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technique for remotely sensed data [2]. The growth in data
Abstract-Hyperspectral systems have improved significantly volumes due to the large increase in the spectral bands and
through recent advancements in sensor technology, which have high computational demands ofPCA has prompted the need to
made possible to acquire data with several hundred channels. develop a fast and efficient algorithm for PCA. In this work,
These advances provide the possible benefit of not only collecting we report on an implementation of a hierarchical algorithm to
more detailed information than previously possible, but also of
producing more accurate data. Some of the major challenges in achev imen sionreducto of hyersetadata .
handling such large data sets are removing redundant informa- Experimental results were produced by breaking data into two
tion and assuring the continued relevance of vital information to dimensions spectral and spatial. The data set used was
the application at hand. For example, conventional methods for obtained from the Airborne Visible Infrared Imaging
land use and land cover classifications may not be applicable, due Spectrometer (AVIRIS) hyperspectral instrument. For this
to the large data volumes used to characterize hyperspectral paper, hyperspectral data was obtained from the AVIRIS
cubes. Therefore, these conventional methods may require a imaging spectrometer which has (on the ER-2 aircraft) a
preprocessing step, namely dimension reduction. Dimension re- ground pixel size of 17m x 17m and a spectral resolution of
duction can be seen as a transformation from a high order di- 224 channels, covering the range from 400 nm to 2500 nm,
mension to a low order dimension in order to conquer the so- centered at 10 nm intervals. We focus on a collection of data
called "curse of the dimensionality," which eliminates data re-

dundanc. Prinipal CoponentAnalysi (PCA)is one uch daa taken in June 12, 1992 in the northern part of Indiana, U.S.dundancy. Principal Component Analysis (PCA) IS one such dlata Th dat cossso 4 4 iesb 2 ad o oareduction technique, which is often used when analyzing re- The data consists of 145 x 145 pixels by 220 bands for a total
motely sensed data. In computing the principal components, the size of 9.3 Mbytes. Figure 1 shows the color composite image
eigenvalues of the covariance matrix of the 3-D image must be of the IndianPines'92B scene. For this scene, the ground truth
computed. Since this is a global operation it requires high covers 20% ofthe full scene and is divided among 11 classes.
computational resources and requires whole image to be stored
which increases memory requirements. This paper reports an This paper is organized as follows: In section II, the
hierarchical algorithm, which can effectively reduce the
hyperspectral data to intrinsic dimensionality. In the
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.

Index Terms-- PCA; Dimension Reduction; Hyperspectral.

I. INTRODUCTION

Advances in remote sensing technologies are resulting in the Fig. 1. The Color Composite Image of the IndianPines'92B Scene

rapid increase of the number of spectral channels for these different proposed hierarchical techniques are presented with a
instruments, and thus, growing data volumes. This creates a layout of how they are performed. Section III discusses the
need for developing faster techniques for processing such data. experimental results obtained from these techniques. Section
One application in which such fast processing is needed is the IV covers the main outputs of this research and presents the
dimension reduction of hyperspectral remote sensing data. new usage of PCA as an efficient tool to performDimension reduction can be seen as a transformation from a
high order dimension to a low order dimension to conquer the PreProesig.
curse of the dimensionality [1] . Principal Component Analysis
(PCA) is perhaps the most popular dimension reduction
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II. HIERARCHICAL PCA BASED DIMENSION REDUCTION B2. Spatial PCA

A. Background on 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 is a widely used dimension reduction technique in PCA the images are joined again and The first 16 PCA
data analysis. It is the optimal linear scheme for reducing a set components contains approximately 99.7O of the total data
of high dimensional vectors into a set of lower dimensional variance. Classification is performed on the combined image
vectors. There are two types of methods for performing PCA, on first 16 components. Comparable classification results were
the matrix method, and the data method. In this work, we will obtained as compared to previous method. The classification
focus on the matrix methods. To compute PCA, we follow the in this case was again much faster than the first case, which is
general steps given below [2]: attributed to the fact that PCA here is less computationally

Find mean vector in x-space intense as it runs on an image which is 1/4 size. We have also
Assemble covariance matrix in x-space produced results by dividing into 16 parts using the same
Compute eigenvalues and corresponding eigenvectors concept.
Form the components in y-space

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 Original Image N PC's
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.

B. Hierarchical PCA
Fig. 3. Spatial PCA

While performing PCA, we identified 3 different ways to B3. Spectral PCA
break image and perform PCA separately on the each part. In
order to assess the effectiveness of each method, we evaluated Ithe e spectralP dmehd as shown in fi 4,twdivd
thclsiicto acurc of th.eut rdcdb the, image in spectral domain and perform PCA in sets with

classifying the data produced from the respective PCA various frequencies. The entire image is covered whichmethodolngy toedath groduned trumtheinfoatio hese performing PCA. After PCA the top PC's are combined tomethodology to the ground truthninformation. These
craeardedig.Thfrs16PAom nntcnanhierarchical PCA dimension reduction possibilities are stated create a reduced image. The first 16 PCA components contain

an *icssdblw contains approximately 99.5°O of the total data variance.and discussed below.
Classification is performed on this reduced dataset. Similar

B]. Direct PCA classification results have been received in this case but
significant computational advantage can be achived as the
PCA is only performed on a subset of the data.In the Direct PCA method, as shown in fig. 2, we perform y p

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.

