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Abstract

Smart grids are a modification of traditional electric power grid to achieve a bidirec-
tional, automatic, intelligent and adaptive power system. In smart grids the electricity
distribution and power system management is improved by leveraging advanced two-
way communications and integrating computing capabilities to achieve better reliability,
stability, efficiency, and security of the power system. The smart grid introduces the
two-way flow of data between electricity suppliers and customers to transfer real-time
information and facilitate the near real-time balance of supply-demand management.
In contrast to many other industries who have the capability to store and reserve their
products, the electric power industry does not have such a capability to store a massive
amount of electricity using today’s technologies. Therefore, due to the storage limitations
of electricity, one of the crucial tasks of power system operation is to keep a balance be-
tween supply and demand at every moment. As a result, forecasting is an essential and
important function in the electricity power grid.

Recent advances in the energy industry, including smart grid and smart meters, pro-
vide new capabilities to electrical utilities for forecasting electricity demand, modelling
customers’ usage profiles, optimizing unit commitment and preventing outages. These
advances also introduce new challenges to the power grid, such as managing and analysing
of large volumes of complex, high dimensional data in an efficient manner. So, utilities
need to apply advanced data management and analytical models to extract actionable in-
sights from this information. By leveraging better predictive and analytical models and
the high volume of data, utility companies are able to produce a wide range of forecasts
including:

1. Forecasting the amount of excess energy generation, the appropriate time to sell it,
and the feasibility of transmitting it into the grid

2. Forecasting when and where contingencies are most likely to happen
3. Identifying the customers that are most likely to transfer energy back to the grid

4. Identifying the customers that are most likely to respond to demand reduction in-
centives and energy conservation programs

5. Considering the generation of distributed energy resources in the decision making
process to manage the commitment of conventional plants

6. Considering the integration of renewable energy resources into the power grid,
which are inherently intermittent, weather dependent and unpredictable, to run
a clean and reliable power system.

iii



To achieve these potential benefits, grid operators require accurate and efficient methods
to mine patterns in customers and grid data, which can be integrated into their decision
making frameworks. In this thesis, we develop new predictive machine learning algo-
rithms to help address the new challenges in the smart grid era.

In the first part of this thesis, we focus on understanding customers’ energy con-
sumption behaviour (demand analytics). Previously, information about customers” en-
ergy consumption could be obtained only with coarse granularity (e.g., monthly or bi-
monthly), Nowadays, using advanced metering infrastructure (or smart meters), utility
companies are able to retrieve it in near real-time. By leveraging smart meter data, we
propose a hierarchical demand forecasting approach. We improve the aggregated level
of electricity load forecasts by first segmenting the households into several clusters, fore-
casting the energy consumption of each cluster, and then aggregating those forecasts. The
improvements provided by this strategy depend not only on the number of clusters, but
also on the size of the clusters and selecting an appropriate clustering method. We also
leverage deep learning techniques to improve forecast accuracy.

Dealing with the high volume of time-series data (smart meter data) has motivated
us to develop a new clustering algorithm for time-series data that is computationally
efficient and accurate. In the second part of this thesis, we introduce our two new pro-
posed clustering algorithms namely, “"Fuzzy C-Shape plus (FCS+)” and “"Fuzzy C-Shape
plus plus (FCS++)” and we show that the two new algorithms outperform state-of-the-art
shape-based clustering algorithms in terms of accuracy and efficiency.

Improving accuracy is a primary goal in any forecasting task, which is especially chal-
lenging in multi-step prediction scenarios. In the third part of this thesis we propose a
robust and accurate ensemble based load forecasting framework to address some of the
challenges associated with load forecasting, including unbalanced training load data, the
non-stationary nature of the load data, and feature selection for predictive modelling.
The performance of the proposed method is validated with real-life data from the power
system in the Australian National Electricity Market, as well as through on-site imple-
mentation by the system operator.

In practice, an understanding of the uncertainty in the forecasts that an operational
power grid uses is crucial in order to operate the system in a secure manner in real-time
and into the future. In the fourth part of this thesis, we propose a dynamic stochastic
decision support tool, based on Dynamic Bayesian Belief Networks, to quantify the level
of uncertainty in order to improve situational awareness and understand the risks to
power system operators. The performance of the proposed method is validated on real-
life data from the Australian power system, and through actual on-site implementation
by the Australian system operator, the Australian Energy Market Operator.
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Chapter 1

Introduction

1.1 Developing Reliable and Sustainable Energy Systems

USTAINABLE development has been defined by the United Nations Brundtland
S Commission as: “development that meets the needs of the present without com-
promising the ability of future generations to meet their own needs” [192]. Since the
industrial revolution in the 1800s, world energy demand has been increasing rapidly.
This is not just due to increasing population, but also due to increasing energy usage per
person. More than 80% of the world’s energy demand is supplied by burning fossil fuels,
which introduces two major problems: (i) Using fossil fuels as the main source of energy
is unsustainable, as society is consuming these sources of energy at a much faster rate
than nature is able to reproduce them, so these energy resources are non-renewable. (ii)
These types of energy sources result in the emission of greenhouse gases such as CO,
and are a major cause of climate change. Since the industrial revolution, the level of CO;
emissions has increased dramatically. The world is now 1°C warmer on average than it
was in pre-industrial times.

These factors have motivated a range of renewable energy initiatives, alongside ef-
forts to replace existing power infrastructure and technology with more versatile and
robust forms of low-carbon alternatives. Current electricity generation infrastructure has
been established with a centralized architecture, favouring a relatively small number of
high capacity generations plants operating at 50 or 60 Hz and interconnected by trans-
mission systems that use very high voltages (e.g., 400 kV). Current power systems are
undergoing a wide-scale enhancement, with large-capacity distributed generation sys-

tems (DGs) being launched, which allow for the integration of thousands of generators,

1



2 Introduction

displaying numerous technological capabilities, current and power levels, voltages, and
typologies. This development sees more large photovoltaic and wind generators being
introduced that can produce megawatts of power. Therefore, having DGs incorporated
within current power grids is changing the makeup of the entire system, which intro-
duces a range of complications. In particular, the unpredictable behaviour of renewable
energy systems (RES), due to fluctuations in solar and wind conditions, complicates the

task of ensuring the stability of the overall power grid.

In Figure 1.1a a typical traditional power grid consisting of scheduled generators (e.g.,
coal, gas or nuclear plants), transmission lines and consumers is shown. In Figure 1.1b a
typical smart power grid with buses that host scheduled and renewable generators and
consumers, is presented. These buses are connected through transmission lines, trans-
formers, and phase shifters. The main task of the transmission and distribution control
system is to dispatch the available energy generation capacity according to the forecast
load in order to satisfy the demand-supply balance, transmission stability and security
criteria. There are two types of generator sources: (a) scheduled generators such as hy-
drological (rivers, reservoirs, etc.), thermal (coal, gas, etc.) and nuclear generators that
are committed to be available for each hour from the beginning of the day; (b) non/semi-
scheduled generators that use renewable energy sources. Renewable energy generators
are distributed, non-synchronous, weather dependent, and cannot be scheduled ahead of
time. Hence they can disrupt the control of the demand-supply balance in the power grid.
New real-time grid decision-making and control techniques are needed to address the ef-
fect of these uncertainties resulting from the integration of renewable energy sources into
the power grid. To illustrate this evolution of generation capacity, Figure 1.2 shows the
changes in supply capacity and maximum demand in South Australia since July 2008 to
September 2017 [6]. This figure illustrates how the mixture of supply has changed over
recent years, and how the level and type of reserves in the system at any time can vary
according to changes in both supply and demand, which add more uncertainties to the
system. While demand peaks have always exhibited a high degree of uncertainty and
are likely to vary according to the weather, the power system must now also manage the
increased uncertainty and variability of supply. We next introduce how the new architec-

ture and management of smart grids aims to address these uncertainties.
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Figure 1.1: Traditional power grid vs smart power grid [3].
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Figure 1.2: Registered capacity and maximum demand in South Australia 2008 to 2017
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1.2 Smart Grid

The existing power grid is set up in a centralised manner, allowing power to travel direct
from power plants to consumers in a unidirectional fashion via transmission and distri-
bution lines. All the decision-making and organisation takes place centrally, and on a
smaller scale in substations, with no intelligence located at remote terminations (loads)

at all. Introducing a more distributed grid would require such decision-making to be
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rolled-out locally, allowing key intelligence to flow back and forth in order to reach the
same levels of stability and dependability of power supply [82].

Such an example is that of the Smart Grid (SG), which is designed with a communi-
cation infrastructure that does not assume a highly centralised set of power plants, and
provide the communication and computing infrastructure to monitor and control the
diverse sources [82]. This allows for several important factors, including new grid organ-
isation solutions achieved by adapting demand-side management and ensuring effective
energy storage. This is required for handling variations in supply that cannot be avoided
by RES, as well as the introduction of new types of loads, such as the charging of electric
vehicles, where there may be flexibility in the timing of these loads.

As highlighted by Figure 1.3, the key SG challenges are as follows: potential applica-
tions need to be characterized in order to establish the infrastructure scope and capabil-
ities; advanced IT needs to be integrated to support monitoring, modeling and analysis
of the overall grid; robust communication frameworks are needed to transport critical
data and commands between multiple sources and controllers; and the overall energy in-
frastructure is representative of the physical infrastructure required for producing, circu-
lating and transmitting power. The communication framework is particularly important
for supporting a high-performance grid. Ensuring that all applicable grid components
are connected is necessary for obtaining data on any external influences, which informs
monitoring and protection tasks, as well as performance. Effective IT procedures need
to support the convenient storage and sharing of relevant data about the state of supply
demands, and the underlying transmission infrastructure. Figure 1.4 [228,231] shows the
relationship among all the components of the different layers of the smart grid, from the
energy infrastructure to the potential application. In the next section we introduce a road

map of the applications and services that the smart grid infrastructure can enable.

1.2.1 Smart Grid Applications and Services Road-Map

Nations such as Australia depend on energy infrastructure that was established around
a century ago, consisting of powering consumers via centralized electricity plants us-
ing a transmission network that spans hundreds or thousands of kilometres. Inevitably,

there are significant energy losses included in the operation of such an infrastructure.
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Distributed Generation sources = Energy 4 Information

Transmission System
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Automation /
Integration
b 4 Distribution
Network . oot
Operation & Residential Customer
# Cp é | Operation
e o Home Area Network (HAN)

Figure 1.4: A typical Smart Grid framework [228,231]

The power grid now in place is not designed to control solar and wind generation that is
widely distributed. Furthermore, it is difficult to meet current CO, emission targets while
relying on traditional coal and gas power generators, without integrating large scale re-
newable sources. Embedding SG into the existing power infrastructure, therefore, has
become a key goal for utility providers and politicians, who see SG as the solution to

managing demand issues in the years to come, as well as reducing carbon emissions.

Figure 1.5 [82] demonstrates how smart grid advances, supported by Advanced Me-
tering Infrastructure (AMI), are currently being adopted, moving providers away from
typical Automatic Meter Reading (AMR) networks and one-way forms of communica-
tion. Thanks to new capabilities in distribution automation, smart sensors, advanced
management, and demand response, SG technology can support a range of new applica-
tions, such as outage detection, load control and emissions control. In order to achieve
the potential benefits of introducing smart grids for such applications, there are a number
of objectives that decision makers need to address, namely, transmission and distribution

performance, renewable resources integration, and improved load forecasting.
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Future Transmission and Distribution Systems

Around 6% to 8% of generated power is lost during transmission and distribution, which
is caused by wire resistance and certain equipment the electricity flow encounters [82,
148,152]. As SG develops, however, transmission and distribution capabilities will be
upgraded, benefiting from less intrusive equipment such as FACTS (flexible AC trans-
mission systems), which allow for power transfer with minimised losses. Also crucial for
reducing transmission and distribution losses are HVDC (high-voltage direct current)
advances, which can be applied in areas of high population to support better access to
renewable energy [82,148,152]. Transmission issues can also be tackled by HTS (high-
temperature superconductors), while DLR (dynamic line rating) allows for the pinpoint-

ing of equipment-related issues to avoid the consequences of overloading [82, 148, 152].

Renewable Resources

Green energy sources, like wind and solar, need to be merged with the existing power
infrastructure. Alongside this, the use of Plug-in Electric Vehicles (PEVs) and Plug-in Hy-
brid Electric Vehicles (PHEVs) will become more feasible for many customers, reducing
CO; from current modes of transport. Furthermore, numerous backup supplies will be
integrated to make sure power is not interrupted because of unpredictable natural fac-
tors, establishing a system that can prepare for adverse weather, support more storage
of power, as well as including the benefits of grid-load balancing and real-time output
monitoring. As a result, yearly CO, reductions are likely to be around 60 to 211 million

metric tonnes by 2030 [73,82,208].

Advanced Forecasting

Heightened demand for electricity supply differs depending on the geographical region.
For example, consumption habits in the US have been estimated to rise by 1.07% annu-
ally until 2030, according to the US Energy Information Administration (EIA) [73,82]. As
the diversity of generation grows with the introduction of more variable sources, such as
wind and solar, more sophisticated supply forecasting is needed. Moreover, with the in-

troduction of methods for demand response (DR), better load forecasting is also needed
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to balance demand-supply. These forecasting models need to take account of more de-
tailed customer data from AMI, pricing information, and the effect of new loads such as

PEV charging.

1.3 Role of Computing and Analytics

In order to achieve the potential of the smart grid and its possible applications, a variety
of computing challenges need to be added. In this section we provide an introduction to
some computing challenges with a focus on data analytics.

Information flow is one of the key benefits of smart grids, such as measurements gath-
ered by sensors, grid operator control signals, and pricing information to inform both
providers and customers. However, the ability to amass data is pointless if it cannot be
put to good use. How energy providers apply the data they accrue, therefore, is critical
to measuring the potential of the smart grid. In turn, achieving this demands data in-
tegration, together with machine learning techniques and statistical analysis, which can
extract useful insights into the operation of the smart grid. There are three main forms of
analytics in this context which focus on different sources of data, namely, supply analyt-

ics, network analytics, and demand analytics.

1.3.1 Supply Analytics

Electricity production data can be interpreted using analytics. Being able to predict the
levels of wind and solar energy supply over different time scales, and preparing for the
impact of adverse weather conditions is crucial for managing the supply-demand bal-
ance. Analytics, therefore, enables providers to decide whether a demand response event
needs to be put in place, as well as establishing generation unit commitment and gener-

ation schedules [200].

1.3.2 Network Analytics

Key data in respect of network analytics includes voltage, current, and phase, for ex-

ample, which can be gathered from operating transmission lines (the transmission lines
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which are in service at the time of data gathering). These observations, inform decision-
making regarding grid efficiency and security, offering the ability to predict and plan for

errors as well as detecting any suspicious activity or overuse [200].

1.3.3 Demand Analytics

Understanding consumer and energy-use habits and patterns is crucial for informing
providers, enabling them to assess the demands they will need to fulfil, which can in-
clude day-ahead market purchases if necessary (which are more cost effective than intra-
day solutions) [200]. Additional benefits include the ability to set tariffs and to under-
stand sales opportunities within the customer base. However, the security and privacy
of customers also need to be safeguarded at all times, considering the detailed level of

data being gathered.

1.4 Motivation for Forecasting in Power Grids

How much electricity should be generated to meet demand for the next 24 hours over
a region? What will be the temperature, humidity, wind speed, and wind direction
for the next three hours? What amount of power will be generated from solar roof
tops for the next day? These are the kinds of questions that an operational power grid
typically needs to deal with to provide a reliable power grid. Answering these questions
involves predicting observations several steps ahead from a given sequence of historical
observations in the form of a time-series.

Forecasting is an essential task in many industries. For example, retailers forecast the
demand of the new products to decide what price to offer to customers; tourism compa-
nies forecast the number of tourists to schedule tours; electric utilities forecast the amount
of electricity consumption and generation to keep the balance between supply and de-
mand. In contrast to many other industries who have the capability to store and reserve
their products, the electric power industry does not have such capability to store a mas-
sive amount of electricity using today’s technologies [102]. Therefore, due to the storage
limitation of electricity, one of the crucial tasks of power system operation is to maintain

a balance between supply and demand at every moment. As a result, forecasting is an
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essential function in the electricity power grid.

In the smart grid era, customers can play an important role in achieving energy sav-
ings by modifying their electricity consumption pattern according to the dynamic elec-
tricity market, and selling renewable energy on an open market through demand re-
sponse mechanisms [82]. The demand response mechanism depends on the convergence
of accurate electric power load measurements, renewable energy, and price forecasting.
Therefore, a crucial task for utility companies in this context is load forecasting. Load
forecasting or electricity demand forecasting is a critical task in functions such as power
supply planning, power systems operations and maintenance, transmission and distri-
bution systems planning, financial planning, and demand side management. Due to the
fundamental role of load forecasting in power system operations and planning, any er-
ror in load forecasting can result in significant cost increases for electricity suppliers and
increase the chance of unexpected blackouts or brownouts. In contrast, accurate load
forecasting can result in improvements to network reliability. Therefore, trying to pro-
duce more accurate load forecasting models has become a major research challenge for
energy suppliers, energy marketers, financial markets, and other parties that contribute

to electric power generation, distribution and transmission.

1.5 Research Challenges Addressed in This Thesis

1.5.1 Short-Term Load Forecasting Based on Big Data (Smart Meters)

Load forecasting has been widely studied since the 1970s. Traditional approaches for load
forecasting are based on linear models; such as autoregressive (AR) and autoregressive
with moving average (ARMA) models [143,161]. In the last two decades, nonlinear mod-
els based on machine learning methods such as neural networks [194], support vector
machines [138], and k-nearest neighbours approaches [165] have drawn attention due to
their superior performance in many predictive modeling competitions. Neural networks
have been used widely in load forecasting due to their ability to approximate complex
nonlinear relationships [92]. However, neural network methods have some potential
drawbacks, such as over-fitting of the model, sensitivity to random weight initialization,

and tendency to convergence to local optima [143]. To address these limitations of tra-
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ditional neural networks, recently, new approaches called deep neural networks have
been proposed. Deep belief networks with many nonlinear layers can represent complex
features from their inputs [143], and construct a generalized model with the ability to
learn these complex features from the data. In Chapter 3 we propose a method for load
prediction using Hinton and Salakhutdinov’s deep belief nets (DBN), which are a type of
probabilistic generative neural network composed of multiple layers of restricted Boltz-
mann machines (RBM) [90]. In addition, in Chapter 3 we introduce two load forecasting
methods, based on deep neural networks and traditional neural networks. The two pro-
posed methods have been applied on real life residential load data, and a comparison in

terms of their prediction accuracy is presented.

It is known that load forecasting for individual customers is complicated because each
households’ load depends on a variety of factors that may not be directly observable. In
Figure 1.6 a comparison between individual household consumption patterns and util-
ity level consumption patterns is shown over three days. It is clear that the aggregated
consumption pattern is much more regular than the individual consumption patterns.
At the granularity of half an hour, the energy consumed by a single house can fluctuate
widely, due to the dependency on the number of residents in the home, the appliances
that are used at that particular time, the lifestyle of the people living in the home, and so
on. Thus, accurate load prediction for an individual household can be difficult due to the

individual variations in consumption patterns.

One of the most promising applications for the large volumes of data from smart me-
ters is to improve the accuracy of electrical load forecasting. Typical methods for improv-
ing load forecasts using the data generated from smart meters of individual customers
are based on the use of clustering [116,193]. In this approach, the knowledge about load
consumption behaviour of customers is used to improve the accuracy of forecasting. In-
stead of developing a single forecasting model for the accumulated load consumption of
all customers, clustering can be used to divide the customers into sub-populations with
similar demand profiles. Then, a forecasting model can be provided for each cluster of
customers according to their load profile. Thus, a more accurate model can be provided
for each cluster, and then the load forecast for all consumers can be obtained by combin-

ing the forecasts of these models.
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Figure 1.6: Example of power consumption time-series at an individual household level
(left) and at an aggregate utility level (right).

Applying clustering as an initial step in electric load forecasting has been the focus
of several studies [53,150]. The K-means clustering method has been widely used in
previous works for this purpose [178,193]. However, little attention has been paid in
previous studies to the choice of clustering method with the aim of improving the ag-
gregate level of forecasting accuracy. In Chapter 3, we show that the accuracy of load
forecasting depends not only on the load forecasting method, but also on the accuracy of
the clustering method and the accuracy of extracting the load pattern of each cluster. In
addition, we show that careful clustering of customers can result in smaller forecasting
error. In contrast to the previous works, we apply a time-series approach to clustering
the load consumption patterns of each consumer based on the shape of their daily profile.
By clustering the time-series data, we can analyze its variations over time in detail, and
search for common profiles that can be potentially useful for load prediction. Such pro-
files can be extracted according to the shape of the load profiles. We search for groups of
customers that show similar behavior over time. We apply a novel clustering algorithm
(k-shape clustering [170]) that aims to reduce the error in load forecasting through more

accurate assignment of individuals to clusters based on their load consumption pattern.

