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Abstract

The aim of this work is the evaluation of different multi-scale filter banks,
mainly based on oriented Gaussian derivatives and Gabor functions, to be used
in the generation of robust features for visual object categorization. In or-
der to combine the responses obtained from several spatial scales, we use the
biologically inspired HMAX model [1]. We have tested the different sets of fea-
tures on the challenging Caltech 101-object categories database, and we have
performed the categorizarion procedure with AdaBoost, Support Vector Ma-
chine and JointBoosting classifiers. Features based on second order Gaussian
derivatives, combined with JointBoosting classifiers, achieve a 46.3% correct
classification rate over the Caltech-101 database.

Keywords: object categorization, feature extraction, filter banks, Gaussian deriva-
tives, Gabor.

1 Introduction

The Marr‘s theory [2] supports that in the early stages of the vision process, there are
cells that respond to stimulus of primitive shapes, such as corners, edges, bars, etc.
Young [3] models these cells by using Gaussian derivative functions. Riesenhuber &
Poggio [1] propose a model for simulating the behavior of the Human Visual System
(HVS), at the early stages of vision process. This model, named HMAX, generates
features that exhibit interesting invariance properties (illumination, position, scale
and rotation). More recently, Serre et al. [4], based on HMAX, propose a new
model for image categorization adding to the HMAX model a learning step and
changing the original Gaussian filter bank by a Gabor filter bank. They argue that
the Gabor filter is much more suitable in order to detect local features. Nevertheless
no experimental support has been given.

Different local feature based approaches are used in the field of object categoriza-
tion in images. Serre et al. [4] use local features based on filter responses to describe



objects, achieving a high performance in the problem of object categorization. On
the other hand, different approaches using grey-scale image patches, extracted from
regions of interest, to represent parts of objects has been suggested, Fei-Fei et al.
[5], Agarwal et al. [6], Leibe [7]. But, at the moment, there is not a clear advantage
from any of these approaches. However, the non-parametric and simple approach
followed by Serre et al. [4] in his learning step suggests that a lot of discriminative
information can be learnt from the output of filter banks. Computing anisotropic
Gabor features is a heavy task that only is justified if the experimental results show
a clear advantage on any other type of filter bank.

The aim of this work is to carry out an experimental study in order to propose a
new set of simpler filter banks, comparing the local features based on a Gabor filter
banks with the ones based on Gaussian derivative filter banks. These features will
be applied to the object categorization problem.

In section 2 of this paper, we review the use of Gaussian functions as local
descriptors. In section 3, we introduce the proposed filter banks for object catego-
rization. In section 4, we describe the experiments and present the experimental
results. And finally, in section 5, we present the summary and our conclusions.

2 Using filters to describe images

Koenderink et al. [8] propose a methodology to analyze the local geometry of the
images, based on the Gaussian function and its derivatives. Several optimization
methods are available to perform efficient filtering with those functions [9, 10, 11].
Furthermore, steerable filters [12, 13] (oriented filters whose response can be com-
puted as linear combination of other responses) can be defined based on Gaussian
functions.

Yokono & Poggio [14] show, empirically, the excellent performance achieved by
features created with filters based on Gaussian functions, applied to the problem of
object recognition. In other published works, as Varma et al. [15], Gaussian filter
banks are used to describe textures.

Our goal is to evaluate the capability of different filter banks, based on Gaussian
functions, for encoding information usable for object categorization. We will use the
biologically inspired HMAX model to combine responses of filters at different scales.
In particular, HMAX consists of 4 types of features: S1, C1, S2 and C2. S1 features
are the lowest level features, and they are computed as filter responses, grouped into
scales; C1 features are obtained by combining pairs of S1 scales with the maximum
operation; and, finally, C2 are the higher-level features, which are computed as the



maximum value of S2 from all the positions and scales. Where S2 features 1 measure
how good is the matching of one C1 feature in a target image.

3 Our proposed multi-scale filter banks

Due to the existence of a large amount of works based on Gaussian filters, we
propose to use, in the first level of the HMAX method, filter banks compound by
the Gaussian function and its oriented derivatives.

