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Abstract: Present generation mobile systems provide access to a wide range of services and enable mobile
users to communicate regardless of their geographical location and their reaming characteristics. Due to the
growing number of mobile users, global connectivity and the small size of cells, one of the most critical 1ssues
regarding these networks is location management. Tn recent years, several strategies have been proposed to
mnprove the performance of the location management procedure in UMTS networks. In this study, we present
a User Pattern Learning strategy (UPL) using cascaded correlation neural networks to reduce the location
update signaling cost by mcreasmng the mtelligence of the location procedure n UMTS. This strategy
associates to each user a list of cells where the user is likely to be with a given probability in each time interval.
The implementation of this strategy has been subject to extensive tests. The results obtamned confirm the
efficiency of UPL in significantly reducing the costs of both location updates and call delivery procedures when
compared to the UMTS standard and with other strategies well-known in the study.
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INTRODUCTION

Owing to the increasmng population of mobile
subscribers, smaller sized cells have been used to
accommodate the large number of Mobile Terminals
(MT’s). Sending paging signals to all cells within a
Location Area (LA) to locate an MT may result in an
excessive amount of network bandwidth. Therefore, more
sophisticated schemes (Akyildiz et al., 1996; Jeong and
Teong, 1998) were proposed to make the location update
and terminal paging operations more efficient. These
schemes include the time-based, movement-based and
distance-based schemes which locate an MT by paging
the LA s ring by ring from its last updated location. Tn this
paper, we propose a location update scheme based of
cascaded correlation neural networks where an MT
updates its location only when it’s moving direction
changes. To locate an MT, paging can be carried out
along its moving direction and hence the paging cost 1s
reduced. Moreover. The MT’s moving direction can be
determined by simple numerical calculations.

Location management methods are classified into two
major groups: Memory-based and non-memory-based
methods. The first group includes methods based on
learming processes, which require knowledge of mobile
user behavior, while the second group includes methods
based on specific algorithms and network architectures.

The strategy proposed in this paper belongs to the first
group. In North America, the 13-41 standard is used for
both the location update and call delivery procedures.
This standard deploys a two-level database architecture
consisting of a single Home Location Register (HLR) and
several Visitor Location Registers (VL.R). The HLR for a
given network contamns the network's subscriber profiles,
while a VLR stores the profiles of the users that are
currently roaming within . As associated with that specific
VLR. Third-generation mobile networks are characterized
by high user demsity and ligh mobility (like current 2G
systems) and small cell sizes, which will increase the
number of location updates and handoff messages, thus
limiting the switching capacity and available bandwidth.
Reducing the signaling and database access costs of
location management introduces significant technical
challenges which have to be dealt with and constitutes an
important tesearch area. Several altemative strategies
have recently been proposed to improve the performance
of the location management scheme (Cayirci and Akyildiz,
2002; Cken and Gu, 2003; Ho and Akyildiz, 1997, 1995;
Huand Tan, 2004).

There are 2  basic operations m location
management: Location update and paging. Location
update 18 the process through which system tracks the
locat ion of mobile terminals that are not in conversations.
The mobile terminal reports its up-to-date location
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information dynamically. A PA may include one or more
cells. When an incoming call arrives, the system searches
for the mobile terminal by sending polling signals to cells
i the PA. This searching process 1s referred to as paging.
To perform location update or paging will incur a
significant amount of cost (e.g., wireless bandwidth and
processing power at the mobile terminals, the base
stations and databases), which should be mimmized in the
systems.

A User Pattern Leaming strategy (UPL) associates
with each user a list of Location Areas (LA) where she 1s
most likely to be located within a given time mterval.
When a call arrives for an MT, each location within the
list is paged sequentially until the MT is found When a
user moves between locations within the list, no location
update 1s required. The list is stored at an Intermediate
Location Database (ILD) associated with a Mobile
Switching Centers (MSC) as well as within the user's MT.
The cost reduction depends on the behavior of each
class of user. It can be assumed that, when the user
follows its expected behavior, the cost of a location
update is reduced.

