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Abstract

Object localisation and identification is a crucial problem for advanced mobile service
robots. We developed an object recognition system that localises and identifies objects us-
ing a colour-based visual attention control algorithm and a hierarchical neural network
for object classification utilising hierarchical class grouping. The approach is evaluated
in a test scenario where a robot is situated in front of a table. The robot has to identify
and manipulate objects lying on this table. We evaluated the total object recognition per-
formance and compared the effectiveness of different feature sets. The approach showed
very encouraging results and meets real-time constraints.

1 Introduction

In robotics object recognition, in particular the recognition of 3D objects plays an important role. In
order to fulfil specified tasks the robot has to localise and identify or categorise certain task-relevant
objects. The objects are usually recognised from 2D camera images. Here we use a neural network
approach: Characteristic feature vectors are extracted from the image and then these feature vectors
are classified by a trained neural network. 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 recognise these objects, i.e.
classify the objects as belonging to one of a given number of categories or classes. Object localisation
and identification should be robust and reliable. This means independence of complex backgrounds,
object transformation such as magnification, rotation and different position of the object in the scene
as well as varying lighting conditions. This is accomplished by firstly separating the objects from the
background as well as the usage of lighting invariant features. In order to meet real-time constraints
inherent to robotic tasks the features need to be calculated in an efficient manner. Hence features are
only calculated on a small region containing the object instead of the complete image. The usage of
features which can be calculated fast and efficient further contributes to this.

In this paper we propose a neural architecture that performs object localisation and classification
using a colour-based visual attention control algorithm and a hierarchical neural network. We chose an
iterative approach where first the object is localised and afterwards the localised object is classified.
The hierarchical neural network utilises hierarchical class grouping whereby the decision process
is split into multiple steps exploiting rough to detailed classification. To evaluate our approach we



defined a test scenario where the robot is located between two tables with fruits on them. 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 specified fruits. In the following we are going to take a
closer look at the tasks of object localisation and recognition.

2 System Architecture

The object classification is performed in three stages, i.e. the system consists of three components
which are executed consecutively. The input of one component is the output of the predecessor
component. First objects of interests are to be localised within the robot’s camera image. Since neither
the camera image solely contains the object of interest but also background as well as possible other
objects nor is guaranteed that the object is located in the centre of the image, it is necessary to perform
a pre-processing of the image. In the course of this pre-processing a demarcation of the objects from
the background and from each other as well as a localisation of the objects takes place. For this a
colour-based visual attention control algorithm is used to find region of interests within the camera
images. These regions contain objects to be classified. Once the objects are localised, characteristic
features like orientation histograms or colour information are extracted. These features should be
invariant to lighting conditions. In order to save computing time the features are not extracted from
the entire image but only from the regions of interest containing only the object. These features are
used to classify the localised objects. The object classification is performed using a hierarchical neural
network. The object classification process is shown in Figure 1.

Figure 1. The classification system consists of three components arranged in successive order:
object localisation, feature extraction and classification. The figure depicts the interconnections
as well as the inputs and outputs of the miscellaneous components. Starting with the robot’s
camera image the classification process is shown.

Time is a crucial factor for service robots. In the suggested approach time consuming image pro-
cessing algorithms used for feature extraction are only calculated on the identified regions of interest
not on the complete image. This results in saving of computation time. Moreover the extracted fea-
tures are shift and scaling invariant since the object is centred. This yields improved classification
results. The fact that in a first step meaningful objects are separated from meaningless background
further improves the classification. Moreover, this accounts for invariance of the classification regard-
ing background conditions.

The suggested approach is implemented on the PeopleBot base by ActivMedia. To integrate the
implemented functionality on the robot we used Miro. Miro is already successfully used on our
RoboCup robots [10]. Miro [14] [30] is a robot middleware framework that allows to control the
robot’s hardware and facilitates communication with other programs by using Corba. Miro supports
distributed computing, i.e. time consuming calculations with low i/o-rates can be outsourced to other
computers. Miro also facilitates the usage of the same application on different robot platforms. Hence
the software developed runs as well on the PeopleBot as on the RoboCup robots.



For this work only the video part of Miro was used. To grab the camera images and to provide them
for the subsequent calculations a Miro feature called Video Service was used. The Video Service
collects the images from the frame grabber card and makes them available for other software. The
robot’s camera provides 8-bit RGB colour images of size384 × 288. The size corresponds to Pal/4.
These images form the starting point for the object localisation algorithm and the feature generation.

