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Abstract—Considerable time and effort often go into designing
and implementing experimental set-ups (ES) in robotics. These
activities are usually not at the focus of our research and thus
go underreported. This results in replication of work and lack
of comparability. This paper lays out our view of the theoretical
considerations necessary when deciding on the type of experiment
to conduct. It describes our efforts in designing a virtual reality
(VR) ES for experiments in biomimetic robotics. It also reports
on experiments carried out and outlines those planned. It thus
provides a basis for similar efforts by other researchers and will
help make designing ES more rational and economical, and the
results more comparable.

I. INTRODUCTION

The abstractions and simplifications we use when we design
systems often make it impossible to strictly prove their cor-
rectness or fitness. Experiments, in the widest sense, are the
tool that still allows us to validate or refute a specific idea.
In the case of cognitive robotics, examples of general ES are
few so far, and best practices are not established. We therefore
lay out in this paper our considerations for experiments in this
field. As we will see, many of the same general rules apply
for experimentally studying artificial and natural cognition.

Researchers in cognitive robotics have thus replicated clas-
sical experiments from the cognitive sciences. Ravulakollu
et al. [1] replicated a classic neurophysiological experiment,
due to Stein and Meredith [2]. They replaced the originally
feline subject by a robotic one (see Fig. 1a) to show the
similarity of the robotic response to that observed by Stein
and Meredith in nature. As we are particularly interested

(a) Experiment Inspired By [2] (b) Experiment with iCub

Fig. 1: Replicating Neurophysiological Experiments with Robots

in perception in biomimetic robotic systems, we would like
to do similar things. One option would be replicating Stein
and Meredith’s experiments, where our robots would orient
towards flashing lights and sound bursts. Another option is
replicating those by Battaglia et al. [3], who used an audio-
visual VR set-up to experimentally compare their human
participants’ performance to two models of multi-sensory
integration, maximum likelihood estimation (MLE) and visual
capture. Yet another experiment we may replicate is the one
by Block and Bastian [4]. They used an interactive VR
environment to observe the effect of induced disparity between
vision and proprioception in a reaching task.

The rest of this paper is organized as follows: in Sec. II, we
relate the degrees of validation one can pursue to the different
kinds of experiments that can provide them. Against this back-
ground, we describe in Sec. III-A and Sec. III-B the virtual
reality (VR) environment we have designed and implemented
for multi-sensory robotic experiments. We explain the choices
we made and techniques we used in terms of experimental
validity on the one hand, and feasibility as well as flexibility
on the other. Finally, in Sec. III-C, we describe work we have
done in multi-sensory integration in robotics, explain where it
fits into our considerations about experiments in general, and
how we are going to continue it using our VR environment.
This will serve for comparison with other ES used in the
field, and thus help establish a clearer understanding of the
necessities and best practices for this kind of research activity.

II. SENSORY ROBOTIC EXPERIMENTS

The simplest goals of a robotic experiment are proving the
robustness and fitness of a system. In either case, the standard
applied depends on the complexity and the capabilities of the
system under test. In the case of fitness, for example, this can
mean showing that the system accomplishes the needs of a
user. It can also mean that it does so better than previously
introduced systems, or under different side conditions.

A significantly higher mark to aim for is showing optimal-
ity: in some instances of sensory processing, e.g. in simple
audio-visual localisation, there are theoretical limits of how
well a system can perform ([5, p. 585],[6]). These results
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Fig. 2: Continuum of Experiments Fig. 3: Aluminium Truss Scaffold

usually come with strong assumptions on the situation, which
can affect their applicability to real-world scenarios [7]. Thus,
it is often hard to show optimality in a situation resembling
the real ‘life’ of a robot.

Another possible goal, which is particular to experiments
in biomimetic robotics, is showing that a system behaves like
its natural counterpart. This is an important goal because one
of the objectives of biomimetic robotics is to validate theories
about the functioning of biological systems by modelling them
and comparing the behaviour of the model to that of the
original.

Let us now turn to the kinds of experiments, in the widest
sense, which can be used to assess the performance of a
particular system. As we will see, there is a continuum of
how much complexity from the real world we allow into
our experiments. Which of the goals described above an
experiment can accomplish is largely determined by where
in this continuum it falls (see Fig. 2).

