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Abstract

The development of a robotic platform for cognitive
studies on human navigation based on optical flow is
presented in this paper. The platform can interact with
both a virtual and a real environment, by calculating the
optical flow and detecting targets and obstacles. This
information is employed by humans to navigate in the
environment, although the control laws and their hi-
erarchical composition underlying such a behavior are
not known. The proposed platform will provide a pow-
erful tool for addressing these issues.

1 Introduction

Optical flow is an important source of visual infor-
mation that arises on the retina of a moving person [12].
While in motion, the observer has the task of perceiv-
ing his or her immediate environment and to optimally
combine this information to accurately guide on-going
and future behaviour. The human visual cortex com-
prises a highly complex hierarchy of visual sensory ar-
eas that include the primary visual cortex that serves
as input stage that provides input to higher order areas
devoted to more complex processing. This processing
cascade segregates into two major processing streams
[7, 8]. One of these streams is referred to as the dorsal
stream and its primary concern is the mapping of ob-
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jects in space and the analysis of the position and dis-
placement of these objects relative to each other and to
the observer. Dorsal-stream areas contribute to motion
perception and low-level cognitive processes related to
object segmentation and attentional tracking. The other
stream, referred as ventral stream, is directed to the in-
ferotemporal cortex and is involved in object recogni-
tion. Fast feedforward processing within and across
both streams can support object recognition in moving
scenes.

Our research activities represent a combined exper-
imental and modelling approach that aims at revealing
the mechanisms of visual cognition as they interact with
processes of neural decision-making and attention se-
lection. The project aims at integrating cognitive pro-
cesses, such as decision-making, the relation between
decision-making and learning, attention selection based
on such decisions, and the coordination of sensory pro-
cesses with selection processes in the moving partici-
pant. Such issues can be explored by creating a sophis-
ticated robotic platform with independent sensory and
motor abilities to test neural-network models, such as,
e.g., visual search and obstacle avoidance in real scenes.
This paper focuses on the actual implementation of such
a robotic device, both from a hardware and software
point of view. In particular, during the robot software
architecture creation, the general scheme shown in Fig-
ure 1 has been followed and replicated.

A robotic platform has been developed in order to
form a test bed for the investigation of perception and



Figure 1: Schematic functional architecture. The mod-
ules we implemented focused on different steps of the
control loop. The optical flow calculation module
worked at the V1/V2-MT/MST level, the SpikeNet ob-
ject detection module at the V4-IT level and the deci-
sion module at the PFC-PMC/MC level.

action interaction. The robot itself provides the motor-
component, whereas the sensory part of the robotic sys-
tem consists of two cameras. The software implemen-
tation of the visual system is derived from the human
cortex structure, i.e. replicating the aforementioned di-
vision into dorsal and ventral pathways. Mainly the in-
formation of the optic flow is analysed but also informa-
tion of the form channel is used via cross interaction.

A neural architecture is developed with realistic
components of the primary visual pathway and the com-
bination with a simple motor system. Hereby, a deci-
sion module (prefrontal cortex) is integrated, that influ-
ences the behaviour. Altogether, we want to simulate
and investigate behaviour for tasks of different com-
plexity, where the results generated in the single layers
are passed to the decision layer.

2 Platform architecture

Figure 2 outlines the overall architecture of the mo-
bile platform. In particular, a custom Active Vision
Head (AVH) has been installed onto a commercial mo-
bile platform. The mobile device has two active wheels
and is a differentially-driven robot, i.e., differences in
wheel velocities lead to robot self-rotations. The AVH
is capable of simulating typical human eye movements,
such as fast ballistic, saccadic and slow pursuit move-
ments, with comparable performance in terms of re-
sponse time, smoothness of motion and trajectory track-
ing, and with independent sensory and motor abilities.

Figure 2: Integrated system general architecture

2.1 Hardware details
The chosen mobile platform is the Labo-4, devel-

oped by AAI, Canada. Such platform is a high-payload
(up to 30kg) device which can be configured for a wide
range of experiments and real-world applications. De-
spite the fact that eight ultrasonic and eight infrared sen-
sors are mounted and integrated on the platform, they
are not currently employed for navigation tasks, which
are required to be completely vision-based.

The Active Vision Head (see Figure 3) is designed
in order to simulate pan and tilt movements of the head
itself and the eyes. Head pan and tilt movements, eye
tilt and independent eye pan movements can be con-
trolled on-line during while operating the robot. The
presence of both eye independent pan movements can
be exploited in order to control the eye vergence in a
symmetric or asymmetric way. Every Degree of Free-
dom is actuated by means of DC motors either directly
connected to the joint or connected to specifically de-
signed transmission systems.

