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a b s t r a c t

Transmission power control in multihop wireless networks is a challenging problem due to
the effects that different node transmission powers have across the layers of the protocol
stack. In this paper, we study the problem of transmission power control in IEEE 802.16
mesh networks with distributed scheduling. We consider the effects of transmission power
control on the link-scheduling performance when a set of end-to-end flows established in
the network are given. The problem is approached by means of the stability region of the
link-scheduling policy. Specifically, the stability region is adapted using transmission-
power control to the paths of the flows. This adaptation enables the flows to support higher
levels of data traffic under lower levels of end-to-end delay. To the best of our knowledge,
the approach of stability-region-based transmission power control has not been studied
before. We propose a heuristic transmission-power-control algorithm for solving the prob-
lem of adapting the stability region to the flows. It is shown, by means of simulation, that
the algorithm outperforms the transmission power control based on spatial reuse, which is
a widely used approach. Also, it is shown that the solution of the algorithm has perfor-
mance close to the optimal solution for moderate-sized networks, i.e., networks with no
more than 25 nodes and 25 flows.

� 2011 Elsevier B.V. All rights reserved.
1. Introduction

Transmission power (TP) control in wireless multihop
networks (WMNs) is an important problem due to the
effects it has on the different layers of the protocol stack
[1]. For example, the network connectivity, energy con-
sumption, total physical-link throughput, spatial reuse,
and total end-to-end throughput as a function of the TP
have been investigated in [2–6] respectively. In this paper,
we look at the problem of TP control for adapting the sta-
bility region 1 of the WMN to a given set of flows such that
the total throughput and end-to-end delay are improved.
. All rights reserved.

amelwdx@ufl.edu (D.

policies as the set of
twork are stable (i.e.,
Specifically, we ask the question of what are the nodes’
TPs that adapt the stability region to the flows in the net-
work when a set of source-destination pairs, the routing
algorithm, and the link-scheduling policy are given.

By adapting the stability region of the WMN, the queue
lengths across the network are decreased on average for a
given set of input-packet rates. In this way, the flows among
the source-destination pairs are able to maintain higher
levels of end-to-end throughput and lower levels of end-
to-end delay while guaranteeing queue stability. Therefore,
the problem considered in this paper is of particular inter-
est for applications that establish non-bursty sessions be-
tween source-destination pairs such as audio/video calls.

In order to adapt the stability region, we propose an
algorithm that is executed by the flows established
between the source-destination pairs. The idea behind
the algorithm is to adapt a lower-bound region of the sta-
bility region (i.e., a region covered by the stability region)
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by modifying the TPs. The lower-bound region is a widely
accepted theoretical performance metric used for compar-
ing different link-scheduling policies [7]. In the algorithm,
once the flows’ paths are determined by the routing algo-
rithm, the flows calculate the maximum input-packet rate
they can support within the lower-bound region; then,
each flow tries to stretch the lower-bound region by mod-
ifying the TP of nodes surrounding it. The effect that the
stretch of the lower-bound region has on the stability re-
gion is another stretch on this region. Therefore, the result
is a stability region adapted to the flows that allows them
to support higher input-packet rates while guaranteeing
the stability of the network.

In this paper, we consider the minimum hop (min-hop)
routing algorithm and the greedy-maximal reservation-
based-distributed-scheduling (GM-RBDS) policy [8] in IEEE
802.16 mesh networks. However, our results can be readily
extended to other WMNs, routing algorithms, and link-
scheduling policies.

The rest of this paper is organized as follows. The re-
lated work and contributions are discussed in Section 2.
The network model is presented in Section 3. In Section
4, our TP control algorithm is explained. The performance
of the algorithm is evaluated in Section 5 by means of sim-
ulation. Finally, the paper is concluded in Section 6.
2 It should be noted that the objective in [18,19] was mainly to identify
the topologies that enable the optimality of the GMS policy, and not to
design topology-control algorithms.
2. Related work

2.1. Link-scheduling policies and the stability region

The stability region for WMNs was first defined in [9] as
the set of input-packet rates under which the queues in the
WMN are stable. The stability region is defined for link-
scheduling policies. Different link-scheduling policies
achieve different stability regions, and it is said that a
link-scheduling policy outperforms another policy in terms
of throughput when it has a larger stability region. The
optimal link-scheduling policy is the one whose stability
region is a superset of the stability region of any other pol-
icy [9]. In terms of complexity, it is usually the case that
the less complex the link-scheduling policy is, the smaller
its stability region is. Therefore, based on the tradeoff be-
tween the size of the stability region and the complexity,
different link-scheduling policies have been proposed in
the literature [7–16]. These policies are characterized with
a provable performance guarantee which is a region within
the policy’s stability region. That is, a set of input-packet
rates is calculated for which the policy is guaranteed to
be stable. The WMN may be stable under input-packet
rates outside that set, but this is not guaranteed. Therefore,
the stability region of the link-scheduling policy is at least
as large as the calculated set of input-packet rates. We call
this set the lower-bound region.

The lower-bound region depends on certain character-
istics of the physical topology of the network. For example,
the stability properties of the greedy maximal scheduling
(GMS) [17] and the bipartite simulation (BP-SIM) [13] pol-
icies depend on the local-pooling factor and the maximum
node degree of the network respectively. The local-pooling
factor is a topological property of the network whose
definition can be consulted in [17], and the node degree
is defined as the number of links that the node belongs to.

