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Abstract. One of the key issues in mobile communication system is how
to predict the number of calls per each cell. It is an important parameter
and usually assumed as random Poisson value. For effective management
of cellular network, the average number of calls should be traced and the
changes in the numbers need to be promptly detected. In this paper we
propose an algorithm detecting the changes in the behavior of the users
using the technique proposed for point-of-change problem based only
on the number of call arrivals. Computer simulation reveals that the
proposed method can effectively detect the discord, and the developed
model is very accurate as showing mostly less than 1% differences.

1 Introduction

Recently information technology has been evolving into the direction leading to
the convenience of users. Mobile and wireless communication have a significant
role in this IT networking era due to the request of users. One of main elements
of mobile networking, especially for network design, is the prediction mechanism
for the number of calls per unit time in each cell [1]. The number is related to the
number of frequency channels, the call blocking probability, and many other key
issues of resource management in mobile computing. With steady-state behavior
of mobile users, several techniques [1] can be employed for effective mobility
management.

If the number of mobile users is simply modeled as a constant with a cer-
tain level of blocking probability, the required number of channels can be easily
obtained. However, as we know, behavior of mobile users and their movement
change dynamically. More specifically, the average and maximum number of calls
can widely fluctuate. If they increase, the call blocking probability also increases
and thus the quality of service drops. Meanwhile, if they decrease, less amount
of resource will be required for maintaining the same quality of service. Hence,
the number of calls is an important parameter in mobile network. For effective

� This work was supported in part by Brain Korea 21 and grant No. 2000-2-30300-004-
3 from the Basic Research Program of Korea Science and Engineering Foundation.
Dr. Choo is the corresponding author.

P.M.A. Sloot et al. (Eds.): ICCS 2002, LNCS 2331, pp. 1108−1117, 2002.
 Springer-Verlag Berlin Heidelberg 2002



management of cellular network, the average number of calls should be traced
and the changes in the numbers need to be promptly detected.

Sometimes it is enough to use a simple deterministic model for calculating
the number of calls, where the parameters of the model are known. Usually a
flow of call arrivals is represented by a stochastic model, and the number of calls
is a random value decided depending on the behavior of users.

Several models for analyzing the movement of users were proposed in [2, 3].
The models require some additional information such as the speed of mobile
users, the direction of movements, travel path, and so on. Since a lot of factors
affect the system performance, an approximation technique is employed for sim-
plifying the modeling. For example, assumption of uniform distribution for the
speed of mobile users, a cellular network as a set of identical hexagons, etc. Note,
however, that movement of users is irregular, and the assumptions employed for
the sake of simplicity can cause unrealistic modeling for the average number of
calls. In this paper, therefore, it is offered to detect the change in the behavior
of the users using the point-of-change problem solution technique based only on
the number of call arrivals.

The rest of the paper is organized as follows. Section 2 provides the basic
notation and previous works. The main algorithm of discord detection under the
Poisson distribution and an admissible lag is presented in Section 3. In Section
4, we present the results of numerous simulation experiments with the proposed
algorithm. Section 5 is a brief conclusion.

2 Preliminaries

To calculate the required number of frequency channels or traffic load in a cell,
we have to know the number of calls per unit time which is a random number.
Let N c be the required number of calls, N be the total number of users in a cell,
L be the probability of a user to have a mobile terminal, and k be the probability
of mobile users making network access. Then N c = NLk. Here, N depends on
the average distance between mobile users and k depends on the speed of mobile
users [1].

Actually, the larger the sojourn time for a mobile user is, the higher the net-
work access probability is. If traffic congestion occurs, the average distance be-
tween adjacent mobile terminals decreases, and thus the sojourn time increases.
Hence, both N and N c increase. In this situation, more channels are required
for customers to have a certain level of quality of service. Refer to Figure 1. In
this figure, Ni, ki and N c

i are the parameters discussed above before (i = 1) and
after (i = 2) traffic congestion. Here we assume that each user carries a mobile
terminal (L = 1) and two channels are assigned to a cell.

