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Abstract. This paper describes a hierarchically organized
technical system performing auditory-visual sound source
localization and camera control. Desired applications are in
the field of mobile robotics or multimedia. The
measurement set-up uses four microphones and one video
camera. Starting points are functionality and signal
processing in the auditory and visual pathways of the
central nervous system in mammals, performed with the
help of neural networks. Sound and vision estimates of an
intentional target are fused in order to control a virtual
fovea within the vision system. For this purpose, optical
signals of the CCD of the video camera are collected in
macropixels which determine the grid of foveal attention
control. Pre-processed sound signals are interpreted as
spike-train coded action potentials to be accumulated in the
neurons soma. Spike signals which arrive approximately
synchronously activate an output action potential. This
enables the system to perform a correlative input selection
as to be used in echo cancellation, for instance. A
respective technical system is designed and implemented
on an industrial mobile robot. Experimental results of the
behavior of the overall system are presented.
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1   Introduction

Goal of this work is to find improved paradigms
for a smart human-machine communication and
to define efficient algorithms on base of
biological examples of auditory and visual
perception. A particular goal of this paper is the
design of a technical system for auditory-visual
sound and target localization by attention

control. Here, perception is - in distinction to
sensing - understood as a high-level process to
gain knowledge from sensory signals, and
attention control is understood as an uncon-
scious low level process which is performed to
select a particular area of interest within the
visual input data space.

The technical system is implemented on a
mobile industrial robot and may serve for
intelligent speech, gesture, and lip movements
recognition with possible human instructors or
supervisors. Since the robot may be considered
as a severely disabled person with impairments
particularly in hearing and vision, the new
paradigms may also be used for improvements
in the field of rehabilitation engineering.
Another possible technical application is auto-
matic camera control for videoconferencing.

The integrated use of vision and audition is
a basic skill of many animals. Whereas sound
information enforces the creature to focus its
vision system towards specific spatial areas of
interest, vision allows for association of these
sounds with respective visual sound sources. The
resulting low level sensor fusion enables high
level recognition or identification processes of,
for instance, discrete sounds or speech utterances
or of specific visual objects in a complex and
noisy environment. 

Many traditional AI approaches to the above
task integrate multimodal sensor information on
a symbolic level after a separate extraction of



symbolic information from the acoustic and
optic input signals. Neuro-physiological research
results point out that locally distributed
topological representations of the perceptional
space are efficiently used in animals for uni-    
or multimodal auditory-visual localization or
fusion tasks as well as for attention control.
Exemplary work is presented in [1], [2], [3], [4],
[5], and [6].

In the following, some important properties
of the auditory, the vision system and of bio-
logically inspired neural signal processing will
be introduced.

2   Spatial Hearing

Main performance and properties of auditory
signal processing in animals are frequency
analysis, directional hearing, and pattern recog-
nition or identification. One of the primary ways
of separating sounds as a preprocessing step for
subsequent recognition or identification is by
identifying their spatial location.

2.1   Biological Example

Auditory sensory organs are the ears. They
basically consist of pinna and outer ear channel,
middle ear, and the basilar system of the inner
ear. The pinna collects and amplifies external
sound signal stimuli, the middle ear acts as a
subsequent block for impedance transformation
and amplification, the inner ear with basilar
membrane and hair cells performs a tonotopic
separation of the sound waves by means of a
frequency analysis [7]. The mechanical proper-
ties of pinna and outer ear channel create a
direction and frequency depending echo signal
which is fed to the cochlea. The determination
of the accumulated signals allows for three-
dimensional sound localization, i.e. calculation
of azimuth and elevation angle [8]. Cochlear
models are essentially functional complete.
Exemplary work can be found in [9] or [10].

Tonotopic information is processed through
the central auditory pathway which consists of a
serial array of connected nervous nuclei or,
speaking in technical terms, processing blocks.
 The first binaural interactions occur in the
olivary complex which is believed to perform a
non-linear crosscorrelation between the pre-

processed signals of left and right ear. The
neurons of the olivary nuclei synapse to the
colliculus complex in which a twodimensional
map is generated and stored. Activations of this
map are believed to represent the spatial sound
source positions calculated on base of delay
times and amplitude variations of the binaural
signals. Besides, the colliculus gets also visual 
input from specific ganglion cells, each of which
reacting on stimuli in a relatively large visual
area and detecting visual novelties.