2.2. Stability-region expansion algorithms

The main idea presented in this paper (i.e., adapting the
stability region of a given link-scheduling policy by means
of TP control) is based on the results obtained in [18,19]. In
[18], the network is partitioned based on the notion of lo-
cal pooling, and each partition is assigned to a channel of
the network. In this way, the GMS policy is guaranteed to
achieve the optimal stability region in each channel. In
[19], network topologies are identified for which distrib-
uted link-scheduling policies achieve the optimal stability
region. However, these network topologies are not suitable
for real scenarios [17] because of the conditions required to
guarantee the optimal stability region. These conditions in-
clude [19], 1-hop interference, 1-hop traffic, and a topology
that is a graph that belongs to one of the following perfect-
graph classes: chordal graphs, chordal bipartite graphs, co-
graphs, and a subgroup of co-comparability graphs. In real
scenarios, these conditions limit the suitability of WMNs.
For example, only a few physical-layer technologies such
as CDMA can be approximated with the 1-hop interference
model, and the traffic in WMNs is multihop by definition.
Also, making the topology fall within the previous graph
families imposes constraints on the locations and TPs of
the nodes and the available routes. The multihop traffic
case was considered in [19], and it was shown that only
a subset of the previous graph families guarantee the opti-
mal stability region in the multihop-traffic scenario. These
were identified as forest of stars, where every connected
component of the network graph is a star graph. Also, the
results in [18,19] are valid only for GMS policies under 1-
hop traffic or backpressure routing-scheduling policies un-
der multihop traffic2.

Our approach is built upon the idea of [18,19] that un-
der certain topologies a link scheduling policy performs
better. We modify realistically the network topology using
TP control to adapt the policy’s stability region to the flows.
The algorithm receives any set of end-to-end paths, node
locations, and scheduling policy, and adapts the policy’s
stability region to the paths. Such an approach is beneficial
because it improves the end-to-end throughput and delay
without the restrictions previously discussed. In this paper,
we consider the case of min-hop routing, GM-RBDS sched-
uling, and randomly chosen source-destination pairs of
nodes in IEEE 802.16 mesh networks.

Other heuristic algorithms have been proposed in the
literature that improve the performance of the link-sched-
uling policy in terms of throughput by means of TP control.
These algorithms include the ones reported in [20–22]
whose basic idea is to increase the total throughput in
the network by means of spatial reuse. The spatial reuse
is increased by reducing the TP of the nodes. The
algorithms differ between them in the way they are
adapted to RTS/CTS-based protocols. In [23,24], it is shown



3 This is the frame structure adopted for IEEE 802.16 mesh networks
[29].
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that better throughput improvements can be achieved not
only by decreasing the TP to increase the spatial reuse but
also by considering the hidden and exposed nodes. The
algorithms proposed in [23] perform TP control with the
objective of avoiding hidden nodes. In this way, the links
in the network are able to sustain higher input-packet
rates. In [25], a TP control algorithm for RTS/CTS-based
protocols is proposed that decreases the area occupied by
links during their transmissions, which is defined as the
area in which other nodes must remain silent during the
time the link is active. Then, it is shown that with this
scheme, routing algorithms that favor short hops achieve
higher levels of throughput. The goal of our algorithm is
similar to the goal of the previous algorithms [20–25],
i.e., to increase the input-packet rates that a given link-
scheduling policy can support by means of TP control.
However, our approach differs in that it is directly based
on a quantitative metric which is the stability region. It is
not based on qualitative observations of the operation of
the link-scheduling policy such as the hidden and exposed
nodes in RTS/CTS-based policies. Therefore, it can be read-
ily adapted to any link-scheduling policy whose stability
region has been characterized such as the ones discussed
in Section 2.1.

A different type of TP control algorithms, which are
based on optimization techniques, are discussed in
[26,27]. In [26], the problem of integrated link scheduling
and TP control for throughput optimization is shown to
be NP-Complete. Therefore, a heuristic algorithm is devel-
oped. The goal of the algorithm is to minimize the schedule
length necessary to satisfy all the link loads determined by
a given routing algorithm. By minimizing the schedule
length, the total throughput of the network is increased be-
cause more scheduling cycles can be performed per time
unit. In [27], the problem of jointly optimizing the flow
routes, link schedules, TP, modulation and coding schemes
is addressed. This is a more general problem than the one
considered in [26] given that it does not only include the
calculation of TPs and link schedules but also includes
the routing and physical layers (i.e., flow routes, modula-
tion, and coding schemes). In our algorithm, we are only
concerned in the TP control problem when the flows and
link-scheduling policy are given. That is, for a given set of
flows, we determine TPs that improve the performance of
the link-scheduling policy in terms of throughput and
end-to-end delay.

2.3. Contributions

The contributions of this paper are as follows.
A new TP control algorithm is proposed which increases

the input-packet rates that flows can support and de-
creases the end-to-end delays while guaranteeing queue
stability across the network. Also, the algorithm does not
make any assumption on the paths followed by the flows
which is not the case for the algorithms proposed in [20–
25], and it is not limited to RTS/CTS-based policies either.
Our algorithm can be readily adapted to link-scheduling
policies whose stability region has been characterized.

Our algorithm is based on the adaptation of the stability
region of the given link-scheduling policy when only the
links that belong to the given flows are considered. To the
best of our knowledge, this technique has not been used be-
fore, and it is inspired on the results reported in [18,19].

