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Abstract

This chapter presents a technique to determine the identity of objects in
a scene using multidimensional histograms of the responses of a vector of
local linear neighborhood operators (receptive elds). This technique can
be used to determine the most probable objects in a scene, independent
of the object's position, image-plane orientation and scale.
The rst part of the chapter summarizes the mathematical foundations
of multidimensional Receptive Field Histograms [1] and gives a recognition example on a database of 103 objects. The second part of the chapter
describes experiments to evaluate the robustness of multidimensional receptive eld histograms to view point changes, using the Columbia image
database [2]. In this experiment we examine the performance of di erent
lter combinations, histogram matching functions and design parameter
of the multidimensional histograms.
1. Introduction

In [1] we generalized the color histogram approach of Swain and Ballard [3] to the
use of Multiple Receptive Field Histograms. The main idea of the approach is to
calculate a multi{dimensional histogram of the response of a vector of receptive
elds. An object in an image can be identi ed by matching the multi{dimensional
histogram from a region of the image with a histogram of the sample of the object. In
[1] we have shown that the technique can be used to identify objects in the presence
of image plane rotation and scale.
In the color histogram approach of Swain and Ballard [3] an object in an image
is identi ed by matching a color histogram from a region of the image with a color
histogram from a sample of the object. Their technique has been shown to be remarkably robust to changes in the object's orientation, changes of the scale of the object,
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partial occlusion or changes of the viewing position. Even changes in the shape of
an object do not necessarily degrade the performance of their method. However, the
major drawback of their method is its sensitivity to the color and intensity of the
light source and color of the object to be detected.
Several authors have improved the performance of the original color histogram
matching technique by introducing measures which are less sensitive to illumination
changes. For example, Funt and Finlayson [4] propose the use of derivatives of the
logarithms of the colors to provide color-constancy. Healey and Slater [5] have used
the moments of color histograms to improve robustness to light intensity changes.
Ennesser and Medioni [6, 7] have improved the performance to nd a particular
object in a dicult scene. Hunke, Schiele and Waibel [8, 9] have shown that normalizing the color vector by luminance provides a reliable means to detect skin color for
tracking human faces. They exploit the simplicity of the approach to design a system
for real{time tracking of human faces under varying conditions.
The color histogram approach is an attractive method for object recognition, because of its simplicity, speed and robustness. However, its reliance on object color
and (to a lesser degree) light source intensity make it inappropriate for many recognition problems. The focus of our work has been to develop a similar technique
using local descriptions of an object's shape provided by a vector of linear receptive
elds [1]. For the Swain and Ballard algorithm, it can be seen that robustness to
scale and rotation are provided by the use of color. Robustness to changes in viewing angle and to partial occlusion are due to the use of histogram matching. Thus it
is natural to exploit the power of histogram matching to perform recognition based
on histograms of local shape properties. The most general method to measure such
properties is the use of a vector of linear local neighborhood operations, or receptive
elds. In [1] we have compared sensitivity and recognition reliability for a variety
of local neighborhood operations. Throughout the chapter we will use only the most
successful functions.
A further advantage of the use of the histogram of receptive eld vectors for
recognition is that neither segmentation, nor an explicit geometric model of an object
is needed. An object class is described by the histogram of its local characteristics.
The experiments presented below and in [1] demonstrate that this technique can be
used to discriminate arbitrary objects at di erent scales and orientations.
This chapter has three parts: The rst part presents our generalization of the
color histogram method (section 2., see also [1]). In the second part (section 6.) we
give the results of an recognition experiment on a database of 103 objects. In the
third part of the chapter we examine the robustness of the approach under view point
changes. The experiments (section 7.) demonstrate that the technique is relatively
robust to view point changes (3D{rotation). The experiments also show that we can
use low resolution for each axis of a receptive eld histogram and still obtain high
recognition rates.
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2. Multidimensional Receptive Field Histograms

