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Iterative Algorithms for Performance Evaluation of Wireless
Networks with Guard Channels

Dmitry Fedyanin and Dilip Sarkar*

Analytical and modeling work performed since the late eighties have led to nonlinear equations that
relate important parameters used for performance evaluation of wireless networks. These nonlinear
equations have no closed-form solution and iterative algorithms are used to find numerical solutions.
However, iterative algorithms that are not designed to detect and overcome nonconvergence situa-
tions may fail to converge. We present an iterative algorithm that numerically solves six dependent
nonlinear equations. The algorithm always converges and obtains vahleskifig probability, p,
andforced termination probability, at any desired level of accuracy. We then used this algorithm

to numerically show that for a given pair of valuegp@ndpy, there is an optimal number of guard
channels that supports a maximal new-call arrival rate.
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1. INTRODUCTION Two most commonly used quality-of-service in-
dicator parameterg, and Py, are estimated by (1) ana-

In a wireless network, the service area is divided into lytical and/or (2) simulation modeling from four basic
cells. When a mobile terminal (MT) requests service, it parameters-rew call arrival rate, average call holding
may either be assigned a channel in its resident cell or detime, average cell dwell timandnumber of channels in
nied service. This denial of service is knowrtal block- each cell.Simulation models, being conceptually easy to
ing, and its probabilityp,, ascall blocking probability A understand and flexible to model real-world situations,
currently serving MT in a wireless network may move are very widely used during the system design phase.
from one cell to another; the continuity of service to the However, development of any realistic simulation model
MT in the new cell requires a successfahdofffrom the involves significant programming overhead. Moreover, a
previous cell to the new cell. A handoff is successful if a simulation run takes relatively long computing time. In
channel is available and allocated for the MT’s use. The addition, to eliminate any possible bias of a starting state
probability of a handoff failure is callddandoff failure of the system being simulated, several simulation runs
probability, denoted here gs,;. During the life of a call, must be used to confirm the consistency of the obtained
an MT may cross several cell boundaries and hence mayparameters. Nonetheless, simulation models are the only
require several successful handoffs. Failure to get a sucway to estimate a system’s parameters if no analytical
cessful handoff at any cell crossing forces the network to model is available.

discontinue service to the MT. This is knownfasced Analytical modeling work performed since the late
terminationof the call; the probabilitp; of such an event  eighties have led to nonlinear equations that relate these
occurring is known afrced termination probability. parameters, with the following basic assumptions

[1,11,5,6,3,2,12,9]. New call arrivals form a Poisson
1 Department of Computer Science, University of Miami, Coral Gables, Process with arrival rat®,. The holding time of calls is
Florida 33124. E-mail: sarkar@cs.miami.edu exponentially distributed with a mearnuBeconds. Aver-
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age dwell time of calls—the duration of time a call stays numerically show that there is an optimal number of

in a cell—is exponentially distributed with mean $éc- guard channels that supports a maximal new call arrival
onds. The arrival process of handoff calls a Poisson [5],rate, if nodirect assumptiorabout the arrival rate of
but the arrival rate of handoff calls (dependsaon) is handoff calls is made. The algorithm to compute the op-

determined by other system parameters that are relatedimal number of guard channels is presented in Section
by a set of nonlinear equations. The time interval be- 5. Finally, in Section 6 we show the agreement of nu-
tween two consecutive phone calls to a mobile is suffi- meric values obtained from our algorithm with those
ciently larger than the call holding time such that the from simulations.
busy-line effect does not occur.