In summary, in Chapter 3 we propose a new approach for short-term load forecast-
ing from customer level to substation level data using an effective new combination of
clustering and deep learning methods, along with a new weighed aggregation mecha-
nism. Our evaluation using smart meter data from a publicly available real-life dataset

demonstrates the improved accuracy of our approach over existing methods.
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1.5.2 Efficient and Accurate Time-Series Clustering Method for Load Profiling

In Chapter 3, we show that by using an appropriate clustering method we can further
improve forecasting accuracy. This motivated us to develop a new clustering algorithm
for time-series data, which is quite accurate and computationally efficient. In Chapter 4
we introduce our two new proposed clustering algorithms, namely, Fuzzy C-Shape plus
(FCS+) and Fuzzy C-Shape plus plus (FCS++), and we show that the two new algorithms
outperform state-of-the-art shape-based clustering algorithms in terms of accuracy and
efficiency. In the following we briefly overview the importance of time-series clustering,

and the challenges and open questions in this area.

Increasing volumes of time-series data are becoming available from a diverse range of
sources, including smart meters, smart phones and environmental sensors. The existence
of large volumes of time-series data in many applications has motivated data miners
to investigate specialized methods for mining time-series data. Clustering is a popular
data mining method due to its powerful exploratory nature and its usefulness as a pre-
processing step for other data mining techniques. Techniques for analyzing time-series
data include dimensionality reduction [56], indexing [122],[125], and segmentation [123].
In addition, techniques have been developed to extract the underlying shape or trends
in the data, for tasks such as pattern discovery [124, 145, 174], classification [111, 184],
rule discovery and summarization. An open challenge in time-series analysis is how to
cluster a set of time-series according to the similarity of their underlying shape. Most
state-of-the-art approaches for shape-based clustering suffer from two main drawbacks:
(i) they are computationally expensive, and thus not suitable for large volumes of data
[145,159,174,229]; and (ii) these approaches are limited to specific domains [229], or their
effectiveness has only been evaluated over a small number of datasets [145, 159]. We
address the mentioned challenges in Chapter 4 by proposing two new clustering algo-
rithms. We generalize the fuzzy c-means (FCM) model [28] to accommodate clustering
in finite time-series data by two approaches: (i) selecting a statistical measure, cross-
correlation, as a shape similarity distance measure for comparing time-series sequences;
and (ii) selecting a new centroid computation technique based on a shape extraction
method [170] while computing the clusters. We perform an extensive evaluation over 48

different time-series datasets and demonstrate the superiority of our technique against
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existing schemes.

1.5.3 Short-Term Load Forecasting Framework for Nonstationary and Unbal-
anced Data

As mentioned earlier in this chapter, short-term load forecasting plays an important role
in the reliability, security, market operation, and scheduling of reasonable dispatching
plans for smart power grids. With increasing integration of renewable energy sources
and the introduction of different demand response programs in the energy market, the
load on the grid has become more volatile and less predictable than ever before [153,155,
162,176]. Thus, trying to produce more accurate load forecasting models has become a
major research challenge for energy suppliers, energy marketers, financial markets, and
other parties that contribute to electric power generation, distribution and transmission.
There are many challenges associated with load forecasting. Load demand depends on
different exogenous factors like temperature, humidity, wind speed, seasonal patterns
related to human activities and cyclic information, like time of year/season/week/day,
and type of day (holiday/working day/weekend). The selection of exogenous factors
and modeling the relationship between the selected variables and load data plays a cru-
cial role in load forecasting. In Chapter 5 we introduce a novel factor, apparent tem-
perature, which has a major impact on the accuracy of the prediction model. Another
challenge in load forecasting is the unbalanced nature of the training data sets that arise
due to the frequency of abnormal situations like extreme weather conditions, which are
critical events that require highly accurate forecasts, or holidays that show different load
patterns. In addition, the nonstationary behaviour of the demand data adds another
challenge to the accuracy of load forecasting. Hence there is a need for a load forecast-
ing framework that can perform accurately and address all the mentioned challenges. In
Chapter 5 we propose a novel framework for short-term load forecasting using an effec-
tive new combination of our proposed clustering algorithm in Chapter 4 (c-Shape cluster-
ing), LSTM networks [74] and Xgboost [48] methods. In particular, our proposed frame-
work introduces an ensemble process together with novel features that lead to improved
accuracy of the load forecasting model. The proposed framework is able to produce

multiple historical models for different temporal variations, and uses ensemble learning
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techniques to forecast the day ahead load with high accuracy. Moreover, it is able to
handle the unbalanced nature of the training data set, which enables high accuracy in
predicting the load in abnormal situations like very hot days and other severe weather
conditions. The results of our proposed approach in Chapter 5 have been compared with
the existing well-established Australian short-term load forecasting system over the five
regions in Australia. It is shown that our predictive framework has a substantially higher
accuracy over the existing methods, and it is flexible and easy to apply which makes it

an effective model to supplement an operational power system.

1.5.4 Managing Uncertainties in Dynamic Reserve Sizing

With the integration of renewable energy and grid modernization, the power generation
system has become more volatile and less predictable than ever before. Renewable en-
ergy sources are weather dependent, which cannot be predicted exactly; the same state-
ment can be made for energy demand, consumer behavior, energy prices, and transmis-
sion constraints [220]. On one hand we want to produce clean, safe, and reliable energy,
while on the other hand the sources of producing clean energy are inherently intermit-
tent. Energy demand also depends on many complicated factors to model. In fact, there
are many uncertainty factors associated with both demand and supply modeling, the lat-
ter depending on the former, which is the pilot of the system. So, maintaining the balance
between demand and supply at all time is a challenging task in the future development
and operation of electric power grids.

From a long-term perspective (one year to several years ahead), it is predicted that
energy demand will increase around the world. By considering the uncertainties associ-
ated to these predictions, the margins of additional resources required to satisfy future
energy demand must be evaluated. Long-term planning in power systems is essential
for scheduling of new generator capacity installation, and knowledge of associated fore-
cast uncertainties is pivotal for realistic future capacity management. In contrast, from a
short-term perspective (seconds to hours ahead), to maintain frequency stability within
the operational frequency acceptable range, the demand and supply must match each
other as quickly as feasible. Frequency instabilities cause major security problems in

power grid like grid black/brown out. Thus, a real-time stochastic decision making
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mechanism is needed for risk management and to make the electrical power grids re-
silient against normal demand deviation as well as unplanned events like generator unit

outage due to faults.

In such a system with a variety of uncertainty sources, probabilistic methods play a
crucial role for characterizing, representing, and quantifying the uncertainties associated
with the electrical grid operation. In particular, probabilistic methods are needed to infer
the entire conditional distribution of future observations at each time step. Due to the
variability and partial unpredictability of renewable energy sources (RES), generation re-
serve sizing is a key aspect of managing operational risks and enhancing grid reliability.
Most existing approaches for reserve sizing estimate the forecasting error for RES using
either simple point forecasts, or probabilistic forecasts that assume a predefined paramet-
ric model of the underlying distribution, such as a Gaussian distribution. However, these
approaches are unable to accurately model the probability of critical events that occur in
the tails of the distributions, which is vital for operational risk management. Further, they
do not account for multiple dynamic factors that may impact operational risk. In Chapter
6 we introduce a data-driven dynamic probabilistic reserve sizing method based on the
technique of Dynamic Bayesian Belief Networks [156]. The method considers the under-
lying distribution of forecasting errors from the availability of conventional generators
(forecasting errors of their available generation capacity), demand, RES, and prevailing
conditions like weather and market prices. In addition, we introduce a new dynamic
metric for calculating the reliability level of the power grid in order to provide a real-
time stochastic decision support tool for power system operators. The proposed method
is demonstrated using seven years of real-life historical data with a granularity of 30
minutes from the power system in Australia, and has been implemented and is currently

used by the Australian system operator.

1.6 Thesis Organization and Contributions

Figure 1.7 shows the structure of this thesis and the connections among the chapters. The

structure of this thesis is organized as follows.
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Chapter 2 - Background and Literature Review:

This chapter covers the preliminaries and main concepts of pattern recognition and pre-
dictive modeling in smart grids. First, a brief explanation about load forecasting is
presented, followed by a literature review on the relevant categories of techniques and
methodologies for load forecasting. Then the concept of managing uncertainties in smart
grids is presented with a brief explanation about application side of probabilistic model-
ing in smart grids. Finally, we focus on pattern recognition in smart grids, and we review

the literature related to time-series clustering.

Chapter 3 - Improving Load Forecasting Based on Deep Learning and K-shape Clus-
tering:

This chapter introduces a new approach for hierarchical short-term load forecasting us-
ing an effective new combination of clustering and deep learning methods, along with
a new weighed aggregation mechanism. We propose a new method for load forecast-
ing that leads to improved accuracy of short-term load forecasting. We show that by
appropriate choice of features we can significantly improve the accuracy of forecasting.
Moreover, we study a novel time-series clustering method (K-shapes) [170] that can clus-
ter consumers into the groups based on their load consumption profiles, such that the
accuracy of models based on each K-shape cluster is more accurate than models based
on traditional K-means clustering. In addition, we implement our proposed approaches
on publicly available real-life data and demonstrate the biggest improvement in accuracy
is achieved by applying both new approaches, i.e., applying the new clustering method
and the new forecasting method. Moreover, in contrast to previous work [17,178,193] that
simply summed the forecasting results of each cluster to obtain the final aggregate fore-
cast, we introduce a new weighted summation method for accumulating the forecasting

results of each cluster according to the size of their membership.

The outcomes of this chapter have been published in P1 listed in the Preface.
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Chapter 4 - Fuzzy c-Shape: A New Algorithm for Clustering Finite Time-Series Wave-
forms:
The existence of large volumes of time-series data in many applications such as smart
grids has motivated us to investigate specialized methods for mining time-series data.
Clustering is a popular data mining method due to its powerful exploratory nature and
its usefulness as a preprocessing step for other data mining techniques. In this chapter
we develop two novel clustering algorithms for time-series data that are extensions of
a crisp c-shapes algorithm. The two new algorithms are heuristic derivatives of fuzzy
c-means (FCM) [132]. Fuzzy c-Shapes plus (FCS+) replaces the inner product norm in
the FCM model with a shape-based distance function. Fuzzy c-Shapes plus plus (FCS++)
uses the shape-based distance, and also replaces the FCM cluster centers with shape-
extracted prototypes. Numerical experiments on 48 real time-series data sets show that
the two new algorithms outperform state-of-the-art shape-based clustering algorithms in
terms of accuracy and efficiency. Four external cluster validity indices (the Rand index,
Adjusted Rand Index, Variation of Information, and Normalized Mutual Information) are
used to match candidate partitions generated by each of the studied algorithms. All four
indices agree that for these finite waveform data sets, FCS++ gives a small improvement
over FCS+, and in turn, FCS+ is better than the original crisp c-shapes method. Finally,
we apply two tests of statistical significance to the three algorithms. The Wilcoxon and
Friedman statistics both rank the three algorithms in exactly the same way as the four
cluster validity indices.

The outcomes of this chapter have been published in the paper P2 in the Preface,
which achieved the Best student paper award at IEEE International Conference on Fuzzy

Systems, 2017.

Chapter 5 - Robust and Accurate Short-Term Load Forecasting Framework:

In this chapter we propose a framework for grid level load forecasting to address some
of the challenges for load forecasting, including unbalanced training data, non-stationary
nature of the load data, and feature selection for predictive modeling. In summary the

novel contributions made in this chapter are:

* We introduce a robust and accurate framework based on unsupervised ensemble
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learning, which is able to produce accurate predictions even in difficult-to-predict

cases that arise out of volatility, spikes, and abnormal situations.

¢ We introduce a way to handle unbalanced training data sets, which leads to high

accuracy of forecasting in abnormal situations like extreme weather conditions.

* We address the research question of whether combining weather variables that re-
flect the human perception of temperature results in more accurate load forecasts

than using traditional weather variables.

¢ We introduce novel features corresponding to evening and morning peak demand
estimated by an LSTM, as key features in improving the accuracy of load forecast-

ing.

¢ The performance of the proposed method is validated using real-life data from the
power system in the Australian National Electricity Market, as well as through on-
site implementation by the system operator. It is shown that our predictive frame-
work has a substantially higher accuracy over existing methods in both normal and

abnormal situations.

* Our proposed framework is flexible and easy to apply, which makes it an effective

model to supplement any operational power system.

The outcomes of this chapter have been published in the paper P3 in the Preface.

Chapter 6 - Data-Driven Dynamic Probabilistic Reserve Sizing Tool:

Due to the variability and partial unpredictability of renewable energy sources (RES),
generation reserve sizing is a key aspect of managing operational risks and enhancing
grid reliability. In this chapter, we introduce a data-driven dynamic probabilistic reserve
sizing method based on the technique of Dynamic Bayesian Belief Networks (DBBNSs).
This technique is suitable for diverse problems of varying size and complexity, where
uncertainties are inherent in the system. Because DBBNs have a simple casual graphical
structure, they are one of the most effective models for representing uncertainties [33].
In addition, DBBNs are one of the best models for simplifying conditionalization, which

helps in designing the decision making process [31]. Our contributions are as follows:
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Introduction

¢ We introduce a novel metric of reserve forecast uncertainty, called Forecasting Un-

certainty Measurement (FUM), which can be used to calculate the reliability level
of a power system and regulate the size of the reserve in a dynamic manner. Previ-
ous methods calculate the reliability level of a power system by considering prede-
fined contingency scenarios, which have limitations in terms of accuracy and trans-
parency, such as only considering the largest generator risk. In the new proposed
measure FUM, possible contingencies and errors from historical data are consid-
ered and can be automatically updated. This new measure conveys information
about the uncertainties associated with the excess supply available in each region
of a power system in MW, which is easy to understand and practical for grid op-
erators to assess the probability of a shortfall in the available capacity reserves in

each region of the power grid on a continuous basis.

For the first time, we introduce the use of DBBNs for dynamic probabilistic reserve

sizing, and demonstrate their suitability in modeling system complexity.

To the best of our knowledge, this is the first time that reserve sizing has been an-
alyzed in a dynamic manner for a real hybrid system with high complexity arising
from a wide variety of power sources, such as grid-connected and embedded RES
and conventional generators, while taking into consideration a range of prevailing

conditions, such as market prices, weather, and time of day.

The performance of the proposed method is validated on real data from the Aus-
tralian power system, and through actual on-site implementation by the Australian

system operator, AEMO (Australian Energy Market Operator).

The outcomes of this chapter have been published in the paper P4 in the Preface.

Chapter 7 - Conclusions and Future Work:

This chapter overviews the results and conclusions of the techniques proposed in this

thesis. This chapter concludes by proposing several interesting directions for future re-

search.



Chapter 2

Background and Literature Review

Ower the past decade, by installing advanced metering infrastructure, sensors, and communication
devices in the power grid, the electric power system process has become smarter than ever before. With
the emergence of the Smart Grid, new challenges have arisen in the operation of the power grid, such
as managing demand response, integration of renewable energy in the grid, and the coordination of
distributed energy resources. If these challenges can be addressed, the Smart Grid has the potential to

provide a clean and more efficient electrical power system at reduced cost.

2.1 Introduction

HIS chapter presents a literature review on some of the challenges in Smart Grids,
Twhich we presented in Section 1.5 of Chapter 1, and which we address in this
thesis. In particular, we focus on the problem and approaches for load forecasting, and
associated challenges of managing uncertainty in some of the decision-making functions
that are based on load forecasting. Instead of presenting every related work, the refer-
ences are selected carefully to focus on the major developments and representative works
in the related area in each section of the chapter.

The rest of this chapter is organized as follows. Because our main focus in this thesis
is on forecasting, especially load forecasting in smart grids, we start by providing an
overview of the load forecasting problem in Section 2.2. Following that, in Section 2.3 we
discuss methodologies that have been applied to load forecasting, including hierarchical
load forecasting, load profiling approaches, and feature selection. Then in Section 2.4,
we review the main techniques applied to the load forecasting problem. In Section 2.5
we provide background on the techniques for addressing the uncertainties introduced

by integrating renewable energy sources to the power grid, in order to provide decision

23
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support for operating the power grid.

2.2 Load Forecasting in Power Grids

Load forecasting is an essential aspect of a power grid management, which is widely
used in all parts of the power system, such as power supply planning, power systems
operations and maintenance, transmission and distribution systems planning, financial
planning, and demand side management. Load forecasting can be categorized based
on the electricity business needs and the factors that impact on electricity consumption.
Consequently, we can provide different forecasts for different purposes, based on the

time horizon over which the forecast is required.

2.2.1 Horizon

Load forecasting problems can be classified based on their forecasting horizon as follows

[105]:

* Very short-term load forecasting, which corresponds to the forecasting horizon

from a few minutes ahead to a few hours ahead.

e Short-term load forecasting, which includes the forecasting horizon from one day

to two weeks ahead.

* Medium-term load forecasting, with a forecasting horizon ranging from two weeks

to three years ahead.

* Long-term load forecasting, with a forecasting horizon ranging from three to fifty

years ahead.

A more general classification is to classify load forecasting into two classes: short-term
and long term load forecasting with a two weeks horizon as the cut-off point. The main
reason for using a two weeks horizon as the cut-off is that weather, especially tempera-
ture, is a major factor affecting electricity usage. In practice, it is difficult to accurately
predict the weather more than a week ahead. In this thesis we mainly focus on short-term

load forecasting (STLF).
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Figure 2.1: A typical short-term load forecasting process

2.2.2 Process

The typical STLF process relies on weather information and some other exogenous vari-
ables like calendar, type of day (working day/weekend), and seasonal effects. This pro-
cess is shown in Figure 2.1. The exogenous variables, weather and load history are fed as
inputs to the modeling process. In the modeling process, the model is trained by giving a
history of observed sequences, and then the forecasting model parameters are estimated.
After estimating the parameters, the weather forecast and the model are extrapolated to

produce the final forecast.

2.2.3 Modelling

A wide variety of studies in STLF have been conducted to maximize forecasting accuracy.
The modeling process can be divided into (1) the specific modeling technique used, and
(2) the overall methodology framework in which the modeling techniques are used. The
modeling techniques that have been adopted or developed for the STLF problem, which
can be considered as a time-series forecasting problem, can be classified as traditional
statistical methods or artificial intelligence (AI) based methods. Traditional methods in-
troduced linear models for load forecasting, such as regression and time-series analysis

[169], [105], [85]. In contrast, Al based methods such as neural networks [92], [129],
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support vector machines [44], k-nearest neighbors [52], and fuzzy logistic models [181]
are able to approximate the non-linear relationships between load and input variables.
Methodology refers to a general framework that can be implemented with multiple tech-
niques. For instance, a feature selection methodology can be applicable to both regression
and neural network techniques. So, the main focus of methodology papers is investigat-
ing the most appropriate input variables for each problem and trying to interpret the
relationship between the input variables and the electricity load consumption. For ex-
ample, the effect of different weather variables like temperature and relative humidity
on the load is investigated in [127], whereas the effect of wind speed and humidity is
studied through the linear transformation of temperature in [128]. Generally, the elec-
tric load is mainly driven by weather and human behaviour. The effects of weather are
considered by input features such as temperature, relative humidity, and wind speed.
The effects of human behaviour are considered by calendar variables, e.g, working days,
non-working days, holidays, etc. While both methodologies and techniques are essential
for load forecasting, the literature has been focused on studying various techniques and

their combinations rather than studying load forecasting methodologies.

2.2.4 Requirements

The ultimate goal of forecasting is to minimize the difference between the actual observa-
tions and their forecast values. Over forecasting refers to the condition when the forecast
values are consistently higher than the actual observations. In contrast, under forecasting
occurs when the forecast is lower than the actual observations. A typical measure for de-
termining over or under forecasting is the arithmetic mean of the forecast errors during
the time horizon of interest. Since load forecasting has a fundamental role in power grid,
over or under load forecasting has various effects on the operation and planning of the
power system. In [107] the authors discussed the impact of over and under forecasting
in a power grid by application. In the following we summarize these impacts according

to different planning or operation tasks.
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Generation Planning

Over Forecasting: (i) Investing in more or higher capacity generators. (ii) Higher cost
with better reliability. Under Forecasting: (i) Investing in fewer or lower capacity gener-

ators. (ii) Lower cost with worse reliability.

Transmission Planning

Over Forecasting: (i) Investing in more or larger capacity of transmission lines than
required. (ii) Higher cost with better reliability. Under Forecasting: (i) Investing in
fewer or smaller capacity of transmission lines than required. (ii) Lower cost with worse

reliability. (iii) More congestion in the area with significant under estimation.

