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Abstract: Classification and pattern recognition of high dimensional remote sensing data are distinetly different from
traditional multi-channel remote sensing classification techniques. In this paper, a newly integrated feature extraction
algorithm based on GA and wavelet/wavelet packet (WP) transform is proposed for high dimensional data reduction
and classification. The proposed algorithm combines the advantages of GA’s global optimization and wavelet’s multi-
resolution and multi-scale analysis. Hyperspectral signals are firstly transformed to feature domain by using a discrete
wavelet or wavelet packet decomposition strategy. Since the discrete wavelet transform (DWT) is a linear transform,
the DWT coefficients at specific scales could be directly used as linear features. Followed by the decomposition phase
is optimal feature subset selection, in which the optimal feature suhset acquired the best divergence is obtained ac-
cording to interclass/intraclass distance of the training samples. This procedure is implemented by a Genetic Algo-
rithm, with each possible feature subset encoded as chromosome. Fitness scores in GA are calculated and evaluated
based on Jeffries-Matusita distance of the selected training samples. Hyperspectral data are classified with maximum
likelihood classifier ( MLC). Experimental results show that the use of DWT/WP and GA-hased feature extraction
technique improves the overall classification accuracy by 1. 1% —6. 5% , as compared to the use of conventional fea-
ture extraction techniques, such as principal component analysis ( PCA), Discriminant Analysis Feature Exiraction

(DAFE) and Decision Boundary Feature Extraction ( DBFE).
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1 INTRODUCTION

The continuous availability of airborne and space-
borne high-resolution spectral remote sensing data provid-
ed by the hyperspectral sensors, especially the successful
launch of EO-1 satellite with the on hoard HYPERION

1
sensor[

**!, has greatly promoted the potential application
of hyperspectral remote sensing techniques for natural re-
sources management, environment assessment, and preci-
sion agriculture™ . However, classification and pattern

recognition of high dimensional remote sensing data are

Received date: 2004-03-19;

feature extraction; wavelet and wavelet packet; genetic algorithm

distinctly different from traditional multi-channel remote
sensing classification techniques due to the Hughes phe-

[4]
nomena .

In addition, far more training samples than
traditional multi-spectral classification are needed to accu-
rately estimate those statistical variahles that are used to
describe pattern properties existed in feature space regard-
ing to the abrupt increase of spectral dimensionality.
Thus, the exploitation of reliable and efficient feature ex-
traction techniques for high dimensional data has been one
of the most desirable research topics in remote sensing pat-

[5—8:

tern classification and recognition fields The com-

monly used dimension reduction techniques include prinei-
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pal component analysis ( PCA) ] , Discriminant Analysis
Feature Extraction ( DAFE)"" | Decision Boundary Fea-
ture Extraction (DBFE)"’.

Recently, wavelet transform has been an interesting
topic in dimensionality reduction study. The multi-resolu-
tion analysis ( MRA) of the discrete wavelet transform
(DWT) results of hyperspectral signals provide the direct
insights into both global and fine information in hyperspec-
tral signals, making feature extraction at various scales be-
coming possible. Bruce et al. developed an automated
classification system based on wavelet transform and linear

YU"*), the experimental re-

discriminant analysis ( LDA
sults of this technique on ground-based ASD FieldSpec Pro
FR portable spectroradiometer data demonstrate a potential
application on hyperspeciral data classification and dimen-
sionality reduction. Kaewpijit et al. suggested an automat-
ic decomposition level selection and wavelet reduction
scheme based on spectral correlationship between the orig-
inal spectrum and the reconstructed spectrum from specific
decomposition level"'’. This is applied on three different
AVIRIS scene data. The comparative results with PCA
show that DWT has an efficient capability for dimensional-
ity reduction and classification accuracy improvement.

However, these techniques are normally based on the
intrinsic statistical property, e. g. energy or entropy, from
the training data and thus are independent from the classi-
fication process. Therefore, the selection of feature subset
from feature space at the same or different decomposition
level is data oriented rather than target/cobject oriented.