2.2 Software details
In order to comply with the testing of new compu-

tational models, requiring the fulfillment of execution
in a given computational time to generate an appropri-
ate optical flow in the observed scene, the robotic plat-
form and the vision head are controlled directly by the
main control unit. The robot navigates in a real sce-
nario, and the optical flow is generated by the effective
movement of the robot. This requires that the time per-
formance for the execution of the control loop should be
fast enough to allow the decision making of the robot.
The proposed architecture for the robot tries to com-
ply with the aforementioned division of the visual pro-
cessing in humans into dorsal and ventral pathways, by
implementing a double-stream parallel processing with
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Figure 3: Active Vision Head

very specific functionalities:

• multithreading support: deployment of the appli-
cation over multiple threads to guarantee paral-
lelization of processes;

• deployment of code execution on a quad-core pro-
cessor machine for the optimization of speed of ex-
ecution of numerical code;

• adoption of dll modules for the integration of mod-
ules and code sharing.

3 Control architecture

In accordance to the aforementioned general guide-
lines, two concurrent processes to perform in parallel
optical flow computation and target detection have been
implemented (see Figure 4). On the one hand, optical
flow computation is mainly used for a corridor centering
task, i.e., a navigation task in which the robot is required
to keep in the middle of a straight or curved corridor. On
the other hand, predefined objects can be detected in the
scene through a SpikeNet module, a commercial soft-
ware module (www.spikenet-technology.com) for neu-
roinspired fast object detection. Such module can be
used either for targeting or avoiding the detected object.

Figure 4: Control system general architecture

3.1 Optical flow computation
The optic flow used for the navigation is computed

by a model from Bayerl&Neumann [1] that is based on
the neural processing in our visual system. This model
simulates the first stages of motion processing in the
human dorsal pathway, namely V1 and MT. In model
area V1 a first detection of optic flow is realized, model
area MT estimates the optic flow of larger regions. Both
model areas contain feedforward, feedback and lateral
connections that form a three-level processing cascade.
The key components of this model are the interplay of
the two different areas in two different spatial scales that
are recurrently connected. In addition, the lateral con-
nections lead to a normalization via shunting competi-
tion that strengthens the activity of unambiguous mo-
tion signals.
As the navigation in real-time requires very fast and
stable optic flow computation, the model is calculated
in an algorithmic way [2] that is accelerated due to a
sparse representation of neurons and a very efficient ini-
tial motion detection stage using an extended version of
the Census Transform [11]. Optic flow stabilization is,
amongst other, achieved using to temporal integration
and a compensation of the rotational components that
arise due to jittering of the moving robot.

3.2 Control algorithms
The robot was at first equipped with a basic con-

trol strategy to provide a basic level of visuo-motor
behavior. The robot’s basic task is to safely navigate
through passages of empty space between potentially
hazardous obstacles. Consider, for example, a corri-
dor that is created by two walls of approximately paral-
lel orientations which remain stationary while the robot
(observer) moves. Since the projected 3D visual flow
vectors leading to 2D image flow are inversely scaled
as a function of the scenic depth structure, a balancing
strategy can be easily derived using peripheral flow in-
formation. Through balancing the average motion in
both peripheries guarantees steering the robot along a
path approximately along the middle of a corridor-like
environment. Basic optical flow based control strategies
try to balance left and right flow values, in order to keep
the robot in the middle of a corridor-like environment
[3, 6, 9, 13, 10]. The approach that was employed in
this work was to use the average flow value in two areas
in the left and right regions of the field of view as inputs
to the control system. A third area, located in the mid-
dle of the field of view, was employed for calculating
the mean rotational component, to be subtracted from
all other flow values. If the left flow is, for example,
greater than the right one, the robot is closer to the left
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wall and will have to move to the right in order to keep
in the center. Since depth structure is encoded directly
in the translatory flow component, the control mecha-
nism has an implicit sense of relative depth which fi-
nally needs to be balanced. From this basic idea all the
following control algorithms were developed.

3.2.1 Standard control system

A finite state controller was developed as a first
means to control the robot. Two values are computed
from the left and right optical flows [6]: the difference
d, corresponding to the difference of the instant abso-
lute values of left and right optical flows; a threshold
value th, corresponding to the sum of the instant abso-
lute values of the left and right optical flows divided by
a fixed normalization parameter k.

The d value is directly correlated to the distance be-
tween the robot and the corridor centerline to be fol-
lowed. Positive values correspond to the robot being
closer to the left wall and vice versa. The greater |d|
is with respect to th and the closer the robot will be
to a wall. Two thresholds were employed for choosing
between a small or a large robot rotation, necessary to
move toward the center of the corridor. After each rota-
tion command no output is given to the robot for some
time steps (usually 2), in order to let the flow stabilize
to reliable values. See Figure 5 for a block diagram of
the proposed control architecture.