Distribution Planning

Over Forecasting: (i) Investing in more distribution substations or higher capacity than
required. (ii) Constructing more distribution lines than required. (iii) Higher cost with
better reliability. Under Forecasting: (i) Investing in fewer distribution substations or
lower capacity than required. (ii) Constructing fewer distribution lines than required.

(ii) Lower cost with lower reliability.

Demand Response

Over Forecasting: (i) More load to be shifted and more customers to be considered to
participate in grid management than required. Under Forecasting: (i) Less load to be
shifted and less customers to be considered to participate in grid management than re-

quired.

2.3 Load Forecasting Methodologies

Many papers in the load forecasting literature present a methodology to solve the prob-
lems that are introduced in the load forecasting area. These methodologies can be applied

to different forecasting techniques. In this section we review some of the main method-
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ologies, ranging from classical ones such as weather station selection and similar day

method, to more recent ones such as load profiling and clustering based methods.

2.3.1 Feature Selection

For multivariate techniques that rely on explanatory variables, one of the important steps
is determining the input variables. In [105] Hong introduced a feature selection method
and applied it to three techniques, including MLR, ANN and fuzzy regression. The au-
thor showed that by applying the proposed feature selection methodology, the forecast-
ing accuracy was improved for the three techniques. In [214] the authors presented a big
data approach for feature selection, where a large number of lagged and moving average
temperature variables were used to improve the forecast accuracy. Some other papers
[64,157] presented a step-by-step improvement in accuracy by adding salient features to

the model.

2.3.2 Similar Day Method

”Similar day” method is one of the first methods that have been applied for load forecast-
ing [102]. The idea behind this method is to train the model using historical data and find
a day in the data that is similar to the day being predicted. Similarities can be measured
based on weather patterns, season of the year, or day of the week. Nowadays, clustering
algorithms are used for implementing the similar day method. The algorithms extract
groups of similar days or similar segments of a day, and then they are merged to forecast

the load profile.

2.3.3 Weather Station Selection

One of the critical tasks in electricity demand forecasting is finding the relevant weather
stations for a region of interest. Selecting the relevant weather station can help to improve
the load forecasting accuracy. Hong et al. [109] initiated this research problem in the
load forecasting area. The authors considered two case studies including data from the
NCEMC (North Carolina Electric Membership Corporation) company, the GEFCom2012

data set. A weather station selection framework based on MLR models were applied in
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both case studies, however, the framework can be produced based other techniques as
well, such as semi-parametric models and ANN. The framework introduced three steps
for weather station selection: (1) ranking the individual weather station, (2) combining
weather stations based on a greedy algorithm, and (3) ranking the combined group of
stations obtained from the previous step. In [107], the authors applied the same weather
station selection methodology presented by Hong et al. [109], for the long term load

forecasting model in several states in the USA.

2.3.4 Hierarchical Load Forecasting

Key components of smart grid technology are smart meters, which provide granular spa-
tial and temporal data. As a result, one of the important research topics that has been
raised by the load forecasting community is how spatial and temporal hierarchies can be
utilized to improve the accuracy of load forecasting.

Hong [104] proposed a hierarchical method for spatial load forecasting using a data
set from a medium-sized utility in the USA. This approach used constrained multi-objective
optimization technique to fit the S-curves for 3460 small regions and their aggregated lev-
els.

Fan et al. [65] introduced a short-term multi-region load forecasting method based
on a support vector regression model. The research aimed to improve load forecasting at
the aggregated level by extracting the optimal combination of the region partitions under
diverse weather and load conditions. The authors used the data from an electric utility in
the Midwest USA, and showed that by applying multi-region load forecasting they could
improve the accuracy of load forecasting at the aggregated level.

Lai et al. [134] conducted an empirical research study by applying hierarchical load
forecasting methods on the ISO New England data. The authors studied several different
ways of utilizing weather data into the load forecasting model including clustering and
averaging weather stations, and grouping loads.

While the number of studies on spatial/geographic hierarchical forecasting are lim-
ited, there are many papers that focus on temporal hierarchical forecasting. In tempo-
ral hierarchical forecasting, 24 different models are used to provide forecasts for each

hour of a day (e.g., [128]). Note that all the hierarchical methods mentioned here can be
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implemented by any forecasting technique, such as regression models, semi-parametric
models, ANN, etc.

Over the last decade of modernization of the power grid and with the deployment of
smart meters and related communication devices, new challenges have been introduced
to power system load forecasting. The IEEE Working Group on Energy Forecasting orga-
nized the Global Energy Forecasting Competition 2012 (GEFCom2012) to address some
of the challenges in the modernized power grid. One of the tracks of the competition was
on Hierarchical Load Forecasting, to utilize more granular spatial data for improving the
accuracy of load forecasting at the grid level. In [106] the authors reviewed the method-
ologies applied by the top ranked group of the GEFCom2012. In summary, in the HLF
track of GEFCom2012, the top ranked groups used regression and gradient boosting ma-
chines models beside applying some pre and post-processing methods such as modeling

holidays, data cleaning and combining forecasts.

2.3.5 Load Profiling and Clustering Based Methods

Load profiling is the process of extracting information about the electricity consumption
patterns of each consumer or a group of consumers. These kinds of information are used
for demand response programs and load forecasting. In fact, having accurate knowl-
edge of the volatility and uncertainty of the consumer’s load profiles is of importance for
deeper load analysis. In this section, the research studies on load analysis are reviewed
from the perspectives of load profiling and clustering.

Load profiling refers to the segmentation of consumer’s demand or load curves ac-
cording to their electricity consumption behavior. The literature on load profiling can
be divided into two categories including: indirect clustering based methods and direct
clustering based method. A wide variety of clustering techniques, such as K-means, hier-
archical clustering and self-organizing maps (SOM), have been applied directly to smart
meter data [49,219,230]. In this section, first two fundamental research problems on di-
rect clustering approaches will be reviewed. Then, the methods for indirect clustering,
including load characteristics, dimensionality reduction and uncertainty-based methods,
will be discussed.

There are several fundamental research problems associated with direct clustering
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methods. The first research problem is how the resolution of the smart meter data af-
fects the accuracy of clustering. In [81], the authors applied three popular clustering
techniques, namely, k-means, hierarchical clustering algorithms, and the Dirichlet pro-
cess mixture model (DPMM) on smart meter data with various resolutions ranging from
1 minute to 2 hours, to investigate how the temporal resolution of the data impacts on
the results of clustering. Based on the results in this paper, the authors concluded that
the smart meter data with a resolution of at least 30 minutes is reliable and sufficient
for most of their purposes. The second research problem is about what kind of cluster-
ing techniques are suitable for use on smart meter data, which are basically time-series
data. Traditional clustering methods were designed for static data, so some changes are
required for applying these methods to time-series data. In [23], the authors introduced
a dynamic version of k-means clustering to segment the load profiles of Spanish cus-
tomers and capture the trends of clusters of customers. In [9], the authors offered a two
step computationally efficient clustering technique. In the first step, K-means was imple-
mented to create locally representative load profiles; then in the second step, clustering
was further implemented on the clustering centres achieved in the first step. In this ap-
proach, the clustering method can be carried out in a distributed way and reduce the

overall complexity.

In addition to direct clustering, many papers have focused on indirect clustering ap-
proaches. One of the effective techniques for addressing the high dimensionality prob-
lem of smart meters is dimensionality reduction. Dimensionality reduction techniques
are applied on high dimensional data to make the data suitable for clustering in terms
of computing similarities/distances on the most relevant features. In [131], the authors
applied Principal Component Analysis (PCA) on yearly load profiles to reduce the di-
mensionality of smart meter data with hourly resolution, and then they used k-means
clustering for customer segmentation. In addition, they used the components learned
by PCA to identify the consumption pattern of different types of connection nodes. In
[43], the authors applied PCA to identify the temporal load behaviour of each customer
and spatial load profile of several customers. In addition, they proposed a modified
version of the k-medoids algorithm based on the Hausdorff distance and Voronoi de-

composition method in order to extract the typical load profiles and identify the outliers.
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They tested their method on a real-life data set with a resolution of 15 minutes from a
Southern California campus micro-grid to prove the effectiveness and efficiency of their
proposed methodology. In [210], Varga et al. proposed the use of deep learning based
stacked sparse auto-encoders for dimensionality reduction of load profiles and feature
extraction. The authors used the compressed load profiles from the previous step and
applied a locality sensitive hashing (LSH) method to classify load patterns and extract a

representative profile.

Understanding the details of the local and global patterns of smart meter data are
essential for identifying meaningful typical load patterns. In [10], the authors proposed
three new computationally efficient feature extraction methods, including conditional fil-
ters on time-resolution-based features, calibration and normalization, and using profile
errors to cluster daily electricity usage patterns. In [175], the authors applied subspace
projection methods (subspace clustering and projected clustering) to extract the local and
global pattern variability of customers’ behaviors in order to identify the customers’ con-
tact type. In addition, the authors showed that by applying subspace projection methods
the clustering process was more resilient to random noise than traditional methods. In
[84], the authors introduced a method to identify the maximum energy consumption
and major variability sources in residential electricity consumption behaviors. They pro-
posed four key times periods (breakfast, daytime, evening and overnight) for analyzing
the data and extracting the relevant features for clustering. A finite mixture model-based
clustering method was presented and the robustness of the method was verified using a

bootstrap technique.

The uncertainty and variability characteristic of smart meter data have been also ex-
amined for load clustering. In [199], the authors modeled the load variation by a log-
normal distribution and then they applied a Gaussian mixture model (GMM) to cluster
the load profiles and extract the dynamic behavior of customers. In [202], the authors
proposed a C-vine copula based mixture model for clustering residential electricity con-
sumption patterns. They used the C-vine copula algorithm to model the high dimension
non-linear correlation among the electricity demand of various time periods. The authors
showed that their proposed method has efficient performance for large data sets. In [218],

the authors introduced a method for clustering the load profiles based on their dynamic
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behaviors, where “dynamic behaviors” refer to relations and transitions between load
profiles in adjacent periods. A time-based Markov model was used to model the dy-
namic characteristic of load profiles and, as a result, the large data set of load profiles
was transformed into various state transition matrices. Then a clustering technique was
applied to identify representative consumption patterns. The authors showed that their
distributed clustering approach had lower computational complexity, which makes it

suitable for big data applications.

2.4 Load Forecasting Techniques

Having described the general methodologies that have been used for load forecasting in
the previous sections, we now give an overview of the load forecasting techniques that
can be used in those methodologies. Load forecasting techniques can be categorized in

to two groups: statistical techniques and artificial intelligence techniques.

2.4.1 Statistical Techniques

In this section, four statistical techniques are reviewed, including: Multiple Linear Re-
gression (MLR), semi-parametric additive, auto-regressive and moving average (ARMA),

and exponential smoothing models.

Multiple Linear Regression Models

Regression analysis is a statistical technique, for estimating the relationships among vari-
ables [133]. Multiple Linear Regression (MLR) models have been used widely in the
literature for both STLF and LTLE. In these models the weather and calendar variables
are considered as input variables and the load or some transformation of the load is con-
sidered as target variable. In MLR models, a functional form among the variables should
be specified by the user and the parameters of these models are calculated using the or-
dinary least squares method. Some kind of MLR models such as polynomial regression
models can describe the nonlinear relationship between the dependent and independent

variables.
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In [169], the authors presented a regression-based approach to STLF. The Pacific Gas
and Electric Company’s data was used as a case study for day ahead peak and hourly
load forecast. The paper offered a comprehensive study on regression analysis for STLE.
The authors introduced several MLR models for STLF, such as the weighted least squares
technique, using binary variables for modeling holidays, using heating and cooling de-

gree functions for modeling the temperature, and robust parameter estimation methods.

In [179], the authors produced 24 regression models, one for each hour of the day.
Each model included a dynamic forecast error of the correctness of previous hours. The
research was conducted as part of a competition organized by the Electric Power Re-
search Institute (EPRI), which used the data from a utility in the northwest of the US.
The accuracy of the model proposed in the paper outperformed the other competitors’

models.

In [105], Hong proposed a regression based model to STLE, wich emphasized the im-
pact of weather and calendar variables on the load. The case study used utility data from
the USA, which implemented the proposed MLR models in its production environment.
The author modeled the impact of several input variables on the load, such as the effect
of lagged weather variables, weekend and holiday effects by using regression analysis.
Three different models including linear regression, ANN, and fuzzy regression were ap-
plied to the case study, and it was concluded that the linear models showed the best

accuracy among the competitors.

In [110], the authors presented a linear regression model for long term load fore-
casting. They first produced a STLF model using a linear model with a macroeconomic
indicator as one of its input variables. Then a long term probabilistic load forecast model
was generated by applying the STLF model to various scenarios. The authors concluded
that the models based on hourly data have better forecasting accuracy than those based

on monthly or daily data.

In [41], the authors proposed a refined parametric model for STLFE. The case study
was conducted as part of the Global Energy Forecasting Competition 2012. The proposed
model used the temperature and calendar as input variables to the model and applied a
series of model refinements, including removing outliers from the historical data, and

combining models from multiple weather stations, to improve the accuracy of the STLF
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model.

In [214], Wang et al. presented an extended version of the research proposed by Hong
[105] about including a lagged weather variable. The authors utilized increased comput-
ing power and included a large number of lagged temperature and moving average tem-
perature variables in the MLR models to enhance the load forecast accuracy. In addition,
they showed that developing 24 models with one for each hour of a day may not result

in smaller forecasting errors than one model for all 24 hours.

Semi-Parametric Additive Models

The semi-parametric additive model is a kind of regression model that is able to take
into account some non-linearity and serially correlated errors. These models use a com-
bination of the non-linear and non-parametric attributes within the framework of addi-
tive models [187]. In the concept of load forecasting, the relationship between the target
variable (load) and input variables, such as temperature and calendar variables, can be
estimated by these generalized additive models.

Hyndman et al. in [115] presented two techniques for forecasting the long term peak
demand in South Australia, including a linear technique for forecasting the annual me-
dian demand, and a semi-parametric technique for forecasting the demand with a res-
olution of every 30 minutes. They removed the major industrial loads and then used a
logarithmic transformation of the load. In addition, they used calendar, temperature, de-
mographic and economic factor variables as the explanatory inputs to a semi-parametric
model. The model was divided into two parts: (1) A regression model based on using
the economic variables, seasonal demographic variables, and degree days. (2) A non-
parametric model based on the other remaining variables with a resolution of every 30
minutes. Finally, the models were fed by the simulated temperatures to produce the
density forecasts.

In [64], the authors used a non-parametric additive model to forecast the load in the
Australian national electricity market. They provided the STLF model based on temper-
ature effects, calendar effects, and the lagged load variables to capture the time serial
correlation with the demand series.

Goude et al. in [80] applied generalized additive models to provide the short- and
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middle-term demand forecast for more than 2200 substations of the French distribution
network. They used some explanatory variables such as temperature and calendar vari-
ables in a generalized additive model to estimate the load for the French grid. The results
showed their methodology produced good accuracy on their case study.

In [157], the authors applied semi-parametric additive models to the case study of
the Global Energy Forecasting Competition 2012. They presented a temporal multi-scale
model that incorporated three components: (1) A long term trend approximated by a
non-parametric smoothing model. (2) The relation between electricity demand and tem-
perature at each time step was fitted by a generalized additive model. (3) The local

behaviours were modeled by a random forest model.

Exponential Smoothing Models

Exponential smoothing assigns weights to past observations that decrease exponentially
over time [113,114]. The model does not require explanatory variables, so it needs less
data for the model than other techniques such as MLR and ANN. In [205], Taylor et
al. conducted a comparative analysis among different models for day ahead forecasts
to identify the best model. The analysis was conducted among five techniques, includ-
ing periodic AR modeling, auto-regressive integrated moving average (ARIMA) model-
ing, an extension of Holt-Winters exponential smoothing for double seasonality, an al-
ternative exponential smoothing formulation, and a principal component analysis (PCA)
based method. The data set used in this study was based on intra-day electricity de-
mands from 10 European countries over a period of 30 weeks. However, the drawback
of this paper is that it just focused on univariate models, which did not rely on weather
variables. The authors excluded multivariate models from the comparative study by cit-
ing a paper published in 1982, which declared that multivariate models were impractical
for online short-term forecasting systems, in spite of the fact that regression analysis and
ANN had been being used for STLF in the field for many years.

The same inference can be made from the research by Taylor [204], which analysed
several techniques, including exponential smoothing models, ARIMA models, and a sim-
ilar day method for very short-term forecasts with a forecast horizon of 10 — 30 minutes

ahead. In both papers some kinds of exponential smoothing models, such as double and



2.4 Load Forecasting Techniques 37

triple seasonal exponential smoothing, produced better accuracy than the other selected
models, which did not take into account weather variables. The exponential smoothing
models are popular in academic papers, however, they are rarely used in the real-life
STLF problem [105]. Since weather has strong impact on the electricity demand, any
changes in weather conditions can lead to a change in the load profile. Therefore, the

techniques that do not rely on meteorological data are often at a disadvantage.

Auto-Regressive Moving Average Models

Auto-Regressive Moving Average (ARMA) models present a parsimonious explanation
of a stationary stochastic process in terms of two polynomials: (1) An auto-regression and
(2) A moving average [34,36,114]. Due to the non-stationary characteristic of the hourly
electricity demand series, a variation of the ARMA model, namely the Auto-Regressive
Integrated Moving Average (ARIMA) model, is usually used for load forecasting pur-
poses.

In [222], the authors presented a comprehensive study by applying various statistical
techniques for load forecasting, such as regression models, exponential smoothing, auto-
regressive, ARMA, and ARIMA models. Two case study were investigated using data

from California ISO to represent the modeling concepts.

2.4.2 Al Based Techniques

In this section, four Artificial Intelligence (AI) techniques, namely Artificial Neural Net-
works (ANN), fuzzy regression models, support vector machines (SVMs), and gradient
boosting machines are reviewed. Then, a high level comparison among introduced tech-

niques is concluded.

Artificial Neural Networks

ANN models have been used extensively for load forecasting since the 1990s. By ap-
plying an ANN model, the forecaster is able to produce a forecast without needing to
explicitly model the underlying physical system [86]. While in MLR models, the fore-

caster is required to define the functional form among the explanatory and target vari-
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ables to build the model, in ANN models the forecaster does not need to do so. In such
models, the forecaster trains the model based on the historical data to construct the rela-
tionship between the input variables and the target variable (electricity demand). Then
the parameters from the trained model are extracted to produce the prediction. A wide
variety types of ANN models have been applied for load forecasting purposes, such as
feed forward neural networks, recurrent neural networks, and radial basis function net-
works. Many accurate results have been reported by researchers through applying ANN
models with a combination of good feature selection. Hippert et al. [92] reviewed the
STLF literature that used NNs techniques. The target of the literature review was to
elucidate the doubts regarding the application of NNs methods on STLF. The authors re-
viewed around 40 representative journal papers published in the 1990s and emphasized
two facts that may have led to this doubt: (i) NNs models tend to suffer from over-fitting,
possibly because of either over parameterization or over training. (ii) Although all of the
40 reviewed papers used real data to test their proposed methods, most of them were not
implemented systematically: some of them did not include comparison results with stan-
dard benchmarks, and some others did not meet the standard statistical requirements in
reporting the error analysis. In addition, Hippert et al. provided guidances on how to
design a STLF system in four steps: data pre-processing, NN design, implementation,
and validation. Although the explanation was in the context of using NNs, most of the
guidances are also applicable to other techniques. The ANNSTLF (Artificial Neural Net-
work Short-Term Load Forecaster) methodology presented in [127], is the best known
application of ANN models for STLF, which was implemented in a project sponsored by
EPRI. The load forecasting framework has two ANN predictors, including: a base load
predictor, and a change in load predictor. Finally, an adaptive combination of these two
predictions was used to produce the final forecast. The ANNSTLF model and some of its
improved versions have been deployed in a production environment of a large number

of utilities across the USA and Canada.

Fuzzy Regression Models

Fuzzy regression models are designed to overcome some of the limitations of linear re-

gression models, such as insufficient numbers of observations, an unclear relation be-
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tween the target variable and the explanatory variables, and hard-to-validate error dis-
tributions.

In [195], the authors applied a fuzzy linear regression model to forecast the load dur-
ing holidays. They used the previous load information as an input variable to the model,
without considering the weather data, and the model showed good accuracy. The au-
thors showed that by applying a hybrid model including fuzzy linear regression and
general exponential smoothing, they achieved better forecasting accuracy.

In[108], Hong et al. proposed the application of a fuzzy interaction regression method
to STLF purposes. Three other models were presented in the paper, including two fuzzy
regression models without interaction effects and one MLR model. The results showed
that the proposed approach outperformed the three other models. In addition, the paper
discussed several guidances for implementing fuzzy regression based forecasting mod-

els.

