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 Abstract - Robot companions need to be able to constantly 
acquire knowledge about new objects for instance in order to 
detect them in the environment. This ability is necessary since it is 
hard to predict what objects the robot may face in the operation 
phase during development. This paper presents ideas and results 
on two topics. The first topic is on the design of an open-ended 
object detection system that uses scale invariant feature key-point 
descriptors that are trained with a one-class radial basis function 
support vector machine. Unlike using other classifier-based 
approaches our method does not assume the number classes to be 
known a priori. The method is shown to be stable against full 3D 
rotation of the object relative to the sensor. The second issue in 
this paper deals with a solution on how to provide new object 
information to the robot. A modern range imaging sensor in 
conjunction with a conventional color imaging sensor is used for a 
first figure-background separation. The experiments presented 
support the basic statements in this paper. Conclusions are drawn 
and future work is addressed.  
 
  Cognitive robot companion, object recognition, object 
detection, active learning, interactive learning, support-vector 
learning, shift-invariant feature transform, range imaging sensor, 
one-class SVM. 
 

I. INTRODUCTION 

 We develop cognitive robot companions that are able to 
learn new skills and tasks in an active, open-ended way and to 
grow in their capacities in constant interaction and co-
operation with humans and autonomously [1]. See figure 1 for 
an example of a modern robot companion. 

One very important visual competence is ability to detect 
objects in the environment e.g. in order to grasp them. The 
problem is to estimate the position of an object to be grasped 
in the coordinate system of the robot. An assumption is that 
internal models representing these objects can not be pre-
programmed to the robot but must be learned either through 
interaction with the human or autonomously through acting on 
the objects. The learning capability needs to be open-ended. 
Hence, there should be no limiting system parameters on the 
number of objects to be learned. Also, strategies for interactive 
and active autonomous learning should support open-
endedness and keep the involvement or the "pedagogical 
effort" of the user in the role as tutor low. This might be an 
important usability aspect regarding future robot companions. 

In this paper these two issues are addressed. First a 
method for recognition is proposed that uses shift invariant 
feature transform (SIFT) descriptors [2] that are learned with a 
one-class radial basis function support vector machine (RBF-
SVM) [3] to allow for open-ended learning of object 
appearances in batch mode i.e. there is one distinct training 
period for each object in which all necessary appearances are 
provided. The one-class method allows that an object can be 
learned in the absence of training samples from other past or 
future objects. Hence, it is not necessary that the number of 
objects has to be known a priory. Training samples of known 
objects don’t have to be kept in the system. This would be the 
case for a multi-class SVM scheme that is built up of several 
binary SVMs. Different approaches exist to build such a multi-
class network [4]. 

 

  
Fig. 1 Example of a modern robot companion and related manipulation tasks: 
The Care-O-bot II includes a mobile platform, a 6 DOF manipulator arm, and 

a variety of sensors such as color cameras and laser range finders to enable 
the perception of objects and humans. Left: the robot picks up a bottle, right: 

the robot takes a juice box out of the fridge. 
 

The second issue in this paper is a method that allows the 
robot to segment feature key-points from the background using 
a modern range imaging sensor [5] calibrated with a 
conventional color imaging sensor. The segmented key-points 
are fed into the one-class SVM to train the detection system. 

In chapter II some references to related work are given. 
Chapter III describes the recognition method based on SIFT 
key-points and the one-class RBF-SVM and the method for a 
first figure-background separation. In chapter IV 
measurements, experiments and results are reported. Finally, 
chapter V summarizes the work, draws some conclusions and 
points to future work.  
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II. RELATED WORK 