In the UPL, if the position of a user is always known
i advance, then no explicit registration is necessary.
Thus, the optimal location area is given by a single cell,
which, in turn, minimizes paging costs. Stationary users
on fixed schedules extubit this type of behavior. If mobile
users are classified into categories, as was done earlier,
the system could treat each category differently to
minimize system costs. Furthermore, user mobility
mformation can be used to assist mobility management
(traffic routing), to manage network resources (resource
allocation, call admission control, congestion and flow
control) and to analyze handoff algorithms in ntegrated
wired/wireless networks. User mobility patterns can also
be useful for system recovery (Gil ef al., 2001 ). By means
of a fuzzy logic algorithm, a users' location is forecast by
the system, which eliminates the need of a backup. This
way, users will not experience long service delays.

Our strategy differs from the others user profile
strategies in the following aspects:

We use a Cascaded Correlation Artificial Neural
Network (CCANN) (Fahlman and Lebiere, 1990) to
learn about the  wusers’ regular routines. Pattern
recognition is one of the fields where neural networks
(ANNs) have been strongly applied from many years.
Pattern learming and classification can be stated as the
problem of labeling test patterns derived by a particular
application domain. A classification system may be
trained by a set of data features, adequately prepared or
not. We have divided our strategy mto two steps:
Traiming and application. In general, ANN systems are
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capable of leaming trends in a given data set and
establishing input-output relationships based strictly on
a test set of data. It 1s desirable for the test data that the
system learns from to be as representative of the complete
data set as possible; trends not seen in the test data set
will not be "learned” by the neural network system. After
traiming, the network is ready for application For
satisfactory application, it 1s essential that the traming
data contain input sets (and the associated output values)
that represent the entire range of possible future inputs;
the system will only perform as well as it has been tramed.
The traming examples may contain errors. ANN learning
methods are quite robust to noise in the training data. The
ability to leam is a fundamental trait of intelligence.
Although a precise definition of learning 1 difficult to
formulate, a learning process m the ANN context can be
viewed as the problem of updating network architecture
and connection weights (an elementary structure and
functional unit between two neurons) so that a network
can efficiently perform a specific task. The network
usually must learn the connection weights from available
training patterns. Performance is improved over time by
iteratively updating the weights in the network. ANN's
ability to automatically learn from examples makes them
attractive. Instead of following a set of rules specified by
human experts, ANNs appear to learn underlying rules
(like mput-output relationships) from the given collection
of representative examples. This 1s one of the major
advantages of neural networks over traditional expert
systems. Neural networks derive their computing power
through their ability to learn and then generalize;
generalization refers to the ability of the neural network to
produce reasonable outputs for inputs not encountered
during training. It 1s this quality that we utilize to predict
the movement of mobile users so that we can predict
the position of a user m advance and reduce the paging
cost based on the predicted destination cell.

Finally, the impact on the performance of location
management with CCANN 1s reduced. The cost of the
UPL 18 decomposed inte four components: traming
procedure, maintenance and update of the user's profile,
location update and call delivery. Although CCANN
learning times are relatively long, evaluating the learned
network in order to apply it to a subsequent mstance
(maintenance and update of the user's profile, location
update and call delivery) is very fast. In CCANN,
performance 1s improved over time by iteratively updating
the weights in the network as compared to conventional
ANN algorithms. This study proposes a user pattern
learning strategy that reduces the signaling cost of a
location update by mcreasing the intelligence in the
location procedure.
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UMTS NETWORK ARCHITECTURE

Universal Mobile Telecommumcations Service
(UMTS) can be viewed as an evolution of GSM that
supports 3G services. Generally, a UMTS network is
divided in an access network and a core network (Fig. 1).
The former 1s dependent on the access technology, whle
the latter can theoretically handle different access
networks. The access network is known as the UMTS
Terrestrial Radio Access Network (UTRAN). The UTRAN
15 comprised of two types of nodes, the Radio Network
Controller (RNC) and the Node B, which 1s a Base Station
(BS). It controls the radio resources within the network
and can interface with one or more stations (Node Bs).

The air interface used between the User Equipment
(UE) and the UTRAN is WCDMA. This interface is called
Tu in UMTS. The UTRAN communicates with the core
network over the Tu interface. The Tu interface has two
components: the Iu-CS interface, supporting Circuit-
Switched (CS) services and the Tu-PS mterface, for Packet-
Switched (PS) services.

The RNC that controls a given Node B is known as
the Controlling RNC (CRNC). For a given connection
between a UE and the core network, only one RNC can be
in control, the Serving RNC (SRNC). The CRNC controls
the management of radio resources for the Node B that it
supports. The SRNC controls the radio resources that the
UE 18 using. It 1s possible for a CRNC and a SRNC to
coincide. UTRAN supports soft handovers (where an UR
is communicating with a Node B whose CRNC is not the
SRNC). The Iur interface's purpose 1s to support this type
of handover, that is, inter-RNC mobulity.

