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Abstract— Efficient bandwidth allocation strategy with si- goal of any resource allocation scheme. Achieving the above goal
multaneous fulfillment of QoS requirement of a user in a mobile provides the probablistic quality of service (QoS) guarantee as
cellular network is still a critical and an important practical issue. desired by a mobile user. However, from a network providers

We explore the problem of finding the reservation schedue that . - . . . PR
would minimize the amount of time for which bandwidth has to stand point, with a fixed given cell capzcity, the objective is

be allocated in a cell while meeting the QoS constraint. With the t0 extract high utilization by minimizing the overall resources
knowledge about the the arrival and residence time distribution of allocated for a user. In areservation based framework, the overall
a user in a cell, the above problem can be optimally solved using respurces allocated per user has two principal components: the
a dynamic programming based approach in polynomial time. To be spatial resources and the temporal resources. Minimizing the

able to use the solution, we provide a mechanism for constructing atial . educing th b f cell h
the arrivaliresidence time distribution based on the measurement of SPalld TESOUrCeS requires reducing the number of cells where

hand-off events in a cell. The above solution allows us to propose bandwidth needs to be reserved and can be done based on
an optimal time based bandwidth reservation and call admission considering either apriori knowledge or prediction about users
scheme. By being scalable and distributed, the proposed schemefyture movement pattern. Based on this consideration, several

justifies for practical implementation. Simulations results are also o .
presented to show the effectiveness of the scheme to achieve thschemes have been proposed that uses mobility profile [1], [2],

target QoS level and optimal bandwidth utilization.

Index Terms— Cellular Networks, Mobility, Reservation, Op-
timization

|. INTRODUCTION
A. Background

The new upcoming wireless infrastructures such as 3G
and 4G are deemed to support broad band data applications
and new services. The expected services will aso include mul-
timedia applications that need real time guarantees. To meet
the requirements of the above applications the service providers
ought to adopt some form of a reservation scheme or a service
differentiation to support high quality of service, and at the same
time extract high utilization from the network resources.

In a cellular network, a mobile user may visit different
cells in his lifetime. In each of these cells, resources must be
made available to support the mobile user else the user will
suffer a forced termination of his call in progress. Therefore,
careful resource alocation aong with call admission control is
required to mitigate the chances of forced termination or dropping
of a call. Due to the uncertainty imposed by the mobility of the
user, it is considered impractical from the utilization stand point
to completely eliminate the chances of dropping a call. Thus,
keeping the probability of a user getting dropped (Pyyop) below
a pre-specified target value is considered as a practical design

This research work was supported in part by DARPA under Contract number
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TS] , direction prediction [4], knowledge about possible geographic
routes with the help of ITS Navigation system [5], [6] etc. The
objective of most of these schemes is to select the cells where
bandwidth reservation need to be made.

Temporal resources on the other hand refers to the amount
of time the resources are reserved in these selected cells and
expressed in terms of the time-bandwidth product. For example,
if a connection reserves B bandwidth units for ¢ units of time
in cell s, then B xt amount of resources gets used on behalf of
the connection in cell s. Clearly, minimizing the time-bandwidth
product per user in each cell should also be an objective of any
reservation scheme. However, to maintain the QoS, minimization
of the time-bandwidth product must meet the drop probability
reguirement of a connection.

Although in future, it may be possible for a user to provide
exact information about the cells heislikely to visit, it may be still
difficult for the same user to provide apriori information about
when he may visit these cells and how long he is going to stay in
each cell. Consequently, with the uncertainty about the temporal
aspects in users mobility behaviour, it becomes a challenging
task to minimize the time for which bandwidth reservation must
be held in the cells for the user. To this end, our focus here
is to explore the use of time aspects in users mobility towards
minimizing the temporal resources allocated for a user subject to
meeting QoS constraint on drop probability.
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B. Related work and motivation

Majority of the earlier research in the area of resource
alocation was based purely on call admission control without
keeping any reservation states. These schemes such asin [7], [8],
[9], [10], [11] were mostly based on either dynamical or statical
prediction of the steady state distribution of users’ demand in
different cells. In contrast, in the recent past, severa schemes
based on keeping reservation states and per user monitoring were
proposed in [1], [4], [3], [12] and found to perform better than
the above schemes based on simulation experiments presented in
[13]. Some of these reservation based scheme such asin [1] were
just based on estimating spatial per user resource demand while
others asin [4], [3], [12] aso included the time aspects in users
demands in their scheme.

It is worth mentioning that most of the allocations schemes
were based on predicting per/aggregate user demand and, employ-
ing it to provide QoS through call admission control with/without
reservation states. However, the problem of minimizing the alo-
cated resources to meet the drop probability constraint has not
been considered in the existing schemes. In essence, majority of
the allocation schemes are parametric in nature, in the sense that
these schemes provide a parameter which can be used to obtain
a particular level of QoS(drop probability) while trading-off
utilization. Futhermore, in explicit reservation based approaches
where bandwidth is simply reserved in cdlls, the problem of time
management of the bandwidth resources has not received attention
in the existing literature. Time management of resources leads
us to a range of following questions. How long do we reserve
resources in any given cell? Can we minimize the length of the
reservation in time by using any mobility related information?
Can the input QoS parameter such as drop probability be realized
using reservation in time domain? How does users mobility
behaviours affects the resource alocation in time? Focus of this
work is trying to understand and answer these questions.

