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Abstract—Admission control plays an important role for quality-of-service (QoS) in

modern mobile telecommunication systems, and the waiting time prediction is expected in

case of failure of making a connection due to the bandwidth reason. In this paper, we pro-

vided a waiting time prediction method for handling failed admission request in the mobile

telecommunication system by neural networks (NN-WTP). Very simple input parameters,

such as the day of a week, time, number of active connections that occupy the voice chan-

nel, and number of active connections that occupy the data channel are required for the

back propagation neural networks to simulate a hyperplane. After a short training period,

the waiting time prediction can be performed on this hyperplane. Finally, we did simulation

with a whole day network request usage history to demonstrate the feasibility and high

performance of this method.

Index—Waiting Time Prediction (WTP), Neural Networks (NN), Admission Control

[ Introduction

In the last decades, the mobile telecommunication system has been developed very quickly. It affects our
daily life in many aspects. From the beginning of mobile phone came into our daily life, people have many
experiences that a call fails to be put through. There are cases that no signal, lack of electrical power, and
system error, etc. However in most cases, we fail to put it through because of the air bandwidth limitation.
This problem has being existing from the day, when wireless was use for telecommunication for the first
time. Till recent years, this problem has been classified into wireless QoS problem [4, 11, 13, 21]. People
have tried to solve model the admission control mechanisms from different angles [1, 2, 5, 7, 15, 17, 27,
28]. The method provided in this paper is an enhancement of Admission Control. We focus on the
post-process of a request when it is denied by the Admission Controller. In this paper, we discuss a new

technique on how to provide the waiting time estimation for failed requests. A caller that sent the request



can try again after the estimated time. The clients, whose requests are denied, do not need to retry aim-
lessly under this kind of mechanism. It is obvious that people would prefer to be informed about the mini-
mum waiting time rather than continuously try to connect to the network frequently. On the other hand,
frequent unsuccessful requests can cause system burden in both edge networks and core networks.
Former research[20, 24] have been done to detect the available bandwidth, through sending out a series of
probing requests to get the round-trip-time, and then estimate how much bandwidth is available. The ob-
jective is to find out whether the bandwidth is wide enough to establish a connection and how much band-
width can be provided to use. Further more, intelligence has been added in some of the research [4, 6. 8,
10]. Maybe these admission control methods are proper for the high-speed computer networks, but not for
wireless telephone networks because it is power consuming, system resource consuming, and bandwidth
consuming. A significant difference between telephone networks and computer networks is that telephone
networks provide constant data rate using circuit switching while computer networks provides variable
data rate using packet switching. In a wireless telephone system, allocated bandwidths are deferent level
based constants, which mean different bandwidths will be allocated for different services. The initiator of a
connection request only needs to know whether the connection can be established or not, but does not need
to know how much bandwidth is available. NN-WTP provides exactly what we need with no additional
consumption in comparison with bandwidth detection.
NN-WTP has been deeply intelligentized by using neural networks. Neural networks has been researched
and practically implemented in many fields [29]. It is recognized as a useful method in pattern recognition
and function approximation. In this paper, we used multilayer back propagation neural networks (BPNN)
[30] to model a much complicated hyperplane to predict the waiting time of failed connection request. The
training process is accomplished using very simple input parameters, such as the day of a week, time, voice
channel user number (how many users are using the voice channel), and video channel user number. The
NN-WTP training or the hyperplane formative process only takes a short time, which is presented in the
following sections. Also we could see the performance of NN-WTP in our simulation, which indicates
NN-WTP is a quite useful and practical technology.

II. Model and Analysis
A. Mobile Phone System Model
Wireless networks have a lot of configuration properties. For a mobile phone system, we suppose that the

total bandwidth is B for a single base station, there are average N mobile phone users in one cell, and the



bandwidth consumption for each pair of user at phoning time is b. As we know that the number of
paired-users and the phoning consistency time are random. We use the traditional traffic model in our
modeling, which means the number of user pairs is Poisson distributed, as shown in Formula(1). And
phone consistency time is exponentially distributed. As shown in Formula(2).

P [k users arrive in time interval 7’ ]
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A is mean arrival number in one time unit. Considering the fact that huge variation of calling tendency of
mobile phone users in a day exists, e.g. people tend to use the phone at noon, and we considered this issue

in our simulation.

P [a pair of users phoning time less than ]
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B is mean phone consistency time. The bandwidth constrain can be denoted as Formula(3).

