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Abstract— As more and more wireless subscribers access
the Internet through cellular networks, Internet data
traffic, which is known to be long range dependent (LRD),
will soon dominate the conventional voice traffic. In this
paper, we study the impact of such LRD data traffic on
the statistical characteristics of Multi-Access Interference
(MAI) and Signal to Interference-plus-Noise Ratio (SINR)
in a Code Division Multiple Access (CDMA) network.
Through analysis and simulation, we show that the time-
scaled MAI and SINR have slow decaying tail distributions
due to the LRD data traffic. As a result, the outage
probability is larger for data users than that for voice
users.

To improve the performance of the CDMA network in
the presence of LRD data traffic, we propose a variable
period prediction scheme to predict MAI or the equivalent
number of active users. We show that the proposed
variable period prediction is not only more accurate for
data users but also less memory-consuming than existing
fixed period prediction. In addition, rate control and call
admission control based on variable period prediction can
achieve lower outage probability and higher throughput
for data users than that based on fixed period prediction.

I. INTRODUCTION

The first generation and most of the second generation
cellular systems are developed mainly for voice services
as most of the subscribers are voice users. However,
in the coming third generation mobile systems, most
subscribers will access the Internet through the wireless
cellular networks for email, file transfer, web browsing,
multimedia and other Internet applications. As new Inter-
net based services and applications continue to emerge, it
is expected that the traffic of the next generation mobile
cellular networks will be dominated by the Internet data.

Understanding the nature of the traffic in the next
generation mobile networks is critical for efficient net-
work protocol and system design. Since Code Division
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Multiple Access (CDMA) [1] is currently the dominant
technology for wireless cellular networks in North Amer-
ica, and expected to continue to play an important rolein
the next generation cellular networks, we are particularly
interested in the performance impact of Internet data
traffic on a CDMA network.

In a CDMA network, traffic transmissions by all
other active users contribute to Multi-Access Interference
(MAI) of an individual user. Therefore, the character-
istics of the aggregated traffic transmitted by all other
users affect the characteristics of MAI, and in turn Signal
to Interference Noise Ratio (or SINR) which indicates
the quality of the received signal of the individual
user. While the conventiona voice traffic in a CDMA
network is usualy modeled as Poisson process with
an exponentia interarrival time of packets or bursts,
with the introduction of Internet applications mentioned
above, Poisson processes can no longer characterize
the aggregated data traffic transmitted over a CDMA
network. More specifically, it has been shown in [2] that
the Internet traffic is much more bursty over larger time
scales than voice traffic, and is usually characterized as
a self-similar or Long Range Dependent (LRD) process.
In this paper, we use the Weibull Bounded Burstiness
(WBB) process in [3] to characterize the LRD charac-
teristics in a CDMA network and study the impact of
long range dependency on MAI as well as SINR in a
CDMA network with many data users.

Most of traditional performance studies in CDMA
networks have been focused on the (long term) average
MAI and SINR. The admission control mechanisms and
most of the other related techniques developed in CDMA
networks are based on these average performance mea-
sures of the system, which works well when voice traffic
dominates. However, with data traffic which is more
bursty and exhibits long range dependency, one needs
to look beyond the average performance measures and
instead, focuses more closely on the correlated behavior.

The need for looking beyond the average behavior is



that a system with many data users may experience, for
example, a longer period of having a large number of
active users followed by a longer period of having a
small number of users than a system with voice users,
even though the two systems may have the same average
number of users. In other words, in the system with
data users, the distribution and autocorrelation of both
the MAI and SINR will be different from those in a
system with only voice users. Such differences will lead
to different outage probabilities and throughputs, and
aso affect other mechanisms including rate control and
Cadl Admission Control (CAC) in the two systems.

So far, there have been only limited studies on the
distribution and autocorrelation of the MAI and SINR
in a CDMA system with data users. For example, it
has been first proved in [4], [5] that LRD Internet
traffic transmitted by a large number of data users in
a CDMA system results in LRD MAI. However, [4], [5]
only studied MAI's self-similarity, without giving any
analytical distribution of MAI and other performance
measures including SINR and outage probability.

In this paper, starting from the impact of LRD data
traffic on MAI, the statistical characteristics and the tail
distribution of MAI (or eguivalently the number of active
users) and SINR in the presence of many data users are
analyzed. One of our magjor contributions is the devel-
opment of statistical formulas for both MAI and SINR
distribution and tail probability in different time scales.
It is found through both analysis and simulation that
both MAI and SINR have slow decaying tails in large
time scales, and in addition, the corresponding outage
probability is also higher due to the presence of LRD
data traffic. Another major contribution of this paper is
that a Variable Period (VP) prediction scheme taking into
consideration such impact is proposed and demonstrated
to outperform Fixed Period (FP) prediction proposed in
[4], [5]. We show that the proposed VP prediction is not
only more accurate for data users but also less memory-
consuming than FP prediction. The VP prediction is
applied to rate control and CAC, and our simulation
results show that both rate control and CAC based on VP
prediction achieve higher throughput and lower outage
probability than those based on FP prediction or those
without prediction at al. Our studies further verify the
usefulness of the proposed VP prediction in supporting
data users in future CDMA networks.

