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WIBHADA NARUEPHIPHAT : ENERGY-EFFICIENT ROUTING IN
MOBILE AD HOC NETWORKS USING REINFORCEMENT LEARNING.

THESIS ADVISOR: ASST. PROF. WIPAWEE HATTAGAM, Ph.D. 86 PP.

MOBILE AD HOC NETWORK (MANET)/ ENERGY-EFFICIENT ROUTING/
REINFORCEMENT LEARNING/ MARKOV DECISION PROCESS (MDP)/

ON-POLICY MONTE CARLO (ONMC)

This research proposes an energy-efficient path selection algorithm which
aims at balancing the contrasting objectives of maximum network lifetime routing
and minimal energy consumption routing in mobile ad hoc networks (MANETS).

A typical mobile ad hoc network consists of nodes that are usually battery
operated. Hence, energy-efficient routing is a critical issue. There are two
approaches broadly suggested for energy-aware route selection protocols. Firstly,
the maximum lifetime routing protocols balance the load among nodes and can
prolong the network lifetime, but do not decrease the total energy consumption.
Secondly, the minimum energy consumption routing protocols aim at reducing the
network energy consumption, but the nodes exhaustively used along the selected
paths die very soon. Hence, there exists a tradeoff between the two approaches.
The underlying aim of this thesis is to address the problem of jointly optimizing
the energy consumption and network lifetime in MANETSs with dynamic topology.
There are two main contributions in this thesis:

The first contribution is the formulation of the energy-efficient path

selecting problem in MANETSs as a Markov decision process (MDP), whose goal
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is to find a sequence of path selection that minimizes the expected accumulated
cost for the system. The cost structure is a function of the energy consumed, the
residual energy as well as the number of alive nodes and the ratio of successfully
delivered packets, so as to achieve a good path selection policy which balances the
tradeoffs.

The second contribution is the application of a reinforcement learning
method based on sample episodes, called the on-policy Monte Carlo (ONMC)
method, to solve for a solution to the formulated MDP. The ONMC method is
chosen due to the inherent episodic behavior of the routing process in MANETS.
The simulation results show that the proposed algorithm can reduce the long-term
cost, which is a function that depicts the optimal tradeoff balance in the long run,
by up to 37% when compared to existing well-known energy-efficient routing

schemes.
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