The improvement on throughput achieved by our algo-
rithm is evaluated by means of simulation [28] for the min-
hop routing algorithm and the GM-RBDS policy [8] in IEEE
802.16 mesh networks [29].
3. Network model

We consider a WMN whose communication graph is
denoted by G ¼ ðN ;LÞ, where N and L are the sets of
nodes and links respectively. The links are directional.
The link directed from node i to node j is denoted by (i, j).
The node transmissions are omnidirectional. Link (i, j) be-
longs to L if and only if node j is within node i’s transmis-
sion range. The 2-hop interference model is adopted.
Therefore, two links interfere with each other only if they
are within two hops from each other. We adopt this inter-
ference model because it is the model that the link sched-
uling in IEEE 802.16 WMNs is based on. In this type of
networks, a node grants access to an incoming link only
if none of the incoming links of the nodes that are at most
2 hops away has already been granted access.

Time is divided into frames, and each frame is divided
into a control-subframe and a data-subframe. Control-sub-
frames are divided into control-time-slots that are used for
the exchange of scheduling packets, and data-subframes
are divided into data–time-slots that are used for the
transmission of data packets.3 Links are allowed to trans-
mit only one scheduling packet per control-time-slot and
only one data packet per data–time-slot. A packet trans-
mission over link (i, j) is successful if and only if no other
link that interferes with link (i, j) is activated at any time
during the transmission. If two or more interfering links
are activated simultaneously at any time, there is a colli-
sion and none of the links’ packet transmissions affected
by the collision is successful.

The data traffic consists of a set of flows. This set is
denoted by F . The flows in F are enumerated. The nth flow
is denoted by fn. It consists of a path and a mean input-
packet rate which are denoted by pn and kn respectively
(i.e., fn , (pn,kn)). Path pn is the sequence of nodes on which
flow fn is established. The mth node in pn is denoted by
pn(m). It is assumed that the paths are calculated using
min-hop routing. The first and last nodes of pn are the
source and destination nodes of fn respectively. The inter-
mediate nodes of pn are the forwarding nodes of flow fn.
At the source node of flow fn, the data-packet arrival pro-
cess is Poisson distributed with mean kn. Every node that
is an intermediate or destination node of at least one flow
has a maximum packet rate that it can assign to its incom-
ing traffic while guaranteeing the stability of its queues.
Each of these nodes equally divides its maximum packet
rate among all the flows for which it is an intermediate
or destination node. The maximum packet rate that node
i can support for each of these flows is denoted by ki

f .



Fig. 1. Data packet transmissions between nodes i and j.
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The number of flows that traverse a link is the degree of
the link. The link degree of link (i, j) is denoted by d(i, j). If a
flow is forwarded from node i to node j, then such a flow
counts for the degree of link (i, j) and not for the degree
of link (j, i), i.e., both the direction of the flow and its path
determine which links have their degree affected by the
flow.

We follow the reservation-based network model de-
scribed in [8] in which there are two queues involved in
the scheduling process of every link. These are the input
and output queues which are denoted by Q ði;jÞi;fn

and Q ði;jÞo;fn
for flow fn on link (i, j) respectively (see Fig. 1). The input-
queue stores data packets that are waiting to be scheduled,
which means they are waiting to be granted a future data–
time-slot. The output-queue stores the data packets that
have been scheduled, i.e., have already been granted a
future data–time-slot, and are waiting to be transmitted.
When a link schedules data packets, some of its unsched-
uled data packets are moved from its input-queue to its
output-queue. The nodes implement the concept of regula-
tors 4 introduced in [7]. The role of regulators is to regulate
the burstiness of the node’s incoming traffic. This task is
performed for flow fn on link (i, j) using queue Q ði;jÞr;fn

.
Node j is a 1-hop neighbor of node i if node i is within

node j’s transmission range. The 1-hop neighborhood of a
node is the set of all the node’s 1-hop neighbors. It is de-
noted by Si

1 for node i. The 2-hop neighborhood of a node
is defined as the set of nodes that are at least two hops
away from the node and the node itself. It is denoted by
Si
62 for node i. The active 1-hop neighborhood of a node

is defined as the set of 1-hop neighbors that are intermedi-
ate or destination nodes of at least one flow. It is denoted
by Si

a for node i. The direct 1-hop neighborhood of a node
is the set of 1-hop neighbors that send data packets to the
node. Therefore, the direct 1-hop neighbors of a node al-
ways precede the node in at least one path. Node i’s direct
1-hop neighborhood is denoted by Si

d.
The transmission range of node i is denoted by ri. The

maximum transmission range of any node is denoted by
rmax, and the Euclidean distance between nodes i and j is
denoted by ki, jk.
4. Queue-stability-based TP control algorithm

4.1. GM-RBDS and its stability region

The link-scheduling adopted for the network is the GM-
RBDS policy described in [8], which is based on the
4 A detailed description of the operation of regulators is provided in
Appendix D in [30].
scheduling framework specified for IEEE 802.16 mesh net-
works with distributed scheduling. This framework can be
summarized as follows. Nodes take turns to transmit sched-
uling packets on control-time-slots using the election algo-
rithm specified for IEEE 802.16 mesh networks [29,31,32].
The objective of the election algorithm is to avoid schedul-
ing-packet collisions. The links follow a three-way hand-
shake by means of scheduling-packet exchanges. The goal
of this handshake is to schedule data-packet transmissions
in future data–time-slots and to reserve those data–time-
slots among the interfering links such that data-packet col-
lisions are avoided. The three-way handshake consists of (1)
a request of future data–time-slots, (2) a grant for assigning
the requested data–time-slots, and (3) a grant confirmation
for acknowledging the grant.