The rest of this paper is organized as follows. Sec-
tion 1l introduces the basic concept related to LRD
processes. Section |11 studies the impact of long range
dependency on MAI, SINR and outage probability in
CDMA networks, via both analysis and simulation.
To enhance the network performance for data users, a

Variable Period (VP) prediction scheme is proposed in
Section IV to predict MAI and the number of active
users in the CDMA system. Its performance is compared
with that of Fixed Period (FP) prediction in terms of
prediction accuracy. In SectionsV and VI, VP prediction
is applied to rate control and Call Admission Control
(CAC), which achieve higher throughput and lower out-
age probability in the CDMA network for data users
than the existing rate control and CAC based on FP
prediction or those without prediction. Finally, Section
VIl concludes this paper.

Il. LoNG RANGE DEPENDENT PROCESS

In this section, we introduce the concept of long
range dependent (LRD) processes, which is useful in
understanding the discussion and especially the formulas
in the subsequent sections.

A LRD process is often characterized by heavy traffic
bursts that extend over a wide range of time scales [2],
[6]. Suppose A is a discrete LRD process, and A(u)
denotes the u-th sampling of A. Define A” to be the
average of A aggregated in a time interval T'. The v-th
sampling of A7 is expressed as
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where Sp is the tota number of samplings contained
in T. We cadl A as the instantaneous process, and
accordingly AT is called the time-scaled process of A.

Denote the autocorrelation of A by r4(m) (which is
defined to be E[A(u)A(u+m)]), and the autocorrelation
of AT by r%(m). A Short Range Dependent (SRD)
process has r%(m) < ra(m) and r%(m) decreases with
T. However, for an LRD process, r%(m) = ra(m) for
any m with T — oo, or in other words, the autocor-
relation of time-scaled process is similar to that of the
instantaneous process [7]. The variance of time-scaled
process also exhibits similar trend, i.e., it decreases much
faster with T' for an SRD process than that for an LRD
process [8].

A time-scaled LRD process AT often possesses a
tail distribution that decays slower than that of time-
scaled SRD process. It has been shown that the tail
distribution of A7 has a Weibull bound, which is gen-
erally larger than the exponential bound associated with
an SRD process. Accordingly, A can be modelled as
a discrete Weibull Bounded Burstiness (WBB) process
[3] as WBB(C, u, v) with parameters C' > 0 (which
denotes the asymptotic constant), ;. > 0 (which denotes
the decay rate), and 0 < v = 2—2H < 1 (which denotes



the index parameter)!, and the tail distribution of A”
satisfies a Weibull bound as follows:

Pr{AT(v) > E[A] + x} ~ Ce #@50)"  (2)

foral z > 0,dl 7> 0 and al v > 0, where E[4] is
the long term average value of A and z is defined as the
tail of AT (v).

[1l1. IMPACT OF LRD oN A CDMA SYSTEM

In this section, we study the impact of LRD data
traffic on a CDMA network. In particular, we consider
the impact of LRD data traffic on uplink performance of
a CDMA system, and show through analysis and simu-
lation that both MAI and SINR have slow decaying tails
in large time scales, and in addition, the corresponding
outage probability is aso higher due to the presence of
LRD data traffic.

Suppose there are NV users in the CDMA network and
let X;(u) be the activity indicator of user i at the u-
th sampling time. X;(u) is an ON/OFF process. During
the ON period, X;(u) = 1 and the user transmits at a
constant rate R; with a transmission power P; (per time
unit), while during the OFF period, X;(u) = 0 and the
user does not transmit, i.e.,

if user 7 is ON

Xi(u )_{0 if user i is OFF

Note that R; X; is the traffic arrival process of user i.
Since theinter-arrival time of data bursts for Internet data
users could be either lognormal or Pareto distributed [2],
it indicates that the distribution of OFF period duration
To5y is usualy heavy tailed as:

P{Toff >t ~am® ©)

for any given x > 0. Heee @« = 3 — 2H and 1 <
a < 2. Such an ON/OFF process is aso caled a heavy
tailed ON/OFF process. It has been demonstrated that
the aggregation of multiple such heavy tailed ON/OFF
processes, i.e., ¥, X;(u), is an LRD process [7], [9],
[10].

A. LRD Impact on MAI

In this subsection, we first develop formulas to show
that a time-scaled MAI has a slow decaying tail dis-
tribution and then verify this claim through simulation
results.

"Here 0.5 < H < 1 is the Hurst parameter indicating the degree
of LRD, and a larger H is usualy associated with a heavier LRD
process. In particular, an SRD flow is always associated with H = 0.5
orv=1

We assume that the CDMA system implements power
control [11], [12] to achieve the same Signa to Inter-
ference Ratio (SIR) at the base station for every user so
that no user gains better performance with atransmission
power higher than necessary. Suppose P; is the receiving
power per time unit detected at the base station for user
j who is currently transmitting. With power control, the
receiving power per bit P;/R; from any user j is the
same, which equals to a constant power P (per data bit),
i.e., Pj/Rj = P.

