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Abstract

A fundamental problem with appearance-based recogni-
tion is how to encode the perceptual similarity between
images as images need to be grouped based on their per-
ceptual similarity. In this paper, we employ a spectral
histogram model for generic appearance-based recogni-
tion. A perceptual component is defined as the spectral
histogram of a training image, which encodes all the
images perceptually similar to the input image. The
similarity between two perceptual components is mea-
sured as χ2 distance between the corresponding spectral
histograms, which has been shown to be perceptually
meaningful. Building on this representation, we use the
nearest neighbor classifier to classify an unseen input
image, where each object class is represented by the
perceptual components of the training images. A dis-
tinctive advantage of our representation is that it can be
applied to many recognition problems, including texture
classification, face recognition, and 3D object recogni-
tion.

1 Introduction

As the learning algorithms for neural network models
have been the focus in the neural network literature,
representation has recently been realized as the funda-
mental challenge for neural modeling [4, 16, 2]. Bishop
stated that the choice of pre-processing and feature ex-
traction is “one of the most significant factors in de-
termining the performance of the final system”(p. 295,
[2]). In this paper, we focus on problems in visual recog-
nition. For visual recognition and classification, the es-
sential problem is to have a perceptually meaningful
representation. This meaningful representation, in the-
ory, can be learned through a huge amount of data. In
practice, a more effective way is to incorporate generic
and perceptually meaningful prior knowledge. Konen
and von der Malsburg[8] proposed a system that learns

to classify mirror symmetric patterns from single exam-
ples based on a general a priori principle.

In this paper, we focus on a representation based on
local geometrical and photometric features observing
that a perceptually meaningful representation should
be translation invariant. This leads to the histograms
of filter responses. We demonstrate here that this rep-
resentation is very effective for appearance-based classi-
fication and recognition, the goal of which is to classify
images based on the perceptual similarity of their ap-
pearances.

In the texture modeling context, histograms of filter re-
sponses have been widely studied. Julesz [7] was among
the first to propose that only the density of texture ele-
ments has perceptual significance and their positions are
ignored. Computationally Heeger and Bergen [5] pro-
posed a texture synthesis algorithm by matching the
histograms of the observed image. Refer to Liu and
Wang [11] for more complete references in texture mod-
eling and discrimination.

Section 2 motivates the representation from a feature
extraction perspective and introduces our perceptual
component model. Section 3 describes the component
pruning and filter selection with the perceptual compo-
nent model. Section 4 presents our experimental results
on texture classification and face recognition. 3D object
recognition within this framework is addressed in a com-
panion paper[10]. Section 5 concludes the paper with
discussion on a number of issues.

2 Perceptual Components as Histograms

The starting point of our representation is based on the
following observation. Suppose that we have a large
number of different objects which may appear on a uni-
form background. We do not know the position of the
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object and we do not want to perform segmentation as
the segmentation depends on the contrast between the
object and the background. We further simplify that
the objects are rigid and the sizes are fixed. We are
interested in deriving a bottom-up and generic feature
statistic that will be sufficient to discriminate a large
number of objects.

This assumption leads to the use of histograms as the
position must be integrated out as a random variable.
However, the direct histogram of the images may not
be sufficient as the different objects can have the same
histogram. To improve the discriminative capability,
one can use the statistics of local features to impose
constraints on the images. This gives rise to a repre-
sentation that uses the histograms of filter responses
to characterize images and objects. We have named
this representation the spectral histogram model [11].
A spectral histogram encodes all the images that are
perceptually similar and thus we call it a perceptual
component in the context of recognition and classifica-
tion.

Natural images, however, can be distorted and de-
formed. Even for the images that belong to the same
type, their appearance can be significantly different due
to those distortions and deformations. To deal with the
distortions and deformations, we represent each object
as several perceptual components computed from train-
ing images with different distortions and deformations
which bears some conceptual similarity to the mixture
of experts[6].

Given this perceptual component representation, in this
paper we use the nearest neighbor classifier to classify
or recognize new input images. It is clear that other
classifiers can also be used. The distance between com-
ponents is defined as the χ2 distance between their cor-
responding spectral histograms [11].

