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Abstract— Power management is a very important aspect
of ad-hoc networks. It directly impacts the network throughput
among other network metrics. On the other hand, transmission
power management may result in disconnected networks and
increased level of collisions. In this paper, we introduce
a transmission power control based on stochastic learning
automata (SLA) to modify the transmission power. Based on
the level of successful transmissions and the level of packet
retransmissions, the SLA will modify the transmission power
level either by increasing it or decreasing it. The probabilistic
nature of SLA makes it a useful choice for ad-hoc networks.
Using the network simulator NS, we show that using SLA
for transmission power will result in an increased system
bandwidth and a decrease in the collision levels.

Keywords— ad hoc networks, stochastic learning automta,
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1. Introduction

Unlike conventional wireless networks which require, as a
prerequisite, a fixed network infrastructure, ad-hoc networks
consists of dynamically interacting wireless nodes that may
be mobile without an infrastructure or centralized support [1].
Ad-Hoc networks are suited for many applications ranging
from infrastructureless networks of computers in a campus
setting to sensors scattered throughout a city for biological
detection. Scalability and self sufficiency are very desirable
features. Consequently, and due to the limitations in resources,
i.e., bandwidth and power, power management is a must
in the design of ad-hoc networks. By designing a powerful
power control algorithm that maintains network connectivity,
reduces interference, prolongs battery lifetime, and increases
system throughput, implementation of large ad-hoc networks
will become more reliable, practical, and robust. As the
number of nodes in the network increase, become mobile, and
the network topology becomes dynamic, the power control
problem complexity increases.

In [2], the authors incorporated power control into the IEEE
802.11 protocol. The authors utilized the IEEE 802.11 RTS-
CTS handshaking to send power level information. A node
sending the RTS will attach to the message its transmission
power level. The receiving node will use this information and
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send back a CTS message with the desired transmission power
level. Then the DATA is sent using the new power level. With
this power control approach, only the transmission power of
the DATA is modified and the handshaking is transmitted with
the maximum transmission power to avoid hidden nodes. This
approach will be referred to as the BASIC power control.

In the case where the nodes are distributed homogeneously,
a common power level is selected by COMPOW [3]. This
power level is used by all nodes and is selected so as to main-
tain the network connectivity. A clustering approach to power
control, CLUSTERPOW, is presented in [4]. In this approach,
three different power levels are used for transmission. The
selection of the power level is determined by the clustering
of nodes. Since the power control is applied to both the data
and the handshaking signals, collisions may occur if one of
the nodes doesn’t sense the presence of communication while
attempting to transmit at a high power.

In [5] a power control algorithm similar to that developed
in [6] is presented. In this technique a dynamic table with
different power levels used to communicate with different
nodes is maintained. This will help with accounting for the
changes in the network topology.

None of the approaches mentioned above take into consid-
eration the likelihood of communication or how often nodes
communicate with each other. Therefore, these approaches are
limited in scope and there is a room for improvement.

There are three fundamental yet critical issues in the design
of power control.

1) As the transmission power is reduced, the communi-
cation range is reduced and may risk loosing network
connectivity.

2) As the communication range is reduced, the number of
hops per packet may also increase, and consequently,
may increase system latency and decrease throughput.

3) As the transmission power is being increased or de-
creased, more collisions may occur due to incorrect
assumptions about the usage of the channel.

This paper is organized as follows. In Section 2 we present
our motivation to the presented approach. In Section 3 a
brief overview of IEEE 802.11b is provided followed by an
introduction to stochastic learning automata in Section 4. The
simulation environment is outlined in Section 5. In Section 6,



simulation results are presented. Finally, in Section 7 our
conclusion is provided.

2. Motivation

With transmission power control, the communication range
may be modified. As shown in Figure 1, nodes B and D are
transmitting at a higher power than nodes F and H where the
communication range is shown using circles. Based on the
shown configuration, only nodes A and B may communicate
or nodes C and D otherwise collisions may occur. On the
other had, and due to the lower transmission power used
by nodes F and H, both nodes E and F, and nodes H
and G may communicate at the same time. Consequently,
system throughput is increased. Of course, due to the lower
transmission power used by node F, it is unable to reach nodes
G and H, and thereby resulting in a disconnected network.
Consequently, a mechanism has to be devised to adaptively
change the transmission power to ensure network connectivity.