3 Object Localisation

When recognising relevant objects from images firstly interesting regions have to be identified within
the image. These regions potentially contain an object and will be subject to closer examination. Due
to extensive time exposure it is neither practicable nor meaningful to 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 relevant object should be minimised. Also should be ensured that all regions that contain
a relevant object will be detected in this step. This pre-processing step which separates meaningful
objects from the background is called visual attention control with placing of regions of interest (ROI).
A region of interest is here defined as the smallest rectangle that contains one single object of interest.
Figure 2 shows the process of placing the region of interest.

Figure 2. Meaningful objects are separated from the background and are marked as regions of
interest.

Especially in the field of robotics real-time requirements have to be met, i.e. a high frame process-
ing rate is of great importance. Therefore the usage of simple image processing algorithms is essential
here.

Camera images in the RGB format constitute the starting point of the attention control algorithm.
Firstly the image is searched for regions that show only minimal changes in colour and brightness.
For this six specified windows within the image are looked at. Since the background colour varies
due to lightning condition and shading it is necessary to use six windows which are evenly distributed
so that they cover almost the complete image. The predefined location and the size of the windows
are shown in Figure 3. The windows are compared to each other regarding colour and brightness. If
at least three of the six windows are sufficiently similar in colour and brightness, i.e. if the variation
in colour and brightness is lower than a predefined threshold, this colour is assumed to belong to a
largely single-coloured background. This colour is eliminated from the original image by setting all
pixel of this colour range to white. The resulting image shows objects in front of white background.
This reduces the calculation expense of the following steps since only the remaining part of the image
has to be considered in the following. For the chosen arrangement three windows can only have the
same colour if they either contain part of the background or if they contain part of a large object.
Thus the elimination is justified in either case, since the recognition of an object exceeding the image
boundaries is not possible anyway. In order to be able to classify an object the object must fit in the
maximal window size which here is defined by the image size.



Figure 3. Windows used to identify unicoloured background.

Next a Gaussian pyramid [9] is calculated on the image. For further processing we take the smallest
and most heavily smoothed image of the size96× 72 of the pyramid. Objectionable noise is reduced
by the smoothing operation. The reduced resolution also facilitates fast computation. On the reduced
image the average colour of the background is calculated and is eliminated from the image. The
resulting image only contains the objects of interest as well as striking background textures. A floodfill
algorithm is applied to each pixel in order to find regions of similar colour. 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 so 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 pixel belonging to
the object to pixel belonging to the background in the region of interest are determined. This method
allows for detecting several objects in one scene.

4 Feature Extraction

Simply using the raw image data for classification would be too intricate. Furthermore dispensable
and irrelevant information would be obtained. Therefore it is necessary to extract characteristic fea-
tures from the image which are suitable for classification. These features are more informative and
meaningful for they contain less redundant information and they are of a lower dimensionality than
the original image data. To reduce calculation time features will be extracted from the detected re-
gions of interest instead from the complete image. Thus even expensive image processing methods
can be used to calculate the features. The so extracted features will also be translation and widely
scaling invariant if the object was localised precisely enough.

The selection of the features depends among other things on the objects to be classified. For the
distinction of different fruits features representing colour and form of the object present appropriate
features. Among others we use the mean colour values of the HSV representation of the detected
region of interest as well as orientation histograms [7] summing up all orientations within the region
of interest.

To determine the mean colour values the camera image is converted from RGB colour space to
HSV colour space [28]. For each channel the mean value of the localised object within the region of
interest is calculated. Colour information is helpful to distinguish e.g. between green and red apple.
Advantages of colour information are its scale and rotation invariance as well as its robustness to
partial occlusion. Furthermore colour information can be effectively calculated.

To calculate the orientation histograms which represent the form of the object the gradient inx and
y direction of the grey value image is calculated using the Sobel edge detector [8]. The gradient angles
are discretised. Here we divided the gradient angle range into eight sections. The discrete gradient
directions are weighted with the gradient value and summed to form the orientation histogram. The
orientation histogram provides information about the directions of the edges and their intensity.

It has been found that the results achieved could be improved if not only one orientation histogram



Figure 4. The image is split into sub-images. For each sub-image an orientation histogram is
calculated by summing up the orientations that occur in this sub-image. For reasons of simplicity
non-overlapping sub-images are depicted.

per region of interest is used to represent the form of the object but several orientation histograms
are calculated from different parts of the region of interest. The region of interest is therefore split
into m ×m parts of the same size. For each part a separate orientation histogram is calculated. The
concatenated orientation histograms then form the feature vector. If the parts overlap by about 20%
the result improves further. We chose to divide the image into3 × 3 parts with approximately 20%
overlap. Figure 4 illustrates how an orientation histogram is generated.

