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Abstract—Efficient bandwidth allocation strategy with si-
multaneous fulfillment of QoS requirement of a user in a
mobile cellular network is still a critical and an important
practical issue. We explore the problem of minimizing the
amount of time for which bandwidth has to be allocated in
a cel while meeting the QoS constraint. With the knowl-
edge about thethearrival and residence timedistribution of
auser inacedl, theaboveproblem can beoptimally solved us-
ing a dynamic programming based approach in polynomial
time. To be able to use the solution, we provide a mecha-
nism for constructing thearrival/residencetimedistribution
based on the measurement of hand-off eventsin a cell. The
above solution allows us to propose an optimal time based
bandwidth reservation and call admission scheme. By being
scalable and distributed, the proposed scheme justifies for
practical implementation. Simulationsresults are also pre-
sented to show the effectiveness of the scheme to achievethe
target QoS level and optimal bandwidth utilization.

I. INTRODUCTION

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 also include
multimediaapplicationsthat need real time guarantees. To
meet the above applications the service providers ought to
adopt some form of areservation scheme or service differ-
entiation to support high quality of serviceand at the same
time extract high utilization from the network resources.

In a celular network, a maobile user may visit different
cellsin hislifetime. In each of these cells, resources must
be available to support the mobile user else the user will
suffer aforced termination of his call in progress. There-
fore, carefull resource allocation along with call admission
control isrequired to mitigate the chances of forced termi-
nation or dropping of a call. Due to the uncertainty im-
posed by the mobility of the user, it is considered impracti-
cal from the utilization stand point to completely eliminate
the chances of droppingacall. Thus keeping the probabil-
ity of auser getting dropped ( Py, ) below apre-specified
target valueis considered as a practical designgoal for any
resource allocation scheme. Achieving theabovegoal pro-
vides the probablistic quality of service (QoS) guarantee

as desired by a mobile user. On the contrary, from a net-
work providers stand point , with afixed given cell capac-
ity, the objectiveisto extract high utilization by minimiz-
ing the overall resources allocated for auser. In areserva
tion based framework, the overall resources allocated per
user has two principal components: the spatial resources
and the temporal resources. Minimizing the spatia re-
sources requires reducing the number of cellswhere band-
width needs to be reserved and can be done based on con-
sidering either apriori knowledge or prediction about users
future movement pattern. Based on thisconsideration, sev-
eral schemes have been proposed that uses mobility profile
[1], [2], direction prediction [3], knowledge about possible
geographic routes with the help of ITS Navigation system
[4] etc.

Temporal resources on the other hand requires minimiz-
ing the amount of time the resources are reserved in acell.
Althoughin future, it may be possiblefor auser to provide
exact information about the cellsheislikely to visit, it may
be still difficult for the same user to provide apriori infor-
mation about when he may visit these cells and how long
heisgoingto stay in each cell. Consequently, with the un-
certainty about the temporal aspects in users mobility be-
haviour, it becomes challenging task to minimize the time
for which bandwidth reservation must be held in the cells
for the user. 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 con-
straint on drop probability.

Prior work in this area was based purely on call admis-
sion control without keeping any reservation states. These
schemessuchasin[5], [6], [7],[8], [9] were often based on
either dynamical or statical prediction of the steady state
distribution of users' demand in different cells. In con-
trast, several schemes based on keeping reservation states
and per user monitoring were proposed in [1], [3], [10],
[11] and found to perform better than the above schemes
based on simulation experiments presented in [12]. Some
of these reservation based scheme such asin [1] were just
based on estimating spatial per user resource demand while
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othersasin[3], [10], [11] also included thetime aspectsin
users’ demandsin their scheme.

It is worth mentioning that most of the allocations
schemes were based on predicting per/aggregate user de-
mand and employing it to provide QoS through call ad-
mission control with/without reservation states. However,
the problem of minimizing the allocated resources to meet
the drop probability constraint has not been considered in
the existing schemes. In essence, mgjority of the alloca
tion schemesare parametricin naturein the sensethat these
schemes provide a parameter which can be used to obtaina
particular level of QoS(drop probability) whiletrading-off
utilization.

Themain contribution of our work isto develop an op-
timal scheme for resource alocation that minimizes the
amount of time resources are reserved inacell. 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 prob-
lem optimally in polynomial time. Our solution to this
problem only needsto know the arrival and residence time
probability distributionof usersin agiven cell based onthe
avery general assumption that the above distribution fol-
lows a stationary stochastic process (a necessary condition
for predicting resource demand under any circumstances).
Finally, to apply thesolutionfor practical situations, we de-
velop 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 states and does not
rely on remote cell query or messaging except at the time
of reservation set-up.

The rest of the paper is organized as follows. In sec-
tion 2, we formul ate the optimization problem and present
the agorithm for obtaining the solution in section 3. We
present a scheme for constructing the arrival/residence
time distribution in section 4. We present our proposed
time-based reservation reservation framework in section 5.
Simulation results are presented in section 6. Finally the
the main conclusionisdrawn in section 7.

