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Abstract
With the introduction of 3G services, the tele-traffic demand 
on current GSM networks is expected to grow exponentially. 
In this paper we propose a new method of increasing network 
capacity of a typical GSM network. The adaptive radio resource 
management system predicts future resource demands for 
each cell in the network using neural networks. Frequency 
assignment is then performed using a genetic algorithm. Two 
methods of frequency assignment using genetic algorithm are 
presented. The first method obtains optimal solutions in terms 
of resource requirements, but produces different frequency 
assignment plans for each assignment cycle. The second 
method retains the majority of the frequency assignment plan 
from each assignment cycle, but at times does not produce 
the most optimal solutions.

Keywords
3G Services, NFNN, GA, MATLAB Tool Box of Neural Network 
and Genetic Algorithm and RRM. 

I. Introduction
Cellular networks around the world have experienced 
exponential increase in service demand due to the introduction 
of 3G services such as General Packet Radio Service (GPRS), 
High Speed Circuit Switched Data (HSCSD) and Enhanced 
Data Rates for GSM Evolution (EDGE). These services result 
in a considerable load on the available radio resources due to 
their highly dynamic tele-traffic variations. To maximise system 
resources, a more flexible resource management system is 
needed. A plethora of concepts and schemes, which attempt 
to introduce adaptation in form of dynamic resource allocation 
(DRA), have been proposed over the last two decades [1]. 
Nearly all of the proposed schemes try to adapt in real-time 
in a reactive manner to the variation in traffic demands. This 
results in either a significant control signalling load on the fixed 
network infrastructure or the requirement for distributed control, 
which results in considerable change to the configuration and 
operation of both terminals and base station equipment. As 
an alternative to the reactive approach to resource allocation, 
we consider a proactive approach, which is based on resource 
demand prediction using multi-layered feed-forward neural 
networks (MFNNs) located within the OMC of a typical cellular 
network. Resource predictions are made for each cell based 
on previous load characteristics and the system resource 
allocation adapted accordingly using GA techniques. Various 
other schemes incorporating neural networks for DRA have 
been proposed, [2-6] however they carry high computational 
costs and function on a real-time basis and thus produce 
high signalling loads, which makes their incorporation into 
current cellular network infrastructures infeasible. {Various 
other approaches [7-10] have also been implemented to get 
the capacity of the channel increased}. The system proposed 
here does not operate in real-time, but in a pro-active manner 
through hourly predictions, which coincide with the typical 

performance reporting cycle of existing GSM networks. The 
centralised implementation within the OMC is ideal as it 
does not impact on the cellular infrastructure; the required 
performance management data is located at this location and 
need not be sent across the network for the operation of the 
adaptive resource management system.

II. Resource Prediction using Neural Networks
As the number of frequencies allocated to each cell in the 
network depends on the resource predictions, the method of 
prediction must be robust enough to track the inherent hourly 
variations in call traffic. It has been shown that MFNNs have 
the capability to predict future values based on training sets 
composed of sufficient historical data [2]. The system proposed 
here considers two MFNNs for each cell site. One MFNN is used 
to predict future resources for normal in-cell traffic while the 
second MFNN predicts guard frequencies for handover calls. 
Each MFNN consists of three layers with a total of 49 neurons. 
The back-propagation learning algorithm and nonlinear sigmoid 
activation function are used in the learning process [11]. The 
training and prediction of the MFNNs proceeds as follows:

Collect hourly radio resource demand statistics for in-cell 1. 
and handover calls. Compile statistics of previous 8 weeks 
from the network.
Translate the resource demand into traffic load 2. 
measurements in Erlangs and derive the associated 
radio channel requirements. Record whether the demand 
occurs on a weekday or weekend (day statistic). Record 
the time (time statistic). These statistics constitute the 
initial training data set.
The MFNNs are trained using the data arising from step 3. 
2.
Once the MFNNs are trained, the channel demand for 4. 
the next hour in each cell is predicted using the demand 
statistics from the previous 10 hours, the day and time 
statistics.
The predicted number of frequencies is assigned to each 5. 
base station.
The training set of 8 weeks is updated to contain the 6. 
statistics for the current hour (assuming the network 
gathers statistics at least every 60 minutes).
Each MFNN is retrained every 24 hours to maintain 7. 
accurate predictions.

As shown in fig. 1, the neural network resource predictor 
performs to an excellent degree of accuracy.
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Fig. 1: Neural Network Resource Prediction
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III. Frequency Assignment using a GA
An important issue in the design of a cellular network is to 
determine a spectrum-efficient and conflict free allocation of 
frequencies among the cell sites, while satisfying both the traffic 
demands and interference constraints. As resource predictions 
are not made in real-time, a GA embedded in the resource 
management system is used to find the frequency assignment 
plan for a particular demand scenario. We now present two 
methods of frequency assignment using GA techniques. The first 
approach produces an excellent degree of optimality in terms 
of resource requirements but suffers from large variations in 
successive frequency assignment plans. The second approach 
ensures that frequencies assigned to a cell include most of the 
frequencies assigned to that cell in the previous hour, however, 
this approach does not produce the most optimal solutions.

