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Integrating Power Control, Error Correction Coding,
and Scheduling for a CDMA Downlink System

Yuming Lu and Robert W. BroderseRegllow, IEEE

Abstract—Transmitting multimedia data over a code-division Several techniques can be applied for reliable transmission
multiple access (CDMA) channel presents a new set of challenges:gver a time-varying channel. Power control (i.e., adjusting the
data demands will sometimes exceed the system capacity, in WhiChtransmit power level at the base station) is used to control
case the system must make the most efficient use of its limited . . . . .
resources. In this paper, we present our approach for unifying recelve_d signal-to-noise ratio (SNR). Forward-errqr-c_:orrechon
power control, variable forward error correction (VFEC), and  (FEC) introduces redundancy to combat transmission errors.
scheduling for a downlink system by allocating the system re- Because bandwidth demands for multimedia applications vary
sources. The resources we consider are: fixed bandwidth available greatly, prioritizing (i.e., scheduling) among data streams is
for each user and the transmit power budget for each cell. Our needed when bandwidth demands exceed channel capacity.
objective is to maximize the overall system satisfaction, which M luti feasible b . binati f
we call “system utility.” This objective is achieved by applying any so Ut'ons_ are feasible by var.lous combinations o
a distributed algorithm which divides the overall optimization these three techniques. Therefore, designers are left to choose
problem into a hierarchy of three levels (system, cell, and user), what they want to optimize. For example, previous work has
with each performing independent and parallel optimizations. generally been aimed at maximizing the Erlang capacity which
In the second half of this paper, we perform simulation-based s gefined as the number of active users, minimizing transmit

evaluation of the system performance with a simple cell structure hil fi tain SNR . t .
and uniformly distributed users. The system is simulated using power while meeting certain requirements, or maximiz-

a specific utility function: the step function. Finally, several INg the Shannon capacity. However, none of these design
practical issues regarding the implementation are investigated.  objectives consider the heterogenerities of multimedia data and
Index Terms—Code-division multiple access (CDMA), multi- userg. Th's leads to many shortcomings, such ?S ,th? difficulties
media, power control, variable forward error correction. of prioritizing one data type over others, of prioritizing users
using these design metrics, or of distinguishing various users’
preferences, etc. In this paper, we will present a “utility”
based approach to the overall system control problem. The
HIS paper addresses design and control issues for mebntrol algorithm integrates power control, variable forward
tiuser multimedia indoor wireless communication syserror correction (VFEC), and scheduling in order to maximize
tems. While this work is motivated by the Berkeley InfoPathe overall system utility, where utility measures the degree
project, the approach and the techniques are not limited to tbisuser satisfaction. As shall be discussed later, we assume
system. that a user’'s satisfaction with an application depends on the
Itis assumed that the downlink transmissions will use direatelivered bandwidth and bit error rate (BER).
sequence code-division multiple-access (DS-CDMA) scheme.This paper is organized as follows. First, the system struc-
The base station radios transmit a variety of multimediare and its constraints are presented. Next, we discuss the
data types ranging from low-data rate and error sensitigeialitative properties of utility functions. We argue that max-
control information to high-data rate but more error toleranmmizing system utility should be the sole objective when
multimedia data such as real-time video. In addition to thdesigning a system, and we present the utility maximization
wide range of error tolerance and bandwidth requiremengdgorithm. In the second half of this paper, we quantify the
multimedia data streams are bursty compared to traditiorsgistem characteristics with simulation results, for a particularly
cellular voice data. Therefore, it is challenging to design simple form of the utility function. Several traffic models are
system that dynamically adapts to the time-varying channgded in our simulation, including Poisson process and two-
and traffic and, at the same time, delivers the different dattate continuous-time Markov chain (CTMC) in order to span
streams according to their required quality-of-service (QoS) wide range of traffic characteristics. Finally, several practical
issues regarding the implementation are investigated.
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Fig. 1. Infopad system overview.

as the high speed real-time video is only available for the yigeo :
downlink transmission (i.e., base station to portable). We  2ud0 5] ]userl VFEC | 2Mbs

Xl o
assume the downlink transmission employs DS-CDMA. For conlro Encoder
low power, cost, and usability reasons, these terminals have . . A
minimal general purpose computational power; instead, the o . Y

computations are carried out at compute servers. The compu-

tational results, together with other types of multimedia data, %dcg N M

are sent to the terminals via a high speed backbone network, “Tex 505 VEE >
H H COLU Q) En

base station, and wireless channel.