Il. PROBLEM STATEMENT

In thissection, first we describe the cellular system with
bandwidth reservation along with terminologieswe usein
the problem formulation. Subsequently, we show how we
can formul ate the optimization problem with the objective
of minimizing the time frame for which bandwidth is re-
servedin acell to meet the constraint on the drop probabil-

ity.

A. System Description and Terminologies

In acellular network, let cell ¢ be the current location of
the mobile user. Let us consider asingle cell j which the
mobile user may visitin hislifetime. Therefore bandwidth
must be allocated and reserved in cell j. Our concern is
about how the bandwidth allocated must be reserved over
timeincell j. For smplicity, let us assumethat thetimeis
dividedintointeger slotsand that bandwidthisreserved on
dlot basisin agiven cell. The current time when the reser-
vationis set-up correspondsto slot 0. Let L denote a set of
slotswhere bandwidth is reserved for the mobile user. For
example L = {1, 2,4} represents a scenario where band-
width is reserved in dlots 1,2 and 4 for a particular user.
Let t; be the time when the user departs a given cell ei-
ther due to call termination or due to hand-off to an adja
cent cell. Therefore, the maximum value of ¢, corresponds
to the maximum value of slot index [,,,.. that the set L can
have since there is no point in reserving bandwidth when
the user is not present in the cell. Keeping thisin mind,
we can safely say that the bandwidth maybe reserved inthe
dlotindex | where 0 <[ < [,,4.. In other words, the range
of Slots[0 . . . /4] COrrespondsto the maximum timewin-
dow the user can stay in the given cell ;.

L et usnow definetherandomvariable X, = k of lattice
type as the outcome that a user has arrived at the k" slot
inagiven cdl j. Given the statisticsof X, we can define
fa(X,) asthe corresponding arrival time probability den-
sity function(pdf). f,(X,) is a discrete function with the
property that ke f,(X,) = 1. Similarly, we define the
random variable X,. = n asoutcomethat auser departsthe
cell j at then'” time slot. f,.(X,.) thus denotes the corre-
sponding discrete residence time pdf for X,.. At this point
we assumethat both the above density functionsare known
to usabout auser and cell j. In the next section we discuss
how to contruct the density functions.

B. Problem Overview

Figure 1 shows a mobile user(mh) who is expected to
visitcell j. Suppose he makes hisreservationat timet; and
let the call departuretime be ¢,. In such a case, bandwidth
needs to be allocated in time dlots(0 . . . 1,,q) @ shownin
Fig. 1. But since the exact time of arrival and departure at
cell j isnot known apriori, therefore it becomes a question
as to which slots bandwidth should be allocated to meet
drop probability requirement of the user. Since alocating
bandwidthin all slotsresultsin lower utilization, therefore,
our objectiveisto find the minimum number of slotswhere
bandwidth needsto be all ocated subject to meeting the con-
straint on the drop probability.
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Fig. 1. Bandwidthreservation at cell j intime

C. The Optimization Problem

In order to provide a certain bound on the drop proba-
bility to agiven user during hisvisitto cell j, onemust a-
locate bandwidth over the time slots. Our goal here is to
minimize the number of slots where the bandwidth must
be reserved to meet the constraint on the drop probability.
Therefore, we need to relatethe drop probability totheslots
where bandwidth is reserved for the user. In order to do
0, let usfirst defineavector B[O . . . N] where the element
BJi] canbe O or 1 and N refers to l,,,4,. Bli] = 1 means
resources are reserved for the given user in the i*” slot and
BJ[i] = 0 means otherwise. Based on this definition, we
candefineL as{i|B[i] = 1}. For agiven B, wealso define
anew vector P[0...N]where P[i] isdefined as follows.

Plij=0 1IF B[i]=0

Plij=k IF Vj=i...i+k—1, Bjj]=

Therefore, P[i] basically denotes the number of consecu-
tive 1I's starting from the i** positionin B. In that case, if
auser arives a cell j inthei'" slot and P[i] = k, itim-
plies that the user will find resources reserved for him for
thenext k dlots. If thisuser staysbeyond & slots, hemay be
dropped. Therefore, the maximum conditional drop prob-
ability under the condition that the user arrives at ¥ slot
isgiven by Pegrop(i) = 1 — F,.(Pli]) where F.(-) isresi-
dencetime distributionfunction®. For example, if no band-
width is reserved in the i** dot( P[i] = 0) and since
F,.(Pli]) = 0, Pearop(i) becomesequal to 1. Thusthetotal
drop probability for a given user will be given by

Zfa

We observe that the drop probability depends upon B
and the total resources allocated for a user is given by

Pdrop * Pcdrop ) (1)

'In caseswhere the base station can relinquish unreserved bandwidth
for user staying beyond & slots, the drop probability will be lower than
Pearop(i) as defined. Here we consider the constraint on the upper
bound on drop probability that serves asa QoS metric

>N, BJi]. Our aimisto minimizetheamount of resources
used to provide agiven QoS defined by the maximum drop
probability. Wetherefore specify our optimizationproblem
asfollows.