The number of calls can be predicted by mathematical modeling. In this sec-
tion some models proposed for modeling the behavior of the users are discussed.
Their approaches are usually based on a certain regularity of user movement.
The models proposed in [2, 4] assume that the average speed of users and their
directions are same in each cell. However, movements of customers are usually
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different in practice, and even the information on the direction and speed of the
users are unavailable. In [5], the authors consider irregular movements of mobile
users. For predicting the future location of mobile users a Markov chain model
and database of the movement patterns are used. This scheme does not work if
preliminary information such as pattern database is either absent or obsolete.
On the other hand, an approach for predicting the behavior of the users based
only on current location information is considered in [6]. This scheme is costly
because no previous information is used while highly accurate data observation
is necessary. A mobility prediction scheme based on neuro-fuzzy theory is of-
fered in [3]. Here a unique reason can affect the behavior of a user, and thus all
previous information and regulations can be out-of-date.

Fig. 1. The losses before and after traffic congestion.

We know that the movement of mobile users may be irregular, and thus
prediction of their behavior is very difficult. However, we can observe and analyze
the number of calls in a cell, which is considered as a random value. If the
demand is steady we have a sequence of random values under one distribution.
Otherwise, the distribution of the number of calls is changeable. Usually the
following assumption is acceptable, where the number of calls ξ in a unit time
is independent and identically distributed Poisson random value [7].

P (ξ = k) =
λk

k!
e−λ, k = 0, 1, . . . . (1)

The number of calls before traffic congestion has the Poisson distribution
with parameter λ1, and it has the same distribution with rate λ2 after traffic
congestion occurs. It is necessary to detect the demand change, in the strict
sense, the moment when the distribution change occurs should be found. The
detection problem is known as a point-of-change problem or a discord problem.
It is a very popular problem [8, 9], and minimization of the time between the
moment of discord and the moment of alarm is an important issue. As far as
the channel resource is available, the quality of service is satisfied and the delay
for the discord detection can be tolerated. In this paper, we focus on a point-
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of-change problem with acceptable delay, and propose a technique based on a
point-of-change problem with admissible lag.

3 The Point-of-Change Problem with Poisson
Distribution

3.1 Problem Statement and Discord Detection Algorithm

Let a sequence of independent random values ξi, i = 1, 2, . . ., be under considera-
tion. ξi denotes the number of calls in time unit i. Before discord, the distribution
of ξi is modeled by the Poisson distribution of Eq. (1) with parameter λ1. In
unknown point of time tD the intensity of flow of calls is changed. It means that
the distribution parameter of ξi becomes different from λ1. We denote the distri-
bution parameter after the discord as λ2. Without loss of generality, we assume
that λ1 ≤ λ2. The other case can be easily modeled with simple modification.

It is desirable and sometimes required to alarm system managers if a discord
takes place in advanced systems. Let us designate the moment of alarm as tA
and T be an admissible lag. Then we know that a discord is detected if tD <
tA ≤ tD + T . If tA < tD, it must be a false alarm.

Now we propose the following algorithm for discord detection.

Discord Detection Algorithm
Step 1. Calculation of the sum ST =

∑T
i=1 ξi.

Let us denote the variate ST has Poisson distribution [10].
Step 2. If Sn > h, then the system raises an alarm and go to Step 5.

Otherwise, proceed to the next step. Here n takes the value T, T + 1, . . .. Note
that h is a threshold value calculated prior to the beginning of the algorithm. It
is considered in detail below.

Step 3. The following sum is computed

Sn = Sn−1 + ξn − ξn−T ,where n = T + 1, T + 2, . . .

It is obvious that the variate Sn also has the Poisson distribution because
Sn is a sum of independent Poisson random values. Hence, if the distribution
parameter of ξi is λ, the distribution parameter of Sn becomes Tλ.

Step 4. Go to Step 2.
Step 5. End.

The value of h decides the tradeoff between the rate of discord detection and
false alarm. For example, if h = 0, discord will be unambiguously detected, but a
false alarm will be generated on each observation. If h value is high, false alarm
will be seldom declared, but the probability of discord detection will be very
low.

Let us discuss the basic concept of the proposed method. The random values
ξn−T , . . . , ξn are under consideration. Assume that the probability of a false
alarm is fixed if the following restriction is true.
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P (Sn > h, n < tD) ≤ α. (2)

Here α is a constant representing the degree of false alarm. Before applying
the method, it needs to be decided according to how often false alarm can be
tolerated.

The second issue is the number of discord omissions. A discord is lost if
Sn < h and n ≥ tD + T . Hence, the probability of omission is

P (Sn < h, n = tD + T ). (3)

For the quality of discord detection algorithm, it needs to minimize the prob-
ability of Eq. (3), while taking into account Eq. (2). It is achieved with an optimal
choice of threshold value hopt.

