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Abstract 

We developed spiking neural network control for a mod- 
ular robotic system. The modular robotic system can be 
easily assembled by a user who is allowed to make overall 
behviors by assembling the physical structure made up of 
a number of modules. The control of each module (building 
bbckJ is implemented as a spiking neumn and action po- 
rentials are sent through the communication channels of the 
building blocks. We show how to make a mobile robot with 
these spiking neural building blocks. Hebbian learning is 
then applied to the spiking neumn building blocks in order 
to allow the mobile robot to adapt to changing envimnmen- 
tal conditions. Collected data shows the learning pmcess, 
sensor adaptation andperformunce on a simple task for the 
mobile mbot made out of spiking neural building blocks. 

1 Introduction 

In many cases, the development of robot behaviors hap- 
pens through manipulation of the control, e.g. by pro- 
gramming the robot in a traditional programming language. 
Here, we want to investigate an alternative to development 
of control in isolation. Namely, we suggest allowing de- 
velopment of robot behaviors by the physical manipulation 
of the robot morphology in combination with training of 
control. In order to facilitate this investigation, we used a 
new kind of artifacts called intelligent artifacts. The intel- 
ligent artifacts can be viewed as a modular robotic system. 
These artifacts consist of a number of building blocks with 
individual processing and communication [4, 51. By as- 
sembling the building blocks into a structure, the user can 
develop both physical and functional structures. Hence, 
the user can be programming a behavior of the system by 
building a physical sttucture. Some building blocks can be 
pure processing units, whereas other can include actuation 
or sensing. The processing in the individual building block 
can be arithmetic operations, behaviors in a behavior-based 
system, or similar. Here, the processing in the form of ar- 
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tificial spiking neurons is introduced. Each building block 
is viewed as a spiking neuron and the connections between 
building blocks can send action potentials, By attaching 
building blocks together, it is possible to make physical, 
artificial spiking neural networks. For simplicity, in the im- 
plementation presented here, each building block is there- 
fore considered a spiking neuron with two predefined in- 
puts and two predefined outputs. 

2 Hardware Building Blocks 

We constructed a number of hardware building blocks 
with individual processing power and communication ca- 
pabilities. In order to exemplify in a clear manner how 
these function as building blocks, we chose to implement 
them in LEG0 DUPLO housing. Connections are put in 
the center of each 2*2 area on the top and on the bottom of 
the DWLO bricks. So each building block has two con- 
nectors on the top (one on the left and one on the right) 
and two connectors on the bottom (figure 1). Each build- 
ing block contains a PIC micro controller, in this case a 
PIC16FX76 40-pin 8 bit CMOS Flash micro controller (fig- 
ure 1). Further, each block contains four serial two-way 
connections. We developed a number of standard elec- 
tronic building blocks that allow processing and serial com- 
munication, and some specialised building-blocks that in- 
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Figure 1: The hardware of a building block. 
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Figure 2: The action potential. With inspiration from [6]. 

clude sensors (e.g. LDR, IR, microphones, touch) or out- 
put functionality (e.g. motor, LEDs, sound, display) - see 
[4] for details. With these building blocks, it is possible 
to construct a huge variety of physical objects with various 
functionalities. The processing in the physical construction 
is distributed among all the building blocks, and there is no 
central control opposed to traditional computerised systems 
(e.g. traditional robots). The distribution of control is ob- 
tained by allowing processing within each individual build- 
ing block. We can therefore imagine the processing to be 
as neural networks [ 5 ]  or as spiking neural networks as de- 
scribed in the following. Here, sensory building blocks can 
represent input neurons, output building blocks can repre- 
sent output neurons, and standard building blocks can rep- 
resent hidden neurons. 

3 Spiking Neurons 

Real neurons are, with a few exceptions, all spiking neu- 
rons. The neuron pathways in general start at the sensors, 
which means that the series of action potentials generated 
throughout the network of connected neurons usually starts 
as sensory input and in most cases ends up at the actuators 
(muscular fibres). 

The shape of an action potential can be seen in figure 
2, where the membrane potential is building up from its 
resting level towards the activation threshold due to presy- 
naptic activity. Hereafter the potential rises steeply and 
overshoots 0 mV with approximately 25 mV. Then the re- 
polarization phase is entered and the action potential un- 
dershoots the resting level in the hyperpolarization phase. 
Another action potential will under normal circumstances 
be generated at some point after the after-hyperpolarization 
phase when the resting level of the membrane potential has 
been reached again. It is, however, possible to generate 
an action potential in the after-hyperpolarization phase, but 
the neuron will need a higher amount of input than when it 
is at its resting level in order to fire an action potential 161. 