Find B s.t.
N
Z BJi] is minimized
=0

Pdrop(B) <T

whereT € [0. . .1] isthe prespecified upper bound on the
drop probability corresponding to agiven level of QoS.

I11. ALGORITHM FOR FINDING OPTIMAL B

Finding B in order to minimize the sum of 1'sin B sub-
ject to meeting the constraint is a combinatoria optimiza-
tion problem. We use a dynamic programming based ap-
proach to deviseapolynomia timealgorithminfindingthe
optimal solution. Initially we consider B[i| = 1 for dl i,
which resultsin Py,..,(B) = 0. Therefore inserting zeros
in B may increase Py, (B). Our intentionistoinsert max-
imum number of zeros while keeping Py, (B) < T. We
present an iterative algorithm where in each iteration step
weinsertasinglezeroin B and we stop at theiteration step
where the constraint isno more satisfied or Py, (B) > T.
We denote the updated B at the end of the k" iteration step
as By, which has k zeros. The solution of By, at the end
of the k*" iteration step in the algorithm provides the po-
sition of the 0'sin By, for which Py, (By;) isaminimum
with k zeros. Therefore, inthe k" iteration we are trying to
find out which combinationsof % zerosin B givesthemin-
imum drop probability. Consequently, if we stop at the "
iteration step, we claim that (i-1) zeros in the optimal per-
mutation (found at the end of (i — 1)!" iteration) givesthe
optima B. The above approach is based on the following
proposition which we use in the a gorithm.

Proposition 1: If the i*" position of B has zero then

PdTOp(B) :Pdrop(B[O...i— 1]) (2)
+fa(i) + Parop(Bli +1...N])
Proof: From eqn(1), we can express Py, (B) asfol-
lows:

Pdrop Z fa cdrop S .])

4 3)

+fa( ) cdrop S, 1 + Z fa cdrop(s .])

B Jj=i+1
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Since P[] and hence P.4,.,(j) in A do not depend upon
thevauesinpositioni . . . N of B becauseof thezerointhe
ith position, therefore A equals to Py, (B[0...7 — 1]).
Also since PJj] is based on values of B in the forward
(> j) positions and therefore, C is equal to Py, (B[i +
1...N]). Findly, since P[i] = 0 which implies
Prarop(i) = 1thusmaking B being equal to f, (i), we show
that the above propositionistrue. |

We next provide the iteration steps in our proposed op-
timal algorithm. Let us consider N subarrays AJ ... A%
where AY is Byli...N]. At the end of each iteration we
construct anew N subarraysi.e. at the end of the &, iter-
ation we construct Af ... A%.. We also define POS(AF)
to be a set denoting the position of zerosin A%. Initialy
POS(AY) = {0} Vi.

Iteration 1: Consider a particular subarray A} which
initially has al 1'sinit. We find out the position p where
by inserting a zero gives a minimum value of Py, (A}).
We then update A} by inserting a zero in the pth position.
We also get POS(A}) = POS(AY) U p. At the end of
this iteration we note that PO.S(A}) gives the position of
thesinglezero in By for which thedrop rateisaminimum.
Therefore, we assign B; = A}. We go into the second it-
eration if Pdrop(Bl) < k.

Iteration 2: Consider a particular subarray A? which
initially has al onesinit. In thisiteration our intentionis
tofind out the positionof 2 zerosto beinsertedin A? which
gives aminimum Py,..,(A?). Consider the case where the
15t zero is in the p! positionin A2, then Pyp(A?) =
Pdrop(Azz[O t .p—l]) +fa(p) +Pdrop(A?[p+1 v N—’L])
from (2). Since A?[0...p — 1] hasal onesand f,(p) is
fixed, therefore once we set the 15 zero in p** position, the
aminimum Py, (A?) will correspond to the second zero
inA?[p+1...N —i] forwhich Py.op(A2[p+1...N —i])
isaminimum. In that case the second zero must bein po-
sitionp + POS(A;, ) which we aready foundin the 1
iteration. Thusthe minimum Pdmp(A?) will correspond to
the 15! zero at the position given by

[ = Hgn[PdTOP(A?[O --p = 1] + fa(p) + Pdrop(Agla—f—l)]

Therefore A? is obtained by inserting zeros at 1,1 +
POS(A},,) positionsand one can obtain POS (A7) like-
wise. Finally we assign B, = A2. Now that we have pro-
vided sufficient background about the working of the algo-
rithm we describe the general k" iteration step.

Iteration k:  Consider the subarray A¥ where we find
the position of the first zero (only if the size of A¥ > k)

givenas

l= Hgn[Pdrop(Af[o Y 2 1] + fa(p) + Pdrop(A];-_&)]

We obtain POS(A¥) as

POS(AF) ={l}U{y|y==a+1,2€ POS(A} )}
AF isthen updated by inserting zerosin the positionsgiven
in POS(AFY). Finally, we assign B, = Af.