Support Vector Machines

Support Vector Machine (SVM) models are supervised learning models, which have been
used for classification and regression analysis. Since SVM models tend to be resistant
to the over-fitting problem, they can provide good accuracy for time-series forecasting
problems.

In [44], the authors presented the winning entry methodology for a competition spon-
sored by the EUNITE network. They used an SVM to forecast the daily peak load of the
next 31 days. The model did not include any weather variable, and the authors con-
cluded that weather variables might not improve the accuracy of Medium Term Load
Forecasting (MTLF). For the first time this paper presented the application of SVM to the
MTLEF pattern, which led to the popularity of implementing this model in STLF problems

as well.

Gradient Boosting Models

Gradient boosting is a supervised machine learning model for regression analysis, which

is based on an ensemble learning method. It produces robust and accurate forecasts
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based on an ensemble of weak prediction models. Gradient boosting provides flexibility
in terms of choosing an arbitrary differentiable loss function for its optimization problem.
In [203], the authors proposed a load forecasting methodology based on the gradient
boosting method for the Global Energy Forecast Competition 2012 (GEFCom?2012). The
model used various input variables, including time of year, day of week, time of day,
public holidays, current and past temperature, and lagged load variables.
In [140], the authors offered a hybrid machine learning load forecasting model using

gradient boosting machines and Gaussian processes for the GEFCom?2012.

2.5 Managing Uncertainties In Smart Grids

In general, operating a smart power grid is influenced by numerous uncertain parame-
ters caused by technological, environmental, economic, social and political factors. These
uncertain parameters should be identified and modeled in an appropriate mathemati-
cal form, quantified in the system analysis and transferred to the tangled stake-holders
in order to make decisions. A typical transmission power grid consists of buses that
host generators and consumers. These buses are connected through transmission lines,
transformers, and phase shifters. The main task of transmission and distribution control
system is to dispatch the available energy generation capacity according to the forecast
load in order to satisfy the demand-supply balance and transmission stability. There are
two types of generator sources: (i) scheduled generators such as hydrological (rivers,
reservoirs, etc.), thermal (coal, gas, etc.) and nuclear generators that are committed to be
available for each hour at the beginning of the day; (ii) non/semi scheduled generators
that comprise renewable energy sources.

Renewable energy generators are distributed, non-synchronous, weather dependent,
and cannot be scheduled ahead of time, hence they disrupt the control process of demand-
supply in the power grid. New real-time grid control decision techniques are needed to
address the effects of these uncertainties introduced by the integration renewable energy
sources in the system. Renewable generators can be modeled by stochastic techniques,
which affect all the major steps in real-time operations. The first step is gathering avail-

able real-time data from all parts of the grid, which is called the Network Topology Pro-
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cess (NTP). These gathered data contain complete information on the current state of the
grid. Each of the following sections present a key aspect of decision making to manage

the operational reserve that influences the future state of the power network.

2.5.1 Probabilistic Load Flow

One of the important parts of power system analysis is load flow analysis, which is also
known as power flow analysis. The power flow analysis involves numerical analysis of
the steady state of a power system in order to extract the phase angle and magnitude of
the voltage at each bus, as well as the real and reactive load flowing in each line. In reality,
the future state of a system cannot be predicted with 100% accuracy. There are a variety
uncertainties associated with a power system, such as load forecasting errors, changes
in network configuration, and generation outages. Therefore, in order to have a better
understanding of the real power system, it is essential to consider these uncertainties for
power flow analysis. To address this research problem, probabilistic power flow analysis
has being investigated since the 1970s.

By utilizing demand and renewables prediction tools and their distributional infor-
mation, samples of possible scenarios of demand and renewable generation for a horizon
of the next 6 to 24 hours can be created. Power flow under each predicted scenario is cal-
culated and the results are combined to infer power flow distributions and the associated
risk of congestion in the transmission lines. It can be presented through predictions of the
appearance of peak congestion, where the peak is a function of stochastic power flows.
Congestion can occur in local transmission, which causes curtailment of the generation
capacity, or it can occur in the entire region due to excessive generation of renewables.

In [32], the author introduced an evaluation methodology for power flow analysis
by considering the uncertainty of the bus data. First, for each bus, several scenarios in-
cluding different load levels were considered with the associated probabilities. Then, the
equivalent set of transmission line flow values were obtained. In [11], the authors pro-
posed probabilistic power flow analysis through defining all the nodal loads and gener-
ation as random variables. The mean and standard deviation values of each load flow
were calculated and the general balance of load flow in the system was obtained as a

density function. The results were compared with those of deterministic methods and it
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was shown that the vast variety of information gained through applying the probabilis-
tic method is essential for quantitative assessment of the reliability and security of the

power system.

Monte Carlo simulation has been also considered as one of the ways for evaluating the
probabilistic power flow. This method is computationally expensive because it involves
running various cases of deterministic power flow, however, it produces quite accurate
results since it directly uses the exact power flow equation. These simulation results are
usually considered as a benchmark for comparison with other probabilistic power flow

methods [12].

In [47], the authors reviewed the literature of probabilistic load flows. The authors
covered the basic methods including the two mentioned above. In addition, they pre-
sented techniques for improving the accuracy and efficiency of these basic methods. The
application of the probabilistic load flow, such as voltage control, systems planning, and

integration of distributed generation were discussed as well.

2.5.2 Contingency Analysis

Contingency analysis is a key factor of any grid operation system. It uses a power flow
analysis model and analyzes scenarios under different possible contingency conditions
of the network. A typical practice in grid management is to consider “N-1" contingency
scenarios, where in each scenario one critical generator or branch is assumed to fail and
be taken off-line. The power flow suitability and grid stability is analyzed in the power
flow step, after that the reliability of the grid operation system can be tested through
examining the dispatch and flow decisions against unexpected changes in the network
topology.

With integration of renewables, the contingency scenarios must be analyzed through
using stochastic models. In fact, the stochastic models should be applied to carefully
combine the contingency scenarios (unexpected changes in the network topology) with
the renewable scenarios (unusual renewable generation outcomes) in order to create a

risk-weighted analysis of the grid’s stability.
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2.5.3 Unit Commitment

Unit commitment controls the balance between supply and demand by determining the
number and kind of generators requires for producing the electricity power. In fact, unit
commitment is a kind of optimization problem that minimizes the costs according to
various limitations on the unit and the system. Popular unit commitment techniques
include, Lagrangian relaxation, heuristic searches, mixed integer programming, and dy-
namic programming.

In [233], the authors proposed a method for investigating the impact of load uncer-
tainty on the unit commitment risk. This method measures the probability of not having
sufficient committed capacity to balance for unit failures and unpredictable load vari-
ation. The risk was estimated using a Markov model for unit failures modeling and a
Gauss-Markov model for load uncertainty modeling. This paper introduced the quanti-
tative presentation of the impact of load uncertainty on the unit commitment risk for the

first time.

In [59], the authors presented a method for analyzing the effect of STLF uncertainty
on the short-term unit commitment. They used a Bayesian method for producing load
forecasts for one- to five-days-ahead. The risk was evaluated based on the forecast vari-
ance and calculated by determining the expected cost of the uncertainty owing to load
forecast variation. They used a case study, with utility-derived power system data and

temperature forecast data from the US National Weather Service.

In [209], the authors investigated the influence of the short-term load forecast un-
certainty and generator availablities on the production cost and marginal cost. Several
load models were considered for the study including a Gaussian model that assumed a
normal distribution for the load, and Gauss-Markov regression model that assumed the
load was driven by temperature and followed a Gauss-Markov process. Two years of
hourly load and temperature data were used as a case study. The impact of uncertainties
from load and generator availabilities on the variance of production costs was estimated
by using Monte Carlo simulation. It was concluded that by considering the correlation
among hourly loads and using the temperature forecast as input to the load model, the
uncertainties from the load forecast was decreased, which resulted in better estimation

of the expected production costs.
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In [94], Hobbs et al. discussed the value of improving forecast accuracy in terms of
unit commitment costs reduction. While most papers simulated the forecasting errors by
stochastic models or by making some pre-assumption about their probability distribu-
tion, the authors used the actual forecasting errors for this study. It was concluded that
for a 10 GW utility company, a 1% improvement in the forecast accuracy could result in
saving up to 1.6 million dollar annually.

In [225], the authors presented a stochastic model for long-term security-constrained
unit commitment. Random disturbances such as contingencies of generators and trans-
mission lines were simulated using Mont Carlo simulation and the load forecast uncer-
tainties were modeled as a uniform random variable.

In [217], the authors introduced a full-scenario unit commitment formulation for ad-
dressing the security problem in power systems due to uncertain bus loads and volatile
wind power. The full-scenario analysis was conducted by using a scenario generation
and reduction method based on interval mixed integer linear programming theory. By
applying the proposed method, the authors showed that the worst-case impact of a
volatile node injection on the unit commitment was obtained, which resulted in a secure

unit commitment for the power system.

2.5.4 Reliability Planning

One of the essential tasks for planning and operating the power system is reliability.
The reliability of the power grid usually is measured using the loss of load probability
(LOLP). This measure refers to the probability that the amount of generation will be not
enough to supply the electricity demand.

In [97], Hoffer et al. proposed a method for calculating the production costs of a set
of generating units based on considering the uncertainty of the peak load forecast and
extreme load values. In this model, the authors assumed that the peak load has an expo-
nential distribution while in the traditional LOLP method the peak load was assumed to
be a fixed load level. Later in [98], Hoffer et al. proposed an improved version of their
method based on relaxing the assumptions of the peak load distribution by considering
more advanced distributions, such as beta, triangular and gamma distributions.

In [88], the author presented a probabilistic based method for analysing the intercon-
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nection assistance between different locations in a power system. The aim of this study
was to evaluate the amount of power that can be transferred from one location in a grid
to another by considering the transmissions limits and reliability level of the power sys-
tem. They did not consider the uncertainty of load forecast in the case study, which is
one of the most important factors impacting the level of power transfer. However, it was
mentioned as a future direction for research.

In [29], Billinton et al. analysed the impact of load forecast accuracy on the reliability
assessment of a bulk power system. Various key factors were examined in the study such
as changes in the system topology, system composition, load curtailment policies, and
bus load correlation levels. The load forecast uncertainties were modeled by a normal
distribution, and three uncertainty scenarios were studied with 0, 5 and 10 percentiles of

the standard deviation of the forecast peak load.

2.5.5 Reserve Sizing

With the integration of intermittent renewable energy into the electric power system,
more uncertainties have been added to the grid. This matter degrades the reliability of
the power system operation. Due to the uncertainty and unpredictability of integrated
renewable energy sources in the system, having an optimal generation reserve is becom-
ing a major challenge for managing operational risks and enhancing the grid reliability.
To address this challenge, optimal reserve scheduling methods are required. Under con-
tingency conditions, such as some level of disruption in supply, the operational reserve is
the backup of generation capacity to meet demand in a short time frame. Under normal
conditions, the operational reserve is considered as the size of the largest generator plus
a part of the peak demand.

In the past, a wide variety of studies examined the impact of integrating renewable
energy sources on restoring the supply-demand balance in power systems, ranging from
deterministic to probabilistic, as well as static to dynamic approaches [37,93,99,144].

In [136], Lehtila et al. presented a static model to forecast demand and the required
supply capacity of electricity using a Bayesian network.

In [185], Rocha et al. proposed a decision support model to determine the future

power demand of a region. The model forecasts the demand based on a linear regression
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model and analyzes the influence of climatic and economic factors on the power demand
by using Bayesian Belief Networks (BBNs).

In [25], Brevani et al. proposed a control system based on BBNs for controlling elec-
tricity generation in a power system. The system was designed to deal with the power

fluctuations caused by the integration of wind farms in the grid.

2.6 Conclusion

In this chapter, we reviewed literature on some of the challenges in Smart Grids, which
we presented in Section 1.5 of Chapter 1, and which we address in this thesis. In par-
ticular, we reviewed studies for load forecasting, and associated challenges of managing
uncertainty in some of the decision-making functions that are based on load forecasting.
Although there have been a number of studies on the above mentioned topics, however,
recent advances in the energy industry, including smart grid and smart meters, introduce
new challenges to the power grid, such as managing and analysing of large volume of
complex, high dimensional data in an efficient manner. Therefore, we devote the follow-
ing chapters of this thesis to developing several advanced analytical models and decision
support tools to provide actionable insights for tasks such as short-term load forecasting
in smart grids. Our work addresses the challenges related to time series data forecasting
in smart grids. By leveraging big data from smart meters, we introduce the hierarchical
short-term load forecasting method. Then, we provide a novel shape based time series
clustering algorithm for customer demand profile analysis. Furthermore, we introduce
a robust and accurate ensemble load forecasting framework to address the unbalanced
and non-stationary nature of the smart meter data. Moreover, we propose a dynamic
stochastic decision support tool based on Dynamic Bayesian Belief Networks to model
the uncertainties related to the power system due to the unpredictable nature of renew-

able energy sources and demand behaviour of customers.



Chapter 3

Improving Load Forecasting Based on
Deep Learning and K-shape
Clustering

One of the most crucial tasks for utility companies is load forecasting in order to plan future de-
mand for generation capacity and infrastructure. Improving load forecasting accuracy over a short
period is a challenging open problem due to the variety of factors that influence the load, and the
volume of data that needs to be considered. This chapter introduces a new approach for short-term
load forecasting using an effective new combination of clustering and deep learning methods, along
with a new weighted aggregation mechanism. Our evaluation using smart meter data from a publicly

available real-life dataset demonstrates the improved accuracy of our approach over existing methods.

3.1 Introduction

HE smart grid introduces the two-way flow of data between electricity suppli-
T ers and customers. In this new system, customers can play an important role in
achieving energy savings by modifying their electricity consumption pattern according
to the dynamic electricity market [168], and selling renewable energy on an open market
[40] through demand response mechanisms. The demand response mechanism depends
on the convergence of accurate electric power load measurements, renewable energy, and
price forecasting. Therefore, a crucial task for utility companies in this contest is load fore-
casting. With accurate prediction of future demand, electric utilities can make important
decisions such as generating and purchasing electric load, distributing and developing
their infrastructure, and optimizing load switching in order to manage their power grid.

Any error in load forecasting can result in significant cost increases for electricity

47
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suppliers and increase the chance of unexpected blackouts or brownouts. In contrast,
accurate load forecasting can result in improvements to network reliability. Therefore,
trying to produce more accurate load forecasting models has become a major research
challenge for energy suppliers, energy marketers, financial markets, and other parties

that contribute to electric power generation, distribution and transmission.

In this chapter, we propose a method for load prediction using Hinton and Salakhut-
dinov’s deep belief nets (DBN), which are a type of probabilistic generative neural net-
work composed of multiple layers of restricted Boltzmann machines (RBM) [90]. In this
study, two forecasting methods, based on deep neural networks and traditional neural
networks, are proposed and evaluated in terms of their prediction accuracy on real life

residential load data.

Key components of smart grid technology are smart meters, which provide fine-
grained energy consumption information at sampling intervals of 15, 30 or 60 minutes.
One of the most promising applications for such large volumes of data from smart meters
is to improve the accuracy of electrical load forecasting. Typical methods for improving
load forecasts using the data generated from smart meters of individual customers is
based on the use of clustering [116,193]. In this approach, the knowledge about load
consumption behaviour of customers is used to improve the accuracy of forecasting. In-
stead of developing a single forecasting model for the accumulated load consumption of
all customers, clustering can be used to divide the customers into sub-populations with
similar demand profiles. Then, a forecasting model can be provided for each cluster of
customers according to their load profile. Thus, a more accurate model can be provided
for each cluster, and then the load forecast for all consumers can be obtained by combin-
ing the forecasts of these models. Applying clustering as an initial step in electric load
forecasting has been the focus of several studies [53,150]. The K-means clustering method
has been widely used in previous works for this purpose [178,193]. However, little at-
tention has been paid in previous studies to the choice of clustering method with the aim
of improving the aggregate level of forecasting accuracy. In this section, we show that
the accuracy of load forecasting depends not only on the load forecasting method, but
also on the accuracy of the clustering method and the accuracy of extracting the load pat-

tern of each cluster. In addition, we show that careful clustering of customers can result
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in smaller forecasting error. We apply a novel clustering algorithm (k-shape clustering
[170]) that aims to reduce the error in load forecasting through more accurate assignment
of individuals to clusters based on their load consumption profile.

The key contributions of this chapter are the following. We propose a new method
for load forecasting which leads to improved accuracy of short-term load forecasting. We
show that by appropriate choice of features we can significantly improve the accuracy of
forecasting. Moreover, we study a novel clustering method (K-shapes) that can cluster
consumers into the groups based on their load consumption profiles, such that the ac-
curacy of models based on each K-shape cluster is more accurate than models based on
traditional K-means clustering. In addition, we implement our proposed approaches on
publicly available real-life data and demonstrate the biggest improvement in accuracy
is achieved by applying both new approaches, i.e., applying the new clustering method
and the new forecasting method. Moreover, in contrast to previous work [17,178, 193]
that simply summed the forecasting results of each cluster to obtain the final aggregate
forecast, we introduce a new weighting summation method for accumulating the fore-
casting results of each cluster according to the size of their membership.

The remainder of this chapter is organized as follows. Section 3.2 provides back-
ground information on short-term load forecasting and problem statements and our new
approach for this problem. In Section 3.3 we discuss the new clustering method (K-
shape) that we use to identify sub-populations of customers with similar behaviour. In
Section 3.4 we explain the use of shallow vs deep neural network methods for learning
load forecasting models. Then, in Section 3.5 we show our experimental results based on
real-life smart meter data, and give a comparison of the results of our proposed method
against existing methods. Finally, in Section 3.6 we conclude our study and discuss some

possible directions for future work.

3.2 Background on Short-Term Load Forecasting

3.2.1 Problem Statement

The smart meter records consist of a set of M consumers x1, x3, ..., xp1. The consumption

history of consumer i can be defined as x; = {x}, xl-z, . xz-T}, Vie {1,2,.. M}, where T is
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the total number of historical time periods and M is the total number of consumers. Our
aim is to predict the electrical load consumption for the aggregated load of the network.

The total load consumption of the network can be represented as:
M
Xpoor = 3%, Vte{1,2,..,T} (3.1)
i=1

Three approaches for load prediction at the network level have been reported in the
literature. The first approach is a completely aggregated method [17], which accumu-
lates the load consumption of all consumers that belong to the network into a vector
Xager = (X;ggr, nggr, vy Xang,) and takes this as the input feature vector for forecasting.
The second method is a completely disaggregated method [17], which applies load fore-
casting for individual consumers, and then adds the individual predictions to obtain the
prediction at the aggregated level. The third method is a clustering based forecast, where
the consumers are divided into specific clusters and then the sum of the load consump-
tion over each cluster is taken, and finally a forecast for each group is generated and
these predictions for each cluster are accumulated. These three models are illustrated in

Figures 3.1a, 3.1b, 3.1c. We propose a different approach in this chapter as a clustering

based weighted forecasting model, which is illustrated in Figure 3.1d.

The insight of using clustering to group the individual customers is as follows. It is
known that load forecasting for individual customers is complicated because each house-
hold’s load depends on a variety of factors. At the granularity of half an hour, the energy
consumed by a single house can fluctuate widely, due to the dependency on the number
of residents in the home, the appliances that are used at the particular time, the lifestyle
of the people staying in the home, and so on. Thus, accurate load prediction for an in-
dividual household can be difficult due to the individual variations in consumption pat-
terns. To improve the overall accuracy of forecasting, an alternative approach is to group
households, and analyse the aggregate level of consumption so that individual variations
in consumption will tend to cancel each other out. This grouping can be achieved by the
application of an appropriate clustering method, such that households with a similar
load time-series are grouped together, where the total noise in each cluster would tend to

cancel out.
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(c) Clustering based forecasting method (d) Clustering based weighted forecasting method

Figure 3.1: Different representative methods for network-level load forecasting.

We consider that by applying a clustering algorithm, k clusters C={c, ¢, ...,c} are
obtained, so that each cluster of households in C can then be used to train a neural
network. Therefore k prediction models Fe={F.,, F,, ....F;, } are generated from the k
groups of consumers. To calculate the final prediction for period of interest, some studies

[178,193], simply take the sum over the predictions from the clusters as follows:

k
Paggr = ZPCN (32)
i=1

This summation can be used to calculate the accuracy of the forecast based on the mean

absolute percentage error (MAPE):

t t
100 & Faggr - Xaggr ‘ . (3.3)

MAPE = — Y |
T t; Xiger

This approach works well if the clusters have similar sizes. When the clusters have
widely varying sizes, then better results can generally be achieved by using a weighted
summation of the forecasts from each cluster. We can define these weights according to

the number of members in each cluster. Assume that N, is the number of consumers that
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belong to the cluster c;, therefore the weight of the cluster c; can be defined as W, = %,
where M is the total number of consumers. We can then modify equations (2) and (3) as

follows:

k

Faggr,w = Z Wc,v-Pci/ (3-4)
i=1

k
Xaggr’w — Z Wci.XﬂggT, CZI (3.5)
i=1

where X;eor; is the total load consumption of the consumers that belong to cluster i.

