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This paper presents a supervised
delay-adaptation Spiking Neural
Network (SNN) model to support
decision making in treating dental
malocclusions, in particular for or-
thodontic extraction. This tempo-
ral coding spiking neural network
model employs a Hebbian-based
rule to shift the connection delays
instead of previous approaches to
delay selection. Here, the tuned
delays compensate for differenc-
esin the input firing times of tem-
poral patterns and enable them
to coincide. The coincidence de-
tection capability of the spiking
neuron has been utilised for de-
tecting and classifying patterns.
The structure of the network is
similar to that of an LVQ network
except that the output layer neu-
rons are coincidence-detecting
spiking neurons. An input pattern
is represented by the group of
the neuron that is the first to fire
among all the competing spiking
neurons.

The proposed SNN has been im-
plemented as a software tool and
it was trained to predict whether
an orthodontic extraction is nec-
essary or not. Data for training
and testing the SNN was collected
from clinical examinations carried
out on 150 patients treated at the

Department of Orthodontics of
the University of Naples Federico
Il. The data considered here has
32 attributes belonging to two
classes, whether an orthodontic
extraction is necessary or not for
treating Dental malocclusions.
The trained network obtained an
average classification accuracy of
89.8% on previously unseen test
data. This was achieved with a
network of 2x4 spiking neurons
trained for 40 epochs using 100
training examples. The classifi-
cation accuracy of the proposed
model was found to be better
than that of an MLP network
trained with the same data using
the error back-propagation algo-
rithm.

Keywords: Spiking neural net-
works, pattern recognition, ortho-
dontic extraction, dental maloc-
clusions

Artificial Neural Networks (ANNs)
are a flexible computational tool
for solving a wide range of prob-
lems such as modelling, time se-
ries analysis, pattern recognition,
signal processing and control in
many domains including manu-
facturing, banking, medical diag-
nosis, and robotics.

Although the development of
ANNs was inspired by biological
neural systems, ANNs are con-
sidered to be limited compared
to their biological counterpart
due to their simplistic structure
and behaviour. Classical ANNs
are based on the McCullac and
Pits neuron which computes a lin-
ear sum of the inputs it receives
from other neurons, weighted
by the strengths of the synaptic
connections, and then passes
this sum through a static non-
linearity. Experimentalists have
recognised for long that a syn-
apse is a dynamic element with
complex non-linear behaviour in-
stead of the general realisation as
a passive device whose output is
a linear function of its inputs [1,
2]. These considerations have led
to increased interest in temporal

coding spiking neurons which are
more biologically realistic artifi-
cial neurons and in Spiking Neural
Networks (SNNs) which are made
up of such neurons. Generally, in
biological neural systems, infor-
mation is conveyed to neurons
through neural connections by
electrical pulses or spikes. In oth-
er words, the information is cod-
ed in the frequency of the spikes
[3] and the analogue variable rep-
resenting the input and output
of the classical neural networks
correspond to this frequency of
spikes, i.e. the firing rate of a neu-
ron [2]. However, experimental
evidence collected in recent years
indicates that many biological
neural systems use the timing of
single spikes to encode and proc-
ess information [2, 4]. This meth-
od, known as temporal coding, is
regarded as the coding mecha-
nism in biological neural systems
for fast cortical events [4].

Networks of spiking neurons with
temporal coding have become an
important research area. Hop-
field [5] introduced the idea of
using the timing of action poten-
tials to represent the values for
computation within a network.
Maass [2] showed that a network
of spiking neurons can simulate
arbitrary feed-forward sigmoidal
networks (ANNs with sigmoidal
activation) and can approximate
any continuous functions. It has
been proved that spiking neural
networks which convey informa-
tion by individual spike times are
more computationally expressive
than networks with sigmoidal ac-
tivation [6]. Another feature of
spiking neurons is that even with
a seemingly increased structural
complexity they are relatively
easier to implement in large neu-
ral networks [7]. Different learn-
ing algorithms for SNNs with
temporal coding were proposed
in [7-16] and their efficiency was
found to be comparable with that
of popular sigmoidal neural net-
work models.

