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Abstract: In this paper, we study the problem of closed-loop power allocation in wireless
networks subject to multiplicative interference and noise uncertainty. By using the mean-square
small-gain theorem, stability bounds can be reached as a function of the size of the multiplicative
uncertain terms: interference and noise. By establishing a numerical relation between the size
of the interference and the multiplicative noise, a unique stability bound for power allocation is
derived for a closed-loop structure. A numerical evaluation was carried out in a wireless network
with multiple base stations and under different quality of service (QoS) requirements. Slow and
fast-scale variations are considered in the channel model, as well as random displacements of
the mobile units. In the evaluation, the power allocation scheme was able to achieve the desired
QoS despite the multiple-access interference and multiplicative noise components.
Keywords: Power allocation, wireless network, small-gain, stochastic system.
1. INTRODUCTION
Nowadays wireless communications have reshaped people’s
lives by enabling remote, continuous and reliable information sharing despite geographical location. This idea
has been possible by an elaborated physical networking,
advanced signal processing tools, and powerful and lowcost hardware (Proakis and Salehi, 2007). Since more and
more devices look to communicate wirelessly, this tendency
creates a necessity to manage properly the increased interference induced by the wireless devices into the radio
communication channels. Furthermore, the wireless transfer of information needs to satisfy certain quality-of-service
(QoS) requirements, according to the required communication service: data, voice or video. For this purpose, several
strategies have been proposed by the communications and
signal processing communities: pre and post-equalization,
beamforming, optimal signal detection, and power allocation (Campos-Delgado and Luna-Rivera, 2013-A), (Alpcan et al., 2008), (Gunnarsson and Gustafsson, 2003). In
this sense, efficient utilization of the transmission power
is fundamental, since this resource affects directly battery
management. Hence, in the literature, there are have been
proposals to regulate power allocation at the transmission
stage by open and closed-loop schemes (Koskie and Z.
Gajic, 2006). For example, there have been efforts focused
on game theory and optimization approaches (Saraydar
et al., 2002), linear-quadratic control (Campos-Delgado et
al., 2010), H∞ optimal control (Zhao et al., 2009), and
? This research was supported by grants from CONACYT (Refs. #
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switched PID structures (Safonov et al., 2005), among
others. In fact, the first distributed power control proposal
relied on a integral control with respect to the regulation
error associated to the required QoS (Foschini and Miljanic, 1993). Meanwhile, due to the increased popularity
of wireless sensor networks, power control has also been
addressed in this context looking to reduce battery utilization (Messier et al., 2008).
In practical implementations, power allocation is carried
out at discrete intervals with a fixed actualization rate
(Lee, 2002), and under a limited word-length for feedback
(Fazel and Kaiser, 2008). For this reason, the problem
of quantization inside a discrete-time closed-loop strategy
arises naturally (Su et al., 2011), (Fu and Xie, 2005). There
have been a few works that addressed this issue in the context of power allocation for wireless systems, and mainly
under a uniform quantization scheme (Campos-Delgado
and Luna-Rivera, 2013-C), (Quevedo and Wigren, 2012).
Nonetheless, in practice, the quantization process of the
feedback information can have logarithmic or non-uniform
patterns and floating-point representations (Lu and Skelton, 2000), resulting in multiplicative stochastic models
to characterize the induced uncertainty in the feedback
systems. Closed-loop control under a multiplicative noise
component has been studied in (Lu and Skelton, 2000), (Lu
and Skelton, 2002), by considering a robust control perspective. In this sense, our early work in Campos-Delgado
et al. (2014) analyses theoretically for the first time this
issue in the scene of power allocation for wireless networks.
Hence, this work extends our previous contribution by a
further evaluation of the stability bounds derived for the
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uncertain terms in the feedback path, and a comprehensive
performance evaluation in a wireless network model subject to multiple base stations, multi-access environment,
and slow and fast-scale channel variations.
The notation used in this paper is described next. R
denotes the set of real numbers, and RN represents real
N -dimensional vectors. Scalars are represented by lowercase italic letters, and vector and matrices by boldface
letters. (·)> , (·)H and Tr(·) describe the transpose, complex conjugate-transpose and trace operators, respectively.
Meanwhile, I denotes the identity matrix, and λmax (·)
the maximum eigenvalue of a matrix. For complex vectors x = [x1 . . . xNp
]> , its Euclidean norm is expressed
P
H
2
as kxk = x x =
i |xi | , and E{·} represents the
expectation operator of a random variable. For a onesided discrete-time signal f [k], its Z-transform is defined
by F (z) = Z{f [k]}. The L2 norm of a transfer matrix
T(z) is represented by
Z π


