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Figure 4: Target recognition accuracies in the decision fusion setup with and 

without LDA based preprocessing. 

the threshold over a range of values (from -0.2 to 0.2), where a 
smaller value corresponds to lower sensitivity and vice-versa. 
Figure 2 shows the increase in number of classifiers (or, the number 
of subspace identified) as the grouping sensitivity increases. Note 
the sudden jump around a threshold value of zero, where the 
number of classifiers almost doubles. The saturation in the negative 
threshold region is due to an upper bound of the size of subspaces 
enforced to avoid statistical estimation issues. Figure 3 depicts 
target recognition accuracy at various sensitivity levels, for three 
decision fusion schemes. Note that for MR3 (least severe mixing), 
we observe that the recognition accuracy starts to fall as the number 
of classifiers increases. On the other hand, for MR4 (most severe 
mixing), the recognition performance improves with an increase in 
the number of classifiers. Based on these observations, a 
partitioning threshold close to zero is a good choice for the subspace 
identification task if no a priori information is known about 
potential mixing ratios. 

In the second set of experiments, we study the efficacy of LDA 
based preprocessing in every subspace before the multi-classifier 
and decision fusion stages. We perform decision fusion experiments 
with and without LDA transformation in every subspace. The 
results are reported in the form of overall target recognition 
accuracy in Figure 4 for three mixing ratios. Note that introducing 
LDA in the preprocessing stage improves classification 
performance at most mixing ratios and for most decision fusion 
schemes. The improvement is significant for LOGP based fusion at 
all mixing ratios. 

Finally, we compare feature versus decision level fusion. 
Feature level fusion refers to a simple concatenation of the features 
from every subspace after a LDA based transformation per 
subspace. A single classifier is employed on this concatenated 
vector for classification. Results from this experiment are reported 
in Figure 5. We perform decision level fusion in a manner 
consistent with that described previously – instead of concatenating 
the transformed features from every subspace, we make local 
classification decisions in every such LDA transformed subspace 
and fuse the decisions. The decision fusion results reported in this 
figure are from a majority vote based fusion. It follows from these 
results that decision level fusion consistently outperforms feature 
level fusion at all mixing ratios.  

All target recognition experiments described above were 
performed on a leave-one-out basis for unbiased and statistically 
reliable accuracy estimation.  

VI. CONCLUSIONS 
In this paper, we presented experimental results from target 

recognition experiments using the proposed mutual information 
based metric for subspace identification. We provided 

experimental analysis on the effect of the band grouping threshold 
on the classification accuracy of the target recognition system. A 
high sensitivity in the band grouping process may be beneficial 
under certain conditions, but invariably results in an extremely 
large number of classifiers, thereby increasing the complexity of 
the system. We hence chose a threshold close to zero for the rest of 
our experiments. We also presented experimental evidence on the 
benefits of a LDA based preprocessing of all subspaces on the 
decision fusion performance. Finally, we demonstrated 
experimentally the advantage of decision level fusion over a simple 
feature level fusion on the partitioned hyperspectral space. A 
multi-classifier, decision fusion system consistently performed 
better than a single classifier feature fusion system.  
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Abstract—In this paper, the discrete wavelet transform (DWT) is 
employed as a preprocessing stage for a multiclassifier and 
decision fusion system for feature extraction and dimensionality 
reduction of hyperspectral data. As a result, both global and local 
spectral features can be exploited.  Feature grouping is conducted 
according to wavelet decomposition levels, or scales.  Each DWT 
decomposition level’s detail coefficients are classified 
independently, creating a multiclassifer system.  The resulting 
classifications are then fused using a simple majority voting 
scheme.  The proposed target recognition system was applied to 
hyperspectral data for an agrictultural applications, namely 
detecting the presence of the often devastating disease known as 
soybean rust in soybean crops.  The proposed approach was 
compared to well-known hyperspectral dimensionality reduction 
methods, such as stepwise linear discriminant anlaysis (LDA).  
When using the DWT multiclassifier system, the overall 
classification accuracies ranged from the high 80’s to the mid 
90’s.  When using the stepwise LDA technique the overall 
classification accuracies ranged from the mid 60s to the mid 90’s.  
.   

Keywords-hyperspectral; dimensionality reduction; feature 
extraction; multiclassifiers; decision fusion; discrete wavelet 
transform 

I.  INTRODUCTION  
Hyperspectral sensors have the ability to produce many 

spectral features per pixel and have been widely used in many 
remote sensing target recognition applications.  However, with 
this increase in available features, hyperspectral systems often 
face the “curse of dimensionality”, a problem encountered 
when the amount of labeled training data is not sufficient to 
support the number of potential features.  A variety of 
dimensionality reduction and feature extraction methods have 
been investigated for hyperspectral systems.  One of the more 
recent approaches is a supervised scheme that involves spectral 
band grouping, multiclassifiers, and decision fusion [1-2].   
With this approach, the adjacent spectral bands are intelligently 
grouped in order to form lower dimensional subspaces. Then 
the spectral band groups are sent to a bank of classifiers, one 
classifier for each group.  Next, the classifications made by the 
classifiers are fused using decision fusion to produce one final 
classification, e.g. target or non-target.  The weights used in the 
decision fusion stage of the system typically takes into account 

the reliability of each group/classifier combination to 
accurately classify a pixel.   

II. BACKGROUND 
A major drawback of the spectral band grouping 

approach in hyperspectral automated target recognition (ATR) 
systems is its limited ability to extract large scale, or global, 
features from the hyperspectral signatures.  Typically, the 
band grouping stage of the ATR system uses one of two 
approaches: (1) a sliding window of fixed size, or (2) a bottom 
up approach.  For the latter approach, initially each spectral 
band is considered as a group. Then adjacent groups begin to 
be merged to form larger groups.  Groups are allowed to grow 
across the spectrum as long as two criteria are met: (i) the 
merging of groups increases a pre-defined performance metric 
(e.g. class separation, classification accuracy, etc), and (ii) the 
group size does not grow larger than the training data can 
support.  The second criterion is important, since the bands in 
a particular group are still considered as features, and the 
“curse of dimensionality” needs to be avoided.  Since the size 
of the groups are limited, only small scale, or localized, 
features are produced.  From previous research in wavelet 
analysis of hyperspectral signatures, we know that large scale, 
or global features, can be pertinent to particular target 
recognition problems.  For example, the discrete wavelet 
transform (DWT) has been successfully used for extracting 
both local and global spectral features in several hyperspectral 
target recognition systems [3-8].  Bruce et al. used the DWT 
to successfully extract features from hyperspectral signatures 
[3-4], and interestingly, they found that oftentimes a 
combination of both small scale and large scale features were 
optimum.  Zhang et al. used the DWT and linear discriminant 
analysis for feature reduction and optimization in 
hyperspectral soil texture classification [5].  Li et al. utilized 
the Haar DWT as a preprocessing stage to improve linear 
unmixing of hyperspectral signatures [6], where again a 
combination of both small scale and large scale features were 
optimum. 

In this study, the authors investigate the use of the 
discrete wavelet transform (DWT) as a preprocessing stage for 
a multiclassifier and decision fusion system for hyperspectral 
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data.  That is, the spectral band grouping stage will be 
replaced with a DWT stage. As a result, both global and local 
spectral features can be utilized.  After these features are 
extracted, they are then reduced based on the number of 
features the training data can support. Then each set of detail 
wavelet coefficients at each scale is sent to a classifier, and the 
classifications are fused to form a single, final output label for 
the hyperspectral signature.  The authors compare the 
proposed system to existing, hyperspectral analysis methods, 
such as stepwise linear discriminant analysis (LDA). 

III. METHODOLOGIES 

A. Wavelet Decomposition 
 The DWT is a well known feature extraction and 
mathematical analysis method.  The DWT decomposes a 
signal by projecting it onto dilated (or scaled) and translated 
versions of a prototype wavelet function known as the mother 
wavelet [11].  The DWT can be implemented using a dyadic 
filter tree, as shown in Figure 1 [11].  This implementation is 
utilized due to its computational efficiency, and is 
implemented using a two-channel filter bank which are low-
pass and high-pass.  Each level of the filter tree corresponds to 
a dyadic scale (2j) of the wavelet decomposition. At each 
scale, the wavelet approximation coefficients are produced by 
the low-pass filter, and the wavelet detail coefficients are 
produced by the high-pass filter.  In this study, the mother 
wavelet of choice is the Haar wavelet because if its simplicity 
and because it has been shown to be the optimum choice in 
other hyperspectral wavelet analyses [3-4,6].  The maximum 
level of decomposition is dependent upon the number of 
spectral bands (2151 in our study) and the mother wavelet 
(Haar).  As a result, the wavelet decomposition was restricted 
to 10 levels in our experimental analysis. 
 

B. Dimensionality Reduction 
 Each set of wavelet detail coefficients, along with the 
final set of approximation coefficients, is considered a feature 
vector,   similar  to  a  spectral  band  group  as  in [1-2].   The 
feature vector should next be reduced/optimized.  As in the 
spectral   band   grouping   approach,   we   use  LDA  for  this 
dimensionality reduction and feature optimization.  However, 
LDA is a statistical, supervised method that can also face the 
“curse of dimensionality”.  Thus, LDA might not be directly 
applicable to the lower levels of the wavelet decomposition.  
This will be the case if the number of small scale, fine detail 
coefficients is too large (i.e. cannot be supported by the 
amount of training data).  In this study, we use a 3-to-1 rule of 
thumb to determine which levels of the decomposition could 
have LDA directly applied.  That is, if the number of detail 
coefficients is one-third the number of training samples (N/3), 
then we assume that LDA can be accurately applied.  
However, if the number of detail coefficients is too large 
(>N/3), then the detail coefficients are grouped into contiguous 
sets of size N/3, and each set is then reduced/optimized via 
LDA.   