This paper focuses on methodology and applications
of feature extraction and image classification for high di-
mensional remote sensing data. A new feature extraction
algorithm based on Genetic Algorithm and wavelet trans-
form is proposed for high dimensional data reduction and
classification accuracy improvement. The proposed algo-
rithm combines the advantages of GA’s global optimization
and wavelet’s multi-resolution and multi-scale analysis,
providing the flexibility of identifying the target classes
using the most useful information from subset of trans-
formed features rather than from all features.

The paper is organized as follows. Section II provides
an overview of the wavelet based feature extraction for di-
mension reduction of hyperspectral data, and the genetic
algorithm for feature subset selection. Meanwhile, the

framework that combines GA and wavelet’s MRA for auto-

matic feature extraction is described in detail. Section III
concerns the experimental results of applying the described
methodology to AVIRIS data for land cover classification.
This is accomplished by investigating the impact of the GA
optimized wavelet reduction on classification accuracies,
as compared with other feature extraction techniques. Sec-

tion IV provides our concluding remarks for this work.

2 METHODOLOGY

2.1 Moultiresolution Analysis with Wavelet Trans-

form and Wavelet Packet Transform

2.1.1 Overview of wavelet decomposition

Wavelet theory''”’

is a sophisticate and powerful
mathematical technique that has been widely used in re-
mote sensing application, e. g. , data compression, fu-
sion, classification, and multiresolution analysis ( MRA).
It takes a signal in time domain, and represents it in fre-
quency domain. For remote sensing applications, these
signals are normally referred to as spectrum curves which
represent the spectral signature of the ground objects. Pro-
jecting the hyperspectral signal at each pixel location onto
a basis of wavelet functions called “ mother wavelet,
#(x)” can separate the fine-scale and large-scale infor-
mation of this signal. Thus, extracting appropriate features
from various information at various scales provides a poten-
tial to effectively discriminate hyperspectral signals and
recognize specific patterns in feature space, according to
Bruce’s research'”"®!.

Theoretically, once the mother wavelet i ( x) 1is
fixed, wavelets can be obtained by dilation a and shifts b
of the mother wavelet zﬁ( x_;7b) , where factors a and b can
be any value in the continuous wavelet transform. But usu-
ally for convenience, the values for a and b is defined as
dyadic;a =2’ and b =k - 2, where k and j are integer val-
ues, then the space is sparse. Thus the wavelet basis
functions can be mathematically defined as
s () =

Ja

where 2’ and k represents the scaling factor and the trans-

s RN ICR SRR ONY

lation factor, respectively. w}'k(x) represents the discrete
form of basis functions that are linear-independent and or-

thogonal.
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The wavelet transform makes any function as a sum-

mation of wavelets. It can be expressed as
|
S = | f —W(a,b)y,,(x)dadb  (2)
~eJ-= g

for continuous wavelet transform, and

N

f2) = ¥ T WD () (3)

j=0 &

for discrete wavelet trajnsform (DWT). Where for our re-
search purpose, f(x) corresponds to a hyperspectral sig-
nal, x is the spectral band or channel number which are e-
qually spaced with equal bandwidth. The respective
weights W(k, j) of the wavelets in the summation corre-
sponding to the continuous form W(a, b) are called the
wavelet coefficients, which are a measure of the intensity
of the local variations for the scale under consideration.

After the mother wavelet is -selected, the wavelet
transform can be used to decompose a signal into approxi-
mation and detail information according to scale. This is
typically done iteratively using the dyadic discrete wavelet
transform, in which scales 1, 2, 4,--+, 2’ are utilized.

In practice, the dyadic discrete wavelet transform can
be implemented through a hinary tree algorithm called
Mallat algorithm with highly computational performance
when the number of input bands is an integer power of
two'”’. In common cases, the spectral length or feature
number is usually not an integer power of two, thus a sig-
nal extensions technique called zero padding is involved
and applied to the original spectral bands"*',

2.1.2 Wavelet packet decomposition
The concept of Wavelet Packet ( WP) is proposed by

] .
U1 and Coifman et al. ',

Wickerhauser They generalized
the linkage between multiresolution analysis and wavelets,
and introduced wavelet packets. The basic difference be-
tween wavelet and wavelet packet is that, when the wave-
let decomposition is compnted, we only use one branch of
a binary tree. To get better frequency localization we need
to divide the detail leaves within parts of higher resoln-
tion, so that we can represent the details with even smaller
details.