1
2
kT(z)k2 =
Tr TH (ejω )T(ejω ) dω.
(1)
2π −π
For a discrete-time stochastic process z[k] valid for k ≥ 0
with finite variance, its signal norm is defined by kzk2v =
limk→∞ E{kz[k]k2 }. For a mapping from the signal space
of finite variance stochastic processes into itself T with
z[k] = T (v[k]), its system norm is defined by
kzkv
kT ks = max
(2)
kvkv 6=0 kvkv
2. PROBLEM FORMULATION
In this work, we consider a general wireless communication
network subject to multiple-access interference from the
mobile units (MUs), as shown in Fig. 1. The active users
could be in a mobile environment or at a fixed location,
where each user sends its information to the nearest base
station (BS). In the network, there are M BSs with I as
the set of indexes associated to the MUs. The number of
MUs U is then equal to the cardinality of I, i.e. card(I) =
U . Due to its relation to battery management, the uplink path (BS to MUs) is addressed in this study, where
the transmission power is adjusted iteratively in order to
overcome the multiple-access environment and satisfy a desired QoS in the received information. The multiple-access
scenario could be the result from the communication links
of the active users from the same cell, such as in the case
of CDMA or MC-CDMA technologies (Campos-Delgado
and Luna-Rivera, 2013-A), or from neighbourhood cells
by frequency re-use in OFDMA technology (Proakis and
Salehi, 2007). The QoS in the network will be evaluated
by the BER or FSR (Saraydar et al., 2002), which can be
linked to the signal to interference-noise ratio (SINR) after
signal detection if the channel-state information (CSI) is
known. Therefore, if a linear detector is employed at the
reception stage of the BS, the SINR for i-th user at ktime instant can be expressed as (Campos-Delgado and
Luna-Rivera, 2013-A):
δi,i [k]pi [k]
∀i ∈ I (3)
γi [k] = P
l∈I\{i} δi,l [k]pl [k] + ωi [k]
where pl [k] is the transmission power of l-th user, the term
δi,i [k] > 0 is related to the data energy of i-th active user,
δi,l [k] ≥ 0 with l ∈ I\{i} are values associated to the
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induced multiple-access interference to i-th active user by
the l-th one, and ωi [k] is the resulting noise energy.

Fig. 1. Diagram of the Wireless Network Under Study.

3. UPLINK POWER CONTROL
The general power control framework in Campos-Delgado
et al. (2010) is followed in this work. In this strategy, the
first step is to quantify the error between the measured
γi [k] and objective SINRs γiobj by using a percentage
error in order to cancel the nonlinear pattern in the SINR
metric: "
#
"
#

γiobj − γi [k]
γiobj
pi [k] =
− 1 pi [k] ∀i ∈ I
γi [k]
γi [k]
(4)
where by a direct substitution of (3), an equivalent linear
error description is obtained that can be written in vector
notation e[k] = [e1 [k] . . . eU [k]]> as
e[k] = (Θ[k] − I) p[k] + d[k]
(5)
where p[k] = [p1 [k] . . . pU [k]]> is the transmission power
vector, Θ[k] ∈ RU ×U is a coupling matrix in the wireless
network due to multiple-access interference, and d[k] =
[d1 [k] . . . dU [k]]T ∈ RU represents an external input term
for the closed-loop system:


obj δ1,2 [k]
obj δ1,U [k]
0
γ
.
.
.
γ
1
1

δ1,1 [k]
δ1,1 [k] 


 obj δ2,1 [k]
obj δ2,U [k] 

 γ2
0
.
.
.
γ
2

δ2,2 [k]
δ2,2 [k] 
Θ[k] = 
 (6)


..
..
..
..