C. Classification and Decision Fusion 
 Each reduced/optimized feature vector (output of 
LDA) is independently classified.  In this study, we use a 
maximum likelihood classifier in each case.  However, it 
should be noted that other classifiers could be utilized, such as 
non-parametric nearest neighbor classifiers, neural networks, 
etc.  The resulting classifications are then fused using a simple 
majority vote scheme, given by  
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Figure. 1 Proposed hyperspectral target recognition system.
where w is the class label from one of the C possible classes  
for the test pixel, and N(i) is the number of times class i was 
detected in the bank of classifiers. The result is a single, final 
classification for the input hyperspectral signature. 

IV. CASE STUDY 
 The proposed ATR system is applied to experimental 
hyperspectral data for an agricultural application, namely the 
early detection of a disease known as soybean rust 
(Phakopsora pachyrhizi) in soybean crops [7].   The ability to 
rapidly detect soybean rust onset is critical to the US 
economy, and agencies such as the U.S. Department of 
Agriculture (USDA) and Department of Homeland Security 
(DHS) are very interested in this particular application. 
Soybean rust, which is caused by Phakopsora pachyrhizi, is a 
windborne pathogen which can be transmitted over large areas 
in a matter of weeks [9].  In 2002/2003, Brazil suffered an 
estimated loss in soybean crop of 3.4 million tons and a $600 
million estimated cost for fungicide sprays.  The USDA 
estimates an economic loss of $640 million to $1.3 billion in 
the first year of a widespread soybean rust invasion in the 
United States [9].    

The hyperspectral data was collected using the 
Analytical Spectral Devices (ASDTM) Fieldspec Pro handheld 
spectroradiometer [10]. The ASD has a spectral range of 350 – 
2500 nm, spectral resolution of 3 nm @ 700 nm and 10 nm @ 
1400/2100 nm, and uses a single 512 element silicon 
photodiode array for sampling 350 - 1000 nm and two 
separate, graded index Indium-Gallium-Arsenide photodiodes 
for the 1000 - 2500 nm range [10].  The signatures in this 
experiment were collected over a two week period in a green 
house outside the city of Encarnacion, Paraguay, in 2005 with 
the humidity at 100% and the temperature kept close to 80 - 
85 F.  

For this study, 678 samples were used for evaluation, 
320 samples of the control soybean and 358 samples of the 
inoculated soybean.  For each class, 160 signatures were used 
to train the system, while the remaining 160 samples of the 
control soybean and 198 samples of the inoculated soybean 
were used for testing the accuracy of the system. 

V. RESULTS AND DISCUSSIONS 
 Figure 2 shows the overall accuracies of the DWT 
multiclassifier and decision fusion approach and the stepwise 
LDA approach over a 4 date period and the results for 
combining all of the dates.  It is clear from Figure 2 that the 
DWT target recognition system outperformed the stepwise 
LDA method in every category.  The global and local features 
provide by the DWT technique seemed to have a stronger 
impact on classification when data was organized by date.  
Note that on date 3 (only 3 days after the plants have been 
inoculated with the disease), the DWT and stepwise LDA 
approaches result in an overall accuracy of approximately 
92% and 68%, respectively.  The proposed DWT approach 
represents a significant improvement in ability to discriminate 

between healthy soybean crops and those inoculated with 
soybean rust, particularly in the critical early stages of the 
disease.  When all dates where combined, both stepwise LDA 
and the DWT technique could not accurately determine 
whether the hyperspectral signature represented a healthy 
soybean crop or one inoculated with the disease. The overall 
accuracy for the separated dates for the DWT technique range 
in the high 80’s to the mid 90’s.  The overall accuracies for the 
separated dates for the stepwise LDA method ranges from the 
high 60’s to the mid 90’s.  Note that the DWT technique 
performed its best on the separate dates than on the combined 
dates.  Also, one can notice that the classification accuracies 
per date are larger for the last two dates.  This result is not 
surprising because one would expect the soybean pathogen to 
have a more significant impact on the spectral reflectance of 
the plant as time progressed.   
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Figure 2 Overall classification accuracies for the proposed DWT approach 
versus stepwise LDA method for two-class problem of soybean with and 

without inoculation of soybean rust pathogen. 
 
 

VI. CONCLUSION 
 Effectively exploiting hyperspectral signatures is a 
challenging task, particularly when only a limited amount of 
training data is available.  Dimensionality reduction and 
feature extraction play a critical role.  In this paper, the authors 
propose a hyperspectral ATR system that utilizes the 
multiresolution analysis (DWT) combined with 
multiclassifiers (bank of maximum likelihood classifiers) and 
decision fusion (simple majority vote).  The DWT allows for 
the exploitation of both global and local spectral features.  The 
multiclassifier and decision fusion approach enables the 
utilization of statistical methods like LDA for feature 
optimization and maximum likelihood for classification when 
only small numbers of training data are available.  The 
proposed ATR system was applied to experimental 
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hyperspectral data for an agricultural application, namely 
discriminating between healthy soybean crops and those 
containing the soybean rust pathogen.  When compared to 
traditional methods like stepwise LDA, the proposed DWT 
approach consistently resulted in significantly higher 
accuracies, sometimes increasing the overall accuracy by as 
much as 20%. 
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In this study, the authors investigate the use of the Wavelet Packet 
Decomposition (WPD) as a preprocessing stage for a 
multiclassifiers and decision fusion system used for hyperspectral 
automated target recognition (ATR). The hyperspectral signature is 
transformed using WPD, and each set of wavelet detail and 
approximation coefficients (terminal nodes or leaves on the WPD 
tree) are considered as feature vectors Dimensionality reduction 
and feature optimization is performed via WPD tree pruning, using 
ATR-appropriate pruning metrics such as class separation.  The 
wavelet coefficients in the terminal nodes of the pruned tree are 
then used for form feature vectors.  Three methods are then 
investigated: (i) treating each terminal node as independent feature 
vector that is input to an independent classifier in a multiclassifier 
decision fusion (MCDF) system, (ii) applying intelligent feature 
grouping to the terminal nodes, where each resulting group is 
treated as an independent feature vector that is input to an 
independent classifier in a MCDF system, (iii) concatenating all 
terminal nodes and applying stepwise linear discriminant analysis 
(SLDA) along with a single classifier.  The efficacy of the 
proposed methods are investigated using an experimental 
hyperspectral database for a remote sensing agricultural 
application, namely early detection of the disease known as 
soybean rust (Phakopsora pachyrhizi) in soybean crops. 
 

Index Terms— hyperspectral; dimensionality 
reduction; feature extraction; multiclassifiers; decision 
fusion; discrete wavelet transform; classification.   
 

1. INTRODUCTION 
 

Hyperspectral sensors have become an attractive 
method of collecting data for Automated Target 
Recognition (ATR) systems due to its ability to produce 
large quantities of information (hundreds to thousands of 
spectral bands per pixel).  In many classification 
applications, these spectral bands are extracted as features 
for the identification of a target.  The increase in spectral 
features along with small amounts of labeled training data 
often causes hyperspectral ATR systems to suffer the “curse 
of dimensionality”, resulting in lower classification 
accuracies.  This phenomenon reveals that the amount of 
training data is not sufficient to support the number of 
features produced by the sensor.  Many dimensionality 
reduction and feature extraction methods have been 

investigated for hyperspectral data [1-4]. In particular, 
spectral band grouping, combined with multiclassifiers and 
decision fusion (MCDF), has been shown recently to be a 
very promising solution [1,2,10,11].  However, since the 
approach is based on localized spectral band grouping, it 
lacks the ability to extract large scale or global features from 
the hyperspectral data. Thus, in this paper, the authors 
present a variation of this approach, where the MCDF 
method is utilized in the wavelet domain.   
 

2. BACKGROUND 
 

Wavelet analysis in the past decades has become a 
prominent feature extraction and feature selection method in 
signal processing. In this method, a signal is decomposed by 
projecting it onto a scaled and translated version of a 
prototype mother wavelet. Typically, the dyadic wavelet 
packet decomposition (WPD)  (scales and translations 
restricted to powers of 2) is achieved more efficiently with a 
full lowpass (LP) and highpass (HP) filter bank, as shown in 
Figure 1.   Each set of detail and approximation coefficients 
can be viewed as leaves on the decomposition tree. The 
wavelet decomposition tree can then be pruned using a cost 
function or metric to form a best-basis.  The pruning 
typically occurs in a bottom-up fashion, i.e. from the leaves 
(terminal nodes) to the root (original signal).  The best-basis 
can then be used to reconstruct an approximation of the 
signal for either compression or classification.  Due to the 
heritage of compression applications, the cost function is 
typically entropy [5-6].  For ground cover classification and 
target recognition applications in hyperspectral remote 
sensing, the cost function should be an ATR-appropriate 
metric, such as class separation, target recognition accuracy, 
etc.   