The dimension of the feature vector depends only on the number of sub-images and the number of
sections used to discretise the gradient angle. The orientation histogram is also largely independent
of the resolution of the image used to extract the features.

5 Hierarchical Object Recognition

Neural networks are used for a wide variety of object classification tasks [2]. An object is represented
by a number of features. These features form ad dimensional feature vectorx within the feature space
X ⊆ IRd. A classifier therefore realises a mapping from feature spaceX to a finite set of classes
C = {1, 2, ...l}. A neural network is trained to perform a classification task using supervised learning
algorithms. A set of training examplesS := {(xµ, tµ)µ = 1, ...M} is presented to the network. The
trainings set consists ofM feature vectorsxµ ∈ IRd each labelled with a class membershiptµ ∈ C.
During the training phase the network parameters are adapted to approximate this mapping as accurate
as possible. In the classification phase unlabelled dataxµ ∈ IRd is presented to the trained network.
The network outputc ∈ C is an estimation of the class corresponding to the inputx.

5.1 Hierarchical Neural Networks

The basic idea of hierarchical object recognition approaches is the division of a complex classification
task into several smaller and less complex classification tasks [24]. The approach that is presented
here hierarchically decomposes the original classification problem into a number of less extensive
classification problems. Starting with coarse discriminations between few but large subsets of classes
at higher levels of the hierarchy the discriminations are stepwise refined. At the lowest levels of the
hierarchy there are discriminations between few single classes. Thus the hierarchy emerges from suc-
cessive partitioning of sets of classes into disjoint subsets, i.e the original set of classes is recurrently
decomposed into several disjoint subsets until subsets consisting of a singe element emerge. This



leads to a decrease of the number of class labels presented to one node with increasing depth of this
node.

The hierarchical neural network consists of several simple non-hierarchical neural networks that
are stratified as a tree or more generally as a rooted directed acyclic graph, i.e. each node within
the hierarchy represents a neural network that works as a classifier. The division of the complex
classification problem into several less complex classification problems entails that instead of one
extensive classifier several simple classifiers are used which are more easily manageable. This has
not only a positive effect on the training effort, but also can the classifiers be amended much better
to the decomposed simple classification problems than one classifier could be adapted to a complex
classification task. The use of different feature types additionally facilitates the classification tasks,
since for each classification task the feature type that allows for the best discrimination can be chosen.
Hence for each data point within the training set a feature vector for each prototype is available.
Moreover the hierarchical composition of the classification result provides additional intermediate
information. In order to solve a task it might be sufficient 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.

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 informa-
tion, whereas symbolic knowledge is provided concomitantly via the information about the affiliation
to certain subsets of classes. The usage of neural networks allows the representation of uncertainty
since the original output of the neurons is not discrete but continuous. Moreover a distributed repre-
sentation can easily be generated from the neural hierarchy. Since the hierarchy is generated using
features which are based on the appearance of the objects such as orientation or colour information
it reflects visual similarity. Thus it allows the generation of a spare similarity preserving distributed
representation of the objects. A straight-forward approach is the usage of binary vectors of length
corresponding to the total number of neurons in the output layer of all networks in the hierarchy. The
representation is created identifying the strongest activated output neurons for each node. The cor-
responding elements of the code vector are then set to1, the remaining elements are set to0. These
properties are extremely useful in the field of neuro-symbolic integration [5] [21] [16]. For separate
object localisation and recognition distributed representation is not relevant, but in the overall system
enabling the robot to perform object-manipulating tasks this is an important aspect [13].

5.2 Hierarchy Generation

The hierarchy is generated by unsupervised k-means clustering [29]. In order to decompose the
set of classes assigned to one node into disjoint subsets a k-means clustering is performed with all
data points belonging to these classes. Depending on the distribution of the classes across the k-
means clusters disjoint subsets are formed. One successor node corresponds to each subset. For
each successor node again a k-means clustering is performed to further decompose the corresponding
subset. The k-means clustering is performed for each feature type. Since the k-means algorithm
depends on the initialisation of the clusters, k-means clustering is performed several times per feature
type. The number of clustersk must be at least the number of successor nodes or the number of
subsets respectively but can also exceed this number. If the number of clusters is higher than the
number of successor nodes several clusters are grouped together so that the number of groups equals
the number of successor nodes. All possible groupings are evaluated. In the following all equations
only refer to clusterings for reasons of simplicity, i.e. the number of clustersk equals the number
of successor nodes. A valuation function is used to rate the clusterings or groupings respectively.
The valuation function prefers clusterings that group data according to their class labels. Clusterings
where data is uniformly distributed across clusters notwithstanding their class labels are rated purely.