Coifman, Meyer and Wicherhauser'"®’ found that a
conjugated mirror filters can transform an orthogonal wave-
let basis in two orthogonal families. By iteratively applying
this rule, we can in fact divide a signal f into a complete
binary tree'’!. In summary, the procedure of decompo-
sing a signal f into a complete wavelet packet binary tree is

in fact a further extension of the concept of DWT decom-

position process, different in that WPA decomposes every
component, including both of the approximation and the
detail portion rather that only the approximation signal, in-
to its approximation and detail portion at a deeper level.
In this way, the original spectral information could be
more specifically decomposed into more components of sig-
nal precisely at different scales or frequencies, until final-
ly a wavelet packet binary tree is established, thus provi-
ding the possibility of extracting exactly the information

helpful for target recognition from this binary tree.
2.2 Feature Selection by Genetic Algorithm

Genetic Algorithms ( GA) offer an efficient search
method for a complex problem space and can be used as a
powerful feature selection taol'™ 7.

GA was first proposed by Holland in 1975 who
was inspired by the natural selection of biology. It was
supposed that individuals with more adaptability in current
generation would have better capability of survival and
breed in the next generation. One of the most important
advantages of GA is that it can make use of the limited
search processes to achieve the optimal or near-optimal re-
sult. The basic GA process can be shown in Fig. 1. In
GA, each possible solution is represented by an individual
of the population, namely a chromosome. Each chromo-
some is composed by several genes. Each gene could be
expressed by using a specific encoding strategy, e. g. , the
Hamming encoding strategy. A Simple GA (SGA) pro-
duces the new generation of offspring by its reproduction,
crossover and mutation operators'"*). The reproduction op-
eration is simply to copy the current generation of chromo-
somes as one part of the next generation of individuals,
and the number of reproduction operation is generally de-
termined by the individual’s adaptability and the selection
strategy. The crossover operation is adopted to create a
new individual that combines the best features from its
parent chromosomes by recombining their genes at ran-
dom. The mutation operation is to randomly replace one
encoded gene by another based on a given probabilities.
In this way, new trial solutions are created by making
small, random changes in the representation of prior trial
solutions. Good genetic operators can avoid convergence
into local maximum/minimum value and approach to a
globally optimal solution generation by generation.

The framework of optimal feature selection of a hyper-
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»| Generate band combinations

Convergence?

Compute separability for each band combination

¥

Choose best two combinations

Y

Reproduction, Crossover, and Mutation

Y

best band combination

Fig. 1 Optimal feature selection based on genetic algorithm

spectral remote sensing image based on GA proposed in
this paper is shown in Fig. 1. This general procedure can
also be divided into three major phases.

The first phase is to decide the representation of band
(feature) combination, i. e., whether we use a binary
strings form or directly use a string consisting of integer
numbers to represent the corresponding feature identifica-
tions. For example, if we use eight of the 220 AVIRIS
channels as a choice of the channel selection, the chromo-
some length is eight, which means that a total of eight
genes are used to represent the feature permutation. The
value of each gene is an integer number which represents
band number at the range of [ 1, 220]. Meanwhile, it is
assumed that each gene is not equal to any other genes ex-
isted in this chromosome. Fig.?2 shows one case of this ex-

ample.

3'18|7

Fig.2 Illustration the encoding of a simple

153 | 22 o4

chromosome with length 8

The second step is the evaluation on the fitness of
these feature combinations, this is based on estimating the
class separability of the cuirent featnre combination
through decoding each genome and computing its fitness

function. The weighted J-M distances for each feature

combination ( chromosome) are calculated. Based on the
weighted J-M distances, the fitness of each chromosome is
evaluated, and dominant individuals are selected for ge-
netic operation according to the selection strategy, e. g. ,
the Roulette Wheel Selection.