In previous hyperspectral research, wavelets have been 
proven to extract both local and global spectral features 
successfully in target recognition [3-4, 7-9].    Bruce et al. 
used the Discrete Wavelet Transform (DWT) to extract 
features for the dimensionality reduction of hyperspectral 
data and found that using both local and global features was 
beneficial [1,3-4,7]. Hsu et al. used the WPD for feature 
extraction and optimization in hyperspectral target 
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recognition in an agricultural application and proved that 
wavelet based features provided superior results to non-
multiresolutional approaches [8].  Zhang et al. used the 
DWT and LDA for feature extraction and optimization and 
found that local and global features were optimum in 
hyperspectral soil texture classification [9]. 

This paper investigates the use of the WPD as a 
hyperspectral feature extraction method, particularly for use 
with a MCDF system.  Unlike previous work employing the 
WPD, the coefficients are not selected to form a basis for 
reconstruction but are selected to form feature vectors.  The 
WPD tree is pruned such that each resulting terminal nodes 
can be combined to form feature vectors that can be input to 
a single classifier (via Stepwise Linear Discriminant 
Analysis, SLDA) or a MCDF system.   

SLDA, often referred to as Discriminant Analysis 
Feature Extraction (DAFE), employs a stepwise selection of 
features that are linearly projected using Fischer’s LDA 
[1,3,7]. The process typically has two phases: forward 
selection and backward rejection.  Stepwise LDA is 
commonly employed as a preprocessing for pattern 
classification tasks to mitigate affects of small sample size 
on LDA transformations.  Thus it is used in this study for 
benchmarking the difficulty of the hyperspectral datasets 
used to test the proposed systems, as well as investigating 
the value added of the MCDF approach.   

The MCDF approach is shown in Figure 1.  Various 
cost functions, or tree pruning metrics, are investigated for 
use in such a system.  Traditional unsupervised metrics, 
such as entropy, and supervised metrics, such as 
Bhattacharyya distance and Jeffries Matusita distance, as 
well as combinations of correlation or mutual information 
and class separation metrics are explored [10-11].   
 

3. METHODOLOGIES 
 
3.1. Wavelet Decomposition 

The dyadic filter tree implementation was utilized 
based on its computational efficiency.  The Haar wavelet 
was selected as the mother wavelet due to its simplicity and 
the fact that it has been used in many different wavelet-
based hyperspectral applications [3, 7-8, 12].  In both [7] 
and [12], the authors compared a variety of classes of 
mother wavelets for their efficacy in hyperspectral ATR 
problems and found the Haar to be one of the best if not the 
best in terms of classification accuracy.  That, combined 
with its simplicity and computations efficiency, made it an 
obvious choice for this investigation. The maximum level of 
decomposition is determined by the length of the 
hyperspectral signature (N) and the mother wavelet.  For 
this investigation, N=2050 and mother wavelet was Haar, 
thus the maximum level of decomposition was 10. 

 
 

 

 
Figure 1. Proposed Automated Target Recognition System 
 
3.2. WPD Filter Tree Pruning 

The WPD filter tree is pruned, (i.e. sets of 
decomposition coefficients are selected as feature vectors) 
based on a bottom-up approach.  Terminal nodes, or leaves, 
are pruned based on a performance metric.  In this study, 
three metrics were investigate, two supervised metrics based 
on target/non-target class separation and one conventional 
unsupervised metric commonly used for WPD tree pruning. 
The three metrics are the (i) product of the Bhattacharyya 
distance and correlation (BD_CORR), (ii) Bhattacharyya 
distance and mutual information (BD_AMI), and (iii) 
entropy (ENT).  The metrics BD_CORR and BD_AMI have 
recently been found to be useful for hyperspectral band 
grouping [2,10-11,13-16].  

The pruning algorithm consists of the following steps: 
1. Decompose the hyperspectral signatures using the WPD 

into A (for target) and B (for non-target).  Let j denote 
the jth level in the WPD, i.e. j=1,2,…,J where j=J are the 
terminal nodes when initializing the pruning. Let k 
denote the nodes at a given level, i.e. k=1, 2, … 2j

  Thus, 
Aj,k  denotes the set of WPD coefficients for the jth,kth 
node for the target class. 
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2. Let m=1,2, or 3, where m=1 denotes the use of the 
performance metric BD_CORR, m=2 denotes the use of 
BD_AMI, and m=3 denotes the use of ENT. 

3. Compute the appropriate performance metric for each 
node (j,k).  For m=1 or 2, the metric is computed 
between Aj,k  and Bj,k for all j and all k. For m=3, the 
hyperspectral signatures in A and B are combined, since 
the metric is unsupervised.  Denote the metric values for 
each node as Dj,k. 

4. Sort the distance values in descending order and place in 
vector M, retaining node locations in an index vector N.  

5. Let i=1.  Mark Ni as a selected feature vector. 
6. Find all children and parents of Ni and remove these 

nodes from N and their corresponding metric values 
from M. 

7. Increment i, and repeat steps 5 and 6 until the entire list 
of distance metrics and associated nodes have been 
evaluated.  
 

3.3. Proposed Systems 
WPD Tree Pruning (WPTP):  For the WPTP approach, 
each terminal node of the pruned tree is treated as an 
independent feature vector and is input to an independent 
classifier in the MCDF system.   
 
WPD Feature Grouping (WPFG):  For the WPFG 
approach, all terminal node coefficients of the pruned tree 
are concatenated into one large feature vector.  This feature 
vector is then subjected to feature grouping, much like what 
is more commonly done with hyperspectral band grouping 
[1,2,10,11].  .  The WPD coefficients are grouped using the 
metrics BD_CORR and BD_AMI.  Each of the resulting 
groups is then treated as an independent feature vector and 
is input to an independent classifier in the MCDF system.   
 
WPD Stepwise Linear Discriminant Analysis (WPSLDA):   
For the WPSLDA approach, all terminal node coefficients 
of the pruned tree are concatenated into one large feature 
vector.  This feature vector is then subjected to stepwise 
LDA.  The resulting feature vector is then input to a single 
classifier.  The MCDF approach is not used in this method 
since the final feature is much smaller than that produced by 
WPTP or WPFG and a single classifier is sufficient. 
 
Classifiers and Decision Fusion Methods:  In this study, 
we use a maximum likelihood classifier in each case. 
However, it should be noted that other classifiers could be 
utilized, such as non-parametric nearest neighbor classifiers, 
neural networks, etc.  For the multiclassifier approaches, 
decision fusion is achieved using a simple majority vote 
scheme, given by 
 

{ }Ci
iNw

,,2,1
)(maxarg

K∈
=  (1) 

where w is the class label from one of the C possible classes 
for the test pixel, and N(i) is the number of times classes i 

was detected in the bank of classifiers.  The result is a 
single, final classification for the input hyperspectral 
signature. 
 

4. CASE STUDY 
 

The proposed ATR system is applied to experimental 
hyperspectral data for an agricultural application, namely 
the early detection of a disease known as soybean rust 
(Phakopsora pachyrhizi) in soybean crops [17].  Soybean 
rust is a windborne pathogen which can be transmitted over 
large areas in a matter of weeks  causing widespread 
damage [18].  The ability to rapidly detect soybean rust 
onset is critical to the US economy, and agencies such as the 
U.S. Department of Agriculture (USDA) and U.S. 
Department of Homeland Security (DHS) are particularly 
interested in this very challenging remote sensing problem.  

The hyperspectral data was collected using the 
Analytical Spectral Devices (ASDTM) Fieldspec Pro 
handheld spectroradiometer [19]. The ASD has a spectral 
range of 350 – 2500 nm, spectral resolution of 3-10 nm, and 
uses a single 512 element silicon photodiode array for 
sampling 350 - 1000 nm and two separate, graded index 
Indium-Gallium-Arsenide photodiodes for the 1000 - 2500 
nm range [19].  The signatures in this experiment were 
collected over a two week period in a green house outside 
the city of Encarnacion, Paraguay, in 2005 with the 
temperature kept close to 80 - 85 F.  

For this study, 678 samples were used for evaluation, 
320 samples of the control soybean and 358 samples of the 
inoculated soybean.  For each class, 160 signatures were 
used to train the system, while the remaining 160 samples of 
the control soybean and 198 samples of the inoculated 
soybean were used for testing the accuracy of the system. 
 

5. RESULTS AND DISCUSSION  
 

Figure 2 shows the results of the overall classification 
accuracies for the WPTP, WPFG, and WPSLDA feature 
extraction approaches employing the BD_AMI metric, the 
BD_CORR_ metric, and the ENT metric.  Regardless of 
performance metric, the WPSLDA approach tended to 
perform the worse than the WPTP or WPFG, especially 
when the performance metric was supervised.  This is 
probably a result of the fact that WPSLDA is based on a 
single classifier rather than a multiclassifier system.  Thus, 
the use of WPSLDA with a multiclassifier system warrants 
investigation.  Regardless of performance metric, the WPFG 
tended to outperform the WPTP method.  This is probably a 
result of the fact that WPFG has an added optimization 
phase of grouping, and WPD coefficients were allowed to 
be grouped across nodes.  That is, coefficients from one 
terminal node could be grouped with those from a different 
terminal node.  Thus, the use of intra-node and inter-node 
coefficient grouping warrants further investigation.  A 
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surprising and promising result is the fact that the 
unsupervised metric, entropy, performed reasonably well.  
Thus, the use of the unsupervised metric with an 
unsupervised classification scheme is worthy of further 
investigation. 
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Figure 2. Overall Classification Accuracies for wavelet packet tree pruning 
(WPTP), wavelet packet stepwise linear discriminant analysis (WPSLDA), 
and wavelet packet feature grouping (WPFG) feature selection approaches 
employing the BD_AMI metric, the BD_CORR metric, and the ENT 
metric.  Error bars indicate a 95% confidence interval. 
 

