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Abstract—In this paper, we introduce a network of spiking
neurons devoted to navigation control. Three different examples,
dealing with stimuli of increasing complexity, are investigated. In
the first one, obstacle avoidance in a simulated robot is achieved
through a network of spiking neurons. In the second example,
a second layer is designed aiming to provide the robot with a
target approaching system, making it able to move towards visual
targets. Finally, a network of spiking neurons for navigation based
on visual cues is introduced. In all cases, the robot was assumed
to rely on some a priori known responses to low-level sensors (i.e.,
to contact sensors in the case of obstacles, to proximity target
sensors in the case of visual targets, or to the visual target for
navigation with visual cues). Based on their knowledge, the robot
has to learn the response to high-level stimuli (i.e., range finder
sensors or visual input). The biologically plausible paradigm
of spike-timing-dependent plasticity (STDP) is included in the
network to make the system able to learn high-level responses that
guide navigation through a simple unstructured environment. The
learning procedure is based on classical conditioning.

Index Terms—Navigation control, spiking neurons, spike-
timing-dependent plasticity (STDP).

I. INTRODUCTION

A CCORDING to the definition discussed in [1], naviga-
tion skills can be divided in local navigation skills and

way-finding skills. Local navigation skills are based on infor-
mation on the immediate environment perceived by the robot,
and thus, opposite to way finding, they do not necessarily re-
quire an internal representation of the surrounding world. In
robotics, the spectrum of possible behaviors is broad, ranging
with continuity from reactive to deliberative processes [2]. The
tasks investigated in this paper were implemented by a reactive
system augmented with systems for learning, showing that local
navigation capabilities can be improved by involving stimuli of
increasing complexity.
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Although the tasks considered are basic problems in navi-
gation control and have been solved using many different ap-
proaches [2], our idea is to investigate a suitable navigation con-
trol scheme, which relies on learning strategies in spiking neu-
rons [3] (i.e., the fundamental processing units of the nervous
system).

Literature on navigation control as well as the papers focusing
on biologically inspired approaches to navigation are vast. A
review on bioinspired navigation control schemes is provided
by Trullier et al. [1] and by Franz and Mallot [4]. A key role
in navigation control in animals is played by hippocampal cells,
which encode spatial locations and act as an associative memory
[5]–[9]. The aim of our paper is not to reproduce a biological
model, but to use the paradigm of spiking computation to build
an artificial structure suitable for controlling a roving robot.

Among bioinspired approaches to navigation, the work by
Floreano et al. [10], [11] is worth mentioning. Here spiking
neural circuits are applied to control navigation in a miniatur-
ized roving robot. Floreano et al. use a spike response model to
build a network of spiking neurons controlling the robot. They
genetically encode and evolve the pattern of connectivity among
neurons and between neurons and sensory receptors. Their ap-
proach is thus based on the evolution of circuit parameters rather
than on their adaptation during conditional learning.

A very interesting approach is the distributed adaptive control
model, based on artificial neural networks introduced in [12]
and [13]. Another important difference is that in our strategy
the response to a given stimulus is modulated by the stimulus
itself, while in the model discussed in [12] and [13] responses
are predefined, being selected by the stimulus through a set of
command neurons.

The formulation of the control system in terms of spiking
neurons requires to adopt neural mechanisms in order to im-
plement the desired features. For instance, the learning strategy
(a key issue of the navigation control that the system has to in-
clude) should be based on a biologically plausible mechanism.
Several hypotheses have been formulated to model the biolog-
ical mechanisms of plasticity. It has been recently pointed out
that a primary role is played by spike timing [14], [15]. Conse-
quently, the so-called spike-timing-dependent plasticity (STDP)
has been introduced to explain biological plasticity [14], [15].
According to this theory, synaptic weights among living neurons
are changed so that a synaptic connection between two neurons
is reinforced if there is a causal correlation between the spiking
times of the two neurons. The weight of the synapse is increased
if the presynaptic spike occurs before the postsynaptic spike, de-
creased otherwise.
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Taking into account the STDP rule, we implemented a system
able to learn the response to “high-level” (conditioned) stimuli,
starting from a priori known responses to “low-level” (uncondi-
tioned) stimuli. In our system, successive repetitive occurrences
of the stimulus lead to reinforce the conditioned response, ac-
cording to the paradigms of classical and operant conditioning
[16], [17], briefly introduced in the following. Classical con-
ditioning relies on the assumption that, given a set of uncondi-
tioned responses (UR) triggered by unconditioned stimuli (US),
the animal learns to associate a conditioned response (CR) (sim-
ilar to the UR) to a conditioned stimulus (CS), which can be
paired with the US [17]. In operant conditioning, the animal is
asked to learn a task or solve a problem (such as running a maze)
and gets a reward if it succeeds [17]. These two biological mech-
anisms, used by living creatures to learn from interaction with
the environment, provided the source of inspiration for the im-
plementation of our algorithm.

In our approach, learning capabilities are included to imple-
ment the main navigation control tasks (obstacle avoidance,
target approaching, and navigation based on visual cues). These
have been implemented through a bottom-up approach: from
the most simple task, i.e., obstacle avoidance, to the most
complex task, i.e., navigation with visual cues. In the case
of obstacle avoidance, contact sensors play the role of US,
while range finder sensors represent CS. In the case of target
approach, sensors which are activated in the proximity of a
target (called in the following proximity target sensors) play
the role of US, while the visual input coming from a camera
equipped on the robot represents the CS. In fact, the robot has a
priori known reactions for contact and proximity target sensors,
but has to learn the response to the conditioned stimuli through
classical conditioning. In the case of navigation with visual
cues, the development of a layer for visual target approach is
fundamental to learn the appropriate response to objects, which
can become landmarks driving the robot behavior.

Several local navigation tasks can thus be incrementally ac-
quired on the basis of the already learned behaviors. The bioin-
spired learning approach is potentially relevant to the goal of
progressively including, into the navigation control loop, more
and more details gained from high-level sensors, such as visual
cues. As learning proceeds, new visual features could be used
to select more appropriate actions, relevant to the current task.

