
PROCEEDINGS OF SPIE

SPIEDigitalLibrary.org/conference-proceedings-of-spie

Application of neural networks to
channel assignment for cellular
CDMA networks with multiple
services and mobile base stations
William S. Hortos

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 9/25/2017 Terms of Use: https://spiedigitallibrary.spie.org/ss/TermsOfUse.aspx



Application of Neural Networks to Channel Assignment for Cellular CDMA Networks with Multiple Services and
Mobile Base Stations

William S. Hortos

Florida Institute of Technology
Orlando Graduate Center

3165 McCrory Place, Suite 161
Orlando, Florida 32803

ABSTRACT

The use of artificial neural networks to the channel assignment problem for cellular code-division multiple access
(CDMA) telecommunications systems is considered. CDMA takes advantage of voice activity and spatial isolation because
its capacity is only interference limited, unlike time-division multiple access (TDMA) and frequency-division multiple
access (FDMA) where capacities are bandwidth limited. Any reduction in interference in CDMA translates linearly into
increased capacity. FDMA and TDMA use a frequency reuse pattern as a method to increase capacity, while CDMA reuses
the same frequency for all cells and gains a reuse efficiency by means of orthogonal codes. The latter method can improve
system capacity by factors offour to six over digital TDMA or FDMA.

Cellular carriers are planning to provide multiple communication services using CDMA in the next generation cellular
system infrastructure. The approach of this study is the use of neural network methods for automatic and local network
control, based on traffic behavior in specific cell cites and demand history. The goal is to address certain problems
associated with the management of mobile and personal communication services (PCS) in a cellular radio communications
environment.

In planning a cellular radio network, the operator assigns channels to the radio cells so that the probability of the
processed carrier-to-interference ratio, CII, exceeding a predefined value is sufficiently low. The RF propagation,
determined from the topography and infrastructure in the operating area, is used in conjunction with the densities of
expected communications traffic to formulate interference constraints. These constraints state which radio cells may use the
same code (channel) or adjacent channels at a time. The traffic loading and the number of service grades can also be used
to calculate the number of required channels (codes) for each cell. The general assignment problem is the task of assigning
the required number ofchannels to each cell such that these constraints are satisfied

This study applies and extends the Hopfield-Tank neural network models to the channel assignment problem for both
uniform and non-homogeneous cellular CDMA network topologies. These models are shown to be applicable to future
networks that provide multiple types of service, dynamic demand, and mobile base stations. The derived algorithms
minimize energy functions representing interference constraints and traffic demand based on local data at the cell sites.
The primary objectives of the approach are to increase the forward and reverse link capacities and to distribute selected
management tasks at the Mobile Teleconununications Switching Office (MTSO) to the cell sites. The structure of the
resulting neural network algorithms have the advantage of inherent parallelism and the potential for extension to a wide
range of interference criteria.

Two cases are considered. In the first case, traffic demands are uniform over the radio cells, while the radio cells are
assumed to be in a fixed hexagonal pattern. The second case corresponds to an urban cellular radio environment, where the
location of the radio cells are not homogeneous and the spatial distribution of traffic demand are non-uniform.

Keywords: Artificial neural networks, cellular radio, CDMA, personal communication services (PCS)
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1. iNTRODUCTION

The connectivity of wireless nodes is critical to the effective functioning of the network. For example, in a personal
communication services (PCS) network, it is required to locate a portable to establish the phone call, the operator has to
assign channels to radio cells in an code or spectral-efficient manner so that the probability of the signal-to-interference
ratio, S/I, exceeding a predefined threshold is sufficiently low. The RF propagation, calculated from the topography and
man-made infrastructure of the operating region, used in conjunction with the spatial density of the expected traffic,
determines the constraints for which radio cells may simulutaneously use the same channel or adjacent channels. The
traffic demands can also be used to determine the required number ofchannels for each radio cell.