6. CONCLUSION 
 

In order to fully exploit the advantages of increased 
sensor capabilities, particularly sensors and sensor networks 
that result in large quantities of observations, we must 
develop more robust methods of data analysis.  These 
techniques must select and extract the most pertinent 
features to avoid the “curse of dimensionality” while 
maintaining high classification accuracy.  In this study, the 
authors investigate methods of wavelet packet tree pruning 
as a means to extract pertinent and useful features from 
hyperspectral data while simultaneously avoiding issues of 
over-dimensionality.  The authors investigate both 
unsupervised and supervised tree pruning metrics combined 
with single classifiers and multiclassifier systems. The 
results of experimentation with the proposed methods are 
preliminary but quite promising.  
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ABSTRACT 
 
Hyperspectral image based automatic target recognition (ATR) 
systems often project the high dimensional hyperspectral 
reflectance signatures onto a lower dimensional subspace using 
techniques such as Principal Components Analysis (PCA), Fisher’s 
Linear Discriminant Analysis (LDA) and stepwise LDA. In a 
general classification framework, these projections are sub-
optimal, and in the absence of sufficient training data, are likely to 
be ill conditioned. In recent work, the authors proposed a divide 
and conquer approach that partitions the hyperspectral space into 
contiguous subspaces followed by multi-classifiers and decision 
fusion. Although this technique alleviated the small sample size 
problem and provided a good recognition performance in light and 
moderate pixel mixing, the performance significantly decreased 
under severe mixing conditions, as does with conventional ATR 
techniques. In this work, the authors propose a kernel discriminant 
analysis based projection in each subspace of the partition, 
followed by the multi-classifier, decision fusion framework to 
ensure robust recognition even in severe pixel mixing conditions. 
The performance of the proposed system (as measured by overall 
target recognition accuracies) is greatly superior to conventional 
dimensionality reduction techniques, as well as the more recently 
proposed divide-and-conquer technique.  

Index Terms— Kernel Methods, Pattern Classification, 
Multi-Classifiers, Decision Fusion, Target Recognition. 
 

1. INTRODUCTION 
 
Automatic target recognition systems that utilize remotely sensed 
hyperspectral images typically suffer from the curse of 
dimensionality because the hyperspectral reflectance signatures 
often have a dimensionality much greater than the number of 
available training pixels.  Thus, conventional hyperspectral based 
ATR and land cover classification systems often project the high 
dimensional reflectance signatures onto lower dimensional 
subspaces before employing a classification algorithm [1]. In the 
context of hyperspectral classification and target recognition, a few 
commonly used dimensionality reduction (or feature 
extraction/reduction) techniques are Linear Discriminant Analysis 
(LDA), Principal Components Analysis (PCA), stepwise LDA and 
band selection [2], [3]. These techniques aim at avoiding the curse 
of dimensionality (commonly referred to as the Hughes 
phenomena in the remote sensing community), and reduce the 
amount of training data required for robust classification.  
Although these dimensionality reduction schemes are successful in 
reducing the ground truth requirement for unbiased modeling by 
the classifier [1], these projections are not necessarily optimal from 
a pattern classification perspective [3]. For example, a PCA 
projection may discard useful discrimination information if it were 

oriented along directions of small global variance, while an LDA 
projection will be inaccurate for multimodal class distributions.  
Another factor that governs the efficacy of such dimensionality 
reduction techniques is the amount of training signatures required 
to learn the projections. For example, if the number of training 
signatures is insufficient for a given feature space dimensionality, 
the sample scatter and covariance matrices are likely to be ill 
conditioned, and the transformations such as PCA and LDA may 
not yield optimal projections.  

In recent work [4], [5], the authors proposed a divide and 
conquer approach that addresses the small sample size problem by 
partitioning the hyperspectral space into smaller subspaces, and 
performing local pre-processing and classification in each 
subspace, followed by decision fusion to merge the local 
classification results for obtaining the final class labels of test 
signatures. Such an approach yielded a superior classification and 
recognition performance as compared to conventional 
dimensionality reduction techniques and alleviated the small 
sample size problem commonly encountered in hyperspectral data 
classification tasks. However, this approach had room for 
improvement, in that LDA was employed at the local subspace 
level to improve class separation before performing classification. 
This approach performs well in pure pixel classification, or in mild 
mixing conditions (target pixels may be mixtures of target and 
non-target classes); however, performance significantly decreased 
when the target pixels were severely mixed with background pixels 
(as is the case when the spatial resolution of the sensor is too low). 
In severe mixing conditions, the class conditional density functions 
are likely to be multi-modal, and the decision boundaries are hence 
likely to be highly non-linear. Under such conditions, LDA is 
likely to fail, because it assumes uni-modal class conditional 
distributions.   

To address the inability of the previously proposed technique 
to reliably classify pixels in severe mixing conditions, we propose 
a kernel based pre-processing at the subspace level, where the 
hyperspectral space is divided into smaller contiguous subspaces 
and a Kernel Discriminant Analysis (KDA) based projection is 
performed in each subspace before classification. Finally, local 
classification decisions from each subspace are merged using 
decision fusion. Kernel projections such as kernel PCA and KDA 
have recently become more widely used in many pattern 
classification tasks. In this work, the authors explore the benefits of 
kernel projections in creating linearly separable class features, and, 
Fisher’s discriminant analysis in the kernel projected space for 
further improving class separation, all in the multi-classifier, 
decision fusion framework.  

The outline of this paper is as follows. In section 2, we 
provide a brief summary of KDA and the implementation used in 
this work. In section 3, we provide a description of the multi-
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classifier decision fusion framework within which the KDA 
technique is exploited. In section 4, we summarize the 
experimental hyperspectral data employed for measuring the 
recognition efficacy of the proposed system. In section 5, we 
present experimental evidence justifying the use of the proposed 
system. We conclude the paper and discuss future work in section 
6.  

 
2. KERNEL DISCRIMINANT ANALYSIS 

 
Recently, Fauvel et al [6] employed kernel PCA for hyperspectral 
classification tasks. Although kernel PCA has previously produced 
promising results for pattern classification tasks, it is not designed 
to maximize class separation. LDA on the other hand, seeks to find 
a transformation that maximizes class separation as characterized 
by the Fisher’s ratio. Hence, in this work, we employ KDA and 
study its benefits in robust hyperspectral target recognition.  

In kernel methods, the motivation behind mapping data onto a 
higher dimensional space is to convert nonlinear decision 
boundaries in the input space into linear decision boundaries in the 
transformed space via an appropriate nonlinear kernel function [7]. 
The “kernel trick” allows us to compute algorithms in a kernel 
mapped space without explicitly evaluating the mapping, as long 
as the algorithm can be expressed in terms of dot products of 
vectors in the input space. For more explanation, and a more 
general formulation of the kernel trick, the reader is referred to [7].  

Mika et al [8] extended the conventional Fisher’s LDA 
technique to a high dimensional, kernel transformed space by 
employing the kernel trick. Similarly, Baudat et al [9] proposed an 
alternative implementation to KDA, referred to as generalized 
discriminant analysis. In the kernel LDA setting, if Ф is a 
nonlinear mapping to a feature space F, the linear discriminant 
function that needs to be maximized is 
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where Φ
BS and Φ

wS are between class and within class scatter 
matrices [7] of the mapped training data in F, and w is a vector in 
F. If F is a very high dimensional space, obtaining a solution in the 
above formulation may become intractable. The solution proposed 
by Baudat et al [9] is as follows: 
1) Evaluate the empirical kernel (Gram) matrix, K, as: 
  ),()(),( jijiij xxkxxK == φφ ,  (2) 

where k(.,.) is the kernel function and {xi} is the set of all training 
data vectors.  
2)  Define a block diagonal matrix, W, as: 
  NllWW ,....,2,1)( == , (3) 
where Wl is an (nlxnl) matrix with all entries equal to 1/nl. N here is 
the number of classes, and nl is the number of samples in the l’th 
class. 
3)  Perform the eigenvalue decomposition of K as TPPK Γ=  
4) Compute the eigenvalues and eigenvectors (λ and β) of the 
system given by βλβ WPPT= . 

5)  Compute βα 1−Γ= P . 
The projection of any point (z) in the input space that 

maximizes (1) in the kernel space can be obtained as 
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where {αi} is the coefficient vector learned in the algorithm 
described above, M is the total number of training points {xi}, and 
k(.,.) is the kernel function. The kernel function employed in this 
work is the radial basis function (RBF) kernel, defined as [9]: 

  )/exp(),( 22
σjiji xxxxk −−= , (5) 

where σ is a user defined parameter of the kernel. In this work, we 
have employed the algorithm described above to perform the KDA 
projection on the feature space. Note that the algorithm description 
above is provided for completeness. The reader is referred to 
Baudat et al [9] for a detailed proof of this algorithm. 

Such a KDA transformation provides two key advantages in 
pattern classification tasks: (1) the kernel mapping onto the higher 
dimensional space F creates a linear class separation structure, 
which is easier to work with, and, (2) projection of data from the 
kernel space into a lower dimensional space maximizes class 
separation which in turn ensures good classification performance 
in the KDA space.  