STDP networks are widely studied: it has been demonstrated
that they are able to generate map structures [18], [19], to ex-
plain the emergence of direction selectivity [20], to represent
temporal receptive fields [21], to store patterns [22], and to study
the dynamics of cortical neurons [15]. Many of these papers are
devoted to study network properties that are related to important
features of the brain (for instance, cortical development [18] or
map formation in the Barn Owl’s brain [19]), and to this aim
make the assumption that the input is a random variable, char-
acterized by given statistical properties. In our paper, instead,
the network of spiking neurons with STDP learning is applied
to control a roving robot. The loop through the world, which de-
fines the input of the network, is exploited to produce classical
conditioning in several continuous behavioral scenarios.

The novel aspects of our work concern three points: condi-
tioning, spiking neurons, and the use of STDP in robot con-

trollers. With respect to conditioning, we explicitly formulate
a model in which learning occurs via a loop through the world.
A neuron model (proposed by Izhikevich [23]), which explicitly
takes into account the dynamics underlying spike generation and
frequency coding of the input intensity, is used. A learning rule
based on STDP with additional mechanisms is applied to an ex-
ample of navigation control in a roving robot. Our simulations,
in fact, led us to conclude that STDP needs further assumptions
to properly work for robot control. STDP with clipping and an
additional decay rate of synaptic weights is shown to be suitable
for simple navigation tasks, whereas in the example of naviga-
tion with visual cues, the STDP rule does not work at biologi-
cally plausible delays and some other mechanisms must account
for this.

The paper is organized as follows. The network model is
introduced in Section II and the simulation environment in
Section III. Obstacle avoidance is illustrated in Section IV.
Section V discusses the network for target approaching and
the related simulation results. In Section VI, navigation based
on visual cues is discussed. The conclusions of the paper are
drawn in Section VII.

II. THE SPIKING NETWORK MODEL

In this section, the mathematical model of the spiking net-
work applied to all the local navigation skills mentioned in the
introduction is discussed. The network consists of interacting
spiking neurons, which may play the role of sensory neurons,
interneurons, or motor neurons. Sensory neurons are neurons
connected to sensors, while motor neurons drive robot motors;
interneurons are all the other neurons involved in the processing
for navigation control. Each neuron is modeled by the following
equations proposed by Izhikevich [24]:

(1)

with the spike resetting

if then (2)

where , and are dimensionless variables representing the
neuron membrane potential, the recovery variable, and the input
current, respectively, while , and are system parameters.
The time unit is millisecond.

According to the parameters chosen [23], this model could
reproduce the main firing patterns and neural dynamical prop-
erties of biological neurons, such as spiking behaviors (tonic,
phasic, and chaotic spiking) and bursting behavior.

Among the possible behaviors, we focussed on class I ex-
citable neurons. In these neurons, the spiking rate is proportional
to the amplitude of the stimulus [23]. Such property is really im-
portant as a way to encode any measured quantity by means of
the firing frequency. It also represents a suitable way to fuse
sensory data at the network input level. For the task of obstacle
avoidance, the robot is equipped with range finder sensors con-
nected to sensory neurons, which are thus class I excitable neu-
rons able to encode the distance from the obstacle through their
firing rate, as schematically shown in Fig. 1. Neuron parame-
ters are chosen as (class I
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Fig. 1. Class I excitable neurons encode the robot distance from the obstacle
into their firing frequency.

excitable neurons [23]), while the input accounts for both ex-
ternal stimuli (e.g., sensorial stimuli) and synaptic inputs. The
same model was adopted for the other neurons of the network.

Concerning the model of the synapse, let us consider a neuron
, which receives synaptic connections from neurons, and let

us indicate with the instant in which a generic neuron , con-
nected to neuron , emits a spike. The synaptic input to neuron

is given by the following:

(3)

where represents the weight of the synapse from neuron
to neuron and the function is expressed by the following:

if
if

(4)

Equation (4) describes the contribution of a spike, from a
presynaptic neuron emitted at [10]. In our simulations,

has been fixed to 5 ms.
To include adaptive capabilities in our model, Hebbian

learning was considered. Recent results [14] indicate STDP as
a model of experimentally observed biological synaptic plas-
ticity. The synaptic weights of our network are thus allowed
to be modifiable according to the STDP rule discussed in [14]
and here briefly reported. Let us indicate with the synaptic
weight. A presynaptic spike and a postsynaptic spike modify
the synaptic weight by , where, according to
the STDP rule, depends on the timing of presynaptic and
postsynaptic spikes. The following rule holds [14]:

if

if
(5)

where is the difference between the spiking
time of the presynaptic neuron and that of the postsy-
naptic one . If , the postsynaptic spike occurs
after the presynaptic spike of the synapsis is reinforced. Other-
wise, if , the postsynaptic spike occurs before the presy-
naptic spike and the synaptic weight is decreased by the quan-
tity . The choice of the other parameters ( , and

) of the learning algorithm will be discussed below. Equation
(5) is a rather standard assumption to model STDP. The term

represents the maximum , which is obtained for

almost equal pre- and postspiking times in the case of potentia-
tion (depression).

The use of the synaptic rule described by (4) may lead to
an unrealistic growth of the synaptic weights. For this reason,
often upper limits for the weight values are fixed [18], [25]. Fur-
thermore, some authors (see, for instance, [12] and [26]) intro-
duce a decay rate in the weight update rule. This solution avoids
that the weights of the network increase steadily with training
and allows for a continuous learning to be implemented. In our
simulations, the decay rate has been fixed to 5% of the weight
value and is performed every 3000 simulation steps. Thus, the
weight values of plastic synapses are updated according to the
following:

if
otherwise

(6)

where indicates the modulus of divided by 3000
and is given by (5).

In the following, the upper limit for the synaptic weight was
fixed to 8 (excitatory synapses) or 8 (inhibitory synapses). The
initial values of synapses with STDP are either 0.05 (excitatory
synapses) or 0.05 (inhibitory synapses). All the other synaptic
weights (i.e., weights not subject to learning) are fixed to their
maximum value.

III. ROBOT SIMULATION AND CONTROLLER STRUCTURE

In this section, the simulated robot, the simulation environ-
ment, and the interface between the spiking network, the robot,
and the environment are briefly described.