It is understood that biological
neurons operate in two modes, as
integrators and as coincidence de-
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tectors [17]. When acting as a co-
incidence detector, a neuron fires
only when it receives coinciding
input spikes. This special feature
for artificial computation was first
utilised in [5] and later in [7, 10,
11]. Here, the spiking neuron was
identified to be functioning simi-
larly to a Radial Basis Function
(RBF) neuron. Through a delay
selection process, these models
choose a sub-set of suitably de-
layed connections from a broad
set. This selected set of connec-
tions can compensate for timing
differences between input spikes
and make them coincide at some
neuron. This selection is achieved
through a weight adaptation
technique in which the connec-
tion weights of suitable delays are
enhanced while unwanted ones
are pruned away. Another meth-
od of delay adaptation known as
delay shifting can be found in the
literature [18-21]. Here, instead
of delay selection through weight
adaptation, connection delays
are shifted in order to achieve
the objective of making certain
input spikes to coincide at a given
neuron. This technique which has
been used in biological modelling

studies has never been employed
in applications of SNNs.

This paper presents a clinical ap-
plication of SNNs employing the
coincidence detection property
of spiking neurons and a Hebbi-
an-based delay adapting rule. The
clinical application considered
here is the treatment of dental
malocclusions, which is a highly
prevalent pathology in the gen-
eral population. The greater at-
tention given to the aesthetic and
functional problems have driven
to a larger demand of orthodon-
tic treatment. A critical step in the
orthodontic therapy is diagnosing
the problem correctly and devis-
ing an effective treatment plan.
However, orthodontic diagnosis
often found to be very difficult
and influenced by subjective in-
terpretation of the measured pa-
rameters. For this reason, Artifi-
cial Neural Network (ANN) based
approaches have been considered
to provide valid support for diag-
nosis in orthodontics [22].

The application considered here
is of providing support in decid-
ing whether a patient requires
orthodontic extraction as a part

of the orthodontic treatment for
dental malocclusions. Data for
the application of SNN was col-
lected from orthodontic casts and
radiographic measurements as
well as clinical examinations car-
ried out on 150 patients treated
at the Department of Orthodon-
tics of the University of Naples Fe-
derico Il. Out of the 150 patients,
orthodontic extractions were per-
formed as part of the treatment
on 37 patients.

Cephalometric analysis was per-
formed on lateral standardized
cephalograms, taken by a single
technician using the same x-ray
device and a standardized pro-
cedure. The cephalograms were
made with the mandible in the
intercuspal position. The cepha-
lometric analysis was performed
by means of RealCeph® software
and was addressed to define the
subjects’ facial typology and sag-
ittal relationship. Fig. 1 shows an
example of orthodontic casts and
radiographic measurements used
by the RealCeph® software to
conduct the analysis.

A number of patients were ex-
cluded for data collection and the

Fig. 1.

Example of
orthodontic casts
and radiographic
measurements
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Fig. 2:

Spike response
function, here the
time constant t=20
msec.

exclusion criteria were: number
or shape anomalies, previous ex-
tractions, necessity of extractions
for parodontal or endodontic
problems, orofacial surgical treat-
ment.

The data collected consists of 32
features and Table 1 lists all the
features, their type of measure-
ment and range. The 32 features
made up a 32-component input
vector and the extraction thera-
peutic option represented the
corresponding 1-component out-
put vector classified as belonging
to one of two categories: extrac-
tion (Od = 1) or not extraction (Od
=0).

Application of neural networks
for decision making on ortho-
dontic extraction was originally
addressed using the above men-
tioned data by Martina et. Al. [22]
using a Multi-Layer Perceptron
(MLP) network trained using the
error  back-propagation algo-
rithm.

The remainder of this paper is
organised as follows. Section Il
introduces SNNs and explains
their pattern detection capability.
Section Il details the proposed
supervised delay adapting SNN
learning model. Section IV out-
lines the decision making proc-
ess in orthodontic extraction and
previous work conducted by four
of the authors. Section V presents
the classification results obtained
using the proposed SNN model.
Section VI concludes the paper.

Spiking neuron models are simple
phenomenological models which
describe the biophysical mecha-
nisms responsible for generating
the activity of a neuron by means
of its membrane potential. A SNN
is a network of spiking neurons
where the neurons are usually
placed in layers and connected
through weighted connections. In
addition to a weight, a connection
in a spiking neural network could
have a delay mechanism which
postpones the arrival of an input
spike at the other end of the con-
nection.