Proof of Correctness: The proof of correctness for the
aboveagorithmin finding the optimal solutionisbased on
thefollowing thetwo propositions. In thefirst proposition,
we show that Py, (B) isamonotonically decreasing func-
tion of the number of zerosin B.

Proposition2: Pyop(Bi) < Pirop(Bit1) k.

Proof: Letusconsider thefirst and the second zero to
be in the p'* and ¢'* positionin By, respectively. From
the above proposition, we can write Pyy.o,(Bi41) @

p q—1
Pdrop(Bk—l—l) :Pdrop([l-..lol... 1 ])
c @
+fa(Q) +Pdrop(Bk+1[q +1.. N])
——

C2 C3

If Pdrop(Bk—I—l) < Pdrop(Bk)y itfollowsel +c¢2+¢3 <
Pirop(By) from the above eqn(4). Now if weinsertalin
thep' positionin By.1, we get ¢ = Puyop(Br+1[0 .. .q—
1]) < ¢l + ¢2, since adding the 1 can only increase
Pli] Yi = 0...q — 1. Thereforewe get ¢ + ¢3 <
Pirop(By) or we constructed a B’ from By, withk zeros
and Pyyop(B') < Parop(By). But such aconstruction con-
tradictsthe definition of By, and hence provesthe proposi-
tion.

|

Proposition 3: By, found by theabove algorithmiswhat
it's supposed to be: that is, B = By, achieves minimum of
Pdrop(B)-

Proof: By induction, on the size of the array B, the
base case is easy. Now assume that the algorithm finds By,
correctly for dl £ < N for al inputs. Equation (2) plays
thecrucia roleintheinductionstep. If k& = [,,,,. thenthere
isnothing to prove. So assumethat k < l,,,42, iN that case
thereis someindex ¢ with sth entry 0. In the algorithm, we
try al thel,,,, possiblevalues of i; and for a given value
of 7 we get a set of two independent subproblems: For al
J, ksuchthat j + % = n, find B, for theleft subarray (upto
index i — 1), and find the By, for the right subarray (from
index i + 1 ton).

This takes care of al the possibleways in which B, ;;
could occur, and since the agorithm tries them all, it finds
the minimum value.

|
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Monatonicity and the above proposition imply that By
is the optimal B (optimal for the optimization problem
above) if westop at the (k + 1)thiteration of thealgorithm.

Complexity:  First we discuss the space complexity
needed by the above algorithm. We notethat at the iy, iter-
ation step we need to store the value of Py, and POS for
all subarrays obtained in the (i — 1)** iteration step. The
above storage needs O(N) space for storing Py, values
and O(IN?) space for storing POS values. Now for time
complexity we note that to find the position of thefirst zero
in A% it takes O(N?) time to find A¥[0...p — 1] for all
p and (N — ) time to find the minimum giving a total of
O(N? % (N — i)) time. Therefore, to find the first zeros
for all the subarrays takes O(N*) time. The other opera-
tionsintheiteration takes O(1) time. Since A¥[0...p—1]
aways has all onesin it and we anyway evaluate it in the
first iteration and therefore do not need to evaluateit again
in subsequent iterationsif we store the values of it. In that
case the time complexity of a single iteration reduces to
O(N?). Finaly, given that we stop at ith iteration the to-
tal time complexity of the scheme becomes O(i * N?).

It should also be noted that we presented the above al-
gorithm for bandwidth optimization in a singlecell for the
sake of distributed implementation. The solution does not
preclude the scenario where optimization needsto be done
over all cellsuser may visit. In that case one needs to con-
sider a cluster of cells conceptualy equivalent to a single
cell and extend the application of the solution.

IV. ARRIVAL/RESIDENCE TIME pdf

The optimal allocation algorithm discussed in the last
section requires construction of the arrival and residence
time pdf f,.(-) and f,(-) respectively. From the definition
of the arrival time pdf in section 2, we see that it refers to
the probablity distribution of thetime auser takesto reach
cell ¢ from his current location at cell s. Therefore, users
residing in a different cell s’ will have a different arrival
time pdf to cell 4. For that reason, our sample spacefor con-
structing the arrival time pdf can be only restricted to the
information about past users originating at cell s and visit-
ing cell i. Consequently, a base station for the need of re-
source allocation, requires to know the arrival time pdf for
each call originating cell. Residence time pdf, on the other
hand, can be based on the sample space of past users res-
idence timein cell 7. Our justification for using past his-
tory in constructing the arrival/residencetime pdf isbased
on the following observation. The observationisthat ina
given cell auser has very low probability of acting differ-
ently from other usersinthe samecell. For example, inside
amall, usersmovinginslow walking pace, aparticul ar user
may have maximum a running pace but not a velocity of

5

when heisdrivingacar in highway. In other wordslocality
imposes on users a statistical distribution on velocity, res-
idence time, direction etc. Next we discussin detail how
we construct the arrival/residence time pdf.