In [1] we did identify three main parameters of the multidimensional receptive eld
histogram approach:
 The choice of local property measurements or the receptive eld functions. In section 3. we will describe several local characteristics based on Gaussian derivatives,
which we use throughout the chapter.
 Measurement for the comparison of the histograms. In [1] we summarized that
2 and \intersection" are the most suitable comparison measurements. Section 4.
de nes them.
 Design parameter of the histograms: number of dimensions of the histogram (each
axis corresponds to one local property) and resolution of each axis (number of
bins per axis).
In this chapter we use only local characteristics based on Gaussian derivatives,
since they are equivariant to scale and image{plane rotation. Equivariant means that
they vary in a uniform manner which is represented by a translation in a parameter
space. We also describe two rotation invariant characteristics, namely the magnitude
of the rst Gaussian derivative and the Laplace operator.
As we saw in the experiments in [1], the comparison measurement determines the
separability between histograms. The two best measures (of the experiments in [1])
for the histogram comparison are introduced in section 4.. In the experiments (see
section 7.) we will examine the robustness of these comparison measurements under
view point changes.
The experiments described in this chapter examine the dependency of the robustness to 3D{rotation and the design parameter of the histograms. The design
parameters of the histograms determine the separability between the histograms of
di erent objects (especially the number of local characteristics, which determines
the number of dimensions of the histogram). An important parameter is the histogram quanti cation, of number of bins, which is used to represent each histogram
dimension. Reducing the number of bins results in an improvement of the stability of
the histogram with respect to noise, but also diminishes the discrimination between
objects.
3. Local characteristics

This section describes receptive eld functions which we use in the experiments
described below. These receptive eld functions are namely the rst Gaussian derivative, the magnitude and direction of the rst derivative and the Laplace operator.
We should mention that the approach is not restricted to local characteristics based
on Gaussian derivatives. Nevertheless we think that these characteristics are well
suited for the object recognition task, since they are equivariant (= steerable) to
scale and 2D{rotation.
The calculation of local properties can be divided into the local linear pointspread function, and the normalization function used during measurements of local

4

schiele and crowley

properties. As normalization function we are using the Energie normalization function, which is described in section 3.2.. This normalization has been shown to be the
most robust in the presence of additive Gaussian noise [1].
3.1. Local characteristics based on Gaussian derivatives

As stated in [1], it is desirable that local properties be equivariant to scale and
2D{rotation. In this chapter we are only using lters which are based on Gaussian
derivatives. As described above the approach can be used with any receptive eld
function (see [1] for further receptive eld functions as i.e. Gabor lter).
By using the Gaussian derivatives one can explicitly select the scale. This is
achieved by adapting the variance  of the derivative. Given the Gaussian distribution
G(x):
x2 +y2
G(x; y) = e? 22
(1)
the rst derivative in x{ and y{direction is given by:
(2)
Gx (x; y) = ? x2 G(x; y)
Gy (x; y) = ? y2 G(x; y)
(3)
Therefore the derivative in the direction v = (cos( ) sin( ))T is given by
@G = cos( )G (x; y) + sin( )G (x; y)
(4)
x
y
@~v
This property of the Gaussian derivative is known as \steerability" [10]. This
property can be used to calculate the rst derivative in any direction . In the following we will refer to the derivative in the direction as Dx and in the perpendicular
direction ? 90 as Dy.
The Magnitude and Direction of the rst derivative are calculated as:

q

Mag(x; y) = (Dx)2 + (Dy)2
Dy
Dir(x; y) = arctan Dx

The second order derivatives and the Laplace operator are calculated as:
2
Gxx (x; y) = ( x4 ? 12 )G(x; y)
2
Gyy (x; y) = ( y 4 ? 12 )G(x; y)
Lap(x; y) = Gxx(x; y) + Gyy (x; y)

(5)
(6)
(7)
(8)
(9)
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3.2. Normalization of the local characteristics by Energie

The e ects of variation in signal intensity can be removed by normalizing the inner product of a lter with a signal during convolution. Normalization should be
considered from at least two points of view. The rst point concerns how well the
normalized convolution behaves in the presence of additive noise (see experiments
in [1]). The second point concerns how the normalized convolution responds to variations in signal intensity due to di erences in ambient light intensity, aperture setting
or digitizer gain.
We have compared the robustness of no normalization to three forms of normalization: Normalization by MaxMin, Normalization by Energie and Normalization by
Variance (see [1]).