Figure 5: State-machine control algorithm

The sequence of output command has therefore a
spike-like appearance, each rotation being separate at
least two steps from the subsequent one. A control strat-
egy employing continuous rotations lead to a more os-
cillating behavior.

3.2.2 Two-pool neural control system

A neuro-inspired decision module [4, 5] has then
been integrated on the robotic platform. This module
consists of two self inhibiting neural pools (figure 6).
Inputs to the system are the left and right flows. The

Figure 6: Two-pool neural control architecture scheme

output command was the difference between the activ-
ities of the two pools. Compensation of self rotation
and additional variables for allowing flows to stabilize
after every rotation command were still employed. The
equations which regulate the dynamic behavior of the
two neural pools are as follows:{

ω̇1 = −ω1 + a
1+e−b(w11∗ω1−w12∗ω2+λ1−c)

ω̇2 = −ω2 + a
1+e−b(w22∗ω2−w21∗ω1+λ2−c)

(1)

where ω1 and ω2 are the two neural populations, λ1

and λ2 are the two inputs (flows), w11 and w22 are
self-excitatory weights, w12 and w21 are reciprocally
inhibiting weights, a, b and c are system parameters.

The potential field of such a system is designed in
such a way that, when the two inputs are balanced, there
are two symmetrical potential wells, corresponding to
left and right rotation. Thanks to random oscillations in
the activity of the network the state of the system can
fluctuate between the two wells and, more often, stabi-
lize in an additional equilibrium point between the two
wells, leading therefore to no rotation. When one in-
put is greater than the other, one potential well becomes
deeper than the other and the system is strongly biased
toward a rotation. The parameters of this system have
been slightly modified in order to obtain a better robot
behavior.

3.2.3 Three-pool neural control system

The two-pool control system represents a first step
toward a fully biological navigating device. The fact
setting the output to zero for some steps after each rota-
tion command is still present and represents an artificial
component.

Figure 7: Three-pool neural control architecture scheme
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By adding a third inhibitory neural pool (see Figure
7) it was possible to obtain a fully functional neuroin-
spired control system. The main function of this pool
would be to inhibit the other two after each rotation
command, so that flows could autonomously stabilize.

3.3 Object recognition
SpikeNet is an image recognition and tracking tech-

nology using networks of asynchronous spiking neu-
rones. SpikeNet uses processing algorithms that are di-
rectly inspired by the strategies used by the human vi-
sual system which outperforms even the most sophisti-
cated machine vision systems. Indeed, the human visual
system is able to analyse a complex scene in a fraction
of a second.

In order to be used for object detection, the module
needs to be trained by providing one or more images of
the object to be detected in the scene and appropriately
tuning threshold parameters. With a proper parameter
tuning, it is possible to reduce computational burden
and recognize objects even in difficult conditions. The
SpikeNet routine has successfully been integrated with
the robotic platform software in order to perform paral-
lel object detection and navigation tasks using the multi-
threaded software architecture. In particular, additional
control algorithms for object tracking and object avoid-
ance have been introduced in the software architecture.

Object tracking was achieved by adding a rotation
command to the one calculated with the optic flow. No
output is given if the object is in the central part of the
view field, in order to avoid oscillations. It is also pos-
sible to detect the distance of the object by estimating
its size. The robot was able to move without hitting side
walls and, at the same time, perform object tracking.

In order to obtain obstacle avoidance a control law
complementary to the one employed for object tracking
was designed. If the obstacle was detected in the outer-
most left and right part of the flow field, no rotation was
necessary. Corridor centering and concurrent obstacle
avoidance were successfully achieved.

4 Preliminary results

With a typical input sequence containing left and
right peripheral flows (e.g. Figure 8, which corresponds
to a typical acquisition sequence in a real navigation
task) the typical output of the proposed control architec-
tures is a spike-like sequence (see Figure 9 for a sample
result comparing the three different control strategies
outputs for a navigation task on a same corridor). Such
control signal has proven its effectiveness in keeping the
robot in the center of the corridor, without having an os-
cillatory behaviour. As a matter of fact, the robot was

Figure 8: Sample input sequence

Figure 9: Sample output sequences

Figure 10: Average trajectores recorded using the dif-
ferent control systems

able to move in a straight or curved corridor without hit-
ting side walls and able to correct the trajectory in order
to avoid the collision with walls (see Fig. 10 for the av-
erage trajectories recorded employing the three control
strategies). Avoidance of large objects - such as a per-
son - was also possible by the detection of the change
in optical flow, without changing any control parameter.
The presence of a large obstacle in one side of the flow
field causes indeed an asymmetry between left and right
mean values, hence resulting in a steering command.
Moreover, concerning the usage of the two-pool neural
algorithm, it has been shown that, after accurate param-
eter tuning, the robot is able to move in both highly and
low textured corridors. Obstacle avoidance based on
optical flow only is also possible for extended objects.
The robot is able to pass a corridor like environment
with sidewise obstacles forming a narrow zig-zag track.
In such a setting the rotation compensation mechanism
has proved to be indispensable.
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5 Discussion

This rather basic centering behavior to control the
robot’s route can be considered as an online decision-
making process in which asymmetries in the peripheral
flow distributions above threshold lead to corrections in
the route-selection process. This is continuously mon-
itored by comparison between flow information gener-
ated along the model dorsal pathway of motion compu-
tation.

