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INTRODUCTION

Unsupervised classification, or clustering, is one of
the fundamental problems of computational intelli-
gence. Nowadays, there are various means for its solv-
ing, among them the significant place is occupied by
artificial neural networks (self-organizing maps, ART
neural networks, ‘Brain-State-in-a-Box’ neuromodels,
etc.) [1], fuzzy clustering systems (fuzzy c-means, algo-
rithms of Gustafson – Kessel, Yager – Filev, Klawonn –
Hoeppner, etc) [2, 3], and hybrid systems based on the
combination of both of them [4]. While the mentioned
computational intelligence means for unsupervised data
processing are well developed and rather powerful, they
often appear to be inapplicable for real life problems
solving due to their time-consuming run time. The
present requires data processing systems to be not only
powerful from computational point of view, but also to

be sufficiently rapid to handle instantaneous changes in
real world environment. New generation of artificial
neural networks, commonly known as spiking neural
networks [5, 6], challenged to overcome this drawback
of the classical computational intelligence means. Being
highly realistic models of biological neurons, spiking
neural networks also inherited capability of rapid infor-
mation processing from them [5, 7, 8]. Moreover, hybrid
computational intelligence systems based on self-learn-
ing spiking neural network made it possible to extend
capabilities of latter for efficient data clustering even un-
der uncertainty [9–12].  Anyway, the highest efficiency
of spiking neural networks can be achieved in the case
of their hardware implementation only [8]. One can run
into a difficulty, however, in this direction. Although
spiking neural networks are becoming a popular compu-
tational intelligence tool for various technical problems
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solving that is confirmed by constant growing of the
number of scientific and research works on that subject,
their architecture and functioning are treated in terms of
neurophysiology rather than in terms of any technical
sciences apparatus. None technically plausible descrip-
tion of spiking neurons functioning has been proposed
yet. Spiking neural network descriptions lack for general
technical ground.

This work presents self-learning spiking neural net-
work as a data processing system of classical control
theory. Neuron synapse is shown to be a second-order
critically damped response unit, and neuron soma is
treated as a threshold-detection unit. Description of spik-
ing neuron functioning in terms of the Laplace trans-
form makes it possible to state spiking neural network
architecture on a general technical ground that can be
used in the following for constructing various hardware
implementations of self-learning spiking neural net-
works.

SELF-LEARNING FUZZY SPIKING NEURAL 
NETWORK

Self-learning fuzzy spiking neural network architec-
ture is heterogeneous three-layered feed-forward neural
network with lateral connections in the second hidden
layer [9].

The first hidden layer is constructed to perform popu-
lation coding of input signal [7]. It acts in such a man-
ner that each dimensional component   of
input signal x(k) is processed by a pool of h receptive
neurons RNli,  Obviously, there can be different
number of receptive neurons hi  in a pool for each di-
mensional component in the general case. For the sake
of simplicity, we will consider here that the number of
neurons is equal for all pools.

As a rule, activation functions of receptive neurons
within a pool are bell-shaped (Gaussians usually), shift-
ed, overlapped, of different width, and have dead zone.
Generally firing time of a spike emitted by a receptive
neuron RNli upon incoming signal  lies in a certain

interval  referred to as coding interval
and is described by the following expression:

(1)

where ⎣•⎦ is the floor function, ψ(•,•),   and θr.n.

are the receptive neuron’s activation function, center,
width and dead zone, respectively (r.n. in the last param-
eter means ‘receptive neuron’), –1 indicates that the
neuron does not fire. 

In this work, we used Gaussian as activation function
of receptive neurons: 

(2)

There can be several ways to set widths and centers of
receptive neurons within a pool. As a rule, activation
functions can be of two types – either ‘narrow’ or ‘wide’.
Centers of each width type of activation function are cal-
culated in different ways but in either case they cover
date range uniformly. More details can be found in [7].