In scenarios where the original (input) space contains data that 
is already uni-modal and linearly separable, KDA may not prove 
significantly beneficial over conventional LDA. However, in 
scenarios where the class conditional distributions in the input 
space are multi-modal or are not linearly separable, discriminant 
analysis in the kernel space is likely to be beneficial. With this in 
mind, we choose to employ this technique as a pre-processing 
transformation to ensure good classification performance of 
hyperspectral subspaces under severe mixed pixel (targets are sub-
pixel) conditions.  

 
3. KDA, MULTI-CLASSIFIERS AND DECISION FUSION – 

THE PROPOSED SYSTEM 
 
In recent work [4], [5], [12] the authors proposed a system that 
enables the use of the entire high dimensional hyperspectral space 
for classification, even in small sample size scenarios. Under this 
scheme, the space is partitioned into smaller subspaces and a 
classifier is dedicated to each resulting subspace. After appropriate 
pre-processing, the test signatures are tested independently in every 
subspace, and the final class label for test pixels is ascertained 
based on a fusion mechanism – that combines local classification 
decisions and posterior probabilities into a single label per 
signature / pixel.  

In such a setup, we obtained significantly improved 
recognition performance as compared to conventional techniques. 
However, as the target abundance reduced in the target pixels due 
to pixel mixing (e.g., due to poor spatial resolution), the system’s 
performance degraded. Utilizing a KDA projection in each 
subspace should ensure good class separation and a linear class 
separation structure in the transformed space.  

Fig. 1 depicts the block diagram of the overall system. The 
hyperspectral space is partitioned into contiguous subspaces. The 
KDA transformation is learned for every subspace using training 
data. Both training and test data are transformed by this 
transformation. The classifiers then learn the class membership 
functions using the transformed training data, and for every test 
signature, assign class labels and posterior probabilities to each 
subspace. In this work, the authors have employed quadratic 
maximum likelihood classifiers assuming normal class conditional 
density functions [10]. Finally, the decision fusion block combines 
these local class labels and posterior probabilities to obtain a single 
class label per test pixel.  
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3.1. Decision Fusion Schemes 
 
Three decision fusion schemes that have been recently studied in 
previous work involving remote sensing data in a multi-classifier, 
decision fusion framework are Majority Vote (MV), Linear 
Opinion Pool (LOP), and, Logarithmic Opinion Pool (LOGP) [4], 
[5], [11], [12]. Majority voting is expressed as: 

 
∑
=

∈

=Ω=

=Ω

n

j
j

Ni

iIiV

iV

1

}...2,1{

)()(where,

)(maxarg

, (6) 

where I is the indicator function, Ω is the class label from one of 
the N possible classes for the test pixel, j is the classifier index, n is 
the number of subspaces or classifiers, and V(i) is the number of 
times class i was detected in the bank of classifiers. The form of 
voting described in (6) is based on uniform weight assignment, i.e. 
every classifier in the multi-classifier, decision fusion system 
enjoys equal voting strength.  

A linear opinion pool [11], [12] uses the individual posterior 
probabilities of each classifier (j = 1, 2,… n), pj(Ωi/x) to estimate a 
global class membership function 

 
)|(maxarg

)|()|(

}...2,1{

1

xwCw

xwpxwC

i
Ci

n

j
ijji

∈

=

=

=∑α
, (7) 

where, the classifier weights ( jα , j = 1, 2, …n) can either be 
uniformly distributed over all classifiers, or can be assigned based 
on the confidence score of each classifier. Although the authors 
have previously employed adaptive, non-uniform weights in 
previous work, the current study is restricted to uniformly 
distributed weights for simplicity. 

In previous work [4], [5], [12] the authors have observed that 
the logarithmic opinion pool is very sensitive to accuracy of 
posterior probability estimates – in severely mixed and noisy 
pixels, LOGP based fusion begins to break down. MV and LOP on 
the other hand are relatively stable to fidelity variations. In this 
work, we hence compare benefits of KDA based transformations 
using MV and LOP decision fusion schemes. 

4. EXPERIMENTAL HYPERSPECTRAL DATA 
 
Hyperspectral data was collected using an Analytical Spectral 
Devices (ASD) Fieldspec Pro FR handheld spectroradiometer [23]. 
Signatures collected from this device have 2151 spectral bands 
sampled at 1nm over the range of 350 – 2500nm with a spectral 
resolution ranging from 3 – 10nm. Signatures in the dataset form 
two classes: (i) an agricultural row crop, Cotton variety ST–4961, 
and (ii) a weed, Johnsongrass (Sorghum halepense), that is 
detrimental to the crop’s yield. In this study, 54 signatures of 
Johnsongrass and 35 signatures of Cotton are used. These 
signatures were measured in good weather conditions in 
Mississippi, U.S.A., in 2000-2004. We create a target recognition 
scenario using this data treating the weed (Johnsongrass) as the 
target class and the crop vegetation (Cotton) as the background 
class, as would be the case when remote sensing is used for 
precision agriculture applications. This dataset was selected for this 
study because (i) it represents a relevant, practical application and 
(ii) the abundance of sub-pixel target (mixing ratios of background 
and target classes) can be controlled so that target recognition 
accuracies can be quantitatively investigated. 

A challenging target recognition task is created by linearly 
mixing target signatures with the background signatures at various 
mixing ratios (MR). The mixing ratios (background 
percentage:target percentage) for test target signatures reported in 
this work are 30:70 (MR1), 40:60 (MR2), 50:50 (MR3), and 60:40 
(MR4). With this setup, we compare target recognition accuracies 
of these sub pixel ATR tasks using the proposed system. 

  
5. EXPERIMENTS AND RESULTS 

 
This study seeks to explore the benefits of a KDA transformation 
per subspace on the overall recognition accuracy of hyperspectral 
target recognition systems in severe mixing conditions. With that 
goal in mind, we employ the dataset described in section 4 and 
compare the overall recognition accuracies in the following setups: 
(1) Multi-KDA, which refers to the setup described in fig. 1. The 
hyperspectral space was partitioned into subspaces of 150 bands 
each and every subspace was transformed using the KDA 
algorithm before employing the multi-classifier, decision fusion 
system. (2) Single-KDA, which refers to a single KDA 

 
Figure 1. Illustrating the block level functionality of the proposed system.  
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transformation over the entire hyperspectral space, followed by a 
single classifier. (3) Multi-LDA, which refers to the authors 
previous approach where the hyperspectral signature is partitioned 
into smaller contiguous subspaces, LDA is performed on each 
subspace, and a multi-classifier and decision fusion approach is 
used. The procedure employed for identifying subspaces in this 
setup is based on [4], [5], [12], and is included in this paper to 
serve as a comparison of the proposed work to previously 
published work. (4) Single-LDA, which refers to the setup where a 
single LDA transformation is performed over the entire 
hyperspectral space, followed by a single classifier. Note that in 
Multi-KDA, the choice of window size (subspace size) of 150 was 
determined experimentally and is somewhat arbitrary. Similarly, 
the RBF kernel’s σ-parameter was experimentally determined to be 
1. Finally, to ensure statistically reliable recognition accuracy 
assessment in the small sample size scenario, all experiments were 
conducted using the leave one out (cross validation) testing 
procedure.  

Results from this experimental setup are shown in fig. 2. It 
can be observed that as the severity of mixing increases (from 
MR1 to MR4), multi-KDA and single-KDA significantly 
outperform multi-LDA and single-LDA transformations for severe 
mixing ratios. Further, at low or moderate mixing (MR1, MR2), 
multi-LDA performs better than single-KDA or single-LDA. 
However, multi-KDA outperforms all other techniques at most 
mixing ratios. These trends are common to both MV and LOP 
based decision fusion schemes.  

 
6. CONCLUSIONS AND FUTURE WORK 

 
It can be inferred from these observations that the proposed 

multi-KDA, multi-classifier, decision fusion system provides a 
robust framework for target recognition, capable of providing a 
good recognition performance in small sample size and severe 
pixel mixing conditions. Other solutions, such as employing 
Gaussian mixture models to fit the class conditional distributions 
of severely mixed data are likely to be ill conditioned in small 
sample size problems. The system proposed in this work (multi-
KDA) and the recently proposed multi-LDA system [12] are free 
from this problem, because they inherently deal with subspaces of 
much smaller dimensionality compared with the dimensionality of 
the original hyperspectral signatures. 

In this work, the authors employed fixed, equal sized 
partitions of the hyperspectral space. In future work, we plan to 
study the potential of varying the size of the partitioned subspaces 
adaptively based on maximizing class separation per window in the 

kernel space. It is hoped that coupled with ensuring diversity 
between all classifiers in the multi-classifier setup, this will further 
boost the decision fusion performance of the multi-KDA method.  
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Fig. 2: Overall recognition accuracy (%) after various transformations, using MV and LOP based decision fusion. Error bars 
indicate the 95% confidence interval. 
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ABSTRACT 

 
Multi-source data fusion in the context of Automatic Target 
Recognition (ATR) involves the fusion of multiple, 
independent observations of a phenomenon. If the collection 
of sources is diverse, the resulting classification system is 
expected to perform better than one based on any one 
source. In recent work, the authors have demonstrated the 
use of such decision fusion strategies in alleviating the over-
dimensionality and small-sample-size problems associated 
with hyperspectral data. Multi-temporal hyperspectral 
recognition and classification tasks are also prone to over-
dimensionality of features and small training sample size 
problems. In this work, the authors will extend their 
previously proposed framework to multi-temporal, 
hyperspectral target recognition / classification problems. 
The performance of the proposed system will be compared 
against that of conventional techniques, such as global 
PCA, LDA and feature fusion. The efficacy of the proposed 
system is quantified by overall recognition accuracies. 