The channel assignment problem consists ofthe task ofallocating the required number ofchannels to each cell such that
the above interference constraints are satisfied. In some network situations, additional technical constraints, such as, the
number of combiners and code spacing or distance on each of them have to be considered as well. Stated in its simplest
form. when only co-channel interference is taken into account, the channel assignment problem is known to be equivalent

to a graph coloring problem. Since this probem is NP-complete 1,2 an exact search for the best solution is practically
unachievable due to an exponentially increasing computation time. While algorithms have been proposed to solve this

problem
1-8

most of them are based on a sequential assignment of these channels according to a heuristic ranking
representing the local difficulty of the assignment problem. The inherently sequential nature of these methods is a
disadvantage, since there may be a problem if several local areas of computational intensity have to be treated in sequence
and the connection between them is too high to allow them to be treated in parallel.

However, algorithms for the solution of NP-complete optimization problems, such as, the traveling salesman problem,
have been proposed, based on the construction of a neural network 9-1 1

The idea to use neural networks for a cellular
. . 12 13 .

mobile radio (TDMA) system was first presented by Posner , and by Rauch for a packet radio network in 1985.

Other recent work by Mathar and Mattfeldt
14

deals with the channel assignment problem for cellular radio networks
with simulated annealing methods. Their applications focus on uniform network structures for TDMA and FDMA access

schemes. In 1991 Kunz 15
proposeci the first Hopfield neural network model for solving special case of the channel

assignment problem in cellular radio networks using frequency assignment. Kunz did not consider the adjacent channel
constraint and limited the co-site constraint on the minimum separation distance between any two frequencies assigned to a
radio cell I to 2. In addition, the Kunz neural network model uses a slow sigmoid function and a decay term in the motion

equation in the Hopfleld model, which slows the convergence of the neural network under some ns Moreover,
his model requires careful modification of the coefficients in the motion equation for each different application, and careful
gain control ofthe sigmoid function has to be provided in order to obtain valid solutions.

The present work seeks to overcome these limitations through use of a refined Hopfield neural network models that
robustly solve the channel assignment problem for cellular CDMA radio networks. Improvements to the model are
intended to ensure global as well as local convergence of the resulting channel assignment algorithms and to increase the
speed of convergence. Both the case of an idealized mobile radio network with stationary traffic and uniform topology and
the case of an non-homogeneous network derived from data for a typical urban area are separately considered. The
algorithm minimizes an energy or cost function that represents interference constraints and channel demands. One feature
of the resulting algorithm distinguishing it from previous channel assignment schemes is that an energy function results in
a soft optimal decision vice the hard decision of either allowing or forbidding the use of the same channel by two radio
channels (base stations, repeaters, etc.). Indeed, such a hard, go/no-go decision is unrealistic in practice, since it would be
based on a high degree of uncertainty and transient instabilities caused by radio propagation conditions and the changing
spatial distribution of traffic. Consequently, methods that account for gradual differences in interference probabilities lead
to an added margin of performance in the cellular radio network.
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2. NEURAL NETWORK MODELS

The code or channel assignment in this work is determined by a Hopfield-Tank neural network, the model for each

neuron in the network is taken from the work of Hopfield and Tank . The internal state of each neuron i given by a time-
dependent scalar u,(t); the state at equilibrium is assumed to be 0. The output of each neuron V1 is a fixed functionfof the
internal state, that is, V f(u1). In general, J the sigmoid function, may be selected from the set of continuous, bounded,
monotomc functions. Selectingfas the function

flu) /2 (1 + tanh(au)), x constant. (la)

allows interpretation a as the temperature or entropy of the system for which the energy is to be minimized. In the simplest
model, delays between the internal state and output are assumed neglible. A more robust selection is a simple saturation
characteristic in order to confine its argument between two values, namely, for o, and constants with o, <

( OCmü ifu< OCflth, lb
.! OLmax ifu>o, ( )

flu) ( otherwise.

