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Abstract— We investigate the power consumed by two mobile
terminals transmitting compressed source signals to a base station
in a CDMA cellular system. The aim is to minimize total power
consumption at the terminals by simultaneously adjusting the
complexity of source compression and the transmitter power. We
£nd that in general the complexity of source compression should
increase with increasing distance between a terminal and the
base station. However, the exact con£guration of compression
and transmitter power depends on the interaction of the two
terminals. The optimum operating points of the two terminals are
contained in a pair of nonlinear equations. We use the example
of a transform coder processing signals from a Gauss-Markov
source to explore the advantages of an adaptive system over a
system with £xed compression. The analysis can be applied to a
variety of source coders and be extended to a system with more
than two users per cell.

I. I NTRODUCTION

Power control in a CDMA network is essential to increase
capacity and conserve energy. Previous work on power control
propose algorithms for voice and data services [1], [2]. Yates
[1] brings together a large body of theoretical research on
the subject of transmitter power control for telephone signals.
Each transmitter/receiver independently adjusts its power to
aim for a target signal-to-interference-noise ratio (SINR). For
data transmission, in [2] the base station broadcasts to all
terminals the value ofγtarget that optimizes network perfor-
mance.

As video services are integrated into the network, the
theory of optimum power control should be expanded to
include signal processing power at the mobiles. There are
two major differences between wireless video communications
and voice transmission in the sense of power control: (1)
signal processing becomes a signi£cant portion of the over-
all power consumption [?]; (2) The distortion at the video
receivers does not only result from transmission errors but
also from lossy source compression. If we allow each video
user to vary its video encoder parameters so as to allocate the
distortion and power consumption between the source coding
and transmission, the targetγi differs in users, as the coding
parameters affect the error resilience of the compressed bit
stream. Assuming a £xed channel coding scheme, when the
coder operates in a more ef£cient but less resilient mode, it
can only withstand a low channel error rate before the end-to-
end video distortionDtot becomes unacceptable. This means
that γi must be relatively high. On the other hand, when the
coder operates at a less ef£cient but more resilient mode,γi

can be relatively low. Hence unlike voice transmission where
we target a commonγtarget, we set the distortion at the video
receiverDtot,i = D0 to meet our quality requirement. We will
show in this paper that this will in general result in different
optimal γi for users with different path gains.

Some preliminary power control strategies for video com-
munications have been proposed in [3], [4], [5]. In [3], power
consumption by an image/video terminal is minimized for a
single user. In [4], an iterative algorithm is used to reach the
optimal operating points for multiple terminals using H.263 [6]
source coding algorithm. Our previous work [5] on minimizing
the sum of signal processing power dissipation and transmis-
sion power considers a single user and recognizes that the
optimum combination depends on transmitter location. This
work formulates the problem as the minimization of power
consumption with distortion constraint. Distortion models and
power consumption models are employed to study how power
can be optimally distributed among the source coder and
the transmitter for £xed total distortion. We show that the
optimization is affected by channel conditions and signi£cant
power saving could be achieved by our optimized strategy.

In a practical cellular network with multiple users, the
operating parameters so determined may not be appropriate,
considering the interference caused by the transmission power
from different users. Essentially, such interference has the
effect of lowering the SINR of the received signal of each
mobile. Hence in a multiuser environment the SINR can not
be determined by merely adjusting parameters at that mobile,
as other users cause interference by transmission. All the
users must cooperate in some way to reach an acceptable
distortion at each mobile. Furthermore, prior research does
not present either a fast search algorithm or a closed-form
solution. Numerical full search is used to select the optimum
out of all possible choices of parameters. Since the complexity
of full search depends on the search space, it is acceptable for
one single user case, but it will be formidable if there are
multiple users in one cell.

In this paper, we address the problem of minimizing the
overall uplink power consumption of all users in one cell while
guaranteeing a certain quality at each mobile. We propose
an algorithm applicable to multiple users, and to a variety
of source encoders and channel models. Analytical solutions
are presented to accurately and quickly determine the optimal
operating points. The paper is organized as follows. In Section
II we £rst introduce the optimization problem. The procedure



TABLE I

PARAMETERS FOR A MULTIUSERCDMA SYSTEM

sdis

distortion function Ds,R(.), Ds,β(.)
signal variance σ2

s,i

receiver distortion D0

source sampling rate fs,i (samples/s)

ss,enc
parameters for source [Ui, Vi]
power consumption

sc,para

packetization M (bits/packet)
chip rate Rc (chips/s)
noise power σ2 (watts)
path gain hi

sscale scaling factor cs

c

source bit rate Rs,i (bits/sample)
source coder complexity βi

transmission power Pt,i (watts)

for solving the optimization problem where there are two
users in one cell is described in detail. Examples are given
to illustrate the power control solutions in Section III. Section
IV describes work in progress including an extension of the
theory to more than two terminals per cell.