The MAI detected by an individual user i at the u-th
sampling time is calculated as the sum of the receiving
power P; of al the other existing users in the system
except for user i itself, i.e, the u-th sampling of MAI is
expressed as

Ii(u) = Eé‘v:l,j;éinXj(u) (4)
With power control, P;/R; = P;/R;, and Eq. (4) is
rewritten as

I,(u) = s

Fji = P, K;(u),
where K;(u) = YN, i X;(u)f is the equivalent
number of active users (seen by user ¢) who transmit
with the same data rate R; as user i. In particular, when
al users transmit at the same data rate, i.e., R; = R;,
then K;(u) is the actual number of active users in the
system. For brevity, we cal K; simply “the number of
activeusers’ (i.e., wewill not use theword “equivalent”).
Since X;(u) is a heavy tailed ON/OFF process,
X;j(u) 3 is still aheavy tailed ON/OFF process. There-
fore, the aggregated process K (u) of such multiple
heavy tailed ON/OFF processes is an LRD process. Ac-
cordingly, the autocorrelation of K and K areidentical,
i.e, rk(m) = rg(m). Since MAI I;(u) = PK(u),
where P; is a constant, /;(u) is also an LRD process.
A similar proof that shows MAI is LRD can be found
in [4], [5]. In this paper, we model MAI with a discrete
WBB process, and the time-scaled MAI I has a Weibulll
bound on its tail distribution according to Eq. (2):

Pr{If(v) > E[I;] + a} ~ Ce~H@5n)"

PZ] 17]7ézX (U) (5)

(6)

for any v > 0. Here E[I;] is the long term average MAI
and z is the tail of the I7. From Eq. (6) we can see
that increasing time scale T' (or St) decreases the tail
probability. In particular, since data users are associated
with v < 1 while voice users are associated with v = 1,
thetail probability for voice users decreases with T faster
than that for data users.

The Weibull bound only characterizes the tail distri-
bution of time-scaled MAI, which is not sufficient to
characterize the general distribution of 7. Since the user



behavior is independent of each other, the instantaneous
MAI I; is the sum of P;X;, which follows a Gaussian
distribution according to the central limit theorem. Sup-
pose I; has a mean P,E[K| and a variance P?o%.. For
voice users, MAI is an SRD process where the centra
limit theorem also applies to the time-scaled process
beyond some small 7. Hence, IZ-T still follows a Gaussian
distribution with mean P,E[K] and variance P?c7% /St
as predicted by the central limit theorem. However, for
data users, MAI is an LRD process and the central
limit theorem does not apply. Instead, I approximates
a Gaussian distribution with the same mean P, E[K| but
alarger variance P20 /S% 2" given that 0.5 < H < 1
[7], [8]. In other words, time-scaled process I! has a
variance decreasing slower with 7', with a PDF

1 __ (e=PB[K;])?
= e 2P7‘,20K2/ST272H
2 2 2-2H
\/2nP20% /Sy

Examples of such Gaussian LRD processes include frac-
tional Brownian motion and fractional Gaussian noise
(FGN) processes in [13]. Note that, MAI may not be
approximated with a Gaussian process because of chan-
nel fading [5]. (However, as power control is normally
performed in CDMA networks, the effect of channel fad-
ing can be hided and the receiving power is roughly the
same for al the users. Therefore, such an approximation
is till valid.)

Smulation Results

To verify that the time-scaled MAI in a system with
LRD data traffic does have a slow decaying tail dis-
tributions and in particular it approximates a Gaussian
distribution with a larger variance, we simulate two
CDMA systems, one with data users and the other with
voice Users.

We simulate 250 ON/OFF users with maximum uplink
speed of 64kbps in both of the two CDMA systems.
Suppose that each of the ON/OFF users has an average
activity factor of 0.4, i.e., the average ratio between an
ON and an OFF period is 0.4/0.6. For heavy tailed data
users, we assume that the average data size transmitted
during ON period is 20K B, which is equivalent to an ON
period of 2.5 seconds (at 64kbps); while for voice users,
the average ON period is 70ms. Each simulation runs
for 100 seconds and a sampling is taken for every bit
transmitted. In the simulation, the distributions of MAI
are based on total 6.4 x 105 samplings.

Fig. 1 illustrates the distributions of instantaneous
MAI I; and time-scaled MAI I}, which roughly follow
the Gaussian distribution as in EQ. (7). As T increases,
the variance of I for voice users in Fig. 1(a) decreases
faster than that for data users in Fig. 1(b).

frr(z) (7

Thetail distributionsof 7; and I areillustrated in Fig.
2. The tail probability for data users shown in Fig. 2(b)
isin general larger than that for voice usersin Fig. 2(a),
especially when T is large as predicted by Eqg. (6). In
other words, I; for data users is an LRD process and its
corresponding time-scaled process has a slower decaying
tail distribution.