 The work presented here relates to some earlier work in 
learning object appearances [6] specifically to some more 
recent work in learning object appearances with SVMs e.g. [7] 
and [8]. The proposed method in this paper differs from 
previous work in that SIFT key-points are used in conjunction 
with the one-class RBF-SVM. Newer approaches to robot or 
"cognitive" vision stress the physical embodiment [9, 10] e.g. 
to solve the figure-background problem [9] or to enable 
autonomous learning through actively exploring object 
properties. In this work a modern time-of-flight range imaging 
sensor [5] is used for first figure-background separation. There 
is other work existing on using SVM classifiers in combination 
with key-points [11]. The aim is to retrieve abstract class 
knowledge. The work presented here differs in that the 
classifier is object-specific. The goal is to find a specific 
object in the scene on the basis of its appearances that are 
extracted in the learning phase. The generalization ability of 
the classifier is used to index object views or key-point 
descriptors with acceptable error rates and model corpus sizes. 
The novelty is that a one-class machine is used that separates 
well between the current object and unseen structures. In this 
paper the object appearances are shown the robot by the 
human tutor. A more autonomous active learning strategy is 
described in [12]. 
 

III. PROPOSED METHODS 

A. Recognition method: key-point learning and indexing with 
a one-class SVM  
 If an object is to be detected in the scene with a color 
imaging sensor there are various difficulties involved, among 
them: 

� Rotation and translation of the object  
� Different backgrounds  
� Change of lightening conditions  
� Effects of the near vicinity (occlusions, shadows) 
� Change of the object appearance due to deformations 
To be able to cope with these difficulties there are 

different approaches suggested in the computer vision 
literature. So-called interest points or feature points or 
sometimes referred to as feature key-points stressing their use 
as a key to recognition find locations in the image that 
optimize two properties: a high repeatability and high 
information content [13]. The feature key-points developed in 
[2] achieve high repeatability through the detection of scale-
space extrema (see [14] for an introduction) in the difference 
of Gaussians space calculated from the image. The high 
information content is obtained through a histogram of 
orientations. These feature key-points have been shown to be 
suited for object recognition [2] and robot navigation [15]. A 
second body of research deals with learning algorithms that 
can be used for e.g. visual character recognition. Support 
vector machines (SVM) can be used to index images 
containing object appearances [6, 7]. The interesting fact about 
these approaches is that the learning machine is trained with 

raw object images without any complex pre-processing. An 
example of a data base that is used in this context is introduced 
in [16].  

We propose an approach to the detection of a specific 
object under the difficulties that are described above that 
makes use of the results of both research areas: using modern 
feature key-points and a new SVM learning algorithm. See 
figure 2 for a discussion of this synthesis. If the object is 
shifted in x , y  and z  or rotated in �  then the SIFT key-
points are expected to be stable. However, if the object rotates 
in �  and �  then we can observe two effects: 

� New key-points enter the scene that could not be seen 
before and other key-points disappear. 

� The key-point descriptors change according to the 
local 3D surface structure of the object and due to 
self-occlusion. 

 

 
Fig. 2: An object placed in front of an imaging sensor and the coordinate 

frame attached. SIFT key-points are expected to be stable against shift in x 
and y and rotation around z. SVM-based detectors are typically stable against 

rotation around x and y. 
  

It is expected that a precise model of how the feature key-
point descriptors change while rotating in �  and �  is 
difficult to obtain. The goal is that the SVM learning algorithm 
provides a good model of descriptor changes of a specific 
object in these cases. The suggested strategy is to learn pre-
processed feature key-point descriptors with a one-class SVM. 
The pre-processing and the selection of the SVM model are 
described in the next two sub-paragraphs. 
 Color pre-processing. The SIFT filter is developed for 
typical gray-level images. To use it for color images we apply 
the SIFT filter to the value (brightness) channel of a HSV 
representation of the image. At the discrete point coordinates 
the hue and saturation values are extracted from the image and 
appended to the descriptor. The descriptors used here have 
128 dimensions and the pre-processed descriptors 130 (i.e. 
including the two additional color components).  
 SVM selection. For multi-class separation using binary 
SVMs there are different strategies possible [4] that for 
instance combine several SVMs that each separate between 
two classes. In such multi-class systems the number of classes 
must be known a priory since the number of connected SVMs 
depends on them. 
 In contrast to such conventional classifiers one-class 
methods try to describe the distribution of only one class in 
hyperspace. An algorithm based on the SVM idea is published 
in [3]. 
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Consider the set of "one-class only" training data: 
 