Fig. 1.

Different communication range

Without loss of generality, we will assume that the network
is formed for a specific purpose and that the communication is
not frequent between every node and all of the other nodes in
the network. Additionally, that nodes are non-homogeneously
distributed. Based on this assumption, it is clear that using a
maximum transmission power is not efficient, and yet, due to
the unpredicted nature of the network, using a deterministic
algorithm to modify the transmission power level is extremely
complex, if at all possible. Hence, we propose the use of
stochastic learning automata to modify the transmission power
levels.

Studying of Learning Automata started in early Sixties [7]
[8]. Learning automata theory provides a framework for the
design of automata which interact with a random environment
and dynamically learn the action that minimizes the proba-
bility of a penalty. Since the Sixties, this field has seen vast
improvements and developments [9] [10]. The main advantage
of SLA is that it does not require any knowledge about random
environment in which the automaton operates, or the function
to be optimized.

3. IEEE 802.11

In the design of the power control algorithm a signaling
scheme similar to the IEEE 802.11b is assumed. As shown

in Figure 2, a request-to-send (RTS) message is send first,
if the receiving node is free, it will broadcast a clear-to-send
(CTS) message. If the transmitting node hears the CTS, it will
proceed to transmit its data (DATA), otherwise collision will
be assumed and it will backoff for a certain amount of time
before trying again. After DATA is transmitted, the receiving
node will transmit an acknowledgment (ACK). Any node that
can hear those signals, RTS CTS DATA ACK, will have some
information about the occupation of the channel and for how
long.

Sender
1. RTS 2.CTS 3. DATA 4. ACK
Fig. 2. Signaling scheme of the IEEE 802.11b

4. Stochastic Learning Automata

One main advantage of learning automaton is that it needs
no knowledge of the environment in which it operates or any
analytical knowledge of the function to be optimized. Learning
automaton is a sequential machine characterized by a set of:
internal states, input actions, state probability distributions, a
reinforcement scheme, and an output function and is connected
in feedback loop to the environment as shown in Figure. 3.
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Fig. 3. Automaton operating in random environment

The probability distribution of the actions, P,,, is adjusted
using reinforcement scheme to achieve the desired objective.
At each step, the performance of the SLA through the en-
vironment is evaluated by either a penalty (or unsatisfactory
performance) (y = 1), or a nonpenalty (or satisfactory per-
formance) (y = 0). A stochastic automaton is a quintuple
{Y,Q,U, F,G} where



o If Y consists of only two elements 0 and 1, the en-
vironment is said to be P-model. When the input into
the SLA is a finite number values in the closed interval
[0,1], the environment is said to be Q-model. On the other
hand, if the inputs are arbitrary numbers in the closed line
segment [0,1], the environment is known as S-model,

e ( is a finite set of states, Q@ = {q1,...,¢s},

o U is a finite set of outputs, U = {uy,...,unm},
o F'is the next state function
q(n+1) = Fly(n), q(n)], (1
« and G is the output function
u(n) = Glg(n)]. @

In general, the function F' is stochastic and the function G may
be deterministic or stochastic. Because of the stochastic nature
in state transitions, stochastic automata are considered suitable
for modeling learning systems. If the output of the automaton
is uj,j = 1,2,...,m, the random environment generates a
penalty with probability 7; or a nonpenalty with probability
(1 =)

The reinforcement scheme used to update the probability
distribution of action is as follows [11].

Assume that u(n) = u;.

If y(n) =0,
P,(n+1)=(1-a)P,,(n)+ «, 3)
Pu;(n+1) = (1 = a)Py; (n) G#) @
If y(n) =1,
H
Puln 1) = Pu(n) = val1 = Puo) (127 ) -
H .
Py;(n+1) = Py, (n) +vaP,;(n) <m> , (J#1) (6)
where
H = min[P,, (n),..., P, (n)], (7)
0<a<l, ()
0 <va <1, ©)]
1
P,(0)=...=PR,,(0) = o (10)

The operation of the SLA is as follows. An action, i.e.,
increase or decrease transmission power, is selected at random;
if the action results in a reward, its probability distribution
is increased and the probability distributions of the other
actions are decreased based on Equations 3 and 4. The learning
rate is determined by «. On the other hand if the randomly
selected action results in a penalty, its probability distribution
is decreased and the probability distributions of the other
actions are increased based on Equations 5 and 6. The penalty
or reward is assigned based on the number of packet collisions
If the collision level is low, a reward is given, otherwise the
action is penalized.