The rate of change of the internal state of each neuron is given by the sum of the input from other neurons of the network
and from external sources, and of the negative ofthe internal state, that is, by the differential equation

du1(tIJ = wil':Xt) +Ij (t) — u(t). (2)
dt

where Wti represents the coupling weights between the internal state u1 and the output V ,and I, is the external input to
neuron I. Equation (2) says that u is given as a weighted sum of internal and external inputs, followed by a first-order
lowpass filter in the time domain. Ifwe let ? be the time constant, the solution to (2) takes the form

Ui(t) = f ( 'ivy r/;(t) + I,
(t))

et -t) dt. (3)

Further simplification is afforded by assumption that the weights w are symmetric, that is, W!j= W' , andthat the external
input to each neuron i is constant.

Under these assumptions, an energy function E is defined as

E = — 1 w V(t)fr(t) — J,(t) 171(t). (4)2 ,
Hopfield has shown in

II
that for a sufficiently large, E approximates a function E that decreases monotonically subject to

(2) and is bounded from below. Therefore, the neural system can be seen to converge to a stable state in which E is
sufficiently close to a global minimum.

The energy function E represents the distance between the current state of the neural network and the solution state of
the network. The function E is determined by considering all constraints in the given problem. The goal of the neural
network model for solving combinatorial optimization problems such as the channel assignment problem is to minimize the

energy.

The following generic procedure is used to solve the resulting discrete optimization problem:

1. A set of variables taking only the values 0 and 1 are defined. These represent possible solutions for the problem. A
variable is assigned to each neuron.

410 ISPIE Vol. 2760

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 9/25/2017 Terms of Use: https://spiedigitallibrary.spie.org/ss/TermsOfUse.aspx



2. The optimization criteria are used to construct an energy function E, as in (4).

3. From E the coupling weights w and the external inputs L are derived.

4. The differential equations describing the internal states of the neurons are solved, from an arbitrary initial state. The
parameter a is selected in (1) such that at equibilibnum, each neuron outputs a 0 or 1.

5. The result is interpreted in the context of the model.

3. CELLULAR CDMA NETWORK A1PLICATIONS

3.1 The Properties of Cellular CDMA Networks

CDMA is a multiple access scheme based on spread spectrum techniques. The access scheme may solve the near-term
capacity concern of major cellular radio markets in an economical and efficient manner. CDMA takes advantage of the
voice activity and spatial isolation because its capacity is only interference limited, unlike TDMA and FDMA capacities that
are bandwidth limited. Any reduction in interference in CDMA converts directly and linearly into increased capacity.
FDMA and TDMA use a frequency reuse pattern. the most widely used is a pattern of seven cells. The purpose of frequency
reuse is to attempt to increase system capacity. CDMA, on the other hand, reuses the same frequency for all cells and gains
a reuse efficiency by means of orthogonal codes. This increases the reuse frequency efficiency by a large percentage. To
achieve this performance many critical aspect ofthe CDMA system must be controlled.

The goal ofthe neural network approach is to address issues associated with the management of multiple services in the
mobile communication environment. As in earlier applications of this approach, the following development can be
extended to cellular communication systems using different signaling and multiplexing schemes. CDMA is simply a new
and important example of its application to the channel assignment problem.

Several approaches to estimate cellular CDMA capacity have been developed. One of the most instructive capacity
analyses is that developed by Gilhousen ci. a!.

17
This approach is used as reference in the following development.

Since CDMA is interference limited, any reduction in interference is converted directly into an increase in capacity.
Furthermore, since voice signals are intermittent with a duty factor of approximately 3/8, capacity can be increased by an
amount inversely proportional to this factor by suppressing transmission during the quiet period of each speaker. In a
similar manner, spatial isolation, through the use of directional antennas, that is, sectorization of the operating area,
reduces interference and provides a proportional increase in capacity.

3.2 Determination of Radio Capacity in a CDMA Networks

In a frequency-reuse system, such as a cellular radio network, the term "radio capacity" is used to measure traffic
capacity. The radio capacity in is defined by Lee

18
as

Min = 7 number of channels/cells (for uniform cells) (5)
or

Alin = numberof channels/sector (for sectored cells) (6)
where Al is the total number of frequency channels, r is the cell reuse factor, and S is the number of sectors. The reuse

factor r can be expressed as
19

- (DIR)2r (7)
D is the co-channel cell separation and R is the cell radius.
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In the case of a direct-sequence CDMA system, the broadband frequency channel can be reused in every adjacent cell, so
that r is close to 1. In a practical sense, D = 2R, i.e., all available frequencies can be used in each cell.

