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Abstract

This paper presents how to extract non-linear features
by linear PCA. KPCA is effective but the computational
cost is the drawback. To realize both non-linearity and
low computational cost simultaneously, the idea of local
kernel is used. The mapped features of the polynomial
kernel can be described explicitly. When input features
are divided into some local features and the polynomial
kernel is applied to each local features independently, the
dimension of mapped features does not become so high.
In addition, the inner product with all local mapped fea-
tures corresponds to the local summation kernel. Thus,
KPCA with the local summation kernel can be solved by
linear PCA. The proposed approach is evaluated in object
categorization problem which requires high non-linearity
and computational cost. The proposed method gives much
higher accuracy than linear PCA. The computational cost
is lower than KPCA though the accuracy is slightly worse
than KPCA.

1. Introduction

In the last decade, the effectiveness of kernel-based
methods for object detection and recognition have been re-
ported [1, 2, 3]. In particular, Kernel Principal Component
Analysis (KPCA) took the place of traditional linear PCA
as the first feature extraction step in various research and
applications. KPCA can cope with non-linear variations
well. However, KPCA must solve the eigen value prob-
lem with the number of samples x the number of sam-
ples. In addition, the kernel computations with all training
samples are required to map a test sample to the subspace
obtained by KPCA. Therefore, the computational cost is
the main drawback. To reduce the computational cost of
KPCA, sparse KPCA [4] and the use of clustering [5] were
proposed. Ichino et al. [5] reported that KPCA of cluster
centers is more effective than sparse KPCA. However, the
computational cost becomes a big problem again when the
number of classes is large and each category has one sub-
space. For example, KPCA of visual words (cluster cen-
ters of local features) [6] is effective in object categoriza-
tion using Caltech 101 dataset [7] but the computational
cost is high. In this method, each category has one sub-
space constructed by 400 visual words. Namely, 40,400
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(= 101 categorizes x 400 visual words) kernel computa-
tions are required to map a local feature to the subspace.

On the other hand, traditional linear PCA is indepen-
dent of the number of samples when the dimension of in-
put features is not so high. This is because the size of eigen
value problem depends on the minimum number of dimen-
sion of input features and the number of samples. To map
a test sample to the subspace, only inner products between
basis vectors and the test sample are required. Therefore,
in general, the computational cost of linear PCA is much
lower than KPCA. In this paper, we propose how to use
non-linearity of KPCA and computational cost of linear
PCA simultaneously.

Kernel-based methods map training samples to high di-
mensional space  — ¢(x). Non-linearity is realized by
linear method in high dimensional space. The dimension
of mapped feature space of the RBF kernel becomes in-
finity, and we can not describe the mapped features ex-
plicitly. However, the mapped feature ¢(x) of the polyno-
mial kernel can be described explicitly. This means that
KPCA with polynomial kernel is solved by linear PCA
of mapped features. Unfortunately, in general, the di-
mension of mapped feature is too high to solve by lin-
ear PCA even when the polynomial kernel with 2nd de-
grees ( K(x,y) = (1 + Ty)?) is used. The dimen-
sion of mapped features of the polynomial kernel with 2nd
degrees becomes ,,4+2C2 where nd is the number of di-
mension of input features. For example, the dimension of
mapped features becomes 20, 301 even when the dimen-
sion of input features is 200. However, if polynomial ker-
nel with 2nd degrees is applied to local features not whole
features, the dimension of mapped features is not so high.
For example, when the polynomial kernel with 2nd de-
grees is applied to each local 10 dimensional features of
200 dimensional input features without overlap, each local
features x;; is mapped to 66 dimensional features ¢(x;;)
independently. Namely, the 200 dimensional input fea-
tures is mapped to 1, 320 (= 66 dimensions x 20 local fea-
tures) dimensional features (¢(x;1)7, . .., ¢(x120)7) 7. In
fact, this corresponds to the local summation kernel (the
summation of local kernels) [3] because the inner product
between 1, 320 dimensional features is the summation of
the outputs of inner product between 66 dimensional fea-
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tures as > ¢(x;)T ¢(y,;). This shows that KPCA with
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the local summation kernel can be solved by linear PCA.