Mobility management issues in multitier PCS systems
are presented in (Cayirci and Akyildiz, 2002). Hwang et al.
(2000} propose a direction-based location update method
that uses line paging for reducing paging costs. This
approach is based on a conventional two-dimensional
random walk model, where the directions of the MTs are
assumed to be independent and 1dentically distributed.

Aljadhai and Znati (2001) deal with the question of
how to support Quality of Service (QoS) through an exact
knowledge of the trajectory followed by the MT. For this
solution to work, it 1s crucial to have an efficient
prediction mechanmism for the user's trajectory. With an
estimation of trajectories, arrival and departure times, the
system is able to support QoS requirements. This
approach does not necessitate the memorization of users'
profile within the networl.

Wuetal (2002) present a new analytic framework for
dynamic location management of PCS networks.

Mobility Management in UMTS: In standard UMTS,
Mobile Switching Centers (MSCs) are responsible for the
circuit switched location management, while Serving
GPRS Support Nedes (SGSNs) assume the packet
switched location management. Both domains are linked
over some interfaces, but the information is kept in
separate networl entities: The CS location information is
in the MSC, while the PS location information 1s m the
SGSN. The HLR 1s a common location mformation
database for both domains. Several area types have been
defined in UMTS to handle the location information:

Location Areas (LA) are the same as in GSM.

b
| NODEBl |NODE Bl | NODE Bl |'NODE B | | NODE B|
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Fig. 1: UMTS network architecture
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A Routing Area (RA) is composed of a group of cells
that belong to only one RA. Several RAs can be
included in the same LA, but an RA cannot span
more than one LA, The PS domain to track the MT's
location when in idle mode uses the RAs.

UMTS Registration Areas (URAS) are an
intermediate level between cells and RAs (or LAs).
They are similar to RAs and L As, but are used by the
UTRAN to set trade-offs between the MT's location
accuracy and signaling load. Furthermore, they are
used to track the MT's location while it is in
comnected mode without using a logical chamnel.
This concept is optional in UTRAN.

Cells are related to the provision of radieo
coverage. The idea of having this diversity is to allow
a trade-off between location accuracy and paging
(Cayirci and Akylidiz, 2002).

User pattern learning strategy: In this study, we
mtroduce our UPL location management strategy. We
also present protocols and algorithms supporting this
scheme. Furthermore, several application scenarios are
proposed. In the following discussion, we define the
anchor LA of an MT as the LA whose location 1s updated
at the HLR. When an MT changes LA, it updates the
pointer at the anchor LA. This way, no update 1s made at
the HLR.

Overview of the user pattern learning: The main
motivation behind the use of Artificial Neural Networks
(ANN) is their ability to learn relationships in complex
data sets that may not be easily perceived by humans.
Leaming and generalization are perhaps the most
important topics in neural network research. Learning is
the ability to approximate the underlying behavior
adaptively from the training data, while generalization 1s
the ability to predict well beyond the training data. The
basic element of an Artificial Neural Network (ANN)
system is called a neuron. The neuron accepts one input
x, which may actually be a sum of multiple inputs and
produces an output value y based on a nonlinear
function. In general, ANN systems are capable of
"learning" trends in a given data set and establishing
mput-output relationships based strictly on a "test" set of
data. Tt is desirable for the "test" data that the system
"learns" from to be as representative of the complete
data set as possible; trends not seen in the test data set
will not be "learned" by the neural network system
(Halpin and Burch, 1997).

Typically, ANNs are organized m several layers of
elementary units called neurons, each computing a non-
linear function of a weighted sum of its mputs (Fig. 2).
The learning phase of an ANN is based on algorithms
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Fig. 2: ANN Architecture

(e.g., backpropagation) able to set the weight connections
by training the net with a known data set until a certain
(small) error is achieved. Unfortunately, the design of
networks of practical mterest 1s not an easy task as the
whole topology of the network, 1.e., number of hidden
layers, number of neurons inside each hidden layer, the
connections between the neurons, . should be
specified in advance. The lidden layers are called
"hidden" umts because their output i1s available only
within the network and is not available as part of the
global network output. Typically, trial-and-error and
heuristic procedures are used to determimne the network
topology according to some criteria (e.g., minimum
classification error). In practice, for a given network
topology and (real) training set, the best possible set of
weights cannot be guaranteed by the back propagation
algorithm (Halpin and Burch, 1997).

