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Abstract— We propose a novel hierarchical position-prediction al-
gorithm which improves connection reliability and overall system per-
formance by accurately predicting the future movement pattern of the
mobile user. Our algorithm adopts a two-level approach - at the top
(global) level, approximate pattern matching is applied to determine
the mobile’s overall inter-cell movement direction, and at the bottom
(local) level, an optimum self-learning Kalman estimator is applied
that uses real-time signal strength measurements to estimate the mo-
bile’s intra-cell movement direction and velocity. Simulation results
show that this two-tier prediction algorithm promises to provide a
high degree of prediction accuracy as it is robust in the presence of
random movement patterns and noise corrupted measurement data.

I. INTRODUCTION

The management of channel resources in cellular commu-
nications presents a challenging set of problems for wireless
network designers. One of the key problems within this
set is mobility management. In existing systems, mobility
management generally entails passive network involvement
in keeping track of subscriber locations and in maintain-
ing connections. No per user resources are pre-allocated
and the probability of blocking is high as the subscriber
moves between cells. In order to reduce the blocking prob-
ability, recently, the concept of predictive mobility man-
agement has been proposed which aggressively anticipates
the movement behavior of subscribers. In [1}, the author
proposes to determine user location based on their quasi-
deterministic mobility behavior, which can be represented
as a set of movement patterns stored in a user profile. This
method was further pursued by [2], in which a user’s mov-
ing behavior is modeled as repetitions of some elementary
movement patterns, based on which a pattern-matching
based mobile motion prediction algorithm is proposed to
to estimate the future location for a mobile user. The ma-
jor drawback of these algorithms are their sensitivity to
the randomness of user movement. As reported in [2], the
prediction performance decreases linearly with the random
factor, the proportion in choosing next cell the is due to
pure uniformly random.

To provide prediction for all users with different mobility
characteristic, an accurate model is needed to explore the
regularity and rationality in the seemingly random move-
ment. To achieve this, we propose to model the user’s
quasi-deterministic inter-cell movement by editing her reg-
ular movement pattern with inserting, deleting and chang-
ing operations. Additionally, we propose to model the mo-
bile’s micro-movement as a non-stationary process with its
dynamic states being non-linearly related to a time cor-
related Gaussian process whose mean value behaves as a
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semi-Markov process. Based on this model, we develop a
set of low-complexity, recursive mobility prediction algo-
rithms that can be implemented easily in real-time sys-
tems. Our algorithms are composed of a approzimate pat-
tern matching algorithm that extracts any existing regular
movement pattern that might exist to predict the global
inter-cell direction, and a Extended Self-learning Kalman
filter that deals with ”unclassifiable” random movement
by tracking intra-cell trajectory and predicting the next-
cell crossing. We study the performance of our methods in
the presence of path loss, shadow fading and random user
movement. Simulation results show that our algorithms are
robust in the presence of noisy input, being able to predict
the speed and direction-of-travel of the mobile user with a
high degree of accuracy.

II. USER MOBILITY MODEL

The mobility model we proposed in this paper is aimed
to minimize the uncertainty of user inter-cell mobility by
exploring inter-cell moving intention and tracking intra-cell
movement. To achieve this, we model a user’s movement
in terms of a two level hierarchy. At the higher level is
the Global Mobility Model (GMM) whose resolution is in
terms of inter-cell movement, the cell sequence she may
cross during the connection’s lifetime. At the lower level
is the Local Mobility Model (LMM), whose resolution is
in terms of intra-cell movement modeled as a stochastic
process with state variables (speed, direction and position)
that vary dynamically with time.

