
 

 

 
Abstract 

 
Traditional linear Fukunaga-Koontz Transform (FKT) 

[1] is a powerful discriminative subspaces building 
approach. Previous work has successfully extended FKT to 
be able to deal with small-sample-size. In this paper, we 
extend traditional linear FKT to enable it to work in 
multi-class problem and also in higher dimensional 
(kernel) subspaces and therefore provide enhanced 
discrimination ability. We verify the effectiveness of the 
proposed Kernel Fukunaga-Koontz Transform by 
demonstrating its effectiveness in face recognition 
applications; however the proposed non-linear 
generalization can be applied to any other domain specific 
problems. 
 

1. Introduction 
In the field of pattern recognition and signal processing, 

we rarely work with data in the original high-dimensional 
form due to the large variability. Instead, we are more 
interested in finding an optimal way to perform 
dimensionality reduction for pattern recognition, 
representation and discrimination. There are many methods 
in pattern recognition field which use this approach to 
extract some kind of basis representation according to 
different objective functions. For instance, Principal 
Component Analysis (PCA) [2][3], Independent 
Component Analysis (ICA) [4] and Non-negative Matrix 
Factorization (NMF) [5] are a few examples among them 
that do this in different ways.  

Fukunaga-Koontz Transform (FKT) is another widely 
used technique [1]. It can be used as a feature extraction 
tool in Automatic Target Recognition (ATR) and in general 
pattern recognition and image processing. Similar to the 
objective of PCA, FKT is also designed to derive a set of 
representation basis vectors which are optimal for 
representing the target data. However, unlike traditional 
PCA, Fukunaga-Koontz Transform uses data from a 
positive and negative training set to establish a set of 
optimal basis vectors that represent positive class and 
simultaneously have no representation of negative class. In 

the same fashion FKT finds a basis set for negative class 
that does not represent positive class. This nature of 
algorithm design makes FKT very popular in applications 
of ATR where positive class represents the target of interest 
and negative class is clutter data. Other applications include 
face detection [6]. Recent research literature also shows 
that FKT is the “best” low-rank approximation to Quadratic 
Discriminant Analysis (QDA) [7]. 

Although FKT is very powerful and widely used in many 
areas, however, it has some restrictions. First, since FKT 
utilizes eigenanalysis techniques, in principle we require 
lots of training data so that the number of training samples 
would not be lower than the dimensionality of the data. 
Second, FKT was designed originally for two-class 
problems, not for multi-class problems. These two 
limitations reduce the usefulness of FKT in areas of pattern 
recognition and machine learning. 

For the first problem, Miranda and Whelan [8] extended 
FKT to be applied to small-sample size (SSS) problem by 
doing eigen-decomposition of the scatter matrix using a 
technique similar to Gram-matrix trick used in traditional 
PCA.  

In this paper, we are going to propose a novel scheme to 
extend FKT from two classes to multiple classes. We are 
going to elaborate more details in section 3. In short, our 
proposed FKT extension is trying to optimizing both the 
number of eigenvectors used in reconstruction and the 
threshold used to distinguish target and probe samples. In 
this novel scheme, FKT can be extended to deal with a 
classification problem of arbitrary number of classes, with 
classification rate higher than what we can get from PCA 
and Individual PCA methods.  

In last decade, a number of powerful kernel-based 
learning methods are proposed, e.g., support vector 
machines (SVM) [9], kernel Fisher Discriminant (KFD) 
[10], and kernel principal component analysis (KPCA) [11]. 
These all demonstrate that using Kernel methods on 
traditional linear learning approaches can be successfully 
achieve higher identification and verification results with 
little sacrifice in computational speed.  

In this paper, besides extension of FKT to multi-class 
problem, the other contribution is that we propose for FKT 
novel Kernel-Fukunaga Koontz Transform (K-FKT) and 
demonstrate the increase in performance than linear FKT, 
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and how our proposed method outperforms other kernel 
approaches. The proposed approach is general in nature, 
laying out the mathematical foundation for formulating 
Kernel Fukunaga Koontz Transform.  

The paper is organized as follows: in section 2, we will 
review the derivation of Fukunaga Koontz Transform. In 
section 3, we will propose a distance normalization scheme, 
called “Class-Adaptive Sub-Eigenspace Projection” (for 
multi-class FKT). In section 4, we will review other Kernel 
approaches such as KPCA and how to apply the kernel 
extension to derive Kernel Fukunaga Koontz Transform 
(K-FKT). In section 5, we propose K-FKT scheme and 
explain the detailed mathematics. In section 6, we describe 
our database and show our experimental results. Finally a 
discussion and conclusion of the proposed approach is 
presented in section 7 and 8, respectively. 