Neurons of the nuclei in the auditory pathway
synapse to cortical areas in which high-level
sound and especially speech processing, recog-
nition and identification, is performed.
 
2.2   Technical Implementation

According to the duplex theory (see [10]), inter-
aural time differences (ITD) between the sound
signals arriving at the two ears with specific
delays are depending on the relative position of
the sound source to the head coordinate system.
They are good for horizontal localization in case
of acoustic clicks up to frequencies of approxi-
mately 1.5 [kHz]. With a distance d between the
acoustic sensors, a sound source with azimuth
angle α∈[-π/2, π/2], and speed of sound waves
in air c=343 [m/s], and the sound source being
known to be in the frontal hemisphere, the
mapping between α and ITD is approximately
given by the pseudo-fixed relation

ITD=d/2c (α + sinα).

This formula holds for particular propertiesof the
sound and in the absence of echoes. The
evaluation of complex sound signals can be
derived from ITD if the signals are decomposed
into sequences of onset clicks. This procedure is
of particular significance since signal onsets are
known to be a basic source of information for
sound localization in humans and animals [10],
often described as the precedence effect.

The elevation angle can be derived from i)
the diffraction of the waves by the head, which
generates significant differences in the intensity
level (IID) especially for higher frequencies
(head-shadow effect) , or from ii) the direction
and frequency depending head-related transfer
function of the information channel between the 
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Figure 1. Sensor head for sound source
localization.

sound source and the sensors. The latter
procedure considers effects of echo production
in pinnae and outer ear channels and leads to a  
large look-up table which is regarded as a          
numerical pulse response function. Complex
spatial sound source models are derived by
applying a convolution of the sound signals with
the head related transfer functions. 

Extending mechanisms of binaural sound
recording in humans, we have designed a sensor
head with two orthogonal sets of microphones,
each of which detecting azimuth or elevation
angle only with the help of ITD evaluation. A
primary advantage of this design is that time
consuming short-time convolution algorithms
can be avoided. A schematic figure of the sensor
head with four microphones and one video
camera, is shown in figure 1.

At the moment, the technical realization of
the cochlea functionality uses a simple filter
bank for the convenience of short calculation
time instead of a more complex model as de-
scribed, for instance, in [9] or [10]. Nevertheless,
the system can easily be extended. We use three
4th order Chebytchev type bandpass filters with
edge frequencies of

filter 1: 1000   -   1778 Hz,
filter 2: 1778   -   3162 Hz,
filter 3: 3162   -   5623 Hz.

Figure 2. Coincidence detection for binaural
sound source detection.

Representations of the two filtered binaural
sound signals lae

(i)(t) and rae
(i)(t) of filter (i) for

the determination azimuth or elevation angle are
fed into a coincidence detector (see figure 2)
which consists of single detectors and discrete
delay blocks. The two corresponding signals are
taken from the same filter range in order to
determine the ITD according to Jeffress‘ model
of binaural sound localization [11]. Each
detector multiplies it‘s two input signals which
are the delayed signals  lae

(i)(t) and  rae
(i)(t). If the

sound is a simple click, the delay in the signal
amplitudes of lae

(i)(t) and rae
(i)(t) determines the

position. Thus, the activation of a particular
detector represents the position. The relationship
is non-linear. Each coincidence detection step
uses a number of 83 data samples recorded with
a sample frequency of 16.7 kHz. Assuming a
total range of interest of 50 degrees of the angle,
this leads to a theoretically possible resolution of
15 angular segments and 16 possible positions.

Instead of feeding the original signals to the
coincidence detector, they are at first de-
composed into onset signals on_lae

(i)(t) and
on_rae

(i) (t) since they are usually by far more
complex than pure clicks, containing speech,
background noise, or echos. The onset signals
are fed to the coincidence detector. In many
practical cases this leads to a sharp peak of the
correlation function once an onset signal enters
the delay lines. When the onsets are too short, it
is necessary to double one of the signals in order
to guarantee matching inside the detector. With
respect to a proposal in [16], the onset signals
on_l/r(t) are calculated using a recursive envelop
function en_l/r(t) of the signals l/r(t), yielding

en_l/r(t) = max {β  en_l/r(t-1), abs(l/r(t))}

on_l/r(t) = max {0, en_l/r(t) - en_l/r(t-1)}.

