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ABSTRACT

Deregulation of the power markets has made a significant impact on the power
generation, transmission and consumption patterns across the globe. In order to en-
sure higher profits, the market participants rely on accurate forecasting to aid their
decision making for profit maximization. Electricity price forecasting is a more chal-
lenging task compared to demand forecasting owing to its high volatility and com-
plex nature. Research in price and demand forecasting is in a progressive state and
there is a thrust for developing fast and reliable techniques for short and long term

applications.

Uncertainty is gradually infiltrating every aspect of power system and is be-
coming an important concern in efficient planning, operations and control. Con-
sequently, it is imperative to quantify uncertainties related to forecasts which are
essential requirement for power system planning and all market related activities.
The objective of this thesis is to propose some advances in the techniques of fore-
casting which will cater to the needs of the deregulated power market participants.

The highlights of thesis are as follows:

In order to overcome the limitations imposed by conventional neural networks
based techniques and also advanced optimization based techniques for short term
applications, a novel and reliable technique based on extreme learning machines

and wavelet transforms is proposed in this work. The technique is validated us-
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ing data from some existing and emerging markets across the globe and superior

performance is observed compared to existing techniques.

The uncertainty related to forecasts is quantified using statistical tools like pre-
diction interval and confidence interval. An attempt is made to investigate the appli-
cation of conventional bootstrapping technique for uncertainty quantification. Con-
ventional way of data resampling is replaced with an alternate method for better
estimation of the actual conditional distribution of the predicted value for a given
data set. The inefficiency of the conventional method in improving the forecasts
from coverage aspects was observed in this study. In order to overcome the limi-
tations of the conventional methods, a new technique is developed to directly es-
timate the prediction intervals using support vector machines in an unsupervised
manner. Suitable parameters for support vector machines are obtained by particle
swarm optimization technique. A modification in the existing performance index
for prediction intervals is also proposed in order to obtain reliable intervals using an
optimization technique. The efficiency of the proposed technique is confirmed using

several case studies based on artificial as well market data sets.

One of the goals of this work is to supply the decision makers with a wide
range of reliable options with respect to forecasts. This is achieved by framing the
prediction interval generation as a multi-objective problem and generating a range of
pareto-optimal solutions. The proposed technique involves support vector machine
as a learning technique aided with a multi-objective differential evolution algorithm.

The technique is applied on a number of test cases involving electricity price and
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demands and reliable performance is observed.

In the upcoming smart grid scenario, the market participants will have the abil-
ity to respond to price signals below and above certain price thresholds. Such re-
quirements of the market participants are met by supplying them with the informa-
tion about the expected class of the future electricity price based on thresholds de-
termined by market operators and utilities. An attempt is made to investigate into
this matter using novel extreme learning machine technique. Some customer spe-
cific methodologies are also developed and performance is evaluated using actual

market data.

Finally, an attempt is made to address some fundamental issues related to price
forecasts and their application by the market participants. Keeping in view the limi-
tations of commonly used MAPE index and a number of alternate choices, extensive
experiments are performed to come up with a most suitable choice for all situations.
Detailed case studies are also preformed to evaluate the impact of forecasting er-
rors on the economics of the market participants and some insightful conclusions

are drawn from them.
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