A. Global Mobility Model

The Global Mobility Model, as shown in Figure 1-(a),
is motivated by the fact that most mobile users exhibit
some regularity in their daily movement, and such regular-
ity can best be characterized by a number of User Mobility
Patterns (or UMPs), recorded in a profile for each user
and indexed by the most possible occurrence time. The
UMPs proposed here are similar to the movement patterns
in [1j[2], but are more feasible, since we decrease UMPs’
sensitivity to small deviations of User Actual Path (UAP)
while keeping the capacity in exploring inter-cell moving
intention by approzimate pattern matching ( explained in
section IIT). As aresult, the number of UMPs necessary to
cover a network can be greatly reduced, which in turn, dra-
matically reduce the computation time needed for pattern
matching. To be specific, we model the regular movement
of a mobile user as an edited UMP by allowing the following
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Fig. 1. (a) Global Mobility Model, (b) Local Mobility Model

legal operations, with UMP= gja3...04;-10;Gi+1...ap.

o inserting a cell ¢ at position 7 of the UMP gives UAP:
a1a2...0;-1€A;..0n.

o deleting the cell a; at position ¢ of the UMP gives UAP:
a1Qa,..0—~1Qi41...0p.

o changing a cell a; to another cell ¢ gives UAP:
a142...Qi—1CA34.1...Qp.

The degree of resemblance of UAP and UMP can be
measured by the edit distance, a well-known metric of fi-
nite string comparison[3].The simplest way to find this dis-
tance is the smallest number of insertions, deletions and
changes by which the two finite cell sequences can be made
alike. In order to reflect the geometric relationship of UAP
and UMP in physical domain, we assign an non-negative
number to each edit operation as the spatial weight. As a
result, the edit distance between UMP and UAP becomes
the total of the weights of the editing operations which
are chosen not only so as to make the two cell sequences
alike, but also to have the smallest possible total weight. If
the edit distance is less than a matching threshold ¢, an ap-
proximately matched UMP is found, indicating the general
moving intention of the user.

For large systems or systems with complex network
topology, calculation of the spatial weight can be quite in-
volved. For simple computation, we limit the temporary
deviation of a mobile user within the neighboring cells of
the edited UMP. To be specific, we define the weight as
follows:

o The cost of inserting a cell ¢ at position i:

1, cis the adjacent cell of a; fori=1,..n
Wiei = .

00 otherwise

o The cost of deleting the cell a;:
0, ai1,..a;-1 have already been deleted

WDa; = { 1 .
otherwise
« The cost of changing a cell to another cell ¢ at position

1, cis the adjacent cell of a; fori=1,..n
WCci =

o0 otherwise
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B. Local Mobility Model

Our motivation for Local Mobility modeling is to further
reduce the uncertainty of inter-cell mobility by tracking the
user’s intra-cell movement. The seemingly random choice
of the next crossing cell is actually a logic function of the
user’s position,velocity, moving direction, and cell geome-
try. In order to track these time-varying values, we model
the moving mechanism of a moving user as a linear, dynam-
ical system, on which linear minimum mean-square estima-
tor can be built in real time to estimate and predicate the
dynamic states in two-dimensional Cartesian coordinates.

In real situations, a moving user has a wide accelera-
tion range. Traffic light and turns of the road may cause
abrupt changes of speed in z and y directions respectively.
In order to follow such sudden changes quickly and in the
mean time be able to keep tracking slow variations . As
shown in Figurel-(b), we model the driving input to the dy-
namic systems as a combination of a semi-Markov process
U, and a time-correlated random process a(n). The states
51,83, ...5, are discrete levels selected to cover the whole
acceleration range. Transition from one state to another
corresponds to the dramatic change of moving behavior.
Random acceleration a{n) has Gaussian distribution, with
zero mean and variance chosen to cover the “gap” between
adjacent states. Such process can be generated by passing
a white Gaussian process W, to a one-pole shaping filter,
ﬁl_—& with a as the reciprocal of random acceleration time
constant. This modeling method was once successfully ap-
plied in tactical weapon systems for maneuvering target
tracking[4][5].

Based on this model, we can get the dynamic equation
for a moving user:

X‘n+1 =AXn + BUp + W, (1)

where, X» = [z(n) vz(n) az(n) y(n) vy(n) ay(n))"

and, Un= [ us(n) |y [ ws (n)

uy(n) wy(n)

In the above, X, represents the system state vector, with
z(n), y(n) vz(n), vy(n) , and az(n), ay(n) as the posi-
tion, speed and random acceleration in the z and y direc-
tions respectively. A and B are constant state and dis-
turbance transition matrices. In the driving input vector
Unp, ug(n) and uy(n) are independent semi-Markovian pro-
cess which may take m possible discrete values respectively
81,82, ..., $m. W, is discrete time Gaussian white noise with
wy(n) and wy(n) uncorrelated.