This study is based on the spiking
neural network model introduced
in [23]. The model employed in
this study can be defined as fol-

lows. Let l“j be the set of neurons

presynaptic to neuron j and 3
the set of firing times of the neu-

rons i e".. The state of neuron
jat time tis specified by its poten-

tial uj(t) which can be computed
using equation 1.

u(t)=Y wielt-(t,+d,))
= (1)

Where ¢ ¢J and fi* dyst

. w. Iis the connection weight
and dij is the connection delay be-
tween neurons i and j. g(t) is the
spike response function which
specifies the effect of an input
spike at time t. A typical spike re-
sponse function is given by equa-
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tion 2 and shown graphically in
Fig. 2.
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where T is a time constant. In the
above defined model, informa-
tion is coded with the timing of
the first spike of a neuron and
therefore it is sufficient for a neu-
ron to fire only once during a par-
ticular activity [8, 9]. Hence in this
model the inputs to the network
and the outputs are coded by the
timing of spikes. The collective
effect of all the input spikes at a
neuron is specified by its poten-
tial which can be computed by
equation (1). The effect of an in-
put spike at some time t is speci-
fied by equation (2). According to
the cumulative effect of all the in-
puts a neuron will fire whenever
its potential exceeds the firing
threshold © . The output of the
network is taken as the timing of
these spikes.

As mentioned earlier, an interest-
ing feature of a spiking neuron is
that it can act as a coincidence
detector for the incoming pulses.
Spiking neurons can detect coin-
cidence of the input signals with
ease unlike for classical neural
networks where this is computa-
tionally expensive to realise [24,
25].

A neuron fires only when its po-
tential due to the incoming spikes
exceeds the threshold value. Due
to the non-linear nature of the
connections of a SNN, the effect
of an input spike will increase
with time to reach a maximum
value and then dissipate over
time. The total potential of a neu-
ron will not exceed the thresh-
old value if there are significant
differences between the arrival
times of the input spikes. In real-
ity the timing of the input spikes
will differ and this difference can
be compensated for by correctly
tuned delays. Hence, when simi-
lar input patterns are temporally
coded, a spiking neuron can de-
tect them with a finely tuned set
of delayed connections. Fig 3.
shows a simple scenario where
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age Years 9-26
Binary
sex (Male =1, 0,1
Female =0)
dentobasal discrepancy (DDB) Degree 72.9-86.2
37/47 impact (37-47) Degree 719-86.4
intercanine diameter difference (3 diameter) Degree 0.06-7.6
intermolar diameter difference (6 diameter) Degree 0.1-16.2
distance from canine Angle‘s | class dx (3 dx Class) Degree 19.4-42.8
distance from canine Angle‘s | class sx (3 sx Class) Degree 9.4-34.0
distance from molar Angle’s | class dx (6 dx Class) Degree 89.0-125.6
distance from molar Angle’s | class sx (6 sx Class) Degree 73.2-107.4
Lee Way Space (LWS) Millimetres 0.02-8.3
Overjet (OVJ) Millimetres -35-11
Overbite (OVB) Millimetres 0-8
median line agreement (Med.line) Degree 42.5-166.9
Ricketts’ line (Rck line) Millimetres -9,1-4.7
superior lip thickness (Sup lip) Millimetres -5-4
makxillar position (SN\A) Millimetres -11-14
mandibular position (SN/Pg) Millimetres -4-8
sagittal intermaxillar relationship (AN/Pg) Millimetres -5-7
maxillar inclination (SN\ASN.PNS) Millimetres -2-7
mandibular inclination (SN\Go.Gn) Millimetres -6-7
vertical intermaxillar relationship (ANS.PNS\Go.Gn) Millimetres -4-8
upper incisive inclination (+1/ANS.PNS) Millimetres 0-44
lower incisive inclination (-1/Go.Gn) Millimetres -2.5-25
lower incive compensation (-1/A.Pg) Binary 0-1
interincisive’s angle (Ang Inter) Ord Scale 0-1
inferior sulcus position (Inf S pos) Ord Scale 0-1
gingival tipology (Geng Tip) Ord Scale 0-1
gingival recessions’ presence (Rec) Nom Scale 0-1
labial incompetence (Lab incomp) Ord Scale 0-1
labiomental (Labm Contr) Ord Scale 0-1
orbicular (Orb Contr) muscles’ contraction Ord Scale 0-1

connections with tuned delays
enabling the inputs to coincide.
This figure shows a simple SNN
with three input neurons and two
output neurons. Here the inputs
to the network are spikes at 7t
msec (from input neuron 1), 3™
msec (from input neuron 2) and

at 5" msec (from input neuron 3).
The top output neuron’s connec-
tion delays are tuned to detect
patterns similar to the input pat-
tern. Due to the connection de-
lays the effect of each input spike
from 1%, 2" and 3" input neurons
will begin to be realised at the top

output neuron at 11, 10 and 11t
msecs respectively. Since the in-
puts are nearly coinciding at the
top output neuron there is a bet-
ter chance for that neuron to gen-
erate an output spike. The chance
is much less for the lower output
neuron since the inputs are real-

Table 1.