Spiking neurons form the second hidden layer of the
network. Spiking neuron is considered to be formed of
two constituents, they are: synapse and soma. Synapses
between receptive neurons and spiking neurons are mul-
tiple structures. A multiple synapse MSjli consists of a

set of q subsynapses with different time delays 

  and adjustable weights 

(here ). It should be noted that number of subs-
ynapses within a multiple synapse are fixed for the

whole network. Having a spike  from the li-th
receptive neuron, the p-th subsynapse of the j-th spiking
neuron produces delayed weighted postsynaptic potential

(3)

where ε(•) is a spike-response function usually de-
scribed by the expression [13]

(4)

τPSP – membrane potential decay time constant whose
value can be obtained empirically (PSP means ‘postsyn-
aptic potential’), H(•) – the Heaviside step function.
Output of the multiple synapse MSjli forms total postsyn-
aptic potential

(5)

Each incoming total postsynaptic potential contributes
to membrane potential of spiking neuron SNj as follows:

(6)

Spiking neuron SNj generates at most one outgoing
spike  during a simulation interval (the presen-
tation of an input pattern x(k)), and fires at the instant
the membrane potential reaches firing threshold θs.n.

xi k( ), i 1 n, ,=

l 1 h, .=

xi k( )

1–{ } 0 tmax
0[ ],[ ]∪

tli
0[ ] xi k( )( )

tmax
0[ ] 1 ψ xi k( ) cli

0[ ]– σli,( )–( ) ,

ψ xi k( ) cli
0[ ]– σli,( ) θr.n.;≥

1, ψ xi k( ) cli
0[ ]– σli,( ) θr.n.,≥–⎩

⎪
⎨
⎪
⎧

=

cli
0[ ], σli,

ψ xi k( ) cli
0[ ]– σli,( ) exp

xi k( ) cli
0[ ]–( )

2σli
2

------------------------------–⎝ ⎠
⎛ ⎞ .=

d p,

d p d p 1– 0,>– d q d1 tmax
0[ ] ,>– w jli

p

p 1 q,=

tli
0[ ] xi k( )( )

ujli
p t( ) w jli

p ε jli
p t( ) w jli

p ε t tli
0[ ] xi k( )( ) d p+( )–( ),= =

ε t tli
0[ ] xi k( )( ) d p+( )–( )

t tli
0[ ] xi k( )( ) d p+( )–

τPSP

----------------------------------------------- ×=

exp 1
t tli

0[ ] xi k( )( ) d p+( )–
τPSP

-----------------------------------------------–⎝ ⎠
⎛ ⎞ ××

H t tli
0[ ] xi k( )( ) d p+( )–( )× ,

ujli t( ) u jli
p t( ).

p 1=

q

∑=

uj t( ) ujli t( ).
l 1=

h

∑
i 1=

n

∑=

tj
1[ ] x k( )( )



111

ISSN 1607-3274. Радіоелектроніка, інформатика, управління. 2010. № 1. 

(s.n. means here ‘spiking neuron’). After neuron has
fired, the membrane potential is reset to the rest value
urest (0 usually) until the next input pattern is presented.

Number of spiking neurons in the second hidden lay-
er is set to be equal to the number of clusters to be de-
tected. Each spiking neuron corresponds to a certain
cluster. In self-learning spiking neural network, the neu-
ron that has fired first to the input pattern defines cluster
that the pattern belongs to [7]. Firing time of spiking
neuron  defines temporal distance of input pat-
tern to center of the corresponding cluster.

The third layer, namely output fuzzy clustering layer,
takes temporal distances of input pattern to centers of all
classes and produces membership level according to
fuzzy probabilistic approach [9]:

(7)

where m is the number of classes,  is the fuzzifier
that determines boundary between clusters and controls
the amount of fuzziness in the final partition.