(DIR)2 —133
3

. -

Radio capacity is also based on (5). However, in direct-sequence (DS) CDMA, ris fixed but Al the total number of available
channels) is variable and depends on the level of interference. Using the network structure shown in Figure 1, the
interference comes from the home cell and the adjacent cells, all operating on the same frequency fi, the received carrier-to-
interference ratio is expressed as

where
is the energy per bit
is the interference per hertz (I
is the information rate
is the bandwidth per channel
is the processing gain, PG.

c = b & =
1 I B PG (8)

Figure 1. CDMA System and Its Interference

In DS-CDMA, since the processing gain PG> 1, received carrier C is always less than the interference I in (8) even when
there is only one active user. The processing gain is used to overcome I and establish the number of traffic channels that
can be created.

Given two sets of values for Eb /4 and Rb IB, we can find the corresponding values of C/I from (8). Then, from the
structure of Figure 1, the C/I at the mobile location A can be used to determine M, the total number of available channels,
considered a worst-case value. If we assume that the inteference level is much higher than the thermal noise level, then

C C
N+l > T

Assuming in a DS-CDMA system, B = 1.23 MHz and Rb = 9.6 kbps, then PGdB = lOlog10(1.23 MHz19.6 kbps) =21 dB.

In this system example, a voice quality is acceptable at a frame error rate (FER) of 102 which typically corresponds to
Eb110 7 dB. Given the values of PG and I4/J,C/I can be determined:
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C/I=7 -21 =-l4dBorO.03981

From this value of C/I, the number of traffic channels in each cell of Figure 1 can be obtained by

c/J =
a1(n1 — 1) . (R) + (a2m2 + O3!fl3) . (R)4 + • (2R) + • (2.63R)4

0.03981 =

own cell 2 adjacent cells 3 interim cells 6 distant cells

where
13 01.41114 + 0L51115 + c4,!fl6

.y =:aizi (9)

and m, and a, are the number oftraffic channels and the power level in radio cell i, respectively. Solving (9), one obtain

in • = 26. 1 — a2iii2 + O311l3 _ !L (2) — (2.63). (10)
a1 a1 a1

We consider two special cases.

Case 1. There is only a single radio cell. Then a =0 for / 1. Then from (10):

1111 I/C + 1 = 25.1 + 1 = 26.1 traffic channels/cell.

Case 2. All the radio cells have the same power and the same number of traffic channels, that is, ,n,= !n and a, =a in (9)
and (10). Substitution ofthese common variables into (10) and solving for in yields

26. 1 = in[3 + 3•(2) + 6.(2.633)]
then

in = 7.88 traffic channels/cell.

Both traffic channels appearing in Case 1 and Case 2 include the overhead channels for synchronization and setup, but
do not consider the voice activity cycle or sector-reuse factor used in real commercial systems.

For a frequency hopping system used as a CDMA system, the hopping pattern can be formed by a code sequence.
Frequency hopping has been used in the past to overcome intentionaijamming ii military applications. There are two types

of hopping —fast and slow. Slow frequency hopping (SFH) is defined as sending multiple bits on a single hop 20
Depending on an adversary's reaction time, the hopping rate is adjusted. Fast frequency hopping (FFH) is defined as
sending a bit on a pseudo-random pattern of frequency channels, then sending the next bit on different pseudo-random
pattern of frequency channels. The multiple frequency channels form a code for one bit. These frequency channels are sent
out simultaneously and sequentially. The bandwidth of the channel depends on the transmission bit rate. The scheme of
simultaneously sending out the same bit on different frequency channels requires a larger bandwidth. Thus, the situation is
another wideband CDMA. Sending bits over frequency channels is the conventional FH-CDMA system. Fast frequency
hopping (FFH) CDMA requires a larger bandwidth than the slow frequency hopping (SFH) CDMA, since in the former one
bit requires multiple frequency hopping channels to be sent out sequentially.