Y b<B (3
i=1
¢ is current paired-user number.
This inequality should be always true. In our mobile phone system model, signal interferences, fading or

any other variable factors are not taken into account in order to simplify the discussion. Each user in our

mobile phone system model will behave as the state diagram shown in Fig.1.
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Fig.1.Connection State Diagram

When a user calls someone using a mobile phone, his phone will send signal to the base station in a cell to
request for connection.

If the bandwidth is available at that moment, connection will be established and a constant bit rate connec-

tion will be kept until either one user sends disconnection request. After that, the user mobile phone will



keep in Idle state until a new connection request is sent.

If the bandwidth is not available at that moment, server side of the telecom’s network will predict the
waiting time for the sender, and respond to it. Then the caller will keep Idle till the predicted time.

B. Neural Network Model

Neural networks have been researched and built for decades. The most fantastic uses of them are in pattern
recognition and function approximation. In this paper, our waiting time prediction approach is based on

feed-forward neural network with back propagation.
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Fig.2. Feed forward neural network with back propagation

We used 2 layers of neurons to accomplish the hyperplane simulation tasks, one is a hidden layer and an-
other one is an output layer, as shown in Fig.2. The inputs parameters are the day of a week, time, voice
channel user number, and/or video channel user number, etc. All parameters are optional, but the most
critical parameter(s) should be included, such as time because the change of data flow in mobile system is
periodical in a dedicated area (mobile cell). The output is the predicted waiting time. The input parameters
are denoted as an R by 1 vector p/. In the hidden layer, tangent sigmoid function has been used as transfer
function. Suppose we use S neurons in this layer, the input weight matrix from input p1 to layer 1 can be
denoted as IW; 4, it is an S by R matrix. The bias vector b/ is S by 1. The output of hidden layer a/ is an S
by 1 vector too, it can be presented as

al=tansig (nl)
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where nl=IW,;; pl+bl.
In the output layer, pure linear function and only one neuron are used. The layer weight matrix from layer
1 to layer 2 could be denoted as LW>;, and it is a 1 by S vector. The bias vector b2 is a 1 by 1 scalar. The
output of output layer a2 is a 1 by 1 scalar too. It means the waiting time prediction result. And it is pre-

sented as Formula(5).



a2=LW2,1 Xal+b2
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where nl=IW,; ; pl+bl.

After the training process of this neural network, IW; ;and LW, ; are S by R and S by 1 matrices respec-
tively with determined factor values. The meaning of R is the parameter number in one input vector and S
is the neuron number in the hidden layer.

There are many kinds of back propagation algorithms. Based on the large number of experiments, we se-
lected Levenberg-Marquardt (LM) algorithm as our training algorithm, because LM has the fastest training
speed on the same precision basis. The LM algorithm is a variation of Newton methods [22], and this algo-
rithm was designed to approach second-order training speed without having to compute the Hessian matrix.
As we used mean squared error (MSE) to be the performance function and the output vector a2 is 1 by 1,
Hessian matrix can be approximated as H=J"J, where J is Jacobian matrix that contains first derivatives of
the neural network error with respect to the weights and biases. The Jacobian matrix can be computed
through a standard back propagation technique [26] that is much less complex than computing the Hessian

matrix [22]. The LM algorithm update could be represented as Formula(6).
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S denotes for max row number in the output layer

e, ,denotes the error of output value indexed by (p, q) in the output matrix



W; . denotes the value indexed by (g, ) in the weight matrix of layer p

b; denotes p™ value in the biases vector of layer p

Xk 18 a vector of current weights and biases
gk is the current gradient
oy is the learning rate

Ji 1s the Jacobian matrix

ITI. Simulation and Analysis
Based on the mobile system model and the feed forward neural network, we did experiment to show the
feasibility and high adaptability of NN-WTP. We used only one input parameter—time, and train the neural
network with 9 different training algorithms. We compared these training algorithms' performance on the

same waiting time prediction precision basis.
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Fig.6.Waiting Time Prediction by LM Trained Neural Network with 5 Hidden Neurons

Suppose that the base station is capable to handle 1000 connections simultaneously. As we described in the
mobile system model, the number of connection requests in one time unit follows Poisson distribution. We
set a time unit as one minute, and mean arrival number is A in one time unit. Considering there is sig-
nificant variation of calling tendency of mobile phone users in a day, we suppose people tend to use the
mobile phone at noon frequently but tend not to use mobile phone at night.

So it is supposed that there are 1200 connection requests coming in one minute at the peak request time,
and the mean arrival number can be calculated using Formula(7).