The downlink radio system has a limited capacity due to %%nngg?r?tl C(I)’&mn .
the limited resources such as transmit power and bandwidth.
As will be shown later, the design of this system reduces - 2. System architecture and constraints.
a global optimization problem. This optimization trades off

the quality with the quantity of delivered data. In additiongoyrces while meeting the various QoS requirements of mul-
the optimization trades resources among users. The objeckiy§edia data. This system has a limited capacity due to
of these tradeoff is to maximize the overall user satisfactiQRe [imited resources derived from a DS-CDMA radio. The
by applying power co_ntrol, variable forward error correctiofagources we consider in this study are: 1) each user is
(VFEC)! and scheduling. o allocated a fixed link bandwidth; the total bandwidth of a
Compared to conventional wireless communication systemger's applications after FEC encoding must be less than this
which have been designed mostly for low-rate single-datgnk pandwidth. In the case of the Infopad, it was determined
type applications such as mobile voice and paging servicegat a 2-Mbit/s link bandwidth for each user was desired, and
our CDMA downlink radio, on the other hand, is designed t9) the total transmit power from a basestation (which serves
address a different set of user imposed system performan@e;sers in a cell) must be less than an allowable power level
requirements. First, our downlink supports multiple data typggt by implementation constraint. Fig. 2 shows the downlink

consisting of real-time video, audio, text/graphics and contrglgio structure together with these practical constraints.
data. Consequently, the bandwidth requirements are orders of

magnitude greater. Second, the multimedia data consist of

several data types with highly variable (QoS) (e.g., typic&- Three “Control Knobs”

speech data can tolerate a BER around®l@vhereas control  In order to achieve the optimal system performance, three
data require a BER around 19). And finally, our multimedia “control knobs” are available for fulfilling various bandwidth
system requires a scheduler because bandwidth is statisticalyBER requirements. These knobs are VFEC, power control,
shared among data types; the demands vary greatly and wailld scheduling. Among them, VFEC selects a particular FEC
sometimes exceed channel capacity. This scheduler dynaouee; this FEC then introduces redundancy to combat trans-
cally allocates bandwidth for each application, leading to raission errors. Downlink power control varies the transmit

priority scheme for multimedia data. power to adjust the received signal quality. Together VFEC
and power control are used to support applications with widely
B. Practical Constraints varying QoSand to mitigate excessive interference. Finally,

eprioritizing (i.e., scheduling) allocates bandwidth among data

types; this is especially needed when application demands
1variable forward error correction (FEC) is a technique of using a familaxceed channel capacity.
of FEC codes to achieve a wide range of error correction capabilities. For L .
example, we use the family of 63-bit BCH codes with correction capability The goal of our design is to unify VFEC, power control, and

oft =0,1,2,3,4,5,5,7,10,11,13,15,31 bit errors. scheduling into one system. We claim that the system design

Our system is designed to fully utilize the available r



980 IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 17, NO. 5, JUNE 1999

Utility Bandwidth - “ oy ’
R Utllity|————— Uility
% s\‘\\\
\\\§555=::

z
0w,

..:'.'
J

(@) (b)

y Fig. 4. (a) and (b) Two classes of utility functions with respect to the
BER bandwidth.

N

Fig. 3. A typical application utility function.

utitity?
is incomplete if the methods of VFEC, power control, and
scheduling are not considered simultaneously. For example, oz
consider a design that only controls power; if all active low error rate high error rate
applications consume less than the available bandwidth, then
the remaining bandwidth is wasted. Compare this to a system
that, instead of wasting this bandwidth, uses it for FEC coding
and reduces the transmit power while maintaining the same
QoS. This example illustrates the interaction between power
control and FEC. Finally, the result from scheduling affects E, E, BER
both the VFEC selection and the transmit power level in order » .
to meet the specific QoS of that data type. Fig. 5. Utility function with respect to the error rate.

Y

lll. SYSTEM OBJECTIVE AND CONTROL STRATEGIES we will discuss and contrast only two such classes. One
class includes applications for which performance gradually
A. Concept of Utility improves as their allocated bandwidth increases however, with

A large set of solutions are feasible by various combinatio - . . L
e utility functions for this class of applications are therefore

of VFEC, power control, and scheduling. For example, su h h i Fia. 4 Anoth |
pose a user can choose receiving low resolution video togetﬁgpcave everywhere, as shown in ™g. @) Another class
includes applications such as control information for which

with text graphicsor just high resolution video; or the system . . X
may either support six users with high QoBten users with 'the recewed datg are'of no value to users if only partial
medium QoS, how do we choose between these alternativestpt&rma“.on IS Qellvered, however, once the necessary amgunt
multiuser multimedia system is ultimately designed to satis data is delivered, there is no extra benefit for receiving

users. Therefore, any design decisions should be based on AE data. Fig. 4(b) shows the utility function for this class

satisfaction. For instance, if users prefer receiving more date’ applications. .
et us now turn our attention to the other parameter of

cost of having a higher BER, the system design should reflect-"" " . . .
9 9 y g r|1e utility function, that is, the error rate. When the received

that accordingly. Therefore, our objective is to maximize tot% L7 . . T
gy ) ER is high, users are generally unsatisfied with application

user satisfaction, which we call “system utility.” ¢ As th e thei tisfacti
In general, the concept of system utility is somewhat vagd%?r ormance. As the error rate improves, their satistactions
[ise as well. However, once the BER improves beyond a