II. W IRELESS TRANSMISSION SYSTEM

We consider a system withN (N ≥ 2) users in the cell,
whose source coding parameters and transmission power are
adjustable. We assume that the base station gathers channel
information and determines the optimal operating points for
each user. An algorithm which can be applied to a variety
of source coders and channel models is derived. We start
this problem by examining a two-user environment. Analytical
solutions are given, which not only expedite the optimization
process but also provide valuable insights regarding the in¤u-
ence of different operating parameters on the overall power
consumption.

We £rst discuss the distortion and power consumption
caused by source compression. Distortion and power consump-
tion due to transmission are modelled in the next subsection.
Parameters used in this paper are summarized in Table I.

A. Source model

For the source coder of theith user in one cell, the
performance is controlled by the bit rateRs,i (bits/sample),
the sampling ratefs,i (samples/s), and adaptable parameters
controlling the source coder complexity, denoted byβi, which
in turn may also control the trade-off between power consump-
tion, coding ef£ciency and error resilience. The complexity
parameterβi can be either a scalar or a vector, depending on
the source coding algorithm being used. For example, for a
H.263 video coder [6], the complexity parameterβi could be
the INTRA update rate. If more macroblocks are encoded in
the INTRA-mode, less motion estimation is conducted, hence
less computation is required. Increasing the INTRA update
rate will also increase the source coder error resilience atthe
expense of the coding ef£ciency. For transform coding,βi will
be the transform vector dimension. By using a large transform
dimension, the coding ef£ciency is high, but computation
complexity is also high, and the error resilience is low.

Ds,i is the source-coded introduced distortion per source
sample at useri in terms of mean square error (MSE). Each
source coder con£guration has its own distortion-rate (DR)
function. We assume the effects of adjustingβi and choosing
a coding rateRs,i are multiplicative. Hence

Ds,i(Rs,i, βi) = Ds,R(Rs,i)Ds,β(βi). (1)

For instance, with transform coding for the £rst order Gauss-
Markov source, ifβi represents the transform dimension, then
the distortion-rate function is [7],

Ds,i(Rs,i, βi) = εiσ
2
s,i(1 − ρ2

i )
βi−1

βi 2−2Rs,i , (2)

where εi depends on the quantizer used for the transform
coef£cients,ρi is the correlation coef£cient of the Markov
source. This separable model is also applicable to video coders
using motion-compensated temporal prediction at the high rate
range.

Now consider the source power consumption. We assume
that the power consumption is proportional to the computa-
tional complexity and can be modelled as

Ps,i = cs(Uiβi + Vi) (watts), (3)

where cs is a device and implementation speci£c constant,
Ui determines how the power consumption is affected by the
coder complexity. ParameterVi is a constant. This model holds
for both a transform coder and a H.263 video coder where an
INTRA-update scheme is employed [5]. The coding power
consumption isPs,i = csfs,iβi for the transform coder and
Ps,i = cs[as + bs(1 − βi)] for the H.263 video coder, where
as andbs are video sequence speci£c constants.

B. Transmission

We assume that the coded video bit stream is packetized
and transmitted through a channel of noise powerσ2 (watts).
The chip rateRc (chips/s) for all users is £xed. Errors can
occur because of channel noise. For a single cell system, the
expression for the SINRγi of useri is given by

γi =
Rc

Rs,i.fs,i

.
hiPt,i

∑

j 6=i hjPt,j + σ2
, (4)

wherePt,i is the transmission power,hi is the path gain for the
ith user. The traditional power control strategies [1], [2] target
a constantγtarget for all users with differenthi to guarantee
the quality at the receiver for voice/data service. However,
in our transmission system,γi will be also variable to adapt
to different users. In our work a £xed packetization scheme
and a £xed channel code are assumed, so the packet loss rate
ps,i is only determined byγi through a functionps,i(γi). For
example, suppose eachM compressed bits are grouped into
one packet, DPSK is used for modulation [8] and there is
no channel coding. If we assume any bit error in a packet
leads to a packet loss, then the packet loss rate isps,i(γi) =
1 −

(

1 − 1
2e−γi

)M
[5].