The above smulation results clearly back up the claim
based on our analysis. In other words, they show that in
apractical setting, the claim that the time-scaled MALI in
a system with LRD data traffic approximates a Gaussian
distribution with a slow decaying tail distributions is
indeed true. However, note that we do not claim that
the Egs. (6) and (7) can accurately determine the exact
tail distribution and variance due to the difficulties in
obtaining the exact values of the parameters used in these
equations.

B. LRD Impact on SNR

We now develop formulas to show that time-scaled
SINR also has a slow decaying tail distribution, and then
verify this claim using simulation results.

The SINR for an active user ¢ at the u-th sampling is
defined as

P;/R;
No(u) + % Zj‘vzl,j;éi PiX;j(u)’

where W is the spreading signal’s bandwidth and Ny(u)
is the instantaneous sampling receiving power of the
white Gaussian noise. In general, the SINR measured
in a finite time scale T' is of interest for performance
evaluation in a CDMA system. For voice users, SINR
can be usualy expressed in terms of long term average
measurement of noise E[Ny] and the number of active
users E[K;] [1] because the short term average value
can be well approximated with the long term average
value. However, this is not true for data users. Note that
athough [5] uses the instantaneous (as well as time-
scaled) SINR (in Eq. (8) of [5]), the Gaussian noise
inside the SINR expression is still approximated with
its long term average value o2, which is not accurate
enough to characterize the statistics of instantaneous (as
well as time-scaled) SINR.

In the appendix of this paper, we prove that the time-
scaled SINR has a*“Gaussian-like” distribution in alarge
enough time scale, whose PDF can be approximated as:

where hT is avariable decided by both time-scaled noise
N&" and time-scaled MAI (or equivaently the number

SINR;(u) =

(8)

(L -BpT)?
2Var[hT)

(9)
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of active users K[). In particular, from the PDF of
SINRT, we can see that the variance of SINRT is
related with the variance of h”, which is consequently
related with the variance of both time-scaled noise and
MAL.

We also prove in the appendix of this paper that SINR
has a self-similar correlation structure. Accordingly, the
time-scaled SINR has a slow decaying tail distribution
which is approximated as:

)" (@ST)

(10)
Eg. (10) indicates that SINR; is WBB process. The
only difference of the WBB SINR in Eqg. (10) from the
WBB MAI in Eg. (6) is that the decay rate of SINR is

(#ﬁ%)” times of the decay rate of MAL.

Smulation Results

PGy
Pr{SINR] > E[SINR}|+z} ~ Ce M Emisin T,

To verify the claim based on the above anaysis, we
use the same simulation setting as that described in
Section I11-A. Below, we present the simulation results
for CDMA systems with low Gaussian noise only, and
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(b) data users, H = 0.9

omit those with high Gaussian noise. The omission is
due to both space limit and the fact that the results with
high Gaussian noise are trivial in that both SINR for data
users and voice users have similar Gaussian distributions
since Gaussian noise is the dominant factor in SINR and
is independent of user behaviors.

For the case where Gaussian noise is low, we set the
noise o2 as only one hundredth of the signal power, i.e.,
02 = 0.01P as shown in Fig. 3. In this case, MAI is the
dominant factor in SINR, and the distribution of SIN R”

“is affected mostly by I7 and its variance decreases with
T. In particular, since the variance of I for data users
decreases dower with T' than that for voice users, the
variance of SINRT shows the same trend as predicted

by Eq. (9).

C. Outage Probability

In this subsection, we show that due to the slower
decaying tail distribution of time-scaled SINR for data
users, the outage probability for data users will be higher
than that for voice users.
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The outage probability of a CDMA system is ap-
proximated as the probability that the average SINR
in a (packet) transmission period 7;, (with Sz sam-
plings) is smaller than a minimum threshold SIN Ry =
E[SINR] —z (0 < = < E[SINR]). The outage
probability is calculated as:

Prowt = Prob{SINR™(v) < E[SINR;] —z}
i Picijlj}\)fRiS]7 )

BISINR;(EL 1) (11)

~ Ce

which decays slowly with T" for data userswith 0 < v <
1. Therefore, it is expected that the outage probability is
generally larger than that of the voice users. In particular,
when =z <« E[SINR;], Eq. (11) approximates to a
Weibull bound as

P; G, v y
Prout ~ Ce M ezvm)’ (@51,)"

(12)
Smulation Results
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Fig. 4 illustrates the outage probabilities for voice
users and different data users with packet transmission
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time 7, ~ 72ms (or with equivalent packet size of
576KB). We can see that, in general, data users have
a higher outage probability than voice users. Among
different data users, the larger the Hurst parameter 4 in
the LRD MAI, the higher the outage probability, which
agrees with the trend predicted in our analysis results in
Eq. (12).