This approach is independent of the number of training
samples. Subspace is obtained by solving the eigen value
problem of mapped features (e.g. 1,320 dimensions). To
map a test sample to the subspace, only the inner products
with basis vectors are required. In addition, it can repre-
sent non-linear distribution while the computational cost
is low. Furthermore, it is reported that local summation
kernel outperforms standard RBF kernel and polynomial
kernel under partial occlusion [3].

We evaluate the proposed approach in object catego-
rization problem using Caltech 101 dataset[7]. We demon-
strate that the proposed approach gives much higher
recognition rate than linear PCA. The computational cost
is lower than KPCA while the accuracy is slightly worse
than KPCA. The accuracy of our approach is also com-
parable with object categorization methods published in
recent years [8, 9, 10, 7].

In section 2, the details of the proposed method are ex-
plained. Object categorization method using proposed ap-
proach is explained in section 3. Experimental results us-
ing Caltech 101 database are shown in section 4. Finally,
conclusion and future works are described in 5.

2. KPCA with local summation kernel by lin-
ear PCA

This section explains how to solve KPCA with the
local summation kernel by linear PCA. At first, the
input features is divided into N local features * =
(xf, z},, ..., xz]y)T. In the following experiments, the
division is performed without overlap. We consider that
structural local features (e.g. local parts of image) are
more effective than meaningless local features selected
randomly. Each local features x;; is mapped to high
dimensional features ¢(x;;). All mapped local features
d(xi1), ..., p(xn) are connected and used as a new fea-
ture vector ' = (¢p(x11)7, ..., ¢(xix)T)T. The inner
product of new feature vectors corresponds to the summa-
tion of local kernels.
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Therefore, if local mapped features ¢(x;;) can be de-
scribed explicitly, KPCA with the local summation kernel
can be solved by linear PCA of new features «’. Basis vec-
tors are obtained by solving the eigen value problem of the
covariance matrix C' = X X7 where X = (x},...,z}).
The dimension of basis vectors is the same as «’.

Note that mapped features of the polynomial kernel can
be described explicitly. In the case of the polynomial ker-
nel with 2nd degrees, the dimension of mapped features
¢(x) becomes ,,4+2Co where nd is the number of dimen-
sion of input feature x. For example, a input feature with
2 dimensions * = (z1,z2) is mapped to 6 dimensional
features as 2, 22, v/2x172, /221, v/222, 1. Thus, when
the dimension of local features to which kernel is applied
is not large, KPCA with the local summation kernel can
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be solved by linear PCA. Of course, if the dimension of
local features is large, the dimension of mapped features
becomes large. However, the size of covariance matrix
in linear PCA depends on the minimum value of dimen-
sion of features and the number of samples. When the
number of samples is smaller than dimension of features,
we solve the eigen value problem of D = X7 X where
X = (z},...,2}), and eigen vectors can be computed
from the eigen vectors B of D as A = X BA~!/? where
diagonal elements of A is the eigen values.

In recent years, it is reported that the normalized poly-
nomial kernel outperforms standard polynomial kernel
and RBF kernel after setting optimal parameters [11].
Therefore, in the following experiments, we use the nor-
malized polynomial kernel with 2nd degrees as local ker-
nel function. The dimension of mapped features ¢(x) is
the same as the standard polynomial kernel. The differ-
ence is the norm of mapped features. In standard polyno-
mial kernel, the norm of mapped features ||¢(x)]|| is not
normalized. However, the normalized polynomial kernel
normalizes the norm of mapped features as ¢(x) /||¢(x)]-
By normalizing the norm of mapped features, the inner

()" B(Y) is between 0 and 1 such as RBF

product s

kernel.

In this paper, KPCA with the summation kernel of lo-
cal normalized polynomial kernels is solved by linear PCA
of new features x’. By this approach, we can treat many
samples easily which are not able to treat in KPCA by
the computational cost and memory required. In addi-
tion, it can represent non-linear distribution while linear
PCA can not. In addition, the computational cost for map-
ping a test sample to the subspace is much lower than
KPCA because kernel computations with all training sam-
ples are not required in the proposed approach. The test
sample is mapped to the subspace by inner products with
basis vectors whose dimension is the same as new features
x’. Therefore, it is effective for multi-class classification
problem such as object categorization. In this paper, the
proposed approach is evaluated in object categorization
problem using Caltech 101 dataset. We compare it with
conventional method based on KPCA and linear PCA of
visual words [6]. The comparison with other methods is
also done. In section 3, object categorization method us-
ing the proposed approach is explained.