.
.
.
.


 obj δU,1 [k] obj δU,2 [k]

γU
γU
...
0
δU,U [k]
δU,U [k]

>
ωU [k]
obj ω1 [k]
. . . γUobj
d[k] = γ1
.
(7)
δ1,1 [k]
δU,U [k]
In our formulation, due to the statistical properties of
the interference terms, the second order statistic of the
coupling matrix Θ[k] is assumed time-invariant
ei [k] =

Υ , E{Θ> [k]Θ[k]} ∀k ≥ 0,
(8)
where this consideration is consistent with a flat-fading
channel profile (Proakis and Salehi, 2007). In this way, the
error vector e[k] is a linear function of the power vector
p[k] after the nonlinear transformation in (4) with a multiplicative component Θ[k] related to the interference in
the wireless network. During a real-time implementation,
there are transport delays associated with the synchronization scheme in the BSs and SINR quantification process
(Gunnarsson and Gustafsson, 2001), and to address this
issue, nRT represents the round-trip delay in the feedback
systems. Therefore, if a[k] = [a1 [k] . . . aU [k]]T denotes the

CLCA 2014
Octubre 14-17, 2014. Cancún, Quintana Roo, México

received error vector from the BSs by the MUs at k-time
instant, then this vector is modelled as
a[k] , m[k − nRT ].
(9)
This discrete-time feedback process involves errors due to
a finite wordlength related to the quantization process of
the error signal (Su et al., 2011), and also to floating point
operations in the computation of the tracking error. By
considering a vector notation, the effect of the multiplicative noise can be written by a linear operator:
m[k] = (I + Ξ[k]) e[k]
(10)
where




ξ1 [k]
m1 [k]


 . 
..
Ξ[k] = 
(11)
 , m[k] =  ..  .
.
ξU [k]
mU [k]
The terms ξi [k] are random variables with a uniform
distribution in the interval [−πi , πi ] for πi > 0, where there
is statistical independence between the multiplicative noise
components and the tracking errors. The control problem
is then formulated as the design of a distributed control
strategy for the transmission power pi [k] for i ∈ I at
k-time instant such that the SINR γi [k] can reach an
objective value γiobj > 0, despite the effect of multiplicative
noise components and multiple-access interference.
By using a Z-Transform notation and at each MU, a linear
power assignment rule is assumed:
pi (z) = Ci (z) ai (z)
∀i ∈ I
(12)
where Ci (z) denotes the controller for i-th MU, pi (z) =
Z{pi [k]} and ai (z) = Z{ai [k]}. Hence from (5), (9), (10)
and (12), the overall dynamics in the wireless network
can be established and they are graphically depicted
in Fig. 2. As a result, in the closed-loop interaction
inside the wireless network (see Fig. 2), there are two
multiplicative uncertainty terms that could affect the
internal stability of the distributed feedback loops: the
multiple-access interference Θ[k] in the network, and the
random noise Ξ[k] due to non-uniform quantization and
floating-point operations.