LEARNING ALGORITHM

The purpose of an unsupervised learning algorithm of
spiking neural network is to adjust centers of spiking
neurons so as to make each of them to correspond to
centroid of a certain data cluster. Such learning algo-
rithm was introduced on the basis of two learning rules,
namely, ‘Winner-Takes-All’ rule and temporal Hebbain
rule [13]. The first one defines which neuron should be
updated, and the second one defines how it should be
updated. The algorithm adjusts neuron centers through
synaptic weights updating, whereas synaptic time de-
lays always remain constant. The concept here is that
significance of the given time delay can be changed by
varying corresponding synaptic weight. 

Each learning epoch consists of two phases. Competi-
tion, the first phase defines a neuron-winner. Being lat-
erally linked with inhibitory connections, spiking
neurons compete to respond to the pattern. The one wins
(and fires) whose center is the closest to the pattern.
After competition, weights adjusting takes place. The
learning algorithm adjusts synaptic weights of the neu-
ron-winner to move it closer to the input pattern. It
strengthens weights of those subsynapses which contrib-
uted to the neuron-winner’s firing (i.e. the subsynapses
produced delayed spikes right before the neuron firing)
and weakens ones which did not contribute (i. e. the de-
layed spikes appeared right after the neurons firing or

long before it). Generally, the learning algorithm can be
expressed as

(8)

where K is the current epoch number, ηw(•) > 0 is the
learning rate (while it is constant in [13], it can depend-
ed on epoch number in the general case; w means
‘weights’), L(•) is the learning function [7, 13],  is the
number of neuron-winner on the current epoch,  is
the time delay between delayed spike 
produced by the p-th subsynapse of the li-th synapse and
spiking neuron firing time 

(9)

As a rule, the learning function has the following
form [9, 13]: 

(10)

(11)

where   ν are the shape parameters of the
learning function L(•) that can be obtained empirically
[7, 13]. The learning function and its shape parameters
are depicted on Fig. 1. 

After learning stage, center of a spiking neuron repre-
sents centroid of a certain data cluster, and spiking neu-
ral network can successfully perform unsupervised
classification of the input set.

The learning algorithm (8) updates only neuron-win-
ner on each epoch and disregards other neurons. It
seems more natural to update not only spiking neuron-
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winner, but also its neighbours. This approach is known
as ‘Winner-Takes-More’ rule. It implies that there is a
cooperation phase before weights adjustment. Neuron-
winner determines a local region of topological neigh-
bourhood on each learning epoch. Within this region,
the neuron-winner fires along with its neighbours, and
the closer a neighbour is to the winner, the more its
weights are adjusted. The topological region is repre-

sented by the neighbourhood function  that de-

pends on difference   between the neuron-winner

firing time  and the neighbour firing time

 (distance between the neurons in temporal

sense) and a parameter that defines effective width of
the region. As a rule, ϕ(•) is a kernel function that is
symmetric about its maximum at the point where

 It reaches unity at that point and monotonical-

ly decreases as  tends to infinity. The functions that

are the most frequently used as neighbourhood function
are Gaussian, paraboloid, Mexican Hat, and many others
[14].

For self-learning spiking neural network, the learning
algorithm based on ‘Winner-Takes-More’ rule can be
expressed in the following form:

(12)

where temporal distance  is 

(13)

Obviously, expression (12) is a generalization of (8).

Analysis of competitive unsupervised learning con-
vergence showed that width parameter of the neighbour-
hood function should decrease during synaptic weights
adjustment [15]. For Gaussian neighbourhood function

(14)

width parameter ρ can be adjusted as follows [16]:

(15)

where  is a scalar that determines rate of neuron-
winner effect on its neighbours.

Noteworthily that exponential decreasing of width pa-
rameter can be achieved by applying the simpler expres-
sion instead of (15) [14]:

 (16)

Learning algorithm (12) requires modification of self-
learning spiking neural architecture. Lateral inhibitory

connections in the second hidden layer should be re-
placed with excitatory ones during the network learning
stage in order to implement ‘Winner-Takes-More’ rule.

