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Abstract 

Rearrangement of channels once a subscriber leaves 
a wireless communication system, called channel 
packing, is one of many ways to increase the ca-
pacity of it. A channel packing algorithm is pro-
posed and is implemented on a feedback neural net-
work. Results based on simulation from two differ-
ent wireless systems indicate that there is an im-
provement in capacity when channel packing is ex-
ercised. 

1 Introduction 

The number of subscribers accessing wireless com-
munication services throughout the world is grow-
ing exponentially (Fig. I) . Given that the spectrum 
allocated for such services is unlikely to increase 
(analogue cellular telephone services are set at 825-
845 MHz and 870-890 MHz in Australia) the prin-
cipal considerartion now is whether accommoda-
tion of extra customers will result in the sacrifice 
of the quality of services. 

To boost the servicing capacity of wireless 
networks, several solutions have been proposed: 
cell splitting, frequency hopping, reuse partition-
ing, efficient channel coding, directional antennas, 
spread-spectrum techniques are some that have 
been implemented. Another employable solution 
is known as Dynamic Channel Assignment (DCA). 
DCA seeks to improve system capacity by effi-
ciently assigning channels to incoming service re-
quests. A channel can be a single frequency band 
in an analogue system ( eg. AMPS) or a single 
time slot in a digital system ( eg. GSM). Find-
ing such efficient methods of allocating channels 
on a subscriber-by-subscriber basis is called the 
channel assignment problem. DCA is now applied 
in the Digital Enhanced Cordless Telecommunica-
tion System (DECT) and the Japanese Personal 
Handyphone System (PHS). DCA is also currently 
incorporated into GSM and will be supported by 
Digital AMPS in the near future. 

As it happens, some of the efficiency gains made 
in having a DCA algorithm is lost when subscribers 

finish using a service and the system has to de-
allocate those channels that were assigned to them. 
The system has no control over the channels that 
get de-allocated as service completions happen one 
by one; that depends on the subscribers entirely. 
However , it turns out that if some of them are 
switched from their allocated channels to newly 
de-allocated channels, then there is room for im-
provement in system capacity. This procedure of 
a series of channel swaps is called Channel Pack-
ing (CP) and a method that describes how it is 
to be done is a channel packing algorithm. While 
channel assignment algorithms seek to maximize 
capacity after the arrival of each customer into the 
system, channel packing algorithms seek to maxi-
mize capacity after the departure of each customer 
from the system. 

The channel assignment problem has been ex-
tensively studied [2], [3], [5]. Not so with the 
channel packing problem. This is because cur-
rent macro-cellular systems ( eg. AMPS, GSM) 
are founded on non-adaptive methods of assigning 
channels which are collectively called Fixed Chan-
nel Assignment (FCA) schemes. In FCA schemes, 
channel packing delivers no benefit. However, in 
micro-cellular systems ( eg. DECT, PHS) where 
DCA schemes are used, channel packing does in-
crease capacity and consequently the grade of ser-
vices to customers goes up with it. 

Channel packing has not been high on the 
"must-do" list because even simple CP algorithms 
take up valuable time to run on-line. Given that 
call connection delays should be kept insignificant 
in a real-time application such as the management 
of cellular systems, diverting resources to accom-
plish channel packing is not economical. 

If this can be done without hampering the per-
formance of the system in any way and done 
quickly enough, then it might be worthwhile after 
all. That is where artificial neural networks (NNs) 
appear. The motivation for using them to do chan-
nel packing stems from their proven inherent prop-
erties: learning and parallel processing capabili-
ties. The expectation is that NN based packing 
algorithms will be as just as effective as their con-
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Figure 1: Growth of wireless services subscribers 

ventional counterparts, but much faster and thus 
more economical. In this paper, we demonstrate 
that this expectation is valid. Firstly, we describe 
a DCA algorithm, MaxAvail [6], upon which our 
proposed channel packing in loosely based. Then, 
the CP algorithm is transformed into a quadratic 
optimization problem and the resulting Liapunov 
function serves as the energy function of a Hopfield 
neural network (HNN). This neural model is later 
employed on-line in two micro-cellular systems and 
its performance rated according to a pre-defined 
performance index. 