If the packet is correctly received, the distortion at the
receiver is Ds,i(Rs,i, βi) introduced by lossy compression



at the source encoder. On the other hand, we assume the
system contains a CRC error-detecting code. When a packet
is incorrectly received, CRC check indicates this and all
samples in the packet are replaced by the mean value of
the source, leading to the distortion ofσ2

s,i. Hence the total
distortionDtot,i of the ith user due to source compression and
transmission errors can be expressed as

Dtot,i = [1 − ps,i(γi)]Ds,i(Rs,i, βi) + ps,i(γi)σ
2
s,i. (5)

C. Problem Formulation

We now turn to formulate the power optimization problem
for the overall system. Our goal is to minimize the total
power consumption at the transmittersPtot while guarantee-
ing the end-to-end distortion of each user at a given level
Dtot,i = D0. We note that the optimization problem can be
seen as an application of the Dynamic Algorithm Transform
(DAT) framework of [9], which is proposed as a systematic
framework for designing a recon£gurable system. DAT sets up
the optimization problem based on: (1) input state space, (2)
con£guration space, (3) energy models and (4) DSP algorithm
performance models. The state spaceS collects all input
parameters, which are £xed for the given channel environ-
ment, the given source, and the type of source encoder. The
state vectors for our video transmission system includes (1)
parameters for the total distortionsdis=[Ds,R(.) Ds,β(.) σ2

s,i

fs,i D0], (2) parameters for the power consumption models
of the source encoderss,enc=[Ui Vi], (3) parameters of the
channel modelsc,para=[M Rc σ2 hi], (4) the scaling factors
sscale=[cs]. The con£guration vectorc consists of source bit
rateRs,i, source coding complexityβi and transmission power
Pt,i. This is summarized in Table I.

Assuming the scaling factors for all users are the same,
the total power consumed by the transmitting mobile device
consists of power dissipated by the source encoders and
transmitters of all users:

Ptot(c) =

N
∑

i=1

(Ps,i + Pt,i) =

N
∑

i=1

[cs(Uiβi + Vi) + Pt,i] . (6)

In our work, we will keep the end-to-end distortion for each
mobile at a speci£c levelD0 while minimizing the total power
consumption by all users in the cell. Therefore, using DAT
terminology, our optimization problem is now to £nd out the
optimal operating point in the con£guration space

copt = argmin
c
{Ptot(c) : Dtot,i(c) = D0, i = 1, · · · , N}. (7)

In a practical system, we envision implementing the proposed
adaptation framework in the following way. After each short
time interval (which depends on how fast the channel con-
ditions and scene change), a “power manager” updates the
source parameterssdis, ss,enc and channel parameterssc,para

in the state spaceS, and then determines the optimal operating
point copt in terms ofRs,i, βi, Pt,i. Alternatively, we can pre-
compute the optimalcopt for a set of possible state variables,
and store them in a look-up table.

D. Theoretical Derivation

We £rst investigate the scenario where there are only two
users in one cell. To derive the solution for the optimization
problem, the Lagrangian Multiplier method is applied. We
therefore minimize the functionJ with respect toRs,i, βi,
Pt,i andλi for i=1, 2, where

J =

2
∑

i=1

{

cs(Uiβi + Vi) + Pt,i + λi[(1 − ps,i(γi))Ds,i(Rs,i, βi) + ps,i(γi)

(8)
By setting the derivatives ofJ with respect toRs,i, βi, and
Pt,i to zero, we get six equations. We would like to use SINR
variablesγ1, γ2 to re-parameterize these equations. Rewriting
the resulting equations, invoking the distortion constraints and
using the de£nition ofγi from Eq. (4), we get

D′
s,R(Rs,i)

Ds,R(Rs,i)
Rs,i = −

∂ps,i

∂γi

γi(D0 − σ2
s,i)

[1 − ps,i(γi)][D0 − ps,i(γi)σ2
s,i]

, i = 1, 2

Ds,β(βi) =
D0 − ps,i(γi)σ

2
s,i

[1 − ps,i(γi)]Ds,R(Rs,i)
, i = 1, 2,

Pt,i =
σ2

hi

γ1γ2 + γi(b1 + b2 − bi)

b1b2 − γ1γ2
, i = 1, 2,

σ2

h1

γ1(γ2 + b2)

b1b2 − γ1γ2
=

1

2



−

(

σ2

h1
+ a1 − a2

)