In the following sections, it will be shown that the
learning algorithm based on ‘Winner-Takes-More’ rule
is more natural than the one based on to ‘Winner-Takes-
All’ rule to learn fuzzy spiking neural network.  

FUZZY SPIKING NEURAL NETWORK 
AS ANALOG-DIGITAL SYSTEM

Hardware implementations of spiking neural network
demonstrated fast processing ability that made it possi-
ble to apply such systems in real-life applications where
processing speed was a rather critical parameter [5, 8].
From theoretical point of view, research works on spik-
ing neurons hardware implementation subject are very
particular, they lack for a technically plausible descrip-
tion on a general ground. In this section, we consider a
spiking neuron as a processing system of classical auto-
matic control theory. Spiking neuron functioning is de-
scribed in terms of the Laplace transform. 

Within a scope of automatic control theory, a spike
t(x(k)) can be represented by the Dirac delta function

 Its Laplace transform is 

(17)

where s is the Laplace operator. Spiking neuron takes
spikes on its input, performs spike – membrane potenti-
al – spike  transformation,  and produces spikes on its
output. Obviously, it is a kind of analog-digital system
that processes information in continuous-time form and
transmits it in pulse-position form. This is the basic con-
cept for designing analog-digital architecture of self-
learning spiking neural network. Overall network archi-
tecture is depicted on Fig. 2.

Multiple synapse MSjli of a spiking neuron SNj trans-

forms incoming pulse-position signal  to

continuous-time signal ujli(t). Spike-response function

(4), the basis of such transformation, has form that is
similar to the one of impulse response of second-order
damped response unit. Transfer function of a second-or-
der damped response unit with unit gain factor is

(18)

where    and its im-
pulse response is
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Putting  (that corresponds to a second-
order critically damped response unit) and applying

l’H pital’s rule, one can obtain

(20)

Comparing spike-response function (4) with the im-
pulse response (20) leads us to the following relation-
ship:

(21)

Thus, transfer function of the second-order critically
damped response unit whose impulse response corre-
sponds to a spike-response function is

(22)

where SRF means ‘spike-response function’.
Now, we can design multiple synapse in terms of the

Laplace transform. As illustrated on Fig. 2, multiple syn-
apse MSjli is a dynamic system that consists of a set of

subsynapses that are connected in parallel.  Each subsy-
napse is formed by a group of time delay, second-order
critically damped response unit, and gain. As a response

to incoming spike  the subsynapse pro-

duces delayed weighted postsynaptic potential 
and the multiple synapse produces total postsynaptic po-
tential  that arrives to spiking neuron soma.

Taking into account (22), transfer function of the p-th
subsynapse of MSjli takes the following form: 

(23)

and its response to a spike  is 

(24)

So finally, considering transfer function of multiple
synapse MSjli

(25)

the Laplace transform of the multiple synapse output
can be expressed in the following form:

(26)

Spiking neuron soma performs transformation that is
opposite to one of the synapse. It takes continuous-time

signals  and produces pulse-position signal

. In doing so soma responds each time

membrane potential reaches a certain threshold value. In
other words, spiking neuron soma acts as a threshold de-
tection system and consequently it can be designed on
the base of bang-bang control systems concept [17]. 

Threshold detection behaviour of a neuron soma can
be modelled by an element relay with dead zone θs.n.

that is defined by the nonlinear function

(27)

where sign(•) is the signum function.  Soma firing can
be described by a derivative unit that is connected with
the element relay in series and produces a spike each
time the relay switches. In order to avoid a negative
spike that appears as a response to the relay resetting, a
usual diode is added next to the derivative unit. The di-
ode is defined by the following function:

(28)

where  is a spike produced by the derivative unit up-
on the relay switching. 