2. Fukunaga-Koontz Transform 
In this section, we briefly review the basic idea and 

mathematical equations of FKT. 
Assume we have dataset from two classes, i.e. target and 

clutter. Let Xdxm be the matrix of which each column 
represents an image from target class. Let Ydxn be the 
matrix of which each column represents an image from 
clutter class. Then the class-mean-removed covariance 
matrix Σ of all data is the sum of the covariance matrix Σ
X and Σ Y. We can perform eigenanalysis on Σ  and 
decompose Σ into following form: 

T
X YΣ = Σ + Σ = ΦDΦ  (1) 

where is Φ the matrix containing eigenvectors of Σ ; D 
is the diagonal matrix of which each diagonal elements are 
the eigenvalues of Σ.  

If we transform all of our data (both in target and clutter 

class) by the transform matrix 
-1

2P = ΦD , then we will 
get new data matrix  X  and  Y  as follows: 

.T TX = P X; Y = P Y  (2) 
The covariance matrix of the transformed data is: 

.T T
X YX YΣ = P Σ P; Σ = P Σ P  (3) 

The new class-mean-removed covariance matrix of all 
training data becomes: 

.

T T
X YX Y

T T
X Y

Σ = Σ +Σ = P Σ P + P Σ P

= P (Σ +Σ )P = P ΣP = I
 (4) 

Now, let’s perform eigenanalysis on XΣ , suppose we 
get 

.λXΣ v = v  (5) 
Multiplying (4) with v on both sides, we will get: 

.X YΣ v +Σ v = v  (6) 
By combining (5) and (6), we will get 

( ) .1λ λY XΣ v = v -Σ v = v - v = - v  (7) 

Equation (7) tells us the covariance matrix YΣ  will 
have the same eigenvector v, with corresponding 
eigenvalue 1-λ. In other words, after applying the 
Fukunaga-Koontz transformation, the resulting covariance 
matrix of the two classes will share the same common set of 
eigenvectors; however, the most dominant eigenvectors in 
one set will be the least representative (or dominant) 
eigenvectors in the other set. Therefore, if we compute a 
few of the most dominant eigenvectors (i.e. the 
eigenvectors with the largest eigenvalues λ) for target class, 
it contains most useful information for target class, and 
very few information for clutter class (because these 
correspond to eigenvalues of 1-λ for the clutter class). 
Hence, we can view the extracted eigenvectors as a new 
basis which spans a new subspace, and by projecting raw 
data into this new subspace we can derive new 
discriminative features. Projections of data from target 
class and from clutter class are supposed to have 
discriminative distribution on this new feature space. 
Therefore, we can perform classification on this new 
feature space to achieve higher identification/verification 
performance rate. 

3. Class-Adaptive Sub-Eigenspace Projection 
and Thresholding for FKT (CASEPT) 

The basic idea of FKT can be extended to multi-class 
problem very easily. Suppose we have C classes, by 
performing similar transformation describe in (1)-(7), we 
can obtain: 

 
... .

( ... ) (1 ) .λ= = −
1 2 C

2 C 1

Σ v + Σ v + +Σ v = v
Σ + +Σ v v -Σ v v

 (8) 

 
Equation (8) means the eigenvectors that best represent 

class 1 has least power to represent all data from all classes 
other than class 1. Same analogy can apply to class i, 
i=2,...,C. Naturally, one would think that we can perform 
FKT for each of the classes, project test data into each of 
these FKT basis sets, use the projection coefficients to 
reconstruct the test data, then compute the reconstruction 
error of the data. If the reconstruction error of the data is the 
smallest when using FKT basis of class c, then we can 
classify this test data as class c. However, in practice, this 
naïve approach does not work because the representational 
power of FKT basis is defined in a relative manner, instead 
of absolute manner. What this means is that the set of FKT 
basis Vj, which is trained from class j, may have stronger 
representational power for class i, than the FKT basis Vi, 
which is trained from class i. The reason is FKT only 
guarantees that within the subspaces spanned by Vi, data 



 

 

from class i will have lower reconstruction error (higher 
representation) than data from other classes; FKT does not 
guarantee that within the subspaces spanned by Vj, the 
reconstruction error of data from class i will be smaller than 
that in the subspaces spanned by Vi. So the representational 
power is defined and compared within the same subspace, 
not across different subspaces. 