Theorem 1. For the proposed method the optimal choice of threshold is

hopt = min{h :
h∑

k:=0

(λ1T )k

k!
> eλ1T (1 − α)}. (4)

The probability of omission is then

hopt∑

k:=0

(λ2T )k

k!
e−λ2T .

Proof: Let us consider Step 2 of the algorithm. The decision rule is true, but
the discord is not found (n < tD). Hence, a false alarm takes place and Sn has
the Poisson distribution with parameter Tλ1. It is clear that Sn is a positive
integer. Hence, it can be assumed that h is a positive integer. We have

P (Sn > h, n < tD) = 1 − P (Sn < h, n < tD) = 1 −
h∑

k=0

(λ1T )k

k!
e−λ1T ≤ α.

Thus, if the condition of Eq. (2) is true, then the threshold value belongs to
a set

{h :
h∑

k=0

(λ1T )k

k!
≥ (1 − α)eλ1T }. (5)

Without loss of generality we assume that tD = 0. An omission of point-
of-change occurs if Sn < h and n ≥ T . The aim of the proposed method is to
minimize the probability of Eq. (3) under the condition of Eq. (2). Hence, it
needs to minimize the probability P (ST < h). h can take a value from the set
of Eq. (5). Obviously, the discord omission probability decreases if the threshold
decreases, but the probability of false alarm increases. So, an optimal value of
threshold is the least possible value of the set of Eq. (5). Hence, we have Eq. (4).
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At the same time

P (ST ≤ hopt) =
hopt∑

k:=0

P (ST = k) =
hopt∑

k:=0

(λ2T )k

k!
e−λ2T .

This contradiction proves the theorem. ✷

The following theorem is needed for the sequel.

Theorem 2. hopt does not depend on λ2. That is, the distribution after discord
does not affect the optimal threshold value.

The proof directly follows Eq. (4).

3.2 Varying Parameter after Discord

The rate of distribution after discord is a constant λ2 as defined earlier. Some-
times it is possible to have unsteady rate such that the random value ξtD+1 has
a Possion distribution with the rate λ2 − δ1, ξtD+2 with the rate λ2 − δ2, . . ., ξT

with the rate λ2 − δT . Here, we have δi < λ2. It is possible that δj = 0, δj+1 =
0, . . . δT = 0; 0 ≤ j ≤ T . In this case the quality of the proposed method is
described by the following theorem.

Theorem 3. The probability of discord omission is

P (ST < hopt, tD = 0) =
hopt∑

k:=0

(λ2T − ∆)k

k!
e−(λ2T−∆),∆ =

T∑

i=1

δi.

Here hopt is calculated using Eq. (3).

Proof: By Theorem 2, hopt is obtained by Eq. (3). Since ξ1, . . . , ξT are inde-
pendent Poisson random values, the sum of those values, ST , has the Poisson
distribution too. The parameter of the distribution of ST is equal to Tλ2 − ∆.
So,

P (ST < hopt, tD = 0) =
hopt∑

k:=0

(λ2T − ∆)k

k!
e−(λ2T−∆). ✷

4 Performance Evaluation

In this section we analyze the quality of the proposed method through com-
puter simulation. For it, a pseudorandom generator for Poisson distribution is
necessary, and the choice of best generator is discussed. Also, we compare the
analytical data and simulation data, and verify that the degree of false alarm
is limited. The proposed algorithm is tested for both the constant and varying
parameters of the distribution. For each simulation experiment, 106 runs are
averaged to show the sensitiveness of the algorithm to the lag and parameters
of distributions.
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4.1 Pseudorandom Generator for Poisson Distribution

For the performance evaluation of mobility management such as mobile location
management and hand off schemes, simulation is frequently employed. Usually
the ranges of parameter values of wireless network are quite large, and it results
in complex calculation and large simulation time. Therefore, it is important to
choose a fast pseudorandom number generator.

In this paper we use a sequential random values of Poisson distribution for
modeling the number of calls per unit time. There exist many algorithms gen-
erating Poisson pseudorandom numbers [10–12]. They are compared taking into
account the specific property of the target problem.

