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ABSTRACT

The theory of optimal control, an important part of modern control theory, has found mul-
tifarious applications in diverse field as engineering, aerospace, modern industries, medicine,
social and economic development etc, due to its inherent ability to find the best possible con-
trol action which optimizes the performance of the system under consideration in presence of
certain predefined physical constraints. A typical optimal control design requires complete sys-
tem information to provide an offline solution. In contrast, adaptive optimal control (AOC)
methodologies can be used for dynamic controller synthesis for uncertain systems by estimat-
ing /approximating system and control parameters online.

The focus of this thesis is to investigate the problem of AOC design for continuous-time
(CT) linear time invariant (LTT) systems with uncertain dynamics. Most of the traditional AOC
schemes for CT LTI systems require knowledge of system dynamics, restrictive condition of
persistence of excitation (PE), finite-window integrals (FWTI). This research intends to address
some of the aforementioned limitations by proposing various novel filter-based AOC algorithms.

The contributions of the thesis can be divided into two major parts.

e A novel continuous-time adaptive linear quadratic regulator (LQR) is proposed for un-
certain LTT systems, which guarantees exponential stability of closed-loop system under
PE condition. The proposed work uses gradient-based update laws for online adapta-
tion of control policy without using an initial stabilizing control policy. Since the PE
condition lacks in its applicability for practical scenarios, filter-based data-driven direct
and indirect AOC methodologies are presented next, which utilize past data stored along
the system trajectory for estimating the unknown controller parameters. The proposed
schemes use past data-driven parameter tuning laws, simultaneously with the low-pass
filters based state derivative estimator, to update the control policy online, while guar-

anteeing parameter convergence without requiring the PE condition.



e Further, this thesis proposes two-tier filter-based iterative AOC methods to solve adap-
tive LQR problems for uncertain LTI systems. The proposed algorithms guarantee global
parameter convergence under excitation assumption, unlike the AOC schemes previously
proposed in this thesis. The crucial features of these methods are the strategic design
of two-layered low pass filters that obviate the need of FWIs, which are either memory-
intensive or possibly delay the fulfillment of the full rank condition, and requirement
of intelligent data-storage. The design of novel Pl-based controller for partially known
systems is presented first, in which parameter convergence is achieved under excitation
assumption on the regressor in continuous time-intervals, a weaker assumption than the
classical PE condition. This work is further extended for LTI systems with unknown sys-
tem and control matrices by introducing a novel filter-based iterative algorithm without
using the restrictive PE condition. The convergence of control parameters are assured
under a milder condition of initial excitation (IE), which is argued to be a necessary
condition for the full rank condition, typically required for past data storage based AOC

methods.

vi
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