To overcome this weakness of FKT, we proposed the 
scheme of “Class-Adaptive Sub-Eigenspace Projection and 
Thresholding” (CASEPT). The basic idea of CASEPT is to 
compute the normalized distance between reconstruction 
error and the optimal threshold for each of the FKT 
subspaces for each class; then classify the test data with 
one-nearest-method method (1NN) with this normalized 
distance metric. The procedure of CASEPT is listed as 
follows: 

1. Compute the Fukunaga-Koontz Transformation 
(FKT) matrix P.  

2. Transform all data by P. Assume the transformed 
data set is D . 

3. Compute principal components Vk from kD , 

where { | , class k}x x x= ∈ ∈kD D  

4. Compute the reconstruction error of kD  when 

using different number of kV , from 1 to | |kV  

5. Let kθ  denote the set of parameters we are trying 
to optimize (the number of eigenvectors to use and 
the threshold value) for class k, then optimize kθ  
by 

0)(|)(minarg == θ
θ

θθ FRRk FAR  (9) 

6. Suppose the optimal threshold of class k is Th(k), 
and the reconstruction error of one test sample 
under IFKT scheme of class k is r(k), then classify 
this test sample as class i, where 

)(
)()(  minarg

kTh
kThkri

k

−=  (10) 10) 

4. Kernel Principal Component Analysis 
(KPCA) 

PCA is a powerful technique and has been widely used in 
the field of machine learning and pattern recognition [2][3]. 
Schölkopf et al. extended linear PCA to nonlinear PCA 
(KPCA) by employing kernel approach into PCA [11].  
Interested readers should refer to [11] for more details of 
the complete derivation. 

To extract KPCA basis, basically one has to solve the 
eigenvalue/eigenvector problems for the following 
equation: 

Kαα =λM  (11) 
 where each element in matrix K is defined as: 

)()( jiij xx Φ⋅Φ=K  (12) 
And M is the total number of training data; α is a vector 

containing the coefficients for the eigenvectors we want to 
acquire; Φ(x) is the mapping function which maps data 
point x to higher dimensional space. 

After we solved for α, we also need to perform 
normalization according to following equation: 

1 1

1 1

1 ( ( ) ( ))
M M

i j i j
i j

M M

i j ij
i j

x xα α

α α λ

= =

= =

= ⋅ = Φ ⋅Φ

= = ⋅ ⋅ = ⋅

∑∑

∑∑

V V

K α K α (α α)
 (13) 

When we want to compute the projection of a test point y 
into the space spanned by V in F, we could do:  

))()(())((
1

yxy i

M

i
i Φ⋅Φ=Φ⋅ ∑

=
αV  (14) 

5. Kernel Fukunaga-Koontz Transform 
(KFKT) 

We would like to extend linear FKT to its nonlinear 
version, by incorporating kernel approach into FKT scheme, 
similar to how SVM and KPCA work. By applying kernel 
approach in FKT, we mean that we want to first project data 
into higher-dimensional kernel space F through a nonlinear 
mapping Φ(x), then perform FKT there. The mapping 
function Φ(x) must satisfy Mercer’s condition to ensure 
working in a higher-dimensional Hilbert inner-product 
space. 

Assume ΦΣ is the class-mean-removed covariance 
matrix in kernel space, Φ

xΣ and Φ
yΣ  is covariance matrix 

of data from class x and y, respectively. Then we can get 
Φ Φ Φ T

x yΣ = Σ + Σ = VΛV  (15) 
Since we cannot map nonlinear function Φ(x) explicitly, 

there is no way for us to directly decompose ΦΣ . But it is 
possible for us to project all data to Kernel- FKT space by 
multiplying data with the transformation matrix 

2
1−

= VΛP , and perform the same  FKT related 
operations. The projection of data into nonlinear FKT space 
can be carried out by following equation: 
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where k(x, xi) is the inner product of Φ(x) and Φ(xi). If we 
define a matrix A of which each row is a series of α 
coefficients for one eigenvector V, and a diagonal matrix Λ 
of which the diagonal elements are the λ’s computed from 
KPCA, then the projection of one data point x into FKT 
space can be written in this matrix form: 

1-T 2P Φ(x) = Λ AJ  (17) 

where J is a column vector and the ith element of J is k(x, 
xi), where xi is the ith data point in training data. 

