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Robust localization of auditory and visual targets in a robotic barn owl
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Abstract

In the last two decades, the barn owl, a nocturnal predator with accurate visual and auditory capabilities, has become a
common experimental system for neuroscientists investigating the biological substrate of spatial localization and orienting
behavior. As a result, much data are now available regarding the anatomy and physiology of many neural structures involved
in such processes. On the basis of this growing body of knowledge, we have recently built a computer model that incorporates
detailed replicas of several important neural structures participating in the production of orienting behavior. In order to expose
this model to sensorimotor and environmental conditions similar to those experienced by a barn owl, the computer simulations
of the neural structures were coupled to a robot emulating the head of a barn owl, which was presented with auditory and
visual stimulation. By using this system we have performed a number of studies on the mechanisms underlying the barn
owl’s calibration of orienting behavior and accurate localization of auditory targets in noisy environments. In this paper we
review the main results that have emerged from this line of research. This work provides a concrete example of how, by
coupling computer simulations of brain structures with robotic systems, it is possible to gain a better understanding of the
basic principles of biological systems while producing robust and flexible control of robots operating in the real world. ©2000
Elsevier Science B.V. All rights reserved.
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1. Introduction

Accurate spatial localization is crucial in many an-
imal species. Success in capturing prey or escaping
from predators very often relies on the ability to pre-
cisely determine the position of targets through the
available sensory modalities. Spatial localization is
also important in artificial systems. By redirecting the
cameras toward a target, it is possible to visually ana-
lyze stimuli detected by other sensory modalities, and
allocate the available computational resources to a se-
lected region of the image, an important step toward
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the goal of achieving real-time performance [1,7,8].
In addition, in the presence of visual sensors with
anisotropic resolution similar to the eyes of vertebrates
[25], orienting behavior allows the examination of the
target with the fovea, the region at the center of the
visual field with highest spatial acuity.

Since targets may be perceived in any of the avail-
able sensory modalities, redirecting the direction of
gaze is not a trivial operation. Different sensory in-
puts are represented in different manners, and spatial
cues are not always explicitly available at the input
stages, as in the case of vision. In all cases, in or-
der to convert sensory stimuli into corresponding mo-
tor outputs, coordinate transformations are required
that depend on the structure and characteristics of the
considered system. These transformations need to be
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tuned continuously to maintain good performance and
compensate for changes in the system components.
Although several methods have been developed for
evaluating coordinate transformations (see, for exam-
ple, [10]), most of these procedures often require the
use of calibrating tools and the interruption of the
normal functioning of the system, operations which
are not always feasible. More recently, methods of
self-calibration have been developed that are more
suited for autonomous systems operating in unstruc-
tured environments [5,9,11,17–19]. However, the ex-
tension of these techniques to input modalities other
than vision is not immediately obvious. For example, it
is not clear how they could be applied to cases in which
input signals are not passively propagated through the
environment, as is the case with touch [21], or when
signals are not explicitly spatially organized, as in the
auditory domain.

In the last two decades, many neuroscientists inves-
tigating the neural mechanisms of spatial localization
and the calibration of orienting behavior have focused
their studies on the barn owl, a nocturnal predator that
relies on accurate visual and auditory localization for
hunting. Unlike humans, who combine extremely pre-
cise visual localization capabilities with poor auditory
localization, the barn owl is able to identify the po-
sition of potential prey within a few degrees even in
complete darkness, purely on the basis of audition.
There is little doubt that the barn owl learns to ori-
ent toward targets on the basis of sensorimotor expe-
rience. During growth, when the body changes signif-
icantly in size and shape over a relatively short period
of time, the brain of the barn owl must constantly tune
the sensorimotor transformations in order to ensure ac-
curate spatial localization. For example, in the case of
audition, cues that determine the position of a sound
source depend heavily on the morphology of the head
and ears, necessitating the adjustment of behavior to
compensate for corresponding changes in the values
of the auditory cues. Experiments involving manipu-
lations of the sensory conditions have clearly shown
the great adaptability of the barn owl [14]. Young barn
owls are able to recover accurate orienting behavior
even in the presence of drastic alterations of their
sensory inputs.