The functions used in this work are defined by the following equations:
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d) Laplacian of Gaussian:
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In order to improve the information provided by the features, we propose to
include, in the lowest level, the responses of the Forstner operator [16], used to
detect regions of interest. For each image point, we can compute a q value, in the
range [0, 1], by using equation 6.

N(x, y) =

∫

W

M(x, y)dxdy ≈ ΣMi,j (5)

q = 1 −

(

λ1 − λ2

λ1 + λ2

)2

=
4detN

(trN)2
(6)

1Let Pi and X be patches, of identical dimensions, extracted at C1 level from different images,
then, S2 is defined as: S2(Pi, X) = exp(−γ · ‖X − Pi‖

2), where γ is a tunable parameter.



Figure 1: Sample filter banks. From top to bottom: Viola, Gabor, first derivative
of Gaussian with a zero-order Gaussian, and second derivative of Gaussian with a
Laplacian of Gaussian. Orientations: 0, 45, 90 and 135

Where M is the moments matrix and W is the neighborhood of the considered
point (x, y).

We will compare our proposed filter banks with the filter banks based on Gabor
functions (as defined in [4]). On the other hand, Viola and Jones, in their fast
object detector [17] use filters, which are simplified versions of first and second order
Gaussian derivative filters, to extract local features. Since those filters achieve very
good results and are computable in a very efficient way, we will include them in our
comparison.

Figure 1 shows sample filter banks: Viola, Gabor, first order Gaussian derivatives
with an isotropic zero-order Gaussian, and second order Gaussian derivatives with
an isotropic Laplacian of Gaussian.

4 Experiments

We have chosen the Caltech 101-object categories 2 to perform the experiments.
This database has become, nearly, the standard database for object categorization.
It contains images of objects grouped into 101 categories, plus a background category
commonly used as the negative set. This is a very challenging database because the
objects are embedded in cluttered backgrounds and have different scales and poses.
Figure 2 shows some sample images drawn from diverse categories of this database.
In order to make a robust comparison, we have discarded the 15 categories that
contains less than 40 samples. All the images were normalized in size, so that the

2The Caltech-101 database is available at http://www.vision.caltech.edu/



Figure 2: Samples from diverse categories of the Caltech-101 database.

longer side had 140 pixels and the other side was proportional, to preserve the aspect
ratio.

4.1 Multi-scale filter banks evaluation

We will compute biologically inspired features based on different filter banks. For
each feature set, we will train binary classifiers for testing the presence or absence
of objects in images from a particular category. The set of the negative samples
is compound by images of all categories but the current one, plus images from the
background category. This strategy differs from the classic one, where the negative
set is compound only by background images, because we are interested in studying
the capability of the features to distinguish between different categories, and not
only in distinguishing foreground from background.

The eight filter banks defined for this experiment are the following:

(1) Viola (2 edge filters, 1 bar filter and 1 special diagonal filter);
(2) Gabor (as [4]);
(3) anisotropic first-order Gaussian derivative;
(4) anisotropic second-order Gaussian derivative;
(5) (3) with an isotropic zero-order Gaussian;
(6) (3) with a Laplacian of Gaussian and Forstner operator;
(7) (3), (4) with a zero order Gaussian, Laplacian of Gaussian and Forstner op;
(8) (4) with Forstner operator.



The Gabor filter and the anisotropic first and second order Gaussian derivatives
(with aspect-ratio equals 0.25) are oriented at 0, 45, 90 and 135. All the filter banks
contain 16 scales (as [4]).

The standard deviation used for the Gaussian-based filter banks is equal to a
quarter of the filter-mask size. Table 1 shows the value of the parameters for the
filter banks, where FS is the size (in pixels) of the 16 mask-filters and σ is the related
standard deviation of the functions.

FS 7 9 11 13 15 17 19 21

σ 1.75 2.25 2.75 3.25 3.75 4.25 4.75 5.25

FS 23 25 27 29 31 33 35 37

σ 5.75 6.25 6.75 7.25 7.75 8.25 8.75 9.25

Table 1: Filter mask size (FS ) and filter width (σ) for Gaussian-based filter banks.