After we project all data into nonlinear FKT space, we 
can continue to use CASEPT multi-class scheme to 
perform multi-class identification or verification. 

6. Experiments 
We applied the proposed CASEPT-KFKT classification 

scheme to the problems of biometric recognition; 
specifically speaking, face recognition. We ran 
experiments on the following four face recognition 
database: CMU-AMP, CMU-PIE-LIGHT, 
CMU-PIE-NOLIGHT and Yale. To fairly access the 
performance of CASEPT-KFKT method, we also ran face 
recognition experiments with KPCA, which is another 
nonlinear subspaces projection method, and compare the 
recognition rates between these two. The same kernel 
function, specifically, RBF kernel, was used for both 
methods. The recognition rates of both methods under 
different parameters setting (σ2, i.e., the variance of RBF 
kernel) were recorded and compared side by side. 

In the rest of this section, we will briefly introduce the 
property and the challenges for face recognition task with 

respect to each of the four databases, followed by the 
experimental results presented in bar charts.  

6.1. CMU-AMP database 
CMU-AMP face database was collected at Advanced 

Multimedia Processing Lab (AMP) in Carnegie Mellon 
University (CMU). There are 13 subjects in CMU-AMP 
and each subject has 74 images. The total number of images 
is 962. The within-class variation is great level of 

Figure 1: Example images of CMU-AMP database.

Figure 2: The recognition rates of KFKT and KPCA methods 
over CMU-AMP database, with different values of variance 
parameter used in RBF kernel. The value of variance is from 
6×105 to 6×106. 

Figure 3: The recognition rates of KFKT and KPCA methods 
over CMU-AMP database, with different values of variance 
parameter used in RBF kernel. The value of variance is from 
6×106 to 6×107. 



 

 

differences in expressions. Besides that, the variation 
across different classes includes: gender (male or female), 
with or without glasses, ethnicity, darkness level of the skin 
and hair style. Figure 1 shows some examples of face 
images in CMU-AMP database. 

For each of the classes (persons), we choose the first 35 
images as training images, and leave the rest 39 images for 
testing. Therefore, the number of images for training is 455 
and the number of images for testing is 507.  

We ran both CASEPT-KFKT and KPCA with RBF 
kernels with different values of parameter σ2 (the variance 
in RBF kernel). The range of the value of σ2 is selected to 
be within 6×105 and 6×107. Figure 2 and 3 show the 
recognition rates of these two methods.  

6.2. CMU-PIE database 
CMU-PIE database was collected between October 2000 

and December 2000 in Robotics Institute, Carnegie Mellon 
University. In face recognition, the variation of one 
person’s face image includes pose, illumination and 
expression. CMU-PIE database is specially designed to 
collect those three different variations of each of the 
subject. 

The original CMU-PIE database consists of over 40,000 
images from 68 subjects. In our experiment, we only use 
the Illumination subset, which is the subset containing the 
variation of different level of ambient lighting illumination. 
Inside Illumination subset, there are two parts. The first part 
is CMU-PIE-LIGHT database, which contains images that 
were taken under sufficient environmental lighting. In this 
database, most of the cases one can see clear face images in 
all pictures.  

The second part is called CMU-PIE-NOLIGHT database, 
which contains images taken in the harshest illumination 
conditions. For this reason, faces in CMU-PIE-NOLIGHT 
database suffers with larger cast shadows, which makes 
face recognition in this database a much harder task than in 
CMU-PIE-LIGHT database. 

There are 65 people in both databases. In 
CMU-PIE-LIGHT database, each person has 22 images; in 
CMU-PIE-NOLIGHT, each person has 21 images captured 
under different lighting variations. Total number of images 
in this database is 2795. CMU-PIE database has following 
characteristics: 

 Contains both male and female faces 
 Contains people from different race and color 
 Contains images of people with and without 

glasses. 
 Contains severe illumination variation across 

images of each person, as shown in Figure 4 and 
5. 

We chose the first 11 images from each subject as 
training data and left the rest images for testing in the 
experiments on both database. Therefore, the number of 
images for training is 715, for both CMU-PIE-LIGHT and 

CMU-PIE-NOLIGHT database. The number of images for 
testing is 715 for CMU-PIE-LIGHT database and 650 for 
CMU-PIE-NOLIGHT database. 