The number of nodes used in the input layer usually
depends on the type and amount of input data, several
hundred input nodes may be used m large applications.
The number of nodes in the hidden layer determines, in
general, the ability of the network to leam complex
relationships. There may be multiple hidden layers to
increase the network's ability to leamn. In our model, with
the BP algorithm, there are three layers i the Neural
Networks, input layer, hidden layer and output layer. The
role of the hidden layer is to remap the inputs and results
of previous layers to achieve a more separable or
classifiable representation of the data and allow
attachment of semantics to certain combinations of layer
inputs.

ANNs perform their calculations using nonlinear
functions and simple multiplying factors, called weights,
which are associated with a pathway between any two
nodes. While the functions remain constant for any given
application, the weights are updated in such a manner that
the complete network "learns" to produce a specific
output for a specific input. The process of adjusting the

etc.

weights to achieve a specified accuracy level 1s referred to
as "tramung." The backpropagation (BP) traming
algorithm 18 a method for iteratively adjusting the
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weighting factors until the desired accuracy level is
achieved. This algorithm 1s based on a gradient-search
optimization method applied to an error function (i.e., the
sum of squared error). In our approach, we use the
learning process to derive a list from which we can find,
with high accuracy, the exact cell m which the MT resides
at any time of every day. The learning process is able to
derive such a list after observing (learning) the behavior
of a mobile user for a certain period of time.

By observing the mobile user's daily behavior, we use
the BP algorithm to learn the behavior. With some useful
data from observation of the mobile user as the input
nodes, we can obtain the output as the result we want,
which 1s the cell information of the mobile user on
observation, that is to say, the cell list for a mobile user.
For every mobile user there 1s a user pattern learning
process associated to it. We may classify the users into
three different categories depending the predictability of
their daily routine: Users who have a very high probability
of being where the system expects them to be
(deterministic users), users who have a certain likelihood
of being where the system expects them to be (quasi-
deterministic users) and users whose position at a given
moment 15 unpredictable (random users), similar to the
classification proposed in Pollini and Chih-Lin (1997). The
predictability of determimistic and quasi-deterministic
users can be used by the system to reduce the number of
location update operations. So, after the learming process
completes, we get the mobile user's behavior associated
with known location areas. Then, a profile 1s built for the
mobile user (Fig. 3). When a call arrives for a mobile, it is
paged sequentially in each location within the list. When
a user moves between location areas in this list, no
location updates are required. The list is stored at the HLR
in the Information Database (TD) as well as in the user's
mobile termmal. The cost reduction depends on the
behavior of each class of user. It can be assumed that,
when the user follows its expected behavior, the location
update cost is reduced, even if accesses to HLR are
mimmized when calls are received from relatively close
areas.

Our strategy ncreases the mtelligence of the location
update procedure and utilizes replication and locality to
reduce the cost meurred from the paging procedure.

An Intermediate Location Database (TLD) is added to
the UPL scheme. This database 1s located on the same
architectural level as the MSC and contains the profile of
each user. Furthermore, the ILD contamns a flag for each
registered MT and indicates whether or not the MT is
roaming under that particular MSC. The flag helps us
exploit the "locality" property of calls (i.e., incoming
calls from the same MSC). Moreover, our strategy takes
advantage of calls placed regularly to a particular user
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Fig. 3: User movement path

(1.e., a great amount of calls are placed by the MT's top
five callers). Thus, some TLDs will store "location data
tables" that contain pomters tracking the called MT's
location. This may somewhat increase the location update
cost since the MT must use these pointers each time it
changes location. On the other hand, using pointers
sigmificantly reduces paging costs.

An user behaviour is as shown in Fig. 3. A user's
profile 1s made up of several fields. The first field 1s the
profile number. Each user might have several profiles,
each contaming a different behavioral pattern. The next
two fields contain the IDs of the MSC and the LA under
which an MT might be roaming. The Expected Entry Time
(EET) field indicates the time interval within which the
system expects to locate the MT in a particular LA. The
Timestamp field indicates the date and time an MT has
entered a new LA. Fmally, the Number of Visits field
saves the number of times that an MT has been roaming
under a particular LA. When a MT enters a new LSTP that
he has never seen before, the MSC creates a basic profile
containing a single record with MT's current LA.