Now, we can define the mean absolute percentage error as:

t t
100 & | Faggr,w - Xaggr,w ‘

MAPE:T?: %

t (3.6)
=1 aggr,w

3.2.2 Feature Selection

The load forecasting accuracy is influenced by a variety of factors. While neural net-
works can fit highly non-linear models, the selection of input variables, or features, is
also very important and has a major impact on the accuracy of load prediction. Figure 3.2
demonstrates the influence of human added features on the overall model performance.
We considered four sets of features, namely, load variables, temperature variables, time
cyclic variables, and day-type variables. A separate neural network is trained for each

set of features, and the MAPE of each network is shown in Figure 3.2.
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Figure 3.2: Mean absolute percentage error achieved using different types of features
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Load Features

Electrical load consumption usually exhibits a daily periodicity pattern. In addition, load
consumption profiles in adjacent weeks exhibit strong positive correlations. According
to these characteristic we define six variables: load at time ¢ of the previous day, load
at time £-30 minutes of the previous day, load at the same day and same time of the
previous week, average load of the previous day, minimum load of the previous day, and

maximum load of the previous day.

Temperature Features

The weather can have a major impact on the electrical load consumption pattern. We
have defined seven features as temperature variables: the temperature at time ¢ and the
same time of previous day, maximum and minimum temperature of the previous day;,
past 3 hours, 6 hours, and 24 hours average temperatures. Note that because the weather
data set is available for an hour granularity, linear interpolations should be used for pro-

ducing temperature data every 30 minutes.

Time Cyclic Features

These features reflect the cyclic characteristic of the time of day and the type of day. Cyclic
variables are extracted in order to capture the cyclic nature of load time-series [161]. By
spectral analysis, the half day, day, week and year periods have been identified as the
dominant frequencies of the load data [34]. For each frequency, a pair of variables is

considered to represent the corresponding cycles:

o (f) = sin(L;Tf)
&) = cos(z%t), (37)

where t is the time indicator of the half hourly granularity sampling, which extends from
1 to 17520 for one year. The variable T represents the cycle period that is equal 17520,
336, 48, and 24 for a year, a week, a day, and a half-day cycle, respectively.
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Type of Day Features

Discriminating between working days and non-working days is also an important fea-
ture that should be considered. The load analysis has shown that load consumption on
non-working days is lower than on working days. The non-working days (weekends and
national holidays) and working days are represented by 0 and 1, respectively, as the type
of day variables.

The summary of the features that have been used for training the neural networks are

given as follows:

e Load features = {L(t — 1dat), L(t — 1day — 30Minutes),L(t — lweek), Lyqx (t — 1day),
Lmin(t - 1da]/>/ Lmean(t - 1dﬂ]/)}

e Temperature features={T(t), T(t — 1day), Tyax(t — 1day), Tyin(t — 1day), Tyean(t —
3hours), Tyean (t — 6hours), Tyean(t — 24hours)}.

* Cycle Features = {COS(%), sin(%), cos(%), sin(%), cos(%), sin(%), Cos(l%zto),

sin(25%)}
* Type of day features = {weekdays, weekendsandholidays}.

where T refers to temperature and L refers to load.

3.3 Grouping Smart Metering Data Based on Consumption Pro-
files

Recently, there have been a number of studies that segment customers based on their
electrical consumption as a prelude to forecasting demand [39,84]. This segmentation can
be performed using clustering methods on the smart meter data from customers. As we
shall see, this helps to achieve a deeper understanding of the load profile characteristics
as well as greater prediction accuracy.

In contrast to these previous works, we apply a time-series approach to clustering the
load consumption patterns of each consumer based on the shape of their weekly profile.
By clustering the time-series data, we can analyze its variations over time in detail, and
search for common profiles that can be potentially useful for load prediction. Such pro-

files can be extracted according to the shape of the load profiles. We search for groups
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of customers that show similar behavior over time. We use a novel clustering approach
that aims to reduce the error in the aggregate forecast through suitable assignment of in-
dividuals to clusters based on the shape of their load profiles. In contrast to traditional
clustering methods such as K-means [117, 170], which tend to cluster customers with
similar average load levels, we require an approach that clusters customers based on
the similarity of their load profile over the course of the day. These groups of customers
with similar consumption patterns can be used to achieve a more accurate aggregate load
forecast. We next describe the clustering method we have used, which is called K-shape

clustering.

3.3.1 K-shape Clustering

Numerous clustering algorithms have been used for the load prediction problem. Deter-
mining the best algorithm depends greatly on the nature, purpose and mining objectives
of the dataset. In this chapter, we use K-shape, a novel algorithm for time-series clus-
tering that can conserve the shapes of time-series sequences [170]. This new time-series
clustering algorithm creates consistent and well separated groups of time-series. K-shape
considers the shape of the time-series during clustering, in contrast to traditional meth-
ods such as K-means, which treat the observations in a time-series as independent at-
tributes. This novel clustering method uses a normalized, domain-independent form
of cross correlation as its distance measure. Using this method, the K-shape algorithm
derives a shape-based distance measure for comparing the time-series efficiently and ef-
fectively. Then, based on the properties of the shape-based distance measure, K-shape
computes cluster centroids, which are used in each iteration to capture shared character-
istics of the underlying data and update the assignment of time-series to clusters.

The extraction of a representative centroid for each cluster is a challenging task that
critically depends on the choice of distance measure. By extracting the centroid, the clus-
tering algorithm can effectively summarize a set of time-series in terms of only one se-
quence, and extract the most representative shape from the underlying data. Then, these
extracted shapes or centroids are used for clustering the time-series. The robustness of
K-shape clustering has been experimentally evaluated against partitional methods like

K-means, K-medoid, hierarchical and spectral clustering methods, with combinations of
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the most competitive distance measures [170]. It has been shown [170] that K-shape out-
performs all of these approaches in terms of accuracy on time-series data. In this chapter
we compare our results using K-shape and K-means methods, and it will be shown in

the experimental results section that K-shape significantly outperforms K-means with

respect to clustering accuracy, and as a result forecasting accuracy.

Applying K-means clustering for 3175 households, for K=3
2r 27
---Mean+Sd ---Mean+Sd ---Mean+Sd
—Mean / —Mean —Mean
L5 —'—Me'in-Sd " 15| —Mean-Sd 15| —Mean-Sd
1 L
O O [}
= = =
< < (o] -
> > > N '\_
0.5} AN
0 W

t

gl ——
00 04 08 12 16 20 24

t

5 .
00 04 08 12 16 20 24

t

5 .
00 04 08 12 16 20 24

Figure 3.3: Mean, Mean plus standard deviation, and Mean minus standard deviation
value for each cluster with applying K-means clustering method.
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To illustrate how K-shape clustering outperforms K-means clustering, we applied
these two methods for clustering the 3175 household’s load consumption our 24 hours.
The clustering has been done with K = 3, for each method. Then the mean and standard
deviation of each group were calculated in order to demonstrate the accuracy of each
clustering method. Figures 3.3 and 3.4 show that our clustering approach, K-shape,
outperforms K-means in terms of grouping consumers who have similar load profiles.
Note that even though the input data and normalisation method was the same for both
algorithms, the clustering results are noticeably different. In particular, K-means tends
to group households by the average amplitude of their daily usage, while K-shape tends
to group households with similar daily patterns of usage, irrespective of their average

amplitude.

In summary, the K-shape method groups sequences that exhibit similar patterns into
the same cluster according to their shape similarity, regardless of differences in amplitude
and phase. K-shape clustering is a domain-independent, accurate, and scalable algorithm
that uses a distance measure which is invariant to scaling and shifting. This clustering
method can thus preserve the shapes of time-series sequences. The K-shape clustering
algorithm consists of three main components: (1) a shape-based distance measure, (2)
time-series shape extraction, and (3) shape-based time-series clustering. We now give an

overview of each of these key components.

Shape-Based Distance

The first component is the Shape Based-Distance, which is based on a cross-correlation
measure. This algorithm derives a scale- and shift-invariant time-series distance measure
in a computationally efficient way. Consider two sequences X = (x1,x2, ..., X)) and

7 = (Y1,Y2, .-, Ym)- The similarity of these two sequences can be determined as follows:

CCW(¥, V) = Ron(%,7), (3.8)

where CC,,( ?, 7) is the cross-correlation sequence with length 2m — 1, and Ry, (?, 7)
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is computed as:
m—k
X1+k-Y1 ik > 0
R(Z7) -1 & (3.9)
R—k(?/ ?) k<0

For scaling invariance, this algorithm uses the z-normalization method, where each se-

quence ¥ is transformed into ¥’ = 70_” , where y is the mean and ¢ is the standard

deviation. In order to address the shift invariance problem this algorithm uses coefficient
normalization, which generates values between [—1, 1]. By coefficient normalization, the
cross-correlation sequence is divided by the geometric mean of the autocorrelation of
the individual sequences. So, we can define the normalized cross-correlation coefficient

NCC, as follows:

NCC(%, V) = CCu(¥, 7)) . (3.10)
N e T E 2

The goal is to find the position w where NCC,( 7, 7) is maximized. Thus the Shape

Based Distance (SBD) can be calculated as:
SBD(¥,7) =1—max(NCC.(¥, 7)), (3.11)
w

which yields values between 0 to 2, with 0 indicating perfect similarity for time-series

sequences.

Time-Series Shape Extraction

The second component of K-shape clustering is defining a centroid that summarizes a
set of time-series. Extracting the shape of a set of time-series, which is able to capture
the shared characteristics of the underlying data, is a difficult task that depends on the
SBD distance measure. To achieve accurate shape extraction, this algorithm casts cen-
troid computation as an optimization problem, where the objective function is to find the
maximizer y; of the squared similarities to all other time-series sequences. So, we can

formulate the optimization problem as follows:

7; =argmax )_ (NCC.( 7, m))z, (3.12)

k ?iePk
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where Py is the k' partition and 7k is the initial centroid for the k" partition. This
equation uses the previously computed centroid as a reference and aligns all time-series
according to this reference sequence in each iteration of the clustering algorithm. To align
the sequences with the reference sequence, this algorithm uses the SBD measure, which

identifies an ideal shift for every X € P

Shape-based Time-Series Clustering

The third and final component is K-shape clustering, which relies on the SBD distance
measure and the shape extraction method to efficiently produce clusters of time-series.
The K-shape clustering algorithm takes the time-series set X and the number of clusters
K as inputs. Then, this algorithm assigns the time-series in the set X to the K clusters ran-
domly. In the next step, it computes each cluster’s centroid using the Shape-Extraction
algorithm. Then, once the centroids are computed, it refines the memberships of the clus-
ters by using the SBD distance measure. The K-shape clustering algorithm repeats these
steps until the algorithm converges, which occurs when there is no change in cluster
memberships or the maximum number of iterations is reached (usually a small number,
such as 100). The outputs of this algorithm are the assignment of the time-series to clus-
ters, and the centroids for each cluster which represent the shared characteristics from
the underlying data. In addition, each centroid depicts the most representative shape of

each group, which is the load profile for each cluster.

3.4 Deep-Learning vs Shallow Neural Network

Neural networks have been widely used for electric load forecasting. this approach at-
tempts to learn a complex nonlinear relationship between the inputs and the outputs.
Recently, deep learning neural network theory has developed rapidly and achieved im-
provements over traditional shallow neural networks. Three aspects, namely, better
parameter initialization techniques, having a large number of hidden layers and better
learning algorithms, have influences the success of deep learning methods [207].
Shallow architectures with large hidden layers can suffer from the over-fitting prob-

lem [164,167]. In contrast, deep architectures with a large number of hidden layers and
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many levels of non-linearity can represent complex features from their input, and learn
these features with models that have better generalization. Consequently, a shallow ar-
chitecture can result in a model that does not generalise well, unless trained with very
large data sets, thus increasing the computational resources required. Recent research
has shown that when the problem has highly nonlinear properties, deep networks can
be more efficient to train than shallow networks [20, 190,207]. In general, deep archi-
tectures can include multiple layers of representation and abstraction to help model and
generalise from a complex dataset. This enables deep architectures to provide a compact
representation for a much wider range of functions than is possible using shallow archi-
tectures. A thorough description of shallow and deep architectures is presented in [21],
and the interested reader is referred to that paper for further information.

In this study we use both the feed forward Multilayer Perceptron (MLP) and the Re-
stricted Boltzman Machine (RBM) models for load prediction, and compare their results
in terms of prediction accuracy. In the following, we first briefly introduce neural net-
works, and then introduce the deep learning method based on the Restricted Boltzman

Machine (RBM).

3.4.1 Artificial Neural Networks

We executed the tests using a feed forward multilayer perceptron architecture with one
input layer, two or three hidden layers and one output layer. The input consists of
a vector of various features extracted from the load, temperature, and calendar vari-
ables. Each hidden layer receives a vector of inputs from the previous layer and con-
verts it to its output vector using a linear transformation followed by a nonlinear ac-
tivation function. Given a set of training data with corresponding target values D =
{(x®,yMW), (x@),y@), .., (xT),yM)1, for each pair (x(), 1), x(?) is the input to the net-
work and y()is its label. The output state for each neuron, with N, input connections, can

be calculated as:

N,
y=fa (E Wz'Xi> , (3.13)
j=0

where W; and X; are the weight and input vectors respectively, and f, is the activation

1

function, which is the sigmoid function in this study, f,(z) = sigmoid(z) = 17.=.
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Let vector 0!/) be the corresponding output of the neural network and vector x() be
the input feature vector. In training the neural network, the output value o(!) should be

close to the actual label y(). The network adjusts its weights to obtain a good estimation
T

1Y (0™ — y )2 In the optimiza-
t=1
tion process, the resilient backpropagation algorithm [83] is used, which is based on the

of y') by minimizing the square error function E =
traditional backpropagation algorithm. In contrast to traditional backpropagation, the
resilient method can find better network parameters and accelerate the optimization pro-
cess. In order to modify the weights of networks for finding a local minimum of the error
function, resilient backpropagation allocates a separate learning rate for each weight,

which can be changed during the training process.

3.4.2 Deep-Learning Based on Restricted Boltzman Machine and Deep Belief
Networks

Neural networks with multiple hidden layers can be very sensitive to initialization, which
can lead to much better or much worse results after training [19]. To reduce this sensitiv-
ity, Hinton et al. introduced a greedy layer-wise pre-training method [21,91] by a com-
bination of Restricted Boltzman Machines (RBM) to address the drawbacks of traditional
neural networks.

A Restricted Boltzmann Machine (RBM) can be defined as a generative stochastic
neural network model that learns a probability distribution over the input vectors. The
standard type of RBM consists of binary-valued hidden units, visible units, a matrix of
weights W, corresponding to the link between hidden unit /; and visible unit vy, and bias
weights a; and bj for the visible and hidden units, respectively. In addition, the RBM is a

special type of energy based model that can be defined as:

E(v,h) = —h"W, —aTv —bTh
= — Y ao— Y bk — Y Wioih, (3.14)
k j jk

where the joint distribution over the visible and hidden units is defined by p(v,h) =

—E(v,h) . . .
¢——, where Z is a normalization factor.

The visible and hidden units are conditionally independent given one another. Accord-
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ingly, the conditional probabilities p(h | v) and p(v | h) can be written as:

p(h|v) th]v

(v]h) Hp vy | ). (3.15)

If the values of v and h are limited to the set {0, 1}, the conditional probabilistic model

can be defined as:

p(hj =1|v) = sigmoid(b; +Z ikhk)

p(ox = 1| h) = sigmoid(ci + Y _ Wich;). (3.16)
i

DBNs are multi-layer generative models that learn one layer of features at a time from
unlabelled data. The extracted features are then treated as the input for training the
next layer. This efficient, greedy learning can be followed by fine-tuning the weights to
improve the generative or discriminative performance of the whole network. There are
a range of advantageous properties that have been identified for DBNs [21]: they can
learn higher-level features that yield good classification accuracy; they are parametric
models, whose training time scales linearly with the number of records; and they can use

unlabelled data to learn from complex and high-dimensional datasets.

DBNs are multilayer neural networks, where each layer is typically made of RBMs
and can be carefully pre-trained in an unsupervised, layer-by-layer method. Each larger
of the hierarchical network is trained in an unsupervised manner, where the output of one
layer becomes the input of the next layer in a bottom-up manner. After the unsupervised
pre-training, the DBN uses supervised learning to precisely adjust the network. DBN
defines a joint probability distribution between the input x and the hidden variables at

layer i, hi, as follows:

-
oo ) = (T p( [ H)p(L 1), 6.17)
]
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3.5 Case Study Applications

3.5.1 Input Data

The real-world smart meter records from the Commission for Energy Regulation [5] are
used in this study. This dataset was recorded in Ireland from July 14, 2009 to Decem-
ber 31, 2010 with more than 6000 Irish consumers at a resolution of 30 min. The dataset
is divided in to three groups of consumers: residential, small-to-medium enterprises,
and others. In this study only the residential group of consumers are studied, which
include 3176 homes and 17 months of 30 minutes interval data from August 2009 to De-
cember 2010. The first 14 months were used as the training set. One month was used
for validation, and the model was tested through the last two months of data. Through
data pre-processing, consumers with a large number of successive missing records were
eliminated. For consumers with single missing records, linear interpolation between the
records in the vicinity of the missing ones was applied to complete the dataset. More-
over, temperature data for the mentioned time periods was collected from the website:
https://www.wunderground.com. Using these data sets, and applying the novel
clustering (K-shape) and deep neural network methods, we aim to obtain the best pre-

diction accuracy for forecasting time horizons ranging from 30 min to one day ahead.

3.5.2 Experimental Results

In this chapter, we investigate the best clustering method for grouping the load consump-
tion data that comes from smart meters at the household level, in order to improve the
accuracy of load forecasting at the network level. In addition, we study the application of
deep learning to improve the performance of load forecasting. Moreover, we introduce a
new method for aggregating the forecast load for each cluster to derive a network level
load forecast that is more accurate than previous methods [178,180,193]. To evaluate the
effectiveness of our method, a real-life smart meter dataset was used for testing our ap-
proach. The Neural Network and Deep Neural Network based forecasting models with

K-shape and K-means clustering methods were applied to the dataset.

For K-shape and K-means clustering, the average consumption for each day of the
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week during the training period of interest were obtained. In addition, for preprocessing
the dataset, the standard score normalization method was applied to normalize the load
into the range [—1, 1]. Then, the data points were arranged in a 3176-by-336 data matrix,
where the dimension of the matrix refers to the number of customers and the number of
features (48 segments per day for seven days of a typical week). To determine the optimal
number of clusters, the MAPE at each granularity of the day for each day of the testing
period was calculated with the number of clusters varying from 2 to 8. Then, the average
MAPE was calculated during the whole testing period for varying numbers of clusters.
Figures 3.5 and 3.6 show that the best accuracy for our dataset is obtained when K = 5
clusters are used in both clustering methods (K-shape and K-means). Using this value of
K =5, to compare the accuracy of K-means with NN, K-shape with NN, K-means with
DNN and K-shape with DNN. In Figure 3.7, it is shown that K-shape with the DNN
based forecasting model has the best accuracy among the four proposed methods.

For both Neural Network and Deep Neural Network methods, the features that were
described in the section on feature selection have been used. Table 3.1 shows the com-
parative results between the proposed methods. We show the forecasting results for 24
hours ahead for each of the four methods, and it can be seen that the method using K-
shape clustering with DNN has the highest forecasting accuracy for the aggregate load.
Based on the forecasting results, we have demonstrated that by using our approach, load
prediction accuracy can be improved by effectively clustering the customers based on
their consumption pattern, and applying the forecasting model that can better generalize
over the dataset. Figure 3.8 depicts the load profiles for each of the five clusters during
14 months from August 2009 to September 2010, in terms of the shape extraction in the
K-shape clustering method. Note that the load profiles in each cluster are quite distinc-
tive. In the case of the two load profiles on the right of Figure 3.8, these profiles highlight
a slight change in daily usage patterns on Wednesdays and Thursdays. An interesting
direction for future work is how to analyse the possible causes of such local variations in
load profiles, based on contextual information about households that might be available

in practice



3.5 Case Study Applications

65
3 Using K-shape clustering and DNN based forecasting methods
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Figure 3.5: Average MAPE for one month (November 2010-December 2010) vs lead times
of 30 min ahead, 1 h ahead, 2 h ahead, ..., 24 h ahead for different numbers of cluster.
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Table 3.1: Mean Absolute Percentage Error for different clustering and forecasting meth-
ods for lead time 24hours ahead in November 2010 - December 2010

Methods Average MAPE%
K-shape clustering+DNN 2.15%
K-means clustering+DNN 2.55%

K-shape clustering+NN 2.98%
K-means clustering+NN 3.33%
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Figure 3.8: Normalized load profiles extracted by K-shape clustering when K=5, the op-
timal number of clusters.