In these filter banks we have combined linear filters (Gaussian derivatives of
different orders) and non-linear filters (Forstner operator), in order to study if the
mixture of information of diverse nature enhances the quality of the features.

We will generate features (named C2) following the HMAX method and using
the same empirical tuned parameters proposed by Serre et al. in [4]. The evaluation
of the filters will be done following a strategy similar to the one used in [5]. From one
single category, we draw 30 random samples for training, and 50 different samples
for test, or less (the remaining ones) if there are not enough in the set. The training
and test negative set are both compound by 50 samples, randomly chosen following
the strategy previously explained. For each category and for each filter bank we will
repeat 10 times the experiment.

Results During the patch 3 extraction process, we have always taken the patches
from a set of prefixed positions in the images. Thereby, the comparison is straight-
forward for all filter banks. We have decided, empirically (fig. 3), to use 300 patches
(features) per category and filter bank. If those 300 patches were selected (from a
huge pool) for each individual case, the individual performances would be better,
but the comparison would be unfair.

In order to avoid a possible dependence between the features and the type of
classifier used, we have trained and tested, for each repetition, two different classi-
fiers: AdaBoost (with decision stumps) [18] and Support Vector Machine (linear)

3In this context, a patch is a piece of a filtered image, extracted from a particular scale. It is
three dimensional: for each point of the patch, it contains the responses of all the different filters,
for a single scale.
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Figure 3: Evolution of performance versus number of patches. Evaluated on five
sample categories (faces, motorbikes, car-side, watch, leopards), by using three dif-
ferent filter banks: Gabor, first order Gaussian derivative and second order Gaussian
derivative. About 300 patches, the achieved performance is nearly steady.

[19].

For training the AdaBoost classifiers, we have set two stop conditions: a max-
imum of 300 iterations (as many as features), or a training error rate lower than
10−6. On the other hand, for training the SVM classifiers, we have selected the
parameters through a cross-validation procedure.

The results obtained for each filter bank, from the classification process, are
summarized in table 2. For each filter bank, we have computed the average of the
all classification ratios, achieved for all the picked out categories, and the average
of the confidence intervals (of the means). The top row refers to AdaBoost and
the botton row refers to Support Vector Machine. The performance is measured at
equilibrium-point (when the miss-ratio equals the false positive ratio).

- Viola Gabor FB-3 FB-4 FB-5 FB-6 FB-7 FB-8

AdaB 78.4 , 4.3 81.4 , 3.9 81.2, 3.9 81.4 , 4.2 81.9 , 3.3 77.9 , 4.5 80.3 , 4.3 78.1, 4.0

SVM 84.2 , 2.3 85.5 , 2.5 84.1 , 3.6 86.0 , 3.3 84.1 , 3.0 82.6 , 2.7 82.8 , 2.4 82.7, 2.6

Table 2: Results of classification using different filter banks: averaged performance
and averaged confidence intervals. First row: AdaBoost. Second row: SVM linear.

Figure 4 shows the averaged performance achieved, for the different filter banks,



by using AdaBoost and SVM. In general, by using this kind of features, SVM out-
performs AdaBoost.
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Figure 4: Comparing the filter banks with AdaBoost and SVM classifiers. From
left to right: (1) Viola, (2) Gabor, (3) 1st deriv., (4) 2nd deriv, (5) 1st deriv. with
0 order, (6) 1st deriv. with LoG and Forstner op., (7) G0, 1oGD, 2oGD, LoG,
Forstner, (8) 2oGD and Forstner.

If we focus on table 2, we see that the averaged performances are very simi-
lar. Also, the averaged confidence intervals are overlapped. If we pay attention
only at the averaged performance, the filter bank based on second order Gaussian
derivatives, stands out slightly from the others.

So, our conclusion for this experiment is that Gaussian filter banks represent a
clear advantage in comparison to the Gabor filter bank. It is much better in terms
of computational burden and is slightly better in terms of categorization efficacy.
However, depending on the target category, one filter bank may be more suitable
than other.

4.2 Multicategorization

In this experiment, we deal with the problem of multicategorization on the full
Caltech 101-object categories, included the background category. The training set
is compound by the mixture of 30 random samples drawn from each category, and
the test set is compound by the mixture of 50 different samples drawn from each
category (or the remaining, if it is less than 50). Each sample is enconded by using
4075 patches [4], randomly extracted from the full training set. These features are



computed by using the oriented second order Gaussian derivative filter bank.