In GM-RBDS, whenever a node is selected by the elec-
tion algorithm, it transmits a scheduling packet that
contains the following requests, grants, and grant confir-
mations. The node requests for every outgoing link as
many data subframes as can be covered completely with
unscheduled data packets (i.e., if there are mds data–
time-slots per data-subframe, the number of data-sub-

frames requested for link (i, j) is
P

fn2F
Q ði;jÞ

i;fn
mds

� �
). The node

grants the longest unexpired request it has received so
far and which has not already been granted. The node con-
firms any grants it has received which have not been con-
firmed before and that do not collide with each other. In
this way, by following GM-RBDS, the nodes attempt to
schedule as many data-packet transmissions as they need,
and these transmissions are scheduled in an as-soon-as-
possible manner.

The size of the stability region of the GM-RBDS policy
depends on the ability of the links to perform the three-
way handshakes successfully [8]. If the probability that a
link successfully finishes a three-way handshake is low,
the link’s queue will decrease at a lower rate. Therefore,
the link’s ability to forward data packets within some time
range is going to be lower (i.e., the highest packet rate sup-
ported by the link is lowered), and this reduces the size of
the stability region. The probability that a three-way hand-
shake of link (i, j) is successful depends on the nodes that i
can listen to but j can not (i.e., the active nodes hidden
from j, which are Si

a n S
j

a) and the degree of link (i, j).
Based on the probability of successful three-way hand-

shakes, sufficient conditions that guarantee queue stability
under the GM-RBDS policy in the multihop scenario are
given as follows.

Theorem (Multihop GM-RBDS stability). Network G under
GM-RBDS, min-hop routing, and the 2-hop interference model
is stable if the packet rate kj

f supported by every node j in N
satisfy (1).5

kj
f <

1

5
P

i2Sj
d
dði;jÞ Si

a n S
j
a

�� �� 8 j 2 N : ð1Þ
5 The set operator nrefers to the relative complement, i.e.,
Si

a n Sj
a , k 2 Si

a : k R Sj
a

n o
.
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Proof. See Appendix D in [30]. h

Therefore, in order to guarantee stability in the multi-
hop scenario with min-hop routing and GM-RBDS, the in-
put-packet rate of flow fn (i.e., kn) must be less than the
following rate: the minimum packet rate among all the
packet rates that nodes along the flow’s path can assign
to the flow. This is shown in (2), where kj

max is the upper-
bound for node j’s rate kj

f according to (1) (i.e.,
kj

max , 5
Pj

i2Sd
dði;jÞ Si

a n S
j

a

�� ��� ��1
).

kn < min kj
max : j 2 pn

n o
8fn 2 F : ð2Þ
6 The SRA-TM problem is formulated as a mixed integer program with
non-linear constraints in Appendix E in [30]. This formulation is used in
Section 5 for calculating the optimal solution of the simulated instances of
the SRA-TM problem.
4.2. TP Control Algorithm

The goal of our TP control algorithm is to expand the
lower-bound region given by (2). By expanding this re-
gion, the flow rates kn can take higher values while guar-
anteeing stability, and therefore, the maximum total
throughput the network can support for the given flows
is increased. Let the maximum total throughput be de-
noted by kT and defined in terms of the lower-bound re-
gion for the flows’ input-packet rates given by (2) as
follows.

kT ,
X
pn2F

min kj
max : j 2 pn

n o
: ð3Þ

According to (3), (2), and (1), kT depends on the direct 1-

hop neighborhoods (i.e., Sj
d : j 2 N

n o
), the link degrees

(i.e., fdði;jÞ : ði; jÞ 2 Lg), and the active 1-hop neighborhoods

(i.e., Sj
a : j 2 N

n o
) as follows.

kT ¼
X
pn2F

min
j2pn

1

5
P

i2Sj
d
dði;jÞ Si

a n S
j
a

�� ��
0
@

1
A: ð4Þ

Given that the flows are determined by the min-hop
routing algorithm, the following parameters in (4) are

fixed: fpn 2 Fg; S
j
d : j 2 N

n o
, and fdði;jÞ : ði; jÞ 2 Lg. There-

fore, in order to increase kT, the only parameters that can
be modified are the active 1-hop neighborhoods (i.e.,

Sj
a : j 2 N

n o
). They can be modified by means of TP control

such that kT is maximized. This optimization problem,
which we call stability region adaptation for throughput
maximization (SRA-TM), is given as follows.

Definition 1. Given a set of flows F calculated by the min-
hop routing algorithm, the SRA-TM problem consists of the
maximization of kT by means of TP control such that none
of the nodes exceed the maximum TP and none of the
paths are broken. That is,

maximize
P

pn2F
min
j2pn

1
5
P

i2Sj
d

dði;jÞ Si
anS

j
aj j

 !
;

subject to 0 6 ri
6 rmax 8i 2 N ;

ri; rj P ki; jk 8i 2 Sj
d; j 2 N ;