2.7 -time
A =600 — 1)+ . (7
x (cos( 1240 )+1).(7)

It is shown in Fig.3. When the request number plus the currently connected number is greater than 1000,
some of the callers have to wait for a little while.

As described in the mobile system model, phone consistency time is exponentially distributed. We used
mean phone consistency time £/ =120 seconds. So the

number of connection requests plus the connections in use for each minute can be calculated, as shown in
Fig.4.

There are totally 861878 phone calls put through in 1440 minutes (24 hours) in our simulation. The waiting
time can be calculated to be the neural network-training target. It is shown is Fig. 5. For a random call, if it

cannot be put through, the waiting time is in calculated for each calling request. But it is too specific,



which appears redundant, we used the waiting time in for per minute to simplify the training data number
from 861878%2 to 1440x2 (both training input and training target). Each PerMinute data is the mean
value of the PerCall data in the current minute.
We used 9 feed forward neural network training algorithms to train the networks. But LM algorithm per-
forms the best. Because we used mean squared error (MSE) as the performance function. So the Jacobian

matrix can be computed through a standard back propagation technique that is much less complex than
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computing the Hessian matrix. We first provide the training result from a neural network with only 5 hid-



den neurons. And then provide performance comparison among different algorithms with different hidden
neuron numbers.

Fig.6 shows the prediction result of neural network with 5 hidden neurons. It was trained with LM algo-
rithm, and only took 0.672 second to accomplish the training process. The training process stopped when
MSE achieved 0.001 s>,

For each training algorithm, we did the experiment 10 times to evaluate each algorithm’s performance under
different neuron number in the hidden layer. In each experiment, the hidden neuron number will be set from
5 to 50, and add 5 for each experiment. We set MSE goal to 0.001 (s*). When MSE reaches 0.001, training
will stop automatically. We can evaluate these algorithms on time complexity and epoch complexity. Fig.7
shows LM algorithm has the best performance in terms of time complexity comparing with other algorithms.
Fig.8 shows LM, BFG, SCG, CGB and CGF have almost the same epoch complexity when neuron number is
larger than 10. But LM is still a little better than others. Fig.9 shows the Epoch speed of each algorithm. It is
obvious that LM algorithm has the lowest epoch speed. That is to say, when there are more neurons in the
hidden layer, and epoch number increases, LM will not perform very well. In fact, when neural network has
more than one hundred, LM will behave worse than some other algorithms. In these figures, BFG is for
FGS-Quasi-Newton, RP for Resilient Back propagation, SCG for Scaled Conjugate Gradient, CGB for Con-
jugate Gradient with Powell/Beale Restarts, CGF for Fletcher-Powell Conjugate Gradient, CGP for Po-
lak-Ribiére Conjugate Gradient, OSS for One-Step Secant and GDX for Variable Learning Rate Back propa-

gation. They are all famous training algorithms [22].
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It is found that, the series of training processes by LM take the similar time to achieve the same precision.
The training time ranged from 0.578 to 0.719 seconds, and the network with 50 hidden neurons took 0.719
seconds. The waiting time predictions with the 10 different neuron numbers are shown in Fig.10 and Fig.11.
We could see that, all of the hidden neuron number setups perform well. On this basis, we will choose the

one with less neuron number.
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I'V. Conclusion
As congestion will happen in mobile system networks, and mobile phone users are willing to be notified
the estimated waiting time in case congestion happens. We provided a waiting time prediction method us-
ing feed forward neural network with back propagation. We discussed the mobile system model and neural
network model, and then provided simulation result to show the feasibility and high performance of the
model. In the simulation, waiting time prediction of a whole day was predicted and satisfactory experiment
result has been got by using LM algorithm.
V. Future Work
It could be found that neural network can provide us high performance, adaptive and accurate waiting time
prediction. We did simulation for a whole day waiting time prediction to prove its feasibility. It has been
mentioned in model and analysis section that multi-parameters could be used to form hyperplane to do
waiting time prediction. However, in order to simply the simulation and provide better and clear presenta-
tion, we only used one parameter. We only used time as the input parameter in our simulation. Probably
more works could be done when we use multi-parameters as the input and the experiment could be done to
simulate a month or a yearlong waiting time prediction. Further more, although we proposed LM algorithm
to be the training algorithm, other more stable algorithms are expected to takeover LM when the neural
network has more than one hundred weights, e.g. GDX and CGF etc.
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Appendix: Performance Comparison with

Different Neural Network Training Algorithms
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Fig.12.0ther 8 Waiting Time Prediction Results with Different Neuron Number




