in conventional PCA. 
Our next step is to determine the mean adjusted 
spectral vector which is explained as follows 
In = Xn – Ī                                                                                   (1)                    
Ī = 1/Z ∑Xn                                                                               (2) 
 
Hence In becomes the mean adjusted vector. Let I0 = 
[I1, I2,…,IN] be a matrix formed by these mean 
adjusted vectors. Then the covariance matrix CPCA is 
obtained as  
CPCA = E {(Xn-E {Xn}) (Xn-E{Xn})T} = E{ InIn

T}      (3) 
where E{.} denotes the mathematical expectation. 
The calculation of CPCA may cause the problem of 
memory overflow because the matrix I0 has large 
dimension.  
 
III. FOLDED PCA ALGORITHM  
 
In Folded PCA technique, the Spectral vector is folded 
into a matrix which helps to extract local structures in 
the spectral domain. For each matrix, partial 
covariance matrix is calculated and then accumulated 
for Eigen decomposition and data projection. Suppose 
if there N number of bands, the whole N bands can be 
folded into P groups and each row of the matrix 
contains Q bands as illustrated in Fig.2. Unlike 
conventional PCA, FPCA considers both global and 
local structures. The amount of additional information 
that can be extracted using Folded-PCA depends on 
the selection of Q. HSI contains numerous bands and 
there is redundancy between the spectral bands. Thus 
grouping has been used for band selection. FPCA 
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approach is illustrated in Fig.2. 
 

 
Fig.2 Folded-PCA technique 

 
A.  Algorithm 
FPCA algorithm is explained in [15]. Consider a 
spectral vector In = [In1, In2 …… InN]T.  Let Bn be the P 
x Q converted matrix: 
Bn = [bn1, bn2……..bnP]T                                                      (4) 
The covariance matrix of Bn is given by 
 CBn = Bn

T Bn                                                                                                                          (5) 
The covariance matrix CBn is Q X Q matrix. The 
complete covariance matrix for the hyperspectral 
image is obtained by the accumulation of the above 
partial covariance matrices. 
 CFPCA = 1/Z ∑ CBn = 1/Z ∑ Bn

TBn                                     (6)                
where Z is the spatial size of hypercube. 
The covariance matrix obtained using FPCA is having 
a size of Q X Q while CPCA is having a size of N X N. 
Thus the computational cost can be significantly 
reduced by using FPCA. 
  
IV. SIMULATION RESULT 
 
Fig.3 shows the two input images used. The 
dimensions of these images are reduced using the DR 
techniques, PCA and FPCA. 
 

 
Fig.3 Input Images (a) image I (b) image II 

 
The PCA and FPCA feature components of image I 
and image II are shown in Fig.4 and Fig.5, 
respectively. 
 

 

Fig.4 Feature Components of image I extracted using PCA and 
FPCA 

 
Fig.5. Feature Components of image II extracted using PCA and 

FPCA 
 
Fig.6 and Fig.7 show the PCA and FPCA covariance 
matrices of image I and image II, respectively. 
 

 
Fig.6 Covariance Matrix of image I (a) PCA (b) FPCA 

 

 
Fig.7 Covariance Matrix of image II (a) PCA (b) FPCA 

 
The FPCA extracted features are used as input to SVM 
classifier. Fig.8 shows the classified outputs of image I 
and image II. 
 

 



International Journal of Electrical, Electronics and Data Communication, ISSN: 2320-2084  Volume-3, Issue-9, Sept.-2015 

Dimensionality Reduction Of Hyperspectral Images Using Folded PCA Approach And Classification Using SVM 
 

62 

Fig.8 SVM Classified Output of (a) image I (b) image II 
Because FPCA considers both local and global 
structures, the features extracted by this technique are 
better visualized than those from PCA and also yields 
better classification output. 
 
CONCLUSION 
 
In this paper, two dimensionality reduction techniques 
used for hyperspectral imaging, the conventional PCA 
approach and the FPCA approach, are discussed. Both 
methods are compared in terms of efficiency, memory 
requirement and computational complexity. The 
correlation between the bands and band groups are 
successfully extracted in FPCA because the featured 
spectral bands are folded into a smaller matrix. This in 
turn makes FPCA computationally easier than PCA. 
Also, FPCA requires less memory compared to PCA. 
FPCA considers both global and local structures, 
hence it is efficient than PCA and also this makes 
FPCA to yield better classification results. As a future 
work, some mathematical modification can be applied 
to FPCA technique to improve the efficiency. Also, 
this approach can be extended to application areas 
such as detecting forest fires, mineral exploration etc. 
 
ACKNOWLEDGEMENT 
 
The author would like to thank the staff and faculty 
members of Electronics and Communication 
Department, NSS College of Engineering, Palakkad 
for their support and guidance for preparing this 
paper. 
 
REFERENCES 

 
[1] Mahdi Hasanlou, and Farhad Samadzadegan, “Comparative 

Study of Intrinsic Dimensionality Estimation and Dimension 
Reduction Techniques on Hyperspectral Images Using K-NN 
Classifier”, IEEE Geoscience and Remote Sensing Letters, 
Vol. 9, No. 6, pp. 1046-1050, November 2012. 