C. Contributions

The main contribution of our work is to develop an optimal
scheme for resource allocation that finds a reservation schedule
which minimizes the amount of time resources gets reserved in a
cell. In order to do so, we cast the resource minimization problem
meeting the drop probability as a optimization problem, and adopt
a dynamic programming based approach to solve the problem
optimally in polynomia time. Our solution to this problem only
needs to know the probability of arrival, the arrival and the
residence time probability distribution of users in a given cell
based on the a very general assumption that the above distribution
follows a stationary stochastic process (a necessary condition for
predicting resource demand under any circumstances). Finaly, to
apply the solution to practical situations, we develop a scheme
for constructing the arrival/residence time distribution based on
the measurements of hand-off events and propose a time based
reservation framework to enable the optimal resource allocation.
Our proposed scheme is scalable by not keeping any per user
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x: slots with bandwidth reserved

Fig. 1. Bandwidth reservation at cellin space and time

states and does not rely on remote cell query or messaging
except at the time of reservation set-up. We further provide an
extensive set of simulation results that lets us understand how the
different mobility behaviour affect the bandwidth reservation in
time and show the performance of the scheme under inaccurate
arrival/residence probability distribution of users.

D. Organization of the paper

The rest of the paper is organized as follows. In the next
section, we discuss the issues of resource allocation particularly
focussing on allocation in time domain affichally formulating
the optimization problem. In section 3, we present the algorithm
for obtaining the solution to the optimization problem. We present
a scheme for constructing the arrival/residence time distribution
in section 4. We present our proposed time-based reservation
framework in section 5. Simulation results are presented in section
6. Finally the the main conclusion is drawn in section 7.

Il. RESOURCEALLOCATION IN SPACE AND TIME

In this sectionfirst we describe system model of a cellular
system with bandwidth reservation. We then discuss in general
sense the resource allocation problémally focussing on the
problem of allocation in time domain.

In a cellular network, let celi be the current location
of the mobile userz as shown infigure [1]. Let C' be the
set of cells where mobile user requests to reserve resources
D(z) as shown by shaded region figure [1]. D(x) refers
to the effective bandwidth [14], [15], [16] requirement of the
user computed based on users individual requirement regarding
channel quality, delay requirements etc. The set of célls
correspond to the spatial component of the resources that maybe
reserved on behalf of the user. Minimizing the number of cells
in C' will therefore constitute an objective towards increasing
overall utilization. Selection of these cells for reservation must
consider predicting usermobility profile, direction, velocity and
call duration. Reservation of bandwidth in multiple cells at call
set-up is discussed further in [17]. Once the cell€ilhave been
identified, the next important step would befind how to reserve
the bandwidth over time in each of these cell€inFor simplicity,
let us assume that the time is divided into integer slots and that
bandwidth is reserved on slot basis in a given cell. Consider a
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An exact mobility prdfile would consist of the cells that the

single cellj in C, a particular case of reservation over time i§qq; is going to visit along with the exact time of arrival and

shown infigure [1]. If n; refers to the t_ota}l number of slotsdeparture in each of these celfsg( [3]). In such a caséinding
where resources needs to be reserved in tell C, then total yhe reservation vector is trivial and is shownfigure 3 for each
bandwidth resources reserved for the given uses given by

R(z) =3 cc D(z) x nj. Thus, minimizingR(x) should be the

goal of any resource reservation scheme. Real-life Case:In the practical situation, such aexact

. o _ mobility prdfile for a given user may not be assumed to be known
A. Allocation problem in time domain at call set-up time. However, a more realistic mobility fileo of
The allocation problem in time domain relatesfioding a user that may be known apriori can be characterized in the
the exactreservation schedule for a given user in each cejl € following probabilistic terms.
C. By reservation schedule, we refer to the time slots where

bandwidth needs to reserved on behalf of the useesérvation « Probability of Arrival ( p,;): In a realistic scenario, user

schedule for a given user: is derived from aReservation vector
B which is ddined as follows.
Definition : A reservation vectoB7 is a binary vector of length
N where thei'" position refers to the'” time slot in relative
time frame where slob refers to the current timé,. Bf[i] = 1
implies that resource is reserved in tetime slot andB§[i] = 0
implies otherwise.

The concept of relative time frame is shownfigure [2].
As shown, a reservation request made by useurrently at cell
1 to cell j at timet; is mapped to the slot indexin the relative

time frame. In general, if,,,,, be the maximum call duration of a

user, in that case; + tmq. is mapped to slot indeX'!. N refers

may not visit all the cells irC' in his call duration. Instead,
the user will have a probability of arriving at a cglle C
denoted byp, ;.

Arrival time probability density function ( f*7(.)): Al-
though the exact time of arrival for userat cell j may not

be known apriori, but one can assume that the arrival time
of the user is likely to follow a stationary distribution. In
other words, the user may arrive in different time slots with
different probabilities. To express the above characterization,
we ddine the random variablX, = k of lattice type as the
outcome that a user has arrived at fi& slot in a given cell

j. Given the statistics oK, we can déine f*7(X,) as the
corresponding arrival time probability density functipdf)

to the number of slots corresponding the maximum call duration.
Therefore, the reservation vectdt’ denotes the the time window

of reservation for user in cell j. A reservation schedule L for a
userx refers to the set of slots whefe= {i | Bf[i] = 1}. Figure *
[2] shows a request that arrives at current tithéor reservation
from ¢; to t; + t and the corresponding reservation vectoy.
The figure also shows the slots in the real time domain in gell
where the resources must reserved.

Our objective here is tdind the reservation schedule
for a given cellj that would minimize the number of slots;
and meet the drop probability requirement of the useiVe
therefore show two scenarios where theservation schedule
maybe computed.

of userz in cell j. f.(X,) is a discrete function with the
property thaty")" f77(X,) = 1.

Residence time probability density function (f*7(.))
Similar to the arrival time, the residence time of a user
can expressed in terms of the probability density function.
We therefore digne the random variablX, = n as outcome
that userr departs the celj at then'” time slot. f>7(X,.)
thus denotes the corresponding discrete residence pithe
for X.,..