A. Construction of Arrival and Residence time pdf

The following construction of the density function is
based only on monitoring the handoff eventsin agiven cell
and does not involve any remote cell query or any monitor-
ing of per-user profile/status. For clarity sake, let us refer
the arrival time pdf for user from the originating cell s by
£5() and discuss the construction of () at cell 4.

Consider auser that arrives at cdll 4, at handoff the user
informs the base station(bs) of cell ¢ with his call orginat-
ing time ¢; and the originating cell. To obtain f3(), the bs
consider users only from cell s and based on current time
t finds the dlot where he has arrived. The specific slot is
found by mapping the value At = t — ¢; to integer slots’.
Therefore the arrival event (X7 = k) denotes that a user
from cell s has arrived in the current cell 7 at slot k. We
now consider awindow of timeW and find therelativefre-
guency of each event based on its occurrence on the time
window W. Therefore, at current timet, welook back up to
t-W time to find out how many timesthe event (X = k)
has occurred and let it be NV,.. Let N be the total number
userswho came from cell s during thetimeinterval [t-W :
t]. We obtain therelative frequency of theevent (X2 = k)
as N, /N. Anaogously, we obtain the relative frequency
for al other event for & = 0, ..., .4 and construct the
density function f2(X?) at acurrent time. The above con-
structionis done every 7' time or in other words the time
window W slides by 47" time units.

We observe here that the above constructionis based on
the size of the window W. Choosing the right size of the
time window W is extremely important for accurate con-
struction of the pdf. If W istoo large then the constructed
pdf at timet may be significantly different from thetrue pdf
a timet. For example, in ahighway the arrival pdf at day
time busy hours will be much different from that at mid-
dle of the night. Keeping the window length of about a
whole day will not capture the true pdf at a particular time
of the day. On the other hand if we have the time win-
dow very small, we may not have enough samplesto con-
struct theright pdf. Sincethearrival of usersisastochastic
process meaning that the arrival time pdf has time depen-
dence, therefore the window size must be less than the pe-
riod for which the process stays stationary at a given time.
Based on these considerations, we choose a small window

29lot index is aways relative to the call set-up time, i.e., 6t (not ¢ )
givesthe slot index
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and use hysteresis or weighted information about past pdf
to construct the estimated pdf at currenttime. Let f5(X? =
k,t — ot) represent the pdf obtained at timet — §¢ and in
the current window R, denotes the relative frequency of
theevent (X = k), then estimated pdf at current time¢ is
obtained as

fa(Xg =k, t) = aRp + (1 - a) fo(Xg =k, t = 6t)

where o € [0, 1]. The value of o near to 1 can be used
if there are significant number of eventstaking placeinthe
time window which may be true in rush hours. Otherwise,
keeping a closer to 0.5 is suitable where the number of
eventsoccurringisless. Theother strategy isto changethe
size of the window dynamically with changing traffic con-
dition but we believethat in practice changing window will
be more difficult than changing the value of .. Our exper-
iments have shown that a given fractional change in win-
dow lengthwill lead to more change in the measured value
of the pdf than with the corresponding changein «.

In construction of the residence time pdf we only con-
sider the departure events pertaining to a user handoff to
another cell. Premature dropping or call termination events
are not considered since such events do not reflect the lo-
cality based mobility behavior of users. Based on time oc-
currence of the departure events, the pdf for the residence
timeis constructed similar to the arrival time pdf.

V. TIME BASED RESERVATION FRAMEWORK

In this section we propose a time-based reservation
framework where bandwidth is reserved on slot basis on
thetime domain using theoptimal alocationagorithmdis-
cussed in section Il. The framework is based on the ad-
vanced time reservation framework in fixed network as
proposed in [14], [13]. First we describe the messaging
and states required in the reservation setup. Next we dis-
cuss how the bandwidth becomes available to a handoff
user based on thisreservation framework.

A. Reservation Setup

User z currently located at cell s initiates the reserva
tion by sending a reservation request to cell i where he
wants reserve bandwidth. The reservation request denoted
by RQST isatriplet < s, B, d > where s isthe origin cell
whererequestisinitiated, B isthe bandwidthregquested and
d isthe optional cal residencetime. The base stationbsin
any given cell keeps the following states to aid the reser-
vation scheme: 1) a bandwidth state vector V' of length
Imae (refer to sec 1) and 2) a set of dotsfor bandwidth al-
location denoted by L per origin cell s as defined in sec
I1. In reference to the absolute time line of slots, the state
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vector V captures the bandwidth state starting from current
time ¢t (slot 0) to the futuretime ¢ ( Slot 1,,,4, ). Therefore
the vector V' is updated at the end of every slot as V[j] =
VIj+1]Vj=0...(Lne —1). Inthisway, V[i] keepsthe
amount of bandwidth reserved inthe i*” slot relativeto slot
0, which corresponds to the current time.

