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Abstract

This paper presents a powerful framework for generic ohjecbgnition. Boosting is used as an underlying
learning technique. For the rst time a combination of vasoweak classi ers of different types of descriptors
is used, which slightly increases the classi cation redult dramatically improves the stability of a classier.
Besides applying well known techniques to extract saliegians we also present a new segmentation method -
“Similarity-Measure-Segmentation”. This approach dalésr segments, which can consist of several disconnected
parts. This turns out to be a mighty description of local &nity. With regard to the task of object categorization,
Similarity-Measure-Segmentation performs equal or beattan current state-of-the-art segmentation techniques.
In contrast to previous solutions we aim at handling of campbbjects appearing in highly cluttered images.
Therefore we have set up a database containing images witletfuired complexity. On these images we obtain
very good classi cation results of up 8/% ROC-equal error rate. Focusing the performance on commiabases
for object recognition our approach outperforms all corape solutions.

Index Terms

Adaboost, cognitive vision, object categorization, objecalization.

. INTRODUCTION

ENERIC object recognition is a dif cult computer vision prein. Although various solutions exist
for solving the recognition problem on common datasetsthalte datasets have limitations. These

limitations lower their complexity and make them differ imathe idea of being really generic. Focusing
on the generic case means: Considering datasets contamiages with highly cluttered background.
Also the images should show various arbitrary instancehefdbject category. This addresses two of
the main problems faced by a visual categorization or reitiognsystem: First, the dif culty of high
intra class variability. And second, the need for geneasitim across variations in the appearances of
objects of the same category. Different images of persarseXample, can change in various aspects.
They can represent different persons. Also the appearaneach particular person will change because
of various imaging parameters, like viewpoint, distancélomination. A vision system faces the task of
categorizing an unseen view of a known object. Or even cataga new unknown instance of a certain
category. A system must solve this problem using the leaax@eérience to categorize the novel image.
Another dif culty for learning an object category is the nedlly high demand of supervision. It is hard
for arti cial vision systems to

Learning an object category from images with high backgdoalutter, where the objects occur any-
where in the image is hard for arti cial vision systems. Ugia pile of images with persons and another
pile without persons it should be obvious for the system vigalhe object of interest in these sets. This
extraction of relevant information is naturally for humalmst not for arti cial vision systems. Facing
these aspects, the human cognitive recognition systempswerful, that comparable results in computer
vision are hard to achieve. Humans learn somehow the widetrsipe of possible intra class variability
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from experience. Hence object categorization is more cexfar arti cial systems than speci ¢ object
recognition.

It is obvious that the less constraints an approach need®olfg@ct appearance, background clutter,
partial occlusion) to achieve acceptable results, the rgereric it becomes. Each object category might
have its speci c description which represents it optimal§onsequently using one kind of model or
representation for all object categories would hardly l&aeé generic solution. This brings up the idea
of combining various representations of objects to form aege classi er for each category.

In this article we present a powerful framework for genebgect recognition. It is based on an approach
for learning objects in still images which allows the use ekible and extendible sets of descriptions
of objects and object categories. Objects should be rezednéven if they appear at different scales,
shown from different perspective views on highly texturetthkgrounds. The images are represented by
salient regions described by various invariant descmpiieethods. Our new learning method is based on
Boosting [12].

After a discussion of related work in section I, sectiongives a detailed overview of our approach and
explains our dataset and the difference to existing datsbds section IV we present the various methods
of region detection used in our framework focusing on the i&milarity-Measure-Segmentation. The
local descriptors of these regions are presented in sebtitollowed by our general learning approach
described in detail in section VI. The combination of vasdinds of description vectors in the learning
procedure is also shown in this section. Section VIl degsritur experimental setup, presents experimental
results and compares them with other approaches for olgeognition. Section VIl concludes with a
discussion and an outlook on further extensions.

II. RELATED WORK

Taking a closer look at the extensive body of literature ofectbrecognition each approach has its
speci ¢ limitations. In general, common approaches usegendatabases which show the object of interest
at prominent scales and with only little variation in poseg(d8], [2]). Others pre-segment the object
manually (e.g. [7], [34]) to reduce complexity. Subseqlyenwe discuss some of the most relevant and
most recent results related to our approach and point outitfeeences to our method. One main extension
of our approach to the existing solutions is that we do nofjusteone technique of information extraction,
but a combination of various methods.

Boosting was successfully used by Viola and Jones [35] ag#raihg ingredient for a fast face detector.
The weak hypotheses were the thresholded average brigbses collections of up to four rectangular
regions. In our approach we experiment with much largerafefisatures to be able to perform recognition
of a wider class of objects on more complicated images. Sdamaan and Kanade [31] also use Boosting
to improve an already complex classi er. Contrary to them,aneusing Boosting to combine rather simple
classi ers by selecting the most discriminative featurddditionally, they undertake rather speci c object
recognition as they train each object from different viemps

Also a wide variety of other learning techniques has beed tseolve the task of object recognition.
For example, Agarwal and Roth [2] use Winnow as the underl@agning algorithm for the recognition
of cars from side views. For this purpose, images are reptedeas binary feature vectors. The bits of
such a feature vector can be seen as the result of weak dessone weak classi er for each position in
the binary vector. For learning, it is required that the otiipf all weak classi ers is calculated a priori. In
contrast, Boosting only needs to nd the few weak classi efisioh actually appear in the nal classi er.
This substantially speeds up learning, if the space of wéadscers carries a structure which allows the
ef cient search for discriminative weak classi ers. A sitepexample is a weak classi er which compares
a real valued feature against a threshold. For Winnow, orekwkassi er needs to be calculated for each
possible threshold a pridti whereas for Boosting the optimal threshold can be detednafeiently

IMore ef cient techniques for Winnow like using virtual threshold gate$][fo not improve the situation much.
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when needed. To obtain their classi cation results, Agdrard Roth crop out the object manually to
reduce complexity.

Walraven et al. [36] use Support Vector Machines combingt Weical features for object recognition.
But they perform a rather speci c recognition task on imagel®wer complexity without any background
clutter.

A different approach to object class recognition is preserty Fergus et al. [8]. The authors use
a generative probabilistic model for objects built as celfations of parts. Using an EM-type learning
algorithm a very good recognition performance is achieVéey extend their constellation model in [9] to
include heterogenous parts. The parts and their consbeléatan now be learned without supervision and
from cluttered images. We use a model-free approach andgeopoosting as a very different learning
algorithm compared with EM.

Another object recognition approach was introduced by Doakd Schmid [7]. It is based on the
construction and selection of scale-invariant object arhese parts are subsequently used to learn a
classi er. The authors show a robust detection under sda@ges and variations in viewing conditions,
but in contrast to our approach, the objects of interest amaually pre-segmented. This dramatically
reduces the complexity of distinguishing between releymtthes on the objects and background clutter.