In practical systems, observation of the dynamic states
can be obtained from RSSI measurement. The measured
value(in dB) is the sum of two terms, one due to path loss
and the other due to shadow fading, which can be regard as
a zero-mean Gaussian random variable with standard devi-
ation 4-8 dB[6]. Such measurement is non-linearly related
to the dynamic state X,, and can be expressed by:

Zn= h(Xn) +&n (2)

where Z,, is the measurement vector, and &, is the shad-
owing component.
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Fig. 2. Mobility Prediction

In order to track the mobile station in 2 dimensional do-
main, 3 independent measurement data are needed. Such
measurement can be easily obtained in real systems, like
GSM, in which a mobile station in active mode is able to
measure and report to the down link signal strength of
current cell and the best six neighboring cells every 480
ms. For this problem, we select the three largest measure-
ments as valid observation. With Eq.1 and Eq.2 as the
mathematical description of user’s intra-cell movement, an
Extended Self-Learning Kalman filter can be designed that
adaptively tracks the user’s trajectory and predicts her dy-
namic states in terms of speed and position.

III. USER MOBILITY PREDICTION

The algorithm proposed for User Mobility Prediction is
summarized in Figure 2. As shown, and corresponding
to our mobility modeling, user mobility prediction is car-
ried out at two levels - Local Prediction (LP) and Global
Prediction(GP). LP provides the best estimate of the next
crossing cell based on trajectory tracking and cell geom-
etry. GP is responsible for movement pattern identifica-
tion. With LP, a high degree of accuracy for next-crossing
cell prediction can be achieved without any assumption of
user’s mobility history. Moreover, UMP identification error
can be greatly reduced, since GP is able to looking-ahead
before make the decision about the matched pattern.

A. Global Prediction

In Global Prediction, we will solve the following: we are
given a number of UMPs related to current time interval
and a UAP which is composed of recent crossed cells in
User Mobility Buff (UBF) and the LP of the next-crossing
cell. Both UAP and UMP are finite length sequences, and
we assume the memory length of UAP is less or equal to the
length of UMP. The task is to find out that whether a UMP
contains an particular interval that UAP most resembles
in the sense that the edit distance is the minimum and
less than matching threshold ¢. If such an approximately
matched sequence is found, the remaining sequence in UMP

simply becomes the output of Global Prediction.

The basic solution of the problem is the following dy-
namic programming method[3]: Suppose that UAP =
ai,..Gm, UMP = by,..b,, we can compute the edit dis-
tance d(a; ...am, b1, ...bn) by constructing an (m+1) x (n+1)

matrix (d;;),defined by an recursive procedure:
d(0,j)=0, 0<j<n

d(i, 0) = { :i(i,O) = o0,

d—i—l,j-—l, ifa; = b;
dij ={ min{di_1,j-1 + Weij, dic1,; + Waj, (3)
dij—1+Wpi;}  otherwise

where ¢ = 0 or j = 0 means a;...a; = 1 or b;...b; = 1, with
1 representing the empty sequence. As defined in section
II, We;j is the weight of changing b; to a;, Wy;; is the
weight of inserting cell a; at position j,Wp; is the weight
of deleting b;.

Matrix (di;) can be evaluated column-by-column in time
O(mn), whenever d(m, j) is found to be at most ¢ for some
j, there is an approximate occurrence of UAP ending at
Jth cell, b;, of the UMP with edit distance d(m,j) <t. If
the edit distance is the minimum among all the approxi-
mately matched UMPs found, the remaining cell sequence
bj+1,...bn, becomes the global prediction. An example is
given in the simulation part to illustrate the operation of
this procedure.

