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Introduction & Motivatio

Object localisation and identification, in particular the recognition
of 3D objects is a crucial problem for advanced mobile service
robots. 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.
Both object localisation and classification should be robust and
reliable.

We present a two-stage visual object recognition system that
localises and identifies objects using a colour-based visual
attention control algorithm and a hierarchical neural network for
object classification.

The approach was evaluated in a test scenario where a robot is
situated in front of a table [1]. The robot has to identify and
manipulate objects lying on this table. Furthermore the approach
is also applied in soccer-playing robots of our RoboCup team.

Test scenario: The
robot is situated in
front of a table.
Different objects are
lying on the table.
The robot has to
grasp or point to
specified objects.

System Architecture

The object recognition is performed in three stages:
1. Object localisation

2. Feature extraction

3. Object identification

=)

The object recognition system consists of three components in successive order: object
localisation, feature extraction and object classification. The figure depicts the interconnections as
well as the inputs and outputs of the components. Starting with the robot's camera image the
recognition process is shown.
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Conclusions & Future

The presented approach features fast and robust object detection and recognition.
The two-stage approach facilitates the saving of computational power and the
performance of sophisticated object recognition in real-time.

The features used proved suitable for the classification of fruits.

The classification accuracy of the hierarchical classifier could be significantly
improved compared to non-hierarchical classifiers. Moreover the hierarchical
organisation of the neural networks allows for sparse coding of visual similarity as
well as a linking between sub-symbolic and symbolic information.

We will further evaluate the classification architecture using additional feature types
such as colour, edge and texture histograms as well as the top-down features used
by the attention control and a few other 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.

An amplified usage of top-down information, i.e. task-related information, for the
classification promises further improvement of the results.

It is intended to also deal with occluded objects. In this case it might be necessary to
use different views of the same object for classification.
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Visual Attention Control

Low-resolution colour and shape information is used to determine a window of
attention [2]. This window is called region of interest. Both task-independent features
(bottom-up) and task-specific features (top-down) are used. Depending on the task
the top-down features have to be in a certain rage. These feature values also
determine the order in which the localised objects are processed.

Bottom-up: Top-down:

- Separate objects from the background - Calculate the ratio of width and height
(elimination of the average background of the region of interest.

colour) in order to reduce computation - Compute the ratio of number of pixels
time. belonging to the object to the total
- Find regions with similar colour using a number of pixel in the region of interest.

flood-fill algorithm [3]. - Identify the average colour of object

- Determine the smallest rectangle pixels.
containing the object and the degree to - Determine the size of the region of
which the object fills this rectangle. interest.

In our system the purpose of attention control 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.

Smoothedimage  Binarylmage  Regions of Interest

Starting from the original camera image regions
of interest are identified by smoothing the
image using gauss filters, separating the
objects from the background and using colour
cues from the HSV image. Features are then
extracted from the grey scale image and from
the HSV image considering only the
determined regions of interest.
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Meaningful objects are separated from the
background and are marked as regions of
interest.

Feature Extraction

High-resolution visual features are extracted from the regions of interest.

Features used for object classification

« Orientation histograms [4]

¢ Colour information (mean HSV values)

We also tested wavelet features, but they did not prove suitable for the classification
of the objects in our scenario.

These characteristic feature vectors are classified by a trained neural network.

Calculation of the orientation histogram features: 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. The concatenated orientation histograms form the feature
vector.

Hierarchical Object Rec

The object classification is performed by a hierarchical neural network utilising
hierarchical class grouping.
-> hierarchically organised RBF networks [2] [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. To each node a
feature type and a set of classes are assigned. The &
corresponding neural network uses the assigned feature
type to discriminate between the assigned classes.

Experimental Results

The first test data set consisted of 840
images of seven different fruit objects,
i.e. 120 images per object showing
different views of the object. The objects
were recorded under varying lighting
conditions. The images contained a
single object in front of a uni-coloured
background. To test the robustness of
the attention control algorithm a second
data set containing also images of more
complex scenes was used.

Examples of the images used in the experiments.
They vary in type and number of fruits presented
as well as in background colour and structure.
The regions of interest as determined by the
attention control algorithm are marked.

On the extended test data set all objects were localised correctly by the attention
control algorithm (no false-negative and no false-positive). The number of objects
within the image had no impact on the algorithm's performance as long as the
objects are not occluded. Likewise different backgrounds did not impact the
performance provided that the average background colour is different from the
object's colour.

The classification accuracy of the hierarchical classifier was determined performing
10-times 5-fold cross validation experiments. The average classification rate was
94.05+1.57% on the test data and 97.97+0.68% on the training data.

- = == Box and Whisker plot illustrating the classification accuracy of
o non-hierarchical and hierarchical classifiers. The non-
o hierarchical classifiers were used to evaluate the different
o Eéi' feature types used. Orientation histograms proved to be
o suitable for classification but the hierarchical classifier
Bl roma— — outperformed classifiers using only single features.

The approach meets real-time constraints. The average time for one recognition
cycle including object localisation, feature extraction and object classification was
10 ms.