Recently we have developed a computer model of
some of the neural structures dedicated to the localiza-
tion of the azimuthal position of a target in the brain of

the barn owl [23]. This model has been interfaced to a
robotic system emulating the head of the barn owl, so
as to provide realistic auditory and visual inputs and
produce motor behavior [22]. Two main goals stimu-
lated this work: first, we were interested in achieving
a better understanding of the neural principles under-
lying spatial localization in biological systems. Sec-
ond, we wanted to provide an alternative to calibra-
tion techniques by developing a system that, similar to
the barn owl, was able to acquire and maintain accu-
rate localization of targets in different sensory modal-
ities. The aim of this paper is to review some results
produced by this line of research that are relevant to
the development of autonomous robotic systems. We
focus on two topics: the calibration of orienting be-
havior and the processes underlying a robust auditory
localization. In Section 2, we present a brief descrip-
tion of the architecture of both the neural model and
the robotic system. A general overview is given in this
paper. More detailed descriptions can be found in pre-
vious papers that have dealt with specific aspects of
this work [22–24]. In Section 3, we focus on the first
topic of this review paper: the calibration of orienting
behavior. We describe a learning paradigm based on
a large amount of biological evidence that accounts
for a wide range of experimental observations in the
barn owl. Experiments with the model, in which neu-
ral changes occur according to the proposed learning
paradigm, show that accurate orienting behavior to-
ward visual and auditory targets is achieved and main-
tained even in the presence of severe manipulations of
the sensory and/or motor conditions. In Section 4, we
analyze the neural mechanisms underlying the barn
owl’s robust localization of auditory targets. By ex-
amining the activity of different areas of the model in
the presence of auditory stimulation we draw a com-
parison between the selection of the target position in
the model and the generalized cross-correlation algo-
rithm for auditory localization. A brief discussion in
Section 5 concludes the paper.

2. Modeling the barn owl’s neural pathways to
the optic tectum

In addition to the combination of sophisticated au-
ditory and visual capabilities, several factors have con-
tributed to the choice of the barn owl as one of the pre-
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Fig. 1. The main subcortical neural structures involved in spatial localization in the barn owl. Similar to the brain of many other species,
projections from visual and auditory structures converge in the optic tectum (OT), which, in turn, projects to motor areas (MN) that control
the movement of the head. In the auditory pathway, separate structures process interaural time and amplitude differences (ITDs and ILDs).
The nuclei magnocellularis (NM) and laminaris (NL) are dedicated to ITDs, the nucleus angularis (NA) and the pNLL process ILDs. The
two pathways converge at the level of the central nucleus of the inferior colliculus (ICc), which in turn projects to the external nucleus
(ICx) where a neural map of space in the auditory modality is found. This map is projected to the optic tectum where it is registered with
a visual map of space deriving from topographic projections from the retina. Square (elliptical) boxes represent structures dedicated to the
analysis of time (amplitude) binaural differences. Only some of the areas participating in the localization of the azimuthal position of a
target have been included in the model (filled boxes). See text for details.

ferred experimental species by neuroscientists study-
ing spatial localization. Among these factors is the in-
ability of the barn owl to move its eyes with respect
to its head which simplifies the problem of coordinate
transformation by eliminating some degrees of free-
dom with respect to other species. Another important
factor is the prototypical reflex response that consists
of a rotation of the head toward a target, a behavior
that can be easily and reliably measured. Most stud-
ies on the barn owl have focused on the neural path-
ways converging on, and departing from, the optic
tectum, a subcortical multimodal center that is well
known to participate in orienting behavior in many
other species, including primates. These investigations
have provided detailed anatomical and physiological
characterization of many neural structures present in
these pathways. It is now clear that barn owls rely on
two separate auditory cues for the localization of the
azimuth and elevation of a sound source. Differences
in the time of arrival of the sounds at the two ears (in-
teraural time differences (ITDs)) are used for localiz-
ing the azimuth, and differences in amplitudes (inter-
aural level differences (ILDs)) are used for estimating

the elevation. Physiological investigations have shown
the existence of two separate parallel neural pathways
specialized for the independent analysis of ITDs and
ILDs (see [16] for a review).