5. Simulation Environment

The discrete event network simulation, NS version
2.27 [12], will be used. In 1995, NS development was sup-
ported by DARPA through the VINT project. Because of
the CMU Monarch project extensions, NS supports the IEEE
802.11 MAC standard [13] which executes above a wireless
RF (radio frequency) physical layer. The four different ad-
hoc routing protocols currently implemented for mobile net-
working are DSDV, DSR, AODV and TORA [14]-[19]. NS is
written using Tcl/C++.

A. Limitations

o No systems for adaptive control over transmission power.
« Interference model too simple

— Assumes constant noise floor, regardless of active
transmissions.

— Collision only checks two power levels, not all power
levels (the level of the packet being received and the
interfering packet).

B. Modifications

o Hooked into the phy and mac layers.

o Added classes that allow convenient modulation of trans-
mission power for power control purposes.

« Interference is now computed from all transmissions.

o For received packets, it is possible to determine the SIR
for each individual packet.

6. Simulation Results

A scenario with 6 nodes has been created to test the use
of the proposed power control algorithm. Due to the massive
amount of data to be processed, strictly a simulator issue,
the number of nodes was limited and used as a proof-of-
concept. Each pair of nodes is located close together as shown
in Figure 4. The node pairs 0-1 and 2-3 start communicating at
time Ssec. Then at 10 seconds nodes 4-5 start communicating
till time 40sec. The system was simulated without power
control and with SLA based power control

O,
O,

O,
O,

O,
)

Fig. 4. Simulation scenario

Figures 5 and 6 show the bandwidth result of using no power
control versus with power control. The measured data are as
follows:



o transmit rate = sum(bits transmitted) / interval of time

« receive rate = sum(bits transmitted that were successfully
received) / interval of time

« basic rate = sum(bits transmitted) / sum(packet durations)

In general, receive rate less than or equal to the transmit rate
means not all transmitted data will be received. If receive rate
is greater than basic rate then the bandwidth of the network
is maximized (e.g. by lowering transmission powers so that
nodes have a isolated/localized communication region).

As shown in Figure 5 the bandwidth of the system stays
almost constant even when the pair 4-5 starts communicating.
This is due to the high power of the handshaking signals. At
a high transmission power all the nodes that hear the hand-
shaking signals will refrain from communicating, unless the
signals are intended for the that node, to reduce the probability
of collisions. On the other hand using the SLA power control
has resulted in an increase in the system bandwidth. The
SLA adapts to the frequency of communication between the
neighboring nodes and accordingly modifies the transmission
power, Figure 6. If packets are received successfully and ACK
is received the action of decreasing power is rewarded. On
the other hand, if either RTS or DATA packets have to be
retransmitted, then the action of increasing power is increased.
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Fig. 5. System bandwidth without power control

Figures 7 and 8 show the rate of collision with and without
power control. As seen in the figures, SLA reduces the
collision rate will providing more bandwidth.

7. Conclusion

Power control has its advantages to ad-hoc networks. It
has the potential to increase the system throughput, system
capacity, reduce latency, and increase the battery lifetime. But,
without careful design power control may produce the opposite
results.

It is important to realize the design of power control is
highly dependent on the system topology, and without having
a mechanism to adapt to different network topologies, it is hard
to generalize whether a given power control is effective or not.
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Fig. 6. System bandwidth with power control
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Fig. 7. Collision results without power control
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Fig. 8. Collision results with power control

Hence, the use of probabilistic approaches are justified. As
shown from the simulation results, the use of SLA improved
the system performance in terms of bandwidth and collisions.



Now that the proper power levels have been used to insure
less collision levels with the power control, we may apply a
different more strict power control algorithms for the DATA
packets and have a hybrid power control algorithms separating
the transmission power levels for the handshaking and the
DATA packets.
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