Furthermore clusterings are preferred which evenly divide the classes. Thus the valuation function
rewards unambiguity regarding the class affiliation of the data assigned to a prototype as well as
uniform distribution regarding the number of data points assigned to each prototype.

The valuation function consists of two terms regulated by a scaling parameterλ > 0. The first term
calculates the entropy of the distribution of each class across the different clusters. This accounts for
unambiguous distribution of the data considering the corresponding classes. The first term becomes
minimal if for all classes is ensured that all data belonging to one class is assigned to one cluster. The
term becomes maximal if all data belonging to one class is uniformly distributed across all clusters.
The second term computes the deviation from the uniform distribution. This term becomes minimal if
each cluster is assigned the same number of data points. This allows for the even division of the classes
into subsets. During the hierarchy generation phase we are looking for clusterings that minimise the
valuation function. The influence of the respective term is regulated by the scaling parameterλ. Both
terms are normalised that they return values of the interval[0, 1]. The valuation function is given by
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|Xi| denotes the rate of classi, which was assigned to clusterj. The set of data points
that belong to classi is defined asXi = {y = 1, ...,M ; tµ = i} ⊆ X. The set of data points that were
assigned to clusterj are defined asZj = Rj

⋂
X whereRj = {x ∈ IRd|j = argmini=1,...,k‖x− zi‖}

denotes the Voronoi cell [6] defined by clusterj. zj is the centre of clusterj. The best clustering
or grouping respectively, i.e. the one that minimises the valuation function, is chosen and is used
for determining the division of the set of classes into subsets. Moreover this also determines which
feature type will be used to train the corresponding classifier. So each classifier within the hierarchy
can potentially use a different feature type and thereby operates in a different feature space. To identify
which classes will be added to which subset the data is presented to the trained k-means network. The
division in subsetsCj is carried out by maximum detection. The set of classes belonging to subsetCj

is defined asCj = {i ∈ C|j = argmax{q−i, 1, ..., qi,k}}whereqi,j = |Xi∩Zj |
|Zj | denotes the rate of class

i in clusterj. For each class is determined to which cluster or group of clusters the majority of data
points belonging to this class were associated. The class label will then be added to the corresponding
subset.

To generate the hierarchy firstly the set of all classes is assigned to the root node. Starting with a
clustering on the complete data set the set off classes is divided into subsets. Each subset is assigned
to a successor node of the root node. Now the decomposition of the subsets is continued until no
further decomposition is possible or until the decomposition does not lead to a new division. An
example of a classification hierarchy is shown in Figure 5.

5.3 Training And Classification

Within the hierarchy different types of classifiers can be used. Examples of classifiers would be radial
basis function (RBF) networks, linear vector quantisation classifiers or support vector machines. We
chose RBF networks [4] as classifiers. They were trained with a three phase learning algorithm [26].

The hierarchy is trained by separately training each neural network within the hierarchy. The clas-
sifiers are trained using supervised learning algorithms. Each classifier is trained only with data points
belonging to the classes assigned to the corresponding node hence the complete training set is only
used to train the classifier that represents the hierarchy’s root node. The classifiers are trained with
the respective feature type identified during the hierarchy generation phase. To train the classifiers
the data will be relabelled so that all data points of the classes that belong to one subset have the



Figure 5. Classifier hierarchy generated for the classification 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. 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 assigned classes.

same label. The classifiers within the hierarchy can be trained independently, i.e. all classifiers can
be trained in parallel.

The classification result is retrieved similar to the retrieval 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 result the next classifier to categorise the data point is determined. Thus
a path through the hierarchy is obtained which not only represents 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 classifier
within the hierarchy. If only intermediate results are of interest it is not necessary to evaluate the
complete path.

6 Experimental Results

We evaluated the object localisation approach using a test data set which consisted of 1044 images 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 attention 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. The algorithm was
also tested on images that contained 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 background colour is different from the object’s colour. Figure 6 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.

Figure 6. Examples of the images used. They contain different fruits in front of various back-
grounds.