The simulated robot has a cubic shape: in the following, the
edge of the robot will be used as measure unit, and indicated
as robot unit (r.u.). The simulated robot is a dual-drive wheeled
robot: the two motors are labeled as left (LM) and right motor
(RM). The two actuated wheels are driven by the output of
the spiking network structure as discussed below. The robot
is equipped with two collision sensors, two range finder sen-
sors, two proximity sensors for target detection, and a simulated
visual camera. Contact and range finder sensors are centered
on the front side of the robot and have a range of [0 , 45 ]
(right sensor) or [ 45 , 0 ] (left sensor). The proximity sen-
sors for target detection are range finder sensors, which sense
the presence of a target. The simulated robot is shown in Fig. 2:
a schematic representation of sensor ranges is given in Fig. 2(a),
while in Fig. 2(b) the onboard camera view is shown.

The simulation environment is written in C++ and the visual-
ization is based on the OpenGL libraries [44]. The software has
been designed as an environment for the simulations of roving
robots controlled by routines easily defined by the user. It allows
simulations in a 3-D space. More details on the simulation envi-
ronment are given in [27]. The 3-D visualization is only needed
for the task of navigation with visual cues.

The general structure of the spiking network is made of three
layers of neurons outlined below. The first layer is formed by
sensory neurons. We used class I excitable neurons to model this
layer of neurons, so that the frequency rate codes the stimulus in-
tensity. The second layer is formed by interneurons, whereas the
third layer is formed by motor neurons. The output of the motor
neurons is used to generate the signals driving the two wheels
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Fig. 2. (a) The simulated robot is equipped with range finder sensors centered
on the front side of the robot and with a range of [0 , � 45 ] (right sensor)
or [�45 , 0 ] (left sensor), schematically shown with gray dashed lines (outer
arcs). The inner arcs refer to the range of contact sensors. The range of the
onboard camera view is shown with black solid lines. The circle surrounding
the target represents the range in which the target is sensed by the proximity
target sensors of the robot. (b) Onboard camera view.

of the robot. We now briefly clarify how each layer works in
general.

The response of the sensory neurons depends on the stimulus
intensity through the input in (1). Let us first consider sen-
sory neurons associated with collision sensors and let us indi-
cate with the distance between the robot and the closest ob-
stacle. This distance is computed in robot units (r.u.). Collision
sensors are activated when the distance is r.u.: in
this case, the input of the neuron associated with the US is fixed
to a constant value . This value is such that the sensory
neuron emits regular spikes, and consequently, the robot avoids
the obstacle by turning in one direction.

In the case of range finder sensors for obstacle detection, the
input is a function of . This function
has been chosen so that the range finder sensors approximately
begin to fire when the distance between obstacle and robot is
less than 11 r.u. In the case of range finder sensors for target
detection, the same input function is used, but the target can be
detected if the distance from the robot is less than 5 r.u.

As far as the visual sensor is concerned, input is acquired
by a camera equipped on the simulated robot. The raw image
(388 252 pixels) is preprocessed in order to identify objects
of different colors. In particular, to develop the network for
target approaching and navigation with visual cues, two color
filters have been considered: red objects represent targets
whereas yellow objects are used as visual cues. In both cases,
the filtered image is tiled in nine different sectors, each one

Fig. 3. Network for obstacle avoidance. RM and LM are right and left motors,
respectively. US and US represent right and left contact sensors, respectively,
while CS and CS represent conditioned stimuli (i.e., range finder sensors).
Each circle indicates a class I excitable neuron modeled by (1). Arrows and
dots indicate excitatory and inhibitory synapses, respectively. The “go on” box
indicates a constant input, which makes the motor neurons fire in the absence
of sensory input (this constant input is such that the robot can go in the forward
direction without sensory input).

associated with a class I spiking neuron. A visual sensory
neuron is activated if the barycenter of the identified object falls
within its corresponding sector. The input is a function of the
perimeter of the object, as follows. Let us indicate with the
perimeter of the biggest object in the visual field, then the input

of the active sensory neuron is given by: if
pixels or if .

Interneurons constitute an intermediate layer between sen-
sory neurons and motor neurons. We found that this layer is not
strictly necessary for the avoidance task, where the overall net-
work is quite simple, but is needed for more complex tasks.

Finally, the last layer of the network is constituted by four
motor neurons. For the sake of uniformity, these neurons (and
the interneurons as well) have been modeled by class I excitable
neurons. Motor control is strictly connected to the robot struc-
ture under examination. To clarify how the output of the motor
neurons is used to drive the robot wheels, we need to briefly
mention some aspects of the simulation.

The robot moves in a simulated environment filled with ran-
domly placed obstacles. At each simulation step, a time window
of 300 ms of model behavior is simulated. The robot moves ac-
cording to the number of spikes generated by the motor neu-
rons during this time window. A number of spikes emitted by
the two left (right) motor neurons are cumulated to compute the
robot action; after that, a new sensory acquisition and network
processing will be executed.

In our model, we assume that the speed of the motor is propor-
tional to the spiking rate of the driver signal. The driver signal
for each motor depends on the number of spikes in the variables

(1) of the associated motor neurons. Referring to the spiking
network shown in the box of Fig. 3, the “go-on” motor neurons
generate the spike train needed to let the robot advance in the
forward direction (even in absence of stimuli). The spikes of the
other motor neurons (since this part of the network is needed to
make the robot able to turn, we refer to these neurons as “turn”
neurons) are then summed to the ones of the “go-on” neurons, so
that the driving signals of the motors are the sum of the two spike
trains. In presence of collisions, the network structure is such
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that the “go-on” motor neurons are inhibited and the forward
movement is suppressed. When the left and right motor neu-
rons emit an equal number of spikes, the robot moves forward
with a speed proportional to the number of spikes. In absence of
conditioned stimuli, the amplitude of the forward movement is
about 0.3 r.u. for each step.

When the information gathered by the sensory system pro-
duces a difference in the number of spikes emitted by left
and right motor neurons, the robot rotates. Let be the
number of spikes in the signal driving the right (left) motor,
and let , then the angle of rotation (in the
counterclockwise direction) is rad. This means
that if, for instance, and , then the difference
between the number of spikes emitted by right and left motor
neurons is one spike and the robot will rotate 0.14 rad (about
8 ). In this case, after rotating, the robot proceeds forward. We
count the spikes emitted both by the left neuron and the right
neuron, i.e., the minimum value of and (in the example,
4) and let the robot advance with a speed proportional to this
number, so that the spike rate codes the robot speed.