Imgene(x; y) = qPm;n

Pm;n
i;j =?m;?n Img (x + i; yq+ j )Mask (i; j )
Img(x + i; y + j )2 Pm;n
Mask(i; j )2

i;j =?m;?n

i;j =?m;?n

(10)

In the following sections we will use only Energy normalization (see formula
(10)) since it seems to be the most robust normalization for the considered lters in
respect to additive noise. The following section shows quite satisfactory results with
this normalization in the recognition experiments (see section 7.).
4. Histogram Comparison Measurements

For object recognition using receptive eld histograms we compare a histogram T
from a database to a newly observed histogram H . Possible similarity measures can
be drawn from signal processing as well as from statistics.
In [1] we concluded that the best measurements to compare histograms are the
\intersection"-measurement of Swain and Ballard and the 2 distance, which we will
introduce in the following.
4.1. 2 { test

The proper method proposed by mathematical statistics for the comparison of two
histograms is the 2{test. 2 is used here to calculate the \distance" between two
histograms. We have used two di erent calculations for 2 [11]: 2T is de ned, when
the theoretical distribution (here T ) is known exactly. Although we do not know
the theoretical distribution in the general case, we have found that 2T works well in
practice:
2
(11)
2T (H; T ) = i;j (H (i; jT) (?i; Tj )(i; j ))

The second calculation 2TH compares two real histograms. As we know from the
results of [1] the following 2TH gives more reliable results:
2
2TH (H; T ) = i;j (HH((i;i;jj))?+TT((i;i;jj)))
(12)
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4.2. Intersection

Swain and Ballard [3] used the following intersection value to compare two color{
histograms:

\(H; T ) = i;j min(H (i; j ); T (i; j ))

(13)
The advantage of this measurement is, that background pixels are explicitly neglected when they don't occur in the Model histogram T (i; j ). In their original work
they reported the need for a sparse distribution of the colors in the histogram in order
to be able to distinguish between di erent objects. Our experiments have veri ed
this requirement. Unfortunately, multidimensional receptive eld histograms are not
generally sparse, and a more sophisticated comparison measure is required.
5. Using Multidimensional Receptive Field Histograms for Object
Recognition

The rst part of this section de nes the object recognition task by the analysis
of the \degrees of freedom". The second part describes the use of multidimensional
receptive eld histograms for this object recognition task. This is followed by sections
6. and 7. which give experimental results of this approach.
5.1. Degrees of freedom within the object recognition task

Possible changes of the object's appearance must be considered in the object recognition task. Possible changes include:
 Rotation of the object (or the camera): we distinguish rotation in the image plane
(2D rotation) and arbitrary rotation (3D rotation)
 Changes in scale
 Translation of the object (or the camera)
 Partial occlusion of the object
 Light: intensity change and direction of the light source(s)
 Noise (noise of the camera, quantization noise, blur, : : : )
In our approach, changes in to scale and 2D rotation are handled by the use of
steerable lters [10, 12]. Therefore we will have only one image for one object and will
generalize from this image to all considered scales and 2D rotations (see experiments
in [1]).
In this chapter we do consider view point changes (3D{rotation). The experiments
described below examines the robustness of the approach to these rotations.
The histograms themselves are invariant with respect to translation of the image
or the object, since position information is completely removed. Furthermore the
histogram matching is relatively immune to minor occlusions. This was demonstrated
by Swain and Ballard in the original work on color histograms [3].
Signal intensity variations are accommodated by the use of energy normalized
convolution with robust lters such as Gabor lters and Gaussian derivatives.
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To test robustness in relation to noise we completed a series of experiments
with arti cial and real images, where we added Gaussian noise. The impact on the
histograms (measured with an appropriate distance measure) are shown in [1].
5.2. Application for Object Recognition

This section describes an illustration of the use of multidimensional receptive eld
histograms for object recognition. The system we describe is only an initial experiment to demonstrate the capabilities of the approach for object recognition. Further
investigation must be performed in the use the multidimensional receptive led histograms in a more thorough manner.
In this experimental version of the system, the database consists of histograms of
each object at a set of scales and 2D orientations. A new histogram of an observed
object is compared to each histogram of the database to nd the closest match.
6. Recognition example

This section describes a recognition experiment on an image database, in order to
show the applicability of the approach to object recognition. The image database
contains the histograms of 103 images of 103 objects. As test-set we used di erent
images of the same 103 object, where we introduced changes in the appearance of
the objects as scale-changes, image-plane rotation and view point changes.