ð5Þ
Remark. In the SRA-TM problem, the flow paths are given
and left unmodified. Higher values for kT could be achieved
if the flow paths were modified by including them as deci-
sion variables. For example, a routing scheme can uni-
formly distribute the traffic loads across the links of the
network so that links with high levels of congestion are
avoided. This problem corresponds to a joint optimization
of the topology and flow paths based on the stability
region. This problem can be further studied due to its
potential benefits for kT. However, this paper deals only
with the stability-region-based topology control as a first
step towards the problem of stability-region-based joint
topology and routing control.
Remark. If the data traffic in the network changes dynam-
ically, the flow paths may change as well. In this scenario,
the SRA-TM problem needs to be solved for every flow-
path change. Therefore, the speed of convergence of algo-
rithms that solve the SRA-TM problem is an important
metric for such a scenario. The algorithms should be able
to keep up with the rate of change of the flow paths. On
the other hand, if the data-traffic levels of a set of flows
change but the flow paths do not change, the SRA-TM
problem does not need to be solved again. The reason is
that the solution of the SRA-TM problem is the topology
that allows those flows to support the maximum level of
data traffic while guaranteeing stability. This means that
the data-traffic levels in the flows may vary as long as they
do not exceed such maximum levels (i.e.,
min kj

max : j 2 pn

n o
8fn 2 F ), and this can be guaranteed by

means of call-admission-control algorithms.
In order to solve the SRA-TM problem, the TP algorithm

shown in Fig. 2 is proposed.6 This algorithm is called heuris-
tic stability region adaptation (HSRA).

The following definitions are necessary for the opera-
tion of the HSRA algorithm.

Definition 2. The bottleneck node of flow fn is the node
with the lowest maximum rate among all the intermediate
and destination nodes of the flow, i.e., let j be the
bottleneck node of fn, then j ¼ argmini2fpnðmÞ:26m6jpn jgk

i
f .
Definition 3. Node h is hidden from node j if and only if
h 2 Si

a n S
j
a for some i 2 Sj

d.
Definition 4. The MinPower setup is the set of minimum
TPs whose transmission ranges guarantee that none of
the links of the flows in F is broken.

The operation of the algorithm is as follows. First, the
nodes’ TPs (i.e., fri : i 2 Ng) are set according to the Min-
Power setup (see line 2 in Fig. 2). By reducing the TPs
(see Definition 4), the spatial reuse in the network is in-
creased, and as a consequence, the total throughput is in-



Fig. 2. HSRA Algorithm.
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creased as well.7 Then, the maximum throughput that
intermediate and destination nodes can support for the
flows they belong to is calculated (see line 3 in Fig. 2). This
is done using (1), which defines the nodes’ maximum
throughput. Based on these maximums, the total through-
put the network can support is calculated (see line 4 in
Fig. 2).

Once the total throughput under the MinPower setup is
known, flows are selected randomly one-by-one for a num-
ber of M times (see line 5 in Fig. 2). Every time a flow is se-
lected, the maximum throughput the flow can support is
increased if this causes that the total throughput be in-
creased as well. Otherwise, the flow is left unmodified.
The throughput of the selected flow is increased as follows.

Let the selected flow be denoted by fn (see line 6 in
Fig. 2). The bottleneck node of fn is found first by tracking
the node of the flow with the lowest maximum throughput
(see (2)). Let this node be denoted by j (see line 7 in Fig. 2).
The maximum rate of j (i.e., kj

f ) is increased by increasing
the TP of one of j’s 2-hop neighbors (see lines 8 to 15 in
Fig. 2). However, this TP increase is confirmed only if the
total throughput (i.e., kT) is increased as well (see lines
16 to 20 in Fig. 2). Otherwise, the TP of j’s 2-hop neighbor
7 This spatial-reuse-based TP control is the basis of the algorithms
proposed in [20–22,25].
is left unmodified (see line 22 in Fig. 2). The total
throughput may be decreased given that the TP increase
of j’s 2-hop neighbor may decrease the maximum rate of
other bottleneck nodes in the network, and this maxi-
mum-rate decrease may be higher than the increase on
j’s maximum rate.

The 2-hop neighbor of node j whose TP is increased is
selected so that the factor Si

a n S
j

a

�� �� on the denominator
of the upper-bound for kj

f is decreased (see (1)). Qualita-
tively, this TP increase can be explained as follows. Node
j (i.e., the bottleneck node) has a set of 1-hop neighbors
that are sending data packets to it (i.e., Sj

d). Let i be one
of these nodes, and consider the link (i, j) and the input
and output queues Q ði;jÞi and Q ði;jÞo of node i as shown in
Fig. 1. In order for i to transmit packets to j, a reservation
of future data–time-slots is required. When nodes i and j
finish this reservation successfully, data packets in node
i’s input-queue (i.e., Q ði;jÞi ) are moved to node i’s output-
queue (i.e., Q ði;jÞo ), and these packets are later pulled from
Q ði;jÞo for their transmission. Therefore, for the queues Q ði;jÞi

and Q ði;jÞo to have their lengths decreased, the reservation
performed by nodes i and j needs to be successful, i.e.,
the three-way handshake for scheduling data-packet
transmissions on link (i, j) needs to be successful. The prob-
ability that the handshake is successful and that the
queues decrease their length depends on the grants re-
ceived by node i and not received by node j. In the follow-
ing, we refer to these grants as hidden grants. If i requests
future data–time-slots to j and a hidden grant is received
by i before j transmits its grant to i, j’s grant may not be
confirmed by i. This is because the hidden grant may inter-
fere with j’s grant. On the other hand, if j is able to listen to
the hidden grant, j is able to generate its grant such that it
does not interfere with the hidden grant, and i will be able
confirm j’s grant.8 Therefore, in order to increase the proba-
bility of handshake success and queue decrease, the TP of
the node that transmits the hidden grant (i.e., the node hid-
den from j) can be increased such that node j is able to listen
to the hidden node’s transmissions.