Fig. 2. First, the system norms of the two stochastic
operators Θ[k] and Ξ[k] are evaluated by considering that
they represent static mappings with random parameters.
Therefore, by the definition in (2), it is obtained:
p
kΘks = λmax (Υ)
(13)
kΞks = max σi ,
(14)
i∈I

where σi2 = E{ξi2 [k]} for all i ∈ I. Based on the
mean-square small-gain theorem (Lu and Skelton, 2002),
the next propositions establish two upper-bounds for
internal stability, which are functions of the norms of
the multiplicative uncertainty terms, and complementary sensitivity Ti (z) and sensitivity Si (z) transfer functions of each distributed closed-loop system. Due to the
distributed control structure, the global transfer functions are T(z) = diag{T1 (z), . . . , TU (z)} and S(z) =
diag{S1 (z), . . . , SU (z)}.
Proposition 1: The closed-loop system in Fig. 2 is robust
stable if the multiplicative uncertainty terms satisfy
kΘk2s × kΞk2s <

1
kT(z)k22

kT(z)k22 − kS(z)k22



kΘk2s + kΘk2s · kΞk2s kT(z)k22 − kS(z)k22 + kΞk2s <

(15)
1
.
kT(z)k22

In the previous result, it is considered that the linear distributed controllers Ci (z) are known a priori. To illustrate
this idea, the LQG control derived in Campos-Delgado et
al. (2010) which takes into account the round-trip delay
nRT and has important robustness properties is addressed
in this work. This controller includes integral action and
is expressed by
Ω
Ci (z) =
∀i ∈ I,
(16)
1 − (1 − Ω)z −1 − Ωz −nRT
where the control gain is restricted Ω ∈ (0, 1) in order to
guarantee closed-loop stability. Another important property of the LQG controller in (16) is that the internal
stability conditions in (15) can be simplified by the exact
computation of the L2 norms of the complementary sensitivity and sensitivity transfer functions, since kTi (z)k22 =
Ω/(2−Ω) and kSi (z)k22 = 2/(2−Ω) (Campos-Delgado and
Luna-Rivera, 2013-C).
Proposition 2: Assume that the LQG controller in (16)
is adopted by all the active users in the wireless network
with the same control gain Ω ∈ (0, 1), then the closedloop system in Fig. 2 is robust stable if the multiplicative
uncertainty terms satisfy
2−Ω
(17)
kΘk2s × kΞk2s < 2
U Ω
2(2 − Ω)
kΘk2s + kΞk2s <
.
(18)
UΩ
5. ROBUST CONTROL ANALYSIS