3.6 Conclusion

We have presented a new approach to the problem of short-term load forecasting by us-
ing deep neural networks, which provide better generalization than traditional neural
network models. In addition, we have shown that by using an appropriate clustering
method we could further improve forecasting accuracy. Based on an evaluation using
real-life smart meter data, we have shown that the best accuracy can be achieved when
K-shape clustering is used in combination with deep neural network methods for fore-
casting. In addition, we have introduced a new weighting summation method for accu-
mulating the forecasting results of each cluster according to the size of their membership.

In this chapter we showed that forecast errors can be reduced by effectively grouping
different customers based on their energy consumption. We showed by applying k-shape

clustering the accuracy of model is increased compared with traditional k-means cluster-
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ing. In the next chapter we focus on developing a better clustering algorithm in terms of

accuracy and efficiency for time-series data.






Chapter 4

Fuzzy c-Shape: A New Algorithm for
Clustering Finite Time-Series
Waveforms

Dealing with the high volume of time series data (smart meters data) motivated us to develop a
new clustering algorithm for time-series data which is computationally efficient and accurate. Clus-
tering is a popular data mining method due to its powerful exploratory nature and its usefulness as
a preprocessing step for other data mining techniques. This chapter develops two novel clustering
algorithms for time-series data that are extensions of a crisp c-shapes algorithm. The two new algo-
rithms are heuristic derivatives of fuzzy c-means (FCM). Fuzzy c-Shapes plus (FCS+) replaces the
inner product norm in the FCM model with a shape-based distance function. Fuzzy c-Shapes double
plus (FCS++) uses the shape-based distance, and also replaces the FCM cluster centers with shape-
extracted prototypes. Numerical experiments on 48 real time-series data sets show that the two new
algorithms outperform state-of-the-art shape-based clustering algorithms in terms of accuracy and
efficiency. Four external cluster validity indices (the Rand index, Adjusted Rand Index, Variation
of Information, and Normalized Mutual Information) are used to match candidate partitions gener-
ated by each of the studied algorithms. All four indices agree that for these finite waveform data sets,
FCS++ gives a small improvement over FCS+, and in turn, FCS+ is better than the original crisp
c-shapes method. Finally, we apply two tests of statistical significance to the three algorithms. The
Wilcoxon and Friedman statistics both rank the three algorithms in exactly the same way as the four

cluster validity indices.

4.1 Introduction

I

NCREASING, large volumes of time-series data are becoming available from a di-

verse range of sources, including smart phones, environmental sensors and biologi-

cal devices. Techniques for analyzing time-series data include dimensionality reduction

69
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[56], indexing [122],[125], and segmentation [123]. In addition, techniques have been de-
veloped to extract the underlying shape or trends in the data, for tasks such as pattern
discovery [124,145,174], classification [111,184], rule discovery and summarization. An
open challenge in time-series analysis is how to cluster a set of time-series according to
the similarity of their underlying shape. The basic objective of this article is to generalize

the fuzzy c-means (FCM) model [28] to accommodate clustering in finite time-series data.

In general, clustering is an analytic tool that can identify interesting patterns and
correlation in the underlying data [87]. For example in ECG signals the goal may be to
cluster the ECG signals so that normal heart signals can be distinguished from abnormal
signals based on the shape and phase of the time-series signals. A key problem in finite
time-series clustering is the choice of an appropriate distance measure, which can be used
to analyze the similarities/dissimilarities of finite time-series. Such a distance measure
should be able to address questions such as: (i) how to describe the underlying shape or
trend in the time-series? and (ii)) how to handle distortion in the amplitude and phase of

the time-series, such as noise or jitter?

Among different distance measurement methods that have been used for time-series
clustering, Euclidean distance (ED) and Dynamic Time Warping (DTW) are the most popular
methods. In most of clustering techniques for time-series data, Euclidean distance is used
for measuring the similarities/dissimilarities of time-series. However, this distance is
most useful when we have time-series in the form of equal length records. Euclidean
distance in time-series clustering only compares the points of the time-series in a fixed
order, so it cannot be used for clustering time-series with time shifts. The DTW distance
can be used for evaluating similarities/dissimilarities of time-series data based on their
shape information. However, this method is computationally expensive, since the cost of
computing the similarity/dissimilarity between each pair of time-series is quadratic in

the length of the records.

Most state-of-the-art approaches for shape-based clustering suffer from two main
drawbacks: (i) they are computationally expensive and thus, not suitable for large vol-
umes of data [145,159,174,229]; and (ii) these approaches are limited to specific domains
[229], or their effectiveness has only been evaluated over a small number of datasets

[145,159].
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k-Shape [170] is a novel method that has been proposed to address the problem of
finding a suitable distance measure and clustering method for finite time-series data,
where time-series sequences belong to the same cluster, exhibiting similar patterns, re-
gardless of differences in amplitude and phase. Paparrizos and Gravano [170] select a
statistical measure, cross-correlation, as a shape similarity distance measure for compar-
ing time-series sequences. For clustering time-series data, they modify the classical crisp
k-means clustering algorithm (also called hard c-means (HCM)) with a new centroid com-
putation technique based on a shape extraction method while computing the clusters.
These two novel modifications seem highly effective in terms of clustering accuracy and
efficiency. To demonstrate the robustness of k-Shape clustering [170], the authors per-
form an extensive evaluation over 48 different time-series datasets and demonstrate the

superiority of their technique against fifteen existing schemes.

The key contributions of this chapter are the following. We introduce two novel clus-
tering algorithms. The first substitutes the Shape Based Distance (SBD) measure introduced
in [170] for the model norm in the standard fuzzy c-means [26] algorithm, and the sec-
ond uses the SBD measure and shape extraction method in [170] to update prototypes in
the fuzzy c-means clustering algorithm [26]. These two modifications result in 4.5% and
58.5% improvement respectively in accuracy and efficiency in comparison to k-Shape
clustering. We make a direct comparison with the results reported in the k-Shape pa-
per, by evaluating our methods on the same UCR time-series classification archive [126],

which consists of 48 labeled time-series datasets from various real-world domains.

The remainder of this chapter is organized as follows: Section 4.2 reviews related
work on time-series clustering, Section 4.3 presents the relevant theoretical background
on fuzzy c-means and k-Shape clustering that are based of our two new algorithms. Sec-
tion 4.4 introduces our two novel clustering methods FCS++ and FCS+. Section 4.5 dis-
cusses the four external cluster validity indices used for measuring the accuracy of clus-
tering methods. Section 4.6 evaluates our proposed methods with extensive numerical
experiments, and shows that our algorithms outperform the crisp k-Shape clustering al-
gorithm in terms of accuracy and efficiency. Sections 4.7 and Section 4.8 contain a short

discussion of our conclusions and some future research directions.
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4.2 Related Work

Among different techniques for analyzing time-series data, clustering is a popular data
mining method due to its usefulness as a preprocessing step for other data mining tech-
niques. There are comprehensive literature surveys on time-series clustering such as [7,
57,183]. Generally time-series clustering algorithms fall in to two categories: Statistical-
based and shape-based methods. Statistical-based methods, use characteristic measures
[216], varying coefficient models [120], and subsequences of time-series as approaches for
extracting features to cluster time-series data. However, there are two general drawbacks
of using these methods: first, applying these methods usually leads to trial and error
problems because of their requirement for adjusting multiple parameters; second, they
are not domain-independent [170]. On the other hand, shape-based methods do not have
these limitations and they have been used in a variety of studies. Therefore, in this chap-
ter we focus on shape-based clustering. In the following we briefly review shape-based
distance functions for time-series data as well as relevant clustering techniques that have
been reported in the literature.

An efficient shape-based distance function that measures the similarities/dissimilarities
between series data, should not be sensitive to the time of appearance of similar se-
quences [7]. Indeed, a distance function that measures the shape similarity should be
invariant to phase and amplitude. Therefore, elastic methods [8], [15] like DTW [50] are
more suitable for shape-based time-series clustering.

Next, we review relevant shape-based distance functions that have been introduced
in previous studies. In [63] the authors introduced an indexing method using Euclidean
distance in a lock-step measurement (one-to-one) manner. Sensitivity to scaling is the
drawback of this method. The DTW distance has better accuracy but lower efficiency
than this method. In [78] the authors proposed a cross-correlation based distance func-
tion that is very efficient for noise reduction. In addition, this distance function can sum-
marize the temporal structure of the time-series data. In [18,212] a non-metric similarity
measure is proposed based on the Longest Common Sub-Sequence (LCSS), which has very
good noise robustness. In this method, the similarity between trajectories is considered
by giving more weight to similar segments of the sequences.

In [45] the Edit Distance with Real Penalty (ERP) is introduced as a metric that can



4.2 Related Work 73

handle local shifting in time-series data. The ERP approach is a robust method against
noise and is shift- and scale-invariant. In [135] the Minimal Variance Matching (MVM)
method is proposed which is able to skip outliers automatically. MVM uses the DTW
method for calculating the similarity between two time-series, but MVM, unlike DTW,
can skip some target series. In addition, MVM, like the LCSS method, can allow the

query sequences to match to only sub-sequence of the target sequence.

In [46] the authors introduced the Edit Distance on Real sequence (EDR) method, which
is robust against noise, shifts, and scaling of the time-series data. This method is more ro-
bust than the ED, DTW, and ERP methods, and it is outperforms the LCSS method. EDR
measures the similarity between two trajectories based on the edit distance on strings. By
assigning penalties to the unmatched segments, EDR improves its accuracy, and by quan-
tizing the distance between 0 and 1 effectively removes the noise. In [154] the Sequence
Weighted Alignment (Swale) model is proposed to score similarities between time-series
data based on rewards for matching portions, and penalties for mismatching portion of

sequences.

In [57,215] the authors conducted extensive experiments on 38 data sets from a wide
variety of application domains to compare distance functions. They concluded that the
constrained Dynamic Time Warping (cDTW) method [189] outperforms all other distance

measurement methods in term of accuracy.

The Shape Based Distance (SBD) [170] is a novel measurement approach that han-
dles distortions in amplitude and phase accurately, by efficiently using cross-correlation
through normalization of a shape-based distance measure. According to the authors of
[170], SBD achieves similar accuracy to cDTW but it does not require any tuning, and itis
an order of magnitude faster. In this chapter we use SBD as the distance function in our

algorithms.

Many studies have focused on partitional models of clustering using a shape-based
distance function that is shift- and scale-invariant. Among partitional clustering meth-
ods, k-medoids [121] clustering has been used widely because of its ease of incorporating
a shape-based distance measure [57,215]. However, k-medoids is a computationally ex-
pensive and non-scalable method. Alternatively, other studies [145,159,174,229] have

focused on k-means (aka hard c-means (HCM)) [142] with various choices of centroid
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computation and/or distance measure. The best performing k-means approaches have
used DTW while proposing a new centroid extraction method [145,159,170,174,229].

Recently, a novel partitional clustering algorithm, k-Shape, that uses the SBD distance,
was proposed in [170]. The k-Shape algorithm preserves the shapes of time-series when
comparing them, and computes centroids in a scale- and phase- invariant way. The au-
thors of [170] showed that k-Shape partitioning of 48 finite, labeled time-series data sets
was superior to 15 other methods based on spectral, partitional, and hierarchical cluster-
ing approaches. k-Shape appears to be a scalable and accurate approach for time-series
clustering that can be applied to a wide variety of domains.

There are also fuzzy approaches to clustering in time-series based on algorithms such
as FCM. Studies based on fuzzy clustering of time-series data include [78,151,196]. In
[151] a short time-series (STS) distance is proposed to measure similarities between time-
series that are short in length, based on their shape. By changing the Euclidean distance
to STS distance in the standard fuzzy c-means algorithm, they modified the membership
matrix and centroid computation algorithm, thus producing a fuzzy time-series cluster-
ing algorithm for short time-series data. In [78] the cross-correlation method is consid-
ered as the distance measure in the fuzzy c-means clustering algorithm and arithmetic
means are used for prototype computation to cluster functional MRI data. The authors in
[158] used the DTW method as distance measure and applied k-means and c-medoids al-
gorithms as clustering methods. Comparing the results of these two methods, led them to
conclude that k-means cannot produce satisfactory results whereas c-medoids obtained
good accuracy. In Chapter 4, we propose two novel shape-based clustering methods of

time-series data based on heuristic derivatives of FCM.

4.3 Preliminaries

Many clustering algorithms exist for numerical feature vector data such as X = {xy, x, ..
RP. There are three basic problems associated with clustering in X : (i) pre-clustering as-
sessment of tendency (what value of ¢, the number of clusters, to use?); (ii) partitioning
the data (finding the c clusters); and (iii) post-clustering validation (are the clusters use-

ful, realistic, etc.?). Good presentations on each of the three basic problems include the

S Xn} C
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general texts [28,61,118,206]. This study concerns itself with three algorithms for clus-
tering in data where each x; € X is a vector of length p that represents a finite portion
of a waveform or time-series. Data of this type are prevalent in many fields: for exam-
ple, stock market analysis [72], satellite imagery [101], computational finance [186] and
neuroscience [66,177,188].

In this section we review the relevant theoretical background for our new clustering
algorithms. In Section 4.3.1, we review fuzzy c-means clustering, which is the basis of
our work. In Section 4.3.2, we introduce the shape-based distance (SBD) [170]. Section
4.3.3 introduces a new method for assigning a center to clusters based on the shape of the

time-series and briefly explains the k-Shape clustering method [170].

4.3.1 The Generalized Fuzzy c-Means Model

Crisp and fuzzy /probabilistic c-partitions of n objects are, respectively, the sets of matri-

ces defined as

Mgy ={U € R : for1 <i <l <k<m0<up<1;

¢ n
Z ug =1 Vk; Z Uy >0 VZ} (4.1a)
i=1 k=1
My, = {U S Mfcn U € {0,1}Vl,k} (4.1b)

The Generalized Least Squares Error (GLSE) clustering model is the constrained optimiza-

tion problem

min,py{Jm(U, P; X)

I [\1:

i Axe, pi)]?}- 4.2)
1i=1

In equation (4.2), m is a weighting parameter, m > 1, U € Mfcn, P={p,...,pctisa
set of cluster prototypes, and [A(x, p;)]? is a measure of the squared error incurred by
representing input x; by prototype p;. Optimal partitions U* of X are taken from pairs
(U*, V*) that are local minimizers of J,,.

There are dozens of instances of equation (4.2) for specific choices of P and A. For ex-
ample, the prototypes P may be points, lines, planes, linear varieties [28], hyperquadrics

[132], or even regression functions [89]. The dissimilarity measure A may be an inner
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product norm [28], a Minkowski norm [30], or a shape-based distance [170] such as the
one used in this chapter.

For many choices of (P, A), there is a theory to guide approximate solutions of the
model in equation (4.2) by an alternating optimization (AO) algorithm based on Picard
iteration through necessary conditions for its local extrema. The most familiar case is
the original fuzzy c-means (FCM) model with accompanying FCM/AOQO algorithm, first
reported in [26] and described at length in [28]. This case is covered by:

Theorem (1) (FCM) [26]: Let X = {x1,...,x,} C RP contain at least ¢ distinct points.
Let P =V = {vy,...,0.} C R, and A be a positive-definite norm inducing p x p
weight matrix, A(xg, pi)? = ||xx — vil|4 = (xx —0)TA(xx —v;) >0 Vi, k. If m > 1, then
(U, V) € Mge, x RP may minimize [, (U, V; X) only if

2 —1
c 7. m—1
uik=<2<”x"vl”A> ) A<i<gl<k<n, (4.3a)

= \lxx —ojlla
n n
vp =Y uxe/ Y uj;1<i<ec (4.3b)
k=1 k=1

It is also well known that when m = 1 the partition matrix U is necessarily crisp, U €
My, and under the remaining hypotheses in Theorem (1), that equation (4.2) reduces to
the classical hard c-means (HCM, or classical k-means) model which was first discussed
by Lloyd in [141]. In this case, there are several ways to show that conditions (4.3) reduce
to the following well known necessary conditions for minimizing J;.

Theorem (2) (HCM) [26]: Let X = {xy,...,x,} C R* contain at least ¢ distinct points,
P=V ={vy,...,0¢} CR?,andm = 1. If A(xy, p;)* = ||xx —vil|3 > 0 Vi, k then
(U, V) € Mge, x 1P may minimize [1 (U, V; X) only if U € My, is a hard c-partition of X,

and
1 X —villa < ||lxk —vj||aV] #£ i
iy = [xk — villa < [lxk — vj||aV] # (4.42)
0 otherwise
n n
vi= Y upxe/ Y up1<i<c (4.4b)
k=1 k=1

The content of Theorem (2) is often given by denoting the partition U € M, by its

equivalent set-theoretic form,
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C [

X = UL Xis © = XiNigj Xj; ) | Xi |= )_ni = n. Using this representation, equations
i=1 i=1

(4.4) take the alternate form

1 xXx € X; .
U = 1<i<c¢1<k<n (4.5a)
0 otherwise

The advantage of using equations (4.4) instead of (4.5) is that the role of the partition

|/\
|/\

(4.5b)

matrix U is clearly seen in the more general fuzzy case. Note that (4.5a) labels each point
in X with the nearest prototype rule; and (4.5b) shows that the point prototypes are none
other than the geometric centroids (sample means) of the c clusters in X.

There are various ways to estimate solutions for the GLSE problem (4.2) for the choice
[A(xk, pi))? = ||xx — vi||3. The most popular method is Picard iteration through neces-
sary conditions (4.3) or (4.4). For the fuzzy case, these are first order necessary conditions
(FONCs, the gradient must vanish at extreme points). For the crisp case, looping through
conditions (4.4) or (4.5) is sometimes called Lloyd iteration: (4.4b), (4.5b) is a FONC, and

(4.4a), (4.5a) is necessary, but not first order. This method is summarized as Algorithm 1.

Algorithm 1 AO c-means for HCM and FCM

Input: X ={xy,...,x,} CRP
Output: (U,V)
1: Pick 1<c<n:m>1Ty = iterationLimit
2 Model Norm: || x — v ||4a= /(x —0)TA(x — v)
3 Er =| Jm(Us, Vi) — Jiu(Up—1, Vi-1) |
4: 0 < ¢ = terminationCriteria
5. Guess Vo ={v1,...,00} C RP
6
7
8
9

: Calculate Uy with V; and (3a) or (4a)

: t = 1: Ey = bigNumber

: whilet < T,, and E;>¢edo

: Calculate U; with V;_1 and (3a) or (4a)
10:  Calculate V; with (3b) or (4b)
11: t=t+1
122 (U, V) « (U, V)

Reference [28] contains details about most of the issues that arise concerning the use

of these two clustering models and Algorithm 1. Our interest is confined to three algo-
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rithms for clustering finite time-series in the special case when each x; € X is a vector
of length p that represents a finite portion of a waveform or time-series. All three algo-
rithms are ad hoc methods that depend on equations (4.4) or (4.5) and use Algorithm 1

with appropriate modifications to find approximate solutions.

4.3.2 Shape Based Distance

The quality of clustering in feature vector data almost always depends on finding a good
way to measure similarity or distance between the items represented by the data. Wave-
form data presents some special challenges, when represented by fixed length vectors of
finite time-series. Most of the existing literature on clustering in time-series data modi-
fies a classic clustering algorithm such as k-means by (i) substituting a suitable distance
measure on the raw data; or (ii) by extracting features from the data that convert it into
vectors that can be inserted directly into a classic algorithm. This chapter follows the ap-
proach taken in [170], which concentrates attention on SBD as the distance of choice for
waveform clustering.

The underlying desire in waveform clustering is to use a distance measure that cap-
ture shapes differences that are invariant to phase and amplitude changes in the data.
Constrained dynamic time warping is often recommended for this job [189]. Forty six
(46) such measures for time-series data are discussed in [77]! This gives some idea of
how long and hard the path towards a good waveform distance measure has been. The
shape-based distance (SBD) measure introduced in [170] for time-series data forms the
basis for our two new algorithms.

The new algorithms begin by modifying the GLSE model at (4.2) by introducing the
SBD, which is tailored to the time-series case to define A(xy, p;). Specifically, this distance
is introduced for a pair of z-normalized vectors x and y of length p in Algorithm 2:

Notes about Algorithm 2 The z-normalization mentioned in the input line is the stan-
dard (0,1) statistical normalization, i.e., the n input vectors are linearly transformed by
subtracting their feature means and dividing by their standard deviations for each of the
p features in the input data. Lines 2, 5, and 8 correspond to the following equations from
[170].