A. Low Complexity – Simulations

The first kind of experiment we want to consider are simula-
tions. At their most abstract, they are simple programs which
generate input data and feed it to the system being tested.
The system is often just an isolated algorithm and the data is
generated according to the same assumptions, concerning data
quality, noise, and world dynamics, that went into the design
of the system. Rao, for example, used this kind of simulation
to demonstrate the effectiveness of his artificial neural network
(ANN) for inference with hidden Markov models [8] and we
have used simulations to evaluate our SOM-based model for
learning mapping and integration of multi-sensory stimuli [6].

More sophisticated simulations use software physics engines
to generate more complex input and evaluate the output
more functionally with respect to the environment. Examples
include Milford et al.’s simulations showing how their system,
called RatSLAM, maintains estimates of its own pose [9], and
Stramadinoli et al.’s simulations with a simulated iCub robot
grounding language in action [10].

Simulations have some advantages over more naturalistic
experiments. One of the greatest advantages is that all the
hardware needed is computing hardware. Also, individual sub-
systems can be tested in isolation from others. Simulations
can be perfectly reproducible, and they make it possible to
test performance in situations which are hard or impossible to
induce in reality. Examples are situations occurring naturally

in marine, submarine, and aerospace applications. Finally, they
allow us to closely observe both overt and internal system
behaviour. Our work mentioned earlier is an example of the
former, that of Milford et al. and Rao an example of the latter:
while we focussed on the functional aspects of our model, they
both used simulations to compare biological neural activations
to the neural activations in their models.

However, for conclusive evidence, experiments beyond sim-
ulations are needed, as the full complexity of the real world can
never be captured in a computer system and thus the results
are not guaranteed to be transferable [7].

B. Medium Complexity – Lab Experiments

Laboratory experiments allow to selectively admit real-life
complexity into our tests. Results from lab experiments thus
validate not only the behaviour of a system but also some of
the assumptions.

The standards by which a robot’s performance can be
measured in a lab experiment greatly depend on two things:
one is the task it is to solve, the other is how well we
understand the stimuli and actions available to the robot.
If we understand them well enough and we can show that
they are very similar in real life and in the experiment, then
we can demonstrate robustness and fitness of our systems
under natural conditions. If we can additionally observe or
manipulate ground truth in the experiment, then it may even
be possible to show optimality. In cases where we have
behavioural or neurophysiological data from experiments with
humans or animals, we can also demonstrate biological realism
if stimuli and physics in natural and robotic experiments
are sufficiently similar. However, the same observations that
are possible on a robot are not necessarily possible on a
human or animal. Specifically the kinds of higher-order tasks
tested in lab experiments tend to be distributed all over the
nervous system [11] and therefore only partially observable
neurophysiologically. Thus, only behavioural data is usually
available for these tasks for comparison between natural and
artificial systems.

When we wrote about admitting real-life complexity, we
also hinted at two limitations of lab experiments. The first is
the lower bound of complexity let in. It is not always easy
or possible to limit interaction of the real world with the
test subject exactly as needed for the experiment. Filtering
out confounding factors is an art and a challenge not only in
robotic experiments. The second limitation is getting enough
complexity into our ES to ensure realism and therefore exter-
nal validity.

C. High Complexity – Field Experiments

With no feral robots to observe in their natural habitats,
field experiments are the pinnacle of natural complexity and
external validity in robotic experiments. All the input im-
pinging on the system in these experiments is real, time
constraints are real, and the environment reacts mostly real to
the robots’ actions. Bringing robots into their designated field
of operation, observing them and attributing their behaviour,



their successes, and shortcomings to individual components is
what makes field experiments difficult to conduct and ensure
their internal validity.

