
Applied Mathematical Sciences, Vol. 3, 2009, no. 29, 1407 - 1451

A Neural-Network to Solving the Output

Contention in Packet Switching Networks

A. Badi and K. Akodadi
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Abstract

Optical packet switching based on Wavelength Division Multiplexing
(WDM) offers the possibility of increased granularity and more effec-
tive use bandwidth in large capacity systems, on scale of Tb/s. The
natural integration of optical packet switching in photonic technology
opens up the possibility of packet switching in transparent optical chan-
nels, where the packets remain from end-to-end in the optical domain,
without the necessity of optoelectronic conversion. Therefore, the opti-
cal switching must be robust enough in order to provide conditions to
solve the contention between optical packets in access networks, where
the traffic is less aggregated. This works presents a novel approach to
solving the output contention in optical packet switching networks with
synchronous switching mode. A contention controller has been designed
based on the Order Statics Filters (OSF) neural-network technique with
a speed up factor to achieve a real-time computation of a non blocking
switching high-speed high-capacity packet switch without packet loss.
A neural network, OSF, which with any of binary as input, outputs
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the Kth largest element of the array is proposed. Overall time is con-
stant, and does not depend upon the size of the input array, being just
eleven times the processing time for a single neuron. This neural net-
work may be used as a building block for hardware implementation of
order statistic filters.

Keywords: Optical packets switching (OPS), Head-of-line (HOL), Mul-
tiprotocol label switching (MPLS), Order static filter (OSF), Wavelength di-
vision multiplexing (WDM), generalized multi-protocol label switching (GM-
PLS), First in first out (FIFO), Pattern recognition and image processing
(PRIP)

1 Introduction

Output contention is an inherent characteristic of packet switching net-
works due to unscheduled arrival process of information packets. In packet
switch with synchronous switching mode, there may be up to N number of
packets simultaneously contending for the same output port but only up to
C contending packets (C is less than N) can be routed out to that output
port where C is the speed up factor of the switch. The principal tasks of the
contention controller are to select up to C contending packets for each output
port and to switch selected packets to their destined output ports. Such tasks
must be completed in less time than it takes to transmit a packet.

Neural networks have been proposed for solving the output-contention
problem. Troudet et al. [71], Marrakchi et al. [38] have proposed the use
of a Hopfield neural network for real time control of input queued crossbar
switch for switching packets at maximum throuput. Brown et al. [10] has pro-
posed a neural network based on multiple overlapping winner-take-all circuits
to compute a nonblocking switching configuration for an input queued Banyan
switch with a performance of within a factor of two of the nonblocking switch.
Le Nguen Binh et al. [8] have proposed K-winner neural network [75] for solv-
ing the output contention in packet switching networks with switching mode.
Unlike Hopfield energy functions approach or K-winer-take-all, that requires
the researcher to first define the constraints of the problem and then go through
an imprecise and obscuring energy function to define the weights, these net-
works have properties that can be directly defined and controlled. This direct
approach allows efficient implementations that are scalable to large size and
as long as the external inputs are within defined limits, the network will al-
ways satisfy the constraints embodied in the OSF (priority). Furthermore our
proposed scheme demonstrates, through simulation, the behaviour of packet
switching with the speed up factor C. A contention controller using the OSF
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neural network technique is thus proposed and analysed.

In our proposal, the search for the contending C packets for size N is carried
out in 11τ time and only requires employment of N sorting networks.

In this paper, we proposed the use of OSF is a technique extensively used in
pattern recognition and image processing PRIP applications [2], [13], [10], [11],
[33], [41]-[53], [55], [57], [63], [67], [70], [74]. During the past decades, consider-
able efforts have been devoted to developing special computer architectures for
PRIP applications [5], [34], [35], [54], [61], [64], [69]. Recent advances in Very
Large Scale Integration (VLSI) microelectronic technology have triggered the
idea of implementing PRIP algorithms directly in specialized hardware chips.
Many attempts have been made to develop special VLSI devices for such pur-
poses. It is of certain importance and interest to develop a hardware model
of high processing speed that can be used as a building sorting and adaptive
OSF (called comparison and selection filters [33]). The main task of the OSF
is to find the kth-order statistic of an input array, defined as being the kth

largest element in the array. This technique finds application in telecommu-
nications particularly for controlling data packet switches [8], [9]-[12]. In [32],
a member of the OSF family shows applications in VLSI auditory and visual
systems, while in [21], another filter of OSF family as an analogue decoder of
err-correcting codes is proposed. OSF are mostly implemented in software [2],
[4], [20], [24], [26], [28], [36], [56], [59], [61], [70], [73], [74], whereas hardware
implementations are designed only for specific members, particularly the me-
dian and maximum filters, of the OSF family [17], [29], [41], [42], [44], [60],
[66], [77].

All neural networks considered in this paper have a feed-for-ward structure
with two kinds of neurons, linear and threshold logic neurons. These networks
have a very simple configuration, the connection strengths between the neu-
rons are all fixed, most of them being just +1 or -1, which makes hardware
implementation easy and straightforward. The modularity and the regularity
of the networks’ architecture make them suitable for VLSI implementation.