Now, upon receiving RQST message < s, B, d > from
user z, bs at cell 7 findsout if there are available bandwidth
to satisfy the usersrequest in the slotsgiven by L. Thisis
done by checking the following condition given by

VI]+ B<C; Vi€ L,

where C; isthe capacity of cell . If the above conditionis
not satisfied, the bs sends a DENY message to the origin
cell s for user x.

If theuser z recivesaDENY messagefrom any cell, the
call getsrejected. Otherwise, the user x sends asubsequent
RESV message with the same information at RQST mes-
sageto same cellswhere RQST message was sent. Receiv-
ing aRESV message, the bs reserves bandwidth by updat-
ing the vector V' given as

V] =V[l]+ B Vi € L,.

B. Availability of bandwidth

When auser handoffsto acell 4, as a part of authentica-
tion procedure, the user passes the following information
to the bs: 1) the origin cell id, 2) call originating time ¢;.
Based on the current time ¢ and ¢;, the bs finds out the slot
offset 1,7 rse: Dy mapping the difference t — ¢; to integer
slots. Finally from L, the bs finds out the slots I’ € L/,
where L, = {l — lo¢fset |l € Lg}. Therefore if the user
staysindlots!’ € L’ and !’ > 0, bandwidth gets available
to the user by virtue of the above reservation scheme. On
the other hand, if the user staysin slots where bandwidth
is not reserved for him, the bs can either make bandwidth
available from the unreserved pool of bandwidth, if avail-
able or terminate the connection.

C. An Example

Consider adlotted time domain with slot duration of unit
time. Let the beginning of each slot bet + ¢ where i isan
integer asshowninfig. 2. Consider usersU1,U2and U3 be
located in cell 1,2 and 3 respectively. All the above users
are suppose to request for reservation in cell 7. We show
how the bandwidth state vector V' in cell ¢ isupdated with
time. Infig. 2, V; refers to the content/state of vector V/
at timet. Initidly, at timet + 1, no bandwidthis reserved
incel i. Attimetl user Ul request for 3 units of band-
width. Let L; = {1, 2,4} and therefore bandwidth is re-
served in slot 1,2 and 4 as shown in updated V;; (fig. 2).
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Fig. 2. Updating of V over time

Vi42 and V; 3 shows how V gets updated at the beginning
of each dlot. At t2, U2 requestsfor 2 unitsand V' is up-
dated (as V;2 ) by adding 2 units to respective slots given
by Lo = {0,1,2}. Att3, U3 request for 2 units and let
L3 ={0,3,4}. Since capacity constraint is not met in slot
0, U3isrgected.

Now consider the user U1 who handoffsto cell ¢ at time
t;, asshowninfig. 2. Mapping of (¢;, — t1) gives an off-
set of 4 slot from which we obtain L} = —3,—2,0. The
only valid slot is 0 where we can see from V; 5 that there
is available bandwidth to support U1.

D. Implementation Issues

First we observethat the state space maintained by asin-
glebasestationbis (S + 1)l,,q, Where Sisthe total num-
ber of possible call originating cell from where user may
be expected to visit a given cell served by the b. Thus
our proposed scheme is scalable as it doesn not require
any per-user state. Secondly, the scheme does not employ
any significant messaging or remote cell query except at
the time of reservation set-up. It is also important to dis-
cuss the frequency at which the base stationof computes
theallocation vector L for aorigincell s. Inmost redl life
cases thetraffic pattern changes slowly and it is not neces-
sary to compute L# continuously. Therefore computation
of L*® can be triggered when there is sufficient change in
the arrival/residence time pdf expressed in terms of mean
square error(MSE). MSE for two pdfs f;[1...lmnq.] and
Fill . Dima) isgivenas St (fi(k] — £;1k])?/lmag- EV-
ery T interval of timewhen anew pdfisconstructed, MSE
is calculated with the last pdf used for computing L*. If
the MSE > threshold, anew L*® iscomputed where the
value of the threshold is based on how fast is the reaction
to changing traffic is wanted.

VI. PERFORMANCE EVALUATION EXPERIMENTS

The main goal behind the experiments is to perform an
extensive study about the properties of the proposed re-
source allocation scheme. Our major interest is directed at
understanding how resource utilization depends upon the
QoSlevel 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 mea-
surement 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 experi-
ments we first define the main performance metricswe are
looking for.

« % Bandwidth Used(%BU) is defined as %BU =
SN | BJi]/N where B is the reservation vector and N
refers to the length of the reservation vector. %BU refers
to the overall resource utilization of a cell.

« Drop Ratiois defined astheratio 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 probabilitywhichisaninput totheresource allocation
algorithm.

« Blocking Ratio is defined as the ratio of the number of
new calls blocked to the total number of newly arrived
cals.

A. Exact Arrival/Residence PDF

Here we are trying to evaluate the performance of the
optimal algorithmin theideal case where the exact arriva
and residence time density functionsare known for agiven
source cell. In order to obtain the required results we in-
put the density function of arrival and residencetimealong
with the target QoS level or drop probability to the alloca
tion algorithm.