Based on the editing relationship between UAP and
UMP, other matching criteria, like elapsed time matching
[2] can further be applied if multiple UMP subsequences
have similar edit distance from UAP.

B. Local Prediction

Observing the fact that the trajectory of a moving user is
non-stationary, Kalman filter is the best candidate, which
can be easily implemented as a simple software process.
However, conventional Kalman filter cannot resolve our
problem, because the deterministic input U, is a semi-
Markovian process with m possible states. Such hidden
randomness requires a bank of m filters with each filter
operating on a possible state. Fortunately, when certain
practical assumptions are made, as discussed in [5], the
filter bank can be reduced to a single Kalman filter aug-
mented by a recursive technique of estimating U,. The
adaptive state estimator then becomes:

Xp41 = AXn + BUn + Knt1(Zny1 — HAX, — HBU,) (4)
~ n .
where Up =Y Un(Si)P(Shy1/Zn11) (5)
i=1
P(S;+1/Zn+1) = (COHSt)f(zn+l/S:lz+1»Zn)
m
D aiP(S}/Zn) (6)
a=1
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where the following are true: ,
1. Probability density function f(zn+1/S},,Zn) has a Gaussian
distribution with mean Hp4+1AXn(s:) + Hn41BUn(s;) and variance
Hp4 [AMn/nAT —+—Qn]HZ1+1 + Rn; M, /. is the state estimation ma-
trix; Ry, is the measurement error covariance matrix and @, is the
Gaussian disturbance covariance matrix.
2. Probability 84 = P{Un = S;|Un—1 = Sa) is obtained from semi-
Markov considerations. This parameter can be approximated by a
value p near unity for ¢ = @ and (1 — p)/(m — 1) for i # « for many
tracking situations. )
3. The constant (const) is evaluated from )72, P(S},/Z,) = 1.
Based on this result, we are able to complete the adap-
tive optimum filter to predict the dynamic states from the
received signal strength measured at the mobile station.
The resulting algorithm turns out to be very simple:

Prediction : X, 41/, = AXn/n + BUn Q)
Minimum Prediction MSE Matrix:
Mpiijn = AKp/n AT +Q (®)
Kalman Gain Matrix:
Knt1 = Myiy/nHE 1 [Rogt + Hop1 My Hog] (9)
Correction:
Xpt1/nt1 = Xntiyn + Kng1[Znt1 = M(Xnp1/m)) (10)
Deterministic input update:
Un = ZUn(Si)P(S;+1/Zn+l) (11)
=1
Minimum MSE matrix update:
Muptijnpr = I — Kng1Hng1]Mp 4170 (12)
Oh
where H,4 = (13)
a)(n+1 5
Xnt+1=Xnt1/n
P(S:,1/Zns1) for i = 1,...,m can be obtained using the

recursive equation Eq.6.

Based on the estimation of dynamic states, cell-crossing
probability P(Cell;),i = 1,...,6 can be calculated when
the user moves close to the cell boundary, where we as-
sume that no chance left for the user to make dramatic
change. Variables involved in this calculation are the po-
sition (z(n), y(n)), moving direction § and bearings of the
cell vertex 6;, ¢ = 1,...6. Moving direction, # can be simply
obtained from the velocity in z and y direction. Defin-
ing f(X,) as the probability density function (pdf) of the
dynamic state X,, and f(6/X,) as the pdf of the moving
direction given X,,, P(cell;) can be calculated by:

P(cell;) = / F(Xn)P(Cell;/ Xp)dXn (14)
041

where  P(Cell;/Xn) = / F(0) Xn)db (15)

with = 1,2,1... ,6 07 =6

For unconstraint cell, we assume uniform distribution of
X, then P(Cell;) is uniquely determined by P({Cell;/X,,).
In this case the local prediction of the next crossing cell

becomes:
Next Cell = argmax;{P(Cell;/Xn)} i=1,...