Fig. 5 illustrates the outage probabilities for differ-
ent packet transmission times, i.e., 5ms, 72ms, 130ms,
175ms (which are corresponding to packet sizes of 40
bytes, 576 bytes, 1040 bytes and 1500 bytes). The outage
probability for data users in Fig. 5(b) is larger than
that for voice users in Fig. 5(a). It is also shown that
increasing 7,, can reduce the outage probability for voice
users, which indicates that better performance can be
achieved if voice packets are transmitted in aggregation.
However, the outage probabilities are similar for data
users and have little dependence on the values of T,.
This is because the outage probabilities predicted by Eqg.
(11) for the above T), values have little difference due to
asmal v=2-2H =0.2.

V. PREDICTION ON THE NUMBER OF ACTIVE USERS

Although LRD data traffic tends to degrade the per-
formance of a CDMA network, one may also harness
long range dependency by designing protocols that can
take advantage of the autocorrelation of an LRD process.
More specifically, in a CDMA network dominated by
LRD data traffic, the autocorrelation of MAI or SINR
across many time scales can be used to predict the
number of active users K or MAI, which in turn can be
used in rate control and Call Admission Control (CAC)
to improve the network performance. In this section, we
propose a Variable Period (VP) prediction and compare
it with the prediction proposed in [4], [5], which we call
Fixed Period (FP) prediction.
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A. Fixed Period Prediction

We first review amulti-period MAI prediction scheme
which we call Fixed Period (FP) prediction, which was
proposed in [4], [5]. The FP scheme predicts the time-
scaled MAI, I7=(v+1) in aprediction window T}, based
on afixed number of measured (or historical) time-scaled
MAI. Since T, is the typical time scale to calculate the
outage probability as defined in Eg. (11), the time-scaled
MAI measured in T, (with multiple bit samplings) is
used to predict time-scaled MAI in T,,. A prediction
window T, is usualy larger than 7, and I~ is the
average of multiple I7»’s measured in T}, (see Fig. 6),
which is predicted as

1 (”i o
u vm—+1
Based on such a multi-period MAI prediction, the

average number of active users in the (v + 1)-th T,

can also be predicted similarly as

I (v 41) (13)

1 (v+1)m

>, K'(u

u vm+1

where K> (u) is the time-scaled K during the transmis-
sion of the u-th packet. We call the above prediction for

KTm (v+1) 14

. . . . .
22 225 23 2.35 24 245 25
Threshold SINRD

(b) data users, H=0.9

K or MAI as Fixed Period (FP) prediction because the
number of historical values used for prediction is fixed
as m and each of the m historical values contributes to
the prediction with the same fixed weight 1/m. Note that
the system needs to store up to m historical measured
values for FP prediction.

B. Variable Period Prediction

In this subsection, we propose a new multi-period pre-
diction which is called Variable Period (VP) prediction.
VP predicts the next time-scaled value in T;,, based on all
historical values available (not just m historical values as
in FP). Each historical value contributes to the prediction
with an appropriate weight, i.e., usually a more recently
measured value is associated with a larger weight. In
addition, VP takes consideration of the autocorrelation
in multiple time scales , i.e., autocorrelations in packet
transmission time 7}, and in prediction window T;,,. This
is because the autocorrelation in multiple time scales
for an LRD process is more significant than that for an
SRD process. The VP prediction on K has two steps as
described next.

Suppose K7#(v, 5) is the time-scaled K measured at
the j-th 7}, of the v-th prediction window 7},. In VP
prediction, we first calculate a weighted time-scaled K
based on K7 (v, j) as

BT (0,5) = <1—pﬂp(v,j—m;ﬂv(v,j) (15)

and KT (v , 22 is defined to be the weighted time-

scaled K in the v-th T),, which is the last value cal-
culated from Eq. (15) when j is set to T’:. KT (v41)

i then predicted based on K7+ (v, 2) and K™ (v) as

. 1, - 1 -~ Ty,
KT (v+1) = (1—U7)KT”"(U)+U—BKTP(U, =) (16)

1y



where o and 3 are constant parameters decided by the
correlation coefficients between the predicted value and
the measured values. With the above two-step prediction,
time-scaled K in both 7), and T;,, are taken into consider-
ation in the prediction. In addition, the weight of K (v, j)
is adjusted (decreased) in each prediction, and more
recently measured K (v, j) has a larger final weight in
the prediction of K7 (v +1). Another advantage of VP
prediction is that it is a recursive prediction, with which
the system only needs to remember the latest calculated
KT (v, ) and K™ (v). Therefore, VP consumes much
less memory (which only needs O(1) system memory)
than FP (which hasto store m historical values and needs
O(m) system memory).

VP can aso be extended to MAI prediction as well.
The prediction on K can be used in rate control and CAC
to enhance the network performance as to be shown later
in this paper.