Similar to the experiments we ran on CMU-AMP, 
CASEPT-KFKT and KPCA with RBF kernel were used to 
perform face recognition task. We plot the recognition rates 
for both methods with respect to different value of σ2. 
Figure 6-9 show the results. 

6.3. Yale face database 
In Yale face database, there are 10 subjects. Each subject 

has images of 9 different angles of poses, and for each pose, 
there are images of 65 different illumination variations. The 
illumination variation in Yale face database is significantly 

Figure 6: The recognition rates of KFKT and KPCA methods 
over CMU-PIE-LIGHT database, with different values of 
variance parameter used in RBF kernel. The value of variance is 
from 6 to 6×108. X-axis is plotted in log scale.  

Figure 4: Examples of CMU-PIE-Light database. For each 
person there are 22 images, each of which has different 
orientation of illumination. 

Figure 5: Examples of CMU-PIE-NoLight database. For each 
person there’re 21 images, each of which has different 
orientation of illumination. 



 

 

larger than the other database we mentioned, therefore, it is 
much harder to perform face recognition task in this 
database. Examples of Yale face database can be seen in 

Figure 10. 
In our experiment, we only take the images of frontal 

view of each subject. We took the first 30 images from each 
class (person) as our training data, and the remaining 35 
images as testing data. Therefore, the number of images for 
training is 300, and the number of images for testing is 350. 

Similar to the procedure we did for the previous two 
database, we ran both CASEPT-KFKT and KPCA with 
RBF kernel and plot the recognition rates with respect to 
different value of σ2. The range of the value of σ2 is selected 
to be within 1.2×108 and 6×109. Figure 11 and 12 shows the 
results. 

7. Discussion 
From the results shown in section 6, we can see a few 

interesting facts. 
First, we see the choice of correct parameters is very 

important for KFKT. Although KFKT performs worse than 
KPCA in some experimental settings, when the parameter 
of σ2 is good for the problem, performance of KFKT 
increases a lot and outperforms KPCA by a great level of 
significance (the highest relative improvement can up to 
3856.19% in one of the experiments on CMU-PIE-Light 
database!). 

Figure 7: The recognition rates of KFKT and KPCA methods 
over CMU-PIE-LIGHT database, with different values of 
variance parameter used in RBF kernel. The value of variance is 
from 6×104 to 6×105. It can be seen as a zoomed-in version of 
Figure 6 within a smaller range of parameter σ2.  

Figure 9: The recognition rates of KFKT and KPCA methods 
over CMU-PIE-NOLIGHT database, with different values of 
variance parameter used in RBF kernel. The value of variance is 
from 6×108 to 6×109.   

Figure 8: The recognition rates of KFKT and KPCA methods 
over CMU-PIE-NOLIGHT database, with different values of 
variance parameter used in RBF kernel. The value of variance is 
from 6×107 to 6×108.  

Figure 10: Example images of Yale database.

Figure 11: The recognition rates of KFKT and KPCA methods 
over Yale face database, with different values of variance 
parameter used in RBF kernel. The value of variance is from 
1.2×108 to 6×108.    



 

 

Secondly, if we compared the result of KFKT with linear 
FKT method, we can see a significant improvement in 
recognition rate. The recognition rate and relative 
improvement for both linear and nonlinear methods are 
listed in Table 1. 

Table 1: Comparison of CASEPT-FKT, IPCA, PCA, 
CASEPT-KFKT and KPCA, on CMU-PIE-Light database. 

 Methods Best 
Recognition  
Rate 

CASEPT-FKT 69.51% 
IPCA 52.87% 

Linear 
Method 

PCA 42.24% 
CASEPT-KFKT 99.3% kernel 

Method KPCA 54.83% 
 
One important thing to keep in mind is that, FKT, though 

seems like a projection basis for discrimination, is actually 
a basis for representation, with bias favored “subspace 
owner”. This can be demonstrated by Figure 13. In this 
Figure, row (a) shows six images from six different subjects, 
and row (b)-(f) are the reconstructed images of each of 
these six images, in subspace of IPCA, FLDA, and FKT. 
As shown in Figure 13, though the original images look 
pretty differently, after projected unto IPCA subspaces, 
they all look similar to the “subspace owner” (the person 
whose images are trained to created this subpsace), with 
little differences between each other. This shows that PCA 
is a basis very good for representation, but very bad for 
discrimination. On the other hand, after projecting all six 
images to FLDA subspace, all six faces look extremely 
different from the original images, and they look differently 
from each other too. This shows that FLDA is good for 
discrimination but bad for reconstruction/representation. 
Finally, if we do the same thing on FKT subspace, the 
reconstructed images in row (e) and (f) demonstrate the 