Without learning, the robot is driven by unconditioned be-
havior. In this case, the robot is driven by contact sensors and is
able to avoid obstacles only after colliding with them. Further-
more, thanks to proximity target sensors, the robot can approach
a target only if this is within the sensor range. In the case of a
front obstacle, the turning direction is random.

IV. OBSTACLE AVOIDANCE

The spiking network described in this section deals with the
navigation task of moving in an environment where obstacles
are randomly placed. Navigation takes place by using fixed re-
actions to contact sensors (i.e., to US) and learning the appro-
priate actions in response to conditioned stimuli (i.e., stimuli
from range finder sensors).

The network for obstacle avoidance is shown in Fig. 3. It is
functionally divided in two parts. The first group of neurons (in-
cluded in the gray box) deals with unconditioned stimuli US
and US (i.e., contact sensors). Synaptic weights of this net-
work are fixed and represent the a priori known response to
unconditioned stimuli, i.e., the basic avoidance behavior of the
robot. The structure of the connections between neurons is in-
spired by Braitenberg vehicles [28]. These are simple reactive
systems endowed with a bioinspired control based on direct cou-
pling between sensors and motors. In particular, a model with
direct inhibition and cross excitation of sensory and motor neu-
rons has been adopted. This model is biologically relevant: in
fact, it has been used for modeling cricket phonotaxis in [29].
Concerning sensory neurons, we assume that obstacles are de-
tected by contact sensors at a distance that allows the robot to
avoid the obstacle by turning in one direction.

The second part of the network, whose connections are
outlined in gray in Fig. 3, deals with conditioned stimuli. The
synaptic weights of this network evolve according to the STDP
rule discussed above. Those ones connecting motor neurons to
CS and CS are not known a priori and should be learned
during the exploration. The following parameters have been

Fig. 4. Three meaningful parts of a simulation devoted to learn CRs. (a) Robot
behavior is driven by UR. (b) The robot has already learned CR to left obstacles.
After two collisions with right obstacles, it avoids a right obstacle with a CR.
(c) The robot avoids obstacles using CR. The final position, for each of the
simulation phases, is indicated with a filled circle.

used for the STDP rule: 20
ms, 10 ms.

Without stimuli, the motor neurons controlling right and left
motors emit the same number of spikes and the robot proceeds in
the forward direction. When a stimulus, due either to a contact
or a distance sensor, occurs, the number of spikes emitted by
the motor neurons is no longer equal and a steering movement
occurs.

To illustrate a first example of obstacle avoidance, we take
into account two parameters. A steering movement is the re-
sponse of the robot to an external stimulus. It can be either an
unconditioned response (UR) or a conditioned response (CR).
To test the behavior of the network controller, we take into ac-
count how many steering movements are due to an US or to
a CS. We define as the number of avoidance movements
(i.e., steering movements directed to avoid an obstacle), which
occur in a given time window and are due to the triggering of an
UR. We define as the number of avoidance movements in a
given time window, due to the triggering of a CR. If the spiking
network controller performs well, grows, while de-
creases.

Trajectories generated in a typical experiment are shown in
Fig. 4. During the first phase, the robot avoids obstacles by using
UR, triggered by contact sensors [Fig. 4(a)]. During this phase,
the robot learns the correct CR. Proceeding further with the sim-
ulation [Fig. 4(b)], obstacles are finally avoided only by using
range finder sensors, i.e., CS [Fig. 4(c)]. The weights converge
towards an equilibrium value given by the balance between new
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Fig. 5. � compared with � in the case of obstacle avoidance. The time
window in which � and � are calculated is 1000 simulation steps.

Fig. 6. Robot controlled by the spiking network for obstacle avoidance is able
to reorganize its turning strategy. The final point of the trajectory followed by
the robot is indicated with a filled circle.

experience, learned when collision sensors are activated, and the
weight decay rate.

The introduction of the weight decay rate implies a never
ending learning. This is not a drawback, since the learning algo-
rithm is simple, it can run in real-time, and a continuous learning
contributes to improve experience and also to face with dynam-
ically changing environments.

In Fig. 5, the number of avoidance movements due to CS
(namely, ) is compared with the number of avoidance
movements due to US (namely, ). The time window in
which and are calculated is 1000 simulation steps. As
it can be noticed, as new experience is gained, US are seldom
used, and the robot uses CR to avoid obstacles.

We observed several emergent properties in this simple net-
work controller. First, it is worth noticing that, although the
UR network and the structure for the CR network are symmet-
rical, the weight values of the CR network are not symmetrical.
This provides to the robot a decision strategy in case of front
obstacles. In this sense, the behavior of the network depends
on the configuration of obstacles used to train the network and

the robot starting point. The asymmetry depends on how many
left or right obstacles are encountered during the first phase of
the learning. Other simulation tests, dealing with new obstacles
placed in the environment after the learning phase, reveal that
the new obstacles are avoided without any problem. Thus, al-
though the learned weight values depend on the obstacle con-
figuration, the global behavior of the network is independent of
obstacle positions.

Thanks to the introduction of a decay rate in the synaptic
weights, the learning phase never stops. This provides the robot
with the capability of redefining, during the time, its turning
strategies. Let us focus on the example shown in Fig. 6. When
the robot approaches the arena wall at the area marked with B, it
turns to the right, while an optimal strategy would require to turn
in the opposite direction. In B, the robot performed a wrong turn,
but in D, the turn was correct. So, during the time needed to go
from B to D, the robot weights were adjusted. This occurs during
the four right turns between B and D and, in particular, during
the left turn marked as C where collision sensors (i.e., evoking
an UR) are used. In fact, with the strategy learned in B the robot
collides at point C (because the solution is not optimal) and so
it learns a new solution. The robot applies the new solution at
point D.

The emergent result is that the robot is able to correct the not
optimal strategy and to adopt a better strategy. In fact, when it
approaches area marked with D it now turns in the left direction.
These emergent properties derive from the dynamic behavior
due to the presence of learning (i.e., to the plasticity of synapses
of dynamical spiking neurons).