3. Object categorization method

In object categorization problem, we can not know the
position of object in advance. Therefore, characteristic
local features (regions) are selected automatically from
training images of each category. Visual words of each
category are made by applying clustering to the ensem-
ble of local features of each category. In [6], KPCA with
the normalized polynomial kernel with 5 degrees is used
to represent the ensemble of visual words of each cate-
gory. After extracting features specialized for each cate-
gory, linear SVM is used. In this paper, KPCA with the



local summation kernel which is solved by linear PCA is
used, and we evaluate whether our approach can represent
non-linear variations with low computational cost.

First, the characteristic local regions are selected auto-
matically by using Harris operator. The orientation his-
togram of multi-resolution Gabor features is used to de-
scribe each local region. Figure 1 shows how to make
orientation histogram. Concretely, Gabor filters of 8 dif-
ferent orientations with 3 scales are used. Gabor features
of 9 (height) x 9 (width) x 3 (scales) x 8 (orientations)
dimensions are extracted from a local region. Orientation
histogram is computed in non-overlap local region of 3 x 3
pixels of each scale independently. As a result, we obtain
216 (= 3 x 3 x 3 x 8) dimensional features. These are used
as the descriptor of a local region.

In the proposed approach, local kernel is applied to
each 8 dimensional orientation histogram. Since the nor-
malized polynomial kernel with 2nd degrees is used, each
8 dimensional orientation histogram x;; is mapped to 45
dimensional features ¢(x;;). Thus, the dimension of new
features =’ becomes 1, 215 dimensions (= 45 dimensions
x 3 (height) x 3 (width) x 3 (scales)).

After describing the local features, k-means is adopted
to obtain visual words (cluster centers) of each category.
In the following experiments, 400 visual words for each
category are used. Since the visual words include vari-
ous kinds of local features, the distribution becomes non-
linear. To represent the ensemble of visual words of each
category well, non-linearity of KPCA is required. There-
fore, linear PCA of visual words will not give good accu-
racy. In the proposed approach, non-linearity is realized
by local mapped features (local summation kernel). In our
object categorization method, each category has one sub-
space. In standard KPCA, kernel computations with all
visual words in certain category to compute the covari-
ance matrix. On the other hand, the proposed approach
can compute the covariance matrix by the inner product of
1,215 dimensional visual words. The maximum benefit
of our approach in object categorization based on KPCA
of visual words is obtained in mapping a test sample to
the subspace. In standard KPCA, 40,400 (= 101 catego-
rizes X 400 visual words) kernel computations is required
to map a local feature to all subspaces. However, our
approach does not need to compute 40,400 kernel com-
putations. Only inner products with basis vectors are re-
quired to map a local features to the subspace. Therefore,
the computational cost is much lower than conventional
method.

After mapping a local features into the subspace spe-
cialized for each category, linear SVM is used to classify
object categories. Since non-linear features are extracted
by KPCA, linear SVM is sufficient. In this paper, the pro-
jection length to the subspace is used as the features for
linear SVM. However, the projection values to the prin-
cipal component axes with lower rank become small. To
compensate it, the projection value to each axis is normal-
ized by standard deviation of training samples at the axis.
The normalized projection length of g-th local features to
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Figure 1. How to describe a local feature

the p-th axis of the subsgace of category k is defined as
2y = (Afpw;/ Uﬁp) where o7, is the variance of p-
th principal component axis of category k. Since M local
features are obtained from a test image, we must integrate
M projection length to be robust to the order and the num-
ber of local features. We use the mean projection length
to integrate all local features. Namely, p-th feature in the
subspace of category k is computed as 2}, = - ny 2y
Of course, the mean projection length is invariant to the
number and the order of local features. These features are
used in linear SVM. We use one-against-all SVM to treat
multi-categories. A test image is fed into all NC' SVMs,
and it is classified to the category given maximum output.