The features
included in the col-
lected Orthodontic
data
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Fig. 3:

Pattern detection
by a spiking neural
network

Fig. 4.

Structure of the
proposed network

ised at different times. Hence pat-
terns similar to the one given in
this example can be detected by
the network by the firing of the
top output neuron.

A novel supervised delay adapta-
tion learning model has been de-
veloped for training spiking neural
networks where the spiking neu-
rons are realised as coincidence
detectors. A network structure
similar to that of an LVQ network
[26] is utilised. The structure com-
prises an input layer, a hidden lay-
er with spiking neurons and a lin-
ear output layer (see Fig. 4). The

Connection
Input at delays (msec)
th
7 msec
Input at
rid
3 msec
Input at
51.'1
miec Input Output
Neurons neurons

Input

Input Neurons

Spiking Meurons

input neurons and the computing
spiking neurons are fully connect-
ed with feed-forward connections
in which input information is en-
coded. Each connection is char-
acterised by a weight value and a
delay value. Each class in the data
set is represented by a group of
spiking neurons connected to a
single linear neuron in the output
layer. This neuron will produce an
output of 1 if one of the neurons
connected to it fires first during
a specified time window. This in-
dicates that the presented input
data has been recognised as be-
longing to the class represented
by the spiking neuron group con-
nected to that output neuron.
Otherwise the output will be 0.

time t (msec)

Class 1

Cgkpuk

| |

Class 2

In each cycle of activity, the net-
work is presented with tempo-
rally coded inputs. In a practical
situation, more than one neuron
will fire for an input pattern. A
highly activated neuron will tend
to fire earlier [3]. The neuron
which fires first (the winning neu-
ron) will have a high degree of co-
incidence among its inputs, thus
having the most accurate delay
pattern to compensate for differ-
ences in input timings. Therefore,
the winning neuron is more likely
to represent the input vector [7,
10, 11].

A. The learning rule

Learning is achieved through
adapting the delays in the net-
work connections to encode the
input information. The Hebbian-
based delay shifting rule pro-
posed in [21] is employed for this
purpose. The rule is specified in
equation 3 and described graphi-
cally in Fig. 5. In this figure, the
spike response function, which is
shown in dotted lines, specifies
the effect of the learning rule rel-
ative to that of an input spike.

di=1 cm; g(1)
(3)

where

-Et:.'s_f.{_,, .
glif) = ot -h
U sidp

here dij is the change in delay
value for the connection between
spiking neuron j and input neuron
i T is the time constant for the
learning rule and n is the learning
rate parameter. cm, is a measure
of coincidence and b is a positive
bias value. &t is the time differ-
ence between the delayed input
spike and the output spike, which
is given by equation 5.

§(6)=t;-(t+d)-s
(5)

where t is the firing time of input
neuroniand t is the firing time of
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spiking neuron j. dij is the delay of
the connection between neurons
i and j. s is a positive term, the ef-
fect of which is to shift the origin
of the time axis in the positive di-
rection. Both b and s are control
parameters used in the learning
process.

B. Delay change estimation

The objective of the learning
process is to tune the connection
delays of a single neuronin such a
way that the delayed inputs coin-
cide with each other. The training
of the network is conducted in a
supervised mode using the learn-
ing rule specified in equation 3
to modify the connection delays.
This rule estimates the amount of
modification for each connection
delay in order to achieve the ob-
jective of the training. There is a
need to select appropriate values
for the learning rule parameters
T Ty s b and s. It was found ex-
perimentally that better learning
could be achieved if the values for
the time constants T and Ty are
set to allow the learning function
to reach its maximum when the
spike response function begins to
saturate as shown in Fig. 5.

