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Abstract:

A new method is presented to learn object categories from unlabeled and unsegmented images for

generic object recognition. We assume that each object can be characterized by a set of typical

regions, and use a new segmentation method - “Similarity-Measure Segmentation” - to split the im-

ages into regions of interest. This approach may also deliver segments, which are split into several

disconnected parts, which turns out to be a powerful description of local similarities. Several textu-

ral features are calculated for each region, which are used to learn object categories with Boosting.

We demonstrate the flexibility and power of our method by excellent results on various datasets. In

comparison, our recognition results are significantly higher than results published in related work.

1 Introduction

Generic object recognition requires a number of ingredients. Several approaches have been reported

which differ in certain aspects, but share a common outline of system design and sequence of pro-

cesses. First, features like points or regions have to be found, which can characterize an object

category. These features have to be flexible enough to accommodate to a wide variety of object

categories and to a certain object variability like changing scale, orientation, lighting and viewpoint.

Next, these features have to be normalized and represented appropriately, so they can be compared

and learned. Finally, object categories have to be learned by finding those features, which are well

suited to characterize a certain category.

Generic object detection and recognition has recently gained a lot of attention in computer vision.

Consequently, there is an extensive body of literature that deals with this topic (e.g. [13], [4], [9],

[10]). Most of them like Fergus et al. [4], Opelt et al. [13] and Lowe [9] use a kind of scale invariant

features, to learn object categories. Fergus et al. [4], for example, use the detector of Kadir and

Brady [8], which finds regions that are salient in both location and scale.

Figure 1 shows our overall framework, which can handle various kinds of region detectors and local
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descriptors. This paper presents a method based on segmentation to get regions (similar to Barnard

et al. [2]), which are described by a vector of texture moments ([7]). Based on this representation of

image regions, we use AdaBoost [5] to learn object categories. The corrsponding boxes in fig. 1 are

shaded in gray.

2 Method and Algorithms

Our approach to generic object recognition assumes that each object can be described by a set of

typical regions which are either detected as discontinuities or due to their homogeneity. Discontinu-

ities can be found at various scales and can be represented by a location and a support region in the

image [13]. There is a variety of work dealing with the detection of these interest points (e.g. [11]).

Homogeneous regions are found by region-based segmentation algorithms (e.g. [2]). Figure 1 shows

that our framework can use both, discontinuities and homogeneities.

In each learning step, we train for a certain category. This is achieved by dividing the image dataset

into two piles of images, one containing examples of the object category we want to learn and one

not. In the first step discontinuous/homogeneous regions are detected by various methods. After

that, we calculate a vector of local descriptors for these features, as a preparation for the learning

module. The result of the training procedure - the classifier, is saved in the final hypothesis.

Figure 1: A sketch of our object recognition framework. We can use scaled and affine invariant interest
points [11], SIFT interest points [9] and segmentation methods [3] for feature detection. Local descrip-
tors are built using moment invariants [6], SIFT descriptors [9], or textural moments [7]. AdaBoost [5]
is used to learn object categories. The gray boxes highlight the components described in this paper. For
the discontinuity-based approach, see [13].

2.1 Similarity-Measure Segmentation

We have developed a new algorithm – “Similarity-Measure Segmentation” – which is described

in detail, and compare its performance for object categorization with the well known mean shift



algorithm [3].

Stock and Pinz use a similarity measure (see equation 1) in [14] for the redetection of corners in

an image sequence. We adapted this measure to describe pixel similarity for segmentation purpose.

This similarity is used to split images into regions.SCi defines an element of the Similarity-Criteria

vectorSC, in other words the distance of two pixels corresponding to a defined pixel feature. We

are extractring two kinds of features. On one hand color, intensity, brightness and the position of

a pixel, which consider only a single pixel. On the other hand texture measures ([7]), high-pass,

Local Binary Patterns (see [12]) and Wavelets (see [1]), which consider a certain neighbourhood

of a pixel. In our experiments described in section 3), we have used the combination of intensity,

position and high-pass (3x3). Equation 2 shows the definition for one Similarity-Criteria element

SCi of the vectorSC, whereP1 andP2 are the two pixels andi is the index that defines the used

feature. We use the Euclidean distance to calculate the elements ofSC.
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As Stock and Pinz show in [14] the parametersai can be used to weigh the different Similarity-

Criteria. In our experiments (section 3), we don’t use this feature, but we modify the sensitivity of

each Similarity-CriterionSCi by changingσi of the exponential part of equation 1. We introduceσc

for the intensity-,σx for the position- andσt for the texture Similarity-Criterion.σc for the intensity

depends on the contrast of the image. In other wordsσc is proportional to the varianceσ2
I of the

image (eq. 3).σx andσt are constant.

σc =
σ2

I

128
∗ 3 (3)

Our Similarity-Measure grouping algorithm consists of the following steps:

1. Take any unlabeled pixel in an image, define a new regionRj and label this pixel withRLj.

2. Calculate the Similarity Measure to all other unlabeled pixels in the neighborhood, defined by

a radiusr.



3. Each pixel that has a similarity above a thresholdt is also labled withRLj. Go back to step

two for each newly labeled pixel.

4. If there aren’t any newly labeled pixels, take the next unlabeled pixel and start again with step

one, until all pixels have a region numberRLj.

5. Search all regions smaller than a minimum valueregmin, and merge each region with the

nearest region larger thanregmin (equal to Mean-Shift segmentation [3]).