Based on the output of the algorithm, the %BU is ob-
tained for different drop probability. The arrival and res-
idence time density functions used in this experiment are
shown in fig. 3. Figure 4 and 5 show the utilization ver-
sus the drop probability for residence time pdf | and Il re-
spectively. We observe that for a given drop probability,
the utilization depends upon both the arrival and residence
time pdf.

For example, we observe from fig. [4,5] that using uni-
form pdf for both arrival and residence time gives higher
utilization than the exponentia pdfs. We aso note from
comparing the results for arrival time pdf | and Il that al-
though both are having the same mean arriva time yet
gives different utilization for agiven QoS level. Most im-
portantly, it is observed from the same comparison that
more variance in the arrival time pdf generates lower uti-
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Fig. 3. Input exact arrival/residence time pdf
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lization. Applying the observation to rea life scenarios
suggeststhat in areaslikehighwayswherethereislessvari-
ance in velacity, high utilization will be achieved with re-
spect to crowded areas (near downtowns) with high vari-
ance in velocity. Although variance is a good measure to
indicate the utilization level but it does not extend to the
casesof bimodal density functions(arrival timepdf I11). Al-
though the variance of arrival time pdf 111(2.0325e-04) is
much higher than variance of pdf 11(7.3422e-05), but uti-
lizationfor arrival time pdf I11 islower compared to that of
arrival time pdf I1. Arrival time pdf 111 being bimoda may
represent a real life scenario of two possible independent
behaviours of mobile users. But since the density func-
tion corresponding to individual bahaviours cannot be esti-
mated and therefore it is difficult to characterize the effect
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Fig.5. % BU vs P, for residence time pdf I

of multimodal pdf on utilization.

B. Smulation Experiments

We conduct simul ation experiments to explore more re-
alistic scenarios on an event driven simulator. The spec-
ification of the parameters used in the simulator is given
asfollows. The time is quantized into slots of length 77...
Thetimewindow of measurement(W) and value of « in pdf
measurement are 500 secs and 0.8 respectively. Thelength
of the reservation vector(l,,...) is of length 250 dlots. The
call holding timeis exponential distributed with mean 100
slots. Arrival of new calls follows a poisson process with
mean rate \.

Measurement of Density Functions:

The overall performance of the scheme and its optimal-
ity strongly depends upon how accurate the measured den-
sity functionsare. Thereforewetry to establish how far our
measurement scheme meets the actual or true arrival time
density function. In order to do that we consider two differ-
ent scenarios where users from cell C1 are arriving at cell
CM where the measurement isdone. In the first scenario(
SCENL1), theveocity of the users are considered exponen-
tially distributed with a mean value of 40mph. In the sec-
ond scenario( SCEN2), the velocity of users are assumed
uniformly distributed with probability 0.7 from 40 to 60
mph and with probability 0.3 from 0 to 10 mph. We assume
that the distance between C1 and Cm is 1 mile and users
maintain a constant velocity during their call duration.

In cell CM we use our pdf measurement scheme based
on the above assumptions and compare the measured pdf
with actual pdf constructed based on datacollected over the
entire ssmulation time. For a simulation time of 20 hours,
we show the resultsin Fig. 6. The measured pdf in fig-
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ure 9 refers to the pdf as measured at the end of 10 hours
of simulation time. We observe that the measured pdf is
not much different from the actual pdf for user arrival un-
der both scenarios for T;, = 10sec. From figure 7, we
also observe that decreasing the slot length 7; introduces
more spikesalthough retaining the same trend as the actual
pdf. Such spikes represent inaccuracy in the measurement.
That brings us to the conclusion that although decreasing
slot size is favorable in giving higher utilization, it intro-
duces measurement inaccuracy(for agiven number of sam-
ples per window) and al so higher time complexity for allo-
cation algorithm and state space. Therefore slot length is
an important trade-off in our proposed scheme and needs
to be determined efficiently. There are statistical estima
tion techniques, for example the Kernel Density Estimates,
which can be used to smooth the density function irrespec-
tive of slot size. However, this has not been considered in
our present simulation experiments.

Measured Drop Ratio:

Our objective here is to find out how much difference

exist between the measured drop ratio and the target drop
probability. In the simulation model, we consider the sce-
nario SCEN2 again and assume that the cell CM has infi-
nite capacity and A to be 0.7. Sincethe drop rate is not de-
pendent upon the capacity of the cell but on the reservation
vector and therefore infinite capacity assumption is valid.
We also assumethat T, = 10sec. Our measurement of drop
ratio isdoneover theentire simulationtime of 20 hoursand
for each simulation run, the target drop probability is var-
ied. From fig. 8, we observe that the difference between
the measured drop rate and thetarget drop probability isnot
significant. Therefore, small inaccuracies as shown in fig.
6 related to the measurement do not affect significantly the
achieved drop rate. The littledifference between the mea-
sured and the target drop rate can be caused by the thresh-
old used for triggering the reservation vector computation.
Choosing a smaller value of the threshold K may resultin
lower difference but frequent computation of reservation
vector will be necessitated.

