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Abstract
An appearance-based visual recognition system for discrimination between free-form objects is presented. The
system has been developed in order to be run in a scene where the number of patterns is considerably large and
they are not stable, as new patterns are introduced and others are eliminated along the time. In appearancebased systems, the learning step requires the acquisition of large image sets and an intensive computational cost
due to the feature extractors. Generally, learning is performed off-line so computing time is not a problem.
However, with varying patterns, learning has to be performed several times and under such circumstances the
training time is relevant. The proposed method uses random projection for dimensionality reduction and a k-NN
classifier to identify the object correctly. We show that despite the computational simplicity of random
projection, it allows to keep enough information of the original appearance-based vectors in order to distinguish
between the patterns. Experimental results obtained with several image databases show the validity of the
approach.
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1. INTRODUCTION
Appearance-based recognition approaches are a powerful alternative to model-based techniques when it is
difficult to obtain geometrical models of the objects and when the images have non-controlled backgrounds.
Such systems are able to manage changes in illumination conditions, shape, pose and reflectance [14] and even
to handle translation and partial occlusions [17].
Appearance-based object recognition methods work on high dimensional spaces called image spaces, where
each dimension corresponds to a pixel of the object image. The number of dimensions is thus extremely large,
even when low resolution images are used. Besides, it is common to use multiple channels of information in
order to improve the recognition rates [2]. Examples of frequently used channels include the grayscale values of
the original images; color information (using histograms different color spaces can be used like RGB, YUV,...);
binary or grayscale border images (again, different border extractors may be used); texture information, etc. The
main idea is to use as many sources of information as possible in order to easily distinguish the different objects:
some of them may be distinguishable according to the grayscale pixel values, others may require color
information to be distinguished, etc. Under such circumstances, the number of dimensions of the image space is
even larger (roughly the number of channels times the number of pixels) and the direct use of a classifier
becomes computationally unfeasible, as the number of attributes for the classifier equals the number of
dimensions of the image space.
Different techniques have been used to reduce the dimensionality of the data, allowing the classifier to work on a
smaller number of attributes. The goal is to discard the irrelevant or redundant data and to keep as much
information as possible. The most popular technique for dimensionality reduction purposes is Principal
Component Analysis (PCA) [11]. This technique has been used both in general object recognition applied to
robotic tasks [14][15] and in face recognition applications [10][21]. Another widely used technique is Linear
Discriminant Analysis (LDA) which takes into account class memberships in computing the subspace. Some
applications in face recognition can be found in [3] and [20]. Dimensionality reduction is in fact a feature
extraction process, as new features are extracted from the original attributes.
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Fig. 1. Concept of the image space: a two-dimensional image may be viewed as a vector
in such a very high dimensional space.

Such feature extracction processes require an intensive computational cost. Generally, this processes are
performed off-line, so computing time is not a problem. However, with varying patterns, feature extraction has
to be performed several times and under such circumstances the computing time is relevant. The presented
technique offers a simple and computationally efficient solution to this problem.
The proposed method uses random projection for dimensionality reduction and a k-NN classifier to identify the
object correctly. We show that despite the computational simplicity of random projection, it allows to keep
enough information of the original appearance-based vectors in order to distinguish between the patterns.
Besides, this feature extraction method has a great advantage over the classical techniques used, mainly PCA and
LDA, due to its independence from the set of patterns available in each moment. Using random projection it is
not necessary to re-train completely the system when the set of patterns is modified.

2. RANDOM PROJECTION .
Random projection (RP) is a method for dimensionality reduction used in the preprocessing of textual data, prior
to applying latent semantic indexing (LSI ), which may be computed either by PCA or SVD, [19]. RP has been
also used as a preprocessing step in SOM systems [9][13]. Other applications of random projection include
[4][7][12].
Basically, in RP, the original data is projected to a low dimensional subspace using a random matrix in order to
reduce the original dimension of the data.
Let X be the original data matrix, where each column contains the m pixel values of one image vector, x. The RP
transform of the data matrix X of size m x n is defined as