+

√

(

σ2

h1
+ a1 − a2

)2

− 4

σ2

h2

γ2(γ1 + b1)

b1b2 − γ1γ2
=

1

2



−

(

σ2

h2
− a1 + a2

)

+

√

(

σ2

h2
− a1 + a2

)2

− 4

whereai = −
D′

s,R(Rs,i)

Ds,R(Rs,i)
Ds,β(βi)
D′

s,β
(βi)

csUiRs,i, bi = Rc

Rs,ifs,i
. From

Eq. (9) and Eq. (10), we are able to £nd the relationship
between the optimalRs,i andγi, and the relationship between
the optimalβi and γi. Hence Eq. (12) and Eq. (13) can be
rewritten as a pair of nonlinear equations only as a functionof
(γ1, γ2). This pair of equations can be solved by certain search
algorithms implemented in (γ1, γ2) space. Now we can plug so
determined optimal (γ∗

1 , γ∗
2 ) back to Eq. (9), Eq. (10) and Eq.

(11) and get the optimal con£guration vector{R∗
s,i, β∗

i , P ∗
t,i,

i = 1, 2}. Note now the search for optimal solution can be
implemented in (γ1, γ2) space instead of in the con£guration
space with six variables (Rs,1, β1, Pt,1, Rs,2, β2, Pt,2). We
will illustrate this optimal solution for an example systemin
the next section. We argue when there areN users, the search
space will be (γ1, · · ·, γN ) instead of (Rs,1, β1, γ1, · · ·, Rs,N ,
βN , γN ), which can expedite the search signi£cantly.

The derivation applies to the case where there is only one
user in the cell or where the interference is not considered.
Assuming this single user in the cell has path gainh1, the
solution can easily derived by settingh2 = 0. Note thatRs,1

andβ1 are related toγ1 through






D′

s,R(Rs,1)

Ds,R(Rs,1)
Rs,1 = −

∂ps,1

∂γi

γ1(D0−σ2

s,1)

[1−ps,1(γ1)][D0−ps,1(γ1)σ2

s,1
]
,

Ds,β(β1) =
D0−ps,1(γ1)σ

2

s,1

[1−ps,1(γ1)]Ds,R(Rs,1)
,

(14)



For h2 = 0, Eq. (12) becomes

σ2

h1

γ1Rs,1fs,1

Rc

= −
D′

s,R(Rs,1)

Ds,R(Rs,1)

Ds,β(β1)

D′
s,β(β1)

csU1Rs,1. (15)

Using Eq. (14), Eq. (15) can be written as an equation which
has only one unknown, with the solutionγ∗

1 . After getting
γ∗
1 , the optimal con£guration vector{R∗

s,1, β∗
1 , P ∗

t,1} can be

derived from Eq. (14) andPt,1 = σ2

h1

γ1Rs,1fs,1

Rc
.

III. PERFORMANCESTUDIES OF AN EXAMPLE SYSTEM

In common video coders, a frame is predicted from a
previous frame and the prediction error is compressed using
transform coding. The prediction error can be crudely mod-
elled as a Gauss-Markov process. Similarly, Gauss-Markov
process is also a reasonably good model for speech and audio
signals, and modern audio coders are all based on transform
coding (in the form of subband coding). Study of such a
system can lead to insights that are useful for designing
wireless multimedia systems. Therefore, in this section, we
apply the general analytical solution derived in Section IIto an
example system, where a Gauss-Markov source is transmitted
through an AWGN channel after transform coding. No channel
coding is considered. The source bit rate isRs,i, and transform
block size isβi. EachM compressed bits are grouped into one
packet. DPSK is used for modulation.

For this case, the source distortion is

Ds(Rs,i, βi) = εiσ
2
s,i(1 − ρ2

i )
βi−1

βi 2−2Rs,i = εs,i(1 − ρ2
i )

− 1

βi 2−2Rs,i ,(16)

where εs,i = εiσ
2
s,i(1 − ρ2

i ). We haveDs,R(Rs,i)=2−2Rs,i ,

Ds,β(βi)=εs,i(1 − ρ2
i )

− 1

βi . Source power consumption is
Ps,i = csfs,iβi, i.e., Ui = fs,i, Vi = 0. The bit error rate
in terms ofγi is pe,i = 1

2e−γi [8]. We assume any bit error
in a packet will lead to a packet loss, so that the packet loss
rate isps,i(γi) = 1 −

(

1 − 1
2e−γi

)M
[5].

