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ABSTRACT

Discovering movement behaviours of groups of similar mobile objects has played a crucial
role in allocating resources and guaranteeing Quality of Service (QoS) in wireless network. In
our previous work, we have proposed a weighted combination similarity measure which
integrates simultaneously the spatial and temporal characteristics of mobility patterns in wireless
networks. In this paper, we demonstrate the efficiency of the proposed similarity model by
means of compared evaluation with two representative clustering techniques and then draw two
novel issues. Experimental results demonstrate that: (i) it is reasonable and necessary to combine
both spatial similarity and temporal similarity; (if) temporal property is as significant to
clustering quality as spatial property; (ifi) the quality of clusters is improved significantly when
applying the proposed combined measures. In addition, the experiment results also suggest to: (i)
construct an effective clustering algorithm to deal with drawbacks of the both representative
clustering techniques; (if) better develop a mobility prediction technique using mobility
behaviours of the same users group rather than only investigating mobility behaviours of a single
individual user.

Keywords: wireless network, clustering, mobility patterns, mobile object, similarity measure,
trajectory.

1. INTRODUCTION

In the wireless network, whenever a mobile user moves from one cell to another during
using services, the network resources must be reallocated at future destination. In order to still
guaranteeing Quality of Service (QoS), sufficient network resources must be allocated before the
mobile user move to. This requires mobility information of the mobile user for reserving
resources in such cells where the user is likely to be in. Using the user’s movement history to
predict his next locations is one of the most effective approach for advance network resources
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reservation and has aftracted several research interests ([2, 16, 17, 18]). It is easy to see that
successful prediction for the user is possible if his own movement history is complete, otherwise
resulting in prediction accuracy may be affected due to the lack of extracted rules. Hence,
discovering knowledge about the movement of various groups of mobile users in wireless
networks has become critical in mobility prediction in wireless network. Although different
mobile users express differences in their movement behaviours and the nature of their
movement, they typically share similarities [1]. Many researches indicate that mobility
prediction schemes should be based on modelling behaviours in group rather than the individual
mobility model ([1, 2, 3, 4, 5, 8, 9, 12]). And in turn, mobility behaviours in group are
determined in term of the similarity between movement patterns. Thus, the problem of
modelling mobility behaviours in group is reduced to determining the similarity of mobility
patterns among mobile users.

In our previous work [12], we have proposed a weighted combination similarity measure
which is concerned with characteristics on both time and space of mobility patterns in wireless
networks. This paper is a continuation of our study to demonstrate the efficiency of the proposed
similarity measure by means of experimental evaluation. The contribution of this work is three-
fold:

- Reviewing the model of our similarity measure to show the reasonability of the combination
of time and space into mobility patterns in wireless network.

- Conducting experiments to evaluate effectiveness of the proposed measure as well as
usefulness of the measure in discovering group similar behaviors of mobile users. Our
evaluation is based on implementation and comparison with the same measure of two well
known clustering techniques on a synthetic dataset. The experimental results show that it is
necessary to integrate simultaneously spatial and temporal properties of mobility patterns. In
addition, the best clustering quality at oo = 0.5 implies that the temporal component, which
has been not fully taken into account in most of previous studies, is as significant to
clustering quality as the spatial component.

- Drawing two novel issues: First, developing a better clustering algorithm based on the
proposed combination similarity measure to overcome the drawbacks of both clustering
techniques in [14] and [15]. Second, discovering that mobile users in wireless networks may
be classified into groups of similar mobility behaviors. Thus, it is possible for using mobility
behaviors in the same user group to deal with the incompleteness of information in
individual movement history. It would be better if constructing a2 mobility prediction
technique is based on mobility behaviors in group instead of only based on individual
mobility behaviors.

The remainder of this paper is constructed as follows. Section 2 describes the similarity
model for mobility patterns in wireless networks. In section 3, some clustering techniques are
implemented with our combination similarity measure to evaluate its effectiveness. Section 4 is
a discussion and related works. Finally, Section 5 draws conclusion and further work.