A schematic overview of some of the barn owl’s
sensory pathways to the optic tectum is illustrated in
Fig. 1. In the figure, the neural structures that we have
considered in our computer model are shown by dark
boxes. In the barn owl, each area is duplicated on each
side of the brain, where it processes the contralateral
part of space. In the model the two parts were collapsed
together so that each modeled area was dedicated to
the analysis of signals from the whole surrounding
space. The basic element of the model was a leaky
integrator unit described by

dyi

dt
=

∑
k

ωikyk(t) − δyi(t) + n(t), (1)

whereyi(t) is the output of uniti, δ is a constant that
determines the decay of activation,n(t) is a noise term,
andωik is the weight of the connection between units
k and i, which represents the strength of a synapse
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Fig. 2. Organization of the neural model. Lightly shaded boxes indicate areas in which units are arranged in two-dimensional maps, with
unit sensitivity for frequency and ITD changing along the two axes. Dark boxes represent areas with units organized in one-dimensional
arrays. On the right-hand side of the figure the representative responses of specific units in different areas to different values of ITD are
shown. The periodicity in the response at the level of the NL and the ICc is lost in the ICx, where each unit responds strongly to a single
value of ITD, i.e. to a single spatial location.

between the two units. The output,y(t), of a unit can
be viewed as representing the average firing rate of a
collection of cells in the barn owl, and its response
properties can be considered as representative of a typ-
ical cell within such a group. One main concern in
building this model was to incorporate as much phys-
iological and anatomical data as possible, in order to
accurately replicate the characteristics of cells in dif-
ferent areas in the brain of the barn owl. Each struc-
ture in the model was composed of a collection of
units. With the exception of the first two structures in
the auditory pathway, the nucleus laminaris (NL) and
the central nucleus of the inferior colliculus (ICc), in
which units were arranged in two-dimensional arrays,
all modeled areas consisted of a unidimensional array
of units. All areas, apart from the input stages in the
model (NL and the retina), included a pattern of in-
trinsic connectivity based on a local range of excita-
tory connections and a longer range of inhibitory ones.

That is, nearby units tended to activate each other,
whereas units farther apart were mutually inhibited.

A schematic overview of the model is given in Fig.
2. The NL was the first stage included in the auditory
pathway based on the fact that it was possible to accu-
rately predict the response of NL units on the basis of
the auditory inputs. In the model, the activation of NL
units was empirically designed so as to fit as closely
as possible the physiological data available in the lit-
erature. For binaural stimulation, when the two signals
sL(t) andsR(t) with Fourier transformsAL(f )ejφL (f )

andAR(f )ejφR(f ) (evaluated over a time-window of
observationW ) were applied as inputs, the activation
of NL units was dependent on the unit characteristic
parameters̄T , f̄ as follows:

UNL
T̄ ,f̄

=F(AL(f̄ )AR(f̄ ))

· [cos(φLR(f̄ ) − 2πf̄ T̄ ) + 1]Gf̄ σ (f ), (2)
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whereF is a logarithmic function that controlled the
change in firing rate for different amplitudes of the
input signals,φLR(f̄ ) = φL(f̄ ) − φR(f̄ ) is the differ-
ence of phase between the left and right input signals
at frequencyf̄ , andGf̄ σ (f ) is a Gaussian function
with meanf̄ and varianceσ . Following anatomical
studies on the barn owl, units in the NL were ar-
ranged in a two-dimensional array in which the unit
preferred ITDT̄ and frequencyf̄ varied systemati-
cally along the two axes. The ICc was also organized
as a two-dimensional array of ITD versus frequency.
Units in the ICc, received topographical connections
from the NL (that is, each unit in the ICc received in-
put from a unit in the same position in the NL). How-
ever, the pattern of activation in the ICc was different
from the NL as a result of the intrinsic connectivity
among ICc units.