The probability of arrival along with the arrival/residence

pdf constitutes the probabilistic mobility piite (PMF) of a user
x. At this point, we assume that such a PMF for an user is known
to us and discuss importance and usability of itfimding the
reservation schedule. We defer the construction of the PMF to
'section 4. For the time being let us assume that = 1 and

1There is no reason to keep a reservation state beyond the call duration t%cuss the issues ifinding the reservation schedule based on
in any cell the arrival/residencedf through the following example.

Ideal Case: In the ideal situation, theexact mobility
profile of the userr may be known apriori at call set-up time

0-7803-7753-2/03/$17.00 (C) 2003 IEEE IEEE INFOCOM 2003



q @ Casen C. Problem Statement
O‘il‘ ;2‘ 345 6 s In order to provide a certain bound on the drop probability
4R B dme to a given user during his visit to cell, one must allocate
(b) Case B bandwidth over the time slots. Our goal here is to minimize
@m N, sl s the number of slots:; in a given cellj where the bandwidth
pans ‘Tmean rnt ime must be reserved to meet the constraint on the drop probability.
apats rom cel 10§ Therefore, we need to relate the drop probability to the slots where
h ol O Case © bandwidth is reserved for the user. In order to do so, wiinde
5 v 1Li2,3] 15,67, 8 Shots a projection vector Pfor a given the reservation vectd; .
(0 A T et (@ Rosdence v et d 2w @ e me Definition : A projection vector is a binary vector of lenght
) ) ) ) N denoted asP[0...N] where P[i] is defined as follows.
Fig. 4. Example of a uniformly dis- Fig. 5. Slots for reservation
tributed Arrival/residence time schedule

Plil=0 IF B?[i]=0

Plij=k IF Vj=i...i+k—1, Bf[j]l=1

B. An Example
Therefore,P[i] basically denotes the number of consecu-
Figure 4(a) shows a usercurrently at celi and can arrive tive 1I's starting from the'*" position inB. In that case, if a user
at cell j in two different paths. The arrival time at cellalong arrives at cellj in the i** slot and P[i] = k, it implies that the
each path is uniformly distributed and the resulting the arriviiper will find resources reserved for him for the néxslots. If
time pdf shown infigure 4(b). Similarly the residence time isthis user stays beyonidslots, he may be dropped. Therefore, the
also uniformly distributed as shown figure 4(c). Based on the maximum conditional drop probability under the condition that

given pdfs,we consider the following cases bhding reservation the user arrives at” slot is given byP.ay.,(i) = 1 — F.(P[i])
schedule. whereF,.(-) is residence time distribution functibrnFor example,

if no bandwidth is reserved in thé" slot( P[i] = 0 ) and since

« Case A: Since the earliest and latest arrival timefifgr 4(b) F.(P[i]) = 0, P.arop(i) becomes equal to 1. Thus the total drop
is 11 andt4 respectively and also the latest departure time jopapility for a given user will be given by

tr, resources can be reserved simply from slot corresponding

to ¢1 to slot corresponding tol+¢r. as shown irfigure 5(a). N

In that case user will be guaranteed availability of bandwidth Parop(B}) = pa.j X Z fa(?) X Pegrop(i). Q)
and we note that; = 8 [fig. 5(a)]. i=0

« Case B: Another possibility maybe to reserve bandwidth .
from the mean arrival time till latest departure time as shown We observe that the drop probability depends upgrand

. R N ol
in figure 5(b). In that case although) is greatly reduced but the total resources allocated for a useiis given by} ;" , By [i].

about half of the users coming between time [t1:t2] will bEOT €ase of presentation we omit the subscript/superscriptyof
dropped. Obviously this is not a practical possibility. henceforth. Our aim is to minimize the amount of resources used

« Case C: Here we take a closer look at arrival pdf and bas@Provide a given QoS dieed by the maximum drop probability.
on its naturefind the allocation slots. Frorfigure 5(c) we We therefore specify our optimization problem as follows.

see that there is no point in allocating in the slot 4 where

there is no chance for a user to stay. Find B s.t.
Although in case C, we were able to identify slots where N
probability of a user staying is zero but such case may not exist q L
. i ; E Bli] is minimized
for most arrival/residence timpdfs.In a general case, for every —~
1=

slot there might some nonzero probability for a user to stay. Under
such a case how do wind the right slots to reserve? We cannot
simply use a strategy of excluding slots for allocation with zero
probability of users staying. Also in above cases A,C we tried t
obtain a drop probability of zero. But what will be the reservatio
schedule if the required drop probability is not zero but so
value greater than zero. Therefore it isfidifilt to find out the

right reservation schedule that will assure a level of QoS(dro 2In cases where the base station can relinquish unreserved bandwidth for user
gying beyondk slots, the drop probability will be lower thai,q,,,(i) as

probab”itY) a'°”9 with mi”imiZi”Q the allocated slots. In the NeXjgined. Here we consider the constraint on the upper bound on drop probability
section we provide a formal spéiciation of the problem. that serves as a QoS metric

Pdrop<B) < TQOS

0hereTQoS € [0...1] is the prespeéied upper bound on the
op probability corresponding to a given level of QoS.
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[1l. ALGORITHM FOR FINDING OPTIMAL B Byli...N]. At the end of each iteration we construct a new
Finding B in order to minimize the sum of & in B subject N subarrays i.e. at .the end of thg, iteratior! we construct
to meeting the constraint is a combinatorial optimization problerfls - - - Ak Where A7 is By[i... N]. We also déne POS(A7)
We use a dynamic programming based approach to devisd0gbe a set denoting the position of zeros AF. Initially
polynomial time algorithm iffinding the optimal solution. For the POS(A}) = {0} Vi.