3 Component Pruning and Filter Selection

Within our perceptual component representation, it
would be computationally desirable to keep only the
components that are necessary for recognition as some
of the training images may lead to the same percep-
tual components. We propose a component pruning
algorithm based on the following observation. A train-
ing image is not critical if it is covered by a percep-
tual component of the same object. We implement this
idea by computing the pair-wise distance between all
the training components and we then prune the com-
ponents which are much closer to other components of
the same object than the components of different ob-
jects. To do this, we define relative inhomogeneity as
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Figure 1: Forty terrain textures used in the classifica-
tion experiments. The input image size is 256 × 256.
These images are available at http://www-dbv.cs.uni-
bonn.de/image/texture.tar.gz.

the ratio between the smallest distance within the same
object to the smallest distance of different objects. The
pruning algorithm stops when either the ratio is above
a threshold or the number of components is acceptable.

Each dataset has its own prominent local characteristics
and these local features can be best characterized by
different filters. Note that the most discriminative filter
is the one that gives the smallest average within-class
and between-class ratio, as used in Fisher discriminant
analysis[3]. Our algorithm chooses the best single first.
Then we choose the next filter which works the best with
the ones that have been chosen. The algorithm stops
when the ratio does not improve much or a specified
number of filters has been chosen.

Note also that both the component pruning and filter
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selection algorithms are greedy algorithms. While they
are computationally efficient, the optimal solution is not
guaranteed. Another point that is worth mentioning is
that both algorithms only involve training images. This
is based on the assumption that test images would be
perceptually similar to the training images.

4 Experimental Results

Within our perceptual component representation frame-
work, each object class is represented by the correspond-
ing spectral histograms of the training images. Given
a new input image, first its spectral histogram is cal-
culated. Then the nearest neighbor classifier is used to
do classification/recognition. However, other classifiers
such as a neural network can also be used for classifica-
tion. This paper focuses on texture and other 2D image
classification and the results for 3D object recognition
is presented in a companion paper[10].

4.1 Texture Classification

We apply our method to a dataset of 40 real texture im-
ages, shown in Fig. 1. This dataset contains different
kinds of natural textures. Also some of textures are sim-
ilar to others in the dataset, making the classification
very challenging.

To do the texture classification, we partition each tex-
ture image into non-overlapping patches with size 32×
32. We then choose a specified number of patches as
the training set and the rest are used for testing. To
avoid the bias of the training set choice on the classifi-
cation performance, we randomly choose a given num-
ber of images as training and run our method many
times. Table 1 shows the classification result for 100
trials with different number of training components per
texture type. As one can see from this result, with as
few as 4 training components, our method achieves a
correct classification rate of 90%. Also the performance
of our method does not depend much on the number of
training examples. Note that a few training examples
are needed for each texture type due to the inhomogene-
ity of the textures in the dataset and boundary condi-
tion for textures with large patterns compared to the
patch size. Recently, Randen and Husoy[14] conducted
a comprehensive comparative study on filter-based as
well as other approaches for texture classification. Our
result is significantly better than all the methods in-
cluded in their study.

We also study filter selection on this dataset. To do
that, we use 40 filters initially to calculate the spectral
histograms. Then we apply our filter selection algo-
rithm. Table 2 shows the performance of the first few

Table 1: Classification error for the 40-texture dataset
shown in Fig. 1

# of Average Best Worst
Components error rate error rate error rate
1 21.01 % 15.60 % 27.74 %
2 13.49 % 10.08 % 18.02 %
4 8.32 % 6.08 % 10.79 %
6 6.23 % 4.47 % 8.71 %
8 5.11 % 3.97 % 6.83 %
12 4.03 % 3.08 % 5.77%
16 3.42 % 2.50 % 4.74 %
24 2.76 % 1.88 % 3.63 %
32 2.40 % 1.72 % 3.36%

Table 2: Classification error of different filters of the
40-texture dataset shown in Fig. 1