The third step actually performs the reproduction,
crossover and mutation operators for producing the new
generation of individuals according to its fitness. This evo-
lutionary process continues until the population at a certain
generation has converged or the maximal number of itera-
tions is reached. The decision of population convergence
is based on evaluate the fitness scores of each individual,
as described below.

Fitness score of each individual is calculated and e-
valuated based on J-M distance of the selected training
samples. The mathematical expression of J-M distance

could be formulated as Eqs. (4), (5), and (6):

gV 4V
B,=1/2(M,-M,) [——] (M, -M,) +
2
1V, +V,) /21
121 L V221 (4)
AL
M, = /2(1-e™) (5)
M= Y P My (6)
n =1 j=1

Where V, and V, are the covariance matrix for class ¢ and
class j respectively, while M, and M, are the correspondent
mean vectors, B, is well known as the Bhattacharyya dis-
tance,p, > p, are the prior probabilities for class andj, n
is the total class number, JMU, is the J-M distance between
class i and j, and the superscript T denotes matrix trans-
pose operation. All J-M distances between each two clas-
ses form an n X n class distance matrix, and JM is the
weighted J-M distance of this matrix.

Notice that the J-M class distance matrix we have
mentioned above is a symmetrical triangle matrix. Thus
Eq. (6) could be reformulated as

2 n-1

Y > (pocp M) (T)

M =
J n(n+1) =1 .=
According to Eq. (7), the GA fitness function can
be simply defined as Eq. (8)

fo) = M) (8)

Z JM (1)

t=1
where JM (t) denotes the weighted JM distance value for a
specified chromosome ¢, N denotes the population size,

and f(t) denotes the fitness value for the feature combina-
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tion that chromosome ¢ represents. Therefore, f(t) can be
used to evaluate the gooduess of individuals for a given
generation of population, resulting in those feature combi-
nations with better JM performance selected for reproduc-
tion, mating or mutation. This is done based on Rouleite

Wheel Selection operator.

2.3 The Integration of Wavelet Analysis and Genetic
Algorithm

In this study, the integration of wavelet analysis and
GA consists of two steps.

First, a 1-D discrete wavelet transform or wavelel
packet transform ( DPT) is applied on the hyperspectral
imagery in the spectral domain at each pixel location.
Both of these two transforms decompose the hyperspectral
signature of each pixel into subband of approximate signals
and detail signals at different scale, characterized by its
approximate coefficients and detail coefficients. Feature
extraction and classification are thus based on these coeffi-
cients.

Second, given the number of desired optimal features
to be output, the GA-based feature selection techniques
are applied on the DWT or DPT transformed hyperspectral
signal ( composite bands) , according to the framework we
proposed before. The evolutionary process stops only when
the population has converged at a certain generation or the
maximal number of iterations is reached. For different
number of output {eatures, the process is repeated in the

same way.

{2)

2.4 Comparative Feature Extraction Techniques

For comparison purpose, other feature extraction
techniques are also investigated. These include the princi-
pal component analysis ( PCA ), Discriminant Analysis
Feature Extraction ( DAFE) , and Decision Boundary Fea-
ture Extraction ( DBFE ). Conventionally, these feature
extraction methodologies are formed using the first several
large-amplitude components, e. g. the PCA coefficients,
since most of the energy ( or information) of the original
signal concentrates in these coefficients. The wavelet-
hased feature extraction is quite a difference from above-
mentioned traditional hyperspectral dimensionality reduc-
tion methods since it allows the user to exiract features re-
lated to scale from the hyperspectral signal . To assess
whether this characteristic would help increase classifica-
tion accuracies, the performance of the proposed method is

evaluated and compared with PCA, DAFE, and DBFE.