However, if we assume that utility is additive, then system uti tain level little additional satisfaction i hieved
ity becomes the sum of user utilities, and a user’s utility is t M epnt evel, t\r/]ery ' et' ada |o|r_1ta sfa .'3 action 1s la(?d'evt? .I
sum of that user’'s application utilities. For each applicatio ’S{V\Ilgser?nlgeE,R'se ;‘:Cig4'°2n%”‘il'()}’8° Igilg eg Iisl‘ll:]si?;ti; ?Ee'ca
the performance clearly depends on the quality and quantity . . . T

P y aep quality q h[llty function with respect to BER. As a final remark, the

%f ?;tr?] Sd ?)l;vgﬁi(\j/é:g ;thSF;ug)r:’th? aﬁg\%i?ﬁ aﬁﬁ “gi;%nplzmé pplication utility as a function of bandwidth and BER shown
; in Fig. 3 is obtained by multiplying utilities from Fig. 4(a)

application utility function is shown in Fig. 3. .
At this point, let us discuss the qualitative properties of thaend Fig. 5.
application utility functions. We proceed by first holding BER - L
constant so that utility only depends on delivered applicatigh Layered Approach to Utility Maximization
bandwidth. Now that we have discussed the qualitative behavior of the
For all applications, the application utility is a monotonepplication utility functions, let us return to the problem of
nondecreasing function with respect to the bandwidth. Weaximizing the system utility subject to constraints. Suppose a
can categorize applications into many classes; neverthelagser makes a request for several applications, each with utility

2The actual utility function for any particular application can be determine}ﬁi(Biin)v Where B, is the application t_)andWidth’ and;
through either simulations or experiments with users. is the received BER (after FEC decoding). Recall that the

jidecreasing marginal utility (e.g., video and text/graphics).
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SystemLevel () o o) SNR. The basestation then calculates the propagation loss and
(inter-cell) the interference factors for each user, based on the user's
channel SNR and the transmit power levels of the neighbor
cells.
Cell Level C 0O O 1) User Level Optimization:At the user level, we optimize
(intra-cell) user utility. Two techniques are applied: first, the system per-
forms scheduling by allocating bandwidth to each application.
Second, the system optimizes error rate by applying VFEC.
User Level (3 () e e VFEC enables the system to trade-off the quality with quantity
of delivered data for each application.
Fig. 6. Three levels of optimization hierarchy. Recall that the user utility is the sum of the application
utilities
utilities are assumed to be additive, therefore, the user, cell, o
and system utilities can be expressed as User(B,E) = ui(Bi, Ey). (4)
L L =1
user util="Y "(appl. utih; = > u;(B;, E;) (1) Our objective is to maximize (4), ové8 = (By, By, -, By)
i=1 i=1 and £ = (E,E,,---,FEyp), subject to the link bandwidth
M M L H
) ) constraint
cell util = ; (user uti); = 2;1 Z:l (wi(Bi, E3))  (2) B
o L >~ B;-n(SNR E;) > Link Bandwidth (5)
system util= Z (Ce” Util)k = Z Z Z (UZ(BZ7EZ))jk =1
k=1 k=1 j=1 i=1 where
(3) link bandwidth
N(SNR, E;) = o DI (6)
With this formulation of the utility functions, we are able data bandwidth

to overcome the shortcomings from the previous design ob-To maximize the user utility, we do not directly choose
jectives (from Section I). First, a user may prioritize varioughe received BERE;; instead, we select the level of VFEC,
applications according to (1). Second, by introducing a weigfggether with the known link SNR, to determine the received
factor, users in the system can be prioritized as well, as in (BER. The choice of FEC code is reflected by the “bandwidth
Our objective is to maximize the system utility subject texpansion function,’;(SNR, F;), which corresponds to the
constraints, where parametef and E; are controlled by FEC code that achievds; (after decoding) for a given channel
power control, VFEC, and scheduling. One approach to tt&NR. 7(SNR, E;), expressed in (6), is the ratio of the link
global resource allocation problem is to apply a centralizeshndwidth to the data bandwidth, thii - n(SNR, E;) is the
algorithm which considers all users’ statistics simultaneouslyetual channel bandwidth consumed by application
The advantage of this approach is that it does not requireMaximizing (4) under the constraint (5) is an optimization
any iterative steps for achieving the optimum; however, thgoblem over2l variables (B and E). Observe that the
computational complexity and communication requiremenghannel SNR is the only undetermined variable during the
are impractical for any reasonably sized system. Since @stimization; as a result, both the optimAland E, and thus

system is designed to be scalable, we propose a distributed optimal user utility, are functions of the channel SNR. We
algorithm that divides the overall control problem into thregenote the maximum user utility by* (SNR).

user

separate levels: user level, cell level, and system level, asfo summarize, two results are achieved through this user

shown in Fig. 6. level utility optimization. First, for any SNR, we can apply
The nodes within each level are independent and can &heduling and FEC selection (i.e., choosiigand E) such

optimized in parallel. The optimization results, expressed ifat the user utility is maximized. Second, the maximum user

terms of the resource requirements, are passed up to {fifity can be expressed as a function of SNR (presuming

higher level. For example, the optimal user utility, expressegh optimal choice ofB and E). As will be shown in the

in terms of user's channel SNR, is directly proportional taext section, this maximal user utility function becomes the

the user transmit power level; this transmit power level isornerstone of the cell level power allocation.

then determined by the intracell power allocation. In addition, 2) Cell Level Optimization:An indoor wireless communi-

at the system level, a cell communicates with its interferingation environment is interference limited. In such an envi-

neighbor cells to negotiate its cell power budget so as fenment, users are subject to three sources of interference:

maximize the neighborhood utility. This layering approaclhtercell interference, intracell interference, and background

yields a distributed algorithm, and the details are explaingfise. The channel SNR for a user, say usércated in cell

in the following section using a bottom-up strategy: from use, is the ratio of the received signal power to the noise power:
level to cell level, to system level.

