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clients is often set to the maximum without consideration
of the occupancy of the cell or the distance of the clients
to the AP [13]. Such a default policy is bound to lead to
increased interference among co-channel APs. Preliminary
studies such as [13] show that there are signiÞcant beneÞts to
be gained from power control. However, it is well understood
that the use of different power levels by APs may lead to
throughput starvation of certain nodes due to the introduction
of asymmetric links [3]. Consequently, power control needs to
ensure that no link asymmetry is introduced in the network.

In this work, we prove that power control in 802.11 net-
works requires a cross-layer approach that takes into account
the behavior of the 802.11 MAC. We establish sufÞcient
conditions for starvation-free power control, and propose a
power control algorithm that naturally lends itselfboth for
a centralized as well as a distributed implementation. The
proposed algorithms assign higher transmit power to the cells
that are more heavily loaded, i.e., the cells that have (i)
higher number of clients, or (ii) clients with a poor quality
channel. Using OPNET simulations, as well as a proof of
concept testbed, we demonstrate that the proposed power
control scheme can result in up to 290% improvement in user
throughput. The results also show that joint optimization of
the PHY and MAC parameters leads to 35% improvement in
average user throughput compared to solutions that tune the
MAC layer behavior in isolation.

The remainder of the paper is structured as follows. In
Section II we describe the problems arising from uncoordi-
nated power control in 802.11 networks and present related











C. Power Control using the Annealed Gibbs Sampler

The Gibbs sampler algorithm that we proposed above leads
to a stationary regime distributed according to the Gibbs
distribution (19) that only favors low energy states but does
not minimize it. The following algorithm, called the annealed
Gibbs sampler, achieves this minimization by a proper cooling
scheme.

Algorithm 1:
Each APi maintains a timer whose value is chosen to be the
sample of an exponentially distributed random variable with
averageta. When the timer of APi expires at timet, the AP
takes the following steps:

1) Compute the temperature parameter, T = K
log2(2+t) ,

where K is a fixed constant.
2) For each possible value of state variable x � Qi (given

by (21)), compute the local energy conditional on ZZZ i as
follows:

Ei(x,ZZZi) =U2
i · Di(x)+

∑

j:j �= i

{
U2

i · Di(x) + U2
j · Dj(Xj)

}
111{cji≥Xj+ x}.

3) Compute the corresponding state probability

π(x) =
e−

Ei(x,ZZZi)
T

∑

l:y∈Qi

e−
Ei(y,ZZZi)

T

.

4) Sample a random variable according to law � (.), and
choose the next state of AP i according to this random
variable.

In the above algorithm,t is the age variable (time since the
beginning of the algorithm). Since the above algorithm uses
Gibbs sampler, and is a an example of simulated annealing
procedure, it can be shown (see Theorem 8.1 in [7]) that
as t � � , the algorithm converges in distribution to a
distribution that only puts mass on states of minimal global
energy (see Chapter 7, Section 6.2 in [7]).

Once the total energy represented by (17) is minimized
using the annealed Gibbs sampler, we can determine the
optimum C, the optimum transmit power vector, and the
optimum CCA threshold vector as follows. We identify that
AP k with the minimum value forX i. It follows that k also
satisÞes the following conditions:

k = argminiX i = argmini� i (using Eq. (13)) (22)

= argmaxiPi (using Eq. (2)).

Thus, Pk � Pi for all i . AP k is allowed to transmit at
the largest power which thus can be set toPk = PM , the
maximum transmit power allowed by the hardware. Using (2)
and (13),

C= PM10
Xk
5 . (23)

Substituting this value in (13), and using (1) and (2), each
node can determine optimum values forPi andCi.