The UMTS network consists of three interacting do-
mains: Core Network, UMTS Terrestrial Radic Access
Network and Mobile Terminal (Fig.1). The main function
of the core network 1s to provide switching, routing and
transit for user traffic. The Core network also contains
databases (like HLR) and network management functions.
The UPL process is in the Mobile Switching Center (MSC)
in the core network, The UPL associates with each user a
list of Location Areas (ILA) where she is most likely to be
located within a given time interval. This list 1s stored at
an Intermediate Location Database (ILD) associated with
an MSC as well as within the user's MT.

Backpropagation algorithm: We use the BP algorithm to
implement the learning process. In our problem, the
learming process aims to derive a list with which we can
find the cell in which the MT locates at any time of every
day with high accuracy after observing the behavior
of the mobile user for a period, for example, a month.
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There are three layers in the Neural Networks: Tnput
layer, lndden layer and output layer. The role of the
hidden layer is to remap the inputs and results of previous
layers to achieve a more separable or classifiable
representation of the data and allow attachment of
semantics to certain combinations of layer inputs.

In Fig. 2, we present a simplified ANN use in our
approach. The circles represent units or neurons that are
extremely simple analog computing devices. The numbers
within the circles represent the activation values of the
units. The main nodes are arranged m layers. In this
study, there are three layers, the input layer that contains
the values for Day and Time, a hidden layer that contains
three nodes, hl, h2, h3 and two output urits that gives
the value of the output values, it's the probability that
reside each cell in the User Mobile History (UMH). The
hidden layer 1s so named because the network can be
regarded as a black box with inputs and outputs that can
be seen, but the hidden units cannot be seen. The lines
comnecting the circles represent weights and the number
beside a weight is the value of the weight.

To compute the value of the output units, residence
probability, we place values for Day and Tume on the
input layer units. Let these values be Monday, 10:15, as
shown in Table 1. First, we compute the value of the
hidden layer umt, hs. The first step of this computation 1s
to look at each lower level unit. For each of these
connections, find the value of the unit and multiply by the
welght and sum all the results.

The steps of BP: The error back-propagation algorithm
can be outlined as:

Step 1: Initialize all weights to small random values.
Step 2: Choose an input-output training pair.

Step 3: Calculate the actual output from each neuron in a
layer by propagating the signal forward through the

netwark layer by layer (forward propagation).

Step 4: Compute the error value and error signals for
output layer.

Step 5: Propagate the errors back ward to update the
weights and compute the error signals for the preceding
layers.

Table 1: An example training set

Examples Di(Day) Ti(Time) Ci(CellId)  Probability(%o)
El Monday 02.15 51,6 90,50,10
E2 Monday 11.45 52,1 95,50,10
E3 Sunday 12.00 5,63 40,90,15
E4 Thursday 14.15 52,1 95,50,10
ES Thursday 05.30 5.1.6 90,50,10
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Step 6: Check whether the whole set of training data
has been cycled once, yes-go to step 7; otherwise go to
step 2.

Step 7: Check whether the current total error is
acceptable; yes- terminate the training process and output
the field weights, otherwise initiate a new training epoch
by going to step 2.

The cascade correlation algorithm

Initial configuration: The algorithm begins with a simple
perceptron with N mput units (Fahlman and Lebiere, 1990)
and M output units. N and M are chosen on the basis of
the problem that the network 13 to learn as shown in Fig.4.
Initial training:

The perceptron is trained on the entire traiming set
{Vp,Tp) | p = 1...., P }, until the performance of the
network 1s as good as possible. If the desired performance
is obtained, the algorithm stops. Otherwise: Start adding
hidden units to the network, one by one.

Training of candidates: A pool of candidates for a new
hidden unit is generated. This pool emulates a stochastic
search 1 the weight space, which will decrease the risk of
inserting a candidate stranded in a local minimum with
high emror. Each node mn the pool of candidates 1s
connected to all input nodes and all previously inserted
hidden umits. Each of the candidates 1s tramed with the
purpose of maximizing some measure of “goodness” of

the candidate.
& &

Initial State
No Hidden umits
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Fig. 4. The Cascade architecture, mutial state and after
adding two hidden units
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Inserting a new hidden unit: The candidate with the
highest score 13 inserted “for real” in the network as a new
hidden umit. The incoming weights to the new hidden umit
are then frozen, 1.e. they are not to be changed anymore.
The new hidden umt 1s connected to all output nodes
with random weights.