. _ . . I
ease of presentation, we rewrite the above optimization problem  Itération 1. Consider a particular subarragt; which
by reddining Py,., as initially has all Is in it. The positionp is obtained where by

inserting a zero minimizes the value @t;,..,(A}). We next

N ) ) update A! by inserting a zero in the'" position. We also
Pirop(B) = Y fali) X Pedrop(i). (2)  obtain POS(A!) = POS(A?) Up. Likewise we computed! for
=0 i=0...N. At the end of this iteration, we note th&0OS(A})
and the contraint equation as gives the position of the single zero iy for which the drop

probability is a minimum. Therefore, we assigh = Aj. We
move into the second iteration Ry,..,(B1) < T.
whereT = Tg,5/ps,;. Initially we considerB[:] = 1 for all i, Iteration 2: Consider a particular subarray? which
which results inPy,..,(B) = 0 from (2). Therefore inserting zerosinitially has all ones in it. In this iteration our intention is to
in B may increase’;,..,(B). Our intention is to insert maximum find out the position otwo zeros to be inserted inl? which
number of zeros while keeping,,.,(B) < T. We present an minimizes Py,,,(A?). In other words, there ar€(N —i+1,2)
iterative algorithm where in each iteration step we insert a singlessible combinations of insertingvo zeros in A?. We want
zero in B and we stop at the iteration step where the constraiiat find out the particular combination for whicRy,..,(A?) is
is no more satiged or Py,.,(B) > T. We denote the updatel minimum. Consider the case where th& zero is in thept”
at the end of the:'” iteration step ag3;, which hask zeros. The position inA?, thenPy,op(A?) = Purop(AZ[0. .. p—1])+ fa(p)+
solution of B, at the end of thé&'" iteration step in the algorithm Payop(AZ[p+1... N —i]) from (3). SinceA?[0...p — 1] has all
provides the position of the’'® in By, for which P,,..,(By) is ones andf,(p) is fixed, therefore once we set the zero inpt”
a minimum with & zeros.Therefore, in thé'” iteration we are position, the minimumPy,..,,(A?) will correspond to the second
trying to find out the combinations df zeros inB the gives the zero inA?[p+1...N — ] for which Py,.,(A?[p+1... N —i])
minimum drop probability. Consequently, if we stop at #i& is a minimum. It may be noted that the second zero must be
iteration step, we claim that (i-1) zeros in the optimal permutation positionp + POS(A} ;) which we already found in the
(found at the end ofi —1)*" iteration) gives the optimaB. The iteration. For example, considé¥ = 5, then following areA?
above approach is based on the following proposition which Vier different value ofp (the first position of zero).
use in the algorithm.

Propogition 1: If the i*" position of B has zero then p=0—A5=10,4]]

Parop(B) < T

PdT'OP<B) = Pdrop(B[O2_1])+fa(z)+Pdrop(B[7/+1N]) p= 1 - A% = [1’0"4%]

) p=2— A2 =1[1,1,0, A}]
Proof: From eqn(2), we can expres$¥;..,(B) as follows:

o p=3— A5 =[1,1,1,0, A}]
Parop(B) = Zfa(]) * Pedrop(J) p=4— A2 =1[1,1,1,1,0, A}]
§=0

Y, p=5— A2=1[1,1,1,1,1,0]

N Thus the minimum?;,.,,,(A?) will correspond to thel** zero at
+ fa(@) - Pearop(D) + Y fa(§) - Pearop(J) the position given by
—_————

=i+l
Y J = Ir}”}n[ft’dmp(Al2 0...p—1]+ fo(p) + Pdmp(Azl,_,_l)]

Z

Since P[j] and henceP.q.0p(j) in X does not depend ThereforeA? is obtained by inserting zeros &tl + POS(A}, ;)
upon the values in positions .. N of B because of the zero in positions and one can obtaifOS(A?) likewise. Finally we as-
thei'" position, thereforeX equals toPy,..,(B[0...i—1]). Also sign B, = AZ. Now that we have provided didient background
sinceP[j] is based on values d8 in the forward(> j) positions about the working of the algorithm we describe the gengfl
and therefore, Z is equal tBy,.,,(BJi + 1... N]). Finally, since iteration step.

P[i] = 0 which impliesP, 4., (i) = 1 thus makingt” being equal Iteration k: Consider the subarray¥ where wefind the
to f.(7), hence proves the proposition. m position of thefirst zero( only if the size ofA* > k) given as
We next provide the iteration steps in our proposed optimal ) x o1

algorithm. Let us consider N subarraysy ... A%, where A? is L= I%H[Pdmp(Ai [0+ =1 + fa(p) + Parop(A,51)]
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We obtainPOS(AF) as Proof sketch:First we discuss the space complexity needed by
k b1 the above algorithm. We note that at thg iteration step we need
POS(A)) ={} Uiy [y=a+lze POS(AP“)} to store the value of,,, and POS for all subarrays obtained
AF is then updated by inserting zeros in the positions given in the (i — 1) iteration step. The above storage ne€dsV)
POS(AF). Finally, we assignB;, = Ak. space for storing’;,.., values and)(N?) space for storing POS
values. Now for time complexity we note thatfiod the position
Proof of Correctness:The proof of correctness for theof thefirst zero inA¥, it takesO(N?) time tofind A¥[0...p—1]
above algorithm infinding the optimal solution is based on thdor all p and (N — ¢) time tofind the minimum giving a total of
following the two propositions. In thérst proposition, we show O(N?x (N —i)) time. Therefore, tdind thefirst zeros for all the
that Py..,(B) is a monotonically decreasing function of thesubarrays take®(N*) time. The other operations in the iteration
number of zeros in B. takes O(1) time. Sincd’[0...p—1] always has all ones in it and
Proposition 2: Py, (Bk) < Parop(Br+1) Vk. we anyway evaluate it in th@rst iteration and therefore do not
Proof: Let us consider thédirst and the second zero to beneed to evaluate it again in subsequent iterations if we store the
in the p'* and¢*" position in By, 1 respectively. From the abovevalues of it. In that case the time complexity of a single iteration
proposition (1), we can Writéy,..,(Bg+1) as reduces taD(N?). Finally, given that we stop at ith iteration the
total time complexity of the scheme becom@é x N?2).