2. SIMILARITY MODEL FOR MOBILITY PATTERNS
2.1. Mobility patterns in wireless networks
This section is devoted to a brief description of our model of mobility patterns [2, 13] that

is the basis for our proposed similarity measures. In this paper, it is assumed that the radio
coverage region is represented by a hexagonal shaped network (figure 1). Each hexagon is a cell
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which is served by a Base Station (BS) in the communication space. The mobile nodes can travel
around the coverage region. The bi-directed graph is utilized to illustrate the mobility model of
nodes in wireless network. Suppose that G = (¥, E) is an un-weighted directed graph, where V' is
the set of cells in the coverage region and the set E of edges represents the adjacency between
pairs of cells. Each cell in V' is determined with the 1D number ¢ and then a location of a mobile
user at the timestamp ¢ is defined as a couple (c, 7). The bi-directed edges illustrate the fact that
mobile users may move from one cell to another directly and vice versa. The movement
trajectories of mobile users around the coverage region are collected. This concept has been
introduced by Yavas et all [18] and in this paper it is formalize as follows:

Definition 1. Let C and T be two sets of ID cells and timestamps, respectively. The ordered pairs
p=1(c 1), inwhichc e Candt €T, is called a point. Denote P to be the set of all points P = C
xT={ct)|ceCand t T}

Two point p; = (c;, ;) and p; = (¢;, 4) are said to be equivalent if and only if ¢; = ¢jand 4 = ij.
Point p; = (¢;, 4;) is defined to be carlier than point p, = (¢}, ) if and only if 1; <1, and it is denoted
as (¢;, ) < (c;, ) or pi < pj.

Definition 2. The trajectory of the mobile node is defined as a finite sequence of poinis <pj,
Do pi> in C x T space, where p; = (c; 1) are points for 1 < j <k and ID cells of two
consecutive points must be neighbors in the coverage region. A trajectory composed of k
elements is denoted as a k-pattern.

Note that the ascending order of points of trajectory is sorted by using ¢ as the key. For
example <(ci, 1)), (c2, 1), (€3, 3), (€4, 14)> is a trajectory, where #; <t <#3 <ls.

Figure 1. An example coverage region (a) and the corresponding bi-directed graph G (b).
2.2. Similarity measures for mobility patterns in wireless networks

This section presents briefly the computational model of similarity for mobility patterns
(For more detail, see [12]) which is experimentally evaluated in the next section. Our similarity
model is motivated by the fact that the location of mobility users in wireless networks should be
characterized via both spatial and temporal similarities. And then,

— Two mobility patierns are considered to be more similar in space if they share more
common cells;

— Two patterns passing through the same cells at the same times must be considered more
similar in time than the case they stayed at the different times.
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et .

Definition 3. Let § be a set of mobility patierns. A dissimilarity mecsure D: § x 5§ —» [0 1] is
Junction from a pair of patterns to a real number between zero and one and satisfi
Jollowing conditions.

(i) Reflexivity: for all P € S D(P, P) = 0;

(i) Symmetry: for all P, T 5§ D(P, T) = I(T, P).

g tho
o LESID

2.2.1. Spatial Dissimilarity Measure

For simplicity of presentation, this section makes use of tlie mobility pattern without the
time factor. Given such two mobility patterns P, = <c,y. ¢y, ..., c;> and Py = <y, :
where ¢;; € Vand ¢y € V, for all i, j. Spatial dissimilarity measure can be defined in terms of
spatial dissimilarity between two mobility patterns. The more uncommon cells there are in two
patterns, the more spatiaily dissimilar they are.

-, ~
I

Definition 4. Let > S x S — R be a function representing the number of uncommon cells in fwo
patterns P, and Py. Then, f is determined by the formula:

Py =card(le, e, 2 P, ))+card(fe, | c, ¢ P, }) @1

A spatial dissimilarity measure between two patterns is then defined as follows:

Befinition 5. The spaiial dissimilarity measure D.po.(P,, Py) between two paiteins £, and Py
with length n and m, respectively, is defined as follows:

Dsl’ace (Pa’ ]Jb} = Jf(Pa’ %) (22)
n+m

It is clear that if two patterns are equal, the result of AP, P)is zero. Thus Dipock P, Pry= 0.
Conversely, if the two patterns do not share any cells, the number of uncommon cells in these
paiterns is fAP,, Py) = (n + m), where n and m are the length of patterns 7, and Py, respectively.
Thus Dyl Po Py) = 1. We have the following proposition:

Propesition 1. The function Dy.(P,, Py) is a dissimilarity measure.