The radiusr can be varied between 1 (to force connected regions) andrmax. The maximum radius

rmax depends on theσ for the positionσx and the thresholdt. In other words, the smaller the

thresholdt the larger is the maximum radiusrmax.

Depending on the radiusr, it can happen, that some of our “regions”Rj are not connected. While

this is in contradiction to the classical definition of segmentation, treating theseRj as entities for the

subsequent learning process has shown recognition results, which are superior to results based on

connected regions. We consider this new way of looking at disconnected segments a possibility to

aggregate larger entitites which are well suited to describe local homogeneitites. These descriptions

maintain salient local information and suppress spurious information which would lead to overseg-

mentation in other segmentation algorithms.

2.2 Local Descriptors

Segmentation leads to an image which is split into (potentially disconnected) regions of interestRj.

For eachRj we calculate several textural moments (see [7] for details):

• Meanµ

• Varianceσ2

• Coefficient of variationcv

• SmoothnessR

• Skewnessγ1

• Kurtosisγ2

• Gray level energyE



2.3 The Learning Model

For the learning of our object models, we need a learning technique, that allows us to choose

freely any type of features. AdaBoost [5] as a general learning technique for obtaining classifica-

tion functions, provides this functionality. Our learning algorithm delivers a classifier that predicts

whether a given image contains objects of a certain category or not. As training data, labeled images

(I1, l1), ..., (Im, lm) are provided where

lk =





+1 if Ik contains a relevant object

−1 if Ik contains no relevant object.

The AdaBoost learning algorithm leads to a final hypothesis in form of a functionH : I 7→ lpred

which predicts the label of image I. To calculate this functionH AdaBoost puts weightsωk on the

training images and requires the construction of a weak hypothesish which has some discriminative

power relative to these weights, i.e.

∑

k:h(Ik)=lk

ωk >
∑

k:h(Ik)6=lk

ωk, (4)

in a way that more images are correctly classified than misclassified, relative to the weightsωk. This

hypothesis is called weak, since it needs to satisfy only a very weak requirement. The process of

putting weights and constructing a weak hypothesis is iterated several timesi = 1, ..., T , in our case

T = 100, and all weak hypotheseshi of each iteration are combined into a final hypothesisH (for

details see [5] or [13]). Based onH, the system decides whether the test image contains the learned

object category or not.

3 Experiments and Results

Experiments were carried out in two steps. First the whole approach was tested on two datasets,

with Mean-Shift and Similarity-Measure segmentation and varying values forregmin(see Table 1).

We used the category cars(rear) trained versus the background images from the database used by

Fergus et al. [4] and the category bikes trained versus the category persons, which ia a more difficult

dataset from our database described in [13]. Figure 2 shows examples of our images. Our training

sets contained 60 positive and 60 negative images. The tests were carried out on 60 new images half

belonging to the learned class and half not.

Table 1 shows the results comparing Mean-Shift and Similarity-Measure segmentation. For com-

parison we show our own results using affine invariant interest-points as described in [13]. In these



Figure 2: Examples from our image database. The first column shows three images from the object class bike,
the second column contains objects from the class person and the images in the last column belong to none of
the classes (called nobikenoperson). The images contain objects at arbitrary scales and poses as well as highly
textured backgrounds.

experiments, object categorization works best with Similarity-Measure. Mean-Shift is comparable

to affine invariant interest-points, performing better on bikes and slightly worse on cars.

Cars(rear)

Method regmin = 50 regmin = 250

Mean-Shift 15 18.3

Similarity-M. 8.3 11.7

Aff. Interst Point 13.3

Bikes

Method regmin = 50 regmin = 250

Mean-Shift 18.3 23.3

Similarity-M. 15 20

Aff. Interst Point 33.3

Table 1: Relative error on dataset cars(rear) [4] and bikes [13]. For two tests, we used segmentation one
with regmin = 50 and one withregmin = 250. For the third test we used affine invariant interest-points.
In all cases the object categorization works best with Similarity-Measure



We performed several further tests, only using Similarity-Measure segmentation, on the datasets

used by Fergus et al. [4] and by Opelt et al. [13].

In all experiments, we used the following parameters:σx = 1.2, σt = 0.5, t = 0.83 andregmin = 50.

The performance was measured with the receiver-operating characteristic (ROC) equal error rate

(see table 2).

Dataset Ours Others Ref

Airplanes 97.8 90.2 [4]

Faces 99.9 96.4 [4]

Bikes 89.6 76.5 [13]

Cars(rear) 99.9 90.3 [4]

Cars(side) 99.9 88.5 [4]

Table 2: The table gives ROC equal error rates on a number of datasets from the databases used by
Fergus et al. [4] and by Opelt et al. [13]. Our method based on Similarity-Measure Segmentation
provides better results for all datasets.

Table 2 shows the results of our approach compared with Fergus et al. [4] and Opelt et al. [13]. In

all cases, the performance of the algorithm is superior to the other methods, without being tuned for

a particular dataset.

4 Summary and Outlook

In conclusion, we have shown a novel approach for object categorization and presented a new seg-

mentation method based on Similarity-Measure. The recognition results presented here demonstrate

the power of combining Similarity-Measure segmentation and AdaBoost. With weak supervised

learning, we get in four cases less than 3% error rate, and an error rate of approximately 10% on a

much more difficult dataset.

Currently, we are investigating extensions of our approach in several directions. We experiment

with new feature descriptors and test other feature combinations for the Similarity-Criteria vector.

We also work towards an integrated approach which combines several region detection algorithms

and local descriptors.
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