A. Obstacle Avoidance: Simulation Results

To evaluate the performance of the spiking network con-
troller, a systematic analysis was carried on. Five different
arenas with randomly placed obstacles were considered. For
each arena, five different simulations were performed. In each
simulation, the robot is placed in a random initial position,
which determines a different evolution of the learning algo-
rithm. Thus, a total of 25 different cases is taken into account.
The total length of each simulation is 25 000 steps. The
size of the arenas is 75 75 (in robot units); each arena contains
five randomly placed obstacles, which are 10 10 (in robot
units) squares.

The behavior of the network controller is evaluated by taking
into account two parameters: and . is defined
as the number of collisions averaged over the 25 simu-
lations. Then, we define as the mean distance between the
robot and the obstacles, and indicate its average over 25 sim-
ulations as . To calculate , a temporal mean (over a given
time window of 1000 simulation steps) of the distance between
robot and closest obstacle is considered.

The aim of the network is to learn how to use CS. There-
fore, we expect that, after learning, decreases and
increases. In fact, after learning, we expect that the number of
collisions with obstacles decreases and the robot avoids obsta-
cles at a larger mean distance.

In Fig. 7, is shown as function of the simulation time.
As expected, while learning proceeds, the mean number of col-
lisions decreases. Fig. 8 shows as function of the simulation
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Fig. 7. �� � as function of the simulation time. While learning proceeds, the
mean number of collisions decreases. Results are averaged over 25 trials, which
take into account five different arenas and five different robot initial positions for
each arena. Error bars represent the minimum and maximum values obtained.

Fig. 8. ��� as function of the simulation time. While learning proceeds, the
mean distance between robot and obstacles increases. Results are averaged over
25 trials, which take into account five different arenas and five different robot
initial positions for each arena. Error bars represent the minimum and maximum
values obtained.

time. increases as learning proceeds. At the end of the simu-
lation, reaches the value of 8 r.u., which, compared to
the distance at which sensory neurons begin to sense the pres-
ence of an obstacle (i.e., about 11 r.u.), demonstrates the efficacy
of the controller.

An important factor to show the stability of the algorithm is
the trend of the synaptic weights. In Fig. 9, three typical exam-
ples are shown. The examples refer to three of the 25 simulations
under examination, and report the values of the weights associ-
ated to the plastic synapses shown in Fig. 3. In most cases, the
trend is similar to that one shown in Fig. 9(a) or (b), where after a
transient phase, the weights oscillate around steady-state mean
values. Furthermore, two other points showing the suitability
of the approach are the stability of robot behavior in long run
trajectories (some examples are shown in Section V-B) and the
good performance of the approach when applied to a real robot
(as shown in Section IV-B). With respect to this point, it should
be mentioned that several papers have addressed in detail the
stability issue of learning rules exploiting timing of action po-
tentials [30]–[32].

Fig. 9. Trends of the synaptic weights in two typical cases (a) and (b) and in a
case (c) in which the robot was engaged into a dead end.

As a consequence of the different values for the weights the
robot has a tendency to turn in one direction (i.e., left) more
often than in the other direction. As observed above, this is
an advantage in critical situations. Fig. 9(c) shows an atypical
trend obtained only in one of the 25 simulations analyzed. The
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Fig. 10. Trajectories obtained in the case in which the robot faces one obstacle
starting at different points equidistant to it: (a) before learning; (b) at the end of
the learning phase.

weights show a sudden change at 18 000 simulation steps.
Corresponding to this, (not shown) suddenly increases,
demonstrating that the robot was engaged in a difficult ma-
neuver (in this case, a corner of the arena). As the trend of the
weights after this dead end demonstrates, the robot has success-
fully dealt with this difficult maneuver.

Another interesting case to evaluate robot performance is
when there is only one obstacle (e.g., a wall) and the robot
moves towards it starting from different points at the same dis-
tance from the obstacle. We evaluated the performance of the
robot before, during, and after learning, which was performed
in one of the five arenas under examination. The trends of the
weights obtained in this case are shown in Fig. 9(b). Before
learning [as shown in Fig. 10(a)], the robot starts turning after
a collision with the obstacle. During learning, the robot starts
turning at an increasing distance to the obstacle. After the
learning phase, the robot turns at a distance 9 r.u. In the
case of front obstacle, the robot turns left, since .
Since the turning rate depends on the difference between the
number of spikes in left and right neurons (and this difference is

Fig. 11. Behavior of the robot after (a) 3 min and (b) 24 min from the beginning
of the learning phase.

Fig. 12. Robot experiments. Temporal evolution of the synaptic weight con-
necting distance sensors and interneurons (collision avoidance network). It can
be noticed that � � � � �.

very small in case of front obstacles), in case of front obstacles,
the robot turns at a smaller distance with respect to the case of
lateral obstacles.

B. Robot Experiments

The obstacle avoidance network has been applied to control
a real roving robot. The experimental platform is constituted by
a computer used only to store data coming from the robot, a
field-programmable gate array (FPGA)-based board, hosting an
Altera Stratix II (where the control architecture and learning al-
gorithms are implemented), a mobile robot, and a wireless com-
munication system. The robot used for the experimental setup
is a Lynxmotion 4WD2 Robot. It is a classic four wheel rover
controlled through a differential drive system. The robot dimen-
sions are 35 cm 35 cm. The roving robot is equipped with four
infrared distance sensors GP2D12 from Sharp and with an RF04
USB radio telemetry module for remote control operations and
sensory acquisition.

The detection range of the infrared sensors is set from 14 to
80 cm. In this experimental setup, contact sensors are emulated
with distance sensors by introducing a threshold at 23 cm that
is the minimum distance needed by the robot to escape from an
obstacle.

The hardware control loop includes different processing
stages. A sensory acquisition stage is performed on the rover by
means of a microcontroller, subsequently the sensory informa-
tion are transferred through a wireless communication module
to the FPGA board in which the spiking network has been
implemented. The network and the learning algorithms have
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Fig. 13. Network for target approaching based on visual input. � �� �� , and � indicate distance/contact left/right sensors. They have been renominated
with respect to Fig. 3, in which they were indicated as�� ��� ��� , and�� , because now unconditioned stimuli are represented by proximity target sensors
(� and � ) and the conditioned stimulus is the visual input.

been developed in the Nios II soft-embedded microprocessor
that can be synthesized within the Altera FPGA.