The way neuro-sensors encode the strength of their a p  
plied physical stimuli is shown in figure 3. The physical 

Figure 3: Sensory nerve activity with different stimulus in- 
tensities and durations. With inspirati& fmm [6]. 
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Figure 4: Sensor Adaptation in a sensory receptor is often 
related to a decline in the generator potential with time. 
A) No decline, B) Slow decline, C) Rapid decline. With 
inspiration from 161. 

stimuli intensity is frequency modulated via the rate of the 
action potentials. However, the generator potential has to 
be higher than the activation threshold for action potentials 
to be generated at all. 

Another issue in the neuro-sensors is adaptation, which 
is related to the generator potential of the sensor. With no 
adaptation, the generator potential remains the same when 
a constant stimulus is applied. With adaptation the gen- 
erator potential declines over time either slowly or rapidly 
dependent on the type of sensor nerve. These principles are 
all shown in figure 4. 

Adaptation is used in the central nervous system to avoid 
"sensory overload" and it allows less important or unchang- 
ing environmental stimuli to be partially ignored. Rapid 
adaptation is also important in sensory systems, where the 
rate of change is important. When a change occurs in the 
sensor stimulus, the phasic response will occur again repro- 
ducing the generator potential curves shown above, just at 
other potential values. 



4 Hebbian Learning 

D. Hebb formulated in 1949 a fundamental principle of 
learning [3]: 

When an axon of cell A is near enough to excite a 
cell B and repeatedly or persistently rakes part in $ring it, 
some growth process or metabolic change takes place in 
one or both cells such that A’s eficiency, as one of the cells 
firing B is increased. 

In standard neural network theory this rule is described as 
an adaptation rule where a synapse is strengthened if pre- 
and postsynaptic neurons are active at ’the same time’. 
When speaking of spiking neural networks, the meaning 
of ’the same time’ must however be specified. Due to the 
time it takes for a neuron to build up towards its threshold 
level one has to introduce a time window to find out which 
presynaptic neurons take part in firing this neuron [21. 

Hebbian learning is a so-called unsupervised learning 
method and when formulated as a spike learning method 
the process of learning is driven by the temporal correla- 
tions between presynaptic spike arrival and postsynaptic 
firing. 

5 Implementation Issues 

The implementation of spiking neurons in the intelligent 
artifacts uses the hardware (a PIC16F876 processor), where 
the action potentials emitted are digital pulses. In order 
to support both excitatory and inhibitory signals, these are 
coded to be of different lengths. The generation of action 
potentials is based on the input of the neurons via a leaky 
integrator, which sums up the amount of input while decay- 
ing at a certain rate: 

A ( t ) = a x A ( t - l ) + l ( t ) , O < a < l  (1) 

where A(t) is the activation function, I ( t )  is the input 
and a is the decay rate. The activation function is a simple 
threshold-function which sends an action potential when 
the summed input reaches above a given threshold. 

An implementation of absolute and relative refractory 
period has also been investigated, where the absolute re- 
fractory period decides the maximum action potential fre- 
quency of a neuron, while the relative refractory period de- 
mands higher input in order for the neuron to generate ac- 
tion potentials. The current implementation has an absolute 
refractory period of about IOms, which reflects the refrac- 
tory period of biologic neurons very well. 

Another thing that has been investigated and imple- 
mented is adaptation in the sensors based on the theory 
described in the previous section. Here the adaptation is 
made so that when adapting to high levels of sensory input 

the steady state level of the adaptation will be higher than 
when adapting to lower level sensory input. In this way 
sensory inputs of different values can still be distinguished 
although adaptation has taken place. The current values for 
adaptation have been preset to take around 2 seconds for 
adapting from a change from total darkness into daylight. 
The curves for adaptation are exponential as shown in fig- 
ure 4B,C. 

Given the limitations of only four communication chan- 
nels per intelligent building block, the threshold values has 
been preprogrammed at a fairly high level so that input 
from only one building block is enough to generate out- 
put action potentials given that the input frequency is high 
enough to allow for temporal summation. 

Hebbian learning. has been implemented in the CPU- 
blocks and has been programmed to stimulate connections 
at a certain learning rate. This rate has been set fairly high 
(connection strengths updated every 2 seconds) in order to 
speed up the learning process. Besides, whenever an action 
potential is fired the input activity of the last lams is traced 
back to the actual input port to determine which connec- 
tions to strengthen. 

6 Experiments 

In order to verify that the spiking neural building blocks 
can be used to make robotic systems, we made an experi- 
ment where the structure should learn to control a mobile 
robot to perform a light seeking task. Learning happened 
by allowing a user to show light (e.g. with a flash light) 
to the robot construction over a period of approximately 3- 
5 minutes while the building blocks would perform sensor 
adaptation and Hebbian learning. 