2 The MaxA vail Algorithm 

In DCA methods in general, channels are not dis-
tributed to cells in advance. On the contrary, all 
channels that are in the system collectively form a 
'pool'. From this set, channels are assigned, one at 
a time. Any channel can be assigned to a call in 
any cell as long as the interference conditions are 
not violated. Interference conditions are handled 
by the concept of reuse groups. A reuse group typ-
ically comprises a cell and its six neighbours. A 
channel that is in use in the central cell cannot be 
used in the surrounding six cells. 

The cell within which a call arrives or a call 
departs will be the call-cell. Handovers can be 
thought of as call departure in one cell and call 
arrival in another. 

Generally, any channel (in any cell) that is car-
rying a call is said to be busy. All other channels 
are free. However, all free channels cannot be as-
signed to incoming calls. For instance, two new 
callers from two cells, each falling into the other's 
re-use group, cannot be given two free channels of 
the same frequency band as that would breach the 
interference constraint. Any free channel that can 
be assigned without violating the interference con-
straints is an available channel. All busy channels, 
of course, are unavail~ble~ Not all free channels are 
available, though all available channels are neces-
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Figure 2: The MaxAvail Algorithm 

sarily free. 
In MaxA vail, of all the channels that are avail-

able in the call-cell, the one that still leaves the 
maximum number of channels available for future 
assignments in the entire system is allocated to the 
incoming call. This is handled by computing the 
System-wide Channel Availability (SCA), defined 
as: 

SCA(i) = 2:: No. of available channels in one cell 
all cell& 

for each available channel i in the call-cell. The 
channel that maximizes the SCA is the output of 
the Maxavail algorithm. If two or more channels 
give the same maximum, then any one of them 
can be assigned. In the absence of any available 
channels in the call-cell, that call is blocked and 
cleared. It can be proved (10] that the channel 
that maximizes the SCA is also the channel that 
is busy in the most number of outer cells. Outer 
cells are the ring of cells surrounding the call-cell's 
reuse group. The MaxAvail algorithm, shown as 
a flow diagram in Fig.2, is best explained through 
an example. 

#1 #2 #3 #4 #5 #6 
cell 1 1 0 1 0 1 0 
cell 2 0 1 0 0 0 0 
cell 3 0 0 0 0 0 0 
cell 4 1 1 0 0 1 0 
cell 5 1 0 1 1 0 1 
cell 6 1 0 0 1 0 0 
cell 7 1 1 0 1 0 0 
cell 8 1 0 1 0 0 1 

Table 1. The state of a system 

Consider an (imaginary) cellular system where 
cells 2 and 3 are in cell 1 's reuse group and cells 
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4-8 are outer cells to it. The system has 6 channels 
in total. Table 1 captures the state of the system 
at some moment in time. Channels #1, #3, and 
#5 are busy in cell 1, channel #2 is busy in cell 2, 
and so on. There is a subscriber requesting a call 
connection in cell 1. Which channel sho.uld be as-
signed to him according to MaxAvail? Obviously, 
none of #1, #3, or #5 as they are all busy. Not 
even #2, as it is unavailable to cell 1. The only 
available channels are, then, #4 and #6. The for-
mer is in use in three of the outer cells while the 
latter is in use in just two outer cells. Since Max-
A vail picks the available channel that is busy in 
the most number of outer cells, the choice would 
be #4. Thereafter, for the duration of the latest 
call, #4 is busy in cell 1 and free but unavailable 
in cells 2, 3. 

3 The Channel Packing Algorithm 

Our proposed algorithm borrows the idea of 
system-wide channel availability that is present in 
MaxA vail. It seeks to maximize the SCA after call 
departures (and handoffs out of a cell). 

• For each busy channel i in the call-cell, com-
pute system-wide channel availability, SCA(i). 

• Find the busy channel i* which minimizes this 
sum. ie. SCA(i*) ~ SCA(i), where i is an 
element in the set of all busy channels in the 
call-cell. 

• For each available channel j in the call-
cell, compute system-wide channel availability 
SCA(j). 