Node j may have more than 1 hidden node in every
incoming link from the nodes in its direct 1-hop neighbor-
hood. The HSRA algorithm chooses only one of those hid-
den nodes for increasing its TP. The node that is chosen
is the node that is hidden from the highest number of
nodes (i.e., node j and all the other intermediate or destina-
tion nodes unable to listen to the hidden node). This is per-
formed in lines 8 to 12 in Fig. 2. In this way, the maximum
rate is increased for all those nodes so that, if one or more
of those nodes are bottleneck nodes, higher improvements
on the total throughput can be achieved.

The role that the objective function of the SRA-TM prob-
lem (see (5)) plays in the HSRA algorithm is the quantifica-
tion of the throughput improvement by the TP increase on
hidden nodes. By increasing the TP of a node hidden from a
bottleneck node, the factor Si

a n S
j
a in the denominator of

(5) is decreased for the bottleneck node, and as a conse-
quence the bottleneck node’s maximum rate is increased.
8 The problem of node j not being able to listen hidden grants is the
hidden-node problem version for reservation-based distributed scheduling
policies. This problem is studied in detail in [8,33].
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However, the TP increase on the hidden node may also
cause an increase on the Si

a n S
j
a factor of other bottleneck

nodes. Therefore, the objective function allows the algo-
rithm to trade off between decreasing the number of hid-
den nodes by increasing TP and maintaining spatial reuse
by not increasing TP. In the algorithm, this tradeoff is
achieved by testing the improvement on the total through-
put (see lines 14 to 23 in Fig. 2).
5. Simulation results

The performance evaluation of the HSRA algorithm was
performed by means of simulation using the WiMAX-
RBDS-Sim framework [28] for the OPNET simulator [34].
The simulated network is an IEEE 802.16 mesh network
with distributed scheduling under the configuration shown
in Table 1. The number of nodes was specified as a simula-
tion parameter. The nodes were uniformly distributed in a
square area such that the node density was always kept
at 15 nodes per unit area. The maximum transmission
range of the nodes was set at 0.3 (i.e., rmax = 0.3). The con-
nectivity of the network under bidirectional links and with
the nodes’ transmission ranges set at rmax was confirmed
before executing the min-hop routing algorithm. The num-
ber of flows was specified as a simulation parameter. The
source and destination nodes of every flow were uniformly
distributed among all the nodes in the network. The min-
hop routing algorithm calculated the flow paths under the
MaxPower setup which is the power assignment when all
the nodes’ transmission ranges are set at the maximum
(i.e., rmax). Once the paths were calculated, the transmission
ranges of the nodes were found using the HSRA algorithm.
Also, the optimal transmission ranges (i.e., the solution to
the SRA-TM problem (see (5))), which we call OptPower,
were found using the formulation of the SRA-TM problem
as a mixed integer program with non-linear constraints
(MIP-NLC) (see Appendix E in [30]). The MIP-NLC was
solved using the branch and reduce optimization navigator
(BARON) solver [35], which is a system for solving non-con-
vex optimization problems for global optimality. Finally,
the network was simulated under the MaxPower, MinPow-
er, OptPower, and HSRA setups.

Fig. 3 shows the average output-queue length for three
networks with 20 nodes each and increasing number of
flows (i.e., 10 flows in Fig. 3(a), 15 flows in Fig. 3(b), and
20 flows in Fig. 3(c)). The input-queues have been omitted
Table 1
IEEE-808.16-mesh-network configuration

Parameter Value

Frame length 10 ms
Control-time-slot length 63 ls
Number of control-time-slots per frame 4
Number of data–time-slots per frame 256
NextXmtMxa 7
XmtHoldoffExponenta 6
Link scheduling GM-RBDS [8,33]
Routing min-hop

a This is a parameter of the election algorithm used for specifying the
frequency that nodes transmit scheduling packets.
because they are guaranteed to always be stable [8,33]. The
flow rates in each network were all set at the same value.
These are 8, 6, and 5 packets per frame for the networks in
Figs. 3(a), (b), and (c) respectively. These values were set so
that their corresponding network became unstable if they
were increased by at least one point. In this way, the net-
work operates at a point inside the stability region and
close to its boundary. Therefore, when any of the rates is
increased by at least one point, the network operates out-
side the stability region, and therefore, it is unstable.

Close to the end of the simulation time, when the tran-
sient behavior of the queues is over, the average queue
lengths of the different power setups (i.e., MaxPower, Min-
Power, OptPower, and HSRA) can be compared. In Fig. 3(a),
the MaxPower setup has the worst performance (i.e., the
largest average queue length), and the MinPower, OptPow-
er, and HSRA have similar performance. Therefore, when
the number of flows is low (i.e., 10 flows), the MinPower
and the HSRA algorithms are able to achieve queue lengths
that are close to the lengths achieved by the optimal solu-
tion (i.e., OptPower). On the other hand, when the number
of flows increases, the MinPower algorithm does not
achieve a performance close to the optimal one while the
HSRA algorithm does. This is shown in Figs. 3(b) and (c).
The MaxPower and MinPower algorithms have similar per-
formance which is worse when compared with the HSRA
algorithm. The HSRA algorithm achieves average queue
lengths that are close to the lengths achieved by the opti-
mal solution. Therefore, the HSRA algorithm enables the
flows to carry more traffic while guaranteeing stability
than the MaxPower and MinPower algorithms do. Also, it
is confirmed that the technique of only maximizing the
spatial reuse by reducing the transmission ranges (i.e.,
MinPower) does not perform well when the flow density
increases (i.e., when the number of flows increases and
the number of nodes is kept constant.). On the other hand,
the technique of adapting the stability region to the given
set of flows by means of TP control (i.e., HSRA) does per-
form well when the flow density increases.