Index Terms— Hyperspectral, Target Recognition, 
Pattern Classification, Feature Extraction 
 

1. INTRODUCTION 
 

Multi-source data fusion is being actively explored in 
the remote sensing community for robust Automatic Target 
Recognition (ATR) and other similar applications. Such an 
approach exploits multiple, independent observations of a 
phenomenon and performs a feature level or a decision level 
fusion for ATR, scene classification and land cover 
mapping. For example, in [1], different types of data (IRS-
1C LISS III images, NDVI and DEM), collected in the 
Himalayan region were fused for land cover classification. 
In situations where data from a single sensor lacks 
resolution or fidelity in the spatial, spectral or temporal 
domains, multi-source data may facilitate accurate image 
analysis [2], [3]. In [4], fusion of data from Hyperion and 
ALI is studied in the PCA and wavelet domains, for 
improved invasive species forecasting.  

In recent work, the authors demonstrated the use of 
such decision fusion strategies in alleviating the over-
dimensionality and small-sample-size problems associated 
with hyperspectral data [5], [6]. The proposed framework 

provided very promising recognition performance even in 
small-sample-size conditions. Previously, Jeon and 
Landgrebe [2] have proposed a decision fusion system to 
classify multispectral, multi-temporal data. Although this 
framework provided good recognition performance with 
multi-spectral data, extending this approach to hyperspectral 
data would necessitate addressing the associated over-
dimensionality in an appropriate manner. More recently, 
Bruce and Mathur [7] used clustering and greedy search 
techniques to classify hyperspectral, multi-temporal data. 
These techniques were computationally intensive (in 
particular, due to an extensive search over a vast search 
space comprised of all available hyperspectral bands and all 
dates) and may not be robust in small training sample size 
scenarios.  

Multi-temporal hyperspectral classification problems 
are also prone to over-dimensionality of features and small 
training sample size problems. In this work, the authors will 
extend the framework proposed in [6] to multi-temporal, 
hyperspectral target recognition / classification problems. In 
the proposed approach, multi-classifier, decision fusion 
systems will be employed for each date in the dataset, and a 
second decision fusion system will merge these results for 
final classification. The use of the divide-and-conquer 
approach per date ensures that for every date, the 
classification system is robust, even in the presence of a 
small training dataset. Finally, the fusion of class labels 
from every date further ensures that information from every 
time stamp in the temporal sequence is employed in the 
decision making process. The performance of the proposed 
system will be compared against that of conventional 
techniques, such as LDA and Stepwise LDA. The efficacy 
of the system will be quantified by means of overall 
recognition accuracies.  

This paper is organized as follows. In section 2, we 
describe the proposed system for robust classification of 
multi-temporal hyperspectral data. In section 3, we provide 
a description of the experimental multi-temporal 
hyperspectral dataset employed in this work to demonstrate 
the efficacy of the proposed system. In section 4, we provide 
an explanation of the experimental setup and describe the 
results obtained from these experiments. We conclude the 
paper in section 5. 
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2. MULTI-TEMPORAL HYPERSPECTRAL 
CLASSIFICATION 

 
Previously, Jeon and Landgrebe [2] have proposed a 

decision fusion system to classify multispectral, multi-
temporal data. The proposed majority vote based decision 
fusion technique improved the classification accuracy of 
three remotely sensed Thematic Mapper (TM) datasets, over 
a simple pixel-wise classifier that did not perform multi-
temporal decision fusion. Although this framework provided 
good recognition performance with multispectral data, 
extending this approach to hyperspectral data would 
necessitate addressing the inherent over-dimensionality of 
hyperspectral signatures in an appropriate manner.  

In recent work [6], the authors proposed a divide-and-
conquer based approach for robust classification of high 
dimensional hyperspectral data, even under the presence of 
a relatively small training dataset. Using an intelligent band-
grouping method, the hyperspectral space was partitioned 
into contiguous subspaces, each of a much smaller 
dimensionality. Feature optimization and classification was 
carried out in each subspace independently, and the “local” 
results (hard, i.e., class labels, or soft, i.e., posterior 
probabilities) were merged using appropriate decision fusion 
strategies. Unlike other approaches that discard a portion of 

the spectrum (e.g., band-selection) to alleviate the over-
dimensionality problem associated with hyperspectral 
signatures, the divide-and-conquer approach extracts 
information from over the entire spectrum to robustly 
classify hyperspectral signatures. 

In this paper, the authors extend this work for robust 
classification of multi-temporal hyperspectral data. Fig. 1 
depicts the overall block diagram of the proposed system. 
As in [6], the proposed framework incorporates a subspace 
identification procedure to partition the hyperspectral space 
into multiple contiguous subspaces and then employs a 
decision fusion mechanism to fuse local classification 
results from each subspace. However, in a multi-temporal 
setup, we propose to have multiple such banks of classifiers 
and decision fusion systems – one for each date. Finally, a 
global decision fusion system will merge classification 
results from each bank (/date) into a final class label per test 
pixel/signature. The resulting system will be capable of 
performing reliable classification even when relatively few 
training samples are available for each date. 

It has been shown in [5], [6] that a divide-and-conquer 
approach that partitions the hyperspectral space and 
employs multi-classifiers and decision fusion for 
classification is robust in small-sample-size conditions. In 
this work, as in [6], a metric based on the product of 

 
Figure 1: Illustrating the proposed system for robust classification of multi-temporal hyperspectral data. For every date, a band-grouping / 
subspace allocation procedure followed multi-classifiers and decision fusion is employed. Decisions from every date are merged into a final class 
label. 
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maximum Jeffries Matsushita distance and Mutual 
Information is employed for such partitioning the 
hyperspectral space of every date. This ensures that each 
subspace created in the process possesses good class 
separation, while the collection of subspaces is 
simultaneously diverse.  

 
 
3. EXPERIMENTAL HYPERSPECTRAL DATA 

 
The hyperspectral data used in this study was collected 

using an Analytical Spectral Devices (ASD) Fieldspec Pro 
FR handheld spectroradiometer [19]. Signatures collected 
from this device have 2151 spectral bands sampled at 1nm 
over the range of 350 – 2500nm with a spectral resolution 
ranging from 3 – 10nm. A 25° instantaneous field of view 
(IFOV) foreoptic was used, the instrument was set to 
average ten signatures to produce each sample signature, 
and the sensor was held nadir at approximately four feet 
above the vegetation canopy. Reflectance values in the 
regions 1350nm - 1430nm and 1800nm – 1980nm were 
removed from all signatures and then interpolated using 
piecewise cubic Hermite interpolation, to remove affects of 
atmospheric water absorption. 

Signatures in the dataset form two classes: (i) an aquatic 
invasive species, Waterhyacinth (Eichornia crassipes), and 
(ii) another aquatic species, American lotus (Nelumbo 
lutea). A possible remote sensing application for such 
species may involve detecting and mapping Waterhyacinth 
in aquatic environments for appropriate chemical treatment 
and removal. The two aquatic species were grown under 
well-regulated environmental conditions at the R. R. Foil 
Plant Research Center at Mississippi State University. Data 
was collected in the range of ±2 hours of solar noon, every 
week from 24th June 2005 to 26th October 2005, for a total 
of twenty signatures per class per date [7].  
 

4. EXPERIMENTAL SETUP AND RESULTS 
 

Target recognition experiments were carried out on 
hyperspectral data described in the previous section. All 
experiments reported in this paper are performed using a 
leave-one-out testing procedure. Three different baseline 
experiments are reported, for comparing the performance of 
the proposed system with. The first baseline approach, 
called MT-SLDA employs a stepwise LDA (SLDA) [8], [9] 
approach per date, followed by a feature-space 
concatenation (of the SLDA output from every date) and a 
single classifier at the backend. In this approach, 
hyperspectral data from each date was reduced by means of 
a SLDA (also known as Discriminant Analysis Feature 
Extraction, DAFE [9]) procedure. SLDA employs a forward 
selection and backward rejection approach to choose a 
smaller subset (in this work, set as 10) of original features to 
apply LDA upon. The metric employed for forward 

selection and backward rejection in this work was the area 
under the Receiver Operating Characteristics (ROC) curve 
[8]. This resulted in a reduced feature space dimensionality 
of one per date (since we only have two classes in this 
recognition task). Finally, the reduced dimensional space (in 
this case a scalar) is merged across all dates, and we come 
up with a single feature vector, which is of a much smaller 
dimensionality than the original hyperspectral multi-
temporal feature space. In this case (for a two-class 
problem), the dimensionality of this feature vector equals 
the number of dates in the multi-temporal dataset. The 
SLDA transformations per date are learned from training 
data, and applied to both training and test data samples. This 
is followed by a single classifier system.  

In the second baseline approach, referred to as LDA-
DF, we combine hyperspectral signatures from all dates into 
one single dataset, getting rid of the temporal information in 
the dataset by discarding date information, and randomly 
permuting the samples of each class. Finally, instead of 
using a conventional single classifier approach, we 
employed a multi-classifier, decision fusion approach, 
where the hyperspectral space was partitioned into multiple 
smaller subspaces, and LDA followed by classification was 
performed in each subspace independently. Finally, the local 
classification results (from each subspace/subset of the 
spectrum) were merged using decision fusion. 