In order to perform the categorization process, we will use a Joint Boosting
classifier, proposed by Torralba et al. [20]. Joint Boosting trains, simultaneously,
several binary classfiers which share features between them, improving this way the
global performance of the classification.

Under these conditions, we have achieved an average 46.3% of global correct
categorization (chance is below 1% for this database), where more than 40 categories
are over 50% of correct categorization. By using only 2500 features, the performance
is about 44% (fig. 5.c). On the other hand, if we use 15 samples per category for
training, we achieve a 39.5% rate. Figure 5 shows the confusion matrix for the 101
categories plus background (by using 4075 features and 30 samples per category).
For each row, the highest value should belong to the diagonal.

Other results on this database, using diverse technics, are: Serre 42% [4], Holub
40.1% [21], Grauman 43% [22], and, the best result up to our knowledge, Berg 48%
[23].

Figure 5.b shows the histogram of the individual performances achieved for the
101 object categories, in the multiclass task. Note, that only 6 categories shows a
performance lower than 10%, and 17 categories are over 70%.

In figure 5.c, we can see the evolution of the test performance, depending on
the number of patches used for encode the samples. With only 500 patches, the
performance is about 31%. If we use 2500 patches, the performance increases up to
44%.

Figure 5.d shows how the training error evolves, yielded by the Joint-Boosting
classifier, over the 101-object categories. The error decreases with the number of
iterations following a logarithmic behavior.

Figure 6.a shows how the first 50 features selected by JointBoosting, for the
joint categorization of the 101 categories, are shared between the 102 categories
(background is included as a category). The rows represent the features and the
columns are the categories. A black-filled cell means that the feature is used to
represent the category.

Figure 6.b shows the first four features selected by JointBoosting, for the joint
categorization of the 101 object categories. The size of the first patch is 4x4 (with
4 orientations), and the size of the others is 8x8 (with 4 orientations).

In table 3, we show which categories share the first 10 selected patches. Three
of the features are used only by one single category.
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Figure 5: 101 object categories learnt with 30 samples per category and JointBoost-
ing classifier. (a) Confusion matrix for 101-objects plus background class. Global
performance is over 46%. (b) Histogram of individual performances. (c) Global test
performance vs Number of features. (d) Training error yielded by Joint Boosting.
Y-axis: logarithmic.



# Feature Shared-Categories

1 yin yang

2 car side

3 pagoda, accordion

4 airplanes , wrench , ferry , car side , stapler , euphonium , mayfly , scissors ,

dollar bill , mandolin , ceiling fan , crocodile , dolphin

5 dollar bill, airplanes

6 trilobite , pagoda , minaret , cellphone , accordion

7 metronome , schooner , ketch , chandelier , scissors , binocular , dragonfly , lamp

8 Faces easy

9 inline skate , laptop , buddha , grand piano , schooner , panda , octopus , bonsai ,

snoopy , pyramid , brontosaurus , background , gramophone , metronome

10 scissors , headphone , accordion , yin yang , saxophone , windsor chair , stop sign ,

flamingo head , brontosaurus , dalmatian , butterfly , chandelier , binocular ,

cellphone , octopus , dragonfly , Faces , wrench

Table 3: First 10 shared features by categories.

4.2.1 Caltech selected categories database.

In this section, we focus on a subset of the Caltech categories: motorbikes, faces,
airplanes, leopards and car-side.

The filter bank used for these experiments is based on second order Gaussian
derivatives, and its parameters are the same ones than in the previous sections. 2000
patches have been used to encode the samples.

Experiment 1 We have trained JointBoosting classifiers with an increasing num-
ber of samples (drawn at random), and tested with all the remaining ones. Figure
7 shows how the mean test performance, for 10 repetitions, evolves according to
the number of samples (per category) used for training. On the left, we show the
performance achieved when 4 categories are involved, and, on the right, when 5
categories are involved. With only 50 samples, these results are already comparable
to the ones shown in [21].