n
l Rxx �,...,1  (1) 

 
where n  is the dimension of the input space and l  is the 
number of samples (points) in this space. The one-class SVM 
algorithm finds a linear decision function 
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where �  is the weight vector and �   the offset. This function 
separates between the origin (zero) vector and the samples 
expressed in feature space using kernel function 
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This decision function separates the data from the origin with 
maximal margin and can cope with "outliers" through solving 
the optimization problem: 
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Here i�  is the distance of an outlier to the hyper-plane and �  
is a parameter that controls the number of outliers tolerated. In 
this paper we use the radial basis function (RBF) kernel: 
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This kernel function was used in experiments on character 
recognition [17] and also in experiments on machine fault 
detection reported in [18]. The RBF kernel has a number of 
advantages compared to other kernels stated in [21] and is 
suggested as the first choice to start with when encountering 
new learning problems. Also there exists already a strategy for 
selecting the kernel parameter �  such that low error rates can 
be achieved. Additionally, this kernel function can make suited 
non-separable problems separable through increasing �  and it 
is the only parameter to be optimized. The parameter �  
bounds the tolerated errors. In the setting here it is seen to 
depend on the complexity of a specific object that is to be 
learned. The parameter �  controls the kernel with. Therefore, 
this parameter effects all object models that are expressed in 
kernel space. That leads to the idea that �  should be 
optimized by the developer whereas �  should be found 
dynamically (i.e. object dependent). The proposed method to 
find a good �  is a variant of the strategy presented in [18] that 
constantly increases �  until the rate of positive true responses 

ptr  exceeds ��1 . In our approach, �  is constantly increased 

until the same criterion holds for a fixed � . Furthermore, the 

data is pre-clustered. The first sample "opens a bin", the next 
samples fall either into an existing bin in the case that the 
Euclidian distance to the first bin sample is below a distance 
threshold or they open a new bin. Experiments show that the 
false positive responses fpr  can be reduced significantly using 

this simple pre-clustering technique. In prediction mode 
several SVM models are effectively ORed together.  
  
B. First figure-background separation based on range 
segmentation 
 To acquire feature key-points that belong to the object a 
first figure-background problem needs to be solved. For this a 
range imaging sensor [5] is used. Figure 3 depicts the updated 
sensor head of the robot shown in figure 1. The range imaging 
sensor is mounted next to a conventional color imaging sensor. 
 

 
Fig. 3: Left: the time-of-flight range imaging sensor and the conventional 

color imaging sensor, right: both sensors mounted on the robot Care-O-bot II 
for the experiments that are reported in this paper. 

   
 With this sensor setting a direct calibration [20] can be 
used to obtain the color information of 3D points in the 
environment. The direct calibration is given by the following 
equations: 
 

23 pxpx CR +=  (6) 

01 pypy CR +=  (7) 
 

where ),( RR yx  are the coordinates in the range imaging 
sensor, ),( CC yx  are the coordinates in the color imaging 
sensor and 30...pp  are parameters to be estimated. Note, that 
this simplified method is not suitable for arbitrary settings. 
 The direct calibration can be used to cut out those pixels 
or feature key-points that occur in a certain region of 3D 
space. We call this range segmentation. To estimate the 
location of this region in space there are different scenarios 
possible. Figure 4 illustrates two of them.  
 In an interactive mode the object is shown to the robot by 
the human tutor and the location of the region surrounding the 
object is assumed to be available through a body-part tracking 
module. Such modules utilizing range imaging sensor are 
becoming available. If the human is detected in the 
environment [21] a cylinder model is fitted into the 
corresponding point cloud [22] and then tracked. The readings 
of the estimated kinematics model include the arm end-
position in which also the object occurs if it is grasped. 
Current work focuses on improving body-tracking such that is 
robust in the presence of grasped objects. 
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 In the case of the active autonomous strategy either a 
learning table is assumed to be known to the robot in terms of 
position or geometry [11] or the object is passed to the robot. 
Simple object passing can be realized using the local sensory 
systems integrated in the gripper (see [23] for a description of 
the sensors). If the object is placed on the learning table it can 
be segmented by only considering the 3D space above the 
table and fitting a 3D model sufficient for a first grab [11]. In 
both cases finally the robot possesses the object and can rotate 
it in order to produce new samples of appearances. 
 

