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Abstract – Object localisation and identification is an important
crucial problem for advanced mobile service robots. We imple-
mented a neurobiologically plausible system on a robot that lo-
calises and identifies objects using a colour-based visual attention
control algorithm and a hierarchical neural network for object
classification. Object localisation and classification are performed
in two stages. First low-resolution features are used to determine
windows of attention in the robot’s camera image. Then high-
resolution visual features are used for object recognition. The ap-
proach is evaluated in a test scenario where a robot is located in
front of a table carrying different objects. The robot has to iden-
tify and manipulate these objects. We evaluated the total object
recognition performance and compared the effectiveness of dif-
ferent feature sets. The approach performed very well regarding
object localisation and classification results in this scenario and
meets real-time constraints.

Keywords – Visual attention, selective attention, object recog-
nition, hierarchical neural networks.

I Introduction

Detecting and identifying objects, in particular the
recognition of 3D objects are essential skills for
robots performing non-trivial tasks in real world
environments. In order to be able to solve object-
related problems the robot has to localise objects
of interest in a complex visual scene and has to
identify or categorise certain task-relevant objects.
The objects are usually recognised from 2D cam-
era images. Both object localisation and classifi-
cation should be robust and reliable.

We present a two-stage visual object recogni-
tion system that localises and identifies objects
using a colour-based visual attention control algo-
rithm and a hierarchical neural network for object
classification. First a window of attention is deter-
mined by means of low resolution colour and shape
information. If an interesting region is found, this
part of the image is analysed in more detail. High
resolution features such as edges, corners or T-
junctions are extracted from the determined win-

dow and used in a trained neural network for ob-
ject recognition. This two-stage process reflects
some properties of human or monkey vision such
as guidance of eye-movements by visual attention
and high resolution processing in the fovea ver-
sus decreasing resolution towards the periphery.
The visual scene is scanned for salient regions and
the fovea is successively centred on these regions,
where the information is processed in much more
detail than in the vicinity. Furthermore, this two-
stage process helps saving computational power
and thus facilitates sophisticated object recogni-
tion in real-time. To evaluate the approach, a test
scenario has been defined where a robot is located
in front of a table with different kinds of fruit
and other simple objects on it. The robot has to
perform a set of tasks: Localising and identifying
fruit-like objects followed by object-manipulating
tasks such as grasping, showing and moving spec-
ified fruits.



II Visual Attention Control

When locating relevant objects in complex visual
scenes it would be too time-consuming to sim-
ply look at all possible regions. Therefore a pre-
processing is necessary to segment the image into
interesting and non interesting regions. To reduce
the time expense of the following process steps
the number of regions that do not contain a rel-
evant object should be minimised. It also should
be ensured that all regions that contain a rele-
vant object will be detected in this step. This
pre-processing which separates meaningful objects
from the background is called visual attention con-
trol which defines rectangular windows of atten-
tion. These windows are called regions of interest.
A region of interest is defined herein as the small-
est rectangle that contains one single object of in-
terest. Figure 1 illustrates the process of placing
the region of interest.

Fig. 1. Meaningful objects are separated from the
background and are marked as regions of interest. The
object colour is used to identify objects of interest.
This also allows to detect partially occluded objects.

Important features can be selected by a top-
down guidance of the first (attention) process.
These low-resolution colour and shape features are
used to determine a window of attention [1] on
the camera image. Both task-independent features
such as colour or edges (bottom-up approach) and
task-specific features like width-to-height ratio of
the region of interest or specified object colour
(top-down approach) are used. Depending on the
task ranges are specified for the top-down features.
If the extracted features fall into these ranges the
detected region is regarded as potentially inter-
esting. The following calculations are performed
regardless of the task at hand, hence they can be
regarded as providing bottom-up information. Re-
gions of similar colour are identified using a flood-
fill algorithm [2]. The smallest rectangle contain-
ing the object is determined and the degree to
which the object fills this rectangle. As top-down
or task-related information the average colour of
the object, the size of the region of interest, the
ratio of width and height of the region of interest
as well as the ratio of number of pixels belonging
to the object and the total number of pixels in the
region of interest can be used. Thus it is possible,
for example to localise only objects of a specified
colour.