# of First one First two
filters correct error correct error
1 22.73 % 8.36 %
2 11.17 % 8.36 %
3 5.31 % 1.18 %
5 2.97 % 0.78 %
11 2.81 % 0.39 %
40 6.80 % 1.48 %
8 (No intensity) 3.44 % 0.78 %

filters that our algorithm has chosen. Here we report the
recognition error rate when the first one is correct and
the error rate when one of the first two closest textures
is correct. It is interesting to see that the performance
with all 40 filters is worse than the one with only three
filters chosen by our algorithm. The first filter chosen
by our algorithm is the intensity filter, which gives the
best performance among all the 40 filters as a single fil-
ter. However, in cases where the illumination changes
significantly, derivative filters may be more appropri-
ate. To do that, we exclude the intensity filter and our
algorithm then chose 8 derivative filters and the per-
formance of which is shown in the last row of Table
2. Another interesting point of our filter selection algo-
rithm is that it chooses most of Gabor filters at a scale
that is comparable with the structures in the images.
Along the filter selection result for face recognition, it
seems that our filter selection is able to choose the most
effective filters specific to the dataset.

We apply our component pruning algorithm to this tex-
ture dataset to reduce the number of perceptual com-
ponents for the nearest neighbor classifier. In our algo-
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Table 3: Classification error of different number com-
ponents of the 40-texture dataset shown in Fig. 1

# of components First one First two
on average correct error correct error
1 29.53 % 15.70 %
2 17.27 % 7.11 %
3.2 8.67 % 2.42 %
6.4 3.67 % 1.41 %
32 3.44 % 0.78 %
4.3 (1.0) 7.19 % 1.72 %
5.9 (0.8) 3.90 % 0.78 %
10.98 (0.5) 3.44 % 1.10 %

rithm, one can specify how many components to keep
or specify a threshold for the within-class and between-
class ratio. The results of both methods are shown
in Table 3. The first half of the table shows how the
classification performance changes with the number of
components. As we can see from the result, the per-
formance does not change much from 32 components
to only about 6 components. The second half, which
is based on the within-class and between-class ratio, is
more interesting, where the threshold is specified in the
parenthesis. This gives a choice of balancing number of
components and the performance. When the threshold
is 0.5, the performance does not decrease at all even the
number of components per texture type reduces to 11
from 32. Threshold 1.0 indicates how many components
are actually needed to represent the given dataset. If
the components are further reduced, the performance
can decrease dramatically as shown in the first half of
the table.

To show the effectiveness of the component pruning al-
gorithm, Fig. 2 shows the number of components used
for each texture type, where on average 5.9 components
are used for each type. The algorithm chooses more
components for texture types that are similar to other
textures in the dataset or texture types that are inhomo-
geneous. Fig. 3 shows two enlarged textures from the
textures shown in Fig. 1. The texture shown in Fig.
3(a) is homogeneous and distinctive, and thus only 1
component is needed for perfect classification. The tex-
ture shown in Fig. 3(b) is perceptually very similar to
two other textures in the dataset and 19 components
are used for this texture. Even with 19 components,
some of the patches were still misclassified as the other
two textures. This is essentially the intrinsic ambiguity
of the dataset. Also the number of components needed
indicates how difficult the texture is to be classified cor-
rectly.
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Figure 2: The number of components for each texture
type of the 40 texture dataset.

(a) (b)

Figure 3: Textures with the least and most components.
(a) 1 component is used for this texture. (b) 19 compo-
nents are used for this texture.

A potential disadvantage of our representation is that
it requires convolutions of many filters, which is com-
putationally expensive, especially when the filters are
large. While the computation can be reduced signifi-
cantly through component pruning and filter selection
and through dedicated hardware for convolution, there
exists an interesting trade-off between performance and
computation cost in our framework. We can estimate
the spectral histogram from filter responses at a subset
of pixels. For example, the computation time to clas-
sify all 320 patches was reduced from 30.5 seconds to
7.11 seconds while the performance was reduced from
96.56 % to 91.82 % for the first one to be correct and
only from 98.91 % to 98.05 % for the first two to be
correct.