In Section 2, we briefly review the equations that
have been obtained assuming a Markov process. Becauss \1aARKOV MODEL
the equations are nonlinear and have no closed-form solu-
tion, iterative algorithms are necessary to find numerical It is assumed thag of the s channels in a cell are
solutions. However, iterative algorithms may fail to Con- \oqeeq for handoff arrival calls only, and the remaining
verge. To the best of our knowledge, there is no published  _ s — g channels can be used by both new and hand-
algorithm to deal with the nonconvergence problem for o ¢oy15 ' the event of a new call arrival, it is accepted
Fhis set_of equations. We present a basic iterative algorit_hmhc the number of busy channels in the target cell at that
in Section 3. The algorithm always converges and obtainSyje s |ess than. Otherwise, the call is blocked. If there
values ofp, andpy at any desired level of accuraty. is a handoff arrival, it is blocked only if there is no free

_ Lt IS cbustomary and Es_sentlial to verlfyhlte_ratl}/e_al- channel in the target cell, that is, all channels in the tar-
gorithms by comparing their solutions with simulation gei” coll are busy. This system can be modeled as a

or _real data. We verify our itergtive algorithm_ by _simu- Markov process witls + 1 states (see Fig. 1 for a state
lation data. We use a simulation model, which is pre- diagram) with the’ steady-state probabilitRs0 =< j =

sented Section 4. _ _ _ s. For brevity, after defining, = A/, 0 = (Ao + An)/
Another QoS (quality of service) parametgy, is (4 + 1), pn = Anl(u + 7). Steady-state probabilitie

computed u_sing the yalue mf_' In_c_reasing demz_ands for  can be calculated from the following three equations (see
mobile services, limited availability of bandwidth, and [6,2] for details):

the smaller cell size to support more simultaneous calls
can increase thpg of calls. Two handoff prioritization
schemes, (1) advanced request for a chanpet—
request schem@i—6], and (2) reserving a number of
channels for only handoff callsggard channel scheme pnpl ™"

R=fR,  0<j=n 1)

[3,4,12,10], are used to reduge Here we focus on the P= i R, n<j=s @)
guard channel scheme. The algorithm presented in [9]

computes the minimum number of channels (including O o s pnpi- ot

the guard channels) required in each cell when the ar- R= 2y it ,-:Zﬂ it B ®)
rival rates of new and handoff calls, and their respective

blocking probabilities |, and pys), are known. The al- The blocking probabilityp,, of a new call, and the

gorithm reported in [10] makes assumptions identical to handoff failure probabilityp,;, of an ongoing call, are
those in [9]; however, utilizing the newly proposed con- given by

cept of thefractional guard channepolicy, instead of

the well-known (integral) guard channel policy, it _< P (4)
shows a lower probability of new call blocking. Here P ; :

we address the problem of computing the optimal num-

ber of guard channels when the number of available P = P 5)
channels in a cell is a known constant but the handoff

call arrival rate is not a C(_)nstant and chang_es as theThe handoff call arrival ratéy,
number of guard channels is changed. In particular, for
a given QoS, that is, a pair of valuespgfand p;, we

because of user mobil-
ity is given by [5]

2The algorithms presented in [9] and [10] assume that arrival rates of An = 77(1 + pb))\ (6)
handoff calls is known. We make no such assumptions. ®+ NPhs
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Fig. 1. The state diagram for the guard channel scheme.

Finally, the probability of forced termination because of
a handoff failure is given by

P =i+ L ™

3. BASIC ITERATIVE ALGORITHM

The first six nonlinear independent equations
described in the previous section have no closed-form
solution. Therefore, iterative algorithms are necessary
for finding numerical solutions. However, iterative algo-
rithms may fail to converge. To the best of our knowl-
edge, there is no published algorithm to deal with the
nonconvergence problem for this set of equations. Here
we present an algorithm that attempts to find numeric so-
lutions iteratively, while keeping a count on iterations for
detecting possible nonconvergence. If nonconvergence is
suspected, a linear search is performed to obtain a solu-
tion with the desired level of accuracy. The complexity
of the linear search is inversely proportional to the de-
sired level of accuracy.