Ferrari et al. [10] present an approach where object retiognivorks even if aggravating factors like
background clutter, scale variations or occlusion are &#ryng. Based on a model of a speci ¢ object,
an iterative approach is applied. Starting with a smalliahiset of corresponding features good results
are obtained. While this work presents a powerful conceptnoiterative “active exploration” approach,
it is based on a model for a speci c object which is learnedrfroon-cluttered representations of the
object. Furthermore, this approach seems to be restriotegeci c object recognition.

A new possibility of describing objects for categorizatianintroduced by Thureson and Carlsson
in [34]. It is based on histograms of qualitative shape iadicThese indices are calculated from the
combinations of triplets of location and gradient direotoof the samples. The object categories are
represented by a set of representation images. Each neve imaggitegorized for that region where the
inner product of the representation vectors is smallesis &pproach is based on a matching of image
representations, whereas we compute a classi er from alkithining images. This solution also requires
a manual pre-segmentation of the relevant object to redaoglexity.

Carbonetto et al. [4] present an approach for contextuakbbgeognition based on a segmented image.
They attach labels to image regions and learn a model ofadpatationships between them. We also use
image representations by means of segments. But with our Ifregesolution we can cope with more
complex images.

[11. M ETHOD AND DATA

To learn a category, the learning algorithm is provided watrset of labeled training images. A
positive label indicates that a relevant object appearfénitage. The objects are not pre-segmented,
the location in the image and the viewpoint are unknown. At the learning algorithm delivers a
nal classi er (further on also called “ nal hypothesis”) hich predicts if a relevant object is present in a
new image. Having such a classi er, the localization of tlgect in the image should be straightforward.
The learning procedure in our framework (see gure 1) worksfalows: The labeled images are put
through a preprocessing step that transforms them to gakeysthen two kinds of regions are detected.
On one hand regions of discontinuity are extracted. Thesegaadratic regions around salient points,
extracted with various existing methods. On the other haedewtract regions of homogeneity which
are obtained by using two different image segmentation atsthwe compare the well known Mean-
Shift-Segmentation [6] with Similarity-Measure-Segnagiin. This new segmentation method allows
the segmentation of non-connected regions and performallgagor better than several other methods
with respect to object recognition in our experiments. Ie tiext step, we calculate local descriptors
of regions of discontinuity and homogeneity. Having vasiadescriptions of the content of an image
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allows us to combine various kinds of regions with variousatiptions in one learning step. We use
Boosting [12] as learning technique. Boosting is a techniguedmbining several weak classi ers into a
nal strong classi er. The weak classi ers are calculated different weightings of the training examples
to emphasize different aspects of the training set. Singeckssi cation function can potentially serve
as a weak classi er we can use classi ers based on arbitradyiahomogeneous sets of image features.
A further advantage of Boosting is that weak classi ers areuwdated when needed instead of calculating
unnecessary weak hypotheses a priori. The result of tha@rigaprocedure is saved as the nal hypothesis.

Source . Reg'oﬂ Detection . Local Descriptors Learning
Discontinuity/Homogeneity
Labels v
—— —— ; =
Scaled—Hams Interestg Basic Descriptors 0
: Points _ T:
Image ». | Affine-Invariant  |—|  Moment Invariant ™ i ™ AdaBoost
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Fig. 1. Our framework for generic object recognition starts from aléabenage database. Regions of discontinuity and homogeneity are
extracted and described by local descriptors forming a feature véetaming by AdaBoost [12], leads to a nal hypothesis which consists
of several weak hypotheses. The solid arrows show the training dhelejotted ones the testing procedure.

Existing datasets for object recognition used by otheraresegroups (e.g. [8], [2]) show the objects
with just small variations in scale and objects are genenalkwed at similar poses. Figure 2 shows
some examples of the Caltech database of the categoriesees)ys(notorbikes and airplanes. To aim at a
solution for a more generic object recognition we were indneeimages having many different instances
of the object category at various locations in the image jfegrdnt scales, viewed from several positions
and with high background clutter. Therefore we have builtayp own more complex database. This
database (further on termed GRAZ-01) that was used in [28], contain #bages of category person
(P), 350 of category bike (B) and 250 of category “countes€lgN, meaning it contains no bikes and
no persons). Figure 3 shows some example images of eaclopateg

Based on our localization results (see section VII-C), whalreal that certain methods tend to empha-
size context (i.e. the nal classi er contains many backgnd features), we have set up a second datdbase
(further on termed GRAZ-02). This database has been cardfalanced with respect to background, so
that similar backgrounds occur for all categories. Furtiege, we increased the complexity of the object
appearances and added a third category of images. The satabtiatains 311 images of category person
(P), 365 of category bike (B), 420 of category cars (C) and 388 adunter-class (N, meaning it contains
no bikes, no persons and no cars). Figure 4 shows some examgjes.

To be comparable with existing well known approaches we edsded out experiments on the same

Zavailable at http://www.emt.tugraz.atpinz/data/
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Fig. 2. Some examples of the Caltech database, categories carstreambikes and airplanes, used in [8].

Fig. 3. Some example images from our database GRAZ-01. The isimoo shows examples of the category bikes (B), in the second
column there are images of the category person (P). The rightmosheahows images of the counter-class (N). All these images were
correctly classi ed using our approach (for details see section VII).

database like Fergus et al. {gfurther on termed Caltech).

Regarding different region detection and description teghes shown in gure 1, we experimentally
evaluate two kinds of methods. First we perform various grpents for one region extraction with one
kind of local description technique. Not all possibilitize tried out in this work, but we focus on methods
with high performance based on results reported in [27] &8l [The second method is the combination
of various kinds of region detections with different deptidn techniques in one learning step (using the
“Combination” module shown in gure 1).

The performance is measured by the commonly used recgnrting-characteristic(ROC)-equal error
rate. This error rate is calculated as the percentage ofrdeewnder the ROC-curve (for details see [2]).

Savailable at
http : ==www:robots:ox:ac:uk= vgg=data=
and Cars (Side) from
http : ==I2r:.cs:uiuc:edu=  cogcomp=indexresearch:html .
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Fig. 4. Some example images from our database GRAZ-02. The isimoo shows examples of the category bikes (B), in the second
column there are images of the category person (P) followed by imdghe category cars (C) in the third column. The rightmost column
shows some images of the counter-class (N). The complexity increasepared with the database GRAZ-01. Also the appearances of the
background of the images (category and counter-class) are ratarcbhd. All these images were correctly classi ed using our approach
(for details see section VII).