YkRPx n = R k x m X m x n

(1)

where n is the number of observations (images) and k << m. This transform is allowed due to the JohnsonLindentrauss lemma [8][5]: if points in a vector space are projected onto a randomly selected subspace of
suitable high dimension, then the distances between the points are approximately preserved. The equation (1) is
not a real projection of the data X because the matrix R is generally not orthogonal, so the RP transformation can
cause significant distortions in the original data. However, it has been shown that R is almost orthogonal [6] so
it is valid to consider the transformation as a projection of the original data.
As we can see, RP is computationally very simple: computing the random matrix R and projecting the data
matrix X. One of the key points of the approach is the choice of the random matrix. The elements of R are often
gaussian distributed, although other distributions can be used as it has been show by [1] recently.

3. EXPERIMENTAL COMPARISON
In this section, the validy of RP as a dimensionality reduction technique in an appearance-based object
recognition is tested. Two different datasets are used for the comparison: first, a subset of 20 objects of the wellknown COIL-100 dataset [16] (the most similar objects have been chosen in order to avoid extremely high
recognition rates that would made the comparison useless); and second, a set of 30 face images from the ORL
database [18]. Fig. 2 shows some examples of both databases.
To check whether RP works properly or not, a nearest neighbour classifier is used with different input data:
• raw data or data in the original image space: the grayscale pixel values of the images (size 64x64 for the
COIL images and 112 x92 for the ORL faces)
• features extracted using PCA from the the grayscale original images : different tests are performed with
a number of components ranging from 6 to the total number of eigenvectors (equal or lower than the
number of images used in the training data matrix)
• features extracted using RP from the the grayscale original images: different tests are performed with a
number of dimensions ranging from 6 to 1000.
In all cases, ten repetitions of a cross-validation test are performed in order to obtain reliable results. These
results are shown on Fig. 3.a. and Fig. 3.b. It is possible to see that both PCA and RP techniques allow to obtain
results similar to those obtained when the classifier is fed with raw data. Such result shows that both approaches
are valid for feature extraction. However, RP requires a larger number of features than PCA to obtain the same
classification results and particularly, with the COIL dataset, the results obtained with PCA slightly
outperformed the best results obtained with RP. The number of features required when RP is used, even being
greater than that of PCA, is much smaller than the number of pixels of the original image, so dimensional
reduction is achieved and the classifier is not slowed down.
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Fig. 2. Image examples of the databases used in the experiments: a) ORL face image database,
b) 20 most similar objects from the COIL-100

As a conclusion, PCA should be used when off-line computation time (training step) is not relevant, as the
number of features required is smaller; and RP should only be used when off-line computation time is important:
i.e. when the training examples are not prior fixed and training has to be performed continuosly. In such cases, it
is enough to increase the number of features in order to obtain similar results to those obtained by PCA avoiding
the computational time required to the principal components.
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Fig. 3. Experimental results of the comparison between raw data, PCA and RP features: a) results for the most
similar objects from COIL-100 dataset, b) results for the ORL face image database.

4. APPLICATIONS OF RP IN APPEARANCE-BASED SYSTEMS
The main advantage of RP is its independence from the data: the transformation matrix R is not relative to the
data in X; that’s not the case of PCA, where the matrix transformation is composed by the eigenvectors
computed from the covariance matrix of X. So using RP it is not necessary to re-train completely the system
when the set of patterns is modified.
The method presented may be successfully used in applications with varying patterns, where learning has to be
performed several times, and under such circumstances the training time is relevant. These applications include
those related to access control, e.g. where it is desired to maintain a register of the people which are inside a
building, or the cars in a garage.

5. CONCLUSIONS
•
•

•

Appearance-based object recognition requires a high amount of image information (multiple channels)
in order to obtain the best results.
Traditional dimensionality reduction techniques like PCA are not applicable when training has to be
performed continuosly due to their high computational load. RP is an alternative in such environments
as similar results to those of PCA can be obtained and the training computational load is highly
reduced.
The use of RP allows to increase the number of channels of information used and thus the global results
may outperform those of PCA when a single channel is used.
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