The third baseline approach, referred to as LDA also 
involves merging the hyperspectral signatures of all dates, 
that is, getting rid of the temporal information in the dataset 
by discarding date information, and randomly permuting the 
samples of each class. Since in this scenario, the number of 
training samples is sufficiently large for a conventional 
LDA transformation to be estimated, an LDA based 
projection of training and test data (learned from the training 
data) is performed, followed by a single classifier system. 
This approach quantifies the ability of conventional 
classification systems to classify the available hyperspectral 
data without using any temporal information. This approach 
is referred to as LDA in table I.  

The three baseline systems described above were 
compared against the proposed multi-temporal decision 
fusion system illustrated in fig. 1. All classifiers employed 
in this work were maximum-likelihood classifiers, assuming 
Gaussian class-conditional distributions [8], [10]. Majority 
voting [6] was employed as the decision fusion scheme in 
all of this work. 

Experimental results with the proposed algorithm and 
the three baseline systems are provided in table 1.  The 
accuracy reported is the overall recognition accuracy, along 
with the 95% confidence interval, both expressed in 
percentage. Fig. 2 depicts the individual accuracies per date 
– i.e., using a multi-classifier, decision fusion system for 
each date separately. Note that although the individual 
classification accuracies (fig. 2) are all less than 100%, and 
vary from approximately 65% – 95%, the overall accuracy 
of the proposed system (MT-DF), which is comprised of a 
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two level decision fusion (spectral and temporal) is a 100% 
(table I). This illustrates the fact that when the temporal 
information is added to the spectral information (by fusing 
results obtained over different dates), the corresponding 
classification accuracy for this two-class recognition task 
improved significantly. From table I, it is clear that the 
proposed MT-DF system significantly outperforms the other 
“baseline” approaches to classification. A LDA-DF system, 
which discards the temporal information, but employs a 
multi-classifier and decision fusion framework for 
classification using spectral information is the next best 
system. The next best system is the LDA system, which also 
discards the temporal information, but employs a 
conventional single-classifier approach for the classification 
task. Finally, for this classification task, the MT-SLDA 
system provides the lowest classification accuracy.  

 
5. CONCLUSION 

 
In this paper, we compared the recognition performance of 
the proposed multi-temporal, hyperspectral decision fusion 
system with various baseline experiments. It was established 
that despite the classification performance of each 
individual date in the dataset being low, when the 
“temporal” information was exploited in the proposed 
framework, the classification accuracy for this two-class 
problem rose to 100%.  Further, the proposed system 
outperformed other conventional and recently proposed 
approaches to classify hyperspectral data. 

In future work, we plan to employ an adaptive weight 
assignment mechanism in the multi-temporal decision 
fusion process that incorporates the relative strengths and 
weaknesses of individual dates in the dataset for classifying 
the hyperspectral data. Finally, note that although in this 
paper the efficacy of the proposed algorithm has been 
demonstrated using a two-class recognition problem, the 
proposed framework can also be employed in multi-class 
recognition systems, such as for thematic mapping using 
multi-temporal remote sensing imagery. 
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Fig. 2: Individual classification accuracies per Julian date, using 
the multi-classifier decision fusion system on the hyperspectral 
signatures. 

Table I: Overall recognition accuracy for the multi-temporal, 
hyperspectral task using the proposed approach (MT-DF) and three 
baseline approaches. 
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MT-DF 100 0 

LDA-DF 96.81 0.8 
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ABSTRACT 
 
Hyperspectral signatures provide a dense recording of 
reflectance values over a wide region of the spectrum. This 
potentially increases the class separation capacity of the data 
as compared to gray scale imagery (where most of the class 
specific information is extracted from spatial relations 
between pixels) or multi-spectral imagery (where 
reflectance values at a few spectral bands are recorded). 
Availability of this rich spectral information has made it 
possible to design classification systems that can perform 
ground cover classification and target recognition very 
accurately. However, this advantage of hyperspectral data is 
typically accompanied by the burden of requiring large 
training sets. Another ramification of having a high 
dimensional feature space is over-fitting of decision 
boundaries by classifiers, and consequently, poor 
generalization capacity. In this paper, we will analyze and 
quantify the classification performance (as represented by 
overall and target recognition accuracies and false alarm 
rates) using various popular dimensionality reduction 
techniques. In particular, we will study the efficacy of PCA, 
Regularized LDA and Stepwise LDA in a single-classifier 
framework, and the efficacy of LDA in a multi-classifier, 
decision fusion framework. 

Index Terms— Hyperspectral, Target Recognition, 
Pattern Classification, Feature Extraction 
 

1. INTRODUCTION 
 
Hyperspectral signatures provide a dense recording of 
reflectance values over a wide region of the spectrum. This 
potentially increases the class separation capacity of the data 
as compared to gray scale imagery (where most of the class 
specific information is extracted from spatial relations 
between pixels) or multi-spectral imagery (where 
reflectance values at a few spectral bands are recorded). 
Availability of this rich spectral information has made it 
possible to design classification systems that can perform 
ground cover classification and target recognition very 
accurately [1], [2.  

This advantage of hyperspectral data is typically 
accompanied by the burden of requiring large training sets. 

In order to facilitate accurate estimation of class conditional 
statistics of hyperspectral data and to avoid ill-conditioned 
formulations, it is necessary to have sufficient ground truth 
(labeled) training data available a-priori. This however is 
not guaranteed in a general remote sensing setup. In fact, in 
many hyperspectral applications (for example, the detection 
of isolated targets), the amount of ground truth pixels 
available to the analyst may be less than the dimensionality 
of the data (small sample size problem).  

Another ramification of having a high dimensional 
feature space is over-fitting of decision boundaries by 
classifiers [3], and consequently, poor generalization 
capacity. In other words, in such high dimensional spaces, it 
is possible that a good classifier will learn the decision 
boundaries based on the training data remarkably well, but 
may not be able to generalize well to a test set that varies 
slightly in its statistical structure.  

 As a result of the problems associated with 
hyperspectral data outlined above, in the absence of a large 
training database, it is common for researchers to either (a) 
limit the number of spectral bands they use for analysis (for 
example, best bands selection), or, (b) perform transform 
based dimensionality reduction, such as Principal 
Components Analysis (PCA), Linear Discriminant Analysis 
(LDA), Stepwise LDA etc. prior to classification. 
Conventionally, techniques such as best-band selection, 
stepwise feature extraction (e.g., stepwise LDA) etc. are 
commonly employed in such scenarios, but these are sub-
optimal in that they do not utilize the rich spectral 
information provided by hyperspectral signatures. Recently, 
the authors proposed a new hyperspectral classification 
framework [2], [4] based on multi-classifiers and decision 
fusion that alleviates the small sample size problem without 
discarding spectral information.  

In this paper, we evaluate the performance of various 
techniques employed by researchers for alleviating over-
dimensionality and small-sample-size, such as: (1) 
Conventional PCA, (2) Regularized LDA, (3) Stepwise 
LDA (also known as Discriminant Analysis Feature 
Extraction - DAFE), (4) Multi-Classifier, Decision-Fusion 
based framework. 

This paper is organized as follows. In section 2, we 
briefly describe the techniques commonly employed to 
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alleviate the small-sample-size and over-dimensionality 
problem associated with hyperspectral data. In section 3, we 
provide a description of the experimental hyperspectral 
dataset employed in this work to demonstrate the efficacy of 
various dimensionality reduction techniques enlisted above. 
In section 4, we provide experimental results and analysis, 
and conclude the paper in section 5. 
 
 

2. DIMENSIONALITY REDUCTION IN A SMALL 
SAMPLE SIZE FRAMEWORK 

 
PCA is a common dimensionality reduction technique, 
employed to discard directions/dimensions that possess low 
energy (as represented by the eigenvalues of the covariance 
matrix). PCA seeks to find a linear transformation xWy T rr

= , 

where nm yx ℜ∈ℜ∈
rr

, and nm > , such that the variance of 
the data is maximized in the projected space. 
Mathematically, PCA is a transformation that diagonalizes 
the covariance matrix of the global data set. It is also an 
unsupervised transformation in the sense that it does not 
require labeled training data for estimating the 
transformation matrix. While m is the dimensionality of the 
original feature space, n is the desired dimension of the 
projected space, and is usually determined as the number of 
significant eigenvalues in the spectral decomposition of the 
global covariance matrix. A detailed analysis of PCA can be 
found in [3]. In this paper, the PCA based dimensionality 
reduction discards all dimensions (eigenvectors) that 
corresponded to numerically small eigenvalues.  

LDA seeks to find a linear transformation xWy T rr
= , 

where nm yx ℜ∈ℜ∈
rr

, and 1−≤ cn , (c is the number of 
classes), such that the within class scatter is minimized and 
the between class scatter is maximized. The transformation

TW is determined by maximizing Fisher’s ratio, which can 
be solved as a generalized eigenvalue problem. The solution 
is given by the eigenvectors of the following eigenvalue 
problem 
 WWSS bw Λ=−1 ,                    (1) 
where bS is the between class scatter matrix and wS is the 
within class scatter matrix.  