P q—1
Pirop(Bis1) = Parop([1...101... 1 _ _ , .
p(Bit) al ) B. Modfied Algorithm with Slot Restrictions
c1 . . .
P B N In the above algorithm we assumed that bandwidth is
+ fa(a) + Parop(Br+1lg +1... N]) available in all slots in vectoBB for the request. Therefore, if
c2 C3 in some slots in the compute@servation scheduldandwidth

If Pirop(Bii1) < Parop(Bg), it follows ¢l + ¢2 4 ¢3 < is not available, the request is blocked. But it is still possible
Purop(Bi) from (5). Now if we insert a 1 in the'" position t0 compute a admissibleeservation schedulby modifying the
iN Bit+1, We gete = Pyrop(Br+1[0...q — 1]) < ¢l + €2, since algorithm to include the slot restrictions where bandwidth cannot
adding the 1 can only increasefi] Vi = 0...q — 1. Therefore be reserved. In the mdid algorithm, we create a new vector

we getc + 3 < Punop(By) or we constructed @&’ from By, B’ of length N’ where N’ is the number of slots in the orginal
with k zeros andPy,..,(B’) < Pirop(Bs). But such a construction vector B where bandwidth is available for the request. We also
contradicts the dnition of B;, and hence proves the propositiond€fine another vectod/ of length N' which maps the slots in
m B to corresponding slots i®’. For exampleM[i{] = j means
Proposition 3: B = B, achieves minimum ofP,,(B) that i** slot in B correspond to thg'" slot in B’. Our next
using k zeros where,, is found by the above algorithm. step would be to comput8’ such thaty_» , B'[i] is minimized
Proof: By induction, on the size of the arraly, the base Subject to the drop probability constraint. In order to compite
case is easy. Now assume that the algorifimds B, correctly we need to compute the The drop probability for a givéhis
for all k& < n for all inputs. Equation (3) plays the crucial role incomputed byfirst obtaining3 from B’ and then using equation
the induction step. I = N then there is nothing to prove. So(1). B can be obtained fronB’ and M asBli] = 1 if and only if
assume that < N, in that case there is some indéwith ¢* B’[M[i]] = 1. For computingB’ we follow exactly same steps as
entry 0 in B. In the algorithm, we try all theV possible values for computingB. It can be easily vefied that above algorithm is
of i; and for a given value of we geta set oftwo independent correct since both proposition 1 and 2 hold 8t (formal details
subproblems: For all, k such thatj +k = n, find B, for the left of the proof is same as faB and thus omitted).
subarray (upto index— 1), andfind the By, for the right subarray It should also be noted that we presented the above
(from indexi + 1 to N). algorithm for bandwidth optimization in a single cell for the sake
This takes care of all the possible ways in whigp, Of distributed implementation. The solution does not preclude the
could occur, and since the algorithm tries them alffirids the scenario where optimization needs to be done over all cells user
minimum value. may visit. In that case one needs to consider a cluster of cells
m conceptually equivalent to a single cell and extend the application
Propositions (2) and (3) imply thaB, is the optimalB  of the solution.
(optimal for the optimization problem above) if we stop at the

(k + 1)th iteration of the algorithm wher&y,.,,(By) < T. V. CONSTRUCTION OF THE PROBABILISTIC MOBILITY
PROFILE
A. Complexity The probability of arrival for a useP, ; can be computed