We assume the feedback loop from a portable terminal tosNR,; = : = :
a basestation gives the basestation an estimate of the channel Total Noise Power — §; + Aj + (03);

Received Signal Power g, -¢; - %

(7)
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each user so that the total cell utility is maximized. This goal
is achieved by computing the optima} for all users;.

Suppose cell #0 ha® users, the total cell utility is therefore
the sum of maximal user utilities

M
Ucenn o(¢, Po) = Z U5 (SNR;)

=1

M
i B
=N u; % . (12
i =1 7j®Po+(0B);
Fig. 7. Cell topology.

Our objective is to maximize (12) subject to the power budget

where g; is the aggregate gain factor for usgrg; is the constraint

fraction of the total cell transmit power allocated to ugeF, M
is the total transmit power for cell #0, adg A ;, (0%); are the > i Py < P (13)
intracell interference, intercell interference, and background j=1

noise, respectively. Maximizing cell utility is an optimization problem of/
Assume a cell topology as shown in Fig. 7, where a center 9 y P P

cell has six neighboring celfsSuppose cel is in the center, variables(¢y, ¢z, -+, ). Since the cell power budget for

and letP, = (1%, 2. ) be the tota power budget for %, B0 HERCETEe TR oo caton
each of the seven cells, whef&!, - - ., PS) are neighboring X ’ ’ P b

cell power levels. Using this notatiof,, represents the power(.¢1’ $2,+,éa), and thus the maximal cell utility is a func
. . tion of Py. We denote the maximum utility for cell #0 as
budget for a cell neighborhood where #0 is in the center. U (Po)
Without loss of generality, our focus is on usein cell #0 ~cello\ 0+ L
. . . . . . It is not difficult to prove that the two-step optimization
with six adjacent neighbor cells. The intracell and intercell . S
; . rocess (i.e., the user level and the cell level optimization)
interference are modeled as fractions of cell power levels, T TR .
. . . Or maximizing the cell utility is equivalent to a one-step
which are expressed in (8) and (9), respectieljhe «; Lo : S
. . . -/ _optimization at the cell level. This one-step optimization
and 3, are intracell and intercell interference coefficient : -
X . .determines theB;, the E; for each application among all
which depend on the CDMA spreading factor and propagation .
ers, andp; for each user in the cell. However, the layered

environment. These coefficients can be determined through . : : ;
proach introduces parallelism thus reducing the intercell

measurememns C
communication.
8 =aj- Py (8) To summarize, we have achieved the optimal user power
Aj=f1- P4 Bjs-PE4 -+ B - FS. ©) allocation for multiple users within a cell. The optimal cell

utility depends on the cell power levels for the entire neigh-
We can combine (8) and (9) using a vector notation to repres®rhood. This result provides us with a platform to perform

the overall interference noise power intercell power allocation, which is to determine the total cell
- power budget for each cell.
b +A;=7,Po (10)  3) System Level Optimizatior®ur ultimate goal is to max-

_ . imize the overall system utility which is achieved by setting the
wherey; = (ay, 8,1, -, fj2), ande is the vector dot product. cell power budgetyfor each c)elzll. Since a large nun)wlber ofgusers
Consequent_ly, subsiituting the expression of |r_1terference NORNd cells are in the system, we seek a distributed algorithm
power (10) into (7), the channel SNR for usefs that is scalable in both computation and communication.

gi - &5 - Po As intercell interference is localized to a finite region,
¥; e P+ (0—123)].' changing the power level for a cell only affects its nearby
cells; we call this region that cell’'s “neighborhood.” This

During the downlink transmission, a CDMA radio transmitgpservation suggests that we are able to simultaneously change
to all users within a cell simultaneously and is subject to gower levels for several cells, provided that their neighbor-
power budget which is determined through the higher laygbods do not overlap. For this discussion, we assume only
optimization. The goal of performing cell level optimizationgirst order interferencé Fig. 8 shows several nonoverlapping
for cell #0 in our case, is to distribute the power budfetto  nejghborhoods (indicated by the “stars” superimposed on the

3This assumption of having hexagonal cells is not necessary for 0913” tOPOIOQY)- ) ] )
algorithm; it is only for illustrative purposes. Several key properties result if we restrict ourselves to

4Throughout this study, we only consider the first order intercell interfeehanging power levels only for the center cells of these
ence, i.e., interference coming from the adjacent cells.