Proof. It is clear that
J < card({calca Py} ) <nand O < card({cyicy Py < m
By summation:

0 AP, Py) = card({ciilca £ Py}) + card({calcy 2 Po}) < (n+ m).

Thus’ 0< Ds'pace (B}’ ‘Pb) = M <1
n+m

It is easy to check the reflexivity. When P, = Py, the result of Dy,(P,, Py) is zero due to
AP, Py) = 0. Additionally, if the two patterns do not share any cell, then AP,, P,) = (n + my and
Dsace( Pas Pp) is equal to 1 when it is divided by (n + m).

The symmetric property is proven as follows. We have:
f(Pwa)zcard({Caf lc, & Pb})+card({cbi fc, € Pa})
and '
f(B.B)=card(le, | c, ¢ P,Y)+card(fc, | c, & P,)})
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then AP, Py) = f{Py, Pa), according to Equation 2.2, Dypace(Pa, Po) is equal 10 Dipace(Pr. P,). Thus,
symmetry property has been proven. The proposition is proved. ’

2.2.2. Temporal Dissimilarity Measure

Our temporal dissimilarity measure is defined by means of the temporal dissimilarity
between two mobility patierns which is calculated to be the sum of all temporal differences
between the timestamps of the common cells in two patterns. The smaller the total temporal
difference is, the less temporally dissimilar the two patterns are.

Suppose that 7 is the set of predcfined timestamps. Given such two mobility patterns P, = <
(Cat, La1), (Cars 122)s < -5 (Cans Lan)> ANA Py, = <(Cp1, f1), (Co25 152)s -+ (Coms fom)™>, Where cai, cvi € V and
Li, e T forall 4, j. The formalization of the temporal dissimilarity measure between patterns £,
and Py is given in the following definition.

Definition 6. The feaiporal dissimilarity measure Dyye(Po Pr) berween two patterns P, and Py,
with length n and 7, respectively, is given by

i 1 n.m
D, (P Py)= 2.1,
nme( a? b) kz;zl.j=lmax tai"fbj

where k is the nuniber of common cells of P, and Py,

T
3
el )whcr’e Co = Cy (2.3)

We have the following proposition.

Proposition 2. The function Dy (Pa, Py) is the diss imilarity measure.
r . ‘tai _[bjl
Proof Since 0 < |ty - %yl < max(ty, ty) for all £y, ty € T, 0 ——————< 1vt,.t,eT.

max(taf ? thj)
According to Equation 2.3, we just compute the time difference between two timestamps Z; and

—

t; of common cell (v = wy), then ¢ < 5" 1= o
=T max .ty
Z

< k . Therefore,

p 1 n.m tai - iji
OSDH»![:(PG’P‘J):#Z,EI i=] < Sl
k T max \l,,, 4y,

Clearly, when two patterns P, and Py pass through the same cells at the same timestamps,
Dimel Pas Pp) = 0, due t0 i - #f= 0. In the case that either P, or P, passes through all cells at

timestamp tg, then _I’.._:”_Jl_ _; and consequently Dyne(Pas Py) = 1.
max-( l‘m * !5; )

The Symmetry is proven as follows. We have:

[ai - tbjl - \’bj - rm vy
max( f,,1,) max( £, ,f,)

ty €T

ai?

Then according to Equation 2.3, Dyn(£s, Pp) s equal to Dime( Py, P,). Thus, symmetric property
has been proven. The proposition is proved.

2.2.3. Combination Dissimilarity Measure
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Resulting from the above partial dissimilarity measures, we may construct e weighied
combination dissimilarity measure as follows:

Definition 7. The composition dissimi!ari!y measure between two patterns P, and Py is given by
Y_ i ,
D(P_] E Pf, } o ’“/xpace M space ( lmre Dlmve (Pa > P ) (ZA)
in which Wope, and W, are respec{rvely weighis of spatial and temporal dissimilarity
measures, such that Wepaee + Wiime = 1.

It is easy to prove the following proposition.

Preposition 3. The function D(P,, Py) is the dissimilarity measure.

3. A EXPERIMENTAL EVALUATION OF DISSIMILARITY MEASURE

This section is devoted to invesiigating the effectiveness of the proposed dissimilarity
measure through clustering the mobility patterns of mobile users. Several clustering algorithms
have been proposed to group categorical objects. In this study, we make use of two techniques
with our dissimilarity measure to cluster mobile users.