3 EXPERIMENTAL RESULTS

3.1 Test Data and Classification Method

The AVIRIS hyperspectral data used in this paper are
from LARS laboratory, Purdue University, accompanied
with the ground truth land cover map[m . This data is from
the AVIRIS ( Airborne Visible/Infrared Imaging Spectrom-
eter) built by JPL and flown by NASA/Ames on June 12,
1992. It contains 145 lines by 145 pixels (21025 pixels)
with 220 spectral bands. The 220 calibrated spectral bands

M background
Alfalfa

M Corn-notill

B Corn-min

£ Comn

[l Grass/Pasture

B Grass/Trees

[l Grass/pasture-mowed

| Hay-windrowed

[ Oats

I8l Soybeans-notill

il Soybcans min

8 Soybean-clean

B Wheat

B Woods

{7 Bldg-Grass Tree Drive
Stone-steel towers

(b)

Fig.3 The 220-band AVIRIS test data set (92AV3C) used for fealure extraction and land cover classification

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved.
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Table 1 Number of training and test pixels in

AVIRIS data set (92AV3C)

Training data Tesling data

Class No. Class Name No. of Pixels No. of Pixels
1 Alfalfa 23 46
2 Comn-notill 714 1428
3 Corn-min 415 830
4 Corn 119 237
5 Grass/Pasture 242 483
6 Grass/ Trees 365 730
7 Grass/pasture-mowed 28 28
8 Hay-windrowed 239 478
9 Oats 20 20
10 Soybeans-notill 486 972
11 Soybeans-min 1228 2455
12 Soybean-clean 297 593
13 Wheat 103 205
14 Woods 633 1265
15 Bldg-Grass-Tree-Drives 193 386
16 Stone-steel towers 47 93

Total 5152 10249

extend from 400 nm to 2400 nm in approximately 10 nm
bandwidths. The data set is designated 92AV3C9, and
calibrated so that the data values in the scene are propor-
tional to radiance. The scene is over an area 6 miles west
of West Lafayette, and is a subset of a significantly larger
image file, showing as a mixed agriculture/forestry land-
scape in the Indian Pine Test Site in Northwestern India-
na, as shown in Fig.3(a). The area is about 2/3 agricul-
ture and 1/3 forest or other natural perennial vegeta-
tion"”". However, due to the early season date of data col-
lection, the cultivated land appears to have very little can-
opy cover. There is a major dual lane highway and a rail
line crossing near the top and a major secondary road near
the middle, both in a NW-SE direction. Besides, several
county roads are also somewhat apparent. There are 16
classes of land cover types spread over this area, as seen
in Table 1.

The classifier adopted here for feature classification is
likelihood
(MLC). A random training of about 50% of the pixels

the commonly used maximum classifier
was chosen from the ground truth from each class. The

trained classifiers were applied to all of the ground pixels

for those classes coverage. The number of training pixels

and testing pixels for each class are given in Table 1.

3.2 Evaluate the Combination of Wavelet Transform

and GA for Feature Extraction

For the proposed method in this study, the 1-D dis-
crete wavelet transform described in Section 2 are applied
on the AVIRIS imagery (92AV3C9 dataset) in the spec-
tral domain at each pixel location, generating a set of com-
posite bands consisting of different approximation and de-
tail information at various scales. According to Bruce et
al. " lower order mother wavelets tend to outperform
the higher order mother wavelets and also tend to be more
stable than the latter. Therefore, the 2nd order Dau-
bechies function was chosen as wavelet basis.

Meanwhile, the SGA was initialized with one popula-
tion involving 500 chromosomes. The maximum iteration
number was set to 500; crossover probability was set to
0.9; and mutation probability was set to 0. 1.

The optimum band/feature combination at different
band number by using DWT and GA is shown in Table 2.

From Table 2 we can see that, most of the best clas-
sification bands are from the approximate coefficients of
wavelet decomposition. As more features are selected,
more approximate coefficients are obtained from the first
and second level of decomposition. This result shows that
a two-level wavelet decomposition of AVIRIS data is suffi-
cient for dimensionality reduction considering the classifi-
cation performance, as described by Kaewpijit et al. o