D. Virtual Reality

VR experiments are technically lab experiments. What sets
them somewhat apart from classical experiments, however,
is the range of possible input stimuli and the control over
the reactions of the environment to the robots’ actions. VR
experiments give us the opportunity to test our robots in
circumstances close to those in the environment for which
they are designed. At the same time, they allow us to pre-
cisely control the stimuli presented to our robots and closely
observe their performance without interfering with the test
conditions. Thus, they generally have greater external validity
than simulations or simpler lab experiments, as at least some
of the consequences of embodiment, like time-constraints,
sensor and ego-noise, and real physics apply. In summary,
the flexibility offered by VR environments, which allows us
to tune internal and external validity to our needs, makes them
highly attractive. On the other hand, it can be difficult to
argue that all relevant aspects of reality are covered in VR
environments, just like in regular lab experiments.

Concluding our considerations on experiments in general,
we can say that the holy grail in biomimetic robotic ex-
periments is a perfectly controlled field experiment showing
optimal behaviour and/or quantitatively the same behaviour
and simulated biology as that found in nature. However, not
all of these standards can usually be achieved at the same
time and often a simulation or a more restricted ES support
our points just fine. In fact, a system can first be tested for
general fitness in a simulation, then in various stages of a VR
experiment, and finally in a field experiment.

III. MULTI-SENSORY VIRTUAL REALITY LAB

The practical requirements for the design of our VR set-
up were affordability, ease of operation, and flexibility. Apart
from these, the overarching design goal was to give us the
maximum range of possibilities with respect to the continuum
described in Sec. II. This meant that we wanted to be able
to deliver highly controlled stimuli and observe our robot’s
actions as closely as possible. Also, the VR had to be able to
create a rich, complex environment for the robot to behave in.
Control and richness of stimuli both needed to be tunable to
the needs of the individual experiments. Of course, it did not
make sense to invest heavily in creating environmental realism
that exceeded our robot’s perceptual capabilities. However,
we had to ensure that we could produce stimuli which were
sufficiently natural to make the results comparable with those
in the experiments we were going to reproduce.

On the visual side, this translated to being able to create a
sharply focussed, uniformly illuminated picture with high res-
olution, covering as much of the screen with as little distortion
as possible. We wanted the virtual scenes to cover at least 180◦

around the robot, horizontally, and 90◦ vertically in order to
allow the robot to react to stimuli e.g. by turning towards them,

and still be immersed in the display. For audition, we wanted
to be able to generate sounds and precisely control their origin.
We plan to compare sound source localization (SSL) of our
robots to that of humans. The maximal resolution of human
SSL is in the order of magnitude of about 2◦, horizontally, and
3.5◦ vertically [12]. We therefore have to be able to control
sound sources with about that precision.

We considered three different types of immersive visual set-
ups. One was an array of LCD or LED displays arranged
around the robot head. This approach was comparatively
simple, from the technical and hardware sourcing perspectives.
However it was unclear whether we would be able to place the
displays close enough to each other so that the picture would
appear seamless. Even more importantly, it would have been
very difficult to have sound coming from the precise location
of a visual stimulus with a display made up of monitors. We
therefore abandoned this approach relatively quickly.

Another idea was a projection scenario in which the robot
was to be placed at the center of a half-sphere, or dome. The
geometry of the projection would have been comparatively
simple, and the distortion was promising to be easily calculated
and compensated for. With the actual screen made out of
thin fabric, and projection from the inside of the dome, it
would have been possible to place speakers anywhere behind it
and therefore achieve any desired spatial resolution. Projection
could have been done with a single projector and a fish-eye
lens or spherical mirror [13].

While we would have been able to simulate a 360◦ scene,
horizontally, and 180◦, vertically with this set-up, the down-
sides of a dome projection outweighed the advantages. Most
importantly, we feared a dome-shaped projection screen might
have adverse acoustic effects on auditory localisation, the
screen and the structure holding it would have had to be
custom-built and thus costly, and a dome would have made
the space it occupied unusable for anything else.

For these reasons, we decided for a third option, in which
the robot sits at the center of a half-cylindrical instead of a
half-spherical screen (see Figs. 3 and 1b). The advantages
of this solution are that it did not require going through
a specialised manufacturer for the structure, projectors, and
potentially additional optics and that it offers much greater
flexibility and easier handling and manipulation of the robot
during the experiments. On the other hand, it requires using
multiple projectors and projecting at close distances with
overlapping projection areas.