Figure 1. 80 of the 103 objects in the recognition example

Figure 1 shows 80 objects of the 103 used objects. 20 of the remaining objects
are taken from the Columbia image database ( gure 2). For each of these objects we
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calculated the Mag-Lap histogram and compared these histograms to the histogram
of each image of a test-set of the same 103 objects. The images of the test-set are
taken under di erent conditions as the database images: 20 view point change for
20 objects, 20 image plane rotation for 22 objects, 15% scale change for 30 objects
and the remaining 31 objects are taken under approximately the same condition.
Table 1 shows a recognition rate of 97% for the intersection measurement and a
99% recognition rate for the 2TH measurement. This results show the ability of the
approach to recognize objects even under quite di erent conditions.
measure recognition
\(H; T )
97.1
2T (H; T ) 96.1
2TH (H; T ) 99
Table 1. Recognition results on a database of 103 objects under di erent
condition (15% scale change, 20 view point change and 20 image plane
rotation)

Table 2 shows recognition results of the same 103 objects but with more important changes between the test-set and the database: 40 view point change for 20
objects, 40 image plane rotation for 22 objects, 30% scale change for 30 objects and
approximately the same condition for the remaining 31 objects. As we can see the
recognition rates for 2TH is still 92.3% which indicates the robustness of this measurement to changes in scale, view point and image plane rotation. The intersection
measurement also gives a high recognition rate of 87.4%, even though not as good
as the two 2 measurements.
measure recognition
\(H; T )
87.4
2T (H; T ) 91.3
2TH (H; T ) 92.3
Table 2. Recognition results on a database of 103 objects under di erent
condition (30% scale change, 40 view point change and 40 image plane
rotation)
7. Experimental evaluation of robustness under 3D{rotation

This section describes experiments with the Columbia database [2] which can be seen
as a benchmark for object recognition. Since this database contains 20 objects, each
at 72 di erent viewing angles, we used this database to examine the robustness of
the multidimensional receptive eld histogram approach to view point changes (3D{
rotation): in this experiment we examine the in uence of the histogram comparison
measurements 2TH and intersection, the in uence of the resolution per histogram
axis and the number of dimensions of the histograms.
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Throughout this section we are using the following abbreviations to refer to particular combinations of lter (and the corresponding multidimensional histogram,
where each axis of such a histogram corresponds to one lter):
 Dx-Dy-Lap : rst derivative in x{ and y{direction and Laplace operator (this is
the only three dimensional histogram used in the experiments of this chapter)
 Dx-Dy : rst derivative in x{ and y{direction (2D{histogram)
 Mag-Dir : magnitude and direction of the rst derivative (2D{histogram)
 Mag-Lap : magnitude of the rst derivative and Laplace operator (2D{histogram).
Mag-Lap is the only 2D{rotation invariant lter pair in the experiments.
7.1. Robustness to view point changes { The Columbia database

The Columbia database can be seen as a benchmark for object recognition algorithm.
This database has been created and successfully used by Murase and Nayar [2].
Also Rao and Ballard [13] database. All authors obtained 100% recognition rate. In
the experiments described below we obtain also 100% recognition rate. Since the
Columbia image database contains objects under controlled view point changes, we
will use this database in this section to examine experimentally the robustness of our
approach to view point changes.