Now we can define the Laplace transform of an out-

going spike   namely, 

(29)

As it was mentioned above, the leaky integrate-and-
fire model disregards the neuron refractoriness.  Anyway,
the refractory period is implemented in the layer of spik-
ing neurons indirectly. The point is that a spiking neuron
cannot produce another spike after firing and until the
end of the simulation interval since the input pattern is
provided only once within the interval. In the analog-
digital architecture of spiking neuron, the refractoriness
can be modelled by a feedback circuit.  As shown on
Fig. 2, it is a group of a time delay, a second-order criti-
cally damped response unit, and a gain that are connect-
ed in series. The time delay defines duration of a spike
generation period dspike (usually, ). The second-

order critically damped response unit defines a spike af-
ter-potential. Generally, spike after-potential can be rep-
resented by a second-order damped response unit, but
for the sake of simplicity, we use critically damped re-
sponse unit as it can be defined by one parameter only,
namely, τSAP (SAP means here ‘spike after-potential’).
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This parameter controls duration of the refractory peri-
od. Finally, the gain unit sets amplitude of the spike af-
ter-potential wSAP. Obviously, wSAP should be much

greater than any synaptic weight. 
Thus, transfer function of the feedback circuit is

(30)

where F.B. means ‘feedback circuit’, and transfer func-
tion of the soma is

(31)

where GF.F. is defined by (29) (F.F. means ‘feed forward
circuit’).

It is easily seen that the functioning of spiking neuron
analog-digital architecture introduced above is similar to
the spike-response model [6]. 

CONCLUSIONS

Spiking neural networks are more realistic models of
real neuronal systems than artificial neural networks of
the previous generations. Nevertheless, they can be de-
scribedin a strict technically plausible way based on the
Laplace transform. Spiking neural network designed in
terms of transfer functions is an analog-digital nonlinear
dynamic system that conveys and processes information
both in pulse-position and continuous-time forms. Such
precise formal description of spiking neural network ar-
chitecture and functioning provides researchers and engi-
neers with a framework to construct hardware
implementations of various spiking neural networks for
real-time data processing of different levels of complexity.
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Бодянський Є.,  Долотов А. 
АНАЛОГОВО-ЦИФРОВА САМОНАВЧАЛЬНА ФАЗЗІ-

СПАЙК-НЕЙРОННА МЕРЕЖА ТА АЛГОРИТМ ЇЇ НАВ-
ЧАННЯ НА ОСНОВІ ПРАВИЛА «ПЕРЕМОЖЕЦЬ ОТРИ-
МУЄ БІЛЬШЕ»

У цій роботі запропоновано аналогово-цифрову архі-
тектуру фаззі-спайк-нейронної мережі, що самонавчається.
Синапс та сому спайк-нейрона розглянуто з позиції кла-
сичної теорії автоматичного керування.  Застосуванням
правила «переможець отримує більше» поліпшено стан-
дартний алгоритм самонавчання спайк-нейронної мережі.

Ключові слова: аналогово-цифрова архітектура, само-
навчальна фаззі-спайк-нейронна мережа, теорія автома-
тичного керування, алгоритм навчання без учителя, пра-
вило «переможець отримує більше».

Бодянский Е., Долотов А. 
АНАЛОГОВО-ЦИФРОВАЯ САМООБУЧАЮЩАЯСЯ

ФАЗЗИ-СПАЙК-НЕЙРОННАЯ СЕТЬ И АЛГОРИТМ ЕЕ
ОБУЧЕНИЯ НА ОСНОВЕ ПРАВИЛА «ПОБЕДИТЕЛЬ
ПОЛУЧАЕТ БОЛЬШЕ»

В настоящей работе предложена архитектура аналогово-
цифровой самообучающейся фаззи-спайк-нейронной сети.
Синапс и сома спайк-нейрона рассмотрены с позиции
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τSAPs 1+( )2
----------------------------,=
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теории автоматического управления. Посредством приме-
нения правила «победитель получает больше» усовер-
шенствован стандартный алгоритм самообучения спайк-
нейронной сети.