The hierarchical classifier was evaluated using a subset of the data set. This subset consists of
840 images, i.e. 120 images per object showing different views of the object. Figure 5 shows 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.

green 
apple

red 
apple

tange-
rine orange yellow 

plum
red 
plum lemon

green 
apple 79,39 12,5 0 0 5,33 2,78 0

red 
apple 2,9 91,54 0 0 0 5,56 0

tange-
rine 1,39 0 98,61 0 0 0 0

orange 0 0 0 100 0 0 0

yellow 
plum 2,78 0 0 0 97,22 0 0

red 
plum 0 6,95 0 0 0 93,05 0

lemon 0 0 0 1,39 0 0 98,61

Figure 7. The confusion matrix shows row
by row to which percentage objects of one
class were classified as which class. If
no confusions occurred the corresponding
field on the matrix diagonal is marked in
light grey. Confusions are marked in dark
grey.

Figure 8. Box and Whisker plot illus-
trating the classification accuracy of non-
hierarchical and hierarchical classifiers. The
non-hierarchical classifiers were used to eval-
uate the different feature types used.

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 pre-
sented above. The classification rates are displayed in the Box and Whiskers plot in Figure 8. Com-
pared to simple neural networks that only used one feature type the performance of a hierarchical
neural network is significantly better. The average accuracy rate of the hierarchical classifier was



94.05 ± 1.57% on the test data set and97.92 ± 0.68% on the train data set. The confusion matrix
in Figure 7 shows that principally green apples were confused with red apples and yellow plums.
Further confusions could be observed between 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 recognition cycle including object localisation, feature extraction
and object classification was 41 ms.

Furthermore the object recognition system was tested on the robot. Thereto we defined a simple
test scenario in which the robot has to recognise fruits placed on a table in front of him. This proofed
that the robot is able to localise and identify fruits not only on recorded test data sets but also in a
real-life situation.

7 Related Work

Object localisation and recognition are well known problems in current literature. There are many
approaches to find and classify objects within an image. There are various approaches for three-
dimensional object recognition e.g. [3] [15]. Multiple classifier systems for 3D-object recognition
are described in [1] [12]. These architectures are serial multiple classifier systems exploiting hierar-
chical output coding. It has been shown that improved recognition performance could be achieved
by decomposing the decision process into several stages utilising coarse to fine classification. These
approaches rank among model-based object recognition [23]; object localisation is not their subject.
The approach presented in this paper is not model-based, but it classifies objects from single views.
Poggio et. al. used a radial basis function network architecture for view-invariant object recognition
[22]. An appearance-based approach to object recognition using colour, shape and texture histograms
and a feed-forward neural network is presented in [17] [18]. Fairly expensive features are used in
this approach. Objects are not localised before classification. Nayar and Murase describe in [19]
[20] another appearance-based object recognition approach which comprehends image segmentation,
feature extraction and appearance matching utilising splines and radial basis function networks for
object classification. Eigenspace representations are used as features. In [11] [25] [27] examples of
object recognition approaches developed and investigated within our department are presented. The
hierarchical approaches showed encouraging results. The approaches differ in particular with respect
to the way the classifier hierarchy is generated and the kind of features and classifiers used within
the hierarchy. Another approach for the localisation of a previously recognised object by modeling
”what” and ”where” pathways is described in [31]. This approach focuses on the object localisation.

8 Conclusion And Future Work

This paper adressed the problem of object identification 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 re-
sults. On the image data set used the object localisation algorithm detected all objects of interest and
only few regions that did not contain an object were selected. Also multiple objects per image as well
as different background colours and textures can be handled. The features used for object recognition
proofed suitable for classification of fruits. The approach meets real-time constraints since it is very
fast. The classification accuracy of the hierarchical classifier could be significantly improved com-
pared 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 subsymbolic and symbolic



information. Hence the proposed approach forms a good foundation for further research in pattern
recognition and neuro-symbolic integration.

It might be beneficial to further evaluate the classification architecture using different neural clas-
sifiers such as support vector machines or learning vector quantisation networks and using additional
feature types such as colour, edge and texture histograms as well as simple geometric features. We
also plan to further evaluate the performance of our approach against more challenging scenarios with
more object categories, complex backgrounds and partial occlusion of the objects. Resolving occlu-
sion by using additional views of the object is intended. A top-down approach which uses additional
information for the localisation of the objects as well as for the classification promises to further
improve the results. Additional information could be e.g. task related information.
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