β∈[0,1] is a heuristic parameter which has to be



Figure 3. Top down: original speech signal l(t)
of the word "ten", envelop signal en_l(t), onset
signal on_l(t).

tuned according to the properties of the sound
spectrum. For an increasing signal abs(l/r(t)),
en_l/r(t) follows abs(l/r(t)), and in case of a
decreasing signal abs(l/r(t)) it might soften 
the decrease with a speed that is depending on β.
The onset signal on_l/r(t) is derived from the
envelop en_l/r(t) by bounded differentiation.

If there is an echo in the signal, the amplitude
will be smaller than the one of the direct signal.
Thus, in many practical situations echo signals
will be eliminated by decomposing the original
signals into onset signals. The construction of
the onset on_l/r(t) from the original signal l/r(t)
is shown in figure 3.

The next processing unit in the auditory
pathway is the colliculus complex. The topolo-
gical maps in the colliculus complex are model-
led by a set of homogeneous 16×16 matrices,
each of which representing one frequency band
of the cochlea. These maps are the basis for
auditory-visual sensor fusion for fovea position
control. The size of the maps corresponds to the
desired precision of the attention control.

auditory maps visual maps

time time

Figure 4. Time discretization of the sequences of
auditory and visual topological maps. 

The calibration function of the acoustic positio-
ning is nonlinear with respect to the sound
source position and the map representation when
the visual image matrix is taken as a reference.
This nonlinearity will be compensated by the
map building process itself.

The map building generates a sequence of
topological maps of size 16×16 with auditory
estimates for the sound source localization. They
are related to the set points of the maps of the
visual estimates as shown in figure 4.

Coincidence detection for azimuth and
elevation result in separate estimates for sound
source location with a resolution of 83 possible
positions, i.e. outputs of the detection cells. A
simple way of combining both estimates to a
twodimensional map ios to apply of any kind of
‘AND‘ operation, for instance a simple multipli-
cation. The resulting 83×83 map would be too
large for direct match of the two modalities, and
by means of the shifting procedure of the signals
in the coincidence detector this would require
the generation of a very large number of
auditory maps between two subsequent visual
maps. Another possibility to create a topological
auditory map is to apply a one-dimensional
fuzzy partition with 16 membership functions to
the outputs of the coincidence detectors for
azimuth and elevation, or a radial basis function
network, respectively, and multiply the outputs
of the 16+16 collecting receptive fields.
Activation of the receptive fields should then be
calculated by summing up the influences of the
single onset signals, whereas the radial basis
functions reflect the weight distribution for this
weighted summation. The receptive fields act
similar to the soma of a spiking neuron model in
which the dendritic reactions on incoming spikes
and spike trains are accumulated. Using a
trainable neural network for map building
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reduces the virtual reflections that occur when
azimuth and elevation vectors contain more than
one serious estimate for a sound source position
and when they are simply correlated.

The implemented ANN is of MLP type with
the output neurons ordered in a 16×16 array and
no hidden layer. Each neuron can be interpreted
as a twodimensional extension of an Adaline,
performing a linear superposition of the input
values. We used this approach as a first working
solution since it is well known that Adalines are
suited for echo cancellation. 
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Figure 5. Auditory map building with the help
of a neural network. 

Some extensions concern the input vector
configurations. A schematic diagram is shown in
figure 5. The sample train of the two signals is
devided into double sets of 83 subsequent
samples, the complete discrete signals are fed
into the coincidence detector, and the outputs of
the detector cells are accumulated after each
shift. The two resultung coincidence vectors are
used as the input vectors for the MLP. Target
output is the map with the neuron at the desired
target position activated and all other neurons
non-activated. The supervised training of the
weights is performed by an improved back-
propagation algorithm with momentum term and
adaptive learning rate.