5The intracell and intercell interference coefficients for a user depend onfFirst-order interference means that a base station only interferes with its
the location of the user and the indoor environment, both of which are tins& immediate neighbor cells. This assumption is only for illustrative purposes,
varying. These interference coefficients can be estimated by correlating t@atl is not necessary for our distributed algorithm. If the assumption does not
noise power (which can be measured) with this and neighboring cell powesld, we can increase the neighborhood size, which will decrease the rate of
levels. convergence.

SNR; = (11)
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While F, is upper bounded by the implementation limit, the
goal of adjustingF, is to maximize the total neighborhood
utility, Fy thus has to satisfy

a

775 [UNeighborhoo F,F,"',F =0.
aPO[Ng}b} a(Po, Py 6)]

This is equivalent to

o . — 0 ([, —
R CeHO(PO):_a—PO > Urni(Pi)).  (15)
=1

Notice that on the left side of (15) is cell #0’s marginal utility
as a function offy, and on the right is the total marginal utility
of the neighbor cells. At the optimal point, with respectig
the marginal utility of cell #0 offsets the marginal utility of
the neighbor cells.

The system utility optimization algorithm we described
above is indeed an iterative, one-dimensional (1-D) search
algorithm, in which we optimize along eadh iteratively until
reaching the maximum. There are known numerical algorithm
Fig. 9. lteration step assignments. to meet this purpose [6].

nonoverlapping neighborhoods. First, the effects from chang- IV. SIMULATION
ing a center cell's power level are limited to the neighborhood We have presented the “utility’-based approach to the
boundary; therefore, cells only need to communicate withgverall control problem. Because the policy issues of allocating
the neighborhood. Second, a center cell faces a fixed interfegsources are separated from the design process, the main
ence environment; therefore, calculating the power budgetagvantage of this framework is that it offers a great deal
simplified. Finally, the remaining cells within the neighborof flexibility to the system control. In other words, we can
hood have exactly one interfering cell which is changing itsiways choose a utility function that reflects a specific design
power; therefore, estimating intracell and intercell interferenebjective. For example, if we let the application utility function
coefficients(¥; from Section 11I-B2) is simplified. be a step function (with respect to both bandwidth and

So far, we have updated cell power budgets for only éror rate), then this would coincide with conventional design
fraction of cells. Our ultimate goal is to update power budgetshjectives for many wireless or cellular systems, where a BER
for all cells in the system. This is achieved by iteratingor SNR) requirement is imposed. However, this advantage of
according to a periodic schedulayhere the system adjustsflexibility makes it difficult to quantify and compare system
a different subset of cells at each iteration; after one perigserformance with other approaches. Therefore, for the rest
all cells in the system are updated at least once. of this paper, we will simulate the system using a specific

We will demonstrate this algorithm using our example aitility function, the step function. This restriction will allow
first-order interference and hexagonal cell topology. Fig.$ to evaluate and quantify system performance with numerical
shows the assignment of cells to iteration steps, and tesults. In addition, these results will uncover some interesting
iteration period equals seven in this case. Notice at evelgpendencies which differentiate the multimedia optimization
time step, the subset of cells which change power levels hgw®blem we are investigating from a single media application.
nonoverlapping neighborhoods.

We next describe how we determine the cell power budgeps. Simulation Setup and Parameters
The procedure is the same for all cells; however, we will focus . . . .
on cell #0, with neighboring cells 1-6. Thg simulation assumes that each user is aSS|gr_1ed to a

2-Mbit/s channel. Each data type has a fixed BER requirement,

. When updating the power bgdget for ceII#O, Its power I?Y%'o data are only transmitted when the estimated received
is chosen so as to maximize its overall neighborhood utilit

We know from Section 1I-B2 that the maximal cell utility)éER (after decoding) equals or exceeds this predetermined

for each cell in the neighborhood of cell #0 dependsRyn level. Since it is difficult to compare users when they have

Therefore, the total neighborhood utility, which is the sum Oglfferent traffic profiles, we assume all users rt_'-zguest four
: 2 . ypes of data. The data types have static priorities, so the
the maximal cell utilities, is also a function @f,, as shown

scheduling is well understood and will not play a major role
below
when we evaluate power control and VFEC. As a consequence,
_ — - 6 . . the lower priority data can only get ahead of higher priority
UNeigtiborhood (£0, P1, -+, Pe) =Ulen o(Po) + ZUce”i(Pi) data when the network resource is insufficient to transmit the
=1 14 higher priority data. Table | shows the parameters modeled
(14) by Poisson arrivals for all data types along with their relative
"This schedule is fixed and determined by the system designer. priorities.