Ключевые слова: аналогово-цифровая архитектура,
самообучающаяся фаззи-спайк-нейронная сеть, теория
автоматического управления, алгоритм обучения без учи-
теля, правило «победитель получает больше».
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СТРУКТУРА ПРОТОТИПУ ТА ОБҐРУНТУВАННЯ ВПРОВАДЖЕННЯ 
ІНТЕЛЕКТУАЛЬНОЇ СИСТЕМИ КЕРУВАННЯ ПРОЦЕСОМ ЗБАГАЧЕННЯ 

ЗАЛІЗНОЇ РУДИ

Наведено структурну схему прототипу інтелектуальної системи керування секцією
магнітного збагачення залізної руди. На основі результатів промислових випробувань зробле-
на оцінка економічної ефективності впровадження подібної системи в умовах збагачувально-
го виробництва.

Ключові слова: інтелектуальна система керування, збагачення, залізна руда, ефективність.

ВСТУП

У наш час достатньо актуальною проблемою для
вітчизняних підприємств гірничо-металургійної га-
лузі промисловості є підвищення конкурентоcпро-
можності виробництва за рахунок зменшення собі-
вартості переділу, оптимізації енерговитрат, стабі-
лізації або поліпшення якості продукції тощо. За-
гальновідомо, що одним з найбільш перспективних
шляхів вирішення цієї проблеми є комплексна авто-
матизація технологічних процесів (ТП) [1, 2].

Технологічні процеси збагачення руд чорних ме-
талів (магнетитових кварцитів) є достатньо складни-
ми об’єктами автоматизації. Це обумовлено їх бага-
товимірністю та багатостадійністю, властивостями
нелінійності та нестаціонарності, значним запізненням
інформаційних показників у часі, наявністю нечіткої
та неповної інформації. У зв’язку з цим можливості
застосування класичних підходів теорії автоматизова-
ного керування є доволі обмеженими [3].

Теоретичні дослідження, комп’ютерне моделюван-
ня та промислові випробування [3–9] довели по-
тенціальні можливості застосування інтелектуальних
підходів щодо ідентифікації, керування та опти-
мізації ТП збагачення магнетитових кварцитів. У пер-
шу чергу це стосується сучасних напрямів розвитку
штучного інтелекту: нейрокерування, нечіткої логіки,
класифікаційного керування та еволюційної опти-
мізації.

Враховуючи, що поточний стан дослідження мож-
ливостей застосування подібних технологій у гірни-

чій справі поки містить доволі обмежену кількість
реальних впроваджень на вітчизняних підприєм-
ствах, постійно виникають питання щодо техніко-
економічного обґрунтування таких розробок. Тому
метою статті є оцінка ефективності впровадження
інтелектуальної системи керування в умовах техно-
логічної лінії (секції) рудозбагачувальної фабрики
(РЗФ) гірничо-збагачувального комбінату (ГЗК).

ПОСТАНОВКА ЗАВДАННЯ

Згідно з рішеннями, розглянутими у попередніх
роботах автора [3, 5–8], розглядається така схема ре-
алізації ІСК (рис. 1).

Основою системи є апаратно-програмне ядро ІСК
(блок № 1), що складається з п’яти підсистем.

1.1. Інтерфейсна частина, сервер та монітор SCA-
DA. Реалізується на підставі спеціалізованого прог-
рамного забезпечення типу: Контур, Monitor Pro,
Scantic, Trace Mode [10–14]. Ця підсистема виконує
функції візуалізації (моніторингу) ходу ТП, введен-
ня та контролювання уставок технологічних пара-
метрів, формування звітів. На апаратному рівні такі
підсистеми реалізуються на підставі застосування
архітектури «клієнт – сервер». В якості серверів ро-
бочих станцій застосовується переважно комп’ютер-
не обладнання у промисловому виконанні з під-
вищеним рівнем надійності (стандарти IP50, IP65-67
[13]). Клієнтські станції реалізуються у вигляді авто-
матизованих робочих місць (АРМ) спеціалістів (на-
приклад, технолога, диспетчера РЗФ). Для інфор-
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