Connection delays are updated
based on the difference between
the time when an input spike ar-
rives and the time when an out-
put spike is generated. If an input
spike arrives at a neuron through
adelayed connection before there
is an output spike then the delay
associated with that connection is
increased so that the time differ-
ence can be reduced. If the input
spike arrives after the genera-
tion of an output spike, then the
connection delay is decreased.
If the output spike follows an in-
put spike within a very short time
then the delay change is set to
zero or negative in order to con-
trol the adaptation of the con-
nection delays. This is achieved
through the term s in the learning
rule. A similar situation applies
when an input spike reaches the
neuron much after the output
spike is generated. In this case

g{ét)

-0 -

S50 40 -30

the change in connection delay is
dominated by parameter b. Thus
b and s specify the range of spike
time differences where the con-
nection delays are increased or
decreased.

C. Implementation and training

The proposed model has been
implemented as a discrete model
[27] and implemented in soft-
ware.

Continuous input values are cod-
ed using small temporal differ-
ences, where a high input value
is represented by an early input
spike and a low value by a late
spike with reference to an input
time window [7]. The input time
window is the part of the activa-
tion period where the inputs are
presented to the network. Binary
and ordinal values are represent-
ed with spikes at some specific
time in accordance to the above
mentioned representation. For
ease of implementation, tempo-
ral differences are calculated in
discrete unit intervals. It has been
reported that coincidence detec-
tion can be achieved when the
activation period is less than the
inter spike interval [14]. Hence
the spiking neurons are made to
act as coincidence detectors by
assigning a relatively low value for
the time constant of the spike re-
sponse function, with respect to

-20 10

0 0 20 30 40 S0

time &t (msec)h

the input time window. This will
reduce the effective summing up
period and enables the neuron to
be sensitive to the arrival time of
input spikes.

During the training process, tem-
porally coded input vectors are
presented to the network and
the outputs from all the neurons
are found. The training process
is conducted in two phases. In
the first phase, the connections
to all the neurons in the desired
group are updated. In the second
phase, only the neuron which
was the first to fire in the desired
group of neurons is updated. In
both phases the change in delay
is computed using equation 3. In
order to keep relevant neurons
active, a low threshold value is as-
signed initially and increased after
each training epoch in small equal
steps to a preset value. Number of
training cycles and the maximum
threshold values for each phase
are found by trial and error.

D. Control of the learning task

Thisisalso achievedintwo distinct
phases. One is to control learning
in the group of neurons which
represent a particular class and
the other is to control learning in
the network as a whole. Training
of the network should be control-
led properly in order to achieve
good classification and generali-

Fig. 5:

Learning rule for
delay adaptation.
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Table 2.

Experimental
results of the
proposed SNN
compared to a MLP
network.

sation. As a class is represented
by a group of neurons, a measure
based on the coincidence of in-
puts is incorporated to train each
neuron in that group. The simple
linear measure given by equa-
tion 6 has been adopted to con-
trol neuron learning based on the
time between the first and last de-
layed input spikes to the neuron.

max[f;]- min[f,]

'rmpinr

window

(6)

where t: , fori=1..nis the time
of arrival of input spike generated

att at neuron j. Here t: is equiva-
lent to ti+dji; dji is the delay of the
connection between neuron i
and j. bt window 1S the input time
window. If the delays had been
tuned to enable the input spikes
to coincide then further modifica-
tion is not necessary. Hence the
amount of change for a particular
connection delay could be de-
creased with the achieved degree
of coincidence. Therefore, if the
total change of connection de-
lays falls below a minimum value
or the change remains constant,
then the training process is termi-
nated. To control the learning of
the whole network, a global error
value is utilised. This error value
is calculated based on the desired
outputs and the actual outputs.
Training continues until the error
value falls below an acceptable
value or when no change is ob-
served.

Dental malocclusions are com-
mon anomalies found in the gen-
eral population. Due to the aes-
thetic and functional problems
associated with these anomalies,
there is a demand for orthodontic
treatment. Correct diagnosis and
careful planning, especially in the
case of orthodontic extractions,
which are a non-reversible pro-
cedure, are essential for efficient
treatment. The large number of
diagnostic parameters and the
lack of agreement in interpreting
these parameter values make the
planning of treatment for individ-
uals difficult. Neural networks can
be utilised as a tool for decision
support in orthodontic treatment.
Neural networks can be trained
with data extracted from known
cases and the trained network
can be utilised to predict whether
or not a new patient needs ortho-
dontic extraction [22].