When we designed the metal structure which was to hold
screen, projectors, speakers, and robot, we opted for an
aluminium truss scaffold filling our entire lab. This gives
us greatest flexibility in placing the ES components plus
the ability to extend our audio-visual VR by adding real or
simulated components for different senses. The screen spans
a half circle with a diameter of 2.60 m, and has a height of
about 2.2 m. The robot head is fixed at the center of this half
circle at about the height of the vertical center of the screen.
Looking straight ahead, the projection takes up all of its visual
field. It can turn by about 67◦ horizontally in either direction



Fig. 4: Array of Projectors

without seeing the borders of the screen.
The robot head which will be used in our experiments is the

iCub head (see Fig. 1b). The iCub is a humanoid robot highly
suitable for research in artificial intelligence, developmental
robotics and embodied cognition. It is state of the art in
terms of kinematic design and anatomical similarity to an
approximately three-year-old child. The neck has 3 degrees of
freedom (DoF) for tilt, swing, and pan movements. There are 3
DoF for oculomotor control: one for the eyes’ common vertical
orientation, and one for each eye’s horizontal orientation. Each
eyeball contains a VGA colour camera. The head contains two
microphones surrounded by pinnae [14]. Our aim is to perform
robotic experiments in biomimetic audiovisual and visuomotor
coordination. This makes the iCub head ideal for us, as its
design was driven by the idea to mimic human head and eye
movement.

A. Projection

a) Choice of Projectors: We used Projection Designer1,
an open-source software which simulates various aspects of
non-standard projections, to compare a number of differ-
ent combinations of projectors and find the solution which
matched the competing requirements explained in Section III
as closely as possible. In the end, we chose a set-up using
four moderately wide-angle Optoma GT 750 projectors located
above and below the robot head. Less projectors would have
been enough had we been able to use wide-angle projectors
rotated by 90◦. This would have decreased the over-all com-
plexity of the set-up. However, the vendors of the projectors
in question did not guarantee for the lifespan of projectors
operating in this position.

b) Determining and compensating for distortion: Using
four projectors to project against the inner surface of a half-
cylinder invariably leads to overlap and strong distortion of
the individual projections (see Figs. 4 and 5). In theory, the
distortion, which is determined by the characteristics of the
projectors, the geometry of the screen, and the position of the
camera, can be determined mathematically. One can then pre-
distort the image such that it will appear even to the camera,
and its brightness can be adjusted such that the overlap will
be invisible.

Unfortunately, it is very hard to determine or enforce these
parameters sufficiently well to do the math and compensate

1http://orihalcon.jp/projdesigner/

Fig. 5: iCub with Distorted Background

for the distortion. Take for example the projection angles. The
scaffolds and anchors holding the projectors would need to be
flexible enough on the one hand such that the angles can be set
very precisely, and stiff enough on the other hand such that
gravity will not change the angles immediately after setting
them. The position of the lenses in the projectors would have to
be known exactly, and the settings of the projectors themselves
for shifting and scaling the image would have to be set to
some previously determined configuration. Small aberrations
could already lead to projectors not being aligned correctly.
All of this makes a ‘modelled’ approach largely impractical.
We therefore chose to pursue a model-free approach, or rather
an approach which uses a non-geometric, non-optical model.

In short, what we do is use the iCub’s camera and motion
capabilities to empirically determine the relationship between
pixel positions in the projected image and angles from the
robot at which they appear. For this, we first project the
horizontal and vertical lines of a white grid, one after another.
Whenever a pixel lights up for a vertical line at position i
and a horizontal line at position j, we store the horizontal and
vertical angles α and β at which it appears to the robot. Let
B = {b1, b2, . . . , bk} be a set of k polynomial and Gaussian
basis functions and (in, jn, αn, βn) be the nth 4-tuple thus
collected. Then we construct vectors A = (α1, α2, . . . , αN )
and B = (β1, β2, . . . , βN ), for N the number of 4-tuples, and
a 2k ×N matrix X such that the entry Xl,m of X is

Xl,m =

{
bl(im) if l <= k

bl−k(jm) if l > k
,

for 0 < l ≤ 2k and 0 < m ≤ N . Finally, we use linear least
squares regression to get approximate solutions bA and bB to
the equations

XbA = AT and XbB = BT .