D. Implementation of the Algorithm

The operation of the algorithm requires that APs encode the
current value of the following variables in their Beacon frames:
(i) the auxiliary variableX i, (ii) the transmit powerPi, (iii)
the number of usersUi, and (iv) the mean delayD i(X i) given
by (16). Upon reception of the Beacon frame all neighboring
APs have all the necessary input to recompute their optimal
XXX as per (17). The value ofX k (given by (22)) can be easily
computed in a distributed manner using the beacon frames.
Each AP encodes in a beacon Þeld,X min, the the smallest
value of X i that it receives in theX min Þeld of the beacon
messages of its neighboring APs. After this, each node can
compute the common value ofC using (23). Also note that if
the network is partitioned into multiple sub-networks such that
no node in one sub-network can hear any node in another sub-
network, then the proposed algorithm determines adifferent C
for each sub-network. This is expected (and desired), since
each sub-network operates independently (at both the MAC
and the PHY layers), and depending on its topology, may have
a different operating regime.

E. Power Control Algorithm: A Simplified Version

Note that the problem formulation in (17) captures the chan-
nel quality of all the clients in a cell through (16). However, for
simplicity of implementation, it may be of interest to limit the
state information that needs to be maintained by the APs. The
following are two heuristic methods to simplify the problem
formulation in (17) and (16); (i) Using the average case user
channel gain in each cell, or (ii) using the worst case user
channel gain in each cell to replacegi(u). As in (14), deÞne

Ti = 10 log

(
PMgi

N0

)
, gi =






1
Ui

∑

u∈ cell i
gi(u) Mean,

min
u∈ cell i

gi(u) Minimum.
(24)

Using mean in (24) amounts to approximation using the
average channel gain of all the clients in celli , while using
the minimum amounts to performing power control withcell-
coverage as the primary constraint. Using the same arguments
as in Subsection V, the objective function for the case of
minimum channel gain can also be expressed as an energy
function. The corresponding global and local energy are given
by (details omitted for brevity):

Ê(XXX) =
∑

i

U2
i

f (Ti − 2Xi)
+

∑

{i,j}∈A

{
U2

i

f (Ti − 2Xi)
+

U2
j

f (Tj − 2Xj)

}
111{cji≥Xj+ Xi} (25)

and

Êi(XXX) =
U2

i

f (Ti − 2Xi)
+

∑

j:j �= i

{
U2

i

f (Ti − 2Xi)

+
U2

j

f (Tj − 2Xj)

}
111{cji≥Xj+ Xi}. (26)

Note that for the above problem formulation, in addition
to embeddingX i, Ui, and the current transmit power, each
AP needs to embedTi which is given by (24). For ease of



implementation in simulation as well as the testbed, in the
rest of the paper, we only focus on the problem formulation
with gi chosen to be theminimum user channel gain (see
(24)).

F. Receiver Threshold

While the analysis so far has focused on the selection of
transmit power and CCA threshold, it is also important to
carefully tune the Receiver Sensitivity (or more accurately,
Receiver Threshold) of the wireless cards. The hardware of
a wireless card does not attempt to decode a frame if the
received power of the frame is below the Receiver Sensitivity.
It has been shown in [9] that if this parameter is not selected
carefully in interference-dominated networks, it can lead to
poor throughput due to a phenomenon referred to asstrongest-
last-collision. Most commercial hardware today sets the Re-
ceiver Threshold to be equal to the CCA threshold, shown to
lead to optimal performance in [9].

G. Changes in the Topology

If the network conÞguration changes, for example, if the
number of clients in a cell changes, then the algorithm
can be re-initiated by the affected AP to compute the new
optimum network settings. Note that the overheads of such
re-conÞgurations are minimal, since during the execution of
the algorithm, the actual transmit powers and CCA thresholds
of the nodes arenot updated. The use of dummy variables,
X i ensures that the network does not react in a knee-jerk
fashion to changes in topology and/or client population. To
avoid scenarios in which newly arriving clients cannot hear
the APs that are currently using a lower transmit power,
we envision that the probe request/response frames can be
transmitted at maximum power during client discovery. Once
the client afÞliates with the AP of its choice, then the affected
AP can re-initiate its power control algorithm to adjust the cell
size such that it can cover all associated clients.