As in the barn owl, the frequency dependency was
lost at the level of the ICx. Each unit in the ICx re-
ceived connections from ICc units in all frequency
laminae, but only from a specific range of ITDs. Fol-
lowing physiological observations from experiments
involving manipulations of the sensory inputs [6], the
strengths of these connections were modified during
sensorimotor experience. With training, each unit ac-
quired a sensitivity for a specific value of ITD, so that
it was activated only by sounds emitted from a single
spatial position. The unit preferred ITD varied system-
atically in the array so as to create an auditory neural
map of the surrounding space.

The optic tectum (OT) was modeled with two ar-
rays of units: a sensory map, receiving topographical
connections both from the retina and from the ICx,
and a motor map receiving plastic connections from
the sensory map. These two arrays replicated the su-
perficial and deep layers of the optic tectum. As in
the barn owl, units in different positions were sensi-
tive to stimuli in specific positions of space indepen-
dent of the sensory modality in which they appeared.
In the presence of visual and/or auditory stimulation
a corresponding pattern of activity was generated in
the OT sensory map due to the specific pattern of con-
nections from the retina and the ICx. This pattern of
activity was transmitted to the motor map where mo-
tor units converted it into a specific direction of gaze.
In this way, whenever an auditory or visual target was
detected a reflexive orienting behavior was generated.
The connections between the sensory and motor maps

in the OT were also modified on the basis of sensori-
motor experience. Specific parameters describing the
network used can be found in [22].

As illustrated in Fig. 3, the model was coupled to
a robotic system composed of a camera and two mi-
crophones. The system was controlled via a VME bus
with dedicated video and audio boards, interfaced to
the workstation where the neural model was imple-
mented. Similarly to the barn owl, the robot could aim
in different directions, while maintaining the position
of the microphones and the camera fixed with respect
to each other. An array of 15 lights and loud-speakers
provided auditory and visual stimulation in different
spatial positions. Real-time preprocessing of the data
included thresholding and compression along the az-
imuthal axis (an average of the pixel activation along
each column was taken) for the visual signal, and si-
multaneous FFTs for the auditory signals. Preprocess-
ing was carried out on dedicated boards on the VME
bus.

3. Learning and adaptation of orienting behavior

3.1. Proposed learning paradigm

Young barn owls are able to recover accurate spa-
tial localization even in the presence of drastic ma-
nipulations of their sensory inputs. A striking exam-
ple is the recovery of precise auditory localization in
barn owls exposed to a chronic translation of the vi-
sual field through the insertion of prismatic goggles
on their eyes [15]. In this case, the barn owl has to
learn that whenever a sound source is present, in or-
der to look at the source with the fovea, it has to aim
to the side of it by an amount equal to the translation
introduced by the goggles. It has been shown that the
adaptation of orienting behavior has a neural correlate
in the change of preferred ITD of neurons at the level
of the ICx. As a result of changes in their connec-
tions from the ICc, these neurons change their sensi-
tivity so that their corresponding preferred spatial po-
sition translates by an amount equal to the visual shift
[6]. Different experiments have also revealed that the
alignment between visual and motor maps in the OT
may also be modified, although the site of plasticity
has not been unequivocally determined.

Although experimental evidence has elucidated
some of the neural changes that occur during the adap-
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Fig. 3. Architecture of the robotic system controlled by the model of the barn owl neural pathways. A camera and two microphones were
mounted on the pan axis of a TRC robotic head. Visual signals were acquired and processed by a Datacube MV200 board. Auditory
signals were digitized by synchronized A/D channels and FFTs were evaluated in real-time on a DSP board. The system was positioned
at the center of a circular array which included 15 lights and loudspeakers. Selected targets were activated via a digital I/O board on the
VME bus (reprinted with permission from [22] ©1998 IEEE).