For predicting whether a patient
needs orthodontic extraction or
not a SNN was designed and im-
plemented as a software tool. The
orthodontic data needed to train
and test the SNN was collected
from 150 patients who were
treated at the Department of Or-
thodontics of the University of
Naples Federico Il. These patients
were treated by human experts
and all the decisions were made
manually. The collected data in-
cluded the detail whether an or-
thodontic extraction was carried
out or not for each patient.

The SNN software model was
trained and tested to establish its

Training Testing Testing
1 90.5 89.4 n/a
2 89.8 90.1 n/a
3 89.9 89.9 n/a
Average 90.1 89.8 87.5

applicability for clinical decision
making. The collected data was
used for training and testing the
proposed model. Once the SNN
was fully trained on the available
data and was able to classify the
output with acceptable accuracy,
it can be used to predict whether
a new patient needs an orthodon-
tic extraction or not. For a new
patient, values of the 32 features
specified in Table 1 have to be col-
lected and presented as input to
the trained SNN. The output of
the SNN, i.e. the decision regard-
ing extraction can be included in
the treatment plan for that new
patient.

The collected orthodontic data
belongs to two classes, whether
an extraction is necessary or not.
The SNN designed for classify-
ing orthodontic data to support
decision making in treating den-
tal malocclusions, in particular
for orthodontic extraction is de-
scribed below.

The SNN with 2 neuron groups,
each consisting of 4 spiking
neurons, was constructed. The
number of spiking neurons was
chosen empirically to achieve a
balance between accurate clas-
sification and rapid learning. The
connections were assigned ap-
proximately equal weight values
and random delay values in the
mid range of the input time win-
dow. The input time window was
30 time units in width and each
training cycle was activated over
65 time units. The time constants
for the spike response function
and the learning equation were 5
and 25 respectively. The values for
s and b were chosen to be 2 and
0.15 respectively. Initial threshold
values were set to 60x0.5x0.55
and increased up to 60x0.5x0.7
for the first phase and increased
further up to 60x0.5x0.78 for the
second phase of training. Here 60
is the number of input neurons
and 0.5 is the average connection
weight.
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The SNN described above was
implemented as a software tool.
The collected orthodontic data
was divided into three equal
parts of which two portions were
used for training the SNN and the
third for testing it. This process
was repeated three times with
different portions of the data set
for training and testing and the
average classification accuracies
were noted. The network training
consisted of 40 epochs, with 20
epochs in the first phase and 20
epochs in the second phase. The
results are shown in Table 2. The
SNN achieved an average classi-
fication accuracy of 90.1% at the
end of training and 89.8% during
testing.

The performance of the SNN was
compared with the MLP results
reported in [22]. The MLP net-
work obtained a test accuracy of
87.5 %. This was achieved using
a MLP network with 12 hidden
nodes. A leave-one-out method
was used for training and testing
where the network required be-
tween 10,000 and 100,000 learn-
ing steps for training.

The results show that the SNN
achieved a higher classification ac-
curacy compared to the MLP with
a significantly smaller number of
training epochs and computing
neurons. The number of network
connections required for the SNN
is significantly less than the MLP.

A supervised learning model with
a network of temporal coding
spiking neurons for classifying
orthodontic data to support de-
cision making in treating dental
malocclusions, in particular for
orthodontic extraction has been
proposed. The proposed SNN
based approach will not only as-
sist the dentists in their decision
making but also minimise the
errors introduced during ortho-
dontic diagnosis often found to
be very difficult and influenced
by subjective interpretation of
the measured parameters. The
correct diagnosis, achieved by

the SNN based decision support,
in treating dental malocclusions
which is a critical step in the or-
thodontic therapy, will lead to de-
vising an effective treatment plan
for the patients.

The model which realises the
spiking neurons as coincidence
detectors encodes the training in-
put information in the connection
delays. A Hebbian-based learning
rule was utilised to adapt the con-
nection delays according to the
differences between the input
and output spike timings. The pro-
posed model was able to achieve
better classification accuracy in
comparison with an MLP trained
using the error back-propagation
algorithm, with fewer computing
neurons and training epochs. In
this work, the values of the con-
nection weights were fixed. The
classification accuracy could be
further improved by adaptation
of both connection weights and
delays, as this would enable bet-
ter tuning of the SNN.

This research was carried out
with support from Cardiff Uni-
versity, the MEC and the EC FP6
*PROMS NoE.
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