H. CCA Adaptation without Power Control

In Section IV, we proposed a framework forjoint optimiza-
tion of the transmit power and the CCA threshold. However,
if transmit power control is not used (all nodes transmit at
nominal power levelPM ) our framework also allows us to
compute the optimum network-wide common CCA Threshold,
C. This approach is along the lines of other schemes that
perform pure CCA adaptation [9]. However, note that the CCA
adaptation algorithm that we propose optimizes network-wide
delays. We require that all the APs send information about
received interference power from other APs (to determinedij),
and the worst case channel gain,gi, to a central controller. The
central controller minimizes with respect toC, the following
function that is derived from Eq. (6)-(7) (details omitted for
brevity):

H(C) =
∑

i

U2
i

f
(

10 log
(

PM gi
C

)) ·


1 +
∑

j �= i

111{N0+ PM dji≥C}



 .

(27)
Since the above function is a step function with up toO(M 2)
jumps, whereM is the number of APs, the task of the central
controller is considerably simpliÞed.

VI. SIMULATION RESULTS

In this section, we present simulation results for the pro-
posed power control algorithm. We use OPNET 11.0 simula-
tor. 72 APs and 288 clients (4 per AP) are distributed randomly
to have an average client-AP distance of 3.5 meters (average
size of an ofÞce cubicle), so that on an average we have one
AP every four cubicles to emulate a high density environment
[14], [9]. Clients are assumed to associate with the closest AP.
We then use a randomized channel assignment algorithm for
assigning 12 channels (802.11a APs). Other more advanced
algorithms could be used for channel assignment, but the
problem of channel assignment is not the focus of our work,
and we wanted to study the performance of the network
with the simplest channel allocation scheme conceivable. We
then simulate the sub-network that operates on one of these
channels, since the channels are non-overlapping. For the
channel that we chose (at random), there were 8 APs and
26 clients.

The channel gains for inter-AP interference,dij , and the
channel gain of the farthest client in each cell,gi, are logged
at the beginning of the simulation. Using the Gibbs algorithm
proposed in Section IV we obtain the optimum values for the
transmission power and CCA threshold of each AP in the
network. Each time-tick in the Gibbs sampler is equivalent
to one beacon period (100 ms) in a real network. For the
simulated topology (8 APs and 26 clients), the algorithm
converges within 300 beacon periods (30 seconds), i.e., the
state probabilities are within� = 0.1 of either 0 or 1 or 1

m
(if there arem optimum states). Using fully saturated UDP
trafÞc from the APs to its clients we assess the beneÞts of
the proposed scheme compared to what could be considered
the state of the art, i.e. a topology with todayÕs default node
settings (transmit power of 17 dBm, and CCA Threshold of
-90 dBm, see [11]).

The simulation duration is 20 minutes. In Fig. 2(a), we plot
the number of clients per AP and the channel gain to the
farthest client. The lowest channel gain is an important metric
of the topology since it affects the minimum power the AP
needs to employ to support the client with the weakest link.
In the considered topology, AP 1 has the greatest number of
clients with a channel gain of -64 dB to the farthest client. On
the other hand, AP 4 has only one client with a very good link
quality (a channel gain of about -47 dB). Finally, AP 3 has 4
clients but its farthest client experiences a very poor link.

Referring to Fig. 2(b), our algorithm assigns the highest
transmit power to AP 1 and the lowest transmit power to AP
4. Given that AP 3 has a smaller number of clients compared to
AP 1, AP 3 is assigned a slightly smaller transmission power
that can meet the requirements of the client at the edge while
taking into account the increased load due to the 4 clients. In
Fig. 2(b) we also present the product of the CCA threshold
and the transmit power for all the APs, which is shown to
be approximately constant across all APs. Consequently, we
succeed in avoiding asymmetric links and starvation. Finally,
in Fig. 2(c) we plot the average client throughput across each
cell. We notice that the throughput of the single client in
cell 4 decreases, but the throughput of all the other clients
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Fig. 2. Simulation results for Gibbs Power Control Algorithm.

improves substantially. In fact, Table II shows that the average
throughput across all the clients improves by up to 290%,
while the median throughput across all the clients improves by
up to 152%. The higher standard deviation with the proposed
algorithm is reßective of the fact that the proposed algorithm
results in more links with very high throughput.