The attention control algorithm consists of six
consecutive steps. Camera images in the RGB for-
mat constitute the starting point of the attention
control algorithm. At first the original image is
smoothed using a 5 × 5 Gaussian filter. This also
reduces the variance of colours within the image.
The smoothed image is then converted to HSV
colour space, where colour information can be ob-
served independent of the influence of brightness
and intensity. In the following mainly the hue com-
ponents are considered. The next step is an adap-
tive colour clustering algorithm. For this purpose
the colour of the object of interest and a toler-
ance are specified. These values can be set at run
time by means of an application programme. The
HSV image is searched for colours falling into this
predefined range. Thereafter the mean hue value
of the identified pixels is calculated. This mean
value together with a predefined tolerance is now
used to once again search for pixels with colours
in this new range. The result is a binary image
where all pixels that fall into this colour range are
set to black and all others are set to white. Owing
to this adaptivity object detection is more robust
against varying lighting conditions. The results are
further improved using the morphological closing
operation [3]. The closing operation has the effect
of filling-in holes and closing gaps. In a last step a
floodfill algorithm [2] is applied to identify coher-
ent regions.

The region of interest is then determined by
the smallest rectangle that completely encloses the
region found. Simple heuristics are used to decide
whether a such detected region of interest contains
an object or not. For the problem at hand the
width-to-height ratio of the region of interest as
well as the the ratio of pixels belonging to the
object to pixels belonging to the background in the
region of interest are determined. If these ratios
fall into certain predefined ranges depending on
the objects to be detected the region is regarded
to contain an object.

This method allows for detecting several ob-
jects in one scene and can handle partial occlu-
sion to a certain degree. In the case of detecting
partially occluded objects it is necessary that the
objects have different colours.

In order to reduce the effort of the subsequent
classification task and hence helps to save compu-
tation time the localised objects are tracked. The
detected regions of interest are therefore stored
and compared to the regions of interest identi-
fied in the following images based on the mean
colours of the object, the size of the region of in-
terest and the number of pixels belonging to the
object. If these values match and the position of
the region has only slightly changed the object is
interpreted as the same object as in the previous



image. As images are available with a frame rate
of 15 - 30 images per second the position of a non-
moving object in the robot’s field of vision will
only change slightly from image to image. Hence,
on the basis of the previous images, expectations
about the future position of the regions are calcu-
lated. These are also used for matching. If one ob-
ject is regarded as the same in several subsequent
images it is only classified once. New classifica-
tion only takes place if the detected region differs
too much from the previous one. This may have
been caused by a new object or by an unexpected
change in position of the object tracked.

In our system the purpose of attention con-
trol is the localisation of all objects of interest in
a scene in real-time. Thus it is important to use
features that can be extracted fast. The usage of
simple features allows for fast feature extraction.

III Object Recognition

Once the objects are localised high-resolution vi-
sual features are extracted from each region of in-
terest. This yields independence of the extracted
features of scale and position of the localised ob-
ject. The selection of the features depends on the
objects to be classified. For the distinction of dif-
ferent fruits, appropriate features are those repre-
senting colour and the overall form. For the appli-
cation at hand we use the mean colour values of
the HSV representation of the detected region of
interest as well as orientation histograms [4] sum-
ming up all orientations (directions of edges rep-
resented by the gradient) within the region of in-
terest. These features proved suitable for the task
at hand. These characteristic feature vectors are
classified by a trained neural network.

To determine the mean colour values the cam-
era image is converted from RGB colour space to
HSV colour space [5]. For each colour channel the
mean value of the pixel belonging to the localised
object is calculated. Colour information is helpful
to distinguish e.g. between green and red apples.
Advantages of colour information are its robust-
ness to partial occlusion as well as its rotation and
scale invariance. Furthermore it can be effectively
calculated.

If neural networks are used for object recogni-
tion an object is represented by a number of fea-
tures, which form a d dimensional feature vector
x within the feature space X ⊆ IRd. A classifier
therefore realises a mapping from feature space X
to a finite set of classes C = {1, 2, ..., l}. A neu-
ral network is trained to perform a classification
task using supervised learning algorithms. A set
of training examples S := {(xµ, tµ), µ = 1, ...,M}
is presented to the network. The training set con-
sists of M feature vectors xµ ∈ IRd each labelled

with a class membership tµ ∈ C. During the train-
ing phase the network parameters are adapted to
approximate this mapping as accurately as pos-
sible. In the classification phase unlabelled data
xµ ∈ IRd are presented to the trained network.
The network output c ∈ C is an estimation of the
class corresponding to the input vector x.