For this particular set-up, Eq. (9) and Eq. (10) become






Rs,i = − M
4 ln 2

e−γi (1− 1

2
e−γi )M−1γi(D0−σ2

s,i)

(1− 1

2
e−γi )M{D0−[1−(1− 1

2
e−γi )M ]σ2

s,i
}
,

βi = ln(1−ρ2)

ln εs(1− 1

2
e−γi )M−ln{D0−[1−(1− 1

2
e−γi )M ]σ2

s,i
}−2 ln 2Rs,i

.
(17)

We next use Eq. (17) to express
{

ai =
2 ln 2csUiRs,iβ

2

i

ln(1−ρ2) ,

bi = Rc

Rs,ifs,i
.

(18)

Using Eq. (17) and (18),ai andbi can be written as functions
of γ1 andγ2 only. Plugging these values back in Eq. (12) and
Eq. (13), we have two equations with two unknowns, with
the solutionγ∗

1 andγ∗
2 . Then the optimal con£guration space

vector{R∗
s,i, β∗

i , P ∗
t,i} is ready to be solved fromγ∗

1 , γ∗
2 , Eq.

(17) and Eq. (11).

A. Parameters

Note that the optimalγ∗
i depends on channel path gainhi,

which in turn depends on the distance from the mobile to the
base station. Consequently, the optimal operating parameters
R∗

s,i, β∗
i , andP ∗

t,i all depend on the distance from mobile to

TABLE II

PARAMETERS FOR A SIMULATED SYSTEM WITH TWO USERS

signal variance σ2

s,i
= 1

receiver distortion D0 = 0.1
packet size M=800 bits
chip rate Rc=1.4 × 108 chips/s
noise power σ2 = 10−15 watts
source sampling rate fs,i = 380160 samples/s
scaling factor cs = 5.4 × 10−7
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Fig. 1. The optimal operating transform block sizes, source bit rates and
receivedγi when there are two users in one cell.

base station. We adopt the familiar exponential propagation
model for the path gain:hi=c d−α, whered is the distance
between the terminal and the base station. The scaling factor
cs can affect the optimization results signi£cantly. It is known
that in today’s wireless devices, the power consumed by base-
band signal processing and by transmission are roughly the
same [10]. Therefore, we choosecs so thatPs,i andPt,i are
on the same order of magnitude. The choice of parameters are
summarized in Table II.

We £x h2 = 0.5 × 10−15 and carry out the optimization
for various values ofh1. The optimal block sizes, source code
rates and receiver SINRs are shown as solid lines in Fig. 1(a),
(b) and (c), respectively. These values are summarized in Table
III. Both users try to keep the same end-to-end distortion,



TABLE III

OPTIMAL OPERATING POINTS(Rs,i , βi , Pt,i) AS A FUNCTION OF PATH

GAIN FOR TRANSFORM CODING ANDAWGN CHANNEL.

h1 h2 Rs,1 β1 Pt,1 Rs,2 β2 Pt,2 Ptot

(10−15) (10−15) (bits/sample) (watts) (bits/sample) (watts) (watts)
0.08 0.5 0.61 13 14.04 0.70 7 2.47 16.51
2.72 0.5 0.85 4 0.56 0.73 6 2.74 3.30
32.9 0.5 0.96 3 0.05 0.73 6 2.82 2.87
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=3, R

s,i
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i
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i
=10.9

Fig. 2. The comparison of total power consumption between our adaptive
algorithm and the algorithm in which a common receivedγtarget is targeted.

by either adjusting source parameters (Rs,i, βi) to vary error
resilience of the compressed signal, or adjusting transmitter
power to change the channel error rate, depending on which
option reduces the distortion more with the same amount of
power consumption. It is obvious that whenh1 = h2, both
users have the same operating block size, source rate andγi.
However, two mobiles will have different operating points for
other channel conditions. When the £rst mobile moves toward
the base station, that ish1 gets large, reliable transmission can
be guaranteed by less transmission power. Hence the signal
processing power for mobile one becomes relatively costly,so
we would like to operate at less compression complexity, i.e.,
smaller transform vector size and higher source bit rate. On
the other hand, when the £rst mobile moves in the reverse
direction, i.e.,h1 < h2, the transmission power is dominant,
we would like to send fewer bits. Hence the £rst source coder
must compress more and less bits are generated by the source.
However, the bit stream is less resilient to transmission errors
and to keep the distortion constant at the receiver, a higher
SINR γ1 is in demand. We observe from Fig. 1(c) that the
optimal receiverγi are not the same for users with different
path gains, as expected.