Fig. 2. Overall Closed-Loop Structure for Power Allocation.
4. CLOSED-LOOP ANALYSIS
In this section for the sake of completeness, we recall the
results reported by Campos-Delgado et al. (2014) related
to the internal stability of the closed-loop interaction in
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In this section, we further analyze the upper bounds
derived in Propositions 1 and 2 for robust stability. First,
in discrete-time, we have that as long as Ti (z) + Si (z) =
1 then kSi (z)k22 = 1 + kTi (z)k22 , and thus in general
|kT(z)k22 − kS(z)k22 | = U . As a result, the inequalities in
(15) are equivalent to
1
2
kΘk2s × kΞk2s <
, kΘk2s + kΞk2s <
.
kT(z)k22 U
kT(z)k22
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Assume now that kΞk2s = αkΘk2s with α > 0, then we
have
1
√
kΘk2s <
, B1 ,
(19)
kT(z)k2 αU
2
, B2 .
(20)
kΘk2s <
(1 + α)kT(z)k22
Remark: In Proposition 2, we have already implicitly
assumed the knowledge of kΘk2s and kΞk2s for the tuning
of the control gain Ω, in order to ensure robust stability. It
is then always possible, with such knowledge, to quantify
the value α that relates kΞk2s to kΘk2s . We argue, in the
rest of this section, that the introduction of α allows for
an analysis that gives further insight into the requirements
for robust stability when Ω is fixed and known.
The main question this section attempts to answer is which
bound, B1 or B2 , is the most stringent? To answer this,
we consider the question in term of inequalities
1
2
√
,
(21)
≶
(1 + α)kT(z)k22
kT(z)k2 αU
1
2
⇒√
≶
.
(22)
(1
+
α)kT(z)k
αU
2
The last step does not alter the possible inequality direction since by definition kT(z)k2 > 0. This previous
inequality is equivalent to
√
2
2 αU − (1 + α)kT(z)k2
1
0≶
= √
−√
.
(1 + α)kT(z)k2
αU
αU (1 + α)kT(z)k2
We observe that the denominator on the right-hand side is
always positive (since U, α and kT(z)k22 are all positive),
thus the condition becomes
√
(23)
0 ≶ 2 αU − (1 + α)kT(z)k2
√
1+α
2 U
.
(24)
⇒ √ ≶
kT(z)k2
α
Since by construction T(z) is a diagonal matrix with
elements Ti (z) ∀i ∈ I, if we impose (as in the present
work) that all these elements are equal, then we have
√
1+α
2 U
√ ≶√
(25)
α
U kTi (z)k2
√
1
2
∴ √ + α≶
,
(26)
kTi (z)k2
α
and consequently, the resulting condition is not a function
of the number MUs U in the network. Therefore, we have
a condition on α that determines which bound is the more
stringent, that is if α satisfies
√
2
1
√ + α>
⇒ B1 > B2 ,
(27)
kTi (z)k2
α
and B2 is the lowest bound, and thus the more stringent
robust stability requirement. On the other hand, if α is
such that
√
1
2
√ + α<
⇒ B1 < B2 ,
(28)
kTi (z)k2
α
and B1 is the lowest bound, and thus the more stringent
robust stability requirement. We now recall kTi (z)k =
Ω/(2 − Ω), and we have that
r
√
1
2−Ω
√ + α≶2
.
(29)
Ω
α
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As an example consider Ω = 0.6 and two cases for the
variable α ∈ {α√
1 , α2 } with
√ α1 = 2 and α2 = 10. For α1 ,
we have that 1/
α
+
α1 = 2.1213, and thus this value
1
p
is lower than 2 (2 − Ω)/Ω = 3.0551. As a result, we have
that
r
1 2−Ω
1.0801
1.5556
1 2(2 − Ω)
B1 =
=
<
=
= B2 ,
U
αΩ
U
U
U (1 + α)Ω
and B1 is effectively the more stringent bound, independent of the number of active users
On the other hand,
√ U. √
for α2 = 10, we have that 1/ p
α2 + α2 = 3.4785, and
thus this value is greater than 2 (2 − Ω)/Ω = 3.0551. As
a result, we have that
r
1 2−Ω
0.4830
0.4242
1 2(2 − Ω)
B1 =
=
>
=
= B2 ,
U
αΩ
U
U
U (1 + α)Ω
and B2 is now effectively the more stringent bound.
In conclusion, both Propositions 1 and 2 present two sets
of inequalities that need to be satisfied simultaneously
for robust stability. Nevertheless, there is the intuition
that only one of these two inequalities is really the more
stringent requirement, and thus the one that is necessary
to satisfy at any given combination of Ω and U . The
introduction of the parameter α, a proportion between
the norms of the two multiplicative noise sources, allowed
the requirement of satisfying only one inequality at a
time to become clearer. Against intuition the necessary
bound resulted to be independent of U . In summary the
conditions, in light of Proposition 2, are
r
r

√
1 2−Ω
1
2−Ω

2

if √ + α < 2
 kΘks <
U
αΩ
α
r Ω
(30)
√

1 2(2 − Ω)
1
2−Ω

2
kΘks <
if √ + α > 2
U (1 + α)Ω
Ω
α
6. SIMULATION EVALUATION
In this section, the closed-loop power allocation scheme
studied for the uplink is evaluated through numerical
simulations of a multiple-access wireless network. The
parameters of the simulation are illustrated in Table 1,
where all the implementations were carried out in Matlab.
A code-division multiple-access technology was considered
at each BS, where m-sequence codes were employed for
spreading the information in time-domain (Proakis and
Salehi, 2007). For each MU, its channel gain energy was
modelled by two components: slow and fast-scale variations (Gunnarsson and Gustafsson, 2003), i.e.
α