In any numerical solution of a set of nonlinear equa-
tions, another issue that needs careful attention is the rel-
ative accuracy of the computation. Because a mobile sys-
tem with “good” QoS ought to maintain a very small
value ofpy, and possibly a small value pf, we define
a relative accuracy coefficientrel-accur-coef—as a
minimum of desireqy;, andp,. The difference between
two consecutive values gf is divided byrel-accur-coef
to obtain error. The iterative process stops when the
calculated error falls below the desired accuracy or a
nonconvergence situation is suspected; in the latter cas
a linear search is performed. The pseudo code of the
algorithm is presented next.

seterror = 10 X accuracy;// a number bigger
than the accuracy
setn = s — g, count= O;
while ((error > accuracy or (count<< 1/
accuracy) do
begin// computing values
computeP, using equation (3);
computeP, using equation (1);
computeP,, n < j =< susing equation (2);
computep, using equation (4);
computepy using equation (5);
computeh, using equation (6);
seterror = |previous_ p — pyl/rel-accur-
coef;
incrementcountby 1;
end;
computepy, using equation (7);
if (error > accuracy then // value of\, does
not converge
begin
set\,-lower-end= min(\,,previousi,);
setA-upper-end= max\n,previousi);
set 6\, = (Ap-upper-end— Ay-lower-end)
accuracy;
linear-search for best,; // between lower
and upper end ofy, with increment obA,
end;

The data obtained from the iterative algorithm pre-
sented here are compared with that obtained from simu-
lations reported in the next section.

4. SIMULATION MODEL

Procedure Find_Probabilities(Input: oo, g; Output:

pb! pfl)
begin
setho = pou;
set\, = 0.1 X Ag; //a nonzero value to start

computation

For the simulation, we considered hexagonal cells
with wraparound topology, because it eliminates the
boundary effect, keeping exactly six neighbors for each
cell [2]. The 49 white cells, shown in Fig. 2 are part of
the simulation model, and the shaded ones are wrap-
around neighbors of the boundary cells. All cells re-
ceived 20 channels. The mobility of MTs is modeled



242 Fedyanin and Sarkar

Fig. 2. The cell layout for the simulation model.