Besides the suppression of virtual echos, the
ANN approach for auditory map building has
the advantage of adapting the coordinate systems
of the auditory and visual space to each other.
Whereas the CCD camera recording of the
images represent objects associated to planar
surfaces in space, the cells of auditory maps are
derived from a spherical coordinate system. The
homomorphic mapping between them is non-   

  

Figure 6. Calibration schene for auditory map
building.

linear. In order to calibrate the auditory map
building process and to match the two modali-
ties, the auditory training data of the target posi-
tions are related to an equidistant grid in the re-
spective images by eye-balling. A typical image
of the calibration process is shown in figure 6.
The training data set is composed by target
positions on the visual grid, together with the
respective microphone measurements. Figure 7
shows a typical predicted auditory map after
training of the neural network, the target map,
and the average distances of the prediction error
for training data and a set of 50 untrained data.

  

Figure 7. Exemplary auditory map after training,
target map, and prediction errors for the filters. 

High-level sound analysis algorithms with a si-
milar functionality to those which are performed



in the auditory cortex were developed in pre-
vious projects [12], with special adaptation to
speech recognition and speaker identification
tasks. They are subject to later integration.

3   Monocular Vision

Biological systems use vision extensively.
Properties of the visual pathway in animals have
been studied extensively from the retina to the
visual cortex, providing detailed knowledge
about several subsequent steps of visual data
processing.  Main performances and properties
are detection of edges, corner, motion, color,
temporal and spatial novelty detection as well as
complex visual feature binding, visual pattern
recognition or identification, target tracking.
Results of respective research work are, for
instance, described in [13] or [14]. All but
threedimensional vision tasks can be performed
with one sensor only, whereas threedimensional
vision requires binocular vision.

3.1   Biological Example

Visual sensory organs are the eyes. Visual
stimuli or images are projected onto the retina
and produce reactions in the receptor cells, the
rods and the cones. They sense luminance and
crominance of respective parts of the image. The
output of neighboring receptor cells is collected
and finally fed to ganglion cells which are
located in the output layer of the retina. Due to
individual synaptic connections, each ganglion
cell reacts on particular spatial-temporal stimuli. 

Around the optical axis is an area with a very
high density of receptor cells and thus, a high
spatial resolution and sensitivity, the fovea.
Visual information received in the fovea is
primarily fed towards the visual cortex in which
complex recognition tasks can be performed.

A group of specific ganglion cells with large
dendritic trees and therefore large receptive
fields are connected to the colliculus complex, a
reflex center which is generating nervous signals
to initiate eye movements. These ganglion cells
are particularly sensitive to spatio-temporal
changes of the visual stimulus and serve for
visual novelty detection and attention control.
Once a visual novelty is detected, the eyes focus
on it, allowing for more sophisticated recog-
nition of visual objects which are projected onto
the fovea.

The visual mapping from the retina to the
colliculus is retinotop, i.e. retinal images are
represented by respective spatial activations of
neurons in the colliculus. A retinal image in this
sense can be seen as the spatial-temporal
derivative of the external visual stimulus.

3.2   Technical Implementation

The governing principles of biological visual
information processing are used to find suitable
neuromorphic abstractions and generalizations
for the technical implementation. The retinal
image as represented by the ganglion output
signals is taken as a distinctive interface between
visual sensing and low level image processing.
A characteristic functionality of this interface is
the processing of a spatio-temporal derivative of
the image. 

The temporal derivative is evaluated for our
novelty detection paradigm, whereas the spatio-
temporal derivative will be used in future high
level visual recognition processes. For the
novelty detection process, a low resolution is
artificially introduced by averaging pixel values
within a fixed neighborhood area. The original
image matrix consists of 640×480 pixels. It is
scaled down to 16×16 macropixels each of
which integrating 40×30 pixels. At a certain time
step (t), the grayscale value mmt(u,v) of a
macropixel (u,v) is calculated as the normalized
sum of the squared differences dt(i,j) of the pixel
values mt(i,j) and mt-1(i,j) of two subsequent
image matrices. The summation increases the
robustness of the detection in the context of
noise. Examplary subimages of two different
visual output maps are shown in figure 8.