Experiment 2 By using 4-fold cross-validation (3 parts for training and 1 for
test), we have evaluated the performance of the JointBoosting classifier applied to
the Caltech selected categories. The experiment is carried out with the 4 categories
used in [24, 21] (all but car-side), and, also, with the five selected categories. Table
4 and table 5 contains, respectively, the confusion matrix for the categorization
of the four and five categories. In both cases, individual performances (values of
the diagonal) are greater than 97%, and the greater confusion-error is found when
airplanes are classified as motorbikes. It is curious that the individual performances
are slightly better for the 5-categories case.
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Figure 6: 101 object categories. (a) Left: first 50 shared features selected by Joint-
Boosting. (b) Right: the first 4 features, selected by JointBoosting.

- Motorbikes Faces airplanes Leopards

Motorbikes 99.75 0.13 0.13 0

Faces 1.38 98.62 0 0

Airplanes 2.38 0 97.50 0.13

Leopards 0.50 0.50 0 99.00

Table 4: Caltech selected (as [24]). Mean performance from 4-fold cross-validation.

4.3 Towards the universal visual codebook

The goal of this experiment is to evaluate the capability of generalization of the
features generated with HMAX and the proposed filter banks. In particular, we
wonder if we could learn a category, without using patches extracted from samples
belonging to it. For this experiment we will use the Caltech-7 database (faces,
motorbikes, airplanes, leopards, cars rear, leaves and cars side), used in other papers
[24]. Each category is randomly split into two separated sets of equal size, the
training and test sets. For each instance of this experiment, we extract patches from
all the categories but one, and we focus our attention on what happens with that
category.

We have extracted 285 patches from each category, therefore each sample is
encoded with 1710 (285 × 6) patches. We train a Joint Boosting classifier with
the features extracted from 6 categories and test over the 7 categories. We repeat
the procedure 10 times for each excluded category. The filter bank used for this
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Figure 7: Performance versus number of training samples, in multicategorization
environment. Left: 4 categories. Right: 5 categories.

- Motorbikes Faces airplanes Leopards Car side

Motorbikes 99.87 0.13 0 0 0

Faces 1.15 98.85 0 0 0

Airplanes 2.00 0 98.00 0 0

Leopards 0.50 0.50 0 99.00 0

Car side 0.81 0 0 0.81 98.37

Table 5: Caltech selected (5 categories). Mean performance from 4-fold cross-
validation.

experiment is compound by 4 oriented first order Gaussian derivatives, plus an
isotropic Laplacian of Gaussian.

Table 6 shows the mean global multicategorization performance, and the indi-
vidual performance, achieved for each excluded category. We can see that all the
global results are near the 95% of correct categorization. These results suggest that
there are features that are shared between categories in a ’natural’ way, and hence
it encourages the search for the universal visual codebook, proposed in some works
[4].

5 Summary and discussion

An experimental study has been carried out in order to compare the performance
of different filter banks for the object categorization problem. We have generated
multi-scale features with eight proposed filter banks, which have been used to learn
the object categories included in the challenging Caltech-101 database. The re-



No-face No-moto No-airp No-leop No-car rear No-leav No-car side

Global 94.7 93.7 94.8 96.8 95.9 95 93.5

Individual 98.7 96.9 96.5 94.0 88.9 91.4 88.5

Table 6: Categorization by using non-specific features. First row shows the mean
global performance (all categories) and, the second row shows the individual per-
formance (just the excluded category). It seems that the car rear and car side
categories need their own features to represent them in a better way.

sults show that the local features generated with filter banks based on Gaussian
derivatives, achieve an excellent performance in the object categorization problem
compared to the Gabor-based features. In fact, the results provided in the task
of multicategorization on the Caltech-101, combined with JointBoosting classifiers,
are very competitive compared to the state-of-the-art. However, we think that it
is necessary to study alternative options, other than including more filter banks, to
improve the achieved performance. On the other hand, we have noticed that Sup-
port Vector Machine classifiers, on average, works better than AdaBoost with this
kind of features.

As a result, we can say that the trend of building large pools of visual features,
to be shared between different object categories, seems a promising way to deal with
the problem of general object categorization.
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