• Find the available channel j* which maximizes 
this sum. SCA(j*) 2: SCA(j), where j is an 
element in the set of all available channels in 
the call-cell. 

• If SCA(r) > SCA(i*), then switch call-in-
progress on channel i* to channel j* . Oth-
erwise do nothing. 

• Repeat steps 1 to 5 until SCA(j*) ~ SCA( i*). 

The CP algorithm, too, is best illustrated 
through an example. Instead of a new call request 
in cell 1, let us say there is a call departure in it; a 
subscriber in cell 1 completes a call and as a result 
channel #1 is now free. In that cell, as #5 is busy 
in just one outer cell (#3 is busy in two outer cells) 
the call carried by it is transferred on to #1. This 
tranferral is what is called channel packing. Now, 
#5 is free while #1 is (again) busy. One may won-
der why bother packing channels when the next 
call request in cell 1 can be given #1 straight away, 
and all would be well. All would not be well, be-
cause the chances are that the next call request 
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is somewhere else and then #1 could become un-
available in cell 1. (Of course, if the call departure 
had been on #5 to begin with, then no packing is 
required). Note also that the last step in the CP 
algorithm is redundant if packing is done after ev-
ery single call departure from the system; the most 
number of channels that can be rearranged is just 
one. In this case, it will be noted that a busy chan-
nel will be packed, if at all, onto the channel that 
has just become available. 

Sometimes, however, it is prudent to pack chan-
nels periodically and not necessarily after each call 
departure. The last step in the CP algorithm pro-
vides for multiple packings at a time. For instance, 
in our example, after #5 is packed onto #1, #3 
can be packed onto #4. We do not consider the 
scenario of bulk packing here. 

4 The Hopfield Neural Network 

What the HNN ought to do is two-fold: it has to 
pick the channel that has to be transferred to the 
newly freed (or de-allocated) channel ifthis will in-
crease the SCA immediately. If not, it should not 
pick any channel at all. The former specification 
is satisfied when one of the neurons with a 'high' 
input (denoting busy channels in the call-cell) goes 
'low' if the neuron that has changed state is made 
to correspond to the channel that is busy in the 
least number of outer cells; ie. it should be the 
global minimum of a suitably defined energy func-
tion. If the channel that is newly freed of a call 
is different to the channel that globally minimizes 
the energy function then the swapping of channels 
is carried out. Otherwise none is necessary. 

Given all of the above observations, the energy 
fumt.ion for the HNN which implements channel 
packing can be formulated: 

n m n m+l 

EN(V) = A L:<vli I: Vj;) + B L:<vli E VJ";) 
i=l j=2 i=l j=m+l 

n 

+C(E V1;- N) 2 (1) 
i=l 

Hert', 
~ Ji = neuron output of channel i in cell j 
n = number of channels in the cellular system 
111 = number of cells in a re-use group 
I = number of outer cells 
N = number of calls in progress in the call-cell 

When all the interference criteria are satisfied, 
the first term of eq.1 is minimized to zero. The sec-
ond term is minimized when the neuron that repre-
sents the channel that is busy in the least number 
of outer cells changes state from 'high' to 'low'. 
Therefore, minimizing the first term alone means 
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Figure 3: HNN for the CP algorithm. Dashed lines 
denote single connections. Continuous lines denote 
n parallel connections 

choosing a busy channel in the call-cell, while mini-
mizing the first and the second terms means choos-
ing the busy channel that minimizes the SCA. The 
third term is a quantity that is minimized ( = 0) 
only when the number of 'high' outputs in the out-
put vector of the HNN equals the number of calls in 
progress in the call-cell. This extra term is crucial; 
it tells the HNN to change the state of one neuron 
and not two or more. The three parts have to be 
properly weighted so that the global minimum is 
the same as the CP algorithm's option. The selec-
tion of the constants A, B and C is similar to that 
of in [10]. 