As for the second user, when the £rst mobile moves toward
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Fig. 3. The total power consumption for (1) our optimal algorithm; (2)
non-adaptive algorithm.

the base station, it imposes slightly increasing interference
(h1Pt,1) on the second user. However, to minimize the overall
power consumption in the cell, the second user tends to keep
its interference to the £rst user low, and to adjust its source
parameters to meet the quality requirement. Overall, the users
see improved channel condition and follow the same trend in
adjusting their operating parameters.

In the same £gures, the operating parameters without con-
sidering interference are shown as dashed lines for com-
parison. Even though both sets of operating points follow
same trends, we observe that the one without considering
interference operates at lower source coding complexity, lower
SINR and higher bit rate.

The total power consumption is summarized in Fig. 2. We
observe whenh1 gets large, indicating a better channel con-
dition, the total power consumption gets smaller. We compare
our algorithm with other schemes in Fig. 2 and Fig. 3. We
consider two alternatives: (1) a commonγtarget is targeted
and source parameters are £xed; and (2) the source coding
parameters and receiver SINR are kept £xed, thoughγ1 and
γ2 are different. In Fig. 2, we keep{γi, Rs,i, βi} to be
the same constant values meeting the distortion constraints
among all users, simulating a classical power control strategy
where receivedγi is kept constant to guarantee a desired
quality. We observe this scheme with common parameters
is only good for a small range space.For instance,{βi=3,
Rs,i=0.96, γi=10.3} is good for large path gainh1, and
{βi=25, Rs,i=0.56, γi=10.9} is good for smallh1. It may
be interesting to see how we can choose a common parameter
set based onh1 and h2. In Fig. 3 we consider two different
parameter sets which are good for different channel conditions.
For example,c={(Rs,1, β1, Pt,1), (Rs,2, β2, Pt,2)}={(0.56, 25,
10.9), (0.63, 11, 10.8)}, is good for whenh1 is small, where
the £rst terminal is far away from the base station. Though
it adapts to the smallh1 very well, it consumes signi£cantly
more power than the minimal power consumption ash1 gets
large. We observe at the largesth1, the non-adaptive algorithm
consumes twice as much as the adaptive algorithm. On the
other hand, at the smallesth1, 77% power saving can be
achieved by the adaptive one over the other setting where
c={(Rs,1, β1, Pt,1), (Rs,2, β2, Pt,2)}={(0.96, 3, 10.3), (0.73,
6, 10.6)}. We conclude that by jointly optimizing the source
coding parameters and transmission parameters, we have a
larger space for our optimization than classic transmission
power control, so that a large portion of power saving can
be achieved by our optimization algorithm over the algorithm
where the con£guration space vector is £xed.

IV. CONCLUSION AND FUTURE WORK

In this work, we propose an algorithm to minimize the sum
of source compression and radio transmission powers for a
multiuser CDMA cellular network. Distortion at the receiver
is used as the quality measure. To guarantee all users achieve
the desired quality, the optimal operating source coding bit
rates, source coding complexity, and transmission power are
selected based on their path gains. We consider the interference



between two users and analytically derive the operating points
for both users simultaneously. We compare our algorithm with
(1) both users target at a common receiverγi, and (2) two users
have different targetγi, and source coding parameters are kept
constant over all possible channel environment. We observe
that with our adaptive algorithm, one can achieve signi£cant
power savings.

We observe from the derivation of optimal operating points
for two users that our algorithm can be extended toN ,
N > 2, users. Similar to Eq. (12) and Eq. (13), there will be
an array ofN equations to determine the optimal operating
points forN users in one cell. It is also of interest to see in
which region of input space is there a solution forN users
simultaneously. Another possible research topic is to determine
the maximum number of users in one cell under a certain
quality requirement, such as total distortion.

To carry different kinds of information formats, such as
voice and video in one cell, the theory of power control must
be expanded to cover different formats simultaneously. The
problem can be formulated as determining the operating points
for all kinds of information formats, each with its own bit rate
and QoS requirement.
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