C. Smulation Results

In this subsection, we evaluate the prediction accuracy
of the proposed VP for data and voice users, respectively,
and also compare VP with other existing schemes. In this
simulation, we use the same setting as that described in
Section 111-A having 250 ON/OFF users with average
activity factor of 0.4 (please refer to that section for more
details). The Gaussian noise in the system is assumed to
be 1/10 of the transmitted signal strength, i.e., Nyp =
0.1P.

To evaluate the performance of VP, we use a similar
prediction accuracy formula as Eq. (26) in [4]:

1
accuracy =1 — —

N,

P y=1

& | K (v) — K(v)]

) (17)

where N, is the total number of predictions carried out
in the simulation.

Fig. 7 illustrates the accuracy of FP, VP and the
prediction based on the long term average value (shown
as “EP” in the figure). We can see that EP has higher
accuracy for voice users than that for data users (which
are associated with a Hurst parameter of 0.9 in the
simulation). Thisis because the average number of active
voice users in T, (or K™) approaches its long term
mean value E[K] quickly as T,,, increases with a smaller
variance than that of data users. With a reasonable T,
between 2 and 10 seconds?, FP and VP have higher
prediction accuracy than EP for data users only, and in
particular, VP generaly has higher accuracy than FP.

The predict window T, in [4], [5] is 2 or 3 seconds
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Fig. 7. Prediction accuracy

This is due to the fact that data users have LRD K,
whose strong autocorrelation facilitates the prediction in
FP and VP, and in particular, VP makes the best use
of the autocorrelation crossing multiple time scales with
appropriate weight assignments.

V. RATE CONTROL

In this section, we describe how rate control works
with the proposed VP, and evauate the outage and
throughput performance of VP, FP, and EP respectively,
when used in conjunction with rate control and compare
the performances of CDMA systems with data users and
voice users, respectively.

Rate control is used for interference management to
achieve the optima performance among existing users
in a CDMA system. The base station sends rate control
signals to mobile users according to its predicted MAI
in window T7,,. If the predicted MAI is weak, users
can increase their transmission rates to achieve a higher
throughput; Otherwise if the predicted MAI is strong,
users should decrease their transmission rates to avoid
high outage probability.

In order to achieve a target average user throughput
and a target outage probability, we assume that a CDMA
system can tolerate an average interference level mea-
sured at a time window 75, up to I3~

t+Sr,, j=N R.
SN W = pat g

m

1
T _
for =g ~Pn
TT?L u=t j:l

where R,,, is the maximum rate supported in the upper
link and P,, is the corresponding transmission power.
In other words, the (equivalent) number of active users
(transmitting at maximum rate R,,,) that can be supported
by the system at a time window T}, is K.I=. In the rate
control of the CDMA system, we adjust the rate of each



user according to the predicted K7 using the following
criteria
) If K™ (v +1) < KI» — ~,, then increase the
transmission rate of each user j with
[Kfr = = KT (04 1)

AR; = i R;
KTn(v+1)

2) If KT (v+1) > KL + v, then decrease the
transmission rate of each user j with

KT 4 1) — KTn —
A, — K™+ ) = Kl —a)
K(v+1)

Here both ~; and ~,, are constant thresholds.
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Fig. 9. Average user throughput with rate control

The smulation results are shown in Fig. 8 and 9 in
terms of outage probability and average user throughput
(for active users). The throughput for a user i is defined
as

. 1 NSz‘m
Bi= N 2@ sgn(SINR™(v); — SIN Ro)R;,

(19)
where Ng;,,, isthe total number of packets transmitted by
user i during its ON period throughout the simulation,

and sgn(.) is a function defined as

sqn(z) = { 1, when x> 0
0, otherwise

In the simulation, a system with rate control based

on EP is equivalent to that without rate control. We can

see that rate control based on both FP and VP schemes

can enhance the performance greatly for data users. In

particular, VP outperforms FP with higher average user
throughput and lower outage probability.

V1. CALL ADMISSION CONTROL

In this section, we describe how call admission control
(CAC) works with the proposed VP, and evaluate the
outage and throughput performance of VP, FP, and EP
respectively, when used in conjunction with CAC and
compare the performances of CDMA systems with data
users and voice users, respectively.

For a CDMA system with voice users, CAC is usualy
based on the average network capacity, or the average
number of users M, that the system could support given
a minimum SINR threshold SIN Ry or the maximum
number of active users Ky [1], [19], i.e,

G W Ny
Ko=1+ grvm ~ —p (20)
and M, is calculated based on K as:
1 1 G WN
Mo = M Ex (Ko—1) = 1+E[X](SUVRO_ f(>2 ;
1

where E[X] isthe average activity indicator of the users.
In a CAC without prediction, new users are admitted if
N < My, or equivaently if F[K] < K0. Such a CAC
is equivalent to the CAC that aways predicts the future
number of active users K as E[K]. This is valid for
voice users whose K7~ approaches E[K] quickly with
a relatively small variance. However, K7~ still has a
relatively large variance, and predicting K as E[K] is
not accurate for data users. For example, if a system
has a total number of users N < M, but the number
of active users KT > K, admitting a new user could
degrade the SINR of the new user as well as existing
users.