The methods in [10, 11] use the idea that if the time between arrivals is expo-
nentially distributed, then the number of arrivals have the Poisson distribution.
We also need to use a uniform pseudorandom number generator. The method
[12] uses only one uniformly distributed numbers. In Table I below the result of
the generators tested is given. It shows that the algorithm from [12] is the best
for average and large values of the Poisson distribution parameter. Method (A)
of Molloy and Knuth[10, 11] have an advantage for small value parameters.

Table I. The time for generating 1,000,000 pseudorandom numbers (nanosecond).

Distribution rate Ermakov Knuth; Molloy (A) Knuth; Molloy (B)

0.0001 38 33 44

0.01 38 33 44

0.1 39 38 44

0.2 39 44 44

0.3 38 50 44

0.5 43 47 50

1 47 61 58

2 49 99 71

3 66 137 82

5 82 198 109

10 143 363 176

100 1027 3279 1373

300 3010 9694 4010

500 5141 16323 6712
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4.2 Verification of Limited Degree of False Alarm

According to Eq. (2), the proposed method gives a small number of false alarm.
In each test the method employs a random value T , and a counter is increased
if a false alarm takes place. Let the degree of false alarm be equal to or less than
5% throughout the tests. An admissible lag is selected among different values.

Table II. The degree of false alarm.

λ2 T hopt False alarm(%)

0.01 20 5 2.0

1 10 15 5.0

2 10 28 3.4

3 10 39 4.8

3 20 73 4.3

3 50 170 4.9

3 5 22 3.3

3 3 14 4.0

3 1 6 3.5

10 10 117 4.2

50 10 537 4.8

Each row in Table II is a result of simulation experiment for different λ2

values. At the beginning of each experiment, the optimal threshold is calculated
based on Theorem 1 and the value is used for all the runs. The number of false
alarms is in the column for false alarm which is given in percentage. We see
that the degree of false alarm is always lower than 5%.

4.3 The Efficiency of the Proposed Algorithm

Let us find out the quality of the proposed discord detection algorithm. Without
loss of generality we assume that tD = 0 for discord detection. So, we have a
distribution with a discord at the beginning. The simulation method is the same
as above and the degree of false alarm is equal to 5%.

The discord detection rates from the simulation and analytical model are
shown in Table III. Notice that they are very close, which verifies the effectiveness
of the proposed model. The proposed discord detection algorithm always detects
a demand change for relatively large distribution parameter values even though
λ1 and λ2 are close and the admissible lag is not large.

Let us now consider the case of non-constant rate after the point-of-change.
Let a random value ξi, i = 1, . . . , T , after the discord have the parameter of
distribution λ1 + δi, if λ1 + δi < λ2. Otherwise, the rate is equal to λ2. In
other words, the rate of distribution after the discord changes gradually with a
constant step δ up to λ2. The results for δ = 0.1 are given in Table IV.
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Table III. The efficiency of the algorithm.

λ1 λ2 T hopt Simulation Model

1 1.2 10 15 15.7 15.6

1 1.2 100 117 58.2 58.5

1 1.2 300 329 94.9 94.8

1 3 10 15 100 100

2 3 20 28 87.1 86.5

3 5 15 56 98.8 98.7

2 4 30 73 100 100

5 10 20 117 100 100

10 11 100 346 100 100

100 120 10 346 100 100

Table IV. Non-constant rate after discord.

λ1 λ2 T Simulation Model

1 2 10 48.5 48.3

1 2 20 91.1 88.3

10 11 10 12.1 12.2

10 11 20 29.7 26.8

1 3 10 88.4 88.9

100 120 10 100 100

We see that the quality of the proposed method in the case of varying dis-
tribution parameter is worse than that of the constant case. However, it is not
true if T is relatively large. In Figure 2 the relationship between the quality and
T is demonstrated for the case of λ1 = 2, λ2 = 3, and δ = 0.1.

5 Conclusion

It is important to know the number of calls for moving users for effective man-
agement of cellular networks. The number depends on the behavior of customers,
which is usually irregular and very difficult to model. The method for detecting
the demand change in terms of the numbers has been presented in this paper.
The point-of-change problem under admissible lag has been stated and analyzed
by computer simulation with Poisson random value. The proposed algorithm for
detecting the demand change shows high accuracy under heavy load, and the
developed model can accurately predict the performance of the algorithm.
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Fig. 2. The relationship between the detection rate(%) and admissible lag; λ1 =
2, λ2 = 3.
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