using a simple Brownian-motion or random-walk ap- 5. OPTIMAL NUMBER OF GUARD CHANNELS
proximation [7,8]—a MT moves to any of the current
cell's neighbors with equal probability of 1/6. Residence Now we use the preceding algorithm to find the op-
time of a MT in a cell, known adwell time,is expo- timal number of guard channels at which the supported
nentially distributed with mean+i/~ 12 s. New call ar-  new-call arrival rate reaches the maximum value, for
rivals follow a Poisson distribution withcalls/s, and the  given values opy, andp;.. Suppose the QoS requires that
call holding time or the total duration of the call follows p, < puo, Pt < Pro» @nd let the desired precision ae
an exponential distribution with meamu1# 120 s. The curacy. The algorithmFind_Bestcomputes the optimal
load of a cell is the ratio of call arrival rate to call com- load starting at zero load. Initially, the load value is in-
pletion ratep = Nu Erlangs/cell. cremented by a predefined constant (the constant value is
We have run simulation and the iterative algorithm 1 in our implementation) until we get two consecutive
with various combinations of different values of parame- values of loade, lower_endand p,_upper_end,such
ters. For each set of values of the parameters, the differencéhat the load value, lower_end satisfies both QoS
between data obtained from simulation and the iterative al-conditions, but the load valyg upper_endloes not sat-
gorithm was insignificant. For these comparison tests, theisfy one or both of the QoS conditions. The optimal
precision of the numeric results was 0.001. Figure 3, a typ-value of load lies between these two extreme values.
ical example, shows the plots of simulation and numerical Now a binary search (proceduBénary Searchpy) on
data. It is seen that there is no significant difference be-the segmento], lower_endp,_upper_endis performed
tween the simulation and iterative algorithm data. It is im- until we get an optimal value of the load with the given
portant to mention that the algorithm always converged. accuracy.
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Fig. 3. A comparison of data from the iterative algorithm and simulation.
Procedure Find_Best(Input: s, u, 1, Pros Poos Here is the description of the recursive procedure
accuracy;Output:maximum p,, optimal_g Binary_Searchp,.
begin
setg = 0, optimal_g= 0, p, = O; Procedure Binary_Search po(Input: po_lower_
setmaximum pg = —1; // such thatmaximumpg end,pq_upper_endOutput: pp)
< po begin
while (g < sor p, < ppo) do if ((oo_upper_end- p,_lower_end > accuracy
begin then
begin// Iterate pq begin
setoo = 0,doo = 1,pr = 0, P = 0, pp = O; setpy = 0, ppe = 0, pp = O;
while (pp = ppo andpy = pro) dO setpg_middle = (pq_upper_end+ pq_lower_
begin end)/2;
setpy_lower_end= pq; Find_Probabilitieglnput: po_middle, g;Out-
incrementpq by dog; put: Py, Pr);
Find_Probabilities(Input: po,g; Output: if (P, = Ppo @aNdps = prr0) then
Po Pr); setpg_lower_end= p,_middle;
setpg_upper_end= pg; else
end; setpg_upper_end= pg_middle;
end; Binary_Searchpq(Input: po_lower_end, pg_
Binary _Searchpg (Input: po_lower_end,pq_ upper_endQutput: pg);
upper_endQutput: pg); end;
setpg_upper_end= pg; setpg = (pg_upper_end+ pq lower_end/2;
if (maximum pg < pg) then end.
begin
setmaximum py = po, Optimal_g= g;
end; 6. RESULTS AND DISCUSSION
incrementg by 1;
end; The data obtained from the iterative algorithm pre-
output (naximum p,, optimal_g; sented in Section 5 were compared with those obtained

end. from simulations. We present only a few representative
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Fig. 4. A comparison of numerical and simulation resultsgpr 0.1, p; = 0.02.

samples. It may be recalled that the values of the parafor a given pair of values fqy, andpy, there is an opti-
meters for the results reported are: number of channels irmal number of guard channels that supports maximum
the cell iss = 20, an average holding time of calls is load (or new-call arrival rateJhe deviation of the plots
1/u = 120 seconds, an average dwell time of calls is is nota disagreement of simulation and numerical data;
1/m = 12 seconds, and the precision of numerical resultsit is due to the increment of load by 1 at each simulation
is 0.001. Figures 4 and 5 are produced using data fromrun. We ran simulations for loads 9, 10, and 11 etc. until
the iterative algorithm and simulations; they suggest thatwe found the load that would exceed one or both of the
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Fig. 5. A comparison of numerical and simulation resultsgpr= 0.1, p;, = 0.06.
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QoS parameters. For instance, when the number of guard.Z. O.T.W. Yuand V. C. M. Leung, Adaptive resource allocation for
channels was three, a load of 11 exceeded the desired Prioritized call admission over an ATM-based wireless-PCN,
’ . _ IEEE Journal on Selected Areas in Communicatiovsl. 15,
value ofP;. Thus, the acceptable load from simulation No. 7, pp. 1208-1225, 1997.
was 10. If one is interested in finding tmaximum ac-
ceptableload, the simulations could be run for several
loads between 10 and 11. Actually, the value of the ac-
ceptable maximum load we obtained from our analytical
model is what one would get. However, the computation
time that would be necessary for these simulation runs is
very long. In fact, our analytical model found all seven
values of the acceptable maximum load in less time than
that necessary for one single simulation run. Thus, the
analytical model, when available, requires less computa-

tion time and involves very little programming time.

The algorithm presented in Section 5 finds the opti-
mal number of guard channels by using the iterative
algorithm described in Section 3. The value of the opti-
mal number of guard channels is useful for efficient uti-
lization of limited resources in a wireless network.
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