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Abstract

For numerous time-critical sensing and communication applications, including 10T
systems, it is essential for the decision-making node to access the most up-to-date data.
Age of Information (Aol) is a widely used metric for evaluating the freshness of informa-
tion in such systems and has been extensively studied to enable ultra-reliable low-latency
communication (URLLC) in 5G networks. However, implementing such real-time status
update systems faces two major challenges: limited battery capacity and constrained com-
munication bandwidth. The issue of limited battery life can be mitigated by employing
energy harvesting (EH) nodes. Meanwhile, to overcome bandwidth limitations, multiple
sources often share a common frequency band to transmit their time-sensitive status up-
dates to a monitoring node. In order to avoid interference among these nodes and to fully
leverage the EH feature available at the source nodes, intelligent scheduling policies are
essential. To this end, this dissertation aims to develop novel techniques for the Aol min-
imization problem in single/multiple energy harvesting source(es) with channel probing
capabilities working under (non-) stationary environments for various wireless system
settings. Additionally, we aim to develop novel online learning algorithms to address

challenges in unknown environments.

As a first step, we consider the Aol minimization problem for a single EH source
that opportunistically samples one or more processes at discrete time instants and trans-
mits status updates to a sink node over a wireless fading channel. At each time instant,
the EH node decides whether to probe the link quality and, based on the channel probe
outcome, whether to sample a process and transmit. We formulated the problem as an
infinite-horizon Markov decision process (MDP) for independent and identically dis-
tributed (i.i.d.) and Markovian system models where energy arrivals and channel fading
processes follow i.i.d. and Markovian dynamics, respectively. It has been observed that
the optimal sampling policy after channel probing is a threshold policy. For both i.i.d. and
Markovian systems with unknown channel states and EH characteristics settings, a vari-
ant of the Q-learning algorithm is proposed to learn the optimal policy for the two-stage

action model.

Further, we consider the problem of source sampling and transmission scheduling to
minimize the Aol in a system comprising multiple EH sources and a sink node. At each
time step, the scheduler selects one of the sources and measures the quality of its chan-

nel to the sink, which is then used to determine the sampling decision for the selected
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source in that time slot. The problem is formulated as a constrained Markov decision
process (CMDP) under the assumption of i.i.d. energy arrival and channel fading pro-
cesses, which is then relaxed using a Lagrange multiplier and decoupled into various sub-
problems across source nodes. We propose a novel Whittle’s index and threshold based
source scheduling and sampling (WITS3) policy which applies Whittle’s index policy for
source scheduling to probe the channel state and leverages the threshold policy structure
to sample and transmit data from the selected source. Also, for scenarios where the under-
lying processes are not known to the scheduler, we propose a variant Q-WITS3 of WITS3
that utilizes Q-learning assisted by two timescale asynchronous stochastic approximation.
This technique enables the system to learn both Whittle’s indices and optimal policies for

an unknown environment.

In the next study, we address the problem of Aol minimization for a single EH source
working in a non-stationary environment where energy harvesting characteristics and
channel statistics are varying with time. Here, we assume that at each time instant, the
probed channel quality is known to the source, which decides whether to sample and
transmit a data packet to a sink node based on the evaluation of channel quality, avail-
able energy, and Aol of a process. We propose an age-energy-channel based sliding
window upper confidence bound reinforcement learning (AEC-SW-UCRL?2) algorithm
to handle unknown and time-varying energy harvesting rate and channel statistics, mo-
tivated by the popular SW-UCRL2 algorithm for non-stationary reinforcement learning
(RL). This algorithm is applicable when an upper bound is available for the total variation
of each of these quantities over a time horizon. Furthermore, in situations where these
variation budgets are not accessible, we introduce a novel technique called age-energy-
channel based bandit-over-reinforcement learning (AEC-BORL) algorithm, motivated by
the well-known BORL algorithm.

Lastly, we consider the Aol minimization problem for multiple sources working in
a non-stationary environment under the constraint that only one of the sources can be
selected by a central scheduler to probe the quality of its channel to the sink node, and
thereafter, a selected source can determine a sampling decision. Here, we utilize Whit-
tle’s index based source scheduling policy and a threshold policy for source sampling in
multiple source system working in a stationary environment to develop a Whittle’s in-
dex and threshold based sliding window upper confidence bound reinforcement learning
(WIT-SW-UCRL?2) algorithm to handle unknown time-varying energy harvesting rates

and channel statistics while adhering to their respective variation budgets. Addition-
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ally, we propose Whittle’s index and threshold based bandit-over-reinforcement learning
(WIT-BORL) algorithm to address scenarios with unknown variation budgets. Simula-
tion results demonstrate the policy structures, performance trade-offs, and efficacy of our

proposed algorithms.
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