In this section, we propose a CAC based on an ex-
tended VP prediction for data users as shown in Fig. 10.
Our CAC uses a predicted average K in asliding window
7, which is equivalent to average user life time (e.g., 5
minutes), to predict the average SINR of a new user. A
new user is admitted into the system if the predicted
average SINR is larger than the minimum threshold
SIN Ry, or equivalently if the predicted K is less than
the maximum K, i.e., K™ < K. Otherwise, the request
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Fig. 10. Call admission for data users based on VP

will be buffered and the prediction is performed again in
the next diding window after a T,,, interval. If the new
user cannot be admitted within a given maximum CAC
delay, then it will be rejected.

With a CAC based on FP, the performance (in terms
of theoretical throughput calculated based on SIN R”»
in [5]) of the new user is predicted based on the
measured MAI (or K) in the 7 just prior to making
admission decisions. However, as K is an LRD process
exhibiting autocorrelation across multiple time scales,
the calculation based on measurements in one window
T may not be sufficient. In this section, we extend our
VP prediction proposed earlier in Section 1V with athird
step prediction for CAC, i.e., prediction in time scale T
as

(w4 1) = (1= R (w) + o KT, ),
22

where K7 (w, ;-) is the last predicted K™ in the w-
th 7, and ~ is a constant decided by the autocorrelation
in K7. With the extended VP, the prediction uses the
measured K in al previous dliding windows instead of
using just one sliding window as in FP.

A. Smulation Results

In this section, we compare the average active user
throughput defined in Eqg. (19) and outage probability
of the CDMA system with CAC based on the three
prediction schemes, i.e., EP, FP and VP. Note that for a
CAC based on EP, the system adways keeps N = My =
250 usersin the system regardless of their activity status.

Figs. 11 and 12 illustrate the outage probability and
average user throughput of the CDMA system with CAC
based on different prediction schemes. CAC based on EP
always has lower average outage probability and higher
throughput for voice users than that for data users. This
is because time-scaled K for voice users has a smaller
variance. Therefore, voice users have a higher prediction
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Fig. 12. Average user throughput with CAC

accuracy than data users when predicting K7» with its
mean value E[K]. However, CAC based on FP or VP
enhances throughput and reduces outage probability for
both data users and voice users. Specifically, for data
users, CAC based on VP achieves higher throughput and
lower outage probability as it can predict time-scaled K
more accurately than FP,

VIlI. CONCLUSIONS

In this paper, we have studied the impact of long range
dependency on the performance of a CDMA network
including MAI, SINR and outage probability. It has
been demonstrated through analysis and simulations that
the time-scaled MAI and SINR in a CDMA system
with data users have the same Gaussian or Gaussian-
like distributions as those with voice users, but with
slower decaying tail distributions and larger variances.
Accordingly, the outage probability is higher ina CDMA
system with data users. To harness the autocorrel ation of
MAI and SINR in a CDMA system with data users, a
variable period (VP) prediction has also been proposed
for such a CDMA system according to the fact that



the number of active users or MAI has autocorrelations
across multiple time scales. The performance of VP has
been compared with existing schemes including fixed
period prediction proposed in [4], and VP prediction has
been demonstrated to be more accurate. We have also
applied VP prediction to rate control and call admission
control and shown that better system performance in
terms of lower outage probability and higher average
user throughput can be achieved using the proposed
scheme.
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APPENDIX

In this appendix, we prove that the time-scaled SINR is
approximately “ Gaussian-like” distributed for a CDMA system
with either data users or voice users. And we also prove that
the SINR isan LRD process and its corresponding time-scaled
process has slow-decaying tail distributions.

With power control, SINR for user i at the uth sampling in
Eq. (8) is rewritten as

Gi
N R;
No(w)W/P; + Ej:l,j;éi Xj(u) R;
G

B No(u)W/P; + K;(u) @)

SINR;(u) =

<.

where G; = W/R, is the processing gain for user i. The
autocorrelation of SINR; is then defined as

rsinr(m)
=E| X
W—!—Ki(u) W—FK&U—I—TM
a2
- E[N;JSWQ + QE[K]IZ[NO]W + E[K;(u)K;(u+ m))
G?
= ; (24)
E[N]OD];WQ T 2E[K]1}i[NO]W +r(m)

Assume that NI (v) and K} (v) are time-scaled noise and
time-scaled number of active users. The average SINR in time
scale T is calculated based on the values of NI (v) and K (v)
as
G,

SINRI (v) = NI (0)W/P; + KT (v)

(25)

which is caled (equivalent) time-scaled® SINR. Its autocorre-
lation is

rérng,(m) = E[SINR] (v)SINR] (v +m)]
[ G; o G;
NEOW gy MECEmW L per g, 4 o)

2
G

EIN W2 1 2EINBEIW 4 BIKT () KT (v + m)]

G}
E[NJZW? | 2E[NJE[KIW |, .7 (26)
P2 + P, + g (m)

Since K is an LRD process, we have rk(m) = rx(m).
Therefore, the above Eg. (26) is the same as Eq. (24), i.e,
rL vr(m) = rsinr(m). Therefore, SINR is analogously an
LRD process because its time-scaled process has similar au-
tocorrelation as its instantaneous process (as an LRD process
does), but with adlight different definition of time-scaled SINR
from Eq. (2).