Figure 2. The 20 objects of the Columbia database

Figure 3. 9 of the 72 3D-rotations of one object of the Columbia database

The Columbia database contains 20 objects (see gure 2) seen from 72 di erent
view angels, where each is 5 apart from the following (see gure 3). Therefore the
database contains 20  72 = 1440 images. Typically the half of these images is used
as database (or learning set) and the remaining half as test set. Therefore the angle
between the images in the database is  = 10.
In the experiment described in this section we varied this angle:  = 10; 15;
20 ; 30 ; 40 ; 45 ; 60 ; 90 . Doing so we examine the robustness of the approach to
view point changes. Besides  we varied the following parameter of the approach:
 resolution of each histogram axis
 we use four lter combinations (Dx-Dy-Lap, Dx-Dy, Mag-Dir, Mag-Lap)
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 histogram comparison measurement (2TH and intersection)
Resolution  Dx-Dy Mag-Dir Mag-Lap Dx-Dy-Lap
64 1:5 100 99.72 99.72
32 1:5 100 99.72 99.86
16 1:5 100 99.31 99.72
100
8
1:5 99.72 98.47 98.06
100
4
1:5 99.31 94.17 81.67
99.31
2
1:5 77.5 29.86 32.5
94.86
Table 3. 2TH for 3D-rotation
Resolution  Dx-Dy Mag-Dir Mag-Lap Dx-Dy-Lap
64 1:5 100 99.72 99.58
32 1:5 100 99.72 99.31
16 1:5 99.86 99.58 98.33
100
8
1:5 99.44 97.78 90.14
99.72
4
1:5 93.19 84.31 63.19
96.53
2
1:5 75.14 29.58 32.22
93.47
Table 4. Intersection for 3D-rotation
Columbia database: chi-square

Columbia database: intersection
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64

2
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Figure 4. Columbia database: dependency of the recognition rate from the
resolution of the histograms. Left: 2TH . Right: intersection

32

Table 3 and table 4 show results for di erent lters and di erent resolution
( = 10 constant). Table 3 gives results with 2TH and table 4 gives results with
intersection as comparison measurement. Figure 4 visualizes these results. In this
experiment we can observe slightly higher recognition rates for 2TH than for intersection. Secondly a resolution of 8 for Dx-Dy-Lap and a resolution of 16 for Dx-Dy
is sucient to get a recognition rate of 100%.
The most interesting observation in table 3 and table 4 is that the 3D histogram
Dx-Dy-Lap always gives higher recognition rates than the 2D histograms, the more

64
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signi cant the lower the resolution. This results in a recognition rate of 94.86% for
the 3D histogram Dx-Dy-Lap with a resolution of 2 cells per histogram axis (which
corresponds to only 8 cells for the whole 3D histogram). This result indicates that the
adding of independent dimensions (as the Lap-dimension) to the histogram increases
the ability to discriminate between objects.
Columbia database: chi-square

Columbia database: intersection
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Figure 5. Columbia database: The 2D histogram Dx-Dy. Relation
between recognition rate and  (see text).
Columbia database: chi-square

Columbia database: intersection
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Figure 6. Columbia database: The 2D histogram Mag-Dir. Relation
between recognition rate and  (see text).
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The gures 5 through 8 show recognition rates depending on  , the resolution
and the di erent lter combinations. The performance of the di erent 2D histograms
is very similar (one can rank Dx-Dy rst, Mag-Dir second and Mag-Lap third).
On the other hand the 3D histogram Dx-Dy-Lap gives high recognition rates even
for large  and low resolutions. Therefore we think we will achieve even higher
recognition rates by adding dimensions to the histograms. The increase of memory
can be probably compensated by the decrease of the resolution.
In these gures 5 through 8 we can observe a graceful degradation of the recognition rate, which indicates the desired robustness of the approach to view point
changes.
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Columbia database: chi-square

Columbia database: intersection
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Figure 7. Columbia database: The 2D histogram Mag-Lap. Relation
between recognition rate and  (see text).
Columbia database: chi-square

Columbia database: intersection
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Figure 8. Columbia database: The 3D histogram Dx-Dy-Lap. Relation
between recognition rate and  (see text).
8. Conclusion

In [1] we have shown how the color histogram matching technique of Swain and
Ballard can be generalized to use vectors of local image properties measured by
normalized convolution with local receptive elds. We have found that this technique
present a fast and robust method to determine if a speci ed object is present in an
image of a scene. This method can be used with any local lter as i.e. Gaussian
derivatives and Gabor lters.
In the present chapter we have demonstrated that the approach is relatively robust
to view point changes (graceful degradation of the recognition rates). The approach
can be made more robust by increasing the number of dimensions of the histograms.
We also showed that the performance of the approach is still high even with a small
number of bins per histogram axis. Therefore the increase of memory for multiple
dimensions can be compensated by the decrease of the bins per axis. Our experiments
have also demonstrated that the 2 test provides the best ability to discriminate
between objects.
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