Together with the basis functions B, this gives us the param-
eters of two mixture models for calculating the horizontal
and vertical angles, respectively, to which a given pixel is
projected. We pre-calculate the values of these models for
every pixel position in the projected image and generate C
code which uses the resulting matrix for OpenGL online undis-
tortion of 3D scenes [15]. This procedure allows us to change
the position of the robot and the projectors to accommodate
every experiment’s need for precision and realism without
having to fine-tune them mechanically every time.

As general and simple, conceptually, as our approach is
for undistortion, it does not give us an easy way to also
perform edge blending, i.e. fading out one projector’s image



into another in the area where they overlap. While this is not a
difficult problem for multiple projectors projecting in parallel
against a flat screen [16], it does become non-trivial when the
overlap is not rectangular and the projectors’ scan lines do not
have the same orientation. We thus decided to simply check
for every pixel in one projector’s image whether it was seen
at the same angles as pixels in other projectors’ images, and
dim it accordingly.

B. Sound

One of the first considerations for designing the sound set-
up was the kind of loudspeakers to use. An ideal sound source
in an SSL experiment should originate from a single point,
so the robot’s localisation error can be quantified precisely.
Another requirement is to reproduce a broad range of fre-
quencies with high fidelity and enough intensity to cover the
background noise generated by projectors, power sources, and
the robot itself. In contrast to speaker arrays, coaxial speakers
comprise different drivers and membranes for lower and higher
frequencies which vibrate parallel to the same axis. Good
coaxial speakers thus fulfill both the requirement for crisp
localisation and for high frequency bandwidth.

It is possible to create a spatial impression along the azimuth
with just two speakers, by varying the time of onset and
intensity of sounds. To also create the impression of elevation,
a set of so-called head related transfer functions (HRTF) is
needed [17]. These HRTFs simulate the effect of a hearer’s
torso and pinnae. Such a set of HRTFs is valid only for
a discrete number of positions of the hearer wrt. the sound
sources. This is a problem for experiments in which a robot is
to move continuously, often facing directions for which there
is no known HRTF. We therefore opted for a much easier
approach: in our VR, the robot is actually surrounded by a
number of speakers along the azimuth and elevation planes.
On top of these consumer-grade, single-membrane speakers,
we acquired a pair of high quality coaxial speakers for simple,
high-precision localisation scenarios.

For basic experiments with horizontal localisation, it is
enough to place speakers e.g. at every 15◦ in the azimuth, from
0◦ to 180◦, and at 0◦ of elevation. When doing experiments
with vertical localisation as well, identical speaker line-arrays
need to be placed along the elevation plane. Horizontal line-
arrays can have 30◦ steps between ±60◦ on the elevation
plane, and a more advanced configuration can increase to 15◦

steps. In order to test the limits of SSL near the intersection
of azimuth and elevation axes, where SSL accuracy in humans
is at its highest, speakers have to be placed very close to each
other in front of the robot’s head. Such performance has been
approached by some biomimetic algorithms [18], [19] and
thus flexibility to accommodate these types of experiments
is a requirement for the physical infrastructure of the lab (see
above).

Sounds with clearly defined parameters, such as pure tones
or white noise, can be generated with many numerical manipu-
lation software applications. The relevant part of the generation
of stimuli is the possibility to reproduce it on the required

speaker at predefined points in time. One alternative is to
create as many instances of sound-reproducing modules as the
number of speakers in the set-up. Afterwards, it is possible to
connect each of them with software applications such as Jack-
Audio2, and instruct the reproduction of the desired sound file
at the required time.

C. Audio-Visual Experiments

In previous work, we have developed a SOM-based model
for learning mapping and integration of multi-sensory signals
as performed by the SC [6]. At the level we modelled this
process, it can be shown that, with Gaussian noise in the
different modalities, a linear maximum likelihood estimator
(MLE) performs optimally at this task [20]. Given the vari-
ances σ2

1 , σ
2
2 , . . . , σ

2
n of the Gaussian curves describing the

noise in the n modalities whose cues c1, c2, . . . , cn are to be
integrated, a linear MLE computes a weighted average

cMLE =
1∑n

i=1 σ
2
i

n∑
i=1

σ2
i ci.