The robot experiment was carried out in an arena (2.5 m 2.5
m) filled with randomly distributed obstacles, and the learning
session goes on for about 35 min. After learning the robot was
able to change its behavior. This is shown in Fig. 11, where
the trajectories followed in similar environmental conditions at
the beginning and at the end of the learning session are given.
Videos about the experiment are available in [33].

The trends of the synaptic weights during learning in this ex-
periment are shown in Fig. 12. The upper saturation was fixed
to eight and the decay rate was activated after 40 simulation
steps and acts decrementing the synaptic weights of 2% every
ten simulation steps. These slightly different parameters have
been chosen to speed up the learning phase of the real experi-
ment at the expense of greater oscillations of the weight values.
This experiment demonstrates the suitability of the approach in
a quite large range of parameters.

V. TARGET APPROACHING

A. The Network for Target Approaching

In the previous section, the capability to interpret, in an unsu-
pervised way, high-level sensor stimuli, guided from low-level
inherited reflexes, was shown. In this section, the problem of in-
terpreting a visual stimulus is dealt with.

The first basic mechanism needed for navigation control is
the ability to direct towards a target. We suppose that the robot
knows how to direct itself towards the target once the target is
within a circle of a given radius. However, this a priori known
mechanism provides only a poor target approaching capability
useful for very low distances: the robot should learn how to di-
rect to the target on the basis of the visual input, which in this
case constitutes the conditioned stimulus. In our case, targets
are small red cubic objects.

In order to focus on the problem of learning the conditioned
response to the visual stimulus, we simplify the network of neu-
rons devoted to process the visual input. We assume that the vi-
sual input provides high-level information: red objects are iden-

tified and information on their perimeter and their barycenter
is provided to the network. The network of neurons is a topo-
graphic map of nine neurons, which activate when the object
barycenter is within the spatial region associated with them. The
input image is thus divided in a regular grid of nine compart-
ments, which define the receptive field of each neuron.

The network of spiking neurons, including visual target ap-
proaching, is shown in Fig. 13. Unconditioned stimuli for target
approaching are indicated as and (left and right): they are
range finder sensors, which detect the distance from the target
if the robot is within the proximity range outlined in Fig. 2(a).
The whole network is now divided in three layers: sensory neu-
rons, interneurons, and motor neurons. In addition to the plastic
synapses of the obstacle avoidance layer, the weights of the
synapses between sensory visual neurons and interneurons are
also modulated by the STDP rule. The other weights are fixed.

It has been assumed that the visual input is the result of a
segmentation algorithm through the graphical interface of the
simulator, which is solved at the level of sensory neurons. This
can be assumed to be feasible, since, with current technology,
it is possible to draw image segmentation within the interframe
rate [34].

B. Target Approaching: Simulation Results

In this section, simulation results focusing on target ap-
proaching are shown. We describe several simulations carried
out to test the behavior of the robot in a generic environment
with randomly placed obstacles and in specific cases, when,
for instance, there is a target difficult to find. In any case,
when there are multiple targets in the environment, to avoid
that the robot stops at a target, once it is reached, this target is
deactivated. The target is then reactivated when a new target is
reached.

The first experiment refers to the environment shown in
Fig. 14. The trajectory followed by the robot in this environ-
ment in the first phase of the simulation (i.e., when the robot has
not yet learned to use visual input) is shown in Fig. 14(a). After
learning, the robot follows the trajectory shown in Fig. 14(b).
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Fig. 14. Trajectory followed by the robot with visual target approaching con-
trol: (a) without learning; (b) after learning. Targets are indicated with small
rectangles inside a circle representing their visibility range.

Fig. 15. (a) Robot camera view at point A of Fig. 14(b). (b) Visual input: the
small rectangle indicates that a target has been identified.

In the case of Fig. 14(b) instead of proceeding in the forward
direction as in Fig. 14(a), at point A, the robot rotates since it
sees the target that it will reach at point D. This is shown in
Fig. 15, which reports the robot camera view at point A and
the visual input: the target is visible on the right, hence the
robot follows a different trajectory with respect to the case of
Fig. 14(a). Fig. 16 compares the number of targets found when
the network is trained and when it is not trained. Clearly, visual
target approaching allows a greater number of targets to be
found.

A long run simulation is shown in Fig. 17, where there are
six targets and five obstacles. The whole trajectory of the robot
is shown. It can be noticed that, after learning the target ap-
proaching tasks, the robot follows a quite stereotyped trajectory,
which allows it to visit all the targets avoiding the obstacles. It
is worth noticing that, in this case, on the long run, the robot has
learned a trajectory, well tailored on the learning environment,
to visit all the targets.

To further test the behavior of the network controller for target
approaching, a simulation environment (shown in Fig. 18) with
only two targets is considered. Since a target is deactivated once
reached, at each time step, only one target is active and the robot
is forced to look for it. Since one of the two targets is hidden
by three walls, this simulation allows us to investigate the be-
havior of the robot when there is a target difficult to be found
without visual targeting. The comparison between targets found
with and without learning, shown in Fig. 19, demonstrates the
efficiency of learned visual feedback. It can be observed that
after learning the robot is able to find the targets more easily.
In fact, the robot, with range finder sensors, trained without vi-
sual input, has to wander for long time before approaching the
target: as it can be noticed in Fig. 19 before learning (dashed

Fig. 16. Number of targets found with or without visual input (environment of
Fig. 14).

Fig. 17. Long run simulation of target approaching showing how at the end of
the simulation the robot follows a stereotyped trajectory, which allows it to visit
all the targets avoiding the obstacles.

curve) the robot for a long time interval ( 10 000 sim-
ulation steps) does not find the target hidden by the two walls.

Finally, in Fig. 20, we compare the trajectories obtained be-
fore and after learning in the case of a single target. The dif-
ferent trajectories are obtained for different initial positions at
the same distance from the obstacle (indicated by the large circle
in Fig. 20). As it can be observed, before learning [Fig. 20(a)]
the robot is able to find the target only when its trajectory in-
tersects the visibility radius of the target (the small circle in the
center of Fig. 20). After learning, the robot finds the target in
all cases except one. The trajectories of Fig. 20(b) show that
the robot starts turning towards a target at a distance, which is a
function of its initial position.