The processing time of each network herein proposed is constant. As the
size of the input array increase, only the number of neurons in each layer
increases, not the number of layers themselves. Therefore, the network’s total
processing time remains constant, irrespective of the size of the input array.
This is in contrast with conventional digital hardware implementation, where
the processing time increases along with the input size. Although constant
processing time is achievable using unlimited fan-in logic gates, the circuit size
grows exponentially as the size of the input increases [15], [23]. The circuit



1410 A. Badi, K. Akodadi, M. Mestari and A. Namir

size of OSF, however, only grows quadratically.

Neural networks are noted for their ability to process large amounts of
data quickly using a copious number of highly find solutions; the multitude of
readily available data; and the similar neural and switching network topologies
all suggest the potential for exploiting neural networks in the switching control
problem. Finally, the significance and potential of the neural-network are
discussed and concluded.

The rest of paper is organised as follows. In section II, we describe switching
packet. Section III is devoted to the application of the OSF in implementation
of various order statistic filter, including sorting and adaptive order statistic
filters. Section IV developing a simulating system. Section V contains the
conclusion.

2 Optical Packet Switching and Contention Res-

olution Problems

2.1 Background

This section will introduce some basic concepts of switching theory. More
detailed development of switching the theory can be found in any of several
references, [6], [27] and [65]. We abstract a switch as a device that takes a
set of N inputs and reproduces them in any permuted order at the output.
We restrict our discussion to square switches, where the number of inputs and
outputs is the same, although the concepts that we develop readily generalize
to non-square switches. If the inputs and outputs of the switch are N distinct
lines, then we refer to the switch as a space switch. Alternatively the switch
could one line for the input one line for the output. In this case, the inputs
and outputs are N distinct blocks of data in witch the order that the block are
sent is permuted by the switch. Since each time switch is equivalent to some
space switch, we will restrict our discussion to space switches.

The basic switch is the NxN crossbar switch. Conceptually, it comprises
a packet request in a general switch is a request for a connection from one
unused input to one unused output. A packet is blocked if the connection
can not be put up through the switch. This occurs due to constraints from
the architecture of the switch, or due to the current state of the switch. A
switch is non-blocking if simultaneously given any legal set of packets (each
input and output used at most once); the switch can put all of the packets. A
switch is strictly non-blocking in any sequence of legal packet requests, with
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intervening packet disconnects, can be put up as each request arrives, and
no matter what algorithm is used for routing packets. The NxN crossbar is
the prototypical example of the non-blocking class. While such a switch is
desirable, unfortunately it is at the expense of N2 crospoints. The crospoint
count of switch is often used as measure of its cost or complexity. We desire
to reduce the number of crospoints. Usually this is achieved by building larger
switches stages of smaller crossbar switches.

2.2 Contention resolution problems

WDM has been rapidly acceptance as the technology that is able to handle
the forecast dramatic increase of bandwidth demand in future networks [30].
Besides the huge amounts of bandwith, all-optical WDM networks also allow
high-speed data transmission without electronic converts at intermediate nodes
and transparency with respect to data format to be achieved [62]. However,
the service evolution and the rapid increase in traffic levels fuel the interest
on optical packet switching resolution problem. While current applications
of WDM focus on the fast static usage of individual WDM channels, optical
packet switching technologies enable the fast allocation of WDM channels in
an on-demand fashion with fine granularities. The challenge now is to combine
the advantages of the relatively coarse-grained WDM techniques with emerging
with optical switching capabilities to yield a high-throughput optical platform.

A further reason leading to optical packet switching is its intrinsic flexibil-
ity to cheaply support incremental increase of the transmission bit rate [68].
One of the key problems in application of packet switching in optical domain is
the handling of packet contention that take place when two or more incoming
packets are directed to the same output line. Contention can be solved in the
following three ways; 1) by dropping the contending packet; 2) by deflecting
the contending packet to another part of wavelength; 3) by buffering the con-
tending packet (using delay lines or using electronic memory) until the output
port is free. Of these three, only buffering offers an immediate solution as
1) port deflection is undesirable because it is in general not compatible with
end-to end requirements as implemented in Generalized Multi-Protocol Label
Switching (GMPLS) [7]; 2) by dropping the contending packet is obviously
the poorest strategy, as it relies on the higher level protocols in retransmitting
issues. Thus, buffering does not have any of the above mentioned drawbacks
and moreover enables the prioritization of traffic based on, e.g., the differen-
tiated services (DiffServ) specification [58]. The drawback of buffering is the
introduction of additional delay and jitter in the network.
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2.3 A novel approach to solving the output contention
in packet switching networks

Output contention occurs when there are more than one (up to N) HOL pack-
ets from the input ports simultaneously requesting to be switched to the same
output port. Only C of these contending packets can be routed to the same
output port. The remaining of the contending packets have to wait for the
next transmission cycle to compete again. The approach taken in resolving
the output-contention problem and selecting up to C packets for each output
port depends on the service selection policy employed by the packet switch.
Typical service selections policies are the random selection policy, FIFO se-
lection policy, longest queue selection policy, and customer priority selection
policy. In packet transmission and switching, the sequence of the packets as
transmitted by the customers must be maintained. This means that only the
HOL packets in all the input buffers can compete in the selection process.
The random selection policy stipulates that up to C packets can be routed to
the same output port on a random basis with each of the contending packets
having the equal probability of being selected. FIFO selection policy, on the
other hand, dictates that packets which appear at the HOL positions at a given
time slot that are destined for the same output are transferred before all the
packets which appear at the HOL positions at the subsequent time slots with
the same output destination. If there are several packets with the same arrival
time, random selection is made between these packets. In the longest queue
selection policy, the packet from the longest input queue is sent first. If there
are several queues with the same maximum length, random selection is made
between these contending packets. Under the customer priority selection pol-
icy, the higher priority packets are serviced ahead of the lower priority packets.
This service selection policy is particularly important with regard to services
that have a stringent delay requirement.