In a FH system there are two kinds of processing gain. One type is used to measure the power of defeating intentional
jamming signals. This processing gain is focused on minimizing collisions of two carriers occupying a frequency channels
at the same time. For example, if the desired signal has 1000 frequency channels to hop to avoid the jammer, the
processing gain is 30 dB. The processing gain against jamming is derived from (CfI)using (8)

14(C/J) = J x (B x N) (11)

where B is the bandwidth sending a Rb stream through a single channel and it is assumed that B =Rb, N is the number of
available frequency hopping channels. Each channel has the same bandwidth B, so that the processing gain is
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BxN
PG= =N.

Rb

From (1 1) one sees that FFH and SFH do not make any difference in achieving this type ofprocessing gain.

Another kind of processing gain is used to increase radio capacity. Its objective is to spread energy channels such that
the interference seen by each bit is near the minimum acceptable performance threshold. The carrier-to-interference ratio
(C/I)F of a frequency hopping system can be expressed as

Eb XRb E xR
(C/I)F= x(BxF) I x(BxF) (12)

where
Eb is the energy per bit
Rb is the information rate in bits per second
E is the energy per code bit
R is the number of code bits per second
F is the number offrequency channels per bit (F � 1)
B is the bandwidth for sending a Rb stream

In a non-FH system or an SFH system, R and Fare always equal to 1. because there is no pseudonoise (PN) encoding of
the data bits. In these situations, E Es,, F = 1 and (12) becomes (8). It has been shown that SFH does not experience
processing gain in order to increase radio capacity. The operation of the SFH system is more like to the Aloha multiple

21
access scheme.

In an FFH system, the processing gain for radio capacity depends on F, the number of frequency channels per bit, as

BxF
PG= =F.

Rb
For example, for an information rate Rb of 14.4 kbps and one-bit hops among 100 frequencies, F =100, the total bandwidth
required is BF 14.4 MHz.

3.3 Network Interference Constraints

The following three conditions are considered for the network interference constraints in the context of cellular CDMA
operation. These are
1. The co-channel constraint - the same code cannot be assigned to certain pairs of radio cells simultaneously.
2. The adjacent channel constraint -codes at a minimum distance from each other cannot be assigned to adjacent radio

cells simultaneously.
3. The co-site channel constraint -any pair ofcodes assigned to a radio cell must have a minimum code distance.

In terms of radio frequency usage, the CDMA system can be viewed as a one-cell system in that the same frequency is
used over all cells. Thus, the frequency reuse factor r appears to be 1. However, the system will still use the conventional
cellular configuration in order to cover a large service area. When a service area consists of many radio cells, the channel
capacity per CDMA cell decreases as a result of the excessive interference from other cells, resulting in a smaller number of
traffic channels per cell than would be available for a single isolated radio cell. The capacity reduction in the multicell
CDMA configuration is directly analogous to r in an FDMA system. We next directly examine the interference in a
multicell CDMA system, since a radio channel contains many CDMA traffic channels.

In general, the channel capacity per cell in the multicell configuration is limited by interference. The efficiency of the
cellular approach applied to different multiaccess systems can be compared by examining the capacity reduction with
respect to an isolated one-cell case, instead of comparing the frequency reuse factor, r. This motivates the definition of the

multicellfrequency reuse efficiency22 by
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r ' = Total traffic channels for single isolated radio cell
(13)

Total traffic channels per cell for multiple cell system

We note that in an FDMA system, r = r '. Kim 22
used the cellular CDMA model in

17
to numerically determine that r'

1.33. Comparing this reuse efficiency with r' 7 r used in the analog AMPS system, we observe that the cellular CDMA
approach is more efficient in that cell capacity reduction with respect to a single cell system is only 25% (= 0.33/1.33) for
CDMA while it is 86% ( 6/7) for FDMA.