Scheme Throughput (Mbps) Capacity Mean client
Mean Std. Dev Median (Mbps) TxPower

Default 0.96 0.52 0.83 24.9 17 dBm
CCA 2.75 3.41 1.76 68.8 17 dBm
Gibbs 3.74 4.01 2.10 97.2 15 dBm

TABLE II

SIMULATION : THROUGHPUT RESULTS.

For comparison purposes, Table II also reports on the
approach of single-layer optimization through CCA adaptation
alone (centralized algorithm for CCA adaptation in Section IV,
Eq. (27)). We notice that the joint optimization of the PHY
and MAC layer parameters leads to a 35% improvement in
network capacity, clearly demonstrating the beneÞts of a cross-
layer approach. The proposed algorithm not only improves
client throughput and network capacity, but also has the
potential to increase client battery lifetime through the use
of lower transmit power (as compared to the default setting
of maximum transmit power). For example, clients in cells
2, 4, 5 and 8 use lower transmit power than the default
maximum, thus increasing their effective lifetime. For the
topology considered in this simulation, Table II shows average
savings of 2 dBm of transmit power for the clients.

VII. E XPERIMENTATION ON A TESTBED

In order to experimentally validate the beneÞts of Gibbs
Power Control algorithm and test its feasibility, we built a
small testbed in an ofÞce environment. The testbed consists
of three Cisco Aironet 1130AG series APs, and three IBM
Thinkpad T30 laptops as clients. The clients run Fedora Core
4 Linux, and have the Intel 2915ABG wireless card with Linux
driver ipw2200-1.0.6 . The basic requirement from our
testbed is the ability to tune the transmit power, and CCA
threshold of clients and APs. Due to potential for abuse of
these parameters, most commercial hardware does not allow
their modiÞcation. As a result we used a proprietary, not
commercially available, version of the AP and client Þrmware,
which necessitated the use of commercial Cisco APs. The cost

of these APs was a limiting factor, in essence prohibiting the
deployment of a larger scale testbed. Therefore, this section
serves as a proof of concept and not an exhaustive evaluation.

All nodes in our testbed are conÞgured to operate on channel
11 in the 2.4 GHz band and use 802.11g. All our experiments
are performed at night and/or weekends, and repeated many
times to ensure and verify that interference from other APs
operating on channel 11 (outside our control) did not affect our
results. Client-AP distances are on the order of 2-4 meters and
inter-AP distances are on the order of 15-20 meters emulating
high density environments envisioned in [14], [9]. Since we
did not have control over the contents of the beacon frames
for the Cisco APs, we emulate the operation of the Gibbs
algorithm using passive sniffers placed next to the APs. The
sniffers measure (i) the interference received from other APs
(RSSI), and (ii) the worst case channel gain from the AP to
its client. Using the acquired information from the sniffers we
run the Gibbs algorithm ofßine, and determine the optimum
transmit power and CCA thresholds which are then manually
conÞgured on all clients and APs. The receiver threshold is
set to be equal to the CCA threshold across all the devices.

3m

4.5m

12m

Fig. 3. Testbed setup.

The channel gains between different APs, and the client-to-
AP channel gains are listed in Table III. By default, all three
APs transmit at maximum transmit power of 14 dBm. Note
that the cell SS15 in the Þgure receives the most interference,
and also has the highest client-AP separation. As a result,
the Gibbs Power Control algorithm assigns maximum transmit
power to this AP, and lower transmit power to the APs on the
edge (see Table III). To measure throughput performance, we
used saturated UDP trafÞc over the downlink from the APs
to the clients (usingiperf ). The auto-rate fallback (ARF)
feature of the APs was turned ON during the experiments.
We carried out 20 independent runs, each 30 second long.

Using the default power and CCA settings, only one AP
transmits at a time, and hence there is time-sharing of the