Our novel approach to resolving the output contention and implement-
ing the service-selection policy is best described by to referring to figure. 1.
Which shows how a request for packet transmission through an N x N cross-
bar can be mapped onto an N x N input request matrix. Each input and
output connection of the nonblocking optoelectronic WDM or Time Division
Multiplexing(TDM).
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Figure 1: (a) A crossbar switch used to illustrate the input-output connections
in the WDM packet switch. (b) Input request matrix describing the state of
the packets in the HOL positions.

Packet switches can be represented by an imaginary crosspoint. These
switches are important in multiwavelength WDM optical communication net-
works where the number of multiplexed optical wavelength channels, consid-
ered as wavelength packets, can be of order of a few hundred in the two opti-
cal transmission windows at 1300 and 1550 manometer regions. Therefore, a
crossbar structure is used to facilitate our illustration of the input-output con-
nections in a WDM packet switch. The N x N input request matrix describes
the input request state of the HOL packets. The rows and columns of the
input request matrix correspond to the input and output ports, respectively.
If there is packet from input port i destined to output port j, then cell Dij

in the input request matrix is assigned a positive number, otherwise Dij = 0.
The value of Dij will depends on the type of service selection policies used. A
simple approach to resolve the output contention is to select up to C of the
Dij > 0 cells from each the column. If we were to stipulate that the task of
selecting the successful packets for each output port (up to C packets) is to
select the C largest Dij values within each column, the value of Dij is com-
puted as follows. In a random service selection policy, the value of Dij is a
function of a random number. If we let U be the maximum positive value that
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Dij can take, then under the random service selection policy Dij = r, where
r is a random number in the range 0 < r < U , the value of Dij is a function
(denoted by f) of two variables

Dij(FIFO) = f(waiting time, random number r)
Dij(longest queue) = f(queue length, random number r)
Dij(packet priority) = f(priority level, random number r).

The random number r is included to take into account the possibility of
packets having the same waiting time, queue length, or priority level. The
maximum contribution of the random number to the value of Dij must not
exceed the minimum contribution from the waiting time, queue length, or
packet priority. Therefore, the matrix cell value is given by

Dij = Ps.Mult + r

Where Ps is the (HOL) packet’s parameter as determined by the service dis-
cipline, Mult is a multiplier, and r is a random number. The random number,
r is bounded by 0 < r < Mult. The matrix cell value, Dij , is bounded by
0 < Dij ≤ U . The maximum value of r, i.e., Mult must be made as large as
possible to reduce the probability of having packets with the same value of Ps

and in the same column from having the same value of r. There is, however,
a constraint placed on the value Mult, i.e., Mult ≤(maximum value of Ps). If
such a possibility occurs, a random selection is made among them. For each
column, the packet with the largest Dij value is the first to be transmitted to
their destined output ports.

The computation of this nonblocking connection configuration must be
completed in less time than it takes to transmit a packet. The length of time
allowed is determined by the packet length and the transmission bit rate, T
= L/B where T is the packet duration, L is the packet length and B is the
transmission bit rate. With an Asynchronous Transfer Mode (ATM) cell of 53
bytes and a bit rate of Gigabits/s, the packet duration is about 424 ns.

3 The OSF neural network for solving the

contention problem

In this section, we develop the basic neural network, OSF, which is essential
for construction of all neural networks herein proposed, but first, we describe
the neurons employed here.
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3.1 Neurons Used

OSF employs two kinds of neurons, both of which are commonly used in neural
network applications [22], [31], [37], [41]-[53]. The only difference network
between the two is in their activation function: one employs linear activation
function and the other threshold-logic activation function. Their schematic
representations are shown in Fig. 2(b), where y is the output. These two
kinds of neurons sum the n weighted inputs and pass the result through a
nonlinearity according to

y = φ(
i=1∑
n

ωixi − θ)

Where θ is a limiting or nonlinear transfer characteristic, called an activa-
tion function; θ(θ ∈ R) is the external threshold, also called an offset or bias,
ωi are the synaptic weights or strengths; xi are the inputs (i=1, 2,...n), n is
the number of inputs, and y represents the output [cf. Fig. 2(a)].

The threshold-logic neuron model [see Fig. 2(b)] uses only the binary (hard
limiting) function [see Fig. 2(c)]. In this model, a weighted sum of all inputs
is compared with a threshold θ . If this sum exceeds the threshold, the neuron
output is set to ’high value’ or to ’low value’ according to the equation

φ(x) =

{
1, ifx ≥ 0
0, otherwise

Where x =
∑n

i=1 ωixi − θx, and is the threshold-logic activation function
or binary activation function [cf. Fig. 2(c)].

In the case of the linear activation function [see Fig. 2(b)], the output y is
given by φL(x) = x Where φL is the linear activation function [see Fig. 2(c)]
defined by φL(x) = x with x =

∑n
i=1 ωi(x) Both kinds of neurons, threshold

and linear, have already been implemented in the past using analog electronic
[16], [25].

3.2 Some Basic Functions

In this subsection, we introduce special functions that are essential for con-
struction. First, however, we give the representation employed to represent
the element of input array X.
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With a view to making the neural models proposed in this paper adaptable
and to then facilitate their incorporation into digital calculators, we will employ
the coding used in the majority of present-day computers to represent the
elements of input array X.

Let Xi be an element of the input array X(i = 1, 2, ..., N). Each element
Xi of X is represented in a single way by the triplet (SXi

,MXi
,EXi

), as follows:

Xi = SXi
MXi

2EXi

Where

• SXi
, designating the sign of Xi is coded on 1 bit (SXi

= 0 if Xi is positive
or zero, and SXi

= 1 otherwise);

• MXi
, designating the mantissa normalized to m digits is coded on m bits

(MXi
, is a real number: (1

2
≤ MXi

)π1);

• EXi
designating the exponent is coded on p bits (EXi

is a positive, neg-
ative, or zero integer).

The mantissa normalized to m digits MXi
is represented in (binary) base 2

by

MXi
=

j∑
j=1

M j
Xi

2−j

Where M j
Xi

(j = 1, 2, ..., m) are the digits of mantissa MXi
in base 2.

M j
Xi

∈ {0, 1} for 1 ≤ j ≤ m and 1 ≤ i ≤ N .
Agreeing that (1

2
) ≤ MXi

implies M1
Xi

= 1 .
The exponent EXi

, is coded in the form ’arithmetic complemented to 2’
(necessary to encode the negative exponent)

EXi
=

p−2∑
j=0

Ej
Xi

− SEXi
2p−1(11)

Where SEXi
= 1 is the sign bit of EXi

(SXi
= 0 if EXi

is positive or zero,
and, SEXi

= 1 otherwise), and EXi
∈ {0, 1} for 0 ≤ j ≤ p − 1 and 1 ≤ i ≤ N .

The exponent EXi
, given by (11), may be calculated by a single neuron

(cf. Fig. 4). We can then represent any element Xi of the input array X as a
(m+p+1) bit binary number, as follows:

Xi = (SXi
, M1

Xi
, M2

Xi
, ..., Mm

Xi
, SEXi

, E0
Xi

, E1
Xi

, .., Ep−2
Xi

)(12)
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The task of finding the kth largest element of the input array X can be done
in two phases.

1/ Compute the order in the input array X of any element Xq(q = 1, 2, ..., N).

2/ Select and transfer to output the element of the input array X corre-
sponding to the order k desired or chosen by decision-markers (designers).

Note that the operation in either of these two phases can be performed in
parallel. This is why it is possible to achieve high processing speed by utilizing
the massive parallelism of neural networks.

Corresponding to these two phases, the OSF is composed of N order net-
works, a selection network, and an adjustment input, which allows choice of
the order k of the element input, which allows choice of the order k of the
element to be transferred to output.

3.3 Order and Selection Networks

The function of the order network ONq, (1 ≤ q ≤ N) is to compute the order
in the input array X of each element Xq [41]-[53]. The order network ONq

computes the order function (17) and is made up of (N-1) comparison networks,
CNi,q i ∈ {1, 2, ..., N} − {q}, as shown in Fig. 6.

The function of the selection network is to select from among the elements
of input array X the element corresponding to the order fixed by the adjustment
input and to transfer it to output. This network is composed of N Equality
Networks (ENs) and a Detection Network (DN), which will be studied here-
after.

1/ Equality Network: The EN determines whether the order of an element
is equal or not to a given number k. The number k(1 ≤ k ≤ N) is fixed via
the adjustment input , according to the formula

k =

n−1∑
q=0

aq
(k)2

q

Where a0
(k), a

1
(k), ..., a

n−1
(k) is the word of command allowing choice of the

order of the element to be sent to output. aq
(k) ∈ {0, 1} for 1 ≤ q ≤ n − 1 and
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1 ≤ k ≤ N

The function computed by the EN is defined as

eq[ord(Xi, X), k] =

{
0, iford(Xi, X) = k
1, otherwise

3.4 The OSF

The OSF is shown in Fig. 12, where the adjustment input Ak determines
which order statistic is to appear at the output. The network illustrated in
Fig. 11 consists of two kinds of neurons arranged in 11 layers. The number
of neurons in OSF for input size N is 14N2 + (m + p − 9)N + m + p + 2
. There are 11 layers of neurons in the OSF, thus the processing time is 11
times the processing time of a single neuron. As the number of elements of
the input array increases, only the number of neurons in each layer increases,
not the number of layers themselves. Therefore, OSF total processing time
remains constant irrespective of the number of element in the input array.
This contrasts with conventional hardware implementation of order statistic
filters [14], [72], where the processing time increases along with the number of
elements.

The claim that the processing speed of OSF is independent of its input size
does not take into account limitations in the hardware implementation. It is
based on the assumption that the processing time of a neuron is independent
of its input size. This assumption, however, is not true in analog circuits. For
instance, as the number of inputs to neuron increases, the capacitances of the
wires that connect these inputs will increase, causing the settling time to the
required accuracy to increase. Therefore, the processing speed of the OSF to
some extent depends on the input size. Even with these limitations, however,
the processing speed of the OSF will still be high enough to have the advantage
of speed.

Technologies used in OSF implementation are broadly categorized into sil-
icon [19], [39]-[40] using analog, digital, or mixed analog/digital integrated
circuits, and optical or electroptical [1], [3]. No matter which medium is used,
the performance of the OSF would inevitably be affected by the current level
of the medium’s technology. Here, we address some problems that might be
faced when the OSF is implemented using analog VLSI circuits. Such prob-
lems are also common to other neural network models; however, because the
OSF has a simple configuration, its implementation is less affected.
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The first problem is that of poor absolute accuracy is setting up the values
of the connection weights. This problem does not arise if the OSF is imple-
mented using monolithic analog VLSI circuits.

Whatever technology is utilized, the OSF is not affected by this problem,
since the OSF has a very simple configuration, its weights are all fixed, and
most of them are just +1 or -1; they can be set simply by connecting the input
to the neuron or by inverting the input before connection.

The second problem is due to the saturation characteristics of the amplifier
used in implementing the linear neuron. For some practical applications, this
may not be a serious problem [41]-[53].

For example, in image processing applications, the input to the OSF can
be easily scaled to fit in the linear range of the amplifier.

4 Simulation and results

The task of the OSF, however, is to select the C or less than C largest Dij

values [8], from each column in the HOL input request matrix if there are
more than C packets contending for the same time or in the case that there
fewer than time respectively. Each input port controller computes de value
of Dij of its HOL packets and transmits this value together with the HOL
packet’s output port destination address to the input interface of the neural
network contention controller. Based on the output port destination address,
each input interface is affected the equivalent value of Dij .

Let us now describe the interface between the neural network contention
controller and the output port controller. With up to C packets being selected
from each output port, the packet with the larger Dij value must be transmit-
ted ahead of the packets with lower Dij value. This can be achieved by using
the order preserving characteristic of the OSF.

In this subsection, we introduce special functions that are essential for
construction. First, however, we give the representation employed to represent
the elements of input D.

With a view to making the neural models proposed in this paper adaptable
and the to then facilitate their incorporation into digital calculators, we will
employ the coding used in the majority of present-day computers to present
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the elements of input array D.

Let Dij be an element of the input array Dij(i = 1, 2, ..., N)

Each element Dij of D is represented in a single way by the triplet (SDij
, MDij

, EDij
),

as follows: Dij = SDij
MDij

2EDij

Where

• SDij
, designating the sign of Dij is coded on 1 bit ( SDij

= 0 if Dij is
positive or zero, and SDij

= 1 otherwise);

• MDij
, designating the mantissa normalized to m digits is coded on m bits

(MDij
, is a real number: (1

2
≤ MDij

)π1);

• EDij
is a positive, negative, or zero integer.

The mantissa normalized to m digits MDij
, is represented in (binary) base 2

by.

MDij
=

m∑
p=1

Mp
Dij

2−p

Where Mp
Dij

(p = 1, 2, ..., m) are the digits of mantissa MDij
in base 2 Mp

Dij
∈

{0, 1} for 1 ≤ p ≤ m and 1 ≤ i ≤ N .
Agreeing that 1

2
≤ MDij

implies M1
Dij

�= 0, i.e, M1
Dij

= 1.
A more efficient implementation of the sorting network is shown in the

diagram in fig 12 (a). This sorting network is equivalent to N OSF set up in
parallel, whose common module ”order networks” has been merged.

Sorting time is fixed and is only 11 times the processing time for a single
neuron. Merging the common module ”order network” permits considerable
reduction of the size of the sorting network and a gain of approximately N3

neurons. A detailed account of a similar implementation can be found in [41]-
[53].

A second implementation of the sorting network consists of using n separate
OSF networks in parallel, as shown in the diagram in fig 12 (b). Sorting time
is fixed and doesn’t depend on the size of the input, it is the same time taken
for processing a single OSF.
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A third implementation is the use of a single OSF network [cf. fig. 12 (c)].
By changing the value of k from 1 to N, the elements of the array will appear
at the output sequentially. The advantage is that less neurons are needed; the
disadvantage is that the sorting time is proportional to the size of the input.

At each clock pulse [cf. fig. 12(c)], the counter changes state, and k goes
from one value to the next. The OSF finally produces at its out put the input
array element whose order corresponds to new value of k. the clock frequency
must be lower than OSF processing speed, i.e, lower than ( 1

(11τ)
), where τ is

the processing time for a single neuron.

The hardware implementation of the continuous OSF can be designed elec-
tronically using the VLSI technology wile the interactive activation OSF net-
work is more suitably implemented through optoelectronic means as the states
of the neurons are updated synchronously and discretely.

The simulation is limited to N=5, C=3 and 1 column (each column is
computed independently).

4.1 Simulation and OSF
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Figure 2: (a) Simplified functional model of an artificial basic neuron cell. (b)
Schematic representations of the threshold-logic neuron and the linear neuron,
respectively. (c) Two possible unipolar transfer characteristics

OSF employs two kinds of neurons, both of which are commonly used in neural
network applications. one employs the linear activation function and the other
the threshold-logic activation function. Their schematic representations are
shown in Fig.2(b), where y is the output. These two kinds of neurons sum the
n weighed inputs and pass the result through a nonlinearity according to

y = φ(
n∑

i=1

ωixi − θ)

where φ is a limiting or nonlinear transfer characteristic, called an activa-
tion function, θ(θ ∈ R) is the external threshold, also called an offset or bias;
ωi are the synaptic weights or strengths; xi are the inputs(i = 1, 2, ..., n), n is
the number of inputs, and y represents the output§[cf. Fig. 2(a)].

The threshold-logic neuron model[see Fig. 2(b)] uses only the binary func-
tion [see Fig. 2(c)]. In this model, a weighted sum of all inputs is compared
with a threshold θ. if this sum exceeds the threshold, the neuron output is set
to ”high value” or to ”low value” according to the equation

φT (x) =

{
1, if x ≥ 0
0, otherwise

where x =
∑n

i=1 ωixi − θ, and φT is the threshold-logic activation function or
binary activation function [cf. Fig. 12(c)].

in the case of the linear activation function[cf. Fig. 2(b)]. the output y is
given by

φL(x) = x
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where φL is the linear activation function[cf. Fig. 2(c)] defined by φL(x) = x
with x =

∑n
i=1 ωixi − θ

we introduced special functions that are essential for construction. First,
however, we give the representation employed to represent the elements of
input array X.

With a view to making the neural models proposed in this paper adaptable
and to then facilitate their incorporation into digital calculators, we will employ
the coding used in the majority of present-day computers to represent the
elements of input array X.

Let Xi be an element of the input array X(i = 1, 2, ..., N) each element Xi

of X is represented in a single way by the triplet(SXi
, MXi

, EXi
), as follows:

Xi = SXi
MXi

2EXi

where

• SXi
designating the sign of Xi is coded on 1 bit (SXi

= 0 if Xi is positive
or zero, and SXi

= 1 otherwise);

• MXi
designating the mantissa normalized to m digits is coded on m bits

(MXi
is a real number: (1/2)≤ MXi

< 1);

• EXi
designating the exponent is coded on p bits (EXi

is a positive, neg-
ative, or zero integer)

the mantissa normalized to m digits MXi
is represented in binary base 2 by

MXi
=

n∑
i=1

M j
Xi

2EXi

where M j
Xi

(j = 1, 2, ..., m) are the digits of mantissa MXi
in base 2. M j

Xi
∈ 0, 1

for 1 ≤ j ≤ m and 1 ≤ i ≤ N . Agreeing that (1/2) ≤ MXi
implies M1

Xi
verifies

M1
Xi

�= 0, i.e., M1
Xi

= 1.
The exponent EXi

is coded in the form ”arithmetic complemented to 2”

EXi
=

p−2∑
j=1

Ej
Xi

− SEXi
2p−1

where SEXi
is the sign bit of EXi

(SEXi
= 0 if EXi

is positive or zero, and

SEXi
= 1 otherwise). and Ej

Xi
∈ 0, 1 for 0 ≤ j ≤ p − 2 and 1 ≤ i ≤ N .



1424 A. Badi, K. Akodadi, M. Mestari and A. Namir

the exponent EXi
, may be calculated by a single neuron.

we can then represent any element Xi of the input array X as a (m+p+1)
bit binary number, as follows:

Xi ≡ (SXi
, M1

Xi
, M2

Xi
, ..., Mm

Xi
, SEXi

, E0
Xi

, E1
Xi

, ..., Ep−2
Xi

) (1)

Figure 3: Neural network enabling calculation of exponent EXi
(1 ≤ i ≤ N)

let M̂Xi
be the integer associated with MXi

(i = 1, 2, ..., N) according to the
formula M̂Xi

= 2mMXi
=

∑m
j=1 M j

Xi
2m−j

Figure 4: Neural network enabling calculation of M̂Xi
(1 ≤ i ≤ N) according

to relationship

Definition 1. Let Xi and Xq be two elements of the input array X. The
comparison function of Xi and Xq is defined as follows.
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if SXq �= 1 and SXi
�= 1 (i.e. Xq and Xi are not simultaneously negative):

for i < q, comp(Xi, Xq) =

{
1, if Xq ≥ Xi;
0, if Xq < Xi.

and

for i > q, comp(Xi, Xq) =

{
1, if Xq > Xi;
0, if Xq ≤ Xi.

if SXq �= 0 and SXi
�= 0 (i.e. Xq and Xi are not simultaneously positive):

for i < q, comp(Xi, Xq) =

{
1, if Xq > Xi;
0, if Xq ≤ Xi.

and

for i > q, comp(Xi, Xq) =

{
1, if Xq ≥ Xi;
0, if Xq < Xi.

Definition 2. Let Xq be an element of the input array X. The order in the
input array X of Xq is defined as

ord(Xq,X) =
∑

i<q comp(Xi, Xq) +
∑

i>q comp(Xi, Xq) + 1

Definition 3. Let Xk denote the kth largest element of the input array X. Let
Xq be an element of the input array X.then

Xq = X(k) iff ord(Xq,X) = k

the task of finding the kth largest element of the input array X can be done
in two phases.

1. Compute the order in the input array X of any element Xq(q = 1, 2, ..., N).

2. Select and transfer to output the element of the input array X corre-
sponding to the order k desired or chosen by decision-markers(designers).

Note that the operation in either of these two phases can be performed in
parallel. this is why it is possible to achieve high processing speed by utilizing
the massive parallelism of neural networks.
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Let | Xi | denote the absolute value of Xi; | Xi | is represented by given
couple (MXi

, EXi
) as follows:

Xi = MXi
2EXi

| Xi | can be represented as an (m+p) bit binary number

| Xi |≡ (M1
Xi

, M2
Xi

, ..., Mm
Xi

, SEXi
, E0

Xi
, E1

Xi
, ..., Ep−2

Xi
)

Definition 4. Let | Xi | and | Xq | be the absolute value of Xi and Xq,
respectively; we say that | Xq |>| Xi | if and only if

1. EXq > EXi
or

2. EXq = EXi
and M̂Xq > M̂Xi

Definition 5. Let | Xi | and | Xq | be the absolute value of Xi and Xq,
respectively. Then

comp(| Xi |, | Xq |) =

{
S1, if i < q ;
S2, if i > q .

where

S1 = φT [φT (EXq − EXi
− 1) − φT (EXi

− EXq − 1) + φT (−φT (EXq − EXi
− 1)−

φT (EXi
− EXq − 1) + φT (M̂Xq − M̂Xi

− 1) − 1) − φT (−φT (EXq − EXi
− 1)−

φT (EXi
− EXq − 1) + φT (M̂Xi

− M̂Xq − 1) − 1) + φT (φT (−φT (M̂Xq − M̂Xi
− 1)−

φT (M̂Xi
− M̂Xq − 1)) − φT (EXq − EXi

− 1) − φT (EXi
− EXq − 1) − 1)]

S2 = φT [φT (EXq − EXi
− 1) − φT (EXi

− EXq − 1) + φT (−φT (EXq − EXi
− 1)−

φT (EXi
− EXq − 1) + φT (M̂Xq − M̂Xi

− 1) − 1) − φT (−φT (EXq − EXi
− 1)−

φT (EXi
− EXq − 1) + φT (M̂Xi

− M̂Xq − 1) − 1) − 1)]

Definition 6. Let | Xi | and | Xq | be the absolute value of Xi and Xq,
respectively; we say that | Xq |>| Xi | if and only if
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1. SXq = 0 and SXq = 1 or

2. SXq = 0 and SXq = 0 and | Xq |>| Xi | or

3. SXq = 1 and SXi
= 1 and | Xq |<| Xi |

Definition 7. Let | Xi | and | Xq | be the absolute value of Xi and Xq,
respectively. then

comp(Xi, Xq) = φT (−SXq − SXi
+ comp(| Xi |, | Xq |) − 1) +

φT (SXq + SXi
− comp(| Xi |, | Xq |) − 2) + φT (−SXq + SXi

− 1)
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Figure 5: Neural network, for computing the function comparison

Figure 6: Comparison network of Xi and Xq, CN(i,q), where AVCN is the
network depicted
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The function of the order network ONq(1 ≤ q ≤ N), is to compute the order
in the input array X of each element Xq and is made up of(N-1) comparison
networks, CN(i, q)i ∈ {1, 2, ..., N} − {q}.

Figure 7: Order network of ONq(1 ≤ q ≤ N), where CNi,q, i ∈ {1, 2, ..., N} −
{q} is the network depicted

The function of the selection network is to select from among the elements
of input array X the element corresponding to the order fixed by the ad-
justment input and to transfer it to output. This network is composed of N
equality network(ENs) and a detection network(DN):

1. Equality Network: The EN determines whether the order of an element
is equal or not to a given number k. The number k(1 ≤ k ≤ N) is fixed
via the adjustment input Ak, according to the formula

k =

n−1∑
q=0

aq
(k)2

q (2)

where a0
(k), a

1
(k), ..., a

n−1
(k) is the word of command allowing choice of the

order of the element to be sent to output. aq
(k) ∈ {0, 1} for 0 ≤ q ≤ n− 1

and 1 ≤ k ≤ N

The function computed by the EN is defined as

eq[ord(Xi, X), k] =

{
0, if ord(Xi,X) = k
1, otherwise.
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Figure 8: Order network of ONq(1 ≤ q ≤ N), where CNi,q, i ∈ {1, 2, ..., N} −
{q} is the network depicted

Proposition 1.

eq[ord(Xi, X), k] = φT (φT (ord(Xi, X) − k − 1) + φT (k − ord(Xi, X) − 1) − 1)

for 1 ≤ i ≤ N and 1 ≤ k ≤ N

2. Detection Network: The function of the DN is to detect and send to
output the kth largest element Xk of input array X.

Proposition 2. Let the equation at the bottom of the page [relationship(1)] be
the kth largest element of input array X. Then

SX(k)
= f(SX1, SX2 , ..., SXN

) (3)

M j
X(k)

= f(M j
X1

, M j
X2

, ..., M j
XN

), for 1 ≤ j ≤ m (4)

SEX(k)
= f(SEX1

, SEX2
, ..., SEXN

) (5)

Eq
X(k)

= f(Eq
X1

, Eq
X2

, ..., Eq
XN

), for 0 ≤ q ≤ p − 2 (6)

where

f(b1, b2, ..., bN) = φT (
∑N

i=1 φT (bi − eq[ord(Xi, X), k] − 1) − 1)

with

bi = (SXi
or M j

Xi
(= 1, 2, ..., m) or SEXi

or EXi
(q = 0, 1, ..., p − 2))

for i = 1, 2, ..., N.

Function (30)-(33) are computed by the network by the diagram:
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Figure 9: Detection network DN

The selection network SN transfers only the appropriate element whose
order equals k to the output:

Figure 10: Selection network DN
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Figure 11: Adjustable order statistic filter OSF, where (a0
(k), ..., a

j
(k), ..., a

n−1
(k) )

is the word of the command given by the relationship (2)

The OSF is shown in Fig.10, where the adjustment input Ak determines
which order statistic is to appear at the output. The network illustrated in
Fig.10 consists of two kinds of neurons arranged in 11 layers. The number
of neurons in OSF for input size N is 14N2 + (m + p − 9)N + m + p + 2.
There are 11 layers of neurons in the OSF, thus the processing time is 11
times the processing time of a single neuron. As the number of elements of
the input array increases, only the number of neurons in each layer increases,
not the number of layers themselves. Therefore, OSF’s total processing time
remains constant irrespective of the number of element in the input array.
This contrasts with conventional hardware implementation of order statistic
filters,where the processing time increases along with the number of elements.
The claim that the processing speed of OSF is independent of its input size
does not take into account limitations in the hardware implementation. It is
based on the assumption that the processing time of a neuron is independent
of its input size. This assumption, however, is not true in analog circuits.
For instance, as the number of inputs to a neuron increases, the capacitances
of the wires that connect these inputs will increase, causing the settling time
to the required accuracy to increase. Therefore, the processing speed of the
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OSF to some extent depends on the input size. Even with these limitations,
however, the processing speed of the OSF will still be high enough to have the
advantage of speed.
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Figure 12: (a) Sorting network made up of N OSF networks in parallel whose
common module ”order networks” has been merged (b)Sorting network made
up of N separate OSF networks in parallel. (c)Sequential sorting network made
up of a single OSF network
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4.2 Simulation and MATLAB

Figure 13: Home Page For Simulation Simulink
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Figure 14: ONSN Simulation Simulink

Figure 15: Calculate of Ex and Mx For Simulation Simulink
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Figure 16: Order Network Xq For Simulation Simulink

Figure 17: Compare and equal Network For Simulation Simulink
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Figure 18: Compare Network For Simulation Simulink

Figure 19: Neuron For Simulation Simulink
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Figure 20: K Packet For Simulation Simulink
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Figure 21: Neural Network For Simulation Simulink

Figure 22: OUTPUT For Simulation Simulink
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Packet Ex/Mx Ex and Mx (Binary)
”1” 14/2 0 1 1 1 0 0 1 0 0 0 1 0 0 1 0 0
”2” 1/14 1 0 0 0 1 1 1 0 0 1 0 0 1 0 1 0
”3” 12/13 0 0 1 1 1 1 0 1 0 0 0 0 1 1 0 1
”4” 0/14 0 0 0 0 1 1 1 0 1 1 1 0 0 0 1 0
”5” 3/15 1 1 0 0 1 1 1 1 1 0 1 1 0 0 1 0

TABLE 1: Initial state: t = 0, N=5, C=3, 1 column, and STEP-SIZE= τ .

Packet Ex/Mx Ex and Mx (Binary)
”5” 3/15 1 1 0 0 1 1 1 1 1 0 1 1 0 0 1 0
”2” 1/14 1 0 0 0 1 1 1 0 0 1 0 0 1 0 1 0
”4” 0/14 0 0 0 0 1 1 1 0 1 1 1 0 0 0 1 0

TABLE 2: Final state: t=11τ , N=5, C=3, 1 column, and STEP-SIZE= τ .

From the simulation results presented above, we can deduce the following
conclusions concerning the criteria required in OSF:

• 1- Results obtained 100%.

• 2- Hardware implementation introduces no error.

• 3- The results are computed in a fixed time, independently of the number
of input, output and the value of C.

• 4- The OSF is modular, so we can make extension, without changing the
computing time (fixed).

5 Conclusion

We have demonstrate that the contention controller based on the OSF neu-
ral network can be used for real time computation of a no blocking switching
configuration for a packet switch with a speed up factor C. With the approach
employed here for the conception of OSF, 100% accurate results may be ob-
tained, knowing that the hardware implementation introduces no error. For
many engineering applications such a high level of accuracy is required. Unfor-
tunately this level of accuracy is hard to achieve by using the learning approach
even under the assumption of error-free hardware implementation. Unlike A
Neural-Network Contention Controller for Packet Switching Networks [8], the
OSF neural network processed in a fixed time

OSF has very simple configuration, which makes it less subject to the
problem caused poor absolute accuracy in setting up values of the connection
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weights. In OSF the connection weights between the neurons are all fixed and
most of them are just +1 or -1; they can be set simply by connecting the
input to the neuron or by inverting the input before the connection. As well
as this, the problem due to saturation characteristics of the amplifiers used
in implementing the linear and the quasi-linear neurons does not limit OSF
performance as in most practical applications the input to OSF can be easily
scaled to fit in the linear range of the amplifiers.

The compatibility of the OSF network with the approach taken to resolve
the output contention as described in section II.2, makes it possible to im-
plement a wide variety of service selection policies, unlike the Batcher sorting
network [18] and the knockout contention controller [76]. The OSF neural
network allows for a wide variety of service selection policies to be used, for
example; random order, longest queue, FIFO, or priority service selection. This
is important in the voice and video will be clearly delay sensitive compared
with data type services. It is therefore necessary for the contention controller
to implement a priority service selection policy to support such services.

The significance of the proposed OSF neural network contention controller
is that it does not suffer the packet loss as compared with other techniques such
as Hopfield neural network and the winner-take-all circuits with overlapping
and bypass input queuing. The preservation of the FIFO input sequence is
a superior property of our network and minimize the complexity of network
implementation.

The OSF neural network contention controller proposed here would play a
major development optical packet switching, all optical networks, MPLS.
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