With the increase of feature number, more detail co-
efficients are involved. However, there are still only a few
bands in all selected features, for example, 2 of the 15
channels, 3 of the 16 channels. Most detail coefficients
are predominantly from the second level or third level of
decomposition. We consider this may be a result of the
higher frequent jumble of detail information with high fre-
quency noises hidden in the transformed features during
the first level of decomposition, while at coarse scales the
noises are more generalized and smoothed. This may also
imply that, although wide band remote sensing imageries
are disadvantageous for ground object recognition and clas-
sification, too fine partition of spectrum into hundreds of
narrow bands are also not so much helpful as people may
think intuitively, considering the limitations of current
pattern recognition models. Thus, the best way is to

choose most fit spectral resolution , which will reduce the



182 E® OB ¥ # £9%

Table 2 List of best band combinations by the proposed feature extraction technique base on DWT and GA
of FI\::’;ures Feature No.

1 91

2 158 188

3 131 146 185

4 14 33 146 158

5 11 123 179 187 193

6 9 19 123 131 158 188

7 9 19 123 130 173 187 195

8 10 16 19 32 69 123 179 193

9 11 19 100 128 131 145 155 171 175

10 17 19 30 118 129 148 172 175 182 193

11 8 17 19 23 155 179 180 185 188 193 371

12 91 117 119 121 123 145 171 178 179 181 191 371

13 73 85 120 121 130 132 158 164 172 173 175 194 377

14 18 20 40 64 104 116 120 130 158 173 176 178 188 191

15 13 19 93 115 120 123 130 135 145 174 178 1838 191 289 316

16 12 35 50 69 85 91 117 123 127 135 138 161 174 214 346 371

17 10 42 45 120 126 142 171 174 175 186 188 191 193 214 292 336 377

18 19 26 32 35 117 123 134 137 144 147 149 162 172 173 193 194 196 371

19 30 35 63 85 91 120 121 122 135 138 141 146 163 172 175 188 221 371 373

Note: channel 1—111 are the first level approximate coefficients of DB2 wavelet decomposition; channel 112-—168 are the second level approximate

coefficients; channel 169—198 are the third level approximate coefficients; channel 199-—309 are the first level detail coefficients; channel 310—366 are

the second level detail coefficients; channel 367—396 are the Lhird level detail coefficients.

data dimensions without a significant sacrifice of classifica-
tion accuracy. For this reason, the wavelet transform and
wavelet packet transform provide very suitable mathemati-
cal tools for spectral resolution judgments.

Fig.4 shows the changing trends of J-M distance in
accordance with different feature numbers by using the
proposed feature extraction technique. We can see that the
weighted J-M distance increases with the increased number
of features monotonically before saturation.

The classification performances of various feature ex-
traction techniques applied on AVIRIS data at different
number of features are shown in Fig. 5. Experimental re-
sults show that the use of DWT and GA-based feature ex-
traction technique improves the overall classification accu-
racy by 1. 1% —6. 5% , as compared to the use of conven-
tional feature extraction techniques, such as PCA, DAFE
and DBFE. In almost all case when the channel number is
greater than three, the proposed method outperforms the

other three algorithms, especially when the feature number

145

1.40 4

/E,D,_n-—n-——D-—D—-‘D‘“D“”_‘D_D’D_D_
1.354
1.30 4
1254 d

1.20 4

J-M distance

1.154
1.10

1.05 1

T v T v T T v T M
2 4 6 8 10 12
Number of features

Fig.4 Changihg trends of the J-M distance according

to different number of features

is between six and ten. Meanwhile, we found that the ac-
curacy improvement according to increased feature number
became saturated when the feature number was greater

than fourteen, whatever feature exiraction technique was
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chosen. This could generally be explained as the Hughes

phenomena.

Overall classification accura/%e
n
(V.1
o

—g—PCA
_ o DAFE
—¢— DWT+GA
—A— DBFE
—x— WPA+GA

. L L

9

11 13 15 17 19

No.af channels

Fig.5 Comparison of classification results of various feature extraction algorithms applied on AVIRIS data

3.3 Evaluate the Combination of Wavelet Packet

Transform and GA for Feature Extraction

We also investigate the performance of combination of
GA with Wavelet Packet Analysis (WPA). For simplici-
ty, the second order Daubechies wavelet packet basis and
the Shannon entropy criterion are adopted. The three-level
wavelet packet decomposition creates 690 features, fol-
lowed by a SGA based feature exiraction similar to the
technique applied on DWT decomposition.