tation of orienting behavior, the mechanisms regulat-
ing such changes are not known. By using our com-
puter model, we have proposed that the development
and maintenance of accurate spatial localization can be
explained in the context of a neurobiologically-based
paradigm of reinforcement learning, which we call
value-dependent learning[23]. Based on a large body
of biological evidence, this paradigm proposes that
signals related to the saliency of sensorimotor events
are broadcast by the activation of diffuse-projecting
neuromodulatory systems to different parts of the
brain, where they modulate synaptic changes mediat-
ing neural plasticity. In the model, synaptic modifi-
cations were mediated by the activation of a modu-
latory system, triggered by the occurrence of salient
events, that functionally replicated the proposed role
of neuromodulatory subcortical centers. For simplic-

ity, the modulatory system consisted of a single unit,
which received afferents from both the fovea and the
motoneurons. In this way, the modulatory unit was
moderately active when a stimulus was in the center
of the visual field or when a movement was executed,
and it was particularly active when the two events oc-
curred simultaneously or shortly one after the other.
Following experimental observations, the strengths of
connections were allowed to change on the basis of
experience both in the projections from ICc to ICx
and in the projections between sensory and motor
maps in the OT. The variable connection weights of
plastic synapses were initially set to random values
and then changed according to a modified version of
Hebbian learning. Following each movement, con-
nections between highly correlated units (i.e. those
connections which gave a significant contribution to
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the selection of the motor action), were strengthened
or weakened depending on whether a foveation event
occurred or not, so as to increase or decrease the like-
lihood of repeating the same action in similar future
situations. At each time step of the simulations, the
strength of a connectionωik between uniti and unit
k was modified according to

dωik

dt
= ΦL(ε1UiUk + ε2V ), (3)

whereUi is the activation of uniti, andV is the acti-
vation of the modulatory system that acts as a reward
signal.ΦL(x) is a piecewise linear function charac-
terized by two thresholdsθLTD and θLTP. When the
argument is lower than the first thresholdθLTD the
function has a value of zero; in between the two thresh-
olds it has a negative value, thus inducing depression
of synaptic strengths; and aboveθLTP it assumes posi-
tive values, thereby potentiating the connections. Typ-
ically, the values of the thresholds were selected so
that potentiation occurred only for units whose acti-
vations were correlated when the reward signal was
high. This happened after a successful saccade, which
brought the stimulus onto the fovea. In this way, the
probability of repeating the correct action in the future
was increased. By contrast, when the reward signal
was low, such as when the system moved but did not
localize the target, highly correlated units were mostly
depressed. This decreased the probability of repeating
the wrong movement.

3.2. Experiments

To analyze the capability of the model of produc-
ing and maintaining accurate orienting behavior, many
experiments were performed in which the system was
trained in the presence of different sensorimotor condi-
tions [22]. The goal of the experiments was to discover
the sensorimotor transformations leading to success-
ful localization of visual and audio-visual targets in
variable positions along the azimuthal axis, given the
relative structural arrangements of the system compo-
nents and their functional characteristics. The exper-
imental paradigm consisted of three sequential steps:
first, the system was positioned so as to aim in a ran-
domly selected direction. A visual or an audio-visual
target was then presented at one of the 15 available
locations, and as a result the head moved according

to the activity determined within the neural model
(see Fig. 4). After the execution of the movement, the
stimuli were removed and the accuracy of localization
performance was measured. These experiments have
shown that the system was able to discover the proper
sensorimotor transformations in a wide range of ini-
tial conditions, and to quickly recover good foveation
performance after sudden changes in both the sensory
and motor characteristics.

The results of three experiments of this type are
documented in Table 1. The data refer to the accuracy
of localization of auditory targets after the presenta-
tion of 15,000 targets, the equivalent of few hours
of training (similar results were also obtained in the
localization of visual targets, see [22]). In this case
the dimension of the fovea was equal to a spatial ex-
tent of±3.5◦. The first column of Table 1 shows the
performance of the system after direct training, that is
starting from the initial random patterns of connectiv-
ity. The data in the second column are relative to sys-
tems that were first trained with normal sensorimotor
experience, and then exposed to an alteration of their
sensorimotor characteristics. In each case, before the
exposure to sensorimotor experience, the orientation
behavior of the system was poor, due to the initial ran-
dom strengths of connections in the model. By means
of learning, the performance of the system improved
with sensorimotor experience, and the foveation er-
ror decreased. The case of “normal” development in
which no manipulation of the sensory or motor con-
ditions was present is shown on the top row of
Table 1. In this case, the sensorimotor transformations
that need to be discovered are determined uniquely
by the functional characteristics and relative arrange-
ments of the sensors and the robot. Before training,
the performance in the localization of auditory tar-
gets was 39.3◦ ± 32.7◦. A more complex situation
is the one shown in of the middle row of Table 1.
This experiment replicated the insertion of prismatic
goggles on the eyes of the barn owl by systematically