The object classification is performed by a hi-
erarchical neural network [1]. It consists of sev-
eral simple neural networks that are combined in
a tree, i.e. the nodes within the hierarchy represent
individual neural classifiers. For the application at
hand RBF networks were used as neural classifiers.
The basic idea of hierarchical neural networks is
the hierarchical decomposition of a complex clas-
sification problem into several less complex clas-
sification problems. The hierarchy emerges from
recursive partitioning of the original set of classes
C into several disjoint subsets Ci until subsets con-
sisting of single classes result. Ci is the subset of
classes to be classified by node i, where i is a re-
cursively composed index reflecting the path from
the root node to node i. The subset Ci of node i
is decomposed into s disjoint subsets Ci,j , where
Ci,j ⊂ Ci, Ci = ∪s−1

j=0Ci,j and Ci,j ∩ Ci,k = ∅.
The total set of classes C0 = C is assigned to
the root node. Thus nodes at higher levels of the
hierarchy classify between fewer but larger sub-
sets of classes whereas nodes at the lowest level
discriminate between single classes. This divide-
and-conquer strategy yields several simple clas-
sifiers, that are more easily manageable, instead
of one extensive classifier. These simple classifiers
can be amended much more easily to the decom-
posed simple classification tasks than one classifier
could be adapted to the original complex classi-
fication task. Furthermore different feature types
Xi are used within the hierarchy. For each classi-
fication task the feature type that allows for the
best discrimination is chosen. An example of such
a hierarchy is shown in figure 2.

The hierarchy is generated by unsupervised k-
means clustering. In order to decompose the set
of classes Ci assigned to one node i into s dis-
joint subsets a k-means clustering is performed
with all data points {xµ ∈ Xi|tµ ∈ Ci} belong-
ing to these classes. Depending on the distribution
of the classes across the k-means clusters s dis-
joint subsets Ci,j are formed. One successor node
j corresponds to each subset. For each successor
node j again a k-means clustering is performed to
further decompose the corresponding subset Ci,j .
The k-means clustering is performed for each fea-
ture type. The different clusterings are evaluated
and the clusterings which group data according to
their class labels are preferred. Since the k-means
algorithm depends on the initialisation of the clus-



Fig. 2. Classifier hierarchy generated for the classifica-
tion of different kind of fruits using two feature types:
orientation histograms and colour information. Each
node within the hierarchy represents a neural network
or a classifier respectively. The end nodes represent
classes. To each node a feature type and a set of classes
is assigned. The corresponding neural network uses the
assigned feature type to discriminate between the as-
signed classes.

ters, k-means clustering is performed several times
per feature type.

The hierarchy is trained by separately train-
ing the individual classifiers with the data {xµ ∈
Xi|tµ ∈ Ci} that belong to the subsets of classes
assigned to each classifier. The data will be rela-
belled so that all data points of the classes be-
longing to one subset have the same label. The
classifiers within the hierarchy can be trained in-
dependently, i.e. all classifiers can be trained in
parallel.

The classification result is obtained similar to
the retrieval process in a decision tree [6]. Starting
with the root node the respective feature vector
of the object to be classified is presented to the
trained classifier. By means of the classification
output the next classifier to categorise the data
point is determined, i.e. the classifier correspond-
ing to the highest output value is chosen. Thus
a path through the hierarchy from the root node
to an end node is obtained which not only repre-
sents the class of the object but also the subsets
of classes to which the object belongs. Hence the
data point is not presented to all classifiers within
the hierarchy. If only intermediate results are of in-
terest it is not necessary to evaluate the complete
path.

The hierarchical decomposition of the classifi-
cation problem yields additional intermediate in-
formation. In order to solve a task it might be suf-
ficient to know whether the object to be recognised
belongs to a set of classes and the knowledge of the
specific category of the object might not add any
value. If the task for example is to grasp an apple,
it is not necessary to distinguish between red and
green apples. The hierarchy also facilitates a link
between symbolic information and sub-symbolic
information. The classification itself is performed

using feature vectors which represent sub-symbolic
information, whereas symbolic knowledge can be
provided concomitantly via the information about
the affiliation to certain subsets of classes. The us-
age of neural networks allows the representation
of uncertainty of the membership to these classes
since the original output of the neurons is not dis-
crete but continuous. Moreover a distributed rep-
resentation can easily be generated from the neu-
ral hierarchy. Since the hierarchy is generated us-
ing features which are based on the appearance
of the objects such as orientation or colour infor-
mation it primarily reflects visual similarity. Thus
it allows the generation of a sparse similarity pre-
serving distributed representation of the objects.
A straight-forward approach is the usage of binary
vectors of length corresponding to the total num-
ber of neurons in the output layer of all networks in
the hierarchy. The representation is created iden-
tifying the strongest activated output neurons for
each node. The corresponding elements of the code
vector are then set to 1, the remaining elements are
set to 0. These properties are extremely useful in
the field of neuro-symbolic integration [7] [8] [9].
For limited task of object localisation and classi-
fication a distributed representation may not be
relevant, but in the overall system in the Mirror-
Bot project this is an important aspect [10].

