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Abstract

Owing to the increased penetration of intermittent energy sources and highly flexible power
demands, the power system dynamics is experiencing an increasing order of uncertainty.
Proper modeling and quantification of these uncertainties are essential for obtaining a more
realistic behaviour of power systems. Ignoring the impact of uncertainties may lead to
incorrect decision-making in power system operation, planning and security assessment.
The uncertainties which the power system can experience can be broadly classified into the
following categories: Parameter Uncertainty (e.g. lack of knowledge of all the parameters for
loads, renewable generations, transmission models etc.), Observational and Measurement
Uncertainty (e.g. PMU, SCADA), Model Inaccuracy Uncertainty (e.g. simplified and
equivalent models of generators), Parameter Variation and External Uncertainty (atmospheric,
man-made or industrial).

A deterministic approach is generally used for power system analysis. Such an approach
analyses the power system for a specific scenario, ignoring the impact of uncertainties on
the states and parameters. The operational decisions for system security and stability are
taken based on the worst-case scenarios only [1]. On the other hand, a probabilistic approach
considers the probability distribution of all the uncertainties and observes its impact on the
overall performance of the power system. A lot of work has been done to model these
uncertainties appropriately. Broadly, two modelling approaches have been used 1) Static
random variable based and ii) Continuous random process based. While the modelling of
these uncertainties has gained increased attention in recent years, the proper analysis of

the resulting data for characterising the impact of these uncertainties on the power system
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variables is equally important.

Probabilistic approaches are, however, associated with higher computational burden and
mathematical complexities. This can be overcome in two ways. Firstly, by performing
the Uncertainty Quantification (UQ) only for the most critical uncertainties in the power
systems, thereby limiting the modeling burden and secondly by using efficient and appropriate
sampling techniques before the analysis.

An appropriate sampling based Random Variable approach has been proposed in this thesis
for carrying out Statistical Uncertainty Quantification of the power system with randomness.
Such an approach will provide more accurate results for overall power system performance
analysis, including demand side management, power system planning, control and operations
for future power systems, which will have increased penetration of renewable energy sources
and highly flexible load demands, leading to both spatial and temporal uncertainties. The
proposed methodololgies has been tested on benchmark systems like IEEE-9 bus system,
IEEE-68 bus system and Kundur’s two area system. The power demand and frequency data
obtained from Northern Region Load Dispatch Centre (NRLDC), India has also been used to

validate the test results.
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