Psychophysics experiments have provided evidence that hu-
man behaviour when localising audio-visual stimuli indeed is
well-modelled by a linear MLE [21]. In a simulation of the
most abstract type described in Section II, we showed that our
model was capable of learning how to combine near-optimally
noisy stimuli for localisation.

In simple lab experiments using a single speaker, our group
experimented with SSL using spiking ANNs [19]. These
ANNs modelled how mammals integrate interaural time (ITD)
and level (ILD) differences for auditory localisation. The
output of this model was used to produce motor commands
for the robot to face in the direction of a sound source.
First, ITDs and ILDs are extracted from a set of sound
frequency components with spiking neural models of the
medial superior olive (MSO) and the lateral superior olive
(LSO) [22]. Then MSO and LSO outputs were integrated in
a model of the inferior colliculus (IC) which provided a more
coherent spatial representation across frequencies. The IC
model has j ∈ {1 . . . nIC} neurons for each of the f frequency
components that it analyses. The value of nIC equals the total
number of azimuth angles θ around the robot where a sound is
produced during an experiment. The connection weights from
MSO and LSO neurons to IC neurons were estimated using
Bayesian inference:

p (θj |Sf ) =
p (Sf |θj) p (θj)

p (Sf )
,

where Sf is the number of spikes produced by MSO and LSO
neurons for a given sound. This inference process displayed a
robust performance on a robot with high levels of ego-noise.
Experimental results showed that the algorithm is capable of
differentiating sounds with an accuracy of 15◦.

As a next step, we want to combine our work from au-
ditory localisation and multi-sensory integration, and test the

2http://www.jackaudio.org/



resulting system in increasingly more realistic experiments in
our VR environment: In Section II, we stated that one goal
in experiments with biomimetic robotic systems is showing
that these systems behave like the biological systems they
model. We also explained that biological realism on the level
of neurophysiology can only be shown where comparable
data exists on that neurophysiology. This is the case mainly
for relatively simple cognitive processes which are somewhat
removed from real life. Experiments in psychophysics and
neurophysiology like those due to Stein and Meredith [2],
Battaglia et al. [3], and Block and Sebastian [4] provide such
data. Some of the experiments we are going to conduct in our
VR set-up will therefore be modelled after such experiments.

Moving on to the goals of experiments in general robotics,
more life-like experiments will be further down the road of
our research with the VR environment described in this paper.
Single- or multi-speaker recognition in a home or meeting
room scenario could be tested. This could be done with
our models alone or in combination with models for other,
higher-level, sensory processing, like face detection or spoken
language comprehension. Also, a vast amount of effort that
has gone into creating realistic simulations especially in ego-
shooter-type computer games, some of them open source.
This effort could be harnessed for scientific purposes. The
similarity between localisation and gaze direction on the one
hand and aiming and shooting on the other as well as the
high demands in speed and precision make this an attractive
path, although less martial contents would be desirable. The
standards here will either be the performance of other artificial
systems, fitness for some purpose, or other metrics depending
on the task. In our VR set-up, a system can be tested under the
exact same conditions with very different types of stimuli in
successive stages of one run of an experiment. This is where
VR environments shine.

IV. CONCLUSION

The considerations laid out in this paper provide refer-
ence on multiple levels to anyone designing experiments
in cognitive robotics. The continuum described in Sec. II
defines the different classes of experiments and what kinds of
evidence they can provide. It thus helps identify which types of
experiment are needed to validate the capabilities of a specific
system. It pays special attention to the role of ESs based
on VRs, adding additional relevance for anyone considering
this kind of experiment. Sec. III points out requirements
and options for building an audio-visual VR. In particular,
Secs. III-A and III-B discuss challenges and solutions specific
to projection and simulation of localised sound sources, which
will be of use for the robiticist designing such a VR. Finally,
the description of experiments we have carried out and planned
puts all of the above into a practical perspective.
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