Table 1
Performance of auditory localization

Experiment Direct training Recovery

Normal development 1.5◦ ± 1.0◦ –
Visual alteration 2.3◦ ± 1.1◦ 2.2◦ ± 1.0◦
Motor alteration 2.2◦ ± 1.4◦ 1.8◦ ± 1.3◦
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Fig. 4. An example of correct orienting behavior. An audiovisual target present at the left-hand side of the robot (top image) triggers a
motor action that brings the target at the center of the visual field (bottom image).

translating the visual field by 20◦ to the right. As in the
barn owl, the system learned that in order to foveate
on an auditory target it was necessary to aim at the
side by an amount equal to the visual displacement.
Even in the case in which the system was first trained
in the normal conditions and then suddenly exposed
to a translation of the visual field accurate spatial
localization was produced. A case of chronic manipu-
lation of the motor outputs is illustrated in the bottom
row of Table 1. In this case, the position of the system

was altered by simulating a nonlinear change of gain
in the motors. The azimuthal positionΦ determined
from the motor units was systematically changed to
kΦ2, wherek is a constant that takes into account
the dynamic range so as to maintain a fixed range
of possible movements. In this case the system was
also able to recover accurate orienting behavior even
if it was previously trained with normal sensorimotor
experience, and then suddenly exposed to the motor
manipulation.



M. Rucci et al. / Robotics and Autonomous Systems 30 (2000) 181–193 189

4. Some mechanisms underlying a robust
auditory localization

As shown by the data in Table 1, after having been
exposed to sufficient sensorimotor experience, the sys-
tem was able to localize auditory targets with high
accuracy. The origin of such precision in the determi-
nation of the position of a sound source, or equiva-
lently the development of narrow tuning by ICx units
to specific values of ITD, was the subject of a sec-
ond study [24]. It has long been hypothesized that
ITDs could be derived in the brain of the barn owl
by cross-correlating the signals at the two ears. In-
deed, several experimental observations suggest that
the ITD tuning of ICx cells emerges as a result of
a cross-correlation-like treatment of the input signals
[2,12]. This is a commonly used algorithm for estimat-
ing the binaural delay∆ between the two input audi-
tory signals,sL(t) andsR(t), that is based on search-
ing for the maximum of their cross-correlation func-
tion c(t) = sL(t) ∗ sR(t). However, it has also been
observed that in the barn owl the ITD specificity of
ICx neurons is less affected by noise than it would be
predicted by binaural cross-correlation [12]. The ex-
act mechanisms by which such robustness is achieved
are not known.

4.1. Analysis of the feed-forward model

By using our model, we first examined the emer-
gence of ITD sensitivity in ICx units in the case in
which the intrinsic connectivity of the model was re-
moved, i.e. when only the effect of feed-forward con-
nections was considered. In this case the model was
simple enough to allow an analytical examination. We
found that the average activation of a ICx unit with
preferred ITDT is given by

〈U ICx
T 〉

∝
∫ T +∆t

T −∆t

∫ ∞

−∞
F(AL(f )AR(f ))