,6 (16)
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Parameters | Comments |
T =0.5s Sampling interval
o, =0.5m/s? Variance of random
acceleration

[Amax| = 10m*/s
V € [30, 60] miles/hr

Maximum acceleration
Speed range

1/a =10s Random acceleration constant

o¢ = 5dB Standard deviation of lognor-
mal shadowing

po = 20w Base station transmission
power

gy = 6dB Power gain of base station

gm = 1dB Power gain of mobile station

A Wavelength of RF signal
R = 4km Radiance of cell

Movement pattern
Movement pattern
Actual path

UMP, = cacsesciacia
UM Py = cacse4€9€19C18C17C16
UAP = c1c2¢5€8C9C10C17

IV. SIMULATION

To demonstrate prediction performance, a moving user
is simulated in the conventional hexagon cell environment,
who is able to move to any cell in the network along un-
known trajectories with non-constant speed. According to
her mobility history, Two movement patterns UM P; and
UM P, are possible in the time-interval observed. On-line
mobility related information are signal-strength measure-
ment to different base stations and the recently crossed
cell 1sequence stored in UBF. Parameters involved in the
simulation is summarized in the table above.

A. Local Prediction Result

The result of trajectory tracking is shown in figure 3,
with the dashed curve as the actual trajectory, and solid
curve indicating the predicted trajectory. Figure 4 demon-
strates the result of time-varying velocity prediction. As we
can see the proposed algorithm demonstrates a good esti-
mation performance. The result of LP of the next crossing
cell is summarized in the following table:

Current Cell

Predicted Cell
In this case, the prediction accuracy rate is 83%. On an-
alyzing prediction result of the next-crossing cell, together
with users’ trajectory tracking, we find that a high degree
of prediction accuracy is achieved once the Kalman filter
becomes stable, and the error caused by the initial insta-
bility is limited to the prediction of the first-crossing cell at
the beginning of the journey. In the stable state, the pre-
diction accuracy is related to the geometric relation of user
trajectory and cell boundary, which can be compensated
by UMP matching.

C1
C6

c2
C5

C5
cg

8
C9

C10
C17

C9
€10

c17

B. Global Prediction Result

Recursive approzimate pattern matching algorithm is im-
plemented with matching threshold t as 3 and UBF size
equal to 4, which means GP output is available when the
user reaches to the forth cell, cs. GP result along the user
moving path is given in the following table
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Fig. 3. Actual and predicted user trajectory

{ Current Cell | dymp,| dupmp,| GP output
cs 2 2 co
Co 0 2 €10C18€17C16
€10 o 3 C17C16

For cell cg, the edit distance, for both UMP, and
UM P2, dyap, and dyap, equals to 2, since no pattern can
be identified, GP only gives the prediction of next-crossing
cell provided by LP. Figure 5 shows the matrices used for
approximate pattern matching at cell ¢y to demonstrate the
recursive procedure given in section /1. Line segments in
the matrices mark the direct arc in the dependency graph,
going straight down or down at an angle or to the right.
Notice that the path with minimum spatial weight may not
be unique, which may result in different predictions. For
example, in the matrix for UM Py, if é19 is viewed as the
result of insertion, cig shall follow &9 as part of the Global
Prediction, otherwise, the cell after é;o should be ¢is, since
10 18 the result of changing c;9. In this case, we select the
second possibility, which is reasonable, for ;5 is closer to
the destination.

It is also interesting to note that in this case, both UAP,
and UAP, have two cells appeared in UAP, if the state-
matching method [2] is used instead, UM P, can not be
identified, since the UM P; and UM P, will have the same
degree of similarity.
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Fig. 4. Actual and predicted user speed
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Fig. 5. Matrices used for approzimate pattern matching for cell cg,
with &10 as the local prediction of the next-crossing cell.

V. CONCLUSION

In this paper, we recognize the fact that the perfor-
mance of location tracking can be greatly improved by
exploring the mobility information available from the mo-
bile user and the network system structure superimposed
on the user’s current moving path. With this as motiva-
tion, we propose a hierarchical approach for user mobility
modeling. Based on this model, a new location predic-
tion strategy is developed which provides efficient predic-
tion of next cell-crossing and subsequence cell sequence.
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