Note that here the (equivalent) time-scaled SINR is different from
the definition of time-scaled process in Eq. (1)



The PDF of SINR! is.

G
fgINRi(Z) PT{W =z}
- P 1NTW —: @

Suppose that n(u) is the Gaussian noise amplitude from one
sampling, which follows a normal distribution of N(0,02).
Then No(u) = n?(u) is the noise power per frequency
obtained from that sampling, which follows an Chi-Square
distribution, i.e.,

fal@) = e (29
with mean E[NO] = o2 and variance Var|[Ny] | = 204, Let
NjT =Tl 0( ) and let KT = % ~ with PDF
fL,(x). Suppose function hT(KT, NT) = KL 4 MW _

KT + N!T has a PDF [ (z), which is the convolutlon of
7t (2) and 17, (), i,

— [ ke - v

then the PDF of SINRT is expressed as the following Eg.
(30) [14]:

(29)

fgINRi() | ‘fh( )

Eqg. (30) applies to both instantaneous SINR and time-scaled
SINR. To calculate the PDF of instantaneous SINR, we first
obtain the PDF of instantaneous K and N/, as

(30)

G, - Ciz—EE)?
fri(@) = fk,(Giz) x G; = i —e¢ 22, (31)
Nz
G Px G;P; Nlen o
fsing;(z) is then rewritten from Eq. (30) as:
_(Ggu=BlK))? 2
2ok
fSINR |Z| / 2/”0—[{
ZR _M
y VGiP RE @

2rW (L —w)o,

To calculate the PDF of time-scaled SINR from Eq. (30),
we need to obtain the distribution of both N/* and K'T. Since
the white Gaussian noise is an independent process, as T
increases, N, approaches Gaussian distribution according to
the central limit theorem with mean E[N!] = Wo2 /P,G; and
variance Var[N§T| = 2W?202 /P2G?Sr. While K!T follows
a Gaussian distribution with mean E[K!T] = E[K]/G; and
variance Var[K!T] = o3 /G2S%72". Similar to I, the
variance of KT is the same as that predicted by the central
limit theorem only when K; is SRD with voice users (i.e,
H = 0.5); For data users (i.e, 0.5 < H < 1), the variance is
larger than that predicted by the central limit theorem. Since
both K!T and N{T follow Gaussian distributions, and also
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because KT and N} are independent of each other, the sum
of the KT and N}T till follows a Gaussian distribution with
mean

E[K] o2W
EhT) = E[KT)+ E[NJT] = ——n 34
W)= BRI BN = S - A (39
and variance
Var[h"] = Var[K"] 4+ Var[N{']
2 2 4
_ 0% 2Weo,
- G?STQiQH + G?PZQST (35)

Therefore, the PDF of SINR] in Eq. (30) can be approxi-
mated as:

L -mpnT)?
2Var[hT)

fSINR (36)

\/27rVar hT |z|
which we call as a “Gaussian like” distribution. Note that for
voice users, the impact of 7" on the variance shown in Eq. (35)
is more significant than that for data users. And in general, the
PDF of SINR! in Eq. (36) has alarger variance for data users
than that for voice users for any S > 1.

Now we exam the tail distribution of SINR”, i.e,
Pr{SINRI > E[SINR;] + z}, where z is the tail of
SINRT. Since Gaussian noise is an independent process, its
tail distribution decays quickly with 7". With some large finite
time scale 7', the tail probability of NI can be ignored in the
tail distribution of SIN RT, and the parameter N&'in SINRT
is approximated with its mean value o2 as,

Pr{SINR! (v) > E[SINR;] + z}
= Pr{ > E[SINR;] + z}

G
o2W/P; + KT (v)
Gi _ O’TQLW}
E[SINR] +z P,

PG 9
Fisingg V)

= Pr{K}(v) <

= Pr{I’(v) < (

P,‘GZ‘LE
E[SINR;(E[SINR;] + o)
= Pr{l{(v) > B[l + ESINR(ESINR 7 7))

37

The last step of Eq. (37) is because I] has a symmetric
Gaussian distribution centered at E[I;].

Since it has been proved that I; is an WBB LRD process,
Eq. (37) can be simplified as follows

Pr{SINRF > E[SINRT] + 2} ~
*u( T )Y

Ce (38)

With v < 1 for data users, the tail distribution in Eqg. (38)
decays slow with 7', and the tail probability is larger than that
of thetime-scaled SINR with voice users (v = 1). In particular,
if < E[SINR;], Eq. (38) approximates a Weibull bound as
in (10).