AL(f )AR(f )
ĜLR(f )ej2πf tdf

=
∫ T +∆t

T −∆t

∫ ∞

−∞
ΨF (f )ĜLR(f )ej2πf tdf, (4)

whereAL(f ) and AR(f ) are the amplitudes of the
Fourier transforms of the input signals,ĜLR is the es-
timate of the cross power spectrum in the window of

observation, and the functionF(x) is the term present
in the activation of NL units (see Eq. (2)). Details on
how Eq. (4) was derived can be found in [22]. The
time integral results from the spread of projections
from the ICc. In this case, the considered ICx unit
received strong connections from all ICc units with
characteristic ITD in the range(T − ∆t, T + ∆t). In
a well trained systems∆t is small, and the time in-
tegral can be neglected in Eq. (4) by replacingt with
T in the frequency integral. It is obvious from Eq.
(4) that if F(x) is a linear function, the activation
of an ICx unit would be indeed an approximation of
the cross-correlation of the input signals, evaluated at
the unit preferred ITD. However, since experimental
observations indicate thatF(x) is a sub-linear squash-
ing function, in this simplified case of no lateral con-
nectivity, the activation of ICx units deviate from a
simple cross-correlation by the introduction of the
term ΨF . In order to understand how this term al-
ters the sensitivity of ICx units with respect to the
cross-correlation, it should be observed that Eq. (4)
bears a strong resemblance to the so-called general-
ized cross-correlation method [13]. The generalized
cross-correlation algorithm is a more robust method
than direct binaural cross-correlation that is based on
prefiltering the input signals so as to take into ac-
count the fact that a finite time window of observa-
tion is used in reality, and that multiple sound sources
or echos may be present. The goal of this method
is to make the detection of the binaural delay more
reliable, by ensuring large and narrow peaks in the
cross-correlation of the two signals. Instead of the di-
rect cross-correlationc(t) of the two inputs, the gener-
alized cross-correlationcg(t) of the two filtered signals
is used:

cg(t) =
∫ ∞

−∞
HR(f )H ∗

L (f )GLR(f )ej2πf tdf

=
∫ ∞

−∞
Ψg(f )GLR(f )ej2πf tdf, (5)

whereHL(f ) andHR(f ) are the transfer functions of
the filters, andH ∗ is the complex conjugate ofH . Sev-
eral processing functionsΨg(f ) have been developed
[13]. A strategy common to several of these proces-
sors is to perform a “prewhitening” of the input sig-
nals by equalizing the amplitude of their cross power
spectrumGLR. This operation sharpens the peaks of
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Fig. 5. Effect of a logarithmic compression on the spectral amplitude of the cross-correlation. The auditory inputs presented a main binaural
delay at 25ms and an echo at−51ms. The stars indicate direct binaural cross-correlation. The circles refer to the cross-correlation after a
logarithmic filtering as implemented by NL units.

the cross-correlation and makes the detection of ITD
more reliable.

In the model, the processorΨF produces an en-
hancement of the peaks of the cross-correlation sim-
ilar to the generalized cross-correlation method. (see
Fig. 5). This is a result of the particular shape ofF(x)

that has the effect of “prewhitening” the signals by
reducing the range of variability of their spectral am-
plitudes. In this way, the amplitude dependency of NL
units improves the signal to noise ratio for the detec-
tion of auditory sources by increasing the activation
of ICx units with preferred ITDs corresponding to the
input binaural delays, and decreasing the responses of
the other units.

4.2. Effect of lateral connectivity

What happens in the more general case in which
intrinsic connections at the level of the ICc and ICx
are taken into account? In this case, the recursive in-
teractions among units make computer simulations a
more convenient tool to understand how the response
of ICx units change with respect to the case of only
feed-forward connectivity. The first outcome of these