Figure 8. Fovea control according to the visual
estimate, using maximum change of the macro-
pixels.



In order to recognize the scenery, the grid of the
macropixels is drawn in front of the
corresponding two difference images, and the
the edge detection is applied to the content of the
fovea.

The visual topological maps in the colliculus
complex are modelled by a set  of homogeneous
16×16 matrices, resulting from the novelty
detection in the video images. Together with the
corresponding auditory maps, they are the basis
for the auditory-visual sensor fusion for fovea
position control. The relatively low resolution is
postulated from the assumption that the area of
the fovea shall be large enough to recognize
desired objects or movements, and thus, a small
mispositioning will not affect the recognition
process significantly.

Instead of establishing a complex retinal
model, we implemented a very simple and quick
technical solution which is based on the SUSAN
algorithm described in [15]. A local neighbor-
hood of pixels, representing a receptive field, is
shifted through the image, generating a new
image. The number of pixels with greyscale
values which do not differ too much from the
one of the center pixel is accumulated, creating
the new greyscale value of the center pixel. The
mathematical procedure is a weighted sum-
mation. In areas of the image with a small spatial
derivative within the range of the neighborhood
the new pixel values reach a maximum, whereas
close to corners or edges a significant decrease
of the new value is realized. Edge and corner
detection can thus be performed by simple
thresholding. The temporal derivative is derived
by processing subsequent difference images
which are associated to a temporal grid of 40 ms
according to the PAL video norm. 

First algorithms that represent these cortical
visual information processing and which will be
implemented on base of the existing system are
the spatial location of faces (e.g., [16], [17])
based on an evaluation of color information or
on morphological operations, the recognition of
faces (e.g., [18]) for supervisor identification,
reading lip information (e.g., [19]) in order to
improve speech recognition in noisy or distorted
environment, or recognition of hand gestures
(e.g., [20]) with the help of a codebook in order
to give sign language commands. As an exten-
sion towards auditory-visual human-machine

communication, a technical system is introduced
in [12] which describes the conversion of
auditory in visual speech signals by converting
acoustic cues into naturally looking movements
of an animated human face. All these high level
processing units are meant to improve human-
machine communication significantly.

4   Auditory-visual Sensor Fusion

4.1   Biological Example

As can be seen by now, the colliculus complex
collects auditory and visual novelty information
in form of topological representations of neuron
activation. For this reason, the colliculus is
assumed to be a primary center for auditory-
visual sensor fusion as far as novelty detection 
is concerned. The fusion of this bimodal infor-
mation is performed by the specific synaptic
connections of the neurons in the processing
layers of the colliculus which perform basically
a nonlinear template matching between the
auditory and visual maps.

4.2   Technical Implementation

In biological examples the auditory maps
representing spatial information in the different
frequency bands seem to be already fused into a
general representation before the information
reaches the colliculus. Our technical abstraction
of the fusion process ignores the importance of
this fact and therefore consists of three major
steps, i) the fusion of a set of subsequent
auditory maps belonging to the same interval of
two subsequent visual maps, ii) the fusion of the
auditory maps in different frequency ranges, and
iii) the fusion of the resulting auditory with the
visual map. 

The idea of locally distributed topological
representations of the perceptional space cue a
decomposition of the localization problem by
means of separate auditory and visual estimates,
combined with a subsequent bimodal sensor
fusion process. In technical terms this leads to
particular fusion paradigms of sensory infor-
mation on feature level (see [21]). Exemplary
work on fusion of passive sound and vision for
emulating human perception can be found in
[16] or [22]. 



The three steps in sensor fusion are performed
in the following way: At first, the auditory maps
belonging to one video interval are fused by
calculating averages for each position. This is
necessary to take the unknown delay between
audio and  video recording into account. Then,
the maps for the three filters are merged by
calculating the average map. For the auditory-
visual fusion, each position is virtually widened
with the help of a Gaussian function, and the the
intersection is taken as a first estimate. The
finalestimate of the position is calculated by
doing so for all positions of the map and
averaging the result. Then, the fovea position is
calculated as a quadratic prediction, using also
the last two auditory-visual estimates.
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