0.1
2
−1
g[k]
∀i, l ∈ I (31)
|hi,l [k]| = (Y [k])
|{z}
di,l [k]
|
{z
} f ast−scale
slow−scale

where Y [k] is a log-normal random variable, di,l [k] denotes
the distance of i-th MU with respect to the BS assigned to
l-th MU at k-time instant, and g[k] is a random variable
with a Rayleigh distribution and unitary mean (E{g[k]} =
1). In our simulations, the slow-scale components were
updated every K = 20 samples, meanwhile, the fastscale components at each sampling interval. All the MUs
followed a random-walk displacement profile in the spatial
plane. This profile is characterized by two coordinates
(ρi,x [k], ρi,y [k]) for i-th MU that are updated according
to the next stochastic model
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Table 2. Monte Carlo Evaluation for Different Number of BSs in the Wireless Network
(γ obj = 8 dB).

Table 1. Parameters of the Wireless Network
during the Simulation Evaluation.
Physical Parameter
Processing gain
Noise variance
Minimum transmission power
Maximum transmission power
Control Gain
Roundtrip delay

Variable
N
ν2
pmin
pmax
Ω
nRT

Value
32
−90 dBm
1 pW
500 mW
0.05
2

ρi,x [k + 1] = ρi,x [k] + θνi,x [k]
ρi,y [k + 1] = ρi,y [k] + θνi,y [k]
(32)
where νi,x [k] and νi,y [k] are zero-mean and unitary variance random variables with a Gaussian distribution. The
constant θ is chosen such that the mean velocity
of the
p
profile is vo (km/h) ⇒ θ = (vo /3.6Ts K) 2/π, where
Ts = 1/1500 s is the update time for power allocation
in the wireless network. Consequently, if (xm , ym ) denotes
the spatial location of the m-th BS assigned to l-th MU,
the distance di,l [k] is calculated by
q
di,l [k] = (xm − ρi,x [k])2 + (ym − ρi,y [k])2 ∀i ∈ I.
(33)
Now, for the i-th MU, a spreading code ci ∈ RN is
assigned before data transmission. In this work, we assumed that there is spreading code reuse among all BSs,
in order to have a challenging scenario. Moreover, at the
detection process of each BS, there is a correlating sequence ξ i ∈ RN , according to a linear detection strategy: matched filter, zero-forcing, minimum mean-square
error (MMSE) or serial interference canceller (Proakis
and Salehi, 2007). In this framework, the data energy,
interference and noise parameters (δii [k], δil [k], ωi [k]) after
2
linear detection are given by δi,i [k] = |hi,i [k]|2 (ξ >
i ci ) ,
2
2 >
2
2 >
δi,l [k] = |hi,l [k]| (ξ i cl ) , and ωi [k] = ν (ci ci ) . During
the simulations, the MMSE detector was implemented at
each BS (Campos-Delgado and Luna-Rivera, 2013-A).
Without loss of generality, the objective SINR will be
considered the same for all MUs in our evaluations, i.e.
γiobj = γ obj for all i ∈ I. In each BS, the number of
MUs is half of the processing gain, i.e. there are 16 MUs
per BS. The LQG controller in (16) was considered with
parameter Ω = 0.05 in the closed-loop power allocation
scheme. First, a Monte Carlo evaluation was carried out by
varying the number of active BSs in the wireless network
at γ obj = 8 dB with 5,000 closed-loop simulations of 100
time iterations, where in each one, the channel realizations
in (31) are randomly generated. In this way, the number
of MUs in the wireless network was increased from 32 (2
BSs) to 64 (4 BSs), and as a consequence, the interference
which is measured by kΘk2s raises constantly. For each
closed-loop simulation, kΘk2s was computed numerically
by (13), in the meantime kΞk2s = 0.1 was kept constant in our evaluation. With this information at hand,
the upper bounds on the MUs in the wireless network
were calculated
through (17) and (18). Note that in this
p
case 2 (2 − Ω)/Ω = 12.49, so it is argued that the first
inequality in (30) or equivalently (17) will be the more
restrictive. Also, the mean power and measured SINR per
MU were computed. The overall results of the Monte Carlo
simulation are described in Table 2. This table illustrates
that as the number of BSs increases, this tendency is
826