3.1. Representative Clustering Techniques

San et al. [14] have proposed a new alternative algorithm that extended the Ameans method
in clustering categorical data. The problem of clustering is stated in terms of a constrained non-
linear optimization problem as follows:

kK n
Minimize PO¥,0) =Y > w,,d(X,,0)) 3.1)

I=l =l
subiect to

Zwu =1, w, e 01, 1<i<nl<i<k

where 7V :l’f‘r’,-_,!mis a partition matrix, g = Q ey U;,)Hb the set of representatives, and
d(X,;,0,) s the dissimilarity between object .X; and representative (. instead of ¢{Xj, Q) in

Equation 3.1, we use the proposed composition dissimilarity measure (Equation 2.4) in order to
evaluate its effectiveness.

Seung-Yoon Oh et al. [15] have proposed a hierarchical clustering algorithm for clustering
sequences. The authors use the following criterion function to choose two most similar clusters
and merge them.

Maximize Cf = Z Zszm(: i) 3.2)

r= l ri,1€C,
where #, is the number of sequences in C; and £ is the number of clusters.

In order to understand how this algorithm works, we consider the problem of clustering »
sequences. First, each of the » x (n — 1) / 2 pairs of possible merges is evaluated, and two
clusters with the maximum value of the criterion function are merged. After performing /
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merging steps, each of the (n — /) x (n — [ — 1) / 2 pairs of possible merges is evaluated.
Repeating this procedure until there are only 4 clusters. In order to evaluate our measure, instead
of sim(i, j) in the criterion function (Equation 3.2), we make use of the proposed composition
dissimilarity measure defined by Equation 2.4.

3.2. Synthetic Dataset and Basis for Experimental Evaluation

In the scope of this paper, for testing clustering quality, we build a dataset generator which
demonstrates the movement behaviors of mobile users around the coverage region (see Figure
1). At first, we manually generate 5 movement behaviors presented by sequences. For each
movement behavior, approximately 100 mobility patterns are automatically generated by
following procedure. Each mobility pattern is a movement around the graph G in Figure 1. So,
mobility patterns are generated by inserting some points p; = {c;, ) into the movement behavior
satisfying two constraints. The former is network constraints, i.e., consecutive cells in patterns
are neighbor in graph & and the later is temporal consiraints which satisfy ascending order of
timestamps in patternis. All of 100 generated mobility patterns are assigned the same label.
Repeating the procedure for each movement behavior, we obtain a testing dataset which consists
of 500 mobility patterns with 5 clusters, named P500-K35,

In this paper, we also adopt the same criterion to analyze the clustering results [14]. The
criterion was called clustering accuracy and defined as follows:

1 k
r=—>aq {4.3)
n55
where a is the number of data objects that occur in both cluster C; and its corresponding

labeled class, and » is the number of objects in the dataset. The higher the clustering accuracy is,
the better clustering quality is.

3.3. Experimental Evaluation

This section is devoted to present the following issues:
- Experimentally evaluating the proposed combination dissimilarity measure;
—  Comparing with other similarity/dissimilarity measures

3.3.1. Evaluating the proposed measure

In our experimentation, the measure is of the form
D e, (Pa,Pb)-i- (1-a).D,, (Pa,Pb) as in Definition 7, where W = o anq Weime = {1 —
a). The value of o is varied in the experimentations to find how significant the spatial and
temporal properties of mobility patterns are to clustering quality. The value o = 0 means

clustering based on purely temporal dissimilarity, while o. = 1 means clustering based on purely
spatial dissimilarity.
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1
0.3 :
0.6
0.4
Q.2 e o el G R

Q b S— - - - : : - v 3 &
alpha=0 0.1 0.2 Q.3 0.4 0.5 0.5 0.7 0.8 0.9 i

Chustering aceuracy

Spatial Welght (o)

Figure 2. Clustering quality diagram for k-Representatives algorithm.

First, &-Representatives algorithm [14] is run on the generated P500-K.5 dataset with k = 5
and a varying from 0 to 1 with 0.1 incremental steps. Figure 2 illustrates the clustering quality
of k-Representatives algorithm using our measure with respect to the clustering accuracy r. The
corresponding data are presented in Table 1.

Table 1. Clustering accuracies for 4&-Representatives algorithm.