Retraining the network: All the incoming weights to the
output units are retrained in order to adjust the weights
from the newly inserted hidden unit. Tf the performance of
the networle is satisfying after retraining, the algorithm
stops. Otherwise: Go to 3.

Cascade correlation neural network architecture: A
cascade correlation network consists of input units,
hidden units and output units. Tnput units are connected
directly to output units with adjustable weighted
connections. Connections from inputs to a hidden unit are
trained when the hidden unit is added to the net and are
then frozen. Connections from the hidden units to the
output units are adjustable consequently.

Cascade correlation network starts with a mimmal
topology, consisting only of the required mput and
output units (and a bias input that is always equals to 1).
This net is trained until no further improvement is
obtamed. The error for each output until 1s then computed
(summed over all tramning patterns). Next, one hidden umt
is added to the net in a two-step process. During the first
step, a candidate unit is connected to each of the input
units, but 1s not connected to the output umts. The
welghts on the connections from the mput umits to the
candidate unit are adjusted to maximize the correlation
between the candidate’s output and the residual error at
the output umits. The residual error is the difference
between the target and the computed output, multiplied
by the derivative of the output unit’s activation function,
i.e., the quantity that would be propagated back from the
output units 1 the back propagation algorithm. When this
traimng 18 completed, the weights are frozen and the
candidate unit becomes a hidden unit in the net. The
second step in which the new unit is added to the net now
begins. The new hidden umt 15 then comnected to the
output umts and the weights on the commections bemng
adjustable. Now all connections to the output units are
trained. (Here the connections from the input units are
trained again and the new comnections from the hidden
umnit are trained for the first time.) A second hidden umt 1s
then added using the same process. However, this unit
receives an input signal from the both input units and the
previous hidden umt All weights on these commections
are adjusted and then frozen. The comnections to
the output units are then established and trained. The

. 1(3): 101-108, 2007

process of adding a new unit, training its weights from the
input units and the previously added hidden umits and
then freezing the weights, followed by training all
connections to the output units, is continued until the
error reaches an acceptable level or the maximum number
of epochs (or hidden units) is reached.

The purpose of inserting a new unit is to reduce the
total error of the network. The way the CCA does this is

to train the candidate unit so the correlation between the

residual error and the output from the candidate is
maximized. Let X and Y be two stochastic variables.
Then the correlation between X and Y is defined as:

Cor[X,Y] = oS Y]
T Var[X]Var[Y]

IMPLEMENTATION AND ANALYSIS

We analyze the sensitivity of the CCA algorithm to
the leamning rate i the UPL approach. We generated 2400
samples for each set, assuming normal distributions using

the statistics estimated from the real data. We used 1500

samples of each set as traming data and the rest as test
data. Then, we chose to use the generated data to avoid
the problem of mcorrect estimation of parameters. If
traiming data 1s not a good representative of the sets, then
the classification accuracies of training and test data
might be very different, resulting in difficulty m comparing
the performance of the learming algorithms. The traming
performance and the classification accuracies are shown
i Fig. 5 and Table 2, respectively.

Table 2: Classification Accuracies of CCA Neural Networks

Leaming rate Training data Test data
0.01 80.124 852
0.3 85.202 84.72
10° Performance is 4.07237¢-006 goal is 5¢-005
10'
% 10"
|
&
ERTRE
= 10
£
=
107"
10 T T T T T T T T
4] 5 10 15 20 25 30 35 40
[Stop training] 44 Epochs

Fig. 5: Training performance curve

107



J. Mobkile Commun., 1 (3): 101-108, 2007

CONCLUSION

In this study, we present a user pattern learning
strategy using cascaded neural networks to reduce
location wupdate signaling cost by increasing the
intelligence of the location procedure in UMTS. This
strategy associates to each user a list of cells where she
15 likely to be with a given probability m each time
interval. The list is ranked from the most likely to the least
likely place where a user may be found. When a call
arrives for a mobile, it 1s paged sequentially i each
location within the list When a user moves between
location areas in the list, no location updates are required.
The results obtained from our performance evaluation
confirm the efficiency and the effectiveness of UPL in
comparison with the UMTS standard and other well-
known strategy. This improvement represents a large
reduction in location update and paging signaling costs.
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