(A) CC(X,Y) = FY{F(x)*F(y)}, where F and F ! are forward (inverse) discrete
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Algorithm 2 [170]: [dist,y'] = SBD(x,y)

Input: Two z-normalized sequences x,y € }7

Output: Dissimilarity dist = SBD(x,y) € RT;Aligned sequence y’ of y towards x

length onextpower2(2xlength(x)—1)
CC = IFFT{FFT(x,length)*FFT(y,length)}%(A)
NCCo=cc/ x|l s |y |
[value,index] = max(NCC,)
dist=1 - value % (B)
shift = index - length(x)
if shift > 0 then
= [zeros(1,shift), y(1:end-shift)] %(C)

else

y’= [y(1-shift:end), zeros(1,-shift)] %(C)

R A L o S o

1

<

Fourier transforms, * is convolution.

(B) dist = SBD(x,y) = 1 — max,{CCqy(x,y)/||x| ®||y||}, where w € {1,2,...

1}; CCu(x,y) = Ry—p(x,y); and

(p—k
L Xy k=0
Ri(x,y) = { j=1
R i(x,y); k<O
Is|
——
(0,...,0,x1,...,Xp—s); s>0
(C) x() =
(¥1-s/---,%p,0,...,0); s<0
Is|
S

/2]9_

Equation (C) shows how a sliding window passes across a vector, while looking

for the optimal alignment between x and y. The inputs to Algorithm 2 are vectors in

R?, so the distance ||xx — v;|| 4 in equations (4.4a) and (4.5a) can be directly replaced by
SBD(x,y), which is called a distance in [170]. Since SBD(x,y) is produced by Algo-

rithm 2, it is not immediately obvious whether the function A = SBD is really a metric on

RP. Moreover, it is not clear whether the distance emerging from Algorithm 2 should be

regarded as a squared distance or not, although the authors of [170] state that it replaces

[A(x,v)]? in the GLSE problem. The authors of [170] make this substitution in (4.4a) and

in line 3 of Algorithm 1 with m = 1, and call the resultant algorithm the k — AVG + ED

algorithm, where AV G means (4.4b) or (4.5b) is used to compute the prototype updates,

and ED stands for Euclidean distance.

Paparrizos and Gravano argue in [170] that most of the research on waveform clus-
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tering has used distances like DTW to the exclusion of cross correlation (CC) between
time-series because this time honored statistical method suffers from normalization and
registration issues. They assert that to be useful, the data and the CC applied to it must be
appropriately normalized. The z-normalization of the inputs to Algorithm 2 gives it scale
invariance, and takes care of inherent distortion in the data. They tackle the normaliza-
tion of CC with equations (A)-(C) that follow Algorithm 2. Shift invariance is addressed
by computing CCy(x,y) = Rw—p(x,y), which maximizes CC at the best match between
x and y by testing each position offered by the sliding window in equation (C). They
discuss three ways to normalize CC, but only use CC,, shown and used here, which
produces values in the closed interval [—1,1]. Consequently, SBD(x,y) € [0,2], and it
takes the value 0 when x and y are perfectly similar (corresponding to zero distance, i.e.,
x = y). Efficiency of finding CC,, is addressed by using the discrete forward and inverse
Fourier transforms and padding the input data so its length is always a power of 2. The

overall complexity of Algorithm 2 is given as O(plog(p))-

4.3.3 Shape Based Prototypes and k-Shape Clustering

The second major alteration of k-means introduced in [170] is to compute prototypes that
attempt to capture shape information, based on the fact that input vectors represent finite
time-series waveforms. To begin, we revisit equation (4.3a) for v;. This prototype arises
for FCM by zeroing the gradient of the function J,,,(U*, V; X) in the reduced optimization

problem

Miny cyper {]m ur,v; X) Z Z 3" e — TJZHA} (4.6)

U* is fixed in (4.6), and minimization of J,,(U*, V; X) is unconstrained, so solving
Vo, Jm(U*,V; X) = 0 for v; leads directly to (4.3a) in the fuzzy case, and (4.4a) in the crisp
case. When the distance in equation (4.6) is not an inner product norm, J,(U*, V; X) is
generally not differentiable with respect to v;. In this more general case, the reduced

problem for the crisp case (m = 1 in (4.6)) of the GLSE model becomes:

minvew{h (0;X)= Y Alx—0) } (4.7)

xp€X;
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The method of solving (4.7), sometimes referred to as the Steiner sequence problem [173],
depends on the nature of the distance function A(x; — v). When alignment of the obser-
vations {x; } with prototype v is required, this becomes the multiple sequence alignment
problem, known to be NP-complete [213]. Bypassing some intermediate steps given in
[170], (4.7) eventually becomes an instance of maximization of the famous Rayleigh Quo-
tient [206], viz,

Vi = MAXyepp {UTQZ;?QV} = MAXyeRp {v;i\/lvv} (4.8)
where M = QTSQ, Q = I — (1/p)[1], and [1] is the p x p matrix of 1’s. The solution
of (4.8) is the eigenvector corresponding to the largest eigenvalue of the real symmetric
matrix M, which is computed in the last line of Algorithm 3, which records this procedure

as shown in [170].

Algorithm 3 [170]: V; ;1= Shape Extraction(X, v; ;)

Input: X = {x1,...,x,} C RP as a n x p matrix X whose columns are z-normalized
time-series vectors. v;; € R” is the reference sequence against which time-series of X
are aligned

Output: v;; € R % new i shape prototype

X [ ]
2: fori =1tondo
3: [dist,x'] <~ SBD(v; s, X(i))  %Algorithm 2

4: X'« [X;x']

5: end for

6: S+ XTeX %S, Eq (8)

7: Q«I-— %[1] %Q, Eq (8)
8: M+ QTeSeQ %M, Eq (8)

9: vy < Eig(M, 1) %Extract 15'ev

Notes about Algorithm 3. Lines 6, 7 and 8 compute the quantities S, Q and M needed
in equation (4.8) to realize line 9, which produces updated prototype v;;,1 for cluster
i given the points (X;) currently in it and the current prototype v;;. Since there are c
prototypes, the k-Shapes (of course k = ¢ here) algorithm in [170] returns to Algorithm 3,

c times during the prototype refinement step of the k-Shape clustering iteration.

Now everything is in place for Papparrizos and Gravano to define their k-Shape

method, repeated here from [170].
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Algorithm 4 [170]: [u, V]= k-Shape(X, ¢)

Input: X = {x1,...,x,} C RP as a n x p matrix X whose columns are z-normalized

time-series vectors: c is the number of clusters produced

Output: uisan x 1label vector that partitions X into c crisp clusters. V is a ¢ X p matrix

1:
2:
3:
4

10:
11:
12:
13:

14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

containing c shape extracted centroids of length p.
iter < 0

W[ ]

while u! = u’ and iter < 100 do

u «—u
% Refinement step
forj <~ 1tocdo
X | ]
fori <~ 1tondo
if u(i)=j then
X+ [X,X(i)]
end if
end for
v(j) < Shape Extraction (X’; v(j)) %Algorithm3
end for
% Assignment step
fori <—1tondo
mindist <— oo
forj < 1tocdo
[dist, x"] <= SBD (v(j), X(i)) %Algorithm?2
if dist < mindist then
mindist < dist
u(i)<j
end if
end for
end for
iter < iter +1
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44 FCS+ and FCS++ Clustering

The SBD algorithm, in conjunction with Theorem (1), offers a way to immediately modify
the basic FCM algorithm for waveform inputs. We can replace the inner product norm
in Line 2 of Algorithm 1 with the SBD computed by Algorithm 2. This results in our first
heuristic generalization, which we will call fuzzy c-Shape plus (FCS+). We have added
the ”+” to the acronym FCS so that you won’t confuse this new shape-based distance
algorithm with an older one bearing the acronym FCS (fuzzy c-shells, [54]), in which the

prototypes are shell boundaries and the model norm is an inner product A-norm.

Algorithm 5 FCS+

1: Replace: line 3 in Algorithm FCM with: 3 Model Norm: SBD(x, v) < || x — v ||}
2: Do: Algorithm 1

3. [optional] Harden U, line 13, Algorithm 1 with Eq(11)

4: [optional] Output: Hyy(U) € My

Note about Algorithm 5. The optional lines of Algorithm 5 harden the terminal fuzzy
partition. This option is NOT necessary, since there are soft versions of all four CVIs
based on the contingency matrix discussed in the next section [13]. However, we will
use this option for FCS+ in our numerical experiments so that the comparison of FCS+ to
k-Shape (which has only crisp partitioning) is equitable. Algorithm 4 represents the
crisp partition of X that it produces as the n x 1 label vector u (not bold in Algorithm 4).
This is an efficient way to carry the information in the crisp case. To see how a fuzzy
generalization would make sense, let us represent the partition information possessed by
the crisp vector u as a matrix U € M,,. For example, suppose the output of Algorithm 4
is u = [12131], so there are ¢ = 3 crisp labels for n = 5 objects. The matrix representation

for this u is

10101
U=101 00 0 (4.9)
00010

During the refinement step, Algorithm 4 will update the three cluster centers by call-
ing Algorithm 3 three times. Each prototype update uses only the data vectors in its

cluster, illustrated graphically as follows:
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1 01 01 = Uit — UL+l
U=10100 0 = vy — Vo (4.10)

0 0010 = U3t — U3t11

Equation (4.10) shows how crisp membership in each cluster is used to control which
vectors in the data set are accessed during the update procedure. At each j, lines 6-9 of
Algorithm 4 picks out only the vectors in current cluster X; (corresponding to the 1’s in
the j”’ row of U) and writes them into X', so when Algorithm 3 is called in line 12 of
Algorithm 4, only the points in X; are sent to it via array X' to update the shape based
prototype for the j* cluster.

The representation of the partition produced by Algorithm 4 at (4.10) shows how to
generalize the k-Shape algorithm to the fuzzy case. Algorithm FCS+ produces a fuzzy
U € My, which we can harden using the maximum membership function Hyy :
Myey — Myen, which operates on the columns of U. Hy,, (U) = (UMW) ... h(UM)]

is a hardening of U defined on the 1 columns {UB} of U as follows:

~~"
Z‘th
1 Uje > Ui, ] #~ 1
— ik > Ujii ] 7 . (4.11)
0 otherwise

In words: h replaces the largest value in each column of U with a 1, and place 0’s
in the other ¢ — 1 slots in each column of U. When ties occur, assign the membership 1
arbitrarily to any winner, and treat the other maximums as non-winners. For example if

we apply Hy, to the matrix

09 0.1 06 03 065
U=101 08 03 022 0 (4.12)
0 01 01 075 0.35

the result is that H,,,,, (U/) = U, the matrix at (4.10).
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Once this conversion is made, it is a simple matter to convert Hmm(ul) back to the
list form row by row, u<—H,;, (LI/), required as one of the inputs to Algorithm 4. With
this conversion in hand, we can define the fuzzy c-Shape double plus (FCS++) algorithm,
where the first + stands for the use of the SBD distance function (Algorithm 2), and the

second + represents the use of SE prototypes via Algorithms 3 and 4.

Algorithm 6 FCS++

Input: X = {x1,...,x,} CR?
Output: (U,V)

1: Pick1l <c<mn:m>1:Ty=iteration limit

2: Model Norm: A(x,v) = SBD(x, v)

3: Error Norm: E; = || Vi — Vi1 ||

4: 0 < & = termination criterion

5. Guess Vy = {v10,...,00} C RV

6: t =1: Eqy = big number

7: while T < Ty and E; > e do

8:  Calculate U; with V;_1 and (3a)

9:  u+ H(uy) %Harden U; with Eq(11)
%SE Refinement step

10: forj< 1ltocdo

11: X [ ]

12: fori < 1tondo

13: if u(i) = j then

14: X'« (X, X(i)]

15: end if

16: v(j) < Shape Extraction (X’;v(j)) %Algorithm3

17: end for

18:  end for

19: Vi =[V(1)V(2)---v(c)]

20: t=t+1

21: (U, V) < (uy, V4) % U € My, is crisp

4.5 Cluster Validity Indices

The quality of our experimental outputs can be judged in a number of ways. To make
direct comparisons between the k-Shape outputs in [170] to those found by FCS+ and
FCS++, we will follow [170] by using external cluster validity indices (CVIs), which are
functions that identify a “best” member amongst a set of candidate partitions CP = {U €

Mgen i cm < ¢ < cm) of any set of O = {oy,...,0,} of n objects.
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There are two basic types of CVlIs. Internal CVls use only the information available
from the algorithmic outputs to assess the quality of each U € CP. External CVIs use
the information available to internal indices, but also use “outside” information about
the data, which almost always means that the data are labeled by a crisp ground truth
partition. So, external CVIs basically compare partitions in CP obtained by a clustering
algorithm to the crisp partition of ground truth labels. This is rightly regarded as “fake
clustering,” since the subsets in the labeled data are, presumably, already clustered (but
please note that these are labeled subsets, which may or may not be regarded as clusters
by a specific model and algorithm). But this is a good way to compare different clustering

algorithms (which is our aim here), and so many studies of this kind exist in the literature.

Chapter 16 in [117] is an excellent source of general information about CVIs. The
seminal paper by Milligan and Cooper [149] was the first comprehensive study of the
selection of an internal CVIL. The use of external CVIs to choose a “good” internal CVI as
discussed in [13,137]. Many other internal CVIs that are popular for validation of crisp
partitions are compared in [14], which offers a wide choice of potential CVIs that might be
adapted to the present application. Here we briefly summarize the four external indices

we use to evaluate our algorithms.

Let U € My,,,, Q € My, and N = UQT (in general,  # ¢). When a reference (ground
truth) partition is available, it will be Q in the transformation N = UQT. The matrix N
forms a contingency table between the two partitions, so is sometimes called a contingency
matrix. Given Q, we match Q to candidate U € CP using CVI(U | Q). The Rand index
[182], one of the first (and still most popular) crisp external CVls, is based on (4.4) paired

comparison values derived from the elements of N :

a = % Z Z Tll']'(nl']' - 1),‘ (413a)

; (4.13¢)

b % (ing]_ -y i’”‘?]) ; (4.13b)

d= % (712 - Xr; inf] — (i n? + in%)) : (4.13d)
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In equation (4.13) n;e, 114; are, respectively, the i row and j* column sums of the contin-
gency matrix N.

CVIs are notoriously fickle, so we use four CVIs here based on different combinations
of the values in the contingency matrices to see if they will all rank the three algorithms

the same way. The Rand Index (RI) is computed with these four values as

(a+4d)
(a+d)+ (b+c)

RI(U | Q) = (4.14)

The numerator (a + d) is the number of agreements between pairs in U and Q; (b +¢) is
the number of disagreements. The RI is valued in [0, 1], taking its maximum if and only
if U = Q. So, the heuristic for this index is that the maximum value of the RI over the
partitions in CP points to the best match among the candidates. We call such an index a
max — optimal CV1I, indicated as (7). Several adjustments of (4.14) have been proposed
in the literature that attempt to rectify the tendency of the RI to increase monotonically

with c. Of these, the Adjusted Rand Index (ARI) of Hubert and Arabie [112] is the most

popular:
(a+c)(a+b)
(ﬂ - m)
ARI = . 4.1
Q) ((a+c)+(u+b) _ (a+C)(ﬂ+b)> 19
2 a+b+c+d

The ARI is also max-optimal (1): it maximizes at 1, but its minimum may be negative if
the index is less than its expected value of zero. The third external CVI we will use is the

variation of information (VI) introduced in [146]:

VI(U | Q) = - —Llog—
i:l}g n n
Lo M nij/n
- 1o . (4.16
1_21]_21 n g(ni./n)(n.j/n) )

The VI index is a metric valued in [0, log(n)] which takes the value 0 when U = Q, so the
heuristic for V1 is to accept the partition achieving the minimum value over CP: the VI
is min-optimal (J).

The last external CVI we use is a form of mutual information, which is normalized by a
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maximum calculation, so this index bears the notation NMIy (U | Q):

NMIy (U S e/ 417
Q) = e (H (W), (@) @17
n
where, for example, n; = Z ujr is the number of points in the it" cluster in U, and
k=1
r Cc . .
Hs(U)=-)_) %log% is Shannon'’s entropy of U [117], and likewise for Hg(Q). This

k=1i=1
index has been a good performer in several cluster validity studies [211], and provides a

nice contrast to the other three indices. The range of NMIy (U | Q) is [0,1], and itis a
max-optimal (1) CV1I, so larger values point to better matches between U and Q.

The four CVIs we use can all be generalized to compare soft U’s to crisp Q by the
method discussed in [13]. However, we will convert FCS+ outputs to the crisp partition
Hym(U) per Equation (4.11) before computing these indices. And we MUST convert U
to Hym (U) to implement FCS++. Consequently, all three clustering algorithms will be

evaluated using the same type of information.

4.6 Numerical Experiments

We use the same 48 synthetic and real data sets that were used in [170]. The 48 sets are
all z-normalized, crisply labeled, split into training and test sets, and are collected in the
UCR time-series database [126]. Our experiments are based on merged versions of the
training and test sets. The length of the time-series (number of points sampled from the
waveforms) in each set is fixed and equal, ranging from p = 24 to p = 1882. The number
of sample waveforms in the data sets ranges from n = 56 to n = 9236. Since all 48 of these
data sets are class-labeled, we do not use the external CVIs to select a best candidate from
a set of c-partitions at different values of c. Here we simply run FCS+ and FCS++ using
the specified number of target labels for each of the 48 data sets, acknowledging that the
number of labeled classes does not automatically identify the number of clusters that any
model and algorithm might think are present in the data. We ran the experiments for each
clustering method ten times for each data set. We implemented the clustering methods

in MATLAB R2014b (64bits) using the platform: Intel(R) with core(TM)i7 processor and
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clock speed at 3.60 GHz and 16 GB RAM.

Table 4.1 shows the grand averages over 480 trials for each of the four crisp external
CVIs. Each index was evaluated 10 times for different runs of FCS+ and FCS++ on each
of the 48 labeled data sets. The ordering for the three algorithms is the same for all
four indices. Table I shows that FCS++ is slightly better than FCS+, and in turn, FCS+
outperforms k-Shape by a small margin for all four indices. This demonstrates that the
overall quality of both of the new fuzzy methods for clustering waveform data is superior

to the k-Shape algorithm in [170]. Figure 4.1 compares each pair of methods graphically.

Table 4.1: Grand Average of (480) CVI values
(10 runs per data set x 48 data sets)

CVI Type Range FCS++ FCS+ k-Shape
RI (1) [0,1] 0.822 0.807 0.772
ARI (1) [—a,1] 0.461 0.403 0.321
NMIy, (1) [0,1] 0.641 0.534 0.413
VI (1) [0, logn] 1.010 1.463 2.455

The line through the origin at 45 degrees in each view separates [0,1] x [0,1] into two
half-spaces. Each of the views 4.1a, 4.1b and 4.1c plots the average values of the Rand
Index over 10 runs for each of the 48 data sets. The dots represent the 48 data sets, and
the coordinates of each dot are the average values of the Rand index for the algorithm pair in each

view.

For example, the coordinates of points in Figure 4.1a are: horizontal coordinate x =
average Rl value achieved by 10 runs of k-Shape; vertical coordinate y = average RI value
achieved by 10 runs of FCS+. There are 10 points below the line y = x in Figure 4.1a, 1
point on the line, and 37 points above the line. This means that FCS+ achieved a better
average result with the RI than k-Shape on 37 of the 48 data sets, they were tied on one
data set, and k-Shape had a better average RI than FCS+ on 10 data sets. Figure 4.1b
shows that FCS++ is slightly better, with 38 data sets above the line. And Figure 4.1c

shows that FCS++ achieves a better result than FCS+ on 38 of the 48 data sets.

Time complexity analysis: Assume that n and p are the number and the length of the

finite time-series respectively and c is the number of clusters. All three algorithms use
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Figure 4.1: Comparisons of k-Shape, FCS+ and FCS++. Average RI values of ten runs
over 48 data sets.
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Table 4.2: Average run time for 480 values of the Rand Index (48 data sets, 10 runs each)

Algorithm Ave. CPU Time (in seconds)
FCS+ 9.51

k-Shape 22.95

FCS++ 25.04

Table 4.3: Accuracy comparison among three clustering method using Wilcoxon test
based on RI validity method. R corresponds to the sum of the ranks for the method
on the left and R~ for the right

RI Accuracy
Method R* R~ p-value
k-Shape vs FCS++ 215 913 1.304¢ %
k-Shape vs FCS+ 238 813 3.309¢ %4
FCS++ vs FCS+ 931 245 2.608¢~ %4

the SBD function to measure dissimilarity between data points and centroids. The SBD
function requires O(plog(p)) time to calculate this measurement. The implementation
of FCM as shown in Algorithm 1 is O(npc?). k-Shape uses the k-means algorithm as its
underlying clustering algorithm, where the time complexity of k-means is O(npc). Now,
the time complexity for the FCS+ algorithm can be calculated as O(ncplog(p)) time. In
FCS++ and k-Shape clustering algorithms, there is a refinement step, which for every
cluster calculates matrix M with O(p?) time complexity, and then computes an eigen-
value decomposition on M with O(p?®) time complexity. Therefore, the complexity of the
refinement step is O(max{np?,cp®}). As a result, the per iteration time complexity of
FCS++ and k-Shape are O(max{nc?plog(p), np?,cp®}) and O(max{ncplog(p), np* cp>})
time respectively. Thus, all three algorithms are linear in the number of time-series, and
the major portion of the computational cost rests with p, the length of the time-series.
Table 4.2 shows the average CPU time taken by each of the three algorithms to eval-
uate the Rand index for 10 runs of FCM on each of the 48 data sets. FCS+ takes roughly
9.5 s per run, whereas the other two required about three times that, FCS++ topping out
at about 25 s per run. This is easy to understand: FCS+ does not use SE Algorithm 3, so
it is considerably less expensive computationally than the other two algorithms. Overall,

these algorithms are reasonably fast for the 48 data sets used in our experiments.