Spatial -

Weight | @70 101020304 05 06|07 080910
Clustering | _ ¢/ | 08210841083 | 084 | 087083071071 069|067
aceuracy

Second, we run the clustering technique in [15] on the generated P5S00-K5 dataset with & =
5 and a varying from 0 to 1 with 0.1 incremental steps. We also obtain good clustering results as
in Figure 3, from the obtained data in Table 2.

s .. Hierarchical clustering slgorishen
A st sl
Zos - * <3 & >
Eo's & —m - —
;1,0.4 -
o2 -
o alpha=0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Spacilab Weight (a)
Figure 3. Clustering quality diagram for Hierarchical Clustering.
Table 2. Clustering accuracies for Hierarchical Clustering.
Spatial |6 1 o1 |02 03|04 |0s5]06]07]08]00] 10
Weight
Clustering | 486 | 0.78 | 0.96 | 0.95 | 0.92 | 0.97 | 093 | 0.86 | 0.82 | 0.8 | 0.8
accuracy

The experimental results show that the quality of clustering is well done. This improvement
in the clustering quality may be contributed by means of our new dissimilarity measure. As
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expected, the clustering quality is improved with o varying from 0.2 to 0.6. This result indicates
that both spatial and temporal properties are important to the clustering quality and therefore our
proposed dissimilarity measures were well defined. In addition, another interesting experimental
result being needed to mention here is that the best clustering quality is obtained when o = 0.5. It

implies that the temporal component is as significant to clustering quality as the spatial
component.

3.3.2. Comparing with other measures

Intuitively, the measure used to compute the similarity between data objects is one of the
key step which affects clustering quality. Several approaches have been proposed to measure the
similarity between two sequences of categorical data with simultaneously spatio-temporal
consideration. For instance, the work given by Tiakas et. al. [20] determines the similarity
between two trajectories 7, = (V_,V,;,....V,, ) and T, =(v,),V,,,...,,,) as follows:

Dtoiai (Ta B Tb ) = anel ’Dnet (Ta > T;J ) + DV "Dtime <Ta o Tb}

YV time

where Wpee + Wime=1 and:

1 i
D}:el (Ta » Tb) = z d(vm' > vb.")
m iq
03 ' if Vi = Ve
d(vai ’ vbl) = C(Vm» > vbi) + C(vbi > vm‘) otherwise
2D, ’

where D, = max{c(v,,v ), VY,V € V(G)} is the diameter of the graph G of the spatial network.

| 1w @livile-nliln-@ i+ 1l -1
Dune (T 1) = 2 T T = T 0, L+ = L)

The advantage of this approach is that it utilizes network distance and takes into
spatiotemporal aspects account simultaneously. However, geographically close trajectories may
not necessarily be similar in some real applications.

Another approach was proposed by Kang et. al. [21] which defined spatial similarity
LCSS, y(n, m) and temporal similarity CVTKa, b) where a and b are two trajectory patierns and 7
and m are the numbers of cells visited by o and b respectively.

0,ifi=00rj=0
LCSS, (i, j} =3 LCSS, (i1, j—1)+1ifi>0,j>0,a.c=b c
max(LCSS, (i, j — 1), LCSS, , (i —1, j)) otherwise

CVTH(a,b)= §|a, d bl wherea,c = b, .c

i=l, j=1
The approach focuses on temporal similarity measure with the time interval which is
different from the timestamp as in our work.
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One of the most suitable methods for cur purpose is defined by G'omez-Alonson et al.
[22]. Their main purpose is to measure a similarity of sequences of events representing the
behaviour of the user in a particular context such as sequences of web pages visited by a certain
user or the personal daily schedule. The measure dogs is based on the comparison of the common
elements (i.e. events such as web pages, places, etc.) in two sequences and the positicns where
they appear. The former computes if the two individuals have done the same things, e.g. if they
have visited the same web pages or have gone to the same places. The later takes into account
the temporal sequence of the events, e.g. if two tourists have visited the place 4 after going to
the place B or not.

0. /)+ gli, )
card (i)+ card ()

doss (i:j):

where  g(i, j) = card ({x, | x, ¢ j})+card ({x PAETY: z})
and
n A
| (Zliu,;)(p)ﬂm(p)lj
S6)="0

max {cczm’ (i ), card (t;}}
where iy = {t ] z'(t) =/, } andA = min{card(i(;k),}, C'a’”d(j(&))}‘

However, the ordering between the common elements in the two patterns may not fully
consider temporal characteristic of patterns and hence our proposed similarity measure is its
extension.