Utilization Comparison:

Our intentionisto find out the dependence of the utiliza-
tion on the achieved drop ratio which takes into consider-
ation the inaccuracies involved in the measurement of the
pdfs. We compare the utilization based on using the mea-
sured density function with the utilization based on using
the actual density functions. The simulation model for this
experiment considers scenario SCEN2 and also assumes
infinite cell capacity for reason stated above. For each sim-
ulationrun we vary thetarget drop probability to obtain the
graph as shown in fig. 9. From the graph we observe that
the measured density functionsresultsinalower utilization
compared to the actual density functions. But the observed
differenceislessthan 5 percent and does not vary with the
target QoS level.

New Call Blocking Ratio:

New call blocking ratio depends upon the way the reser-
vation is made on time. The simulation scenario consid-
ered here consist of 8 cells C1 to C8 from where users try
to reserve bandwidth at cell CM. Velocity of usersfollows
from scenario SCEN2 and each cell is at a different dis-
tance from CM. The bandwidth requirement of the mo-
bile can be 1,2,4 and 8 bandwidth units with probability
0.5,0.3,0.1 and 0.1 respectively. We aso assume that the
cell capacity is40 bandwidth unitsand the target drop prob-
ability to be 0.1 for the entire simulation run. Based on the
abovesimulation model, weintend to compare the new call
blocking ratio of our scheme to that of a non time-based
schemewhereresources arereserved for theentireduration
of thecall.

For each simulation run of 20 hours we vary the value
of the offered load A to obtain the variation of new call
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blocking ratio with the offered load as shown in Fig 10.
We observe that our scheme achieves much lower new call
blocking rate than the non time-based scheme. An impor-
tant point to note here is that the new call blocking rate
achieved in this scheme does not completely depend upon
the resource utilization. New call may be dropped due to
bandwidth fragmentation in time as a consegquence of our
temporal reservation scheme. But high resource utilization
may lead to an increase in the admitted traffic if we con-
sider thetraffic to be composed of different classes of users
whichincludesusers notin need of strong bandwidth guar-
antees.

Time Varying Mobility:

In this experiment, we consider the two cells C1 and
CM again with the assumption that the arrival time distri-
bution of the users is uniformly distributed over a period
[t1:t2] secs. Bothtl and t2 varies with time in the follow-
ing way in the simulation experiments. For every 10000
secs simulation time, t1 is aso varied randomly(with uni-
form distribution) selected from 0to 1000secsand t2isran-
domly(with uniform distribution) from v1 to 1000secs. In
such a time varying mobility scenario, our objectiveisto
find out how the measured drop rate varies with time. We
define the cumulative drop rate at agiventimet asthera
tio of thetotal number of handoffsdropsto total number of
handoffsin theinterval [0,t]. The instantaneousdrop rate
at agiventimet isdefined as the total number of handoff
drops to total handoff in the interval [t-w:t] wherew isa
constant time window of 500 secs. In the simulation ex-
periment we have kept target drop probability of 0.1. Fig-
ure 11 showsthe temporal behavior of the cumulative and
the instantaneous drop rates. We observe that the cumu-
lative drop rate slowly approaches towards the target drop
rate with time. Thisimplies that over a sufficient amount
of time, the scheme achieves amost the target drop rate.
We a so observethat thereislargevariationin theinstanta-
neous drop rate with time. The spikesin theinstantaneous
drop rate curves indicate the time when there was change
in the mobility scenario. The spikes are caused when an
alocation vector corresponding to an old arrival density
functionis used for the current users. The sharpness of the
spikesindicatesthat the scheme reacts fast to changing the
mobility scenario.

VII. CONCLUSION AND FUTURE WORK

The objective of the work presented in the paper is to
explore the time-based resource allocation problem to in-
crease the utilization of a cellular network. Our work in
this regard resulted in the following main contributions:
(1) an algorithm for finding the optimal bandwidth alloca-
tion in time. (2) a measurement scheme to construct ar-
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rival/residence time distribution based on just monitoring
the handoff events and (3) atime-based resource reserva-
tion framework.

Based on simulationresults, we have shown that optimal
utilization of asinglecell dependsstrongly on both the tar-
get QoS level( drop probability) and the arrival/residence
timedistribution. Theresultsconfirm thefact that ascheme
which does not incorporate the arrival/residence time dis-
tribution and the QoS leve is not likely to result in effi-
cient utilization. Further, the present studies also reved
that despitethelittleinaccuraciesin our measurement pro-
cess, the proposed scheme still achievethetarget QoSlevel
with near to optimal utilization.

Our further extension of our work will involve taking
more realistic scenarios as mentioned in [12] and use dif-
ferent spatial resource allocation schemes aong with our
scheme to find how they work together under varied mo-
bility patterns. Also thiswork focus only on a class of ap-
plications needing hard QoS guarantee. A more interestig
work will address how to allocate resource based on time
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windows for bandwidth adaptive applications.
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