6.1 Test Platform and Scenario 

The scenario for the testing of the building blocks has 
been selected so as to demonstrate some of the capabili- 
ties of the intelligent artifacts implemented as spiking neu- 
rons. The testing takes place within a 150xl50cm no-walls- 
area where a mobile robot is to trace and approach a light 
source using a structure of assembled spiking neural build- 
ing blocks. The light source is placed in the middle of the 
field I O  centimeters away from the borderline furthest away. 
from a camera. An example of the scenario can be seen in 
figure 5. 

The blocks used for solving the light tracing task are 
the battery block, the LDR-sensor block, the CPU block 
and the LEGO-motor controller block shown in figure 6. 
The battery block supplies the final structure through the 
individual power sharing capabilities of the blocks. The 
LDR-sensor block is light-sensitive sensory block that uses 
the above mentioned theory to modulate light levels into 
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Figure 5:  The test scenario 

frequency based pulse trains while adapting to light levels 
over time. It should be mentioned that even though there 
are two LDR-sensors on this block only input from the one 
is used to generate the output spike trains. The CPU-block 
implements the spiking neural model described above in- 
cluding stimulation of conriection weights due to output re- 
sultant input over time using the rules of Hebbian learning. 
Finally, the LEGO-motor controller block converts the in- 
put spike trains into motor PWM-signals used to control 
standard LEG0 motors. 

Figure 6. The four kinds of blocks used for the light tracing 
task. 

The actual assembly of the blocks models a Braitenberg 
vehicle [l] where the left light sensor ends up controlling 
the right motor and vice versa. Two schematics of the con- 
nection can be seen in figure 7 where the first is a neural 
connection diagram that shows how the sensory input ends 
up controlling the motor due to the spike trains travelling 
through the structure. The second part of figure 7 shows 
how all the blocks are connected to form the control smc- 
ture for the vehicle. 

. 6.2 Data Collection Techniques 

In order to document the path of the vehicle in the test 
scenario, a video camera and a standard picture transfor- 
mation technique has been used to transform pictures like 
the one shown in figure 5 into pictures seen from above. In 

Figure 7: The built stmcture in two schematic views and as. 
a photo. 

order to do this transformation, the objects that are going to 
be traced have to be in the same planar level, so compared 
to figure 5 the blue DUPLO brick on the top of the vehi- 
cle is at the same vertical level as the white bricks on top 
of the four comer towers that make up the borders of the 
test scenario. In this way each test of the vehicle is done 
within this area and the result is recorded on a digital video 
camera. Afterwards the video sequences of the individual 
tests are transferred to a computer where every 25 frame is 
stored as a picture giving a picture for each whole second 
of the test. Each of these pictures are then transformed us- 
ing the before mentioned technique and the blue DUPLO 
brick on the top of the vehicle is traced with a color track- 
ing routine to give the specific coordinates of the vehicle 
within the 150xl50cm test area. 

Another issue in this example is to measure the ac- 
tual functionality of the blocks used. As the only output 
from the blocks are their spike sequences, these have been 
recorded on a digital oscilloscope (Tektronix TDS320) to 
demonstrate both the adaptive features of the LDR-sensor 
block as well as the learning capabilities of the CPU-block. 
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6.3 Results 

The results of the tests are described in the following 
considering both the built structure as well as the function- 
ality of the single block. 

Figure 8 shows results of 8 test runs in the same sce- 
nario. In each of the test runs, the vehicle has been placed 
at an angle less or equal to 45 degrees towards the light. 
Each test of figure 8 will be described in the following s m -  
ing with the top leftmost figure. The vehicle has been fully 
trained before starting the test session which means that it 
is just about unable to generate enough spikes for the mo- 
tors to drive under the present ambient lighting conditions. 
This means that it has to have a brighter light source within 
its field of vision in order to drive the motors forward. 

In the first test the vehicle starts at angle 0 to the light 
source driving straight towards the goal, and due to little 
differences in the lightning conditions as well as the the 
motor forces the vehicle slides of to the right slowly until 
the right light sensor goes outside of the light cone slowing 
down the left motor and finally making the vehicle reach 
its destination. Because of the adaptation in the light 
sensors, the vehicle reacts fast over a short period time 
and through a longer period of time the reaction flattens 
out. Because of this fact, in the next test the vehicle does 
not reach its goal. Here the vehicle is started at an angle 
approximately 45 degrees to the light source and because 
of the fact that the vehicle is a little bit of to the right as 
in the previous test, it ends up crossing the light cone so 
far away from the light source that the edge between the 
light cone and the surroundings is just blurry enough to 
make the vehicle drive through it without adjusting the 
vehicle direction enough to keep one light sensor inside 
the light cone. As can be seen the result in the next figure 
is almost identical to this result. In the rest of the figures 
the vehicle reaches the goal but in two of the cases it has 
to go through a loop to get there. The loops are possible 
because of the before mentioned different powers of the 
motors meaning that one motor might be just able to drive 
forwards under the ambient lighting conditions while the 
other motor is standing still. This results in loops are made 
even though the light source is not within the line of sight 
of either of the sensors. It can also be seen that it is the 
vehicle's right motor that drives under ambient lighting 
conditions because of the fact that both of the loops are 
going counter-clockwise. 