In order to demonstrate the efficiency of the proposed dissimilarity measure, this
experiment implements the same clustering technique on three similarity measures that are the
doss(i, j) in [22], the sim(i, j) in [15] and our proposed measure D(i, /) and then comparing their
clustering results:

Case I: The similarity measure in [22]
Case 2: The similarity measure in {15]

Case 3: The proposed dissimilarity measure

Table 3. Comparison of different measures.

Similarity Measure Clustering accuracy (r)
Other Measure [22] 0.89

Other Measure [15] 0.85

Proposed Measure 0.97

For each case, we run the clustering algorithm on the generated P500-K5 dataset 10 times
and calculate the average value of these clustering results. In Case 3, we take the optimal value
for combination weight, i.e., @ = 0.5. The corresponding data as in Table 3 illustrates the
comparison of clustering quality in three cases. The experimental results show that the clustering
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quality of Case 3 is better than that of Case 1 and Case 2. This considerable improvement in the
clustering quality demonstrates the efficiency of the proposed combination dissimilarity measure

and indicates that it is suitable for measure the dissimilarity between mobility patterns in
wireless network.

4. DISCUSSION AND RELATED WORKS

In reality, the mobility behaviors of mobile objects typically change as a function of time. It
means that the temporal property of mobility patterns identifies the importance of the time when
the mobile object moves from one location to another [2]. Therefore, it is necessary to concern
with temporal aspect in estimating the similarity of two mobility patterns. Some approaches [9,
[10, 11] have considered terporal property of mobility patterns but with time interval aspect or
ordering type. Our approach is based on intuition that two patterns must be considered
temporally similar when they pass through the same cells at the same time. For example, let
St = {(1, 1), (0, ), (5, ta), (6, &), (7, to)} and S2 = {(0, 1), (5, ta), (7, to)} be two mobility
patterns. In this context, there are 3 common cells 0, 5 and 7, and they have passed through cell
0 at #3, cell 5 at r4 and ceil 7 at 9. Therefore, two these patterns are considered temporally
similar. The suitability of this approach has been demonstrated by a case study [12] which
compared the proposed dissimilarity measure with other ones.

In this paper, we demonstrate the efficiency of the proposed dissimilarity measure by
means of experimental evaluation. Experimental results indicate that it is necessary to utilize the
characteristics of dependency in space and time of mobile objects in wireless networks to
construct a similarity measure for mobility patterns. In general, our weighted combination
dissimilarity measure has been proved rationally in mathematics and its efficiency is also
demonstrated by experimental evaluation in this paper.

As another contribution, the best clustering quality at o = 0.5 implies that both spatial and
temporal properties are equally significant to clustering quality while most of previous similarity
measures ([9, 10]) have not fully considered.

Moreover, the experimental results also draw the following novel issues:

~  The experiments in section 3.3.1 show that the clustering quality of Hierarchical Clustering
technique [15] is better than that of k-Representatives Clustering algorithm [14]. However,
the average run time of k-Representatives Clustering algorithm is significantly smaller than
the one of Hierarchical Clustering technique. Thus, it is necessary to better develop a
Clustering algorithm to take advantage of both these clustering techniques.

~  The similarity between mobility behaviors of mobile users in wireless networks may enable
to better develop a mobility prediction technique using mobility behaviors of the same users
group to deal with the incompleteness of information in individual movement history as in
most previous studies ([2, 18, 19]).

5, CONCLUSIONS AND FUTURE WORK

This paper has demonstrated the efficiency of the proposed dissimilarity measure by means
of experimental evaluation and drawn two novel issues. We first review briefly two temporal
and spatial dissimilarity measures and then made use of a weighted combination to integrate
these partial dissimilarity measures. Second, we have conducted experiments with two
representative clustering techniques to demonstrate the suitability of the weighted combination
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disstmilarity mcasure. The experimental resulis show that both spaiial and temporal properiies
are equally important for constructing dissimilarity measure of mobility patterns. In addition, the
quality of clusters is improved significantly when applying the proposed combined measures.
The results may enable to develop an effective mobility prediction technique to deal with the
incompleteness of information in individual movement history. We are cuirently utilizing the
proposed combination dissimilarity measure to develop a clustering scheme for classifying
mobility pattens into different mobility groups and then utilize the proposed clustering approach
to construct a prediction technique based on mobility behaviours in group.
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KHAM PHA BQ TUONG TY DI CHUYEN CUA NGUOI DUNG DI BONG TRONG
MANG KHONG DAY
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Duong Thi Thay Van"', Tran Binh Qué’, Tran Céng Hing®

'Khoa Céng Nghé Thong Tin, Truong Dai hoc Tén Pirc Thing, Thanh phé Ho Chi Minh.