A cellular radio network is considered. consisting of n base stations. Each base station establishes a radio cell, capable
of carrying any of the m channels available to the entire system. The interference constraints are described by an ii xn
symmetric matrix. called the interferencematrix C. Eachnondiagonal element c in C represents the minimum separation
coding distance between a code assigned to a channel in radio cell i and a code assigned to a channel in radio cellj. One
neuron is allocated to each channel I at each base station j. The co-channel constraint is represented by c = 1. and the
adjacent channel constraint is represented by c = 2. c = 0 indicates that radio cells I andj are allowed to use the same
code. Each diagonal element c, in C represents the minimum separation distance between any two PN codes assigned to
radio cell 1, which is the co-site constraint, where c1 � 1 is always satisfied. The traffic channel requirements for each radio
cell in a network of n radio cells is represented by an n-vector called the traffic demand vector T. Each entry t, in T
represents the number is channels (codes) to be assigned to cell i. Note that, in general, the entries in C and T could be
time-varying for a cellular radio environment with dynamic demand and channel interference.

The channel assignment problem for the cellular CDMA network is then seen to be equivalent to a code assignment
using the minimum number of total PN codes, given an interference matrix C and a traffic demand vector T.

3.4 The Neural Network Representation

The channel assignment problem is based on a two-dimensional modification of the neural network model given by (2)-
(4). Generally, a total of n•n processing elements is needed to solve a n-cell by in-channel (code) problem. The output of
the ijth processing element V indicates if codej is assigned to radio cell i: V = 1 indicates that codej is assigned to radio
cell 1, while l' = 0 indicates that codej is not assigned to radio cell 1. To satisfy the traffic demand requirements, a total
of t1 neurons from among in neurons (codes) for cell i must have nonzero output, because a total of t channels must be
assigned to cell 1.

va-ti

is zero if and only if t, neurons for radio cell i have nonzero output. In the co-site constraint, if code k is within distancec,1
from codej is assigned to cell 1, then codej must not be assigned to, cell i, that is,

j+(cjj— 1)

vy.k=j—(c—I)

is nonzero if the assignment of codej to cell i violates the co-site constraint.

In the cochannel constraint and adjacent channel constraint, if code k, within the distance c& from code j, is assigned to
radio cell for ct> 0 and I 1, codej must not be assigned to cell i, that is,

,

(=1 k=j—(c-- i)

C >0

is nonzero if the assignment of channel (code)j to cell i violates the cochannel or the adjacent channel constraints.
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The set of neurons are initialized at an arbitrary state. Coupling weights and external inputs are established in
accordance with the entries interference matrix C and traffic demand vector T. The neural network model is simulated
until it attains a steady state or the simulation time elapses, whichever event comes first. The parameter values are chosen
so that the final output of each neuron V is either its maximum or minimum value. An output of the neuron (i, f), close
to the maximum value of 1 is interpreted as a call's access to channel i at base stationj. This modification allows a "soft
decision" on the channel assignment.

The actual interference between cellular base stations, used to establish the matrix C, is estimated using CDMA network
planning tools. The output of these tools results in a list for each base stationj of those base stations that may not use the
same channels (codes). Intererence functions are defined

.5_ ifbase stationsj, j ' interfere
(?jj'

=
0, otherwise. (14)

Analysis of traffic demand provides an estimate of the number of required channels. denoted by t for each base station
or radio cell j. Traffic demand data, indexed by the radio cells, are used to determine the external inputs and coupling
weights in the motion equation (2) corresponding to the channel assignment problem. Co-channel interference is
represented by the action of each neuron (i, J) to inhibit neurons of the same channel I and interfering base stationsj '. Co-
site interference is represented by the action of each neuron (1, j) to inhibit neurons of the base station and adjacent channels
I ' such that I i - i 'I � ci,, for some integer constraint c� 0. The number of channels is controlled by the action of each
neuron (i, J) to inhibit all neurons of the same base stationj; each neuron (i, J) receives an external input proportional to the
demand for required channels.

As as optional rule, each neuron may be self-exciting to achieve a better convergence to an internal network state where
all neurons attain either a high or low value.