characteristic of FKT very clearly. We can see that the 
reconstructed image of “subspace owner” (bounded by red 
box) is nice and clear, while all images from other 
imposters are reconstructed with very low quality. This 
result shows FKT has strongest representational power for 
authentic data, but least for imposter data, which is exactly 
the optimized result from FKT mathematical derivation. It 
is also convincing evidence that FKT basis are basis for 
representation, not just for discrimination. Therefore, one 
should not treat FKT as just another discriminative 
subspace method similar to LDA. Instead, the power of 
FKT resides in its power of representation to the authentic 
class. Because FKT can reconstruct the authentic class with 
very little error, the reconstructed error for authentic data 
should be very small. On the other hand, the reconstructed 
error for imposter will be much larger. The proposed 

Figure 12: The recognition rates of KFKT and KPCA methods 
over Yale face database, with different values of variance 
parameter used in RBF kernel. The value of variance is from 
1.2×109 to 6×109.   

Figure 13: Comparison of reconstructed images by projecting 
images to IPCA, FLDA and FKT subspaces. (a) The original 
images from 6 different subjects. (b)-(c) Reconstructed images by 
projecting to the individual PCA basis trained from subject 3 and 
5, respectively.  (d) Reconstructed images by projecting to Fisher 
LDA basis (Fisherface). (e)-(f) Reconstructed images by 
projecting to the individual FKT basis trained from subject 3 and 
5, respectively. Note that in FKT projection (e) and (f), the 
reconstructed image of the “space owner” (bounded by red 
rectangle) has least reconstruction error from the original image, 
while the quality of all other reconstructed images are pretty low. 

(a) 
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algorithm is using this discrepancy of the reconstructed 
errors among different images to perform 
classifications/identifications. Therefore, the proposed 
approach is an unified scheme that fuses the power of 
representation and discrimination. 

8. Conclusion 

8.1. Effectiveness of the proposed CASEPT-KFKT 
scheme 

Fukunaga-Koontz Transform, in its original linear form, 
is a powerful feature extraction mechanism. By 
incorporating kernel trick into traditional linear FKT, the 
performance of linear FKT has been enhanced to a new 
level, as shown in experimental results. 

The KFKT with CASEPT scheme (CASEPT-KFKT) 
which we proposed in this paper can be applied to deal with 
data with any number of dimensions, any number of classes. 
Therefore, it is not limited in computer vision or biometrics 
recognition application only. In our experiments, we just 
use examples of face recognition to demonstrate its power 
and usefulness.  

8.2. Advantages of CASEPT-KFKT scheme over 
other kernel learning methods 

Compared to other kernel algorithm, the proposed 
CASEPT-KFKT also has advantages. We have shown in 
our experiments that CASEPT-KFKT outperforms KPCA 
by a great lead. Besides that, KFKT also has another 
advantage over all of the other kernel learning algorithms. 
In all of the other kernel learning methods (for example, 
KPCA, KLDA, SVM ... etc), we cannot know the exact 
numeric value of the data points once they have been 
projected to higher dimensional kernel space, because the 
mapping function Φ(x) is not known in general. One can 
only process data in the framework of each of these kernel 
learning algorithms. However, in the case of KFKT, the 
projection of each data point in higher dimensional FKT 
space can be computed explicitly by (17). This is one of the 
significant advantages of KFKT method over all of the 
other kernel learning methods. It also means that it is 
possible to combine the framework of KFKT with other 
pattern recognition or machine learning method. The 
possibility is limitless. And the performance of KFKT may 
be further enhanced by incorporating it with other powerful 
machine learning methods. 

9. Future work 
As stated in the previous section, we plan to investigate 

how to combine the proposed KFKT framework with 
support vector machine (SVM) and probabilistic models to 
enhance the generalization capability of this algorithm. 

Another direction is to apply proposed KFKT framework 
to problems other than recognition. Like linear FKT has 

been widely used in automatic target recognition (ATR) 
problem, the proposed KFKT framework can also be 
applied to problems like detections, clustering, 
segmentation or supervised learning. 
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