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Foreword

Smart grid is a cyber-physical-social system where the power flow, data flow, and
business flow are deeply coupled. Enlightened consumers facilitated by smart
meters form the foundation of a smart grid. Countries around the world are in the
midst of massive smart meter installations for consumers on the pathway towards
grid digitalization and modernization. It enables the collection of extensive
fine-grained smant meter data, which could be processed by data analytical tech-
niques, especially now widely available machine leaming techniques. Big data and
machine learning terms are widely used nowadays. People from different industries
try to apply advanced machine learning techniques to solve their own practical
issues. The power and energy industry is no exception. Smart meter data analytics
can be conducted to fully explore the value behind these data to improve the
understanding of consumer behavior and enhance electric services such as demand
response and energy management.

This book explores and discusses the applications of data analytical techniques
to smart meter data. The contents of the book are divided into three parts. The first part
(Chaps. 1-2) provides a comprehensive review of recent developments of smart meter
data analytics and proposes the concept of “electricity consumer behavior model”.
The second part (Chaps. 3-5) studies the data analytical techniques for smart mete
data management, such as data compression, bad data detection, data generation,
The third part (Chaps. 6-12) conducts application-oriented research to depi
electricity consumer behavior model. This part includes electrical consumpy
tem recognition. personalized tariff design for retailers, socio-demogray
mation identification, consumer aggregation, electrical load forecasty
prospects of future smart meter data analytics (Chap. 13) are also pro;
of the book. The authors offer model formulations, novel algorit
cussions, and detailed case studies in various chapters of this

One author of this book, Prof. Chongging Kang, is a prof
is a distinguished scholar and pioneer in the power and ¢y area. He has done
extensive work in the field of data analytics and load asting. This is a book
worth reading; one will see how much insight can be gained from smart meter data

nal colleague. He

viii Foreword

alone. There are definitely broader qualitative understanding that can be gained
from massive data collected in the realm of generation, transmission, distribution,
and end use of the smart grid.
September 2019 Prof. Saifur Rahman
Joseph Loring Professor and Founding Director
Advanced Research Institute at Virginia Tech
Arlington, VA, USA

President of the IEEE Power and Energy Society
New York, NY, USA

This is a book worth reading; one
will see how much insight can be
gained from smart meter data alone.

Prof. Saifur Rahman
IEEE Fellow

President of the IEEE Power and Energy Society

Yi Wang, Qixin Chen, Chongqing Kang, “Smart Meter Data Analytics,” Springer, 2020.
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