Proposition 4: The algorithm has a space complexity obased on the knowledge of the geographical location of the current
O(N?) and a time complexity of (ixN?) wherei is the stopping cell and cellj, velocity of the user, existing geographical route
iteration. and past monitored mobility pfite. Schemes using the above
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knowledge used prediction fond out probability of a user to visit At = t—t; to integer slot Therefore the arrival everifX? = k)
cells in the adjacent region. Details about such location predictidanotes that a user from cellhas arrived in the current cell
schemes can be found in [3], [4], [6]. at slot k. We now consider a window of time W arfihd the
A significant amount of research has also been donelative frequency of each event based on its occurrence on the
is computing the probabilistic models about the arrival timéme window W. Therefore, at current time t, we look back up
and residence time probability distribution [19], [20], [21]. Theéo t-W time to find out how many times the eve(X: = k)
general approach tries to collect statistics of multiple users in thas occurred and let it b&;. Let N be the total number users
region andfit the information into known probabilistic model.who came from cells during the time interval [t-W : t]. We
The assumption in using a probability distribution to predict useabtain the relative frequency of the evelX? = k) as Ny /N.
movement is that such distribution follows a stationary stochasfmalogously, we obtain the relative frequency for all other event
process. for k = 0,...,N and construct the density functioff(X?) at
Since our algorithm works on any general arrival/resideneecurrent time. The above construction is done evé@rytime or
time distribution, therefore it is not necessary that a probabilisiit other words the time window W slides " time units.
model needs to be used for computing the reservation schedule. We observe here that the above construction is based on
Rather, distribution function constructed empirically can achietiee size of the window W. Choosing the right size of the time
much better approximation to the actual mobility fblean Next we window W is extremely important for accurate construction of
discuss the issues and construction of such a distribution functitre pdf. If W is too large then the constructepldf at time ¢
may be sigrficantly different from the truedf at time ¢. For
] ] example, in a highway the arrivgddf at day time busy hours
A. Source cell based Arrival/Residence pdf will be much different from that at middle of the night. Keeping
From the dénition of the arrival timepdfin section 2, we the window length of about a whole day will not capture the
see that it refers to the probability distribution of e a user true pdf at a particular time of the day. On the other hand if
takes to reach cellfrom his current location at cell. Therefore, we have the time window very small, we may not have enough
users residing in a different cefl will have a different arrival time samples to construct the rigptdf. Since the arrival of users is
pdf to cell i. For that reason, our sample space for constructigstochastic process meaning that the arrival tpdéhas time
the arrival timepdf can be only restricted to the information aboudependence, therefore the window size must be less than the
past users originating at celland visiting celli. Consequently, a period for which the process stays stationary at a given time.
base station for the need of resource allocation, requires to knBased on these considerations, we choose a small window and use
the arrival timepdf for each call originating cell. Residence timeysteresis or weighted information about ppgtto construct the
pdf, on the other hand, can be based on the sample space of paématecpbdfat current time. Lef; (X = k,t—4t) represent the
users residence time in cell Our justfication for using past pdfobtained at time — 4t and in the current windowR;, denotes
history in constructing the arrivaliresidence tipef is based on the relative frequency of the eve(X; = k), then estimategdf
the following observation. The observation is that in a given ceit current timet is obtained as
a user has very low probability of acting differently from other , .
users in the same cell. For example, inside a mall, users moving fa(Xg =k,t) = aRy + (1 — a)fa(Xg = k.t — 61)
in slow walking pace, a particular user may have maximum a where @ € [0,1]. The value ofa near to 1 can be

running pace but not a velocity of when he is driving a car 'Usfed if there are sigficant number of events taking place in

h!ghyvay_. In other Wgrds Iopallty IMPOSES On USErs a Stat'St'C[ﬂe time window which may be true in rush hours. Otherwise,
distribution on velocity, residence time, direction etc. Next w

di in detail h truct th vallresid sl ﬁeepinga closer to 0.5 is suitable where the number of events
Iscuss In detail how we construct the arrival/residence p occurring is less. The other strategy is to change the size of

the window dynamically with changing tfad condition but we

B. Construction of Arrival and Residence time pdf believe that in practice changing window will be morefidifilt
than changing the value of. Our experiments have shown

The following construction of the density function is baseg,5; 4 given fractional change in window length will lead to

only on monitoring the handoff events in a given cell and doeg,,e change in the measured value of tf than with the
not involve any remote cell query or any monitoring of Per-Ushresponding change in.

prdfile/status. For clarity sake, let us refer the arrival tipaf In construction of the residence tinpelf we only consider
e A .

for user from tr;e originating celk by f3() and discuss the e geparture events pertaining to a user handoff to another cell.

construction off; () at cell . Premature dropping or call termination events are not considered

. Consider a user that arrives at cgllat handoff the user gince such events do notfiect the locality based mobility
informs the base statiobg) of cell  with his call originating time pahavior of users. Based on time occurrence of the departure
t; and the originating cell. To obtaifi’(), thebs consider users

only from Qe” s and bas?d_ on current timefinds th? slot where  sg;o1 index is always relative to the call set-up time, i&.(not ¢ ) gives the
he has arrived. The spéic slot is found by mapping the valueslot index
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events, thepdf for the residence time is constructed similar to the v v v v
t+1 t1 t‘+2 43 12 t+44 3 t+5 th t+6 =7

arrival time pdf. [ \ \ \ [ 1

Vot
V. TIME BASED RESERVATION FRAMEWORK Vy
In this section we propose a time-based reservation frame- Viea
work where bandwidth is reserved on slot basis on the time do- Viig
main using the optimal allocation algorithm discussed in section Ve
II. The framework is based on the advanced time reservation Vica
framework infixed network as proposed in [22], [23]. First we Vi

describe the messaging and states required in the reservatigne. Updating of V over time
setup. Next we discuss how the bandwidth becomes available
to a handoff user based on this reservation framework.

the differencet — ¢; to integer slots. Finally froni, the bsfinds
A. Reservation Setup out the slotd” € L, whereL!, = {l —l,fset |l € Ls}. Therefore

Usera currently located at celé initiates the reservation if the user stays in slots’ € L and’ > 0, bandwidth gets
by sending a reservation request to éelihere he wants reservedvailable to the user by virtue of the above reservation scheme.

bandwidth. The reservation request denoted by RQST is a trighd? the other hand, if the user stays in slots where bandwidth is
< s,D(z),d > where s is the origin cell where request ighot reserved for him, thbs can either make bandwidth available

initiated, D(z) is the bandwidth requested adds the optional from the unreserved pool of bandwidth if available or terminate
call residence time. The base statiosin any given cell keeps the connection.