The next series of test results, shown in figure 9, dis- 
plays the output of the LDR-sensor block with the built-in 
adaptive spiking neuron. Figure 9A,B,C show bow the 
sensor adapts to normal office ambient light brightness. In 
figure 9A the block has been kept under total darkness for 
a while and then suddenly put into the light resulting in a 
maximum frequency spike train. After a short time, figure 
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Figure 8: 8 different runs in the test scenario. Some points 
of measurement are outside the actual path of the vehicle. 
These are due to the vision program finding blue spots in 
the picture which are not a part of the blue DUF'LO brick. 
Besides there are also missing points along the paths where 
the lighting conditions have made it impossible for the vi- 
sion program to detect the blue DUPLO brick. 

9B, the sensor has adapted further to the brightness of the 
ambient light and finally in the figure 9C the adaptation 
has reached its steady state resulting in a somewhat lower 
frequency spike train than those in A and B. Now, in 
figure 9D a bright flashlight is being held in front of the 
light sensor resulting in a maximum frequency spike train 
which immediately starts adapting towards its steady state 
in figure 9F. It should be noted that the steady states of the 
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Figure 9: Visualization of the sensor adaptation 

ambient light (figure 9C) and the bright flashlight (figure 
9F) are not the same and that brighter light still results 
in a higher spike frequency although adaptation has been 
introduced. 

The last measurement that has been done is the lean- 
ing capabilities of the CPU-block. In these measurements 
the CPU-block gets its input from the LDR-block just as in 
the vehicle described above. The outputs of both of these 
blocks are displayed in the picture sequence of figure 10. 
Here the upper channel of the oscilloscope pictures shows 
the output of the sensory neuron and the lower shows the 
output of the learning neuron. The leaming starts at point 
zero (figure lOA), where the sensor is kept under normal 
office lighting conditions. To start the leaming a bright 
light source is introduced to the light sensor and this in turn 
generates a fast series of spikes which just overcomes the 
threshold of the learning neuron making it send out spikes, 
although at a lower frequency (figure 10B). 

During this process the connection to the light sensyr is 
strengthened which results in that after the light is tumed 
off and back on a couple of times the learning neuron now 
sends out spikes at increasingly higher frequencies (figure 
IOC-D). At figure 10E, however, it can be seen that the 
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Figure I O  Visualization of the learning process. 

leaming has not been going on for long enough for the 
learning neuron to send out spikes when the sensory neu- 
ron is exposed just to ambient light so the learning process 
continues. In figure 10G the learning neuron starts to react 
to light brightness just a little above ambient conditions and 
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being exposed to this kind of light for some time it starts to 
reflect the frequencies of the light sensor neuron with just a 
slight delay. This can be seen in the last two pictures, figure 
10H,I. 

7 Discussion and Conclusion 

Here, we developed spiking neural network control for 
a modular robotic system (the intelligent artifacts). The 
design of the hardware building blocks made an imple- 
mentation of neural networks and spiking neural networks 
straight forward, since the building blocks allow individ- 
ual processing and communication, and the overall behav- 
ior emerges from the assembly of the individual building 
blocks into one, connected structure. Here, we showed that 
it is possible to make a simple, mobile robot with these 
spiking neural building blocks. However, one should keep 
in mind that this is just one example, and that the build- 
ing blocks are by no means limited to the construction of 
mobile robots. Including other input and output building 
blocks, we have made numerous other constructions (sound 
generator, arithmetic expression, growing ’tree’, etc.) - it 
would be very limiting to view the possibilities as being 
only in the field of mobile robotics! 

We also showed that Hebbian learning can be applied to 
the spiking neuron building blocks in order to allow the sys- 
tem to adapt to changing environmental conditions. Also, 
sensor adaptation could happen in a fairly easy manner. 
This indicate that it (at least in some cases) is possible to 
allow a user to physically construct a robot with the build- 
ing blocks and afterwards train the robot to learn some task 
without any use of a traditional computer, a simulator, or 
similar. Therefore, we believe that the presented concept 
may hold great promises for the development of such a new 
kind of robotic systems in the future. 
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