A schematic diagram of this modified HNN is 
shown in Fig.3. We see that only n neurons are 
needed when there are n channels in the cellular 
system. They are all unipolar, continuous neu-
rons. Unipolar, because eq.1 requires that 'low' 
outputs be zero. Continuous, because convergence 
is smoother. The transfer function for each neuron 
IS: 

1 
f(x) = 1 + e-u:c 

where u is a learning constant and xis the weighte.d 
sum of all the inputs. Convergence is via a fixed 
number of random, asynchronous updates. Just 
before the start of the first iteration, neurons with 
a 'low' input are locked. They do not participate in 
any iterations. These represent channels that are 
free in the call-cell (both available and unavailable) 
and since the search for the channel to be packed 
is confined to the busy channels only, neurons rep-
resenting free channels can be safely locked away. 
(Neurons that go 'low' during convergence are not 
locked; only the ones that were 'low' to begin with 
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are locked). At the end of all the iterations, the 
input and the output vectors are compared. If the 
Hamming distance between them is exactly one, 
then the neuron that went from 'high ' to 'low' indi-
cates the channel that carries the call that is to be 
transferred. If the Hamming distance is zero, then 
no packing is warranted. If the distance is more 
than one (two or more neurons changing state) 
then we have an unsuccessful convergence as the 
HNN has settled into a local minima. 

The notoriety of Hop field neutworks to converge 
to a local minima is well known [4], [7]. Various 
heuristics have been successfully suggested in the 
literature to overcome this contingency. But, they 
are all problem specific. A somewhat universal and 
superior heuristic, known as Simulated Annealing 
is not considered here. The reason is that such a 
refinement involves the periodic calculation of the 
energy function in real-time, a task which cannot 
be incorporated into a hardware design. Instead, 
a simple rule-of-thumb, 

After every iteration, any one neuron that 
is not locked and 'low' can spontaneously 
change its state to 'high ' with probability 
pE(O,l), 

was found to be adequate. Some heuristic is neces-
sary while convergence is in progress as the HNN 
was prone to fall into local minima that have more 
than the required number of 'O's in them. 

5 Simulation 

All call arrivals are taken from a Poisson distri-
bution with a mean rate of A Erlangs per cell. 
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Besides, they are also spatially homogeneous so 
that all cells experience the same traffic density. 
Call holding times are taken from a negative expo-
nential distribution that has a mean of unit tiine. 
Therefore, the departure rate is proportional to 
the number of calls in progress in the system. No 
queues are used; all failed requests for access are 
cleared. 

The performance of a NN based packing algo-
rithm at a particular traffic load is measured by 
the New Call Blocking Probability (BN) which is 
defined as: 

BN = number of blocked calls in a cell 
number of call attempts to that cell 

One simulation (see Fig.4) consists of a fixed 
number of 'events' at a certain offered traffic load. 
An event can be either an arrival or a departure. 
(Lack of writing space dictates that handoffs are 
not to be considered here. Handoffs are incor-
porable as a third type of event. However, their 
absence does not change the conclusions that are 
drawn here). If an event is an arrival, then a cell 
is randomly chosen as the call-cell and a channel 
assignment is sought within it. If the event is a 
departure, then a cell is chosen with a probability 
that is proportional to the number of calls in it. 
From this cell, a call in progress is randomly cho-
sen and cleared. After each call departure, channel 
packing is sought via the HNN and carried out if 
it finds one necessary. 

The performances of HNN based algorithms are 
now evaluated in two different platforms: The 25 
cell, 45 channel system and the 49 cell, 105 channel 
system (see [9]). 

6 Application to a 25 cell system 

All45 channels in this system form a 'pool'. There 
are no channel group restrictions as in [1]. Call-
cells have the freedom to assign any channel from 
the pool according to the Maxavail algorithm. The 
new call blocking probabilities, with CP and with-
out CP, are graphed against offerred traffic for dif-
ferent NNs in Fig.5. 

It is seen that there is an improvement -
marginal, though it may be - in having channel 
packing in a system. Why is the difference be-
tween the two curves not greater? Channel packing 
increases capacity in the very short-term. Gains 
made in the short-term are not generally held on 
in the long-term when call arrivals, departures, and 
handoffs are all known to be stochastic processes. 
If future traffic patterns are predictable, then the 
discrepancy between the curves would be greater, 
but we do not assume that the flow of traffic is 
known before hand. Not all the extra efficiency 
squeezed out of CP algorithms is eventually wasted 
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Figure 6: Blocking probabilities vs. Offerred traffic 

as there is a difference between the two curves. 
When capacity increases from other avenues bring 
diminishing returns, the marginal increases bought 
through channel packing algorithms would become 
important in future cellular systems. 