VI. NAVIGATION WITH VISUAL CUES

In this section, the use of a network of spiking neurons for
navigation based on visual cues is investigated. The objective is
to learn the appropriate response to a given visual object, which
then can become a landmark driving the robot behavior. We
refer to the animal behavior observed in experiments in which
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Fig. 18. Environment referred to the second set of simulations for target ap-
proaching.

Fig. 19. Number of targets found with or without visual input (environment of
Fig. 18).

rats have to find a food reward in a T-maze. In such experi-
ments [1], depending upon training conditions and on “what
is invariant throughout the trials” [35], different cognitive re-
sponses can be observed: if the food is always in the right arm
of the maze, the animal learns an egocentric motor response
(i.e., a right-turn response, which does not depend on the en-
vironmental cues); if the two arms of the maze are physically
distinguishable and the cue position is always correlated with
the food position, the animal learns to rely on the cue to choose
the turning direction; finally, the animal can also learn to rely
on extra-maze cues with a response, which is triggered by place
recognition.

In particular, we take into account a T-maze in which the
target is in one of the arms of the T-maze, and a mark object
is positioned on the front wall in slightly different positions.
Depending on the position of the mark and of the target, the
mark object can be considered a meaningful or useless visual
cue.

The scheme of the spiking network for this navigation task is
shown in Fig. 21. There are now two layers of class I excitable
neurons that process the visual input. In particular, the first layer

Fig. 20. Trajectories obtained for different initial positions at the same distance
from the obstacle: (a) before learning target approaching; (b) after learning.

(bottom, left-hand side in Fig. 21) exactly acts as in the network
of Fig. 13: neuron spikes code the presence of a red object in
the receptive field of the neuron. We assume that it is a priori
known which objects are targets, i.e., we assume that the visual
targeting association task has been already solved. The second
layer of neurons acts in parallel with the first one. Neuron spikes
now code the presence of a mark object in the receptive field of
the neuron. The neurons belonging to this layer are the focus
of training and the synaptic connections between the neurons
of this layer and the interneurons are updated according to the
STDP synaptic rule. By updating these synaptic weights, the
robot now has to learn the appropriate turning direction in cor-
respondence of a given mark object. A synaptic weight is in-
creased when after a turn the robot sees the target.

We focus on the different training environments shown in
Fig. 22, in order to learn: visual cue-based response [Fig. 22(a)]
or egocentric motor response [Fig. 22(b)]. In the last example
[Fig. 22(c)], the training conditions are such that neither ego-
centric motor responses nor cue-based responses can be learned,
since target position depends neither on the T-maze arm nor on
the position of the visual cue.

In correspondence of the T-bifurcation, there are marks
placed in the front wall. These objects are landmark candidates,
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Fig. 21. Scheme of the spiking network for navigation with visual cues.

Fig. 22. Training environments to learn associations between visual cue and
target. (a) The target is in the opposite with respect to the visual cue. (b) The
target is ever at left, independently of the position of the visual cue. (c) The
target is not correlated with the position of the dashed circle mark in the wall
and may be either at left or right.

since they can became landmarks if, after successive presen-
tations of the environment configuration, the robot discovers
a relationship between the mark and the target position. The
position of the mark is indicated with a dotted circle in Fig. 22.
Several trials with slightly different mark and target positions

Fig. 23. Trajectories followed by the robot for two different cases. The robot
training has been carried out in the environment of Fig. 22(a).

for each training environment are carried out: they are num-
bered and presented to the robot several times. For example,
for the T-maze shown in Fig. 22(a), two trials are carried out:
as it can be noticed, if the visual cue is on the right, the target
is in the left arm and vice versa. Therefore, in both cases, the
target, indicated with a small rectangle in the center of a circle
(continuous line), is in the opposite arm with respect to position
of the visual cue. After training, the robot learns this association
as it can be noticed in Fig. 23: when the mark (dotted curve) is
on the left, the robot turns on the right and when the mark is on
the right, the robot correctly turns on the opposite side.

As occurs in animals, a given cue/target relationship can
be learned if the animal (robot) faces the situation several
times. For this reason, the learning protocol used in the case
of Fig. 22(a) consists of several training cycles, where each
training cycle in turn consists of 15 trials with the environment
configuration labeled as 1 in Fig. 22(a) and 15 trials with
the configuration 2. Each trial stops either when the robot
reaches the target or the end of the incorrect arm. The first case
occurs when the robot has performed the right choice at the
T-bifurcation, while the opposite holds for the second case, in
which the robot does not find the target. At the beginning of
the training, the robot finds the target in the 50% of the trials.
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Fig. 24. Trajectory followed by the robot in a maze, which can be solved re-
lying on visual cues. Visual cues are oppositely placed with respect to the right
choice as in the training environment of Fig. 22(a).

During the first ten training cycles, the robot ability to find
targets does not change significantly. After 13 training cycles,
the robot has already learned the association and finds the
target in all the following trials. However, in this case, the robot
turns in proximity of the T-bifurcation. If learning proceeds
(in particular, after 16 training cycles), the robot learns to turn
before reaching the T-bifurcation (as shown in Fig. 23).

In the case of Fig. 22(b), three different trials are repetitively
presented to the robot and the learning protocol is adjusted to
match the different number of possible configurations (each
training cycle consists of ten trials with configuration 1, ten
trials with configuration 2, and ten trials with configuration 3).
At the end of the training (four training cycles), the robot learns
an egocentric left response. Finally, in the last case [Fig. 22(c)],
the robot does not learn any kind of response, since the target
is not correlated with the position of the mark in the wall and
may be either at left or right. In this case, therefore, the mark
object does not become a landmark for the robot, and will be
simply ignored by the robot.

The navigation abilities of the robot after learning were fur-
ther evaluated on a maze in which the target can be found by fol-
lowing visual cues. These cues are placed on the opposite side
with respect to the correct arm. We let a simulated robot nav-
igate in this maze; the simulated robot has been trained in the
simulation environment of Fig. 22(a), which takes into account
the same rule needed to solve the maze. As shown in Fig. 24,
the robot is able to successfully navigate in the maze and find
the target.