[2] Wei Li, Saurabh Prasad, James E. Fowler, and Lori Mann 
Bruce, “Locality-Preserving Dimensionality Reduction and 
Classification for Hyperspectral Image Analysis”, IEEE 
Transactions on Geoscience and Remote Sensing, Vol. 50, 
No. 4, pp. 1185-1198, April 2012. 

[3] Pai-Hui Hsu, Yi-Hsing Tseng and Peng Gong, “Dimension 
Reduction of Hyperspectral Images for Classification 
applications”, Geographic Information Sciences, Vol. 8, No. 
1, pp. 1-8June 2002. 

[4] Jing Wang, and Chein-I Chang, “Independent Component 
Analysis-Based Dimensionality Reduction With Applications 
in Hyperspectral Image Analysis”,IEEE Transactions on 
Geoscience and Remote Sensing , Vol. 44, No. 6, pp. 
1586-1600, June 2006. 

[5] Rouhollah Dianat and Shohreh Kasaei, “Dimension 
Reduction of Optical Remote Sensing Images via Minimum 

Change Rate Deviation Method”, IEEE Transactions on 
Geoscience and Remote Sensing, Vol. 48, No. 1, pp. 198-206, 
January 2010. 

[6] Abhishek Agarwal, Tarek El-Ghazawi, Hesham El-Askary, 
and Jacquline Le-Moigne, “Efficient Hierarchical-PCA 
Dimension Reduction for Hyperspectral Imagery”, IEEE 
International Symposium on Signal Processing and 
Information Technology, 2007. 

[7] Maya R. Gupta and Nathaniel P. Jacobson, “Wavelet 
Principal Component Analysis and Its Application to 
Hyperspectral Images”, IEEE, 2006. 

[8] Anish Mohan, Guillermo Sapiro, and Edward Bosch, 
“Spatially Coherent Nonlinear Dimensionality Reduction and 
Segmentation of Hyperspectral Images”, IEEE Geoscience 
and Remote Sensing Letters, Vol. 4, No. 2, pp. 206-210, April 
2007. 

[9] Hongtao Du and Hairong Qi, “An FPGA Implementation of 
Parallel ICA for Dimensionality Reduction in Hyperspectral 
Images”, IEEE, 2004. 

[10] Lori Mann Bruce, Cliff H. Koger, and Jiang Li, 
“Dimensionality Reduction of Hyperspectral Data Using 
Discrete Wavelet Transform Feature Extraction”, IEEE 
Transactions on Geoscience and Remote Sensing, Vol. 40, 
No. 10, pp. 2331-2338, October 2002. 

[11] Joseph C. Harsanyi, and Chein-I Chang, “Hyperspectral 
Image Classification and Dimensionality Reduction: An 
Orthogonal Subspace Projection Approach”, IEEE 
Transactions on Geoscience and Remote Sensing, Vol. 32, 
No. 4, 779-785, July 1994. 

[12] Sebastiano B. Serpico, and Lorenzo Bruzzone, “A New 
Search Algorithm for Feature Selection in Hyperspectral 
Remote Sensing Images”, IEEE Transactions on Geoscience 
and Remote Sensing, Vol. 39, No. 7, pp. 1360-136, July 
2001. 

[13] Weiwei Sun, Avner Halevy, John J. Benedetto, Wojciech 
Czaja, Weiyue Li, Chun Liu, et. Al, “NonLinear Dimension 
Reduction via the ENH-LTSA Method for Hyperspectral 
Image Classification”, IEEE Journal of Selected Topics in 
Applied Earth Observations and Remote Sensing, Vol. 7, No. 
2, 375-388, February 2014. 

[14] Jihan Khodr, and Rafic Younes, “Dimensionality Reduction 
on Hyperspectral Images: A Comparative Review Based on 
Artificial Data”, 4th International Congress on Image and 
Signal Processing, IEEE, 2011. 

[15] Jaime Zabalza, Jinchang Ren, Mingqiang Yang, Yi Zhang, 
Jun Wang, Stephen Marshall, Junwei Han, “Novel 
Folded-PCA for improved feature extraction and data 
reduction with hyperspectral imaging and SAR in remote 
sensing”, ISPRS Journal of Photogrammetry and Remote 
Sensing, 93, pp. 112–122, Science Direct (2014). 

[16] Kitti Koonsanit, Chuleerat Jaruskulchai, and Apisit Eiumnoh, 
“Band Selection for Dimension Reduction in HyperSpectral 
Image Using Integrated Information Gain and Principal 
Components Analysis Technique”, International Journal of 
Machine Learning and Computing, Vol. 2, No. 3, June 2012. 

[17] Farid Melgani, and Lorenzo Bruzzone, “Classification of 
Hyperspectral Remote Sensing Images With Support Vector 
Machines”, IEEE Transactions on Geoscience and Remote 
Sensing, Vol. 42, No. 8, pp. 1778-1790, August 2004. 

[18] Gustavo Camps-Valls, Luis Gomez-Chova, Javier 
Calpe-Maravilla, Jose David Martin-Guerrero, Emilio 
Soria-Olivas, Luis Alonso-Chorda, and Jose Moreno, 
“Robust Support Vector Method for Hyperspectral Data 
Classification and Knowledge Discovery”, IEEE 
Transactions on Geoscience and Remote Sensing, Vol. 42, 
No. 7, pp. 1530-1542, July 2004. 

 
 

 
 


