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Abstract-Hyperspectral systems have improved significantly
through recent advancements in sensor technology, which have
made possible to acquire data with several hundred channels.
These advances provide the possible benefit of not only collecting
more detailed information than previously possible, but also of
producing more accurate data. Some of the major challenges in
handling such large data sets are removing redundant information and assuring the continued relevance of vital information to
the application at hand. For example, conventional methods for
land use and land cover classifications may not be applicable, due
to the large data volumes used to characterize hyperspectral
cubes. Therefore, these conventional methods may require a
preprocessing step, namely dimension reduction. Dimension reduction can be seen as a transformation from a high order dimension to a low order dimension in order to conquer the socalled "curse of the dimensionality," which eliminates data redundanc.Principal
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reduction technique, which is often used when analyzing remotely sensed data. In computing the principal components, the
eigenvalues of the covariance matrix of the 3-D image must be
computed. Since this is a global operation it requires high
computational resources and requires whole image to be stored
which increases memory requirements. This paper reports an
hierarchical algorithm, which can effectively reduce the
In the
hyperspectral data to intrinsic dimensionality.
hierarchical PCA, we break the image into various parts and
then perform PCA on each part separately and then combine the
results. The classification results over the original and the
resulting reduced data have been compared. The results show
that reduced data obtained by hierarchical PCA can compare
favorably to the results obtained from original data.

technique for remotely sensed data [2]. The growth in data
volumes due to the large increase in the spectral bands and
high computational demands of PCA has prompted the need to
develop a fast and efficient algorithm for PCA. In this work,
we report on an implementation of a hierarchical algorithm to
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Experimental results were produced by breaking data into two
dimensions spectral and spatial. The data set used was

obtained from the Airborne Visible Infrared Imaging

Spectrometer (AVIRIS) hyperspectral instrument. For this
paper, hyperspectral data was obtained from the AVIRIS
imaging spectrometer which has (on the ER-2 aircraft) a
ground pixel size of 17m x 17m and a spectral resolution of
224 channels, covering the range from 400 nm to 2500 nm,
centered at 10 nm intervals. We focus on a collection of data
taken in June 12, 1992 in the northern part of Indiana, U.S.
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size of 9.3 Mbytes. Figure 1 shows the color composite image
of the IndianPines'92B scene. For this scene, the ground truth
covers 20% ofthe full scene and is divided among 11 classes.
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This paper is organized as follows: In section II, the

Index Terms-- PCA; Dimension Reduction; Hyperspectral.
I. INTRODUCTION

Advances in remote sensing technologies are resulting in the

rapid increase of the number of spectral channels for these
instruments, and thus, growing data volumes. This creates a
need for developing faster techniques for processing such data.
One application in which such fast processing is needed is the
dimension reduction of hyperspectral remote sensing data.
Dimension reduction can be seen as a transformation from a
high order dimension to a low order dimension to conquer the
curse of the dimensionality [1]. Principal Component Analysis
(PCA) is perhaps the most popular dimension reduction
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Fig. 1. The Color Composite Image of the IndianPines'92B Scene
different proposed hierarchical techniques are presented with a
layout of how they are performed. Section III discusses the
experimental results obtained from these techniques. Section
IV covers the main outputs of this research and presents the
new usage of PCA as an efficient tool to perform
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II. HIERARCHICAL PCA BASED DIMENSION REDUCTION

A. Background on PCA
PCA is a widely used dimension reduction technique in
data analysis. It is the optimal linear scheme for reducing a set
of high dimensional vectors into a set of lower dimensional
vectors. There are two types of methods for performing PCA,
the matrix method, and the data method. In this work, we will
focus on the matrix methods. To compute PCA, we follow the
general steps given below [2]:
Find mean vector in x-space
Assemble covariance matrix in x-space
Compute eigenvalues and corresponding eigenvectors
Form the components in y-space

B2. Spatial PCA

In the Spatial PCA method, as shown in fig. 3, we break the
image along x and y axes (Spatial domain). After perfuming
PCA the images are joined again and The first 16 PCA
components contains approximately 99.7O of the total data
variance. Classification is performed on the combined image
on first 16 components. Comparable classification results were
obtained as compared to previous method. The classification
in this case was again much faster than the first case, which is
attributed to the fact that PCA here is less computationally
intense as it runs on an image which is 1/4 size. We have also
produced results by dividing into 16 parts using the same
concept.