It is well known in the pattern classification community 
that PCA is not an optimal choice for classification tasks 
[3], [5].  Conventional LDA based dimensionality reduction 
fails when there is insufficient data to determine the within 
class scatter matrix reliably, leading to an unstable inverse 
of the matrix and hence an ill conditioned formulation. To 
address this issue, some researchers have previously 
proposed a Regularized-LDA (R-LDA) technique, which 
stabilizes the inverse of the ill-conditioned within-class 
scatter matrix by adding a small-energy diagonal matrix to it 
[6]. 

Stepwise LDA,  (S-LDA) employs a stepwise selection 
of bands followed by LDA projections to reduce the 
dimensionality of hyperspectral data [7]. Stepwise LDA 
with forward selection and backward rejection is commonly 
employed as a preprocessing for pattern classification tasks 
to mitigate affects of small sample size on LDA 
transformations. The forward-selection procedure starts by 
calculating a certain metric (in this case, chosen as Az, area 
under the Receiver Operator Characteristics / ROC curve) 
for each feature. Other performance metrics such as 
Bhattacharya distance can also be employed, but in previous 
work, we have found Az to be most appropriate for forward 
selection and backward rejection. The Az values are sorted in 
descending order. The feature with the highest Az gets 
placed into a feature vector, and the ROC area  Az_BEST is set 
to Az1. The second best feature is then appended to the 
feature vector, and Az2 is computed. The second best feature 
is only retained if Az2 > Az_BEST. This process is repeated 
until all the individual features are examined, or until the 
bound on the maximum number of features in the feature 
vector is reached. This bound should not be larger than 
would be supported by the available training data size 
insofar as learning the LDA transformation is concerned. In 
this paper, this limit is set at 10 features.  

Next, backward rejection is performed. Assume at this 
stage that there are b features selected in the feature vector, 
and the best ROC area is Az_BEST. If b = 1, then no features 
may be removed, and the process halts. If b > 1, then the 
first feature is removed, and the ROC area A’z1 is calculated. 
If A’z1 > Az_BEST, then the first feature vector is removed, and 
Az_BEST is set to A’z1. This process continues until all features 
have been examined.  

This forward selection and backward rejection approach 
results in determination of the “best” feature subset, upon 
which if LDA is applied, the class separation in the resulting 
space will be high. Further details on the stepwise LDA 
algorithm can be found in [7]. Although this approach 
allows us to draw on the benefits of the LDA transformation 
for high dimensional feature spaces, it is still sub-optimal, in 
that the selection and rejection procedures outlined above do 
not perform an exhaustive search on the feature space to 
find the optimal ‘combinations’ of features. Further, as with 
best bands selection, it is sub-optimal by design, since it 
only chooses a subset of the hyperspectral space for feature 
extraction. Despite this limitation, stepwise LDA has proven 
to be a very useful dimensionality reduction algorithm. 

In the Multi-classifier, decision fusion framework (MC-
DF) [4], the hyperspectral space is partitioned intelligently 
into multiple contiguous subspaces, and local classification 
is carried out in each subspace using a bank of classifiers. A 
decision fusion mechanism then combines these “local” 
classification results into a single class label per 
hyperspectral signature. The partitioning of the spectrum 
into smaller subspaces ensures that no information is 
discarded to address the small-sample-size and over-
dimensionality problem. Further, since the size (dimension) 
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of each subspace is much smaller than the original feature 
space dimensionality, each classifier in the bank sees well-
conditioned estimates of class conditional distributions. The 
performance metric employed in this paper for partitioning 
the feature space is a product of Jeffries-Matsushita distance 
and the average mutual information [4], and a LDA based 
pre-processing was carried out at the subspace level. Note 
that since the dimension of each subspace is significantly 
smaller than the dimensionality of the entire feature space, 
LDA based pre-processing at the subspace level is likely to 
be well-conditioned. Finally, a majority voting based 
decision fusion mechanism is employed to label test 
hyperspectral signatures. More details of this algorithm can 
be found in [4]. 

When comparing the performance of the four feature 
extraction (or dimensionality reduction) methods described 
above, quadratic maximum-likelihood classifiers were used 
in each case [3]. The goal of this paper is to determine the 
appropriate feature extraction and classification technique 
for classifying over-dimensional data in small-sample-size 
conditions. Although in recent work, the authors have 
shown that the multi-classifier decision fusion framework 
provides very promising recognition performance of such 
recognition tasks [2], [4], in this paper, a comprehensive 
comparison of this technique with other popular techniques 
that attempt to alleviate the small-sample-size problems is 
provided. 

 
3. EXPERIMENTAL HYPERSPECTRAL DATA 

 
The hyperspectral data used in this study was collected 

using an Analytical Spectral Devices (ASD) Fieldspec Pro 
FR handheld spectroradiometer [19]. Signatures collected 
from this device have 2151 spectral bands sampled at 1nm 
over the range of 350 – 2500nm with a spectral resolution 
ranging from 3 – 10nm. A 25° instantaneous field of view 
(IFOV) foreoptic was used, the instrument was set to 
average ten signatures to produce each sample signature, 
and the sensor was held nadir at approximately four feet 
above the vegetation canopy. Reflectance values in the 
regions 1350nm - 1430nm and 1800nm – 1980nm were 
removed from all signatures to avoid atmospheric water 
absorption effects. 

Signatures in the dataset form two classes: (i) an 
agricultural row crop, Cotton variety ST–4961, and (ii) a 
weed that is detrimental to the crop’s yield, Johnsongrass 
(Sorghum halepense). In this study, 75 signatures of 
Johnsongrass and 25 signatures of Cotton are used. These 
signatures were measured in good weather conditions in 
Mississippi, U.S.A., in 2000-2004. We create a target 
recognition scenario using this data treating the weed 
(Johnsongrass) as the target class and the crop vegetation 
(Cotton) as the background class, as would be the case when 
remote sensing is used for precision agriculture applications. 
We create challenging target recognition tasks by linearly 

mixing target test pixels with the background at various 
mixing ratios (MR). This makes it a realistic and tough ATR 
problem because it creates a mismatched situation where the 
classifiers are trained on clean target and background pixels 
but tested on mixed (corrupt) target pixels. The mixing 
ratios (background percentage to target percentage) for test 
target pixels reported in this work are 30:70 (MR1), 40:60 
(MR2) and 50:50 (MR3).  
 

4. EXPERIMENTAL SETUP AND RESULTS 
 

Target recognition experiments were carried out on 
hyperspectral data described in the previous section. All 
experiments reported in this paper are performed using a 
leave one out testing procedure. Each test target signature 
sequestered during the leave one out testing is mixed 
linearly with a random background signature. To ensure an 
unbiased setup, the background signature used in this 
mixing is not used for training the system. 

Recognition performance for this ATR task is 
quantified using overall accuracies, target recognition 
accuracies, and false alarm rates. These quantities are 
reported for the following feature extraction and 
classification systems: (i) PCA, (ii) R-LDA, (iii) S-LDA, 
and (iv) MC-DF. For algorithms (i) through (iii), a single 
maximum-likelihood classifier was employed after each 
feature extraction method. For algorithm (iv), a multi-
classifier, decision fusion framework was employed for 
classification.  

Figure 1 shows the recognition performance for each of 
the dimensionality reduction systems discussed above, at the 
three mixing ratios MR1, MR2 and MR3. As expected, PCA 
performs poorly in terms of overall classification accuracy 
and false-alarm rate at all mixing ratios. Although R-LDA 
reconditions the LDA formulation over the high 
dimensional feature space, it still does not perform better 
than the S-LDA or MC-DF techniques. For light pixel 
mixing (MR1), the basic MC-DF system outperforms all 
other dimensionality reduction techniques – providing high 
overall and target recognition accuracies, and generating 
very few false alarms. At moderate and severe pixel mixing 
levels, the overall and target recognition accuracy drops for 
all methods, but the MC-DF system still yields a low false 
alarm rate. As pixel mixing increases, the underlying class 
distributions of test data tend to become multi-modal. 
Hence, R-LDA and S-LDA techniques do not perform as 
well under severe pixel mixing. The MC-DF system also 
employs LDA based preprocessing at the subspace level, 
and hence exhibits a drop in recognition performance under 
severe pixel mixing conditions.  

 
5. CONCLUSION 

 
In this paper, we compared the recognition performance of 
various algorithms employed for classifying high-
dimensional hyperspectral data. PCA based dimensionality 
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reduction always results in poor classification performance 
(and high false alarm rates). In low pixel mixing conditions, 
a LDA (when well-conditioned, as in the MC-DF system) or 
S-LDA based dimensionality reduction is beneficial to the 
classification system – for both single-classifier and multi-
classifier systems. Under severe pixel mixing conditions, 
LDA based pre-processing is no longer optimum.  

Finally, at low pixel mixing ratios, the MC-DF framework 
outperforms all other conventional dimensionality reduction 
techniques. This is not the case when the pixel mixing 
becomes severe, although it maintains a fairly low false-
alarm rate under severe mixing conditions. As a concluding 
remark, in recent work [8], the authors have proposed a 
nonlinear kernel based pre-processing of the subspaces 
generated in the MC-DF framework to ensure robust 
classification. With this pre-processing, the MC-DF 
framework significantly outperforms most single-classifier 
based dimensionality reduction and classification systems, 
even under severe pixel mixing. 
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Fig. 1: Overall accuracy, target recognition accuracy and false alarm rates, all expressed in percentage, using various algorithms for 
alleviating the small-sample-size and over-dimensionality problem associated with hyperspectral data.  Error bars indicate a 95% 
confidence interval. 
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