the following states to aid the reservation scheme: 1) a bandwidth

state vectorV” of length N (refer to sec Il) and 2) @&eservation C. An Example

schedulefor bandwidth allocation denoted by, per origin cell Consider a slotted time domain with slot duration of unit

s as ddined in sec Il. In reference to the absqlute time line Q_fme. Let the beginning of each slot be- i wherei is an integer
slots, the state vector V captures the bandwidth state starting shown infig. 6. Consider usersi1,U2 and U3 be located in
from current timet (slot 0) to the future timet’ ( slot N). o) 1 > and 3 respectively. All the above users are suppose to
Therefore the vectol” is updated at the end of every slot ageq et for reservation in cell We show how the bandwidth
V=V +1Vj=0...(N-1). Iqéms way, V'[i] keeps the giaie vectort/ in cell i is updated with time. Irfig. 6, V; refers
amount of bandwidth reserved in ,th slot relative 10 slot 0, 4 the content/state of vectr at timet. Initially, at time¢+1, no
which corresponds to the current time. bandwidth is reserved in ceil At time t1 userU1 request for 3
Now, upon receiving RQST messages, D(x),d > ffom qiq of handwidth. LeL, = {1, 2,4} and therefore bandwidth is
userz, bs at celli finds out if there are available bandwidth tQ.carved in slot 1.2 and 4 as shown in updated(fig. 6). Vi..o
satisfy the users reguest in t_h_e slo_ts givenihy This is done by and V,,.5 shows how V gets updated at the beginning of each
checking the following condition given by slot. Att2, U2 requests for 2 units antl’ is updated (ad/2 )
V[l|+ D(z) < C; V€L, by adding 2 units to respective slots given by:_{O, 1,2} At
t3, U3 request for 2 units and ldt; = {0, 3,4}. Since capacity
where C; is the capacity of celf. If the above condition is not constraint is not met in slot QJ3 is rejected.

satidied, thebs sends a DENY message to the origin cefor Now consider the used1 who handoffs to celf at time
userz. _ t;, as shown infig. 6. Mapping of(t, — ¢1) gives an offset of 4
If the userz receives a DENY message from any cellgiot from which we obtairl.; = —3, —2,0. The only valid slot is

the call gets rejected. Otherwise, the usesends a subsequenty where we can see froii, .5 that there is available bandwidth
RESV message with the same information as the RQST messaggupportU1.

to same cells where RQST message was sent. Receiving a RESV
message, thés reserves bandwidth by updating the vector

) D. Implementation Issues
given as

V[l] = V[ + D(z) VI€ L,. First we observe that the state space maintained by a single
base statiorb is (S + 1) x N where S is the total number of
o ) possible call originating cell from where user may be expected to
B. Availability of bandwidth visit a given cell served by thb. Thus our proposed scheme is
When a user handoffs to a céllas a part of authenticationscalable as it does not not require any per-user state. Secondly, the
procedure, the user passes the following information tdbthd) scheme does not employ any siiceint messaging or remote cell
the origin cell id, 2) call originating time;. Based on the current query except at the time of reservation set-up. It is also important
time ¢t andt;, the bsfinds out the slot offsel, ... by mapping to discuss the frequency at which the base station computes the
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allocation vectorL, for a origin cells. In most real life cases the
traffic pattern changes slowly and it is not necessary to compute
L* continuously. Therefore computation éf can be triggered
when there is sfitient change in the arrival/residence timef
expressed in terms of mean square eM&E). MSEfor two pdfs

fill...N]and f;[1...N]is given asyr_, (fi[k] — f;[k])2/N.

Every ¢T interval of time when a newdfis constructedMSEis

calculated with the lagidfused for computind.®. If the M SE >

threshold, a newL? is computed where the value of the threshold
is based on how fast is the reaction to changinditras wanted.

VI. PERFORMANCEEVALUATION EXPERIMENTS

The main goal behind the experiments is is directed at
understanding how resource utilization depends upon the QoS
level and the arrival/residence time density functions. As a part
of evaluating each part of the scheme, we tried to focus on the
performance of our density function measurement scheme and
also on how our resource allocation scheme meets the target of
providing QoS level to each individual user. Before going into
discussing the experiments \iest ddine the main performance

metrics we are looking for.
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Input exact arrival/residence tinpelf

100

o« %
SV | Bli]/N where B is the reservation vector and N refers

Bandwidth Used(%BU)is ddined as %BU =

to the length of the reservation vect&BU refers to the
overall resource utilized for a user.

% Utilization is ddined asl —n;/n, wheren, is the actual
number of slots used by the user when he visited thejcell
Drop Ratiois ddined as the ratio of the number of hand-

off users dropped due to unavailability of resources to the
total hand-off users. The drop ratio does not refer to the

drop probabilitywhich is an input to the resource allocation
algorithm.

Blocking Ratiois ddined as the ratio of the number of new '9

calls blocked to the total number of newly arrived calls.

A. Exact Arrival/Residence PDF

Here we are trying to evaluate the performance of the
optimal algorithm in the ideal case where the exact arrival and
residence time density functions are known for a given source
cell. In order to obtain the required results we input the density
function of arrival and residence time along with the target QoS

level or drop probabilityto the allocation algorithm.

The arrival and residence time density functions used in
this experiment are shown ifig. 7. Figure 8 and 9 show the

utilization versus the drop probability for residence timaf |

and Il respectively. We observe that for a given drop probability,
the utilization %BU depends upon both the arrival and residence

time pdf.

For example, we observe frofig. [8,9] that using uniform Fig.
pdf for both arrival and residence time gives higher utilization
than the exponential pdfs. We also note from comparing the
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Fig. 10.  Arrival time density function withl; = Fig. 12. Drop rate vs target QoS level
10secs

SCENL:Measure d

oo |- sesmm and 0.8 respectively. The length of the reservation vedtpi¢ of
length 250 slots. The call holding time is exponential distributed
with mean 100 slots. Arrival of new calls follows a poisson
process with mean ratg.