simulations was the observation that the main effect
of intrinsic connections at the level of the ICx was to
suppress the mean activation of ICx units and enhance
the peaks of activity. However, a more striking contri-
bution of lateral connectivity was revealed in the pres-
ence of noisy signals. In this case, which is the norm in
a real environment, the reciprocal inhibition of areas
tuned to different interaural delays in the ICc produced
ensembles of particularly active units only in adjacent
frequency laminae possessing a similar pattern of ac-
tivation. Since the input to all ICc neurons tuned for
the same frequency depends on the estimate of the
mean interaural phaseφLR (see Eq. (2)), groups of ac-
tive cells emerged only in adjacent frequency laminae
with a similar estimate of the interaural phase. In the
frequency bands in which the signal to noise ratio was
lower, the variability of the estimate of the interaural
phase was larger, and the activity of neurons in adja-
cent frequency laminae were more dissimilar than in
frequency bands with higher signal to noise ratio. The
result was a frequency weighting in which the contri-
bution of different frequency bands to the activation of
ICx units was inversely proportional to the variability
of the phase estimate. This operation is extremely
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similar to the maximum likelihood method, the most
reliable version of generalized cross-correlation, in
which the processing function takes into account the
estimated level of noise in different frequency bands,
so as to limit the effect of noise on the final result. It
can be shown that in the maximum likelihood method
the amplitude of the cross-power spectrum at a partic-
ular frequency is normalized by a factor proportional
to the variability of the estimate of the phase at that
frequency:

cML (t) ∝ k

∫ ∞

−∞
ejθ̂ (f )

σ 2
θ̂
(f )

ej2πf tdf (6)

which is similar to the operation of intrinsic connec-
tions at the level of the ICc.

By comparing the processes of auditory localization
in the barn owl to the generalized cross-correlation,
one of the most robust algorithms for the detection of
interaural delays, an elucidation of some of the mech-
anisms underlying precise localization in noisy envi-
ronments has been possible. The model, by including
in a parallel fashion signal prewhitening and weight-
ing of the power spectrum based on the signal-to-noise
ratio at different frequencies, was able to evaluate the
position of sound source quickly and reliably even in
the presence of echoes and noise.

5. Conclusions

Autonomous robotic systems must possess a high
degree of flexibility. Similar to biological organisms,
they need to adapt to the continuously changing con-
ditions of the environment and of their own senso-
rimotor characteristics. There is little doubt that the
understanding of the basic principles of how brains
operate and adapt to the environment will lead to a
major revolution in the design of artificial systems.
Nevertheless, neuroscience and robotics stand as two
independent disciplines with only sporadic interac-
tions (see, for example, [3,20,26,27]). A recent re-
view of the emerging field of biorobotics is given in
[4].

In the past, researchers in robotics and AI have
often looked at biology as a source of inspiration
for solving their problems. From the opposite per-
spective, neuroscientists have recently turned their

attention toward the use of robotic systems as a way
to quantitatively test and analyze theories that would
otherwise remain at a speculative stage. While com-
puter models have recently gained popularity in the
neuroscience community as a way to analyze the
operations of complex neuronal ensembles, these
models are usually activated with simplified artificial
patterns that bear little resemblance to natural stim-
uli. The use of robotic systems has the advantage
of introducing phenotypic and environmental con-
straints similar to those that brains of animals have
to face during development. Consideration of these
constraints is particularly important in light of mod-
ern brain theories, that emphasize the importance of
the environment and sensorimotor experience during
neural development.

More than 50 years ago, in the introduction of his
bookCybernetics: Or Control and Communication in
the Animal and the Machine, Norbert Wiener wrote:

“ . . . [I had] the conviction that the most fruitful ar-
eas for the growth of the sciences were those which
had been neglected as a no-man’s land between the
various established fields.. . . It is these boundary
regions of science which offer the richest oppor-
tunity to the qualified investigator. They are at the
same time the most refractory to the accepted tech-
niques of mass attack and the division of labour. If
the difficulty of a physiological problem is math-
ematical in essence, ten physiologists ignorant of
mathematics will get precisely as far as one phys-
iologist ignorant of mathematics, and no further”
(Wiener, 1947).

Although many years have passed in which science
and technology have exhibited dramatic advance-
ments, these words are still valid. Never more than
today has science become the tasks of specialists in
fields that are growing progressively narrower, and
similar problems are studied independently in dif-
ferent disciplines. The work described in this paper
provides one of the earliest examples of how an archi-
tecture specifically designed to replicate a biological
system can efficiently control a robot operating in the
real world. We believe that, by establishing a direct
link between the natural and engineering sciences,
interdisciplinary efforts like the one described in
this paper can make significant contributions in both
neuroscience and robotics.
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