4.2 Face Recognition

We have also applied our method to ORL1, a standard
face dataset. The dataset consists of faces of 40 different
subjects with 10 images for each subject. The images
were taken at different times with different lighting con-
ditions on a dark background. While only limited side

1http://www.uk.research.att.com/facedatabase.html
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movement and tilt were allowed, there was no restric-
tion on facial expression. All the subjects are shown in
Fig. 4(a) and all the 10 images of a particular subject
are shown in Fig. 4(b) to demonstrate the variations of
facial expression and lighting condition.

The procedure is the same for texture classification.
Here we use 7 filters to calculate the spectral his-
tograms. We vary the number of the training faces per
subject and the remaining images are used for testing.
As we did for texture classification, we randomly choose
the training images from the dataset to avoid potential
bias due to the choice of training faces. The result is
shown in Table 4. Compared to the texture classifi-
cation, the variation of the performance is more sig-
nificant, especially the difference between the best and
worst. This is because that all the faces are topograph-
ically similar and the filters we use are small compared
to the size of faces. Our average performance is compa-
rable with the best available result in the literature[13].

Table 4: Recognition error for ORL face database
# of training Average Best Worst
faces error rate error rate error rate
1 30.15 % 25.28% 36.67 %
2 16.01 % 7.81 % 22.50%
3 8.04 % 2.86 % 17.14%
4 3.88 % 0.42 % 9.58 %
5 2.06 % 0.00 % 5.50%

It is interesting to see the filters chosen by our filter
selection algorithm for this face dataset. Again we use
40 filters initially to calculate the spectral histogram
and then apply the filter selection algorithm to choose
filters among the 40 filters. The algorithm chose first
the Gabor filters with the largest scale, indicating that
our filter selection chooses the most effective filters for
this dataset. A recent psychophysical study [1] showed
that human face recognition is different from general
human object recognition in that the global configura-
tion of faces is critical for human recognition perfor-
mance. However, our spectral histogram representation
provides a unified framework for face recognition and
general human object recognition. While our represen-
tation can account for both cases, the difference between
them is the choice of the most effective filters. As an
extreme case, we can use the eigenfaces [15], the eigen-
vectors associated with the biggest eigenvalues as filters.
Despite the demanding computation, our representation
can include eigen approaches for face recognition as a
special case.

4.3 Hand Written Digit Recognition

We have also applied our method to a subset of
MNIST2, a standard hand-written digit dataset. The
dataset has been widely used to test and compare dif-
ferent methods for digit recognition. We have achieved
a correct recognition of 93 %, which is not as good as
the available performance[12]. We include this result to
show a limitation of our representation. While the spec-
tral histogram representation encodes local geometrical
and photometric characteristics of images, this example
suggests it is not very effective to encode global shapes
as the histogram integrates out the position variable.
This limitation could be overcome by using position-
sensitive features within the filtering scheme. One solu-
tion would be to use the response vectors as features[9].
The integration of histograms with other features will
be investigated in the future.

5 Discussion

In this paper, we propose a general framework for ap-
pearance based classification and recognition. Our rep-
resentation is based on the assumption that the po-
sitions of objects are not known and thus histograms
of local features are most suitable. Within this frame-
work, we have also studied filter selection and compo-
nent pruning with the nearest neighbor classifier. We
have applied our method to texture classification, face
recognition, and 3D object recognition and have ob-
tained very good results.

Besides the good performance on real image datasets,
our method is also shown to be consistent with a sys-
tematic psychophysical data on texture perception[11].
Also our representation is biologically plausible in that
the system could be implemented neurally. A more
thorough discussion is given in [11].

While our representation is very effective for many clas-
sification and recognition tasks, the lack of positional
information makes it less effective for global shape rep-
resentation. The integration of histograms with other
positional features might provide a solution to the gen-
eral recognition problem by combining local photomet-
ric, local geometric, and global shape information.
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(b)

Figure 4: ORL face database. The size of the images is 112×92. (a) 40 subjects in the database. (b) 10 face images
of one subject taken at different facial expression and illumination conditions.
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