984 IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 17, NO. 5, JUNE 1999

TABLE |
TRAFFIC PROFILE
BER packet size arrival rate data rate
priority requirement (bits) (msec) (kbps)
I {control) 107 100 8 12.5
2 (text/graphics) 104 200 1 200
3 (audio) 100 100 2 50
4 (video) 5510 100 0.125 800
1200
0 1 2 3
Fig. 10. Cell topology. 1000
Fl
For simulation purposes, we assume a linear cell topology ;f; 800
as shown in Fig. 10. This layout is chosen because it is the 3
simplest topology which contains all aspects of a multicell j;;; 600 |
environment. Since the system performance is a function of 32
user population, location, and traffic, the simplicity of this S
. . . ¥
layout makes the dependencies and cell interactions more & 400 |
transparent for analysis. We believe the general results and s
trends from this case carry over to more realistic topologies. 200l
Four cells are simulated; they are labeled as 0, 1, 2, 3, and
each has the population 4, 6, 5, 5 users, respectively. The users
are assumed to be uniformly distributed in each cell. Each 0 3 10 i5 20

cell is 5 x 5 n¥? in dimension, and the ceiling is 4 m high.
Moreover, since these are indoor users, we assume change in . _
user locations are negligible compared to the data rate gng 11- User throughput for ten independent sets of user locations.
the frequencies which intercell and intracell algorithms are

performed. Clearly, the performance depends very much on the user
Experimentally, we found it is sufficient to simulate thejistribution: the set of location which yields the best perfor-
system for 50 000 iterations, with each iteration correspondipgance is shifted to the right by nearly five users comparing
to 1 ms. Both user level and cell level algorithms are execut@¢h |ocation yields the worst performance. However, despite
at each iteration, whereas the system level algorithm is carrigg variations from one location to another, all throughput
out once every three iterations. Later in Section IV-B3, Wgistributions are nevertheless skewed with more users residing

will present the system performance using various traffi the left side, indicating majority of users have very little
models, including Poisson arrival, constant bit rate, and twgata |oss.

state continuous time Markov chain (CTMC). However, for 2) Fairmess Constraint:*Fairness” is imposed during the

the most part of this study, the packets for each data type gigacell power allocation, because some users need more

modeled by Poisson arrivals, unless it is specified otherwisgansmit power to compensate for a poor channel and/or heavy
traffic demand. In the case when therencg enough power to

B. Results meet everyone’s demand, it is difficult to justify why one user

The system performance is evaluated using average aggieould receive more network resource than another. In the first
gate throughput of delivered data for each user. This averd@f of this paper, we presented a utility driven optimization
aggregate throughput is calculated with the data that dremework for allocating resources, in which case no fairness
received at the required BER. The maximum throughput was considered. In this section, we will implement a “fairness”
receiver for any user, is around 1.1 Mbit/s, according tolicy (defined below) and will compare the results against the
Table I. algorithm that maximizes the number of users.

1) Dependencies on User DistributiorEirst let us explore  The “fair” power allocation consists of two stages: fairness-
the dependencies of throughput on user distribution. Téased power allocation followed by demand-based allocation.
independent and random sets of user locations are simulafrding the fairness-based power allocation, the total cell
while the population in each cell remains the same. Fig. Itansmit power is equally divided among all users. The purpose
shows the average aggregate throughput for all users in tfethis step is to guarantee each user with a fair share of
system. Users are ranked according to their throughput, frahe available resource, independent of the channel quality or
highest to lowest. traffic demand. If the allocated resource is greater than a

ranked user
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Fig. 12. Performance comparison for systems with and without fairness
constraint.

a wide range of arrival statistics, we test the system through

, ) several traffic models. In this study, the traffic sources are:
user's demand, the excess resource is then collected and theﬂ Poisson arrival m the on din th .
redistributed among the users (within the same cell) whose seocfizz)' arrival (same as the one used in the previous
demands are greater than the allocated power. We call thi ! . . -
redistribution the demand-based power allocation. SZ) CTMC for .’“Ode“”g highly bursty traffic;

3) constant bit rate;

The result is compared against the algorithm that maximizes4 binati ¢ CTMC and bi
the number of “satisfied users,” where a satisfied user is ) a combination of two-state and constant bit rate.