For the SGA, one population with 800 chromosomes
was initialized. The maximum iteration number was set to
800; crossover probability was set to 0. 9; mutation proba-
bility was set to 0. 1. The best feature combinations at dif-
ferent feature number are classified using the maximum
likelihood classifier.

Compare the result from WPA and GA with that from
DWT and GA, it can be seen that the accuracy improve-
ment is not prominent when the feature number is small
than eight. In this case, the feature number is 2, 3, 4
and 6, respectively; in other case, for example the feature
number is 1, 5, and 7, the accuracy is even decreased to
a certain extent.

By analysis the results above we believe that there are
two possible factors which make the wavelet packet based
feature extraction technique does not outperform the DWT
based technique.

1) The decomposition of the original signal into 2"

features other than 2n -1 features by WPA makes the in-

formation more fragmentally distributed in all these fea-
tures. When only a few number of features are selected for
classification, those several features with most information
are chosen by the classifier, other features with less infor-
mation are considered as noises and discarded without any
help except making the chosen procedure more difficult
and wasting more computational resources.

2) The stability of the GA algorithm for feature selec-
tion. In fact, since GA is a stochastic search process in
the solution space, they may fail in finding the optimal so-
lution when 1he population size is too small or GA iteration
finished with a premature convergence.

When the feature number increases, more fine and
useful features decomposed by WPA are automatically
evaluated by the GA algorithm, thus provide the possibili-
ty of finding more suitable information combined from dif-
ferent features better than the DWT based algorithm, re-
sulting in a certain degree of accuracy improvement for the
same classification system.

In general, the results shows that combining GA and
WPA does not significantly improved classification accura-
cy other than the combination of GA and wavelet transform
when selective limited band number are chosen. However,
when increased number of bands are chosen (in case of
this experiment, 11), the overall classification accuracy

becomes more evident, high from 0 to 1.4% , as shown in

Fig. 5.

4 CONCLUSIONS

In this paper, we have presented a new integrated
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feature exiraction technique based on wavelet analysis and
genetic algorithm. The proposed algorithm combines the
advantages of GA’s global optimization and wavelet’s multi-
resolution and multi-scale analysis. Hyperspectral signals
are firstly transformed to feature domain by using a wavelet
or wavelet packet decomposition strategy. Followed by an
optimal feature subset selection, in which the optimal fea-
ture subset acquired the best divergence is chosen accord-
ing to interclass/intraclass distance of the training sam-
ples. This procedure is implemented by a customized Ge-
netic Algorithm. Analytical assessment and experimental
results of classification accuracy have proven that the ef-
fectiveness of the algorithm for high dimensional data re-
duction. Specifically, results from 16-class land cover rec-
ognition show that the use of DWT and GA-based feature
extraction technique improves the overall classification ac-
curacy by 1. 1% —6.5% , compared with the use of con-
ventional feature extraction techniques, such as principal
component analysis ( PCA), Discriminant Analysis Fea-
ture Extraction ( DAFE) and Decision Boundary Feature
Extraction ( DBFE).

Additionally, we investigate the performance of com-
bination of GA with Wavelet Packet Analysis ( WPA).
Preliminary results shows that combining GA and WPA
does not significantly improved classification accuracy oth-
er than the combination of GA and wavelet transform when
selective limited band number are chosen. However, when
increased band number are chosen, the overall classifica-
tion accuracy becomes more evident, high from 0 to
1.4% .

Meanwhile, we also found thai large scale approxi-
mate coefficients were selected in most cases. This also
proves Bruce et al.’s conclusion that larger scale views of
the spectral curves (lower spectral resolution data) often
were more useful than simply observing the reflectance at
the most finely resolved speciral bands'®’

Finally, the proposed feature exiraction technique al-
s0 provides a prototype to implement an automatic classifi-
cation system for high dimensional remote sensing data,

which may be another important issue.
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