4. Evaluation using Caltech 101 database

The proposed approach is evaluated using Caltech 101
database [7] which is frequently used in recent papers
[8,9, 12, 13, 14, 10]. The number of images in each cate-
gory is different. The minimum is 31 and the maximum is
800. Since many conventional methods evaluate the per-
formance when 30 images are used in training, we also
use 30 images selected randomly in training. All remain-
ing images of all categories are used for evaluation. To
reduce the bias of the different number of test images in
each category, the mean of the classification rate of each
category is used. This evaluation is repeated 3 times with
different initial seeds for random function, and the mean
classification rate of 3 runs is used as a final result.

In this paper, all images are transformed to gray-level
images. The image size is normalized so that all images
have the nearly same area. Serre et al. [8] and Mutch et al.
[9] also normalize the image size because the parameters
of Gabor filters are fixed. The number of local features
cropped from an image is set to 500 empirically. When
the number of visual words becomes large, the compu-
tational cost and required memory of standard KPCA is
very large. Therefore, the number of visual words is set
to 400. Although the proposed approach is independent
of the number of visual words, the same number of visual
words is used for fair comparison.

The result of KPCA (the normalized polynomial kernel
with 5 degrees of input features « in [6]) of visual words,
linear PCA of visual words and the proposed method are
shown in Table 1. The accuracy of linear PCA of visual
words is very low. This means that non-linearity of visual
words of each category is high, and linear PCA can not
represent it well. The proposed method gives much higher



Table 1. Comparison result

Method Recognition rate
Proposed method (K=400) 54.8%
linear PCA of visual words (K=400) 36.2%
KPCA of visual words (K=400) [6] 60.0%
Wang et al. (CVPRO06) [10] 63%
Grauman et al. ICCVO05) [12] 58.23%
Mutch et al. (CVPRO6) [9] 56%

Serre et al. (CVPROS5) [8] 42%

accuracy than linear PCA. This shows that the proposed
method can represent non-linear distribution though each
subspace is constructed by linear PCA. However, the ac-
curacy is worse than that of KPCA of visual words while
the computational cost is lower than KPCA'. The one rea-
son is that KPCA of visual words [6] uses the normalized
polynomial kernel with 5 degrees. The non-linearity of
the proposed method based on the normalized polynomial
kernel with 2nd degrees may not be slightly enough. How-
ever, the proposed approach has a chance for improving
the accuracy further with low computational cost. One di-
rection is to increase the number of visual words. In this
paper, the number of visual words is set to 400 because of
the computational cost and memory required of KPCA of
visual words [6]. However, the proposed method is inde-
pendent of the number of visual words. In general, better
subspace will be constructed when the number of training
samples is large. This is a subject for future works.

Finally, we compare our method with conventional
methods published in recent years. The objects in Cal-
tech 101 database are located at the almost same position.
Therefore, the use of absolute position information much
improves the accuracy [13, 14]. Since our method does not
use absolute position information, the comparison with
only conventional methods without absolute position in-
formation is performed. Table 1 also shows the compari-
son result when the number of training images is 30. The
proposed method is superior to linear SVM of biological
inspired features [8]. It is comparable with [12, 9] though
it is worse than Wang’s approach [10]. This result shows
the effectiveness of modeling of ensemble of visual words
by KPCA with the local summation kernel.

5. Conclusions and future works

We propose how to solve KPCA with the local summa-
tion by linear PCA. In the classification process, KPCA
must compute kernel functions with all training samples
(e.g. cluster centers), and the computational cost and
memory required are high. This is the drawback. In this
paper, input features are divided into some local features,
and local features are mapped to higher dimensional space

IThe computational time of [6] and the proposed method is 80 and
20 seconds respectively on a standard PC with Xeon 2.0 GHz CPU.

by ¢(x;;). In this formulation, the dimension of new
feature vector (¢p(x1)7, ..., ¢(zix)T)7T is not so high.
Thus, we can use linear PCA of new features directly. In
fact, linear PCA of new features corresponds to the KPCA
with the local summation kernel. Effectiveness of the pro-
posed method is shown in object categorization problem.
In the experiment, the number of visual words is set to
small value for fair comparison with conventional method
while the proposed is independent of the number of visual
words. Evaluation using the larger number of visual words
is a subject for future works.

The proposed method is a general framework which is
independent of recognition tasks. It can be apply to other
recognition problem. In addition, the proposed idea is also
applicable to SVM and Kernel Fisher Discriminant Anal-
ysis without any changes. This means that kernel-based
methods with local summation kernel can be solved by
linear method.
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