defined as a user who receives all requested data. Note tHi§Se patterns were chosen to be diverse, spanning very
is not equivalent as maximizing throughput as in the voicdursty to constant rate transmission, with only the mean arrival
only system. When a system has multiple data types and th@te and packet size for each data type held constant. The
multiple QoS requirements, maximizing throughput may alloRarameters for these four models are listed in Table II.
lower priority data ahead of higher priority data, if lower Fig. 13 shows user throughput under these four scenarios,
priority data require less resources to transmit. Since somygere no major performance difference was present. We
high priority data such as control may carry crucial informatiotherefore conclude the mean data rate and packet size are good
for decoding lower priority data, we want to maintain a stridgdarameters for characterizing the overall received data.
priority among data types. 4) Power Control or VFEC?:The distributed algorithm
The system incorporating all three control techniques Yée have described involves a number of control variables and
simulated for both “fair” and “competitive” cases. The resultius has very complicated dependencies. To determine the
are shown in Fig. 12. The “competitive” algorithm slightlynecessity of this complexity we investigate if a simplified
outperforms the “fair” algorithm for up to 14 users, but theflgorithm can offer comparable performance. For this
becomes notably inferior to the “fair” system at the tail of théeason, only two out of three techniques are applied: power
distribution. This is because the objective for the “competitivezontrol combined with scheduling, and VFEC combined with
algorithm is to maximize the number of active users; thereforggheduling (scheduling is always included since it is necessary
it tends to favor users who have better channels and tHgsprioritize the data).
allocates all resources to these users. From the result, w&rom the traffic model, we know the average total traffic
believe fairness benefits the overall system, especially usdegnand for each user is greater than half of the available link
who have poor channels. Fairness is implemented as a parbahdwidth, which makes us expect that power control would
the power control unless it is specified otherwise. As a finplay a significant role in any optimization. The simulation
remark, the user’s distribution used in this simulation is thesults are compared against the original algorithm which
one that yields the median throughput. This distribution wittonsists all three techniques. The results, however, as shown
be used for the remainder of the results. in Fig. 14, indicates power control/scheduling, with or without
3) Dependencies on Traffic Profilefhis system is de- the fairness constraint, is inferior to VFEC/scheduling. The
signed to support traffic sources having diverse statistiggower control is not so important here as it is in single media
In order to design a robust system that supports data typesdase, mostly because we support multiple kinds of data. In
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TABLE 1l
PARAMETERS FOR VARIOUS TRAFFIC MODELS
type 1 fype 2 type 3 type 4
(control) (text/graphics) {audio) (video)
packet size (bit) 100 200 100 100
avg data rate (kbps) 12.5 200 50 800
BER requirement 1079 104 107° 5x10™%
Poisson Arrival refer Table 1
2-state continuous time
Markov chain
p(on—off) 0.04 0.1 0.02 0.2
p(off—on) 0.01 0.2 0.01 0.8
constant-bit-rate/CTMC
2-state CTMC 2-state CIMC | constant bitrate | constant bit rate
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\ 1
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ranked user ranked user

. . . Fig. 15. Power control combined with fixed FEC (see Table Il for descrip-
rf:gu;;l Performance comparison when applying only two out three te%n of fixed error correction used in each curve) with comparisons.

our system, the VFEC adepts to the time-varying traffic ggndwidth_for each_user is 2000 kbit/s, the net data bandwidth
packet level by encoding each data segment with the mé&ter applying FEC is then (2000/FEC expansion factor) kbit/s.
suitable FEC; as a result, it is able to take full advantage of 1 he simulation results are shown in Fig. 15, from which we
the total available bandwidth. The power control, on the oth@PServe a significant overall improvement in throughput as we
hand, operates at a higher level, and thus does not enjoyir§gease the error correction capability from 2-bit error (shown
much flexibility as the VFEC. The results here indicate they @ to 4-bit error (shown by®), and finally to 5-bit-error
importance of providing direct error correction. (shown by ®) where the throughput reaches the maximum.
5) Power Control with Fixed FEC:The question then As we move further in error correction capability, the system
arises as to the importance of including the complexif§egins to shift from interference limited to bandwidth limited.
of variable rate error correction, since existing cellulafhis is clearly illustrated by when the extremely powerful
standards, such as 1S-95, implement power control with1d-bit error correction code is applied. In this case, users
fixed- rate convolutional code for both uplink and downlinkare immune to interference and noise so that the throughput
communications. We will apply this to our multimedia systerfor all users is nearly constant. However, the cost of this
using block codes. high reliability is the low transmission rate, which is near
To conduct fair comparisons with the algorithm that incor500 kbit/s for each user. The original algorithm that has
porates VFEC, five 63-bit BCH codes are chosen from thm@wer control/VFEC/scheduling is also shown in the figure
same family of codes used for VFEC. These codes range fréon comparison purposes; this is indicated by “original.” The
double-error-correction code to eleven-error-correction codagorithm that has just VFEC, is indicated “VFEC only.”
the parameters are listed in Table Ill. Recall that the total lifRlearly, when power control is combined properly with an
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TABLE Il
FEC PARAMETERS
code type bandwidth data bandwidih index used in
{nk,t) expansion factor (kbit/sec) the Figure 15
(63,51,2) 1.24 1610 @
(63,39, 4 1.62 1238 @
(63,36, 5) 1.75 1143 ®
(63,30, 6) 2.1 952 @
(63, 16, 11) 3.9 507 ®
1200 T : : achieved by letting a user in the most congested cell, cell #1
in our case, to communicate directly with its least crowded
G neighbor cell, cell #0. The user is chosen to be the one who

A

1000 | is closest to cell #0, who is also the one furthest from cell #1.
The result of this handoff is compared with the case
where the same user from cell #1 is removed and then
800 | randomly placed into cell #0. Physically relocating a user
' would definitely yield better performance than merely reas-

signing basestation. However, the result shown in Fig. 16
600 § 1 indicates very small difference. Notice both techniques yield

a significant performance gain (that can be as large as 350

average throughput (kbit/sec)