Fig. 4: Illustration of the basic components for the interactive and active 
object learning scenarios. In the interactive mode the human holds the object; 
in the active mode the robot holds it. In both cases the rough location of the 

region surrounding the object in 3D space is available (see text). The object is 
then rotated in order to produce sample appearances. 

  
  In interactive and active learning there are disturbing 
visual components close to the object stemming from the 
human’s hand or from the robot’s gripper. The feature key-
point acquisition needs to be robust to this. One method to 
cope with this is to train the key-points of the human hand or 
the robot’s gripper first and then remove corresponding feature 
key-points by indexing them with the SVM method. In the 
experiment in section IV we did not explicitly remove these 
feature points. 
 

IV. EXPERIMENTS AND RESULTS 

A. Statistical Measurements on SIFT key-points in the COIL 
object data base 
 First statistical measurements on the distribution of SIFT 
key-points over the COIL data base [16] were performed in 
order to evaluate if these key-points can represent all objects 
of the data base. See figure 5 for examples of object images.  
 

 
Fig. 5: Examples of images of the COIL data base [16]. Top row: Views of 

object no. 1 at 0°, 30°, 60°, and 90°. Bottom row: Object no. 2 to object no. 5 
all at 0°.  

  
 The COIL data base contains 7200 images of 100 diverse 
objects. There are 72 views per object, respectively. The 
objects were placed on a turning table that was rotated about 
5° from view to view. All images were pre-processed such that 

there is uniform black background and the image size is the 
smallest enclosing square of the current object view. All 
images have the same size of 128x128 pixels. 
 In figure 6 the distribution of SIFT feature key-points over 
the value channels of all COIL images is shown. The software 
available at [24] is used for key-point extraction with the 
default parameters. The COIL data base is used in JPEG 
format. 
 

 
Fig. 6: The distribution of SIFT feature key-points over the value (grey) 

channels of the images of the COIL data base.  
  
 In average there are about 56 feature key-points in the 
value (brightness) channel per view of a COIL object. The 
lowest number of key-points is one (29 entries) and the largest 
number is 263. In average a complete object consists of 4026 
key-points (without any grouping). The complete data base 
contains 402,556 key-points. Since there are only 29 images 
containing one key-point it is assumed that all objects can be 
represented using the SIFT key-points.  
 
B. Experiments in complete image and key-point learning with 
a one-class RBF-SVM 

The first experiment conducted is aimed to show that the 
one-class RBF-SVM with the proposed parameter search 
strategy and pre-clustering can be used to classify complete 
COIL images as done in [7] with a classifier network. The 
images were converted into 32x32 sized gray-level images 
using the load and resize functions from openCV [26]. The 
normalized 1024 dimensional vectors of all COIL objects were 
learned with the one-class SVM from [25]. The parameter �  
was iteratively increased in 0.002 steps starting from 0.05 for 
each object and �  was set to 9=� . The true positive 
response of the one class SVM is about 88% and the false 
positive response 8%. In average 18.66 support vectors are 
needed from the initial 72 training views to describe the data. 

 This shows that the one-class SVM is well suited for 
complete image indexing. Even though the rates are worse 
than those in [7] it is seen positively that the one-class machine 
can be used with its advantages described. The rates were 
further improved through pre-clustering. The distance 
threshold was set to 5.0 and groups with less than 2 entries 
omitted. In average there were 5.69 groups per object. The 
true positive response rate achieved was 85% and the false 
positive response was only 1%. The average number of 
support vectors was 26.75. Therefore, it is possible to decrease 
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