Statistical analysis: We used two statistical tests that assess the statistical significance
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Table 4.4: Accuracy comparison among three clustering method using Wilcoxon test
based on ARI validity method. R™ corresponds to the sum of the ranks for the method
on the left and R~ for the right

ARI Accuracy
Method R* R~ p-value
k-Shape vs FCS++ 66.5 1061.5 1.403¢%
k-Shape vs FCS+ 154 897 6.848¢ %
FCS++ vs FCS+ 1036.5 1395 4.199¢7%

Table 4.5: Accuracy comparison among three clustering method using Wilcoxon test
based on NMIy; validity method. R corresponds to the sum of the ranks for the method
on the left and R~ for the right

NMIp; Accuracy
Method R* R~ p-value
k-Shape vs FCS++ 75 1053 1.426¢~%7
k-Shape vs FCS+ 81 970 1.991¢~%
FCS++ vs FCS+ 1009 167 4.199¢~

of the performance of the various methods. First, we perform pairwise comparisons be-
tween different methods using the Wilcoxon signed-rank test [223]. The test returns a
p-value associated with each comparison, representing the lowest level of significance
of a hypothesis that results in a rejection. This value can be used to determine whether
two algorithms have significantly different performance and to what extent. For all the
comparisons in this study the significance level « is set to 0.05. Tables 4.3, 4.4, and 4.5
summarize these comparisons on all the accuracy results from the three algorithms over
48 datasets. In the three mentioned tables, the p-value is less than the significance level
(« = 0.05), which means that there is a significant difference between the accuracy of
algorithms. To illustrate, consider the RI Accuracy, where the first row compares k-Shape
with FCS++. The sum of ranks for k-Shape is less than the sum of ranks for FCS++.
Therefore, the accuracy of FCS++ is better than k-Shape clustering. Another statisti-
cal test that enables us to compare the three clustering algorithms is Friedman’s test [69].
The Friedman test is a non-parametric statistical test for differences between groups. Fig-
ure 4.2 shows the results of applying Friedman’s test to the three clustering algorithms

with respect to the three max optimal CVIs used in our study. Friedman’s test supports
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the conclusions drawn from Wilcoxon's test, viz., that FCS++ is superior to FCS+, which

is in turn superior to k-Shape.

Bl AR [ R IENMI

3_ ................................................................................ 3 ...... 3 ..... 3 ....... =
2| 5, i
= 2
%2 ........ e N . |
o
O 1 1 1
o))
E =
@
-
L Ak | ................ I I ................ WOV

FCS+ FOSED k-Shape

Figure 4.2: Comparison for rankings of clustering accuracy methods for 3 metrics. The
bars represent average rankings based on the Friedman test, and the number on the top
of the bars indicates the ranking of the algorithm, from the best (1) to the worst (3) for
each given measure. The ranking is determined for all datasets and finally an average is
calculated as the mean of all rankings.

4.7 Discussion

The authors of [170] assert that k-Shape effectively minimizes the classical HCM objective
function J; (U, P; X) when P is computed with SE Algorithm 3 and the model norm is
replaced by SBD(x,y). However, (i) no theory is given to support their statement about
minimization; (i7) Algorithm 2 was not shown to represent an actual metric distance; and
(iii) it is not clear whether the distances from Algorithm 2 should properly be interpreted
as squared.

The convergence properties of FCM and HCM are well known [27], and the basic

theory for both depends on iterate sequences having the descent property, i.e., that for
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successive iterates, [ (Ui11, Vit1) < Jm(U, Vi). The objective functions that might be op-
timized by these three heuristic algorithms are all related in principle to the LSE function

at Equation (4.2), i.e.,
Jn(U, P;X) = Y ) (uie) ™ [A(xx, pi)]*
k=1i=1

Table 4.6 lists the components of J,,(U, P; X) for each of the three methods tested in this
chapter, along with the corresponding information for HCM and FCM. In all cases P is a
set of ¢ vectors V C R?. For FCM, HCM and FCS+ they are unconstrained centroids in

p space; for k-Shape and FCS++ the V’s are found by shape extraction (Algorithm 3).

Do any of the heuristic methods discussed here generate iterative sequences that en-
dow the objective function obtained by replacing V C R and A(xy, p;)? in Equation (4.2)
with the parameters shown in Table 4.6 with the descent property? The answer is no. The
last column ({?) of Table 4.6 summarize what is known about the descent property for

each of the five methods.

Figure 4.3 plots presumptive objective functions based on the parameters in Table 4.2
for one run of k-Shape, FCS+, and FCS++ on three different data sets. Each view in
this figure shows that the objective function for each algorithm is not always monotone
decreasing on successive iterates. Consequently, the descent property (and in turn, any
convergence theory that requires it) is ruled out by counterexample for all three of these

heuristic schemes.

Table 4.6: Presumptive Objective Function Components

Method U [A(xx, pi)]? P 1?
FCM(m > 1) Mfey lx —o[%
FCM(n = 1) M o,
(¢ — means)
k — Shape My, SBD(x¢, pi) SEV X
FCS+ Hym (U) SBD(xy, pi) \Y x

FCS + + Hym (U) SBD(x, p;) SE V x
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Figure 4.3: Objective functions for algorithms k-Shape, FCS+, and FCS++, are not always
monotone decreasing on successive iterates.
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4.8 Conclusion

Two new fuzzy variants of k-Shape were defined. FCS+ arises by substituting SBD(x, p;)
for || x — v ||4 in FCM. FCS++ is FCS+ with the additional substitution of SE V for the
prototypes in FCM. For FSC++, partitioning is adapted to the k-Shape algorithm by hard-
ening the fuzzy partitions produced by FCM at each assignment step.

We performed the same experiments with 48 labeled waveform data sets that were
done using k-Shape in [170], and compared the two fuzzy methods to k-Shape using four
crisp external cluster validity indices and two statistical tests of significance. All four
indices indicate that FCS++ performs somewhat better than FCS+, and in turn, FCS+ is
slightly superior to k-Shape.

While our numerical results are encouraging, they are by no means definitive. More
experiments are needed with other waveform data, including unlabeled data. Another
avenue of pursuit is the theory: is SBD a metric? Is there any convergence theory for
k-Shape, FCS+ or FCS++? Figure 4.3 suggests that the short answer is "probably not.”
Moreover, any satisfactory convergence theory has to overcome the fact that the SBD
and SE schemes are computer programs, not functions. Finally, we have not capitalized
fully on the fuzzy information available at each assignment step of the two new methods,
instead opting to harden U so that H,,, (U) can be used directly by Algorithm 3. Surely
there is a better use of this information? This is the enterprise we will turn to next.

In this chapter we focused on improving the accuracy and efficiency of clustering
algorithms for time-series data. In the next chapter we use the proposed algorithm in
practice to improve the accuracy of load profiling. By leveraging the new proposed clus-
tering algorithm, we introduce a framework for short-term load forecasting at the grid
level, which is able to handle the non-stationary and unbalanced nature of the load data

set.



Chapter 5

Robust and Accurate Short-Term Load
Forecasting Framework

One of the most critical tasks for operating a power system is load forecasting in order to keep
balance between demand and supply and for planning infrastructure. Errors in load forecasting can
result in significant cost increases for electricity suppliers and increase the chance of unexpected black-
outs or brownouts. Improving the accuracy of short-term load forecasting is a challenging open prob-
lem. This chapter proposes a novel framework for short-term load forecasting using the proposed
clustering method in the previous chapter, LSTM networks and Xgboost methods. In particular, our
proposed approach introduces an ensemble process together with novel features that lead to improved
accuracy of the load forecasting model. The performance of the proposed framework is validated with
publicly available real-life data from Australian Energy Market Operator, as well as through on-site
deployment, which has led to substantially higher accuracy over existing methods.

Due to the integration of renewable energy sources and grid modernization, the power system has
become more volatile and less predictable than ever before, as a result applying unsupervised methods
for data mining in this area is essential. The proposed framework is able to produce multiple historical
models for different temporal variations, and uses ensemble learning techniques to forecast the day
ahead load with high accuracy. In addition it is able to handle unbalanced training data sets, which
enables high accuracy in predicting the load in the abnormal situations like very hot days and severe
weather conditions.

The results of our system have been compared with the existing well-established Australian short-
term load forecasting system over the five regions in Australia. It is shown that our predictive frame-
work has a substantially higher accuracy over the existing methods and it is flexible and easy to apply,

which makes it an effective model to supplement any operational power system.

5.1 Introduction

97
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HORT term load forecasting (STLF), which ranges from 30 minutes to one week
S ahead, is a challenging task of crucial importance for power system operation due
to the variety of factors that influence the load and the volume of data that needs to be
considered. STLF plays an important role in the reliability, security, market operation,
and scheduling of reasonable dispatching plans for smart power grids. With increasing
integration of renewable energy sources and the introduction commencement of differ-
ent demand response programs in the energy market, the load has become more volatile
and less predictable than ever before [153,155,162,176]. Thus, trying to produce more
accurate load forecasting models has become a major research challenge for energy sup-
pliers, energy marketers, financial markets, and other parties that contribute to electric

power generation, distribution and transmission.

Load forecasting has been widely studied since the 1970s and a variety of methods
have been proposed. These methods can be categorized into traditional statistical meth-
ods and Artificial Intelligence (AI) based methods. Traditional methods introduced lin-
ear models for load forecasting, such as regression and time-series analysis [34, 143, 161].
These methods are not suitable for non-linear problems like STLF, thus they often have
poor prediction accuracy. Al based methods such as neural networks [92,129,160], sup-
port vector machines [166], k-nearest neighbors [52], and fuzzy models [201] are able
to approximate nonlinear relationships and have been extensively applied to the STLF

problem.

Although a wide range of studies have been conducted into load forecasting, pro-
ducing an accurate STLF is an open research problem due to the variety of factors that
influence the load, the volume of data that needs to be considered, and the non-stationary

characteristic of the load data.

Recently, Recurrent Neural Network (RNN) models have been recognized as one of
the most effective methods in time-series forecasting due to their ability to learn func-
tions of arbitrary complexity and capture the time varying dynamics of the underlying
system [191,224]. In this chapter we use Long Short Term Memory (LSTM) [96], which is
a special type of RNN architecture. LSTM can learn the order dependence between items
in a sequence and it has the potential to learn the context required to make predictions in

time-series forecasting problems, rather than having this context pre-specified and fixed
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[74,76]. We use this capability of LSTM to forecast the morning and afternoon peak load
for the day-ahead time horizon. We then use these two values as features inputs to a day-
ahead forecasting model that generates load forecast for 24 hours ahead at intervals of 30
minutes granularity. We show that these two features have a major influence in improv-
ing the day-ahead forecast accuracy. Moreover, in order to produce a robust and accurate
forecasting model we have used an unsupervised data mining approach through using
c-Shape clustering which we introduced in Chapter 4 and ensemble learning. The pro-
posed framework is able to produce multiple historical models for different temporal
variations, and achieves a high accuracy of forecast by applying ensemble learning tech-
niques. In addition, it is able to handle the challenge of unbalanced training data sets,
which arise due to the frequency of abnormal situations like extreme weather conditions,
which are critical events that require highly accurate forecasts.

There are many challenges associated with load forecasting. Load demand depends
on different exogenous factors like temperature, humidity, wind speed, seasonal patterns
related to human activities and cyclic information like time of year/season/week/day,
and type of day (holiday/working day/ weekend). The selection of exogenous factors
and modeling the relationship between the selected variables and load data plays a cru-
cial role in load forecasting. In this work we introduce a novel factor, apparent tempera-
ture, which has a major impact on the accuracy of the prediction model.

In summary the novel contributions made in this chapter are:

¢ We introduce a robust and accurate framework based on unsupervised ensemble
learning, which is able to produce accurate predictions even in difficult-to-predict

cases that arise out of volatility, spikes, and abnormal situations.

¢ We introduce a way to handle unbalanced training data sets, which leads to high

accuracy of forecasting in abnormal situations like extreme weather conditions.

* We address the research question of whether combining weather variables that re-
flect the human perception of temperature results in more accurate load forecasts

than using traditional weather variables.

¢ We introduce novel features corresponding to, evening and morning peak demand

estimated by an LSTM, as key features in improving the accuracy of load forecast-
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ing.

¢ The performance of the proposed method is validated with real data from the
power system in the Australian National Electricity Market as well as through on-
site implementation by the system operator. It is shown that our predictive frame-
work has a substantially higher accuracy over existing methods in both normal and

abnormal situations.

* Our proposed framework is flexible and easy to apply, which makes it an effective

model to supplement any operational power system.

The rest of the chapter is organized as follows: Section 5.2 presents the load fore-
casting problem in a formal manner and the machine learning benchmark model. In
Section 5.3 we explain our approach for day-ahead demand forecasting by introducing
a novel clustering based ensemble learning framework and two new input variables for
improving forecast accuracy. In Section 5.4 we show our experimental results based on
real-life data. Finally, in Section 5.5 we conclude and discuss some possible directions for

future work.

5.2 Background

In this section we first formally define the problem, then we introduce a benchmark ma-

chine learning model for load forecasting.

5.2.1 Problem Statement

Producing an accurate electricity load forecasting result is achievable by effectively com-
bining appropriate predictive features. We first describe how to systematically model the
point load forecast in each time step, then we explain how to choose appropriate input
variables for the model.

We are given a historical load data set Ly = {Lg,..., L1}, comprising T observations.
The goal is to predict the H future observations {Lt41,...,Lr4+g}. We can predict the
electric load at time t + h, where h € {1,2,..., H}, by producing different model at each
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forecast horizon h as follows:

Livn = fu(Xs) + €4, (5.1)

where €;,;, denotes the model error, f,(.) is the model which is based on the conditional

expectation E[L;,, | X;], and X; is defined as follows:

Xt = (t, §t+h), (5.2)

where I; is a vector of lagged demand data occurring prior to time t + 1, and g1, is a
vector of exogenous variables at time t 4+ & which will be discussed in Section 5.2.2 in
detail.

The performance of the model can be evaluated in terms of the Mean Absolute Per-

centage Error (MAPE):

100 L Ly — L;
APE = —
M T ; | Lt |/

(5.3)

where L; is the forecast value and L; is the actual observation at time step t.

5.2.2 Benchmark Model

In this chapter we use the eXtreme Gradient Boosting (XGBoost) [48] algorithm as a
benchmark machine learning model. XGBoost has been used widely in many data min-
ing and machine learning challenges and gives state-of-the-art results on a wide range of
problems [48]. Moreover, there are a range of typical input variables that have been used
in the literature for the electricity load forecasting problem during the last three decades,

which we use with this benchmark model.

eXtreme Gradient Boosting: A Scalable Tree Boosting System

XGBoost [48] is an improved implementation of gradient boosted decision trees [67] de-
signed for speed and performance. XGBoost is able to create boosted trees in a well orga-
nized way, operates in parallel, and avoid overfitting by using regularization technique.

It is called gradient boosting because it uses a gradient descent algorithm to optimize the
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value of the objective function. Gradient boosting is an approach where new models are
created that predict the residuals or errors of prior models, and then combined to make
the final prediction. An important attribute of XGBoost is its scalability in all scenarios,
where parallel and distributed computing can make this algorithm run more than ten
times faster than existing popular solutions. In addition, It is able to handle sparse data

and instance weights in approximate tree learning.

XGBoost is a supervised learning algorithm where the training data x; (with multiple
features) is used to predict the target variable y;. The prediction model is defined as

follows:

K
vi=Y filxi), fk € F, (5.4)
=1

where K is the number of trees, f is a regression tree that maps the attributes to the
scores, and F is the set of all possible classification and regression trees (CART). Then,

the objective function can be written as:

n K

Ob](9> = Zl<yl/ y\l) + Z Q(fk), (55)

i k=1

where [(y;, ;) is the training loss function which measures how well the model fits the
training data, and Q)(fi) is a regularization function that measures the complexity of the
model. By incorporating these two components in the objective function, XGBoost is
able to optimize the training loss function to encourage simple models that tend to have

smaller variance and hence more stable predictions.

Since the functions f; are trees, XGBoost uses an additive training algorithm to find
the structure and the leaf scores of the trees. It starts from constant prediction and adds

a new function each time. Then, the objective function is defined as follows:

n

obj" = Y [gifi(xs) + hif? ()] + OAf), 5.6

i=1
where ¢; = ay(t_1>l(yi,y<f*1>), hi = a;(Fl)l(yi,yA(t*”), and 7~V is the forecast value at
time step t — 1.

The model complexity is defined based on the number of leaves of a tree and the L,

norm of scores on the leaves. Consider regression tree f(x) = wy(y), w € RT,q: R? —
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{1,2,..., T}, where W is the vector of scores on leaves, g is a function assigning each data
point to the corresponding leaf, and T is the number of leaves. In XGBoost the complexity

is defined as:

T
Q(f) =T+ %Azwjz- (5.7)
j=1

XGBoost is a kind of gradient boosting decision tree [68] which converts weak learn-
ers into strong learners. Unlike the common use of input vectors to calculate the similar-
ity between the target and training data, gradient boosting constructs the boosted trees
to obtain the importance score for each feature and compare them to each other. Then
specifies the importance of each input variable to the training model. Basically, impor-
tance score indicates how effective and valuable each input variable was in the training
of model by constructing the boosted decision trees. The more a feature is used to make

key decisions with decision trees, the higher its score becomes.

For a single decision tree T, based on method introduced by Breiman et al. [35], the

importance score for each predictor feature X,, can be calculated as follows:

2

wy(T) =Y Bi", (5.8)

M=

I
—_

where w?2,(T) is the squared importance of feature X,, for tree T, N is the number of inter-

nal nodes belonging to the decision tree, and ﬁiz is the squared estimated improvement
in the squared error risk measure over the node i. Each feature is considered as a split
point that partitions the region in to two subregions at every node i. The selected feature
is the one that yields maximum value of ﬁ,-z over the entire region. Then, the squared im-
portance of the feature X, is calculated by summation of the squared improvement over
the N nodes in each tree T. The feature squared importances are then averaged across all
of the the decision trees within the model to produce the importance rank:

i
IRy ==Y wi(Ty), (5.9)
i=1

~ =

where IR,, represents the importance rank belongs to feature m, and ] is the total number

of trees in the model.
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Input Variables

Load forecasting accuracy is influenced by a variety of factors. While new machine learn-
ing methods can fit highly non-linear models, the selection of input variables (features)
is also very important and has a major impact on the accuracy of load prediction. The

features that are utilized in the benchmark model can be categorized as follows:

Load: Electric load consumption usually exhibits a daily periodic pattern. In addi-
tion, load consumption profiles in adjacent days and weeks exhibit strong positive corre-
lations. According to these characteristics we define three variables: load at time t for the

previous two days, and load at time ¢ on the same day of the previous week.

Weather: Weather is a major driving factor of electrical load consumption patterns.
Temperature is the most frequently used weather variable in the load forecasting litera-
ture. In addition, the influence of other weather variables such as wind speed and rela-
tive humidity on the accuracy of load forecasting has been recently reported in [226,227].
Thus, we consider the wind speed and relative humidity as well as temperature in our
benchmark model. To incorporate the recency effect [214] of temperature features we de-
fine seven variables as follows: the temperature at time ¢ today and the same time of the
previous day, maximum and minimum temperatures of the previous day, and average

temperature of the past 3 hours, 6 hours, and 24 hours.

Time Cyclic: These features reflect the cyclic characteristic of the time of day and the
type of day. Cyclic variables are extracted in order to capture the cyclic nature of load
time-series [60]. By spectral analysis, the half day, day, week and year periods have been
identified as the dominant frequencies of the load data [58]. For each frequency, a pair of

variables is considered to represent the corresponding cycles:

o (f) = sin(zLT”)
c(t) = cos(?), (5.10)

where t is the time indicator of the half hourly granularity sampling, which extends from
1 to 17520 for one year. The variable T represents the cycle period that is equal to 17520,
336, 48 and