:Zg:;‘;’f kbit/s for some users) over the “original” algorithm where a
400 ; ; ;
relocating user user only commumcateg with the c!o_sest base_statlon..
— - — removing a user ftom ceil #1 7) Study of FEC Family:The decision of using a single
family of BCH code (i.e., codes that share the same block
200 s s s . .
0 5 10 15 20 length) for VFEC purposes comes purely from implementation
ranked user practicality [9]. Compared to convolutional code or punctured
Fig. 16. Effectiveness of two handoff schemes. code, block codes offer a much wider range of error correction

capabilities at reasonable implementation cost. For codes hav-

FEC code, there can be a significant improvement over tii9 the same block length, many building blocks such as syn-
power control only system. drome calculation and polynomial manipulation can be shared
6) Handoff StrategiesThe system has now been investibecause they all operate on the same finite field. In this section,
gated as whole where users were not distinguished from M@ approach the BCH code from the system level by deciding
another. In other words, we have not looked closely at th@e most suitable family of BCH codes for VFEC purpose.
parameters that affect individual user's performance, sinceFfom a purely performance standpoint, longer codes have
aggregate throughput was used as the metric. In this sectiBatter code efficiencies than shorter ones for the same percent-
we explore how a given user’s throughput can be influencéde of bandwidth redundancy. In addition, longer codes offer
by location, cell population, and interference. Moreover, wagreater selections for obtaining the right code to adapt to the
want to know if a technique such as handoff is effective fdime-varying channel and traffic. However, as the block length
alleviating users from excessive interference. increases, more decoders have to be implemented; further-
Let us go back to the original system where power contrdl}Ore, as a code corrects more bit errors, the implementation
VFEC, and scheduling are all applied; the overall systef®mplexity increases as well. Just as an example, one step in
performance is indicated by “original” in Fig. 16. The userthe decoding procedure (proposed by W. Peterson) involves
in the shaded region are clearly the ones with the poor&smputing the inverse of &x ¢ matrix, wheret is the number
performance. It is not surprising that all these users residedh correctable errors; the complexity for this step is in the
the most crowded cell, i.e., cell #1. However, the throughpatder of ¢3.
for users in the second most crowded cell, cell #2 (which is From these considerations, we study four families of BCH
also the cell experiencing the most interference) are markeades with block lengths equal to 15, 31, 63, 127 bits; these are
by the circles. As we can see, cell #1 users suffer a significadt primitive codes. The code redundancy and error correction
quality degradation even it has just one more user than tbapability for each are listed in Table IV. The algorithms that
next crowded cell. use power control, VFEC and scheduling is simulated for each
One strategy to relieve the hot spot is to initiate handoffne of these four families of codes. The results are shown in
The handoff here is slightly different from the conventiondFig. 17.
one, where it is only initiated when a user is at the boundarylt is expected that there will be a performance gap between
of two adjacent cells. In our situation, handoff is used asthe 127-bit family and the 15-bit family, since in the later
method for alleviating radio network congestion. This goal isase only three nontrivial error correction codes are available
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TABLE IV
ERROR CORRECTION CAPABILITIES AND REDUNDANCIES FOR FOUR FAmILIES oF BCH Cope

block length

# of information bits # of correctable bit errors

15 15,11,75,1 0,1,2,3,7

31 31,26, 21,15,11,6,1 0,1,2,3,5,7,15

63 63,57, 51,45, 39, 36,30,24,18,16,10,7,1 | 0,1,2,3,4,5,6,7, 10, 11, 13, 15, 31
127 127,120, 113, 106, 99, 92, 85, 78, 71,64, | 0,1,2,3,4,5,6,7,9,10, 11, 13, 14,

57,50, 43,36,29,22,15,8, 1 15,21, 23,27,31, 63

approach yields a distributed algorithm, which is essential
given any practical wireless system has to be scalable.

The second half of the paper is devoted to simulation
based evaluation of the system performance with a simple cell
structure and uniformly distributed users. In the simulations,
we focus on a special case where each data type has a BER
requirement: data are only transmitted when the expected
received BER meet this requirement. This constraint is adopted
by many existing wireless systems, expressed in terms of
received SNR. Notice this is equivalent to having a step utility
function with respect to BER.

The results showed the performance for an individual user is
highly dependent on the physical location, which agrees with
our intuition. However, the system performance showed very
little difference (in terms of the aggregate throughput) as we
varied the traffic model for each data type from a highly bursty
Markov chain to constant bit-rate traffic, as long as these traffic
sources have the same average data rate and packet size.

Later we studied the effectiveness of VFEC verse power
Fig. 17. System performance with respect to four families of BCH codescontrol. The technique of VFEC showed to be significantly

superior than power control. This is true even when the average
as opposed to 17 in the 127-bit family. However, the nefaffic demand is heavy, i.e., greater than half of the available
performance gain only decreases by a factor of two as \y§k bandwidth. In the study of handoff, our results showed
move up to larger codes, implying extremely fine control d{andoff improves the system significantly over the situation
bandwidth redundancy may not be necessary, especially Whgilen users communicate with the nearest basestation. Finally,
the practical implementation constraints are considered. e examined four families of BCH codes (block length
15, 31, 63, 127) to study the tradeoff between implementation
complexity and variable error correction capability finding that

the shorter codes provide sufficient variability to be effective.
The first half of the paper investigated design and control

issues faced by multimedia indoor CDMA systems. We have
proposed a distributed algorithm that fully utilizes the sys-
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