Extensions of these concepts to include technical constraints concerning channel combiners, the number of channels per
sector antenna, and other operational factors can be developed in the same way as the above. In the following examples, we
assume for geometric simplicity that each radio cell uses an omnidirectional antenna.

To represent these concepts in terms of the neural network formulas (2)-(4), we define the double indexed coupling
weights

Wjy' = —A61. .— B.(511 + o.+) — C511. + Dö,141. (15)

and the external inputs to each neuron (1, j)

J = —Ct1 (16)
where

- f 1, ifi=j=
1. 0, otherwise.

and A, B, C and D are nonnegative parameter values.

The energy function corresponding to these definitions is of the form given by Hopfield and Tank

n in n in—i n (in 2

E=A (17)
2 j=i j=i 1=1 /1 ,=i 2 j=1 \.i=1 I j=1 1=1

The energy function E represents the distance between the current state of the neural network and the solution state of the
neural network. The energy function (17) has been constructed by considering the constraints in the channel assignment
problem.

4. Network Examples and Simulation Results

The simulations of the following cellular network examples were performed using applications of the Hopfield-Tank
models in MATLAB's Neural Network Toolbox, installed on an IBM-compatible desktop personal computer.
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4.1 Uniform Networks with Balanced Traffic Demand

The neural channel assignment algorithm was first applied to a cellular CDMA network as discussed by Gilhousen, et.
a!. The ideal hexagonal structure, similar to the network depicted in Figure 1, consists of ii= 12 x 12 radio cells and in
12 channels (codes). For a CDMA system it is reasonable to assume that each radio cell interferes only with the 6 nearest
cells. In order to avoid boundary effects, this structure was repeated in a cyclic manner in the two directions and with the
code pattern. Based on this cyclic repetition, equivalent sequences are generated by a cyclic permutation of the code pattern
or an inverted order of the patterns. As a tie-breaking device among equivalent solutions, a pseudorandom number from a
uniform distribution was added to the initial state of each neuron. The entries in the traffic demand vector T were fixed
initially to the same value to represent uniform demand at the 144 radio cells. The demand was allowed to take values for t,� 4. Based on the "soft decision" criteria, a neuron (i,j) was considered to be an active assignment, ifthe output value of V
was greater than j.t, for j.t > 0.5. The effect of varying the value of t on the convergence of the algorithm was studied. In
the implementation of the algorithm the parameters A, B. C, and D in (17) and in the corresponding motion equation for the
uy were initially set to 1. The set of motion equations was evaluated repeatedly with different time increments to examine
the effect on the algorithm's convergence. A simulation was continued until the number and cell position of channel
assignments remained constant.

In subsequent simulations, the model parameters A, B. C and D were allowed to vary over positive integer values
between 1 and 10. The saturation characteristic flu) in 1(b) was used c,, = 0.8 and a,, = 0.2. The uniform traffic
demand was set to 8 for all cellsj. For these values the algorithm converged with some oscillatory channel assignments,
within 540 iterations. The channel assignments approximately followed a hexagonal stmcture.

In general, the convergence of the neural algorithm in this case showed great sensitivity to the saturation characteristic
values a.max 1fldo and to the selection of the model parameters A ,B. C and D.

4.2 Nonhomogcneous Networks with Unbalanced Traffic Demand

Unfortunately, uniform cellular radio networks do not arise in practical situations. The interference patterns and the
channel demand will not be uniform, due to the natural terrain, human infrastructure as well as the widely and unevenly
distributed communication traffic in the areas of network operation. Typical of such an operating area is the area
measuring 24 km by 21 km around Helsinki, Finland, introduced by Kunz 15

The local terrain and infrastructure are
depicted in Figure 2. The local communications infrastructure was used to define a non-uniform traffic density. There are
25 base stations, distributed non-uniformly over the area. Based on this location data, the field strength distribution was
determined. This result was then used to compute the level of traffic to be assigned to each base station. A CII ratio of 7 dB
was selected, with the ratio allowed to fall below this value 10% of the time. From this data, the interference matrix and
traffic demand vector were generated. From the graph theoretic analysis of the interference graph determined that there

must be at 73 channels to satisfy the interference condition, an optimum solution was given23