Measurement of Density FunctionsThe overall perfor-
mance of the scheme strongly depends upon how accurate the
measured density functions are. Therefore we try to establish how
far our measurement scheme meets the actual or true arrival time

‘ ‘ ‘ ‘ density function. In order to do that we consider two different
‘ * it imotn s ® scenarios where users from cell; are arriving at cellCy,

Fig. 11. Arrival time density function witl} = 2secs where the measurement is done. In firet scenario( SCEN1),
the velocity of the users are considered exponentially distributed
with a mean value of 40mph. In the second scenario( SCEN2),

results for arrival timepdf | and Il that although both are havingt® Vvelocity of users are assumed uniformly distributed with
the same mean arrival time yet gives different utilization fdpropability 0.7 from 40 to 60 mph and with probability 0.3 from

a given QoS level. Most importantly, it is observed from th_Q to 10 mph. We assume that the distance betweeand C'y

same comparison that more variance in the arrival tipus isl mile and users maintain a constant velocity during their call
generates lower utilization. Applying the observation to real lifguration.
scenarios suggests that in areas like highways where there is N Cell Car we use ourpdf measurement scheme based
less variance in velocity, high utilization will be achieved wittP" the above assumptions and compare the meaguiedith .
respect to crowded areas (near downtowns) with high variarﬁ,‘tg“al pdf cpnstructed pased.on Qata collected over the entire
in velocity. Although variance is a good measure to indicate tﬁgnulatl_on t|_me. For a simulation twn_e O_f 20 hours, we show the
utilization level but it does not extend to the cases of bimod&iSults in Fig. 10. The measureulf in figure 10 refers to the
density functions(arrival tim@df IV). Although the variance of Pdfas measured at the end of 10 hours of simulation time. We
arrival time pdf 11(2.0325e-04) is much higher than varianc@Pserve that the measurelif is not much different from the

of pdf IV(7.3422e-05), but utilization for arrival timedf II actualpdf for user arrival under both scenariqs for = 10sec.
is lower compared to that of arrival timgdf IV. Arrival time Fromfigure 11, we also observe that decreasing the slot lefigth

pdf Il being bimodal may represent a real life scenario of twintroduces more spikes although retaining the same trend as the

possible independent behaviours of mobile users. But since f#fgualPdf Such spikes represent inaccuracy in the measurement
density function corresponding to individual bahaviours cann@fd Prings us to the conclusion that although decreasing slot size

be estimated and therefore it is fititilt to characterize the effect!S favorable in giving higher utilization, it introduces measurement
of multimodal pdf on utilization. inaccuracy(for a given number of samples per window) and also

higher time complexity for allocation algorithm and state space.

_ ) ) Measured Drop Ratio: Our objective here is tdind out

B. Simulation Experiments how much difference exists between the measured drop ratio
We conduct simulation experiments to explore more rend the target drop probability. In the simulation model, we

alistic scenarios on an event driven simulator. The $ation consider the scenario SCEN2 again and assume that thé'gell

of the parameters used in the simulator is given as follows. Thas irinite capacity,A to be 0.7,7;, = 10sec and simulation

time is quantized into slots of length,.. The time window of time of 20 hours. Since the drop rate is not dependent upon the

measurement(W) and value @fin pdf measurement are 500 secgapacity of the cell but on the reservation vector and therefore
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a

functions results in a lower utilization compared to the actual
density functions. But the observed difference is less than 5
percent and does not vary with the target QoS level.

Fig 14 also shows the %Utilization obtained from %BU
compared for two version of the algorithm where one considers
slot restriction and other does not. We show the %Utilization
curve follows from the %BU curve with higher utilization in case
o of the algorithm without slot restriction.

e R New Call Blocking Ratio: The simulation scenario con-
sidered here consist of 8 cells; to Cs from where users try
to reserve bandwidth at cell;. Velocity of users follows from
scenario SCEN2 and each cell is at a different distance from
Cy. The bandwidth requirement of the mobile can be 1,2,4 and
infinite capacity assumption is valid. Frofiy. 12, we observe g pandwidth units with probability 0.5,0.3,0.1 and 0.1 respectively
that the difference between the measured drop rate and the tayggt target P,,.., = 0.1. Based on the above simulation model,
drop probability is not sigfiicant. Therefore, small inaccuraciesye intend to compare the new call blocking ratio of our scheme
as shown infig. 10 related to the measurement do not affeg that of a non time-based scheme where resources are reserved
significantly the achieved drop rate. for the entire duration of the call.

For each simulation run of 20 hours we vary the offered
load A for the results as shown in Fig 15. We observe that our
scheme achieves much lower new call blocking rate than the non
time-based scheme. An important point to note here is that the
new call blocking rate achieved is not just a function of %BU
but also depends upon the bandwidth fragmentation in time. Due
to this effect, we observe that the algorithm with slot restriction
has lower call blocking at lower load. At higher load, though the
difference becomes less. A possible reason may be that at higher
load there is more requests leading to higher probabilifjiling
up the holes created due to bandwidth fragmentation. Figure 16
also shows that the call blocking rate in the case of the algorithm
without slot restriction is higher than that with slot restriction for
different drop probabilities.

Bandwidth Utilization Comparison:Our intention is to Time Varying Mobility: In this experiment, we consider
find out the dependence of the %BU on the achieved drdge two cellsC; and Cy, again with the assumption that the
ratio which takes into consideration the inaccuracies involvedrival time distribution of the users is uniformly distributed over
in the measurement of thedfs. The simulation model for this a period {; : t2] secs. Botht; and ¢, varies with time in the
experiment considers scenario SCEN2 and also assurfiegein following way in the simulation experiments. For every 10000
cell capacity for reason stated above. For each simulation run sexs simulation time¢; is also varied randomly(with uniform
vary the target drop probability to obtain the graph as shown distribution) selected from 0 to 1000secs ands randomly(with
fig. 13. From the graph we observe that the measured densityform distribution) fromv; to 1000secs. In such a time varying

9%Utilization

Fig. 14. %Uftilization vs. drop probability

Blocking Rate

Fig. 15. Call blocking rate vs offered load
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