The robot hardware and software configurations
have been tested in a navigation task where the robot
had to move in a corridor-like environment, avoiding
walls and obstacles and reaching a target. Both the neu-
romorphic module for optical flow calculation and the
Spikenet routines for object recognition have proved to
be effective tools for performing visual based naviga-
tion. Several control strategies have been implemented,
with the aim of developing a fully neuroinspired control
architecture.

It has been shown that human navigation is influ-
enced by the presence of an optical flow component
[12], but few data are available on the control laws
which our nervous system employ. As demonstrated
a technical base driven by cognitive neuronal mecha-
nisms opens the ability to reproduce and evaluate such
empirical findings. Therefore our platform, designed
with a bioinspired approach, represents a valuable tool
for performing experiments meant to investigate the ex-
isting neuroscientific hypotheses.

6 Acknowledgments

This work is supported by EU FP6 IST Cognitive
Systems Integrated project DECISIONS IN MOTION.
The authors would like to thank Simon Thorpe and
Edoardo Sotgiu for their valuable collaboration.

References

[1] P. Bayerl and H. Neumann. Disambiguating visual
motion through contextual feedback modulation.
Neural Comput, 16(10):2041–2066, Oct 2004.

[2] P. Bayerl and H. Neumann. A fast biologically in-
spired algorithm for recurrent motion estimation.
IEEE Trans Pattern Anal Mach Intell, 29(2):246–
260, Feb 2007.

[3] D. Coombs, M. Herman, T. Hong, and M. Nash-
man. Real-Time Obstacle Avoidance Using
Central Flow Divergence, and Peripheral Flow.
IEEE Transactions on Robotics and Automation,
14(1):49, 1998.

[4] G. Deco and D. Martı́. Deterministic analy-
sis of stochastic bifurcations in multi-stable neu-
rodynamical systems. Biological Cybernetics,
96(5):487–496, 2007.

[5] G. Deco, L. Scarano, and S. Soto-Faraco. We-
ber’s Law in Decision Making: Integrating Behav-
ioral Data in Humans with a Neurophysiological
Model. Journal of Neuroscience, 27(42):11192,
2007.

[6] A. Duchon and W. Warren. Robot navigation from
a Gibsonian viewpoint. Systems, Man, and Cyber-
netics, 1994.’Humans, Information and Technol-
ogy’., 1994 IEEE International Conference on, 3,
1994.

[7] D. J. Felleman and D. C. V. Essen. Distributed hi-
erarchical processing in the primate cerebral cor-
tex. Cereb Cortex, 1(1):1–47, 1991.

[8] J. V. Haxby, C. L. Grady, B. Horwitz, L. G. Unger-
leider, M. Mishkin, R. E. Carson, P. Herscovitch,
M. B. Schapiro, and S. I. Rapoport. Dissociation
of object and spatial visual processing pathways in
human extrastriate cortex. Proc Natl Acad Sci U S
A, 88(5):1621–1625, Mar 1991.

[9] J. Santos Victor, G. Sandini, F. Curotto, and
S. Garibaldi. Divergent stereo for robot nav-
igation: learning from bees. Computer Vi-
sion and Pattern Recognition, 1993. Proceedings
CVPR’93., 1993 IEEE Computer Society Confer-
ence on, pages 434–439, 1993.

[10] J. Serres, F. Ruffier, S. Viollet, and N. Frances-
chini. Toward optic flow regulation for wall-
following and centering behaviors. Interna-
tional Journal of Advanced Robotics, 3(2):147–
154, 2006.

[11] F. Stein. Efficient computation of optical flow
using the census transform. DAGM Symposium
2004, pages 79–86, 2004.

[12] W. H. Warren, B. A. Kay, W. D. Zosh, A. P.
Duchon, and S. Sahuc. Optic flow is used to con-
trol human walking. Nat Neurosci, 4(2):213–216,
Feb 2001.

[13] K. Weber, S. Venkatesh, and M. Srinivasan. In-
sect inspired behaviours for the autonomous con-
trol of mobilerobots. Pattern Recognition, 1996.,
Proceedings of the 13th International Conference
on, 1, 1996.

6