BSs

kΘk2s

Max U
by (17)

Max U
by (18)

2
3
4

0.0027
0.3894
0.6756

1199.17
100.17
76.00

6135.43
195.76
113.86

Mean Power
per MU
(W)
0.0124
0.0132
0.0175

Mean SINR
per MU
(dB)
8.02
8.02
8.02

Table 3. Monte Carlo Evaluation for Different Objective SINRs in the Wireless Network
(BS=3).
γ obj

kΘk2s

Max U
by (17)

Max U
by (18)

7
8
9

0.2556
0.3894
0.4760

123.58
100.17
90.60

294.03
195.76
160.90

Mean Power
per MU
(W)
0.0111
0.0132
0.0195

Mean SINR
per MU
(dB)
7.02
8.02
9.03

followed by the interference kΘk2s and the mean transmission power per MU. Hence as more BSs incorporate
into the network, the maximum number of MUs allowable
is reduced. In this case, the inequality in (17) is, as expected, the more stringent requirement. Finally, the power
allocation scheme by the LQG controller in (16) is able to
manage efficiently the induced interference and achieve the
objective SINR in all cases (see last column in Table 2).
A new Monte Carlo evaluation was considered with also
5,000 closed-loop simulations and 100 time-iterations in
each one. However, in this new condition, the objective
SINR γ obj was varied in the network among 7, 8 and 9 dB
with BS=3. The results of this evaluation are presented in
Table 3. As expected, the interference kΘk2s and the mean
transmission power per MU increase if γ obj is raised, due
to linear dependence of kΘk2s in (6) on this parameter.
Once more, the inequality in (17) is the more stringent
requirement for the maximum number of MUs. Also, the
LQG power allocation in (16) was capable to reaching in
average the objective SINRs (see last column in Table 3).
Finally, in order to visualize the time response with 4
BSs and γ obj = 8 dB, Fig. 3 illustrates the initial spatial
location of the BSs and MUs in the simulation, and Fig. 4
presents the time responses of the resulting transmission
power and measured SINR per each MU, as well as
their mean traces. In this scenario, the MUs located
closer to the BS will require less transmission power than
the ones located farther away in order to achieve the
objective SINR. Also, the SINR traces show the effect
of the slow and fast-scale channel variations described in
(31), since the slow-scale variations every 20 iterations
generate abrupt transitions in the SINR, and the fast-scale
changes produce a consistent error around the setpoint of
8 dB. Nonetheless, in average, all the MUs achieve the
objective SINR despite the multiple-access environment
and multiplicative noise.
7. CONCLUSIONS
In this paper, we extended our analysis of power allocation
in wireless networks, and validated it through numerical
simulations. By establishing a numerical relation between
the size of the interference kΘk2s and the multiplicative
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Fig. 3. Initial Random Location of MUs for 4 BSs.
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Fig. 4. Performance of Power Allocation Scheme for 4 BSs.
noise kΞk2s , we were able to define a unique stability bound
for power allocation in a closed-loop structure. Moreover, a
numerical evaluation was carried out in a wireless network
with multiple BSs and variable number of MUs. In the
simulation scenario, slow and fast-scale variations were
considered in the channel model, as well as a random
displacement time-profile of the MUs. Hence, the induced
interference in the network is the limiting factor for closedloop operation, where the power allocation scheme was
able to achieve the desired QoS despite the multiple-access
interference and multiplicative noise component.
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