N PC's

4 PCA 4 ~~~~~~~~~~OriginalImage j,, X4 NP'

N PC's ;a
Original Image Image

S X _]~ssfcai~n Fig. 4. SpectralPCA

Fig. 2. Direct PCA
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differences in classification accuracy between various
reduction techniques are very small. Direct PCA provides the

III RESULTS best classification accuracy but hierarchical PCA also
In this section, we present and compare the experimental performs considerably well with high computational

results obtained by applying each of the techniques, and then advantage. In summary, these first results obtained with the
seffectiveness in classifications hierarchical PCA method are very encouraging, and a larger

number of test data will be evaluated.

A. Experimental Setup
1) Hyperspectral Data Cube
For this paper, hyperspectral test data was obtained from the IVCONCLUSIONS
AVIRIS imaging spectrometer. For experiments we focus on a In this paper, we have presented a new hierarchical PCA based
collection of data taken in June 12, 1992 in the northern part dimension reduction method for hyperspectral data. Our
of Indiana, U.S. The data consists of 145 x 145 pixels by 220 experimental results show that hierarchical PCA provide
bands. similar information content as compared to traditional PCA.

On further investigation it was established that the
2) Supervised Classifcation Method classification accuracy of hierarchical method is also very
The experiments performed in this paper use the Maximum close to traditional PCA method. Therefore, future work will
Likelihood classifier (ML) from the ENVI software package involve extensive testing of these three methods on a larger
[5]. The ML is the most common supervised classification test images, and the development of a hierarchical method
method used with remote sensing data. The effectiveness of which performs PCA across domains.
the ML depends on reasonably accurate estimation of the
mean vector and the covariance matrix for each spectral class.

REFERENCES
B. Experimental Results [1] R. Bellman, Adaptive Control Processes: A Guided Tour,
In this paper, the hierarchical PCA is performed using the two Princeton University Press, Princeton, 1961.
techniques described above. While performing the spectral [2] J. A. Richards, Remote Sensing Digital Image Analysis
PCA we have performed 2 experiments once by breaking the An introduction, Spring-Verlag, Berlin, Heidelberg, 1986.
image in 4 parts and again by breaking the image in 16 parts. [3] Kaewpijit S., Le-Moige J., El-Ghazawi T.,
Similar experiments where performed on the Spectral PCA Hyperspectral Imagery imension Reduction UsingPrinci a Component Analysis on the HIVE," Science
and then the results where combined. Table 1 shows the DataPr-ocessing Workshop, NASA Goddard Space Flight
percent information content for all 5 experiments. It is clear Center, Feb. 2002.
from the results that both methods contain similar information [4] Kaewpijit S., Le-Moigne J., El-Ghazawi T, "Finding the
in first 16 components where as the hierarchical method is dimensionality of hyperspectral data," in Proc. of SPIE,Algorithms for Mulitspectral, Hypers ectral, andcomputationally efficient. Ultraspectral Imagery VI, 16-20 April 2001, Orlando,

FL.
Table 2. shows the percent classification accuracy obtained for [5] Research System Inc., ENVI User's Guide, 2005.
various classes for all experiments It can be noticed that the

Percent Information Content

No. Of PC's Direct PCA Spat4iaI PCA Spectral PCA
4 - Pieces 16-Pieces 4 -Pieces 16-Pieces

1 0.668838078 0.711368983 0.704216385
2 0.958072011 0.960656675 0.955635316
3 0.984667836 0.985576156 0.980991127
4 0.98939673 0.988919371 0.985302697 0.89296084
5 0.991910027 0.991473431 0.988074875
6 0.993565413 0.99317337 0.990031958
7 0.994825855 0.994501762 0.991403302
8 0.995496601 0.995231075 0.992372514 0.991979151
9 0.995890806 0.995679686 0.993118304
1 0 0.996208577 0.996037304 0.993665822
1 1 0.996;47043 0.996299354 0.994050054
12 0.996E;72535 0O.996E;531879 0.9943596E;86E O.994774275
13 0.996;9466E 0.996;737737 0.9946;18595
14 6.991161943 6.9968971 1 6.994838298

| 15 6.991249653 6.997635215 6.995632136
| 16 6.991371297 6.997159615 6.99521 1157 6.995736646 6.964613853
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Percent Classification Accuracy

No. Of Class Direct PCA Spatial PCA Spectral PCA
4 - Pieces 16 - Pieces 4 - Pieces 16 - Pieces

1 76.91% 73.29% 72.48% 72.75% 70.34%
2 58.22% 56.01% 55.35% 55.72% 55.35%
3 69.36% 68.60% 68.85% 67.84% 67.17%
4 69.47% 64.46% 63.81% 65.11% 63.56%
5 79.59% 78.83% 78.58% 78.27% 78.39%
6 65.19% 59.15% 57.61% 58.66% 58.16%
7 88.22% 85.24% 84.06% 84.79% 84.70%
8 69.99% 64.35% 63.98% 63.98% 62.62%
9 99.67% 99.78% 99.78% 99.45% 99.34%
10 85.43% 85.59% 85.35% 85.47% 84.53%
1 1 96.02%1 96.25% 95.99% 95.77% 95.46%
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