The same data was applied to the context of a cellular CDMA network, consisting of 25 base stations, each with 73
channels. The saturation parameters c and cc, were varied in step increments of 0. 1 from 0.6 to 0.9 and in decrements
of 0.4 to 0. 1, respectively. The model parameters A, B, C and D were set in each simulation to integer values from 1 to10.
The search for different parameter settings was performed to avoid the problems of too rapid convergence in regions where
the interference constraints were concentrated and to avoid convergence of the neurons to the intermediate value of 0.5.

This problem therefore required the stepwise increase and decrease of cr. and a1 respectively, as proposed by
Hopfield and Tank . As reported by others, the areas in the network with the most interference tend to converge to the 0 or
1 state first. In this example, after a fixed number of iterations of the algorithm, the number of assigned channels was
determined. When the rate of increase in this number slowed. the parameters c and Orn were again incremented and
decrernented, respectively, until alt the neurons output a 1 or 0 value. In the CDMA application of the Helsinki data, the
modified Hopfield-Tank algorithm for a cellular CDMA network had its best convergence for a set of parameter values that
achieved the optimal solution within 1350 iterations.
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Figure 2. Topography and Base Station Insfrastructure in Helsinki, Finland Used in the Non-Uniform Cellular

Radio Network Example

4.3 Extensionsof the Algorithm to Dynamic Cellular Networks with Mixed Traffic Demand

The neural network approach described above can be extended to the channel assignment problem for networks with
time-varying or cyclo-stationaiy interference patterns among the base stations and multiservice traffic demands. The model
is modified by allowing an additional index k to represent the service type k to be provided on channelj at radio cell 1. The
resulting interference pattern is now described by a three-dimensional, time-dependent array C = (c(i)), while the
multiservice traffic demand T = (tt*('r)) is a matrix of time-varying traffic demands for service type k at radio cell 1. Since
the interference patterns and traffic demands are now dynamic, the assignment problem may no longer have a stable
optimal solution. Given the interference and traffic dynamics of the cellular network, the objective of the algorithm is now
to minimize the augmented energy function over a fixed operating interval. Future examination of the global convergence
and stability of the neural network approach to dynamic cellular CDMA networks with multiservice traffic is planned. In
addition, more robust choices for the sigmoid functionf(u) and for the operating constraints germane to CDMA operation
will be investigated in an effort to improve local as well as global convergence of the neural network channel assignment
algorithms.

5. CONCLUSION

Initial simulation results indicate that the Hopfield-Tank neural model can be applied to the code assignment problem
for cellular CDMA networks. While the neural approach can be applied to the non-homogeneous interference conditions
and channel demands that occur in practical networks, the speed of convergence and the numerical stability of the
algorithm for networks of a large number of mobile units and base stations remain open issues that must be addressed with
further application of the methods to more complex network examples. In addition, the issue of whether the neural
algorithms can be further extended to dynamic cellular network structures with time-varying demand and transient
inteference patterns due to the motion of both the callers and some of the base stations must be examined.

The inherent structural advantages of the neural network algorithm proposed are the underlying parallel operation and
the ability to identif' local areas of computational complexity. We have made an attempt to use "soft decision" to order the
interference conditions according to their probability of occurrence. In this way, the interference constraints with the lowest
probabilities will be exceeded first, when there are not enough channels available to meet the traffic demand.

The erratic calculation time of the neural algorithms for various selections of the modeling parameters, when compared
to the performance of graph coloring algorithms for channel assignment, is a distinct disadvantage. Heuristics may be
introduced to speed the global convergence of the algorithms, but should be based on underlying contraints inherent in
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cellular CDMA network operation. Indeed, actual cellular network operation may suggest appropriate values for the model
parameters, that may improve the computational speed and exploit the parallelism of the algorithm structure. In summary,
questions regarding the applicability of the neural algorithms to real-world networks are best answered by its application to
a wider range of CDMA examples and by the resulting refinements that ensue.
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