IV Results

We evaluated the object localisation approach us-
ing a test data set which consisted of 1044 im-
ages of seven different fruit objects. The objects
were recorded under varying lighting conditions.
The images contained a single object in front of
a unicoloured background. On this data set all
1044 objects were correctly localised by the atten-
tion control algorithm. No false-negative decisions
were made, i.e. if there was an object in the scene
it has been localised, and only 23 decisions were
false-positive, i.e. regions of interest were marked
although they did not contain an object. In or-
der to handle these cases appropriately the classi-
fier should be able to recognise unknown objects.
This could be achieved by adding an additional
class for unknown objects and training the classi-
fier with examples of unknown objects or by evalu-
ating the classifier output to identify weak outputs
which are likely to be caused by unknown objects.
The algorithm was also tested on images that con-
tained more than one object. It was found that the
number of objects within the image did not have
an impact on the performance of the algorithm
as long as the objects are not occluded. Likewise
different background colours and textures did not
impact the performance provided that the back-
ground colour is different from the object’s colour.



Fig. 3. Examples of the images used. They contain
different fruits in front of various backgrounds.

Figure 3 shows examples of the images used
to evaluate the approach. They vary in type and
number of fruits present as well as in background
colour and structure. The hierarchical classifier
was evaluated using a subset of the data. This
subset consists of 840 images, i.e. 120 images
per object showing different views of the object.
Figure 2 depicts the hierarchy generated by the
above described algorithm for the classification of
seven fruit objects. Using 10-times 5-fold cross-
validation experiments have been conducted on a
set of recorded camera images in order to evaluate
our approach.

Fig. 4. The confusion matrix shows row by row to
which percentage objects of one class were classified as
which class. If no confusions occurred the correspond-
ing field on the matrix diagonal is marked in light grey.
Confusions are marked in dark grey.

We compared the performance of non-
hierarchical RBF networks utilising orientation
histograms or colour information respectively as
feature type to the hierarchical RBF classifier
architecture presented above. The classification
rates are displayed in the box and whiskers plot
in figure 5. Compared to simple neural networks
that only used one feature type the performance of
a hierarchical neural network is significantly bet-

Fig. 5. The box and whisker plot illustrating the clas-
sification accuracy of non-hierarchical and hierarchical
classifiers. The non-hierarchical classifiers were used to
evaluate the different feature types used.

ter. The average accuracy rate of the hierarchical
classifier was 94.05±1.57% on the test data set and
97.92±0.68% on the training data set. The confu-
sion matrix in figure 4 shows that principally green
apples were confused with red apples and yellow
plums. Further confusions could be observed be-
tween red plums and red apples.

The performance of the approach was tested
on a Linux PC (Intel Pentium Mobile 1,6 GHz,
256 MB RAM). The average time for one recog-
nition cycle including object localisation, feature
extraction and object classification was 41 ms.

The approach was also evaluated in a test sce-
nario where a robot is situated in front of a table
[11]. Different objects lie on this table. Moving and
looking around the robot has to identify and ma-
nipulate specified objects. Figure 6 shows this sce-
nario. The approach is also successfully applied in
soccer-playing robots of our RoboCup team. This
proved that the robot is able to localise and iden-
tify fruits not only on recorded test data sets but
also in a real-life situation. A video of this can be
found in [12].

V Conclusions

This paper addresses the problem of object identi-
fication from 2D images. We presented an iterative
object recognition approach comprising a colour-
based visual attention control algorithm for object
localisation and a hierarchical neural network for
object classification. The approach features fast
and robust object detection and recognition. The
experiments carried out showed very encouraging
results. On the image data set used the object lo-
calisation algorithm detected all objects of interest
and only few regions that did not contain an ob-
ject were selected. Also multiple objects per im-
age as well as different background colours and



Fig. 6. In the test scenario the robot is situated in
front of a table. Different objects are laying on this
table. The robot has to grasp or point to specified
objects.

textures can be handled. The features used for
object recognition proved suitable for classifica-
tion of fruits. The approach meets real-time con-
straints since it is very fast. The classification ac-
curacy of the hierarchical classifier could be sig-
nificantly improved compared to non-hierarchical
classifiers. Moreover the hierarchical organisation
of the neural networks allows for a sparse coding
of visual similarity as well as a linking between
sub-symbolic and symbolic information. Hence the
proposed approach forms a good foundation for
further research in pattern recognition and neuro-
symbolic integration.

The importance of top-down selection of
saliency-features such as colours in practical ap-
plications is quite evident. It will be further eval-
uated in our next experiments. We will also eval-
uate the suitability of additional features such as
colour histograms, form information and wavelets.
In order to amplify the adaptivity of the approach
we will enhance the approach to be able to learn
new objects and thus adapt to new situations. Fur-
thermore the object tracking will be enhanced in
order to be able not only to track objects that stay
within the field of vision but also objects that are
momentary out of sight.
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