It has been previously shown that only the first few
components are likely to contain the needed information [3].
The number of components that hold the majority of the

information is called the intrinsic dimensionality and each data
image may have a different intrinsic dimensionality. PCA
condenses all the information of an "N" band original data set
into a smaller number than "N" of new bands (or principal
components) in such a way that maximizes the covariance and
reduces redundancy in order to achieve lower dimensionality.

Original Image

B. Hierarchical PCA

N PC's

Fig. 3. Spatial PCA

While performing PCA, we identified 3 different ways to
break image and perform PCA separately on the each part. In
order to assess the effectiveness of each method, we evaluated
thclsiicto acurc of th.eut rdcdb
classifying the data produced from the respective PCA
hese
methodology to the ground truthninformation. These
hierarchical PCA dimension reduction possibilities are stated
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B]. Direct PCA
In the Direct PCA method, as shown in fig. 2, we perform
direct PCA on the 220 original bands, as previously
mentioned. The first component of the 16 obtained principal
components is found to contain about 99.7O of the total data
variation (information content) as revealed from the
eigenvalues. The classification results were produced using
the first 16 component of the reduced data set. The
classification results will be compared in the next section.
4 PCA
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create a reduced image. The first 16 PCA components contain
contains approximately 99.5°O of the total data variance.

Classification is performed on this reduced dataset. Similar
classification results have been received in this case but
significant computational advantage can be achived as the
PCA is onlyy pperformed on a subset of the data.
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Fig. 4. Spectral PCA

Fig. 2. Direct PCA
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III RESULTS
In this section, we present and compare the experimental
results obtained by applying each of the techniques, and then
seffectiveness in classifications
A. Experimental Setup
1) Hyperspectral Data Cube
For this paper, hyperspectral test data was obtained from the
AVIRIS imaging spectrometer. For experiments we focus on a
collection of data taken in June 12, 1992 in the northern part
of Indiana, U.S. The data consists of 145 x 145 pixels by 220
bands.

2) Supervised Classifcation Method
The experiments performed in this paper use the Maximum
Likelihood classifier (ML) from the ENVI software package
[5]. The ML is the most common supervised classification
method used with remote sensing data. The effectiveness of
the ML depends on reasonably accurate estimation of the
mean vector and the covariance matrix for each spectral class.
B. Experimental Results
In this paper, the hierarchical PCA is performed using the two
techniques described above. While performing the spectral
PCA we have performed 2 experiments once by breaking the
image in 4 parts and again by breaking the image in 16 parts.
Similar experiments where performed on the Spectral PCA
and then the results where combined. Table 1 shows the
percent information content for all 5 experiments. It is clear
from the results that both methods contain similar information
in first 16 components where as the hierarchical method is

computationally efficient.

Table 2. shows the percent classification accuracy obtained for
various classes for all experiments It can be noticed that the
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differences in classification accuracy between various
reduction techniques are very small. Direct PCA provides the
best classification accuracy but hierarchical PCA also
performs considerably well with high computational
advantage. In summary, these first results obtained with the
hierarchical PCA method are very encouraging, and a larger
number of test data will be evaluated.
IVCONCLUSIONS
In this paper, we have presented a new hierarchical PCA based
dimension reduction method for hyperspectral data. Our
experimental results show that hierarchical PCA provide
similar information content as compared to traditional PCA.
On further investigation it was established that the
classification accuracy of hierarchical method is also very
close to traditional PCA method. Therefore, future work will
involve extensive testing of these three methods on a larger
test images, and the development of a hierarchical method
which performs PCA across domains.
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Percent Information Content
PCA
Spectral PCA
Direct PCA
4 - Pieces 16-Pieces 4 -Pieces
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Percent Classification Accuracy
Spatial PCA
Spectral PCA
No. Of Class Direct PCA
4 - Pieces
16 - Pieces 4 - Pieces 16 - Pieces
1
2
3
4
5
6
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76.91%
58.22%
69.36%
69.47%
79.59%
65.19%
88.22%
69.99%
99.67%
85.43%

96.02%1

73.29%
56.01%
68.60%
64.46%
78.83%
59.15%
85.24%
64.35%
99.78%
85.59%
96.25%

72.48%
55.35%
68.85%
63.81%
78.58%
57.61%
84.06%
63.98%
99.78%
85.35%
95.99%

72.75%
55.72%
67.84%
65.11%
78.27%
58.66%
84.79%
63.98%
99.45%
85.47%
95.77%

70.34%
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99.34%
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