A. Remarks on Navigation With Visual Cues

Unlike the case of learning obstacle avoidance, it should be
pointed out that in this case, the unconditioned stimulus occurs
some time after the turn. For this reason, the parameters of the
synaptic rule (5) are chosen as follows: ;

3000 ms; 1000 ms. Let us consider the plastic
synapses between sensory neurons connected to the visual cue
and the interneurons. Since the interneurons are activated (i.e.,
they emit spikes) when the target lies within their receptive field
and the sensory neurons are activated when the visual cue falls
within their receptive field, in (5) depends on the distance
between target and cue. If, for instance, is large (in absolute
value) compared to is very small and the weights are
practically unchanged. Thus, and should be chosen taking
into account that the difference between the time when the robot

sees the visual cue and the time when the robot finds the target
can be large.

The choice of and influences the learning time, but
we observed the same qualitative behavior in a wide range of
these parameters. Thus, the choice of these parameters in the
three navigation tasks can be easily accomplished.

We remark that the first two examples discussed in this paper
are clearly examples of classical conditioning, and the learning
strategy based on correlation is unsupervised. In the third ex-
ample, the robot explores the arena looking for targets and as-
sociates cue position with an action, which successfully drives
the robot towards the target. In view of the implementation of an
autonomous robot, we believe that the important aspect of this
algorithm is that in any case the “critic” [36] is internal and thus
the algorithm can be considered unsupervised. As such it ben-
efits from the advantages of unsupervised learning algorithms
(self-organization, integration of multiple sensors, and adapta-
tion to unforeseen situations).

Another remark concerns the biological plausibility of large
time delays in the STDP rule. STDP is a well-demonstrated
mechanism accounting for neuronal plasticity, which acts at typ-
ical time scales of milliseconds. On the other hand, behavioral
sequences occur over arbitrary time scales, for example, clas-
sical conditioning often operates with time intervals between CS
and US, which are at the time scale of seconds. How to bridge
the gap between the time scales of STDP and those of behav-
ioral learning is still a theoretical open problem referred as the
time-gap problem [36]. Several potential solutions are reviewed
in [37]. One solution is to code either fast or slow sequences
at a millisecond resolution, but this has the problem that slow
sequences require expensive representations. Another solution
is to encode slow sequences in neurons that are part of slow
loops firing with slow oscillation frequencies. Another very im-
portant mechanism used to explain how the nervous system
may learn behavioral sequences of arbitrary time scales with a
fixed millisecond rule is introduced by Mehta and colleagues
[38]. They identify in the mechanism of phase coding in the
hippocampus a key factor to learn sequences of locations with
learning rules on the millisecond scale. Mehta et al. hypothe-
size that hippocampal place cells generate spike time codes for
position through the interaction of slower rate codes with an os-
cillatory inhibition.

There are many examples in literature that take into account
models reproducing the main features of hippocampal cells
to implement navigation control [5]–[9]. These models, often
based on experimental evidence in rats [8], [9] identify a key
role of the hippocampus for goal-directed spatial navigation:
hippocampus acts as an associative memory, where place cells
fire at specific spatial locations. Also in human studies, it is
demonstrated that short term memories are stored by patterns
of neuronal activity [39].

Furthermore, we mention that from another viewpoint, the
time-gap problem is solved thanks to the fact that the neural dy-
namics is also characterized by other time scales than those of
milliseconds [40]. This solution is exploited through the para-
digm of liquid state machines for the control of a two-jointed
arm [41], of a roving robot [42], and for movement prediction
[43].
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Recently, a solution to the time-gap problem was proposed
by Izhikevich [25] based on dopamine-modulated STDP. This
solution introduces a slow variable with characteristic time con-
stants of the order of seconds.

The general conclusion that can be derived from all these
models is that in any case a slow mechanism should be used
and that a realistic model of goal-directed navigation would re-
quire the inclusion of other structures like hippocampal cells
[9], which are beyond the purpose of our model. Our simplified
network was not proposed as a model of the hippocampal func-
tion or structure, but was designed starting from simple reac-
tive controllers (such as those discussed in [29]) and extending
their function to implement more complex behaviors, keeping
in mind the suitability of an easy robot implementation.

VII. CONCLUSION

In this paper, a network of spiking neurons for robot navi-
gation control is introduced. In particular, by using stimuli of
increasing complexity, a system based on spiking neurons and
able to implement three local navigation skills (obstacle avoid-
ance, target approaching, and navigation with visual cue) has
been considered. For all the tasks, a priori response to low-level
sensors (i.e., contact sensors in the case of obstacles, proximity
target sensors in the case of target approaching, or visual targets
in the case of navigation with visual cues) is known and the robot
has to learn the response to high-level stimuli (i.e., range finder
sensors or visual input). The learning mechanism of these net-
works is provided by STDP, which allows unsupervised learning
to be realized in a simple way. The simulation results reported
in this paper show the efficiency of the algorithm.

The use of spiking neurons to build biologically inspired nav-
igation systems poses new problems and offers several innova-
tive aspects: it adds accuracy to the bioinspired model; it re-
quires a new (biological) paradigm for learning (the STDP); it
is based on dynamical systems instead of a static relationship
between input and output.

Concerning the level of biological inspiration, we point out
that the underlying mechanism of the approach is biologically
inspired, but the network (i.e., the control system) is artificial
and ad hoc designed for a roving robot. In fact, the aim of this
paper is not to replicate an existing network of neurons, but to
design a suitable controller for robot navigation by using neu-
rons as building blocks for our control system. In this sense, our
approach is a bottom-up approach: we searched for the min-
imal structure able to implement the desired behaviors. From
our analysis, we can conclude that a system of spiking neurons
with plastic synapses can be used to control a robot and that
STDP with additional mechanisms can be used to include plas-
ticity in the system.

We believe that the introduced approach can provide effi-
cient navigation control strategies with very simple unsuper-
vised learning mechanisms and at the same time can constitute
a constructivist approach that can be interesting for studies on
navigation strategies. The approach is constructive in the sense
that the same network structures for the low-level tasks are du-
plicated for dealing with the high-level tasks, which are based on
the acquired (developed) capabilities. Furthermore, this strategy

encourages the use of parallel structures that can be included, for
instance, to take into account other visual cues.
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