IV. REGIONDETECTION

Using all the information of the whole image leads to a verghhcomputational complexity of the
learning procedure. Therefore, a reduction of informatgonecessary. This can be achieved using salient
information extraction techniques. But we also want to bexbégpof learning many object category without
restrictions to shape or appearance of the objects. Eadgaat might be characterized by different
descriptors. For some objects, salient point techniqueghirhe the best way to extract their essential
information. For other objects, segments might be morevaglefor recognition. Hence, an approach for
generic object recognition would be limited if the imagesevdescribed by just one method. While all
existing approaches (e.g. [9], [2], [34]) use just one kiriddescription method, we combine multiple
information extraction methods to capture the essentialattteristics of various object categories (e.g.
persons, cars, etc). The increased complexity is justi gdhe gain of generalization in our approach.
There are two main branches of information extraction infoamework. The rst one is to select regions
of discontinuity. We use various well known interest poirtraction techniques and simply crop out a
region (of a scale dependent size) around each point. Ther bitanch is the extraction of regions of
homogeneity. This means information reduction by a repitasen through image segments. We use our
new Similarity-Measure-Segmentation and compare it witsaht Shift-Segmentation.

A. Regions of Discontinuity

As mentioned, regions of discontinuity are regions aroumtdrést points. There is a variety of work
on interest point detection at xed (e.g. [17], [18], [33B{]]), and at varying scales (e.g. [19], [23],
[24]). Based on the evaluation of interest point detectorsSbigmid et al. [29], we decided to use the
scale invariant Harris-Laplace detector [23] and the afineariant interest point detector [24], both by
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Mikolajczyk and Schmid. In addition we use Lowe's DoG (diface of Gaussian) keypoint detector [20]
which is strongly related to SIFTs as local descriptors.

The scale invariant Harris-Laplace detector nds inteqgsints by calculating a scaled version of the
second moment matri¥ . It localizes points where the Harris-Measufle = det(M) trace (M)
is above a certain thresholith. The characteristic scale for each of these points is obdainy the
construction of a Laplacian scale-space. The af ne invdriaterest point detector uses again the second
moment matrix and a Laplacian scale-space. Additionafiterative algorithm is used which converges
to af ne invariant points by modifying the location, scalacaneighborhood of each point [24].

To normalize the regions around these two kinds of interesitp we have to consider illumination,
scale and, in case of the af ne invariant detector, af nengf@rmations. For the size normalization, we
have decided to use quadratic patches with a side lendtpigéls. We extract a window of sizg =6 |
(ajar to the value used by Mikolajczyk and Schmid in [24]) wéhe, is the characteristic scale of the
interest point delivered by the interest point detectoal&aormalization is achieved by smoothing and
subsampling in cases ¢f< w and by linear interpolation otherwise. In order to obtaimafinvariant
patches the values of the transformation matrix resultmognfthe af ne invariant interest point detector
are used to normalize the window to the shape of a squareebsipe normalization.

For illumination normalization we use Homomorphic Filtegi(see e.g. [14], chapter 4.5). The Homo-
morphic Filter is based on an image formation model whereartfage intensityl (x;y) = i(x;y)r(x;y) is
modeled as the product of illuminatiox; y) and re ectance (x;y). Elimination of the illumination part
leads to a normalization. This is achieved by applying a Fasftrier Transform to the logarithm image
In(1). Skipping the low Fourier coef cients leads to a separatibthe re ectance component (high-pass
ler). After the inverse transformation and an exponembiatwe get the desired normalized patch.

Lowe introduced an interest point detector which is invatritp translation, scaling and rotation and
is minimally affected by small distortions and noise [20]e \Wse the binary from D. Lowe that already
exports the local descriptors of a circular region with auaaf 8 pixels (and 8 orientation planes) around
the detected interest points.

B. Regions of Homogeneity

Regions of homogeneity can either be regions with a limitéfi@dince of intensity values, or regions
with homogeneous texture. These homogeneous regions anel feith region-based segmentation al-
gorithms. There is an extensive body of literature that l@ath region-based segmentation algorithms
and their applications. Many of them (e.g. [5] and [32]) angng to split images into background
and prominent foreground objects. Barnard et al. [3] useetlsegmentation methods for learning object
categories. The advantage of this approach is the reduceplexity, because there are only a few regions
in each training image. The drawback is the dif culty to deise large and complex regions. Therefore,
we prefer to use algorithms, which deliver more and smakgians. These regions can be suf ciently
well represented by simple descriptors (see section V).

We have developed a new algorithm - “Similarity-MeasurgiBentation” ( rst presented in [13]) -
which is described in detail subsequently. We compare itlopeance for object categorization with the
well known Mean-Shift algorithm by Comaniciu and Meer [6].dar framework we use the code from
“The Robust Image Understanding Laboratdry”

1) Similarity-Measure-Segmentatioi@imilar to other segmentation algorithms (see [5] and [32p
calculate several features for each pixel of the image, imsaprocessing step. But in contrast to others,
we use a similarity measure (see equation 1) to describe gixéarity for segmentation purpose.

P SCj

n a2 -
SM = ﬁﬂ% 0<SM 1 L
i=1 A

“Available at
http : ==www:caip:rutgers:edu=riul=research=code:html .
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This similarity is used to split images into regior8C; de nes an element of the Similarity-Criteria
vector SC, in other words the distance of two pixels corresponding tdeaned pixel feature. The
parameters; can be set betweeband 1 to change the weight of the Similarity-Criterion; is used to
change the sensitivity of the different Similarity-Crit@riFor example on images with a small intensity
variation, a small ; is used to enhance the sensitivity of the intensity Sintya@riterion.

We are extracting two kinds of features. On one hand coleensity, brightness and the position of
a pixel, which consider only a single pixel. And on the othanth Local Binary Patterns (see [26]),
high-pass and Wavelets (see [1]), which consider a certaighborhood of a pixel. The rst group of
features are easy and fast to calculate but can only be useddmns of homogeneity without texture.
The second group is much more complex to calculate, espetiavelets, but delivers certain texture
information.

Equation 2 shows the de nition for one similarity criterilementSC;, whereP1; andP2 are the
two pixels and is the index of the used feature. We use the Euclidean distemcalculate the elements
of SC.

SC, = kPl, P2|k (2)

Our Similarity-Measure grouping algorithm consists of tbi#owing steps:

1) Take any unlabeled pixel in an image, de ne a new redg®nand label this pixel withRL;.

2) Calculate the Similarity Measure to all other unlabelexkels in the neighborhood, de ned by a
radiusr.

3) Each pixel that has a similarity above a threshio{@ <t 1) is also labeled wittRL;. Go back
to step2 for each newly labeled pixel.

4) If there aren't any newly labeled pixels, start again vatbpl, until all pixels have a region number
RL.

5) Search all regions smaller than a minimum vatagnyi, , and merge each region with the nearest
region larger thamegm,i, (same process as the Mean-Shift segmentation [6]).

The radiusr can be varied between 1 amg,y. The maximum radius.x depends on the position
sensitivity , and on the thresholtt

fowe = I(P—(n D) 2 ) 3
i=1

If we user = 1, we have a region growing algorithm using the Similarityddare as homogeneity
function. If we set the radius> 1 (generallyr = ryax ), We have a new segmentation method, that delivers
not connected “regionsR;. While this is in contradiction to the classical de nition segmentation,
treating thesdr; as entities for the subsequent learning process has sh@egniéion results, which are
superior to results based on connected regions. We confidenew way of looking at disconnected
segments a possibility to aggregate larger entities whiehaaell suited to describe local homogeneities.
These descriptions maintain salient local information smppress spurious information which would lead
to oversegmentation in other segmentation algorithms.

Figure 5 shows two detail views segmented with Similaritgadure and with Mean-Shift segmentation.
The rst example shows a rail, that disappears with meaft-gd@gmentation but is maintained with
Similarity-Measure segmentation. The rail is disconngcteecause of some similarities between rail
parts and the background, in both algorithms. The MeantSihgorithms merges the maintaining rail
parts to the background considering its two constrainat tbgions have to be connected and must be
larger thanregmin . The Similarity-Measure algorithm treats the disconnggiarts as one region, which
is larger thanregmi, . The second example shows a part of a bush, that is splitlibtemall regions
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Original image
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Fig. 5. Two detail views of the “Grazer Clocktower” segmented with Similakigasure segmentation (images in the middle) and mean-shift
segmentation (images on the right).

with Mean-Shift segmentation, ariddisconnected regions surroundedadiarge regions with Similarity-
Measure segmentation. The results are desirable for opoparbecause it turns out that a representation
by not connected regions leads to a better performance ofategorization approach.

V. LOCAL DESCRIPTION

For the learning step, each region has to be representedy Iscal descriptors. For these description
methods we use different techniques for the two region types

For regions of discontinuity, local descriptors have bessearched quite well (e.g. [11], [20], [30], [15]).
We selected four local descriptors. Our rst descriptorim@y a vector of all pixels in a patch subsampled
by two. The dimension of this vector § which is rathﬁerlgh and increases computational comfylexi
As a second descriptor we use intensity mom(NhfS =, i(x;y)?xPy%dx dy with a as the degree and
p+ g as the order, up to degree 2 and order 2. Without using the misnoé degree 0 we get a feature
vector of dimension 10. This reduces the computationalscdetmatically. In view of the performance
evaluation of local descriptors done by Mikolajczyk and &ah[25] we took SIFTs (see [20]) as a third
and Moment Invariants (see [15]) as a fourth choice. In [28] $IFTs outperformed the other descriptors
in nearly all tests and the Moment Invariants were averagealfaconsidered aspects.

According to [15] we selected rst and second order Momeniatiants. We chose four rst order
af ne and photometric Invariants. Additionally we took alle second order Invariants described in [15].
Since the Invariants require two contours, the whole redsmuare patch) is taken as one contour and
rectangles corresponding to one half of the patch are usadasond contour. All four possibilities of the
second contour are calculated and used to obtain the Imsridhe dimension of the Moment Invariants
description vector is 9.

As shown in [20] the description of the patches with SIFTs ameal by multiple representations in
various orientation planes. A local descriptor with a disien of 128 is obtained.

We use two groups of descriptors for the representation gibns of homogeneity. The rst group
describes the intensity or the color values and their @stion in a region. It contains their mean,
variance, coef cient of variation, smoothness, skewné&sstosis, and the gray value energy (for details
see [16]). The second group contains invariant moments [&8g which are invariant with respect to
scaling, rotation and translation. They are calculatethfbmsic moments of inertia. Using basic moments
of order up to three results in seven invariant moments fisr diescription method.

Table | gives an overview of the various description methiodsur framework and their dimension.

VI. LEARNING MODEL

Our learning model is based on the AdaBoost algorithm [12]s Higorithm was adapted by adding
the possibility of putting different weights on positive canegative training images. We set up a new
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TABLE |
THIS TABLE GIVES AN OVERVIEW OF THE DESCRIPTION METHODS IN OURRAMEWORK AND THEIR DIMENSION (FOR REGION SIZE OF
16 16pixels).
- Regions of discontinuity Regions of homogeneity
Method || Subsampled grayval.Basic moments Moment Invarianty SIFTs|| Intensity distribution| Invariant moments
Dimension 64 10 9 128 7 7

Input: Training imageql1; 1);:::5(m; m)
Initialization: Set the weightsv, = = Wy =
Fort=1;:5T _ _ _

1) Getaweak h)ppngthesis in respect to the weights,; : : : ; wy, from the Weak-Hypotheses-Finder.

_ < Wi
2) Calculate' = —POll)® i =
q_ k=1 Wk
3) Choose { = %-°.

4) Updatew, w,  «M0O fork=1;:::;m
Output the nali hypothesis (classi er):
|

X '
H () = sign (In o)he(l)

t=1

Fig. 6. Shows the standard AdaBoost algorithm [12].

Weak-Hypotheses-Finder that selects the most discrirhidaacription vector in each iteration of the
AdaBoost algorithm. This Weak-Hypotheses-Finder is ex¢erid be capable of using various description
methods in one learning step.

We want to learn a classi er for recognizing objects of a aertcategory in still images. For this
purpose, the learning algorithm delivers a classi er thadicts whether a given image contains an object

learning algorithm where, = +1 if 1 contains a relevant object and= 1 if | contains no relevant
object. The learning algorithm delivers a functibh: | 7! “ which predicts the label of image (see
gure 6).

A. AdaBoost

To calculate this classi cation functiod we use an adaptation of the classical AdaBoost algorithm [12]
AdaBoost puts weightsy, on the training images and requires the construction of &kvgaothesish
which has some discriminative power with respect to thesgh®, i.e.

xn X
Wy > Wi (4)
k=1;h(lk)= "« k=1;h(lx)™6 "k

such that more images are correctly classi ed than miscisrelative to the weightswy. Such a
hypothesis is called weak since it needs to satisfy only § werak requirement. The process of putting

hypothesed, of each round are combined into the nal hypotheldis(for details see gure 6).

In each roundt the weightwy is decreased if the prediction fog was correct l§;(1x) = “«), and
increased if the prediction was incorrect. Different to t#tandard AdaBoost algorithm we vary the
calculation of the factor ; which AdaBoost uses for its weight update after each itematite add a
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possibility to trade off precisiog and recall. We set

< 1 if x=+1 and 6 he(1).
t= . q 1"

: = else
with " being the error of the weak hypothesis in this round aras an additional weight factor to control
the update of falsely classi ed positive examples.

Here two general comments are in place. First, it is intelyivquite clear that weak hypotheses with
high discriminative power — with a large difference of tharsuin equation (4) — are preferable, and
indeed this is shown in the convergence proof of AdaBoost.[$2cond, the adaptation of the weights
wg in each round performs some sort of adaptive decorrelatidheoweak hypotheses: if an image was
correctly classi ed in round, then its weight is decreased and less emphasis is put onnthige in
the next round. As a result, this yields quite different hyy@sesh, and h;.; °, and it can be expected
that the rst few weak hypotheses characterize the objetd#gray under consideration quite well. This
is particularly interesting when a sparse representatfidhe object category is needed.

Obviously AdaBoost is a very general learning technique fotaiming classi cation functions. To
adapt for a specic application, suitable weak hypothesagehto be constructed. For the purpose of
object recognition we need to extract suitable descriptieciors from images and use these descriptors
to construct the weak hypotheses. Since AdaBoost is a gdaaraing technique we are free to choose any
type of description method we like, as long as we are abledvige an effective Weak-Hypotheses-Finder
which returns discriminative weak hypotheses based onsitisof descriptors. The chosen description
vectors should be able to represent the content of imagdsast with respect to the object category
under consideration.

Since we can choose several types of description vectorgepresent an imagk by a set of pairs
R (1) = f( i;v)gwhere ; denotes the type of a descriptor andenotes a value of this descriptor, typically
a vector of reals. Then for AdaBoost a weak hypothesis is oactsid from the representatioRs(ly),
labels "y, and weightswy of the training images.

B. Weak-Hypotheses-Finder

Using one type of description vector at a time is the basictionality of our learning algorithm.
Using various description methods separately simpli es our learning algorithm to a case where

values of the descriptor as real vector, dfgd is the number of extracted description vectors in an
image |y (see gure 7 for an explanation of this Weak-HypothesesdEimusing just one description
method). The weak hypotheses for AdaBoost are calculated tihese descriptors. For object recognition,
we have chosen weak hypotheses which indicate if certaiorigéien vectors appear in images. That
is, a weak hypothesih has to select a value and a similarity threshold. The threshold decides

if an image contains a description vectgr that is suf ciently similar tov. The similarity between
vi andv is calculated by the Mahalanobis distance for Moment lawds, basic intensity moments
and the descriptors for the regions of homogeneity. Thitadie is chosen because it is measured in
terms of standard deviations from the mean of the trainingpdas. For SIFTs and the subsampled
grayvalues the Euclidean Distance is used. This simplersareais suf cient in this case because of
the bounded domain of the description vector values betvdeand 255 The Weak-Hypotheses-Finder
(gure 7(4)) searches for the optimal weak hypotheses — mikabeled representations of the training

possible description vectors and corresponding thresh@ee gure 7(5)).
The main computational burden is the calculation of theadists betweew andv (see gure 7(2)),
since they both range over all description vectors that appe the training images. We arrange the

®In fact AdaBoost sets the weights in such a way thais not discriminative with respect to theew weights. Thush¢+1 is in some
sense oblivious to the predictions lof.
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(1): Distance functions:Let d( ; ) be the distance in respect to the description vectors inrtieirg
images.

(2): Minimal distance matrix: For all description vectorg.; and all images; calculate the minimal
distance betweew.s and description vectors ih,

Ao = 1mginFj d(Vicr ; Viig)

At o @) A, s (m)

U7

(4): Select best weak hypothesis (Scanlineffor all description vectors,s calculate over all images
| .
j o \
max W () « () -
j=1
and select the description vectey; where the maximum is achieved.
(5): Select threshold : With the positions where the scanline reached a maximum sum the threshold

is set to

At o 9 F Ok (s+1)
5 :

Fig. 7. Explanation of the Weak-Hypotheses-Finder using just oneigésn method.

minimum distances from each description vector to each émag matrix, where we sort the distances
in each column. Given these sorted distances, which can |belai@d prior to Boosting, the remaining
calculations are relatively inexpensive. In detail, wet calculate the optimal threshold for the description

Subsequently we search over all description vectors. Tdi@utation of the optimal weak hypothesis takes
O(F m) time, with F being the average number of features in an image.

To give an example of the total computation times we use asdata 150 positive and 150 negative
images. Each image has an average number of approxima@lged@ription vectors. After preprocessing,
using SIFTs one iteration of Boosting requires about tenrsgEcomputation time on a P4 (2.4GHz PC).

C. Weak-Hypotheses-Finder with Multiple Description Method

In an outlook in [28] we discussed the possibility of usingltiple description methods in one learning
procedure. The challenge of the learning algorithm is notvamdy the selection of the most discriminant
description vector with respect to the current weightingddso the choice of a description type Using
these multiple description methods at a time changes thaigdg in the following way. An imagé

denotes the type of a featuredenotes the number of the different used description methwe denotes
again its value as real vector, afid is the number of extracted descriptors in an image. Thezefar
weak hypothesid has to select a feature typeand again its valug, and a similarity threshold. Details
how the Weak-Hypotheses-Finder changes when using neuligdcription methods are given in gure 8.
Obviously the computational complexity is increasing watrery additional kind of feature used.

VIlI. EXPERIMENTS AND RESULTS

The experimental evaluation is split into three parts. Thst part (subsection VII-A) species the
parameter settings. Our classi cation results are dissigs detail in subsection VII-B, showing that this
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Input: Labeled representationgR (I); k), k = 1;:::;m, R (Iy) = f(owrvier)jf =

(1): Distance functions:Letd ( ; ) be the distance in respect to the description vectors of type
the training images.

(2): Minimal distance matrix: For all description vector§ ; ; Vit ) and all imaged; calculate the
minimal distance betweew. and description vectors il

Gy =, pomin - dy (Vier 3 Vi) -
(3): Sorting: For eachk;f let s (1);:::; ks (m) be a permutation such that
Aet; @ Aet; or (m) -

(4): Select best weak hypothesis (ScanlinelFor all description vector§  ; Vit ) calculate over all
imagesl
ﬁ N
max W) () -
i=1
and select the description vectOk; ; Vit ) where the maximum is achieved.
(5): Select threshold : With the positions where the scanline reached a maxium sum the threshold
is set to
At i (99 F Oty r (s+1)
5 :

Fig. 8. Explanation of the Weak-Hypotheses-Finder using variousigéea methods at a time.

approach clearly outperforms current state-of-the-arine@ues. The bene ts of using multiple features
in one learning procedure are also pointed out there. Stibee¢lI-C presents a qualitative evaluation
of localization performance. It shows the distribution e&ined information that is directly related with
the object, and the learned contextual information.

A. Parameter Setting

The results were obtained using the same set of parametersatin experiment. For the regions
of discontinuity (scale and af ne invariant interest poithttector), we used a threshold of cornerness
th = 30000 to reduce the number of salient points. Also the points whilh $mallest characteristic scale
were skipped (the neglectable in uence of these points wasve in [27]). The side of the squared
region size around the scaled and the af ne interest poirds wormalized td = 16 pixels. Vector
guantization was used to reduce the number of interest gointained with the difference of Gaussian
(DoG) point detector [20]. Initially we took all points intaccount but then we clustered the SIFT
description vectors (8x8 pixels with 8 orientation planeg)ach image. As a clustering algorithm we
used “k-means”. The number of cluster centelrsvas set t0l00 (for the experiments on the GRAZ-02
database we uset = 300°) using a maximum number of 40 rounds in the k-means. For th@aetion
of the regions of homogeneity we used a minimum region g, = 50 for Mean-Shift-Segmentation
and Similarity-Measure-Segmentation. We used the stdnpgarameter set of the available binary for
Mean-Shift-Segmentation. For the Similarity-Measurgi8entation, we used a combination of intensity,
position and high-pass. We introduce for the intensity-, 4 for the position- and ; for the high-pass
similarity criteria. . depends on the contrast of the image. It is proportional éovHiriance of the image

Sthis numbers were experimentally evaluated and depend on the imagéexgiynfor details se€?
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Influence of the weight factor h

recall .

0lf |ama * precision ]

1 15 2 25

Fig. 9. The diagram shows the in uence of an additional factdor the weights of incorrectly positive classi ed examples. The recall
increases faster than the precision drops until a factdr®f{for the GRAZ-01 dataset with af ne invariant regions and Momengahants).
The optimal value of this factor varies on different datasets.

2. The exact parameters used werg:= 1—2'28 3, x=1:2, { =0:5and a threshold of = 0:83. With
these parameters we obtaip.x = 6. The learning procedure was run using the following paranset
T =100, =1:0. The ROC curves can either be obtained by varying the additioveight factor or
by testing the classi er varying the threshold for classiton (both result in the same ROC-equal-error
rate).

Figure 9 shows the in uence of the additional weight factarrecall and precision. In this test on the
bike category of the GRAZ-01 dataset, with af ne invariarterest point detection and Moment Invariants,
the optimal value is at = 1:8. Up to this the recall increases faster than the precision drops. This
optimal point depends on the description type and the datkse an evaluation with ROC-equal-error
rate this factor does not in uence the result.

The power of our new Similarity-Measure-Segmentation wébpect to object categorization is shown
in table Il. It outperforms Mean-Shift-Segmentation in edises, except for category bikes of GRAZ-02
with regnin = 250, where they performed nearly equal. Thus, for the remaiekgeriments we focused
on regions of homogeneity obtained by Similarity-MeasB8egimentation.

TABLE I
RELATIVE ERROR ON DATASET CARSREAR) (CALTECH DATABASE) AND BIKES (OF GRAZ-01AND GRAZ-02). WE COMPARE
SIMILARITY -MEASURE-SEGMENTATION WITH MEAN-SHIFT-SEGMENTATION. WE USED TWO DIFFERENT MINIMUM REGION SIZES OF
regmin =50 AND regmin = 250. IN ALL CASES, EXCEPT FOR CATEGORY BIKES OFGRAZ-02WITH regmin = 250, THE OBJECT
CATEGORIZATION WORKS BETTER WITHSIMILARITY -MEASURE SEGMENTATION.
Cars(rear) (Caltech)

Method regmin = 50 [regmin =250
Mean-Shift 15 18.3
Similarity-M. 8.3 11.7
Bikes (GRAZ-01)

Method regmin = 50 [regmin =250
Mean-Shift 18.3 23.3
Similarity-M. 15 20
Bikes (GRAZ-02)

Method regmin = 50 [regmin =250
Mean-Shift 26.0 25.0
Similarity-M. 25.6 25.3
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TABLE 1l
SHOwS THE ROC-EQUAL ERROR RATES ON THE CALTECH DATABASE AND ON CARS SIDE FROM THE UNIVERSITY OF ILLINOIS .
THE RESULTS IN THE FIRST COLUMN (1) ARE OBTAINED USING REGIONS OF HOMOGENEITY EXTRACTED WITHTH E
SIMILARITY -MEASURE-SEGMENTATION AND THE DESCRIPTION METHOD BASED ON THE INTENSI TY DISTRIBUTION (WITH
=1:4). THE SECOND COLUMN (2) SHOWS THE RESULTS USING THE AFFINE INVARIANT INTEREST POINT DE TECTION AND
MOMENT |INVARIANTS . THE LAST TWO COLUMNS SHOW RESULTS FOR COMPARISON .

(@ [@]e] Others |

| Dataset

Motorbikes|94.392.292.594.0 7], 88 [37], 93.2 [34
Airplanes||97.588.990.2 -
Faces |/100(93.596.4 93.5 [37]
Cars(side)| 100/83.088.5 97.5 [?], 79 [2]
Cars(rear)| 100(91.1{90.3 93.9 [?], 86.5 [37]

B. Classi cation Results

1) Reference Dataseffo be comparable with existing approaches we rst evaluatgdmethod on the
Caltech database. We took regions of homogeneity extractiébdtiae Similarity-Measure-Segmentation
and the description method based on the intensity distobsit We trained this combination on 60 images
containing the object as positive training images and 6@asdrom the counter-class as negative training
images. The tests were carried out on 60 new images half dielprio the learned class and half to the
counter-class The results are shown in the rst column of table Ill. The @ed column shows the results
of our approach obtained with regions of discontinuity asted with the af ne invariant interest point
detector and Moment Invariants as description method. Meré¢rained this combination on 100 images
containing the object as positive training images and 10@ges from the background set as negative
training images. We took 100 test images half belonging e dhategory and half not. The comparison
with the results of Fergus et al. in the last row of table IIbwis that our best results are superior to
the classi cation performances of Fergus et al. for all gatees, even if we train with fewer images.
Especially Similarity-Measure-Segmentation based regietection yields a very signi cant improvement
compared to the results of Fergus et al.

2) GRAZ-01 datasetHaving demonstrated the good performance of our approaelreference dataset
(Caltech), we proceeded with experiments on our rst databagh higher complexity, the GRAZ-01
database. We rst took 100 images from the category bike @s@n) as positive training images and
100 images of the counter-class (N) as negative training Fat the tests we used 100 new images
half containing the object (bike or person) and half not aonhg the object (category N). On this set
of images we performed three experiments: rst we used regiof discontinuity extracted with the
af ne invariant interest point detection combined with Ment Invariants as description method. In the
second experiment we used regions of discontinuity obdawih the DoG keypoint detector combined
with the SIFT description method. The number of cluster eenbf the k-means was set to 100 in this
experiment. Finally we carried out an experiment usingaegiof homogeneity with intensity distributions
as description method. Table 1V shows the ROC-equal erresrat each experiment for the categories
bike and person. Considering the complexity of the data thelt®are very good. The best classi cation
is obtained using Similarity-Measure-Segmentation (SkE§adibed by intensity distributions for category
bike and with DoG points and SIFTs for persons. This resutiwshthat each category of objects is
best represented by a speci c description method. FiguresHdvs the recall-precision curves of these
experiments.

All images presented previously in gure 3 were categorioedrectly. Figure 11 gives examples of
incorrectly classi ed images. In both cases the images ef cbunter-class result from an experiment

"The images are chosen sequentially from the database. This meafw ¢his experiment we took the rst 90 image from the images
of an object class and took out every third image for the test set.
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TABLE IV
THIS TABLE SHOWS A COMPARISON OF THEROC-EQUAL ERROR RATES ACHIEVED WITH THREE SPECIFIC COMBINATIOS: AFFINE
INVARIANT INTEREST POINT DETECTION WITHMOMENT INVARIANTS, DOG KEYPOINT DETECTION COMBINED WITHSIFT AS
DESCRIPTION METHOD ANDSIMILARITY -MEASURE-SEGMENTATION (SM) DESCRIBED BY INTENSITY DISTRIBUTIONS

| Dataset]| Moment Invariantg SIFTs[ SM |

Bikes 76.5 86.5 | 89.6
Persong 68.7 80.8 | 59.1
Recall-Precision Curves of our approach on Graz-01 Recall-Precision Curves of our approach on Graz-01
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Fig. 10. shows the recall precision curves of our approach. We amrdoment Invariants and the af ne invariant interest point detection,
SIFTs and DoG interest point detection, and Similarity-Measure-Segiiem (SM) described by intensity distributions on the GRAZ-01
database. (a) shows the results for category bike and (b) showsctilemecision curves for the category person.

where we trained the category bikes. For the classi catibthese example images we used an average
classi er with = 1:0 and a classi cation threshold d@f.0 for the testing.

3) GRAZ-02 datasetAfter these experiments on the GRAZ-01 dataset we evaluatedapproach
using the GRAZ-02 dataset. We took a training set consistingj50 images of the object category as
positive images and 150 of the counter-set as negative indde tests were carried out on 150 images
half belonging to the class and half not. Table V shows thestleation performance of various specic
combinations of region extractions and description typé® af ne invariant interest point detection with
Moment Invariants or Basic Moments as local descriptorsoper$ best except for the category bikes
where all combinations achieve good results.

Again, all the images in gure 4 were categorized correcthileimages in gure 12 represent examples,
where the classi cation fails. These images where classivath average parameters of= 1:0 and a
classi cation threshold oD:0 for the testing.

A gualitative visual comparison of gures 3 and 11 with gwd and 12 immediately reveals the need
of further explanation. Although the overall categoriaatresults are impressive, some dif cult images are
categorized correctly, while the method fails for othemfetimes “easier”) ones. What are the limitations
of the approach? Why are certain images categorized in¢ty?éd&/hy do certain methods perform better
than others? Especially, why is Similarity-Measure-Seaggaigon a clear winner on the Caltech dataset
and on GRAZ-01 for the category bikes, still good on the GRAZbiK2s and persons, but quite poor on
persons from GRAZ-01 and cars from GRAZ-02? We try to answeresohthese questions in subsection
VII-C in the light of localization abilities of the variousetectors.
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Fig. 11. Some example images from our database GRAZ-01 that wenednty classi ed in an average test case. The rst column shows
examples of the category bikes (B) classi ed as image not containingeg bikhe second column are images of the category person (P)
classi ed as images not containing a person. The rightmost columnsshoages of the counter-class-set (N) that were classi ed as bikes

(B).
TABLE V

ROC-EQUAL-ERROR RATES OF VARIOUS SPECIFIC COMBINATIONS OF REGION EXARTIONS AND DESCRIPTION METHODS ON THE
THREE CATEGORIES OF THEGRAZ-02DATASET. THE FIRST AND THE SECOND COLUMN ARE OBTAINED WITH THE AFFINE INARIANT

INTEREST POINT DETECTION ANDMOMENT INVARIANTS OR BASIC INTENSITY MOMENTS AS LOCAL DESCRIPTORTHE THIRD ROW
WAS ACHIEVED USING DOG KEYPOINT DETECTION AND SIFTS AS DESCRIPTION METHOD USING300CLUSTER CENTERS WITHIN THE

K-MEANS CLUSTERING THE LAST COLUMN SHOWS THE RESULTS OF EXPERIMENTS PERFORMED IS5
SIMILARITY -MEASURE-SEGMENTATION AND DESCRIPTION VIA INTENSITY DISTRIBUTIONS
[ Dataset]| Moment Invariant§ Basic Momentg SIFTS[ SM |

Bikes 72.5 76.5 76.4 | 74.0
Persong 81.0 77.2 70.0 | 74.1
Cars 67.0 70.2 68.9 | 56.5

4) Combination: Subsequently, we show experiments performed by using nfaae obne type of
the various region extractions with a description methodie learning step. We did three kinds of
combination& The rst part are the regions obtained with the af ne invari interest point detection,
described with Moment Invariants. We combine it with regi@chieved through DoG keypoints described
by SIFTs (see table VI (a)), regions extracted with the afineariant interest point detector described
with basic intensity moments (see table VI (b)) and regiohkamogeneity obtained by the Similarity-
Measure-Segmentation and described with intensity Higions (see table VI (c)). While the results of the
combinations show just slight enhancement over the indalithest result, these experiments clearly show
that the combination of several methods can perform sigmitly better than a certain individual method
(cf. ROC-equal error rates G#:81vs. 812 for persons). The main bene t is that a use of the combination
adds a higher reliability to a classi er. For some categb@e combination of a region extraction and a
description method performs better than others. Usingouarspeci ¢ combinations in one learning step
ensures a nal classi er that achieves better results thenbest classi er used separately.

8Combining more of our methods is just marginally improving the results.
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Fig. 12. Some example images from our database GRAZ-02 that weneenty classi ed in an average test case. The rst column shows
examples of the category bikes (B), in the second column there are snoéidbe category person (P) followed by images of the category
cars (C) in the third column. All were classi ed as counter-class-imaghe rightmost column shows some images of the counter-class-set
(N). These are examples that were classi ed as bikes (B).

TABLE VI
THIS TABLE SHOWS THEROC-EQUAL ERROR RATES OF SPECIFIC COMBINATIONS OF REGION EXTRACONS AND DESCRIPTION
METHODS SEPARATED AND THEIR PERFORMANCE IF THEY ARE COMBINE IN ONE LEARNING STEP(ON GRAZ-02). THE FIRST VALUE
IS ALWAYS FOR THE MOMENT INVARIANTS. THE SECOND COLUMN SHOWS THE RESULTS OF EITHER BASIC INTENSITMOMENTS (A)
OR SIFTs (B) OR REGIONS OF HOMOGENEITY DESCRIBED THROUGH INTENSITY DISKIBUTIONS (C). THE LAST COLUMN SHOWS THE
ACHIEVED PERFORMANCE USING THE COMBINATION OF THE TWO METHOS.

[ Dataset]| Mom. Inv. [ method 2] combination|

Cars 67.0 70.2 (a) 70.5
Bikes 72.5 76.4 (b) 77.8
Persong 81.0 74.1 (c) 81.2

C. Localization Performance

To discuss the localization of the information learned byapproach, we rst evaluated the experiments
shown in the previous subsection with respect to the loatin of the hypotheses. Taking a closer look
at the regions of homogeneity that are learned to achievel#ssi cation results of table Ill, we found
out, that only 25% to 50% are located on the object. The remgihypotheses do not learn the object
category directly, but focus on contextual (backgrounddrimation for this object category. Figure 13
shows some examples of regions of homogeneity selected as hypotheses from the Caltech dataset.
The rst row shows four hypotheses of the category plane. Thethree regions are located on the
plane whereas the last one is not. The second row shows faathgses from the nal classi er of the
category cars(rear). Again the right most hypothesis idow#ted on the object. If the object category of
the dataset has speci ¢ background appearances that dccoot im the images of the counter-class it is
in the nature of our learning approach to select also backgtanformation. Thus, this combination of
object information and contextual information gives us adalassi cation performance. On the other
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Fig. 13. Some examples of weak hypotheses of regions of homogeTkéyrst row shows four hypotheses from the nal classi er of
the category airplane. In the second row weak hypotheses of the patays(rear) are shown.

) (b)

Fig. 14. (a) shows nine examples of regions of discontinuity selectethérnal classi er of the category motorbike. (b) shows nine
examples of regions of discontinuity selected for the nal classi er of tlagegory airplane.

hand, object localization is not straight forward if we usgions of homogeneity on images with speci c
background appearances.

Figure 14(a) shows examples of regions of discontinuityried as weak hypotheses for the category
motorbikes. The nal classi er was trained using af ne invant interest points and Moment Invariants as
local description method. The regions shown are the raw éntiga cropped out around the interest point
before any af ne, illumination and size normalization. bigithe same settings, gure 14(b) shows weak
hypotheses of the nal classi er of the category airplan@éth this speci ¢ combination we obtain 80%
to 90% of the weak hypotheses located on the object. Evensifcthssi er is more related to the object
(instead of containing contextual information), the classion result in table 11l is lower compared to
using regions of homogeneity.

Focusing on the percentage of contextual information teaearned, compared to the information
directly related to the object, we took a closer look at tlassil ers shown in table IV based on the GRAZ-
01 dataset. We observe an average of 60% of the weak hypstbhestining contextual information if
we use Similarity-Measure-Segmentation combined witkrisity distributions. For DoG interest points
described by SIFTs, 50% of the hypotheses contain contextt@mation. Using the af ne invariant
interest point detector with moment invariants or basiensity moments decreases this percentage to
30%.

Table VII shows the percentage of weak hypotheses of thecleaasi er for each category of GRAZ-02
that are not located on the object. Again looking at table Yhwespect to these localization performances
shows that af ne invariant interest point detection and Mwmrinvariants are most stable in the classi-
cation performance directly related to the object. Figure shows examples of weak hypotheses used
for the nal classi er of the category bike (GRAZ-02) with viaus description methods. It shows which
information is learned and how the learned classi er repnés a category of objects. The hypotheses
that contain background information (e.g. g. 15 rst rowskacolumn) are often also important for our
classi cation. As most of the bikes occur associated witleetts, weak hypotheses representing asphalt
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TABLE VII
THIS TABLE SHOWS THE PERCENTAGE OF THE WEAK HYPOTHESES THAT ARNOT LOCATED ON THE OBJECTHERE WE USED THE SAME
COMBINATIONS AS IN TABLE V FOR THEGRAZ-02DATASET.
| Dataset]| Moment Invariant§ Basic Momentg SIFTs| SM |

Bikes 21 30 39 55
Persong 23 45 54 74
Cars 56 63 52 84

Fig. 15. Shows examples of weak hypotheses used for the nal ckxssf the category bike (GRAZ-02). The rst row shows hypotheses
based on the test with regions of homogeneity and intensity distributionsmiddie row shows regions extracted with the af ne invariant
interest point detector and described by Moment Invariants. Exanople®ak hypotheses obtained at the experiment with DoG keypoint
detection and SIFTs are shown in the last row. These are the raw imegdeepdefore any normalization steps are carried out.

contain highly relevant contextual information.

In summary, these investigations lead to the following dasions: The Caltech database shows the
object of interest at very prominent scales, locations, iangery speci ¢ poses. While these constraints
are signi cantly relaxed with the GRAZ-01 database, the t¢euglass images are quite different, which
enables the algorithm to take background information @dytinto account. It turns out, that homo-
geneity regions (Similarity-Measure-Segmentation) ati€ll'S tend to emphasize context more than other
discontinuity based region detectors. This is stronglypsuied by our results on the GRAZ-02 database,
which is balanced with respect to the background (i.e. similackgrounds for class and counter-class
images).

VIII. DI1SCUSSION ANDOUTLOOK

We have presented a novel approach for the recognition acolgategories in still images of high
complexity. Our system uses several steps of region eidraand local description methods, which have
been previously described, as well as a new segmentatitmitpe, and succeeds on rather complex
images with a lot of background structure. We have set up retabases where objects are shown in
substantially different poses and scales, and in many ofinttagies the objects (bikes, persons or cars)
cover only a small portion of the whole image. The main ctwtions of the paper, however, lie in the
new concept of learning, the possibility of combining vagdypes of image features and the presentation
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of a new segmentation technique (Similarity-Measure-Sadation). We use Boosting as the underlying
learning technique and combine it with a Weak-Hypothesedédt. In addition to several other advantages
of this approach, which have already been mentioned, we twagrphasize that this approach allows the
formation of very diverse visual features into a nal hypesis. This use of several speci c combinations
of region extraction and description methods in one legrsitep makes a classi er more reliable over a
whole range of different object categories. Furthermoxpeemental comparison on the Caltech database
shows that our approach performs better than state-o&thebject categorization on simpler images.
The new Similarity-Measure-Segmentation turns out to benaepful method to describe whole image
contents.

We are currently investigating extensions of our approacteveral directions. Maybe the most obvious
one is the addition of more features to our image analysis. ifbludes not only other local descriptors, but
also new regional features and geometric feature distoibsit To reduce the complexity of our approach
we are considering a reduction of the number of descripteetors with a solution that is better ttting
than simple k-means clustering. Also the localization pobwill be investigated in more detail. The
different performances of various combinations in thisrfesavork leads to the need of a loop within
the learning procedure. There a rst unsupervised loctbmastep is followed by the actual learning
procedure. The new Similarity-Measure-Segmentation lshalso be used for image retrieval in further
experiments.

As a further step we will use spatial relations between festtio improve the accuracy of our object
detector. To handle the complexity of many possible refatibetween features, we will use the features
constructed in our current approach (with parameters sdiigh recall) as starting points. Boosting will
again be the underlying method for learning object repriegiems as spatial combinations of features.
This will allow the construction of weak hypotheses of disgnative spatial relations.
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