The HSRA algorithm achieves average queue lengths
that are slightly lower than those of the OptPower setup
in some cases (see Fig. 3(a) and (c) at the end of the simu-
lation time). This is due to the fact that the SRA-TM prob-
lem is based on the lower-bound region (see Section 4.2).
In the SRA-TM problem, the lower-bound region, and not
the stability region itself, is adapted to the set of flows,
i.e., the stability region is adapted through the lower-
bound region. The reason for this is that the exact formula-
tion of the stability region is not available. The stability re-
gion is usually characterized with the lower-bound region
because its exact characterization is not feasible due to its
complexity.9 Therefore, the accuracy of the solutions based
on the lower-bound region such as HSRA and OptPower are
affected by the tightness of this region.

Fig. 4 shows a comparison of the performance improve-
ment achieved by the HSRA and MinPower algorithms.
This comparison is based on the average-queue-length
9 See [7–16] for the literature on the problem of characterizing the
stability region of link-scheduling policies.



Fig. 3. Average output-queue length comparison for the HSRA, MinPower, MaxPower, and OptPower configurations.

Fig. 4. Performance comparison of the HSRA and MinPower algorithms.

10 Note that given that the node density and number of flows are kept
constant as the number of nodes increases, the average length of the paths
increases with the number of nodes.

11 The transport capacity of a flow is the product of the maximum rate
supported by the flow and the length of its path. The transport capacity of
the network is summation of the flows’ transport capacities.

G. Vejarano et al. / Computer Networks 55 (2011) 3694–3704 3701
reduction achieved by the HSRA and MinPower algorithms
with respect to the average queue length of the MaxPower
algorithm. For example, in Fig. 4(a), for the case of 10
nodes, the MinPower and HSRA queue-length-reduction
bars indicate that the MinPower and HSRA algorithms
achieve average queue lengths that are 16% and 23% smal-
ler than the MaxPower average queue length respectively.
Fig. 4(a) shows the performance improvement when the
number of nodes increases and the number of flows is fixed
at 10. Fig. 4(b) shows the performance improvement when
the number of flows increases and the number of nodes is
fixed at 20. The flow rates were set at 10, 10, 8, and 10
packets per frame in Fig. 4(a), and they were set at 8, 6,
5, and 3, in Fig. 4(b). These frame rates were also set such
that if they are increased by at least one point, their corre-
sponding networks become unstable.

In Fig. 4(a), when the number of nodes increases, the
HSRA algorithm always achieves an improvement larger
than the one achieved by the MinPower algorithm. The
average-queue-length reduction achieved by the HSRA
algorithm is on average 6.8 points above the reduction
achieved by the MinPower algorithm. This difference in
improvement does not increase as the number of nodes
in the network increases. The HSRA improvement is above
the MinPower improvement by 7.02, 9.68, 3.07, and 7.37
points for the cases of 10, 15, 20, and 25 nodes respec-
tively. Therefore, both algorithms, MinPower and HSRA, re-
spond similarly as the number of nodes increases. That is,
the MinPower and HSRA algorithms are able to maintain
reductions of the average queue lengths as the length of
the paths increase.10 This results in higher transport capac-
ities when the MinPower and HSRA algorithms are used.11

Between the two algorithms, HSRA achieves the highest
transport capacity.

In Fig. 4(b), when the number of flows increases, the
HSRA algorithm always achieves an improvement that is
higher than the one achieved by the MinPower algorithm
too. The average-queue-length reduction achieved by the
HSRA algorithm is on average 27.0 points above the reduc-
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tion achieved by the MinPower algorithm. This difference
of improvements is greater than the one achieved when
the number of nodes increases (see Fig. 4(a)), which is
6.8 points. Also, the difference of improvements increases
with the number of flows in the network, which was not
the case when the number of nodes increases. The HSRA
improvement is above the MinPower improvement by
3.1, 19.5, 29.3, and 56.1 points for the cases of 10, 15, 20,
and 25 flows respectively. Therefore, when the flow den-
sity, which is defined as the ratio among the number of
flows and nodes in the network, increases, the HSRA algo-
rithm achieves average-queue-length reductions that in-
crease too while the MinPower algorithm achieves
average-queue-length reductions that decrease. This
behavior shows that the HSRA algorithm outperforms the
MinPower algorithm when the flow density increases. For
example, when the number of flows is 25, the MinPower
algorithm has an average-queue-length improvement of
�36.4% (i.e., it increases the average-queue-length by
36.4%) while the HSRA algorithm has an average-queue-
length improvement of 19.7% (see Fig. 4(b)).

According to Fig. 4, the general tendency of the HSRA
queue-length-reduction is that it increases when the flow
density decreases (see Fig. 4(a)), and it decreases when
the flow density increases (see Fig. 4(b)). Therefore, the
HSRA algorithm performs better than MaxPower, and the
HSRA reaches higher performance levels when the flow
density is low. In Fig. 4(a) and (b) there is an exception
to the general tendency when the number of nodes in-
creases from 10 to 15 and when the number of flows in-
creases from 15 to 20 respectively. The reason is that for
the particular simulated scenarios with 15 nodes and 20
flows respectively, the topology induced by the MaxPower
setup happened to be similar to the topology induced by
the OptPower setup due to the random node locations
and flows’ sources and destinations. Therefore, in these
scenarios, the HSRA algorithm improved the initial Max-
Power topology by smaller amounts.