‘Khoa Céng Nghé Thong Tin, Hoc Vién Cong Nghé Buu Chinh Vién T, nong,
km10, Nguyén Trdi, Ha Péng, Ha Nji

’Khoa Céng Nghé Théng Tin, Hoc Vién Cong Nghé Buu Chinh Vién T) héng,
Thanh phé Hé Chi Minh

"Email: vanduongthuy@yahoo.com
TOM TAT

Kham phé hanh vi di chuyén ciia cdc nhom déi tuong di chuyén twong tw déng vai trd rét
quan trong trong viéc cAp phat tai nguyén va dam bao chat lrong dich vu trong mang khdng day.
Trong cong trinh nghién ciru truge, ching toi da dé xuét mot mo hinh do do tuong tu ket hop
theo trong s6 nhim tich hop déng thoi dic trung khong gian va thoi gian cia mau di chuyén
trong mang khong ddy. Trong bai béo nay, chuno t6i chitng minh tinh hiéu qua cta mé hinh
tuong tu da dé xuit bang cach danh gia thuc nghiém d6 do dua trén hai thudt toan phan cum dién
hinh va tir d6 dé xudt hai y tuéng méi. Két qua thue nghiém chimg minh rang: (9) viée két hop ca
hai d¢ do tuong ty theo khéng gian va thdi gian nhu da d2 xudt that hop li va can thiét; (i) thudc
tinh théi gian coa mau di chuyen c6 y nghia tuong tu thudc tinh khong gldn trong viéc gom
ahém mau di chuyén; (D) chat luong gom nhém duge cai thign dang k& khi ap dung d6 do
tuong ty két hop duge dé xuit. Ngoai ra, két qua thuc nghiém ciing kién nghi rang: (i) can xay
dung mot thudt toan gom nhém mau di chuyén hiéu qua nham khic phuc nhiing nhuoc d:em cua
ha1 thuat toan gom nhom d:en hinh tren (ii) phat tl‘lel" mot ky thuat du doan sur di chuvcn Iot haon

vi ch] xem Xxét hanh vi di chuven cla tung ca nhan riéng le

Tir khda: mang khdng ddy, gom nhdm, mau di chuyén, déi tuong di chuyén, do twong tw, dudng di.
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TAP CHi
KHOA HOC VA CONG NGHE

Tap chi Khoa hoc va Cong nghé dang cac bai téng quan, cac két qua cong trinh nghlen clru va
céc thdng bao ngan vé céc finh viec Khoa hoc va Céng nghé. Bai gl dang duoc vidt bang tiéng
Viét hoac t:eng Anh. Tac gia dam béo néi dung cla bai glri la két qua riéng, chua dang va chua
gl dang & bat ki tap chl nao khac

THONG TIN BAN QUYEN

Bai gvi dang can dam bdo cac didu kién sau:

~ L& ¢dng trinh chua dang trude day va chua g dang & bat ki tap chi nao khac (ngoai trir
d:mg tom tat hosc mét phan cla bai gidng, bai téng quan, hay luan an);

~ Viéc cong bd da dwoc sy chdp thuan cla tit ca ddng tac gid, va néu cén la sy ddng y
clia co quan nghién clru nei céng trinh thiee hién:

~  Néu va khi ban thdo duoc chép nhan dang, cac tac gia déng v tv dong chuyén bnn
quyén cho Toa soan:

» Ban thao sé khong dwoc dang & bat ki noi nao dudi bat ki ngdn nglv nao khac khi chura
dugc sir wng thuan cla ngudi gitk ban quyén, va

» Van ban cho phép cla nguwdi gilr ban quyén sé& chuyén dén cac tac gia tlr cac ngudn aa
dang ki ban quyén khac.

Tat cé cac bai bao xuét ban trong tap chi nay déu dwoc bao vé bén quyén, gébm doc quyén tai
ché va priain phat bai bao (vd. dwdi dang bén in) | cing nhw cac quyén dich sang tiéng khac. Tai
ligu xuat ban trong tap chi nay khéng duoc tai ché bang chup anh hay lwu trlr dwdi dang
microfilm, co s& di iiéu dién t&, dfa video, v.v. khi chwa nhan dwoc gidy phép tir toa soan.
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