A. Resource Optimisation using a GA
Various schemes incorporating GAs to solve the frequency 
assignment problem have been proposed in [12-15]. Such 
techniques achieve optimality in the range of (80-90%) 
depending on the problem complexity. By combining a GA with a 
local search technique, we can achieve 96% and 99% optimality 
for in-cell and handover frequency assignment problems 
respectively. The resource optimisation scheme is presented 
here. In the proposed adaptive radio resource management 
system, the resource predictors make hourly resource demand 
predictions. The interference constraints for the network can 
be represented by an n x n compatibility matrix C, where n is 
the number of cells in the system.

Elements xij (i,j = 1,...,n) represent the frequency separation 
required between frequencies assigned to cells i and j, 
respectively, necessary to maintain interference below a 
certain threshold. Using this matrix, it is possible to represent 
co-channel interference by choosing values for xij such that,

C=[xij]=
        if cell i and j cannot use the same frequency
  0  :    otherwise
1 :




The traffic demands can be represented by the demand vector 
D, with elements di ( i = 1,2...n) representing the number of 
required frequencies at cell i, the resource predictors fill out 
this vector at the end of each hour. The frequency assignment 
problem is then defined as, given F frequencies and N cells 
each requiring di frequencies, find an NxF frequency assignment 
matrix A given by,

such that,

A=[aik]=
        if cell i is assigned frequency k
  0  :   otherwise
1 :




A frequency assignment is admissible if both traffic and 
interference constraints are fulfilled. This implies that:

1.  for all i.
 
2. Valid frequencies are assigned to cells according to the 
compatibility matrix, C.
Two resource vectors of length n are derived from the demand 
vector D as shown in fig. 2. The first resource vector assigns 
one frequency to each cell site, so as to sustain a Broadcast 
Control Channel (BCCH). The second resource vector assigns 
the remaining frequencies. The GA takes each resource vector 
and finds a frequency assignment plan using the minimum 
number of resources required for that particular demand. The 
GA works with a population of 80 individuals, each individual 
is represented as follows,

  
Vectors
Fig. 2: Determination of Resource Vectors
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The number of binary ones in each cell group corresponds 
to the frequency requirements in the resource vector, i.e. the 
number of frequencies to be assigned to the cell.
The roulette wheel selection algorithm is used to generate 
the parents for the new population [16]. The new population 
is created using the standard multi-point crossover and a 
modified mutation operator with probabilities 0.6 and 0.0014 
respectively. With the standard mutation operator, each 
bit is flipped with a predefined probability. In the algorithm 
described above, flipping a bit would result in a change to the 
number of frequencies been assigned to a cell, therefore, the 
mutation operator used here swaps bits within a cell group. 
Only bits that are different are swapped – swapping two 1’s or 
two 0’s results in no change to an individual and is therefore 
not considered to be a mutation. The mutation probability is 
increased by approximately 15% if the GA converges to local 
minima where the evaluation of the cost function remains at 
a constant value over a number of generations. Crossover can 
only occur at the end of a cell group, as crossing within a cell 
group would alter the number of frequencies being assigned 
to that cell. In order to improve the performance and increase 
the rate of convergence for difficult frequency assignment 
problems, a local search routine has been developed. The 
search algorithm finds the cell group and bit position in the 
solution that is preventing the cost reaching zero. That bit is 
then swapped with the other bits in the cell group and the cost 
of the solution evaluated. This process continues until the cost 
reaches zero (optimal solution) or all the bits in the cell group 
have been swapped. 
Fig. 3, illustrates the performance of the GA for a 49 cellular 
network with a cluster size of 7. In this scenario each cell 
requires one frequency, the GA reaches this optimal solution 
by using 7 frequencies.
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Fig. 3: GA Evolutionary Performance

Although this approach produces optimal solutions, the 
frequency assignment plan for consecutive hours can be 
significantly different as shown in fig. 4. Such large changes to 
the frequency assignment plan would introduce a considerable 
amount of inter-cell handovers into the system as each cell site 
would be required to change its allocated frequencies every hour. 
To execute such large amounts of frequency redeployments is 
also very time consuming and would be impractical for current 
GSM networks.

Fig. 4: Consecutive frequency assignment plans for 20 cells 
using GA resource optimisation

B. Alternative Approach to Frequency Assignment Using 
a GA
To overcome the problem of resource optimisation discussed 
in section 3.1, we propose an alternative method of frequency 
assignment using a GA. This approach does not produce the 
most optimal solutions in terms of resource requirements, 
but ensures that frequencies allocated to a cell include most 
of the frequencies allocated to that cell in the previous hour, 
thus minimising inter-cell handover. A number of binary arrays 
of length n are created from the demand vector, D. A binary 1 
within an array denotes a cell that requires a frequency. The first 
array represents those cells requiring at least one frequency, 
the second array for those requiring at least two frequencies 
and so on. Each array is then passed to the GA, which finds 
the minimum number of frequencies for that demand. Since 
the GA finds optimal solutions for each array separately, the 
overall solution may be sub-optimal, however, it does ensure 
that cells can maintain the majority of  frequencies from hour 
to hour, as such changes will only be reflected in the last one 
or two binary arrays, thus minimizing inter-cell handovers. The 
optimal solutions from each array are augmented to create the 
final frequency assignment plan.
The GA works with an initial population of size 40, each 
individual in the population is represented as follows:

Each cell group has an initial length of 7, as this is the 
maximum number of frequencies required for the first binary 
array (assuming a cluster size of 7). If the GA finds a valid 
assignment for seven frequencies, a solution is sought for six 
and so on until no better solution can be found. Two consecutive 
frequency assignment plans are shown in fig. 5, note how most 
of the frequencies assigned in the first hour are also used at 
the same cells in the second hour.
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Fig. 5: Consecutive frequency assignment plans for 20 cells 
using GA frequency assignment

IV. System Implementation in GSM
The proposed adaptive radio resource management system is 
integrated in the OMC between the performance management 
(PM) tool and the configuration management (CM) tool, see fig. 
6. As all the network performance data required for the system 
is available at this location, no additional signalling load is 
generated. The OMC location also has the advantage that the 
system can be implemented without the need of any hardware 
or software updates to mobile and base station equipment. The 
non-invasive nature of the proposed concept is one of its major 
advantages in that it can be implemented and also improved 
without interference with existing equipment.

Fig. 6: Adaptive Radio Resource Manager

V. Network Simulation and Results
Two simulation models have been developed – a Fixed Channel 
Allocation (FCA) model, which is used in current GSM networks 
and a model based on the proposed adaptive resource 
management system with the embedded GA frequency 
assignment schemes. Both network models contain 49 cells 
with a cluster size of 7, see fig. 7. Each cell has a total of 
18 neighbours with wraparound performed at the borders in 
the x and y planes. The load in each model is non-uniformly 
distributed across the network. The call arrival rate, λ, is Poisson 
distributed while the call holding time, 1/µ, has a mean of 
3 minutes. The number of handover arrivals in each cell will 
depend on the load in each of the six surrounding cells, the 
handover arrival rate is therefore taken to be 5% of the sum 
of the call arrivals in these cells.

Fig. 7: 49-cellular structure 

The performance of both models is measured by the number 
of frequencies required to maintain the call blocking below 2% 
throughout the network.

A. FCA Network Model
Each cell in the FCA model were assigned the required number 
of frequencies so as to maintain the call blocking below 
2%. The network was monitored over a 2-week simulation 
period. Performance measurements were averaged over 700 
simulation runs so as to achieve accurate results. Fig. 8 shows 
the average blocking for cell site 2. A total of 29 frequencies 
were required in the network for new call arrivals, while 14 
guard frequencies achieved a call dropping rate of zero.

B. Adaptive Radio Resource Management
The same call traffic scenario was used in this model. Unlike the 
FCA concept, cells are assigned frequencies based on resource 
predictions and the GA frequency assignment schemes 
discussed in section 3. Using the resource optimisation GA, 
a total of 22 frequencies were required for new call arrivals, 
producing a resource gain of 24%. Since this scheme results in 
unpractical frequency assignment plans, it is not considered to 
be a suitable method of resource assignment for the adaptive 
radio resource management system. Simulation results using 
the alternative GA frequency assignment scheme show 
resource requirements of 23 frequencies, giving a resource 
gain of 20.7% when compared with the equivalent FCA network. 
This result is comparable to current DRA schemes [1], but with 
the advantage of significantly less complexity and no additional 
signalling load. It was observed however that no resource gain 
could be obtained from adaptive guard channel allocation. 
As each cell handover call arrival rate depends on the six 
surrounding cells, handover calls tend to be more uniformly 
distributed than new call arrivals. The average call blocking over 
700 simulation runs is shown in fig. 9. By comparing fig. 8 and 
fig. 9, the similarities in call blocking at peak times can be seen. 
The additional blocking in the adaptive network arises because 
each cell is allocated just the required number of frequencies 
for the next hour, thus maximising the system resources. The 
simulation results are summarised in Table 1. 
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Table 1: Simulation Results

Network 
Model FCA

Adaptive 
Resource 
Management, 
GA resource 
optimisation

Adaptive 
Resource 
Management, 
GA Frequency 
Assignment

Frequency 
Requirements 
for new call 
arrivals

29 22 23

Frequency 
Requirements 
for handover 
calls

14 14 14

Resource Gain - 24% 20.7%
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Fig. 8: Average call blocking in FCA Network   
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Fig. 9: Average call blocking in Adaptive Network

VI. Conclusion
Capacity improvement for current GSM networks using adaptive 
RRM principles in which soft computing techniques such as 
Neural Network and Genetic Algorithm has been used is 
proposed. Simulation results have shown resource benefits 
of up to 20.7% when compared with an equivalent FCA network. 
This resource gain lead to improvement of capacity of the GSM 
networks. Using frequency deployment mechanisms such 
as those discussed in [17], this approach can achieve self-
configuring cellular networks without the need of additional 
signalling loads and changes to both terminals and base station 
equipment.  
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