Fig. 4 also shows the increase that the HSRA algorithm
causes on the total throughput (i.e., the objective function
kT of the SRA-TM problem (see (5))). This increase corre-
sponds to the stretch that the algorithm does to the low-
er-bound region of the link-scheduling policy. Initially,
the network stability region is determined by the MaxPow-
er setup. Once the algorithm is executed, the stability
region is determined by the HSRA power setup. Therefore,
the increase that the HSRA algorithm causes on the total
throughput corresponds to the increase achieved by
Fig. 5. Probability that HSRA calculates the
modifying the MaxPower stability region according to the
HSRA algorithm. For example, in Fig. 4(a), for the case of
10 nodes, the HSRA algorithm increases the total through-
put by 24.4%. The total-throughput increase does not show
a directly-proportional nor an inversely-proportional rela-
tion with the number nodes or flows. In both Figs. 4(a)
and (b), the total-throughput improvement increases and
decreases with both the number of nodes and flows. Also,
when the total-throughput improvements achieved when
the number of nodes increases (see Fig. 4(a)) are compared
with the ones achieved when the number of flows increases
(see Fig. 4(b)), they are similar on average. The average to-
tal-throughput improvements in Figs. 4(a) and (b) are 40.5%
and 40.9% respectively. The total-throughput improve-
ments in Fig. 4(a) are 24.4%, 76.5%, 36.7%, and 24.4% for
the cases of 10, 15, 20, and 25 nodes respectively, and the
total-throughput improvements in Fig. 4(b) are 36.7%,
34.3%, 46.4%, and 46.1% for the cases of 10, 15, 20, and 25
flows respectively. Therefore, the HSRA algorithm performs
similarly when either the average flow length or the aver-
age flow density increases. This result extends to the aver-
age-queue-length reductions achieved by the HSRA
algorithm when the number of nodes and flows increase.
These averages are similar to each other; they are 35.2%
and 32.5% respectively. However, there is a difference be-
tween the average-queue-length and total-throughput
improvements achieved by the HSRA algorithm. For exam-
ple, in Fig. 4(a), for the case of 25 nodes, the average-queue-
length improvement is 30.4 points above the total-
throughput improvement, and in Fig. 4(b), for the case of
25 flows, the average-queue-length improvement is 26.4
points below the total-throughput improvement. There-
fore, although the improvement on the maximum total-
throughput achieved by the HSRA algorithm improves the
average queue length in the network, the amount of the to-
tal-throughput improvement differs from the amount of
average-queue-length improvement. This difference is
due to the fact that the HSRA algorithm is based on the low-
er-bound region (see (1)) and not on the stability region it-
self. Therefore, the tightness of the lower-bound region (i.e.,
how close it is to the stability region) affects the perfor-
mance of the technique the HSRA algorithm is based on.
The algorithm can predict more accurately the size of the
expansion it performs on the stability region with a tighter
lower-bound region.

Fig. 5 shows the performance of the HSRA Algorithm as
a function of M. This performance is evaluated in terms of
the probability that the HSRA Algorithm finds the optimal
optimal solution as a function of M.
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solution of the SRA-TM problem when M increases.
Fig. 5(a) shows the performance when the number of flows
is fixed at 10 and the number of nodes is 10, 15, 20, and 25.
Fig. 5(b) shows the performance when the number of
nodes is fixed at 20 and the number of flows is 10, 15,
20, and 25. According to Fig. 5(a), the performance is sim-
ilar when there are 10 and 15 nodes, and it is also similar
when there are 20 and 25 nodes. However, the general
trend is that the performance improves as the number of
nodes increases (i.e., as the flow density decreases). When
the flow density decreases, the probability that a flow
interferes with another flow decreases. Therefore, the
number of bottleneck nodes whose maximum throughput
can be increased by increasing the TP of nodes in adjacent
flows (i.e., hidden nodes) is lower, so the HSRA algorithm is
able to find those hidden nodes with a lower M. According
to Fig. 5(b), the performance decreases with the number of
flows. This result is also due to the relation between the
HSRA Algorithm and the flow density. As the number of
flows increases in Fig. 5(b), the flow density increases,
and therefore, the HSRA needs a higher M to find the hid-
den nodes whose TP needs to be increased.
6. Conclusion

The heuristic-stability-region-adaptation algorithm has
been proposed for transmission power control. This algo-
rithm increases the input-packet rates that flows can sup-
port and decreases the end-to-end delays. It is based on
the adaptation of the stability region of a given link-sched-
uling policy when only the links that belong to a given set of
flows are considered. The algorithm can be readily adapted
to any link-scheduling policy whose stability region has
been characterized, so it is not limited to any specific sched-
uling approach such as RTS/CTS-based policies. The
improvement on throughput achieved by our algorithm
was evaluated by means of simulation for the min-hop
routing algorithm and the GM-RBDS link-scheduling policy
in IEEE 802.16 mesh networks. It was shown that it outper-
forms the classical solution of reducing transmission power
to increase spatial reuse. Also, its performance was evalu-
ated. It was found that it depends on the flow density.
The performance increases as the flow density decreases.
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