1 Application to a 49 cell system 

The previous system can be viewed as a standard 
platform on which NN based schemes are tested 
and their performances rated. However, it is the 
49 cell system, that is current in some systems and 
is proposed for future ones. It boasts a larger reuse 
group consisting of a cell and its 18 neighbours. 
The size of this system and the resulting complex-
ity that it implies make it a good proving ground 
for any NN based packing schemes. Fig.6 ampli-
fies what has already been discussed about CP, but 
from the standpoint of a more realistic system. 

8 Conclusion 

The performance of a Hopfield neural network to 
dynamically pack channels in a cellular mobile 
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communication system was studied. The CP al~ 
gorithm was first transformed into a problem of 
minimizing an energy function. This allows a 
HNN, suitable for finding solutions to optimization 
problems, to be introduced with few modifications. 
Simulation results yield that when.new call block-
ing probabilities are compared, there are gains to 
be made by having channel packing in both cellular 
systems. Such marginal improvements, routinely 
sought in network management, could outweigh 
the extra cost in infrastructure. So far, channel 
packing was not viable as the time it took to do 
that could be better spent on other aspects of net-
work optimization. But, the introduction of neural 
networks- which can converge to a solution in the 
order of nanoseconds - has made it possible not to 
trade-off performance for speed. We have demon-
strated that the HNN can pack channels yield-
ing a slight increase in capacity if the meCJ,n new 
call blocking probability is taken as a performance 
measure. 

References 

[1] Chee-Kit Looi, Neural network methods in 
combinatorial optimization, Computers Ops. 
Res., Vol. 19, No. 3/4, pp. 191-208, 1992. 

[2] M.Duque-Anton, D.Kunz, and B.Ruber, 
Channel assignment for cellular radio using 
simulated annealing ; IEEE Transactions on 
Vehicular Techn~logy, Vol. 42, pp. 14-21, Feb 
1993. 

[3] N.Funabaki and Y.Takefuji, A neural net-
work parallel algorithm for channel assign-
ment problems in cellular radio networks , 
IEEE Transactions on Vehicular Technology, 
Vol. 41, pp. 430-436, Nov 1992. 

[4] J.J.Hopfield and D.W.Tank, Neural computa-
tion of decisions in optimization problems ·, 
Biological Cybernatics, Vol. 52, pp. 141-152, 
1985. 

(5] D.Kunz, Channel assignment for cellular ra-
dio using neural networks, IEEE Transactionl! 
on Vehicular Technology, Vol. 40, pp.188-193, 
Feb 1991. 

[6] K.N .Sivarajan, R.J .McEliece, and 
J .W.Ketchum, Channel assignment in cellular 
radio , in Pro c. of the 39th Vehicular Technol-
ogy Conference, pp. 846-850, May 1989. 

[7] K.A.Smith, Solving combinatorial optimiza-
tion problems using neural networks, PhD dis-
sertation, The University of Melbourne, Vic-
toria, Australia, March 1996. 

Australian Journal of Intelligent Information Processing Systems 

23 

[8] Y.Takefuji and K.C.Lee, An artificial hystere-
sis binary neuron: a model suppressing the 
oscillatory behaviours of neural dynamics, Bi-
ological Cybern., vol. 64, pp. 353-356, 1991. 

[9] D.Tissainayagam, D.Everitt, and M.Palani-
swami, Hopfield neural network approach to 
limited channel rearrangement in cellular mo-
bile radio systems, Proc. of Aust. Telecomm. 
Networks & Appl. Conf {ATNAC'96}, vol. 1, 
pp. 321-326, Melbourne, Australia, Dec 1996. 

[10] D.Tissainayagam, D.Everitt, and M.Palani-
swami, A Neural Network driven solution to a 
problem in. wireless telephony, Proc. of IEEE 
International Conference in Neural Networks, 
vol. 1, pp. 133-137, Houston, USA,June 1997. 

Autumn 1998 




