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Abstract

This paper considers the problem of multi-object cate-
gorization. We present an algorithm that combines sup-
port vector machines with local features via a new class
of Mercer kernels. This class of kernels allows us to per-
form scalar products on feature vectors consisting of local
descriptors, computed around interest points (like corners);
these feature vectors are generally of different lengths for
different images. The resulting framework is able to recog-
nize multi-object categories in different settings, from lab-
-controlled to real-world scenes. We present several ex-
periments, on different databases, and we benchmark our
results with state-of-the-art algorithms for categorization,
achieving excellent resullts.

1 Introduction

Over the last three decades there has been significant
progress in the performance of object recognition systems.
Today it is possible to perform object identification in dif-
ferent poses [10, 8]; significant improvements have been
achieved in identifying objects in the presence of clutter, oc-
clusion and varying lighting conditions [11, 2, 7, 8]. More-
over, approaches for category detection (such as faces, cars,
pedestrians and horses) have obtained remarkable results
[1, 5, 14]. However, limited progress has been achieved
on the more general task of multi-object categorization, on
which relatively few efforts have been reported in the liter-
ature [14, 15, 6]. We argue that an effective algorithm for
multi-object categorization must satisfy two main require-
ments:

Robust representation An effective representation for ob-
ject categories must be able to extract the key visual infor-
mation which is common to the objects. At the same time,
it should be able to capture the visual variability of objects
belonging to the same category. Finally, objects belonging
to given categories should be recognized in real-world set-
tings: an effective representation should be able to support
all the robustness properties which are desirable for object
identification (i.e. robustness to noise, occlusion and so on).
Robust classification An effective classification algorithm
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for categorization must face all the challenges described
above for representation, and tackle them within an appro-
priate learning rule. A further challenge is the possible lack
of control on the quality of training views, which means that
robust classification should be possible even when learn-
ing is done on difficult training data containing noise and/or
clutter.

The contribution of this paper * is an algorithm for multi-
-category recognition which employs local features for rep-
resentation, and SVMs for classification. Local features
have shown excellent results for robust object identification
(see for instance [8, 7] and many others) and category detec-
tion [1, 14, 15]. SVMs are state-of-the-art large margin clas-
sifiers which have demonstrated remarkable performance in
object recognition [9]. We combine these two successful
approaches via local kernels [16]. The resulting algorithm
satisfies our robustness requirements for representation and
classification. We present several experiments on multi-
category recognition and category detection. We investigate
the performance of our algorithm (1) when training is per-
formed on a limited amount of training data; (2) when train-
ing is done on images taken in controlled settings, and test
on images taken in real-world scenes, and (3) when train-
ing and test is done on cluttered views. Benchmark with a
probabilistic approach to categorization [14] compares very
favourably to our method. To the best of our knowledge,
this is the first discriminative algorithm for category recog-
nition presented in the literature.

The paper is organized as follows: Section 2 reviews lo-
cal representations and Section 3 SVMs and local kernels.
Section 4 describes the experimental setup and the results
obtained. The paper concludes with a summary discussion.

2 TheMethod

We present an appearance-based approach to object cat-
egorization. Categories are defined by training views of
several instances of the category under consideration. For
example, for the category car, the training set will con-
sist of image views of different cars, taken under differ-
ent viewpoints. Categories’ appearance is described by lo-

1This work has been supported by the EU project “Cognitive Vision
Systems” -1ST-2000-29375 CogVis.



cal features, which constitute the input of an SVM. During
the training stage, the algorithm’s parameters are tuned via
model selection. Thus, both representation and classifica-
tion can be designed so to capture at the best the categories’
appearance, and to achieve high discriminability. In the rest
of the Section we describe in details the representation and
classifier we used.

Robust Representation: Local Features The underlying
philosophy in describing an image by local features is that
once “interesting points” in the image are detected local
descriptors are computed around these points. Such local
descriptors should be discriminative in the sense that, if a
point is detected again in a new image, the comparison of
the descriptors computed around the points will allow them
to match correctly. Local features have been shown to be
remarkably successful for object identification and category
detection in real-world settings [11, 7]

Given a set of images Z = {I,;}",, the most general
local feature vector for the image I, can be described as
L; = {l;(1;),p;(I;)};<,, computed as follows: (1) An
interest point detector (a popular choice is the Harris corner
detector, [11, 7]) detects n; points. In general, the number
of interest points detected for each image I; will differ; (2)
p;(I;) are the coordinates (in the image plane) of the j-th
point; (3) 1;(I;) is a feature vector computed locally around
the j-th point (see for instance [11]). When one does not
consider interest point coordinates, the local feature vector
reducesto L; = {l;(I )};“ 1-

In this paper we used jet features [11]. They are local
grey value features computed at interesting points. The
local characteristics are based on differential grey value
invariants, which ensures invariance under the group of dis-
placements within an image; a multi-scale approach makes
them robust to scale changes. We performed detection of
interest points using a standard Harris-type corner detector.
Robust Classification: Local Kernels Consider
the problem of separating the set of training data
(z1,11), (®2,92), ... (Tm,ym) INto two classes, where
x; € RV is a feature vector and y; € {—1,+1} its class
label. If we assume that the two classes can be separated
by a hyperplane w - = + b = 0, and that we have no prior
knowledge about the data distribution, then the optimal
hyperplane is the one which maximizes the margin [13].
The optimal values for w and b can be found by solving
a constrained minimization problem, using Lagrange
multipliers o;(¢ = 1,...m). It results in a classification
function

=1

f(z) = sgn <Z QY% - T+ b) ; 1)

where «; and b are found by using an SVC learning algo-
rithm [13]. Those «; with nonzero «; are the “support vec-
tors”. To obtain a nonlinear classifier, one maps the data

from the input space ™ to a high dimensional feature space
H by x — ®(x) € H (a Mercer kernel [13]), such that the
mapped data points of the two classes are linearly separable
in the feature space. Assuming there exists a kernel func-
tion K such that K (x,y) = ®(x) - ®(y), then a nonlinear
SVM can be constructed by replacing the inner product -y
in the linear SVM by the kernel function K (z, y)

= sgn (i Oélyl

This corresponds to constructing an optimal separating hy-
perplane in the feature space.

Local features can be used as input for an SVM via a new
class of Mercer kernels [16]: R
KL(L}L, Lk) = 1/2[K(Lh, Lk) + K(Lk, Lh)],

(z;,x) + b) (2)

K(Ly, L) = Z max  {K(t;, (Ln), L, (Li))

1,..nk

h

~exp{—(p;, (Ln) — p;, (Ly))?/20°}.
It is possible to show that several matching techniques, used

for state-of-the-art local features, are related to this class of
kernels [16]. In this paper, we used the following kernel K;:

(@5, — 1) - (Y, — Hy)
5, — !l -y, — pyll’

Kl(wihayjk) (3)
with g15, , mean value. When the local feature representa-
tion does not include position information, the exp function
is neglected [16].

3 Experiments

This section presents experiments showing the effective-
ness of our method for object categorization. We performed
experiments on different databases, representing categories
in controlled lab settings and in real-world scenes. Object
views were represented by jet features consisting of 115 fea-
ture points, computed over 7 different scales, each resulting
in a 9-dimensional vector. All SVM experiments were run
using the LibSVM software [3], adding the local kernel in
the kernel library. For all the experiments, the kernel pa-
rameters were selected via cross-validation on the test set; C
was set to 100 [3]. For the multi-category experiments, we
implemented a 1-against-the-rest scheme for training and a
winner-takes-all strategy for test [13].

3.1 Results: Categorization in Homogeneous
Background

In the first series of experiments, we tested the capability of
our method to categorize object views taken in a controlled
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Figure 1. Categorization results for an increasing num-
ber of objectsin the training set, for different methods. We
report the error rates.

lab setting. For this purpose, we used the CogVis-ETH80
database, which contains 80 objects [6] from 8 different cat-
egories (apples, tomatos, pears, toy cows, toy horses, toy
dogs, toy-cars and cups). For each object, we took 16 views
around the equator, from different orientations. Views were
represented by jet features with position information. For
each category, objects were divided into training and test,
with the number of training objects increasing for different
experiments. For example, in the first set of experiments
we trained on one object for each category, and tested the
categorization performance on 9 previously unseen objects.
In the second set of experiments we trained on 5 objects
for each category, and tested the performance on 5 new ob-
jects; and so on. We ran experiments with 1, 5 and 9 objects
in the training set, and the remaining objects were placed
in the test set. Each experiment was performed on 10 dif-
ferent partitions, and then the results were averaged. We
benchmarked our results with a Nearest Neighbor Classifier
(NNC) using jet features and the local kernel (3) as the sim-
ilarity measure. We benchmarked also with a NNC using
x? as similarity measure, and color (RGB, 16 x 16 x 16,
[12]) and Gaussian derivatives (MagLap, o123 = 1,2,4,
[10]) histograms as representation. Results are reported in
Figure 1.

We see that, for each set of experiments, SVM + jet fea-
tures achieves the best performance. The second best per-
formance is obtained using NNC + jet features. This result
confirms the effectiveness of local features for categoriza-
tion. It also underlines that the performance of our method
is not due only to local features, but also from their combi-
nation with SVMs via local kernels. Results obtained with
9 objects in the training set can be compared with those re-

Figure 2. Carsand cows in real-world settings.

ported in [6] 2. The best result reported there, using a single
cue, is a recognition rate of 86.40 %, whereas we obtain a
recognition rate of 90.25 %. We can conclude that SVM
combined with jet features via local kernels are very effec-
tive for multi-object categorization in controlled settings.

3.2 Results: Categorization in Heterogeneous
Background

Of course real-world scenes are far from controllable and
the real challenge is to recognize object categories in every
day settings. We expect that, due to the use of local repre-
sentations, our method will be able to perform this task. For
this purpose, we performed two experiments. In the first we
trained the model on object views taken in a controlled set-
ting, and tested the performance on a collection of pictures
of the same category of objects found on the web. This ex-
periment tests also the capability of our model to generalize
from toy-objects to real ones. In the second experiment both
training and testing was performed on images collected in
every day scenes. Note that in this way we test also the
capability of our model of learning to recognize categories
from cluttered views; this issue has been raised more than
once in the literature [14, 15].

First Experiment: We considered three categories from
the eight used in the previous experiment: cars, cows and
cups. Note that cars and cows are toy objects. Training was
done on 10 objects from each category, 16 views per ob-
ject. Testing was performed on 135 views of real cars and
104 views containing cows. The category cup was used as
a distractor®. Examples of test images are shown in Figure
2. In this experiment we used jet features without position
information. We benchmarked with NNC +jet features as
described for the previous experiment. Results are reported
in Table 1. We see that SVM+jet features gives a better
performance, as was to be expected from theory and results
reported in Figure 1. It is remarkable to note the very good
performance obtained for cars and cows, considering that
the training was done on toy objects.

2Although in [6] the authors use 41 views per object and define training
and test set differently, the statistical significance should be preserved.

SWe are currently collecting views of cups and other categories like
horses and fruits in several real-world settings.



SVM+jet (%) | NNC+jet (%) |

car | cow | cup car | cow | cup
car | 86.1 | 11.7 | 22 car | 781 | 175 | 44
cow | 10 | 971 | 19 ([ cow | 29 | 904 | 6.7

Table 1. Recognition results for SVM+ jet features (|eft)
and NNC+ jet features (right). Training was done on views
in homogeneous background and in the case of cars and
cows, on toy-objects. Testing was performed on views of
real objects taken in real-world settings.

Second Experiment: In a second set of experiments for
category detection we used 3 object categories from the
Caltech database [14, 15], namely cars (rear), leaves and
faces, taken in real world scenes and at different scales. The
training and test sets consisted of 400 images for cars, 93
images for leaves, 218 for training and 217 for testing for
faces. In analogy with the experiments reported in [14, 15],
we trained our algorithm for category detection against the
background class. Training and test sets for background
consisted of the same number of views of the category under
consideration, as described in [14, 15]. Table 2, left, reports
the results obtained with our method. Table 2, right, reports
the results obtained with the probabilistic method described
in [14]. We see that, once again, results are favorable to
our method. The cars (rear) and face databases were used
also in [15], but the authors there report their recognition re-
sults using ROC curves and ROC equal error rates, making
it very difficult to compare our results to theirs, apart from
a qualitative manner. Both algorithm seems to perform well
on these databases; we plan in the future to run more ex-
periments for a quantitative comparison. We can conclude
that SVM combined with jet features, via local kernels, is
an effective approach for multi-object categorization.

4 Conclusions

We proposed a new method for multi-object categoriza-
tion. It consists of a SVM combined with local features
via a new class of local Mercer kernels. We presented re-
sults on different databases, showing that: (1) Our approach
is able to perform multi-object categorization with limited
amounts of training data; (2) Our approach is able to per-
form multi-category recognition in real-world scenes, in the
case when the training is done on views taken in controlled
settings (and possibly on toy objects, like toy cows), and
recognition is performed on real object categories; (3) Our
approach is able to perform multi-category recognition in
real world settings, in the case when the training is done
on cluttered views. In all cases, our method achieved very
good results. We plan to extend this work in two directions:

| SVMH+jet | Weberetal, [14] |
cars faces leaves || cars | faces | leaves
97.88% | 924% | 91% || 84% | 87% | 84 %

Table 2. Results for category detection using SVM+jet
features (left), and the probabilistic method described in
[14] (right).

firstly, we will modify our local kernel so that position in-
formation is invariant to affine transformations, and to al-
low for local or semi-local position constraints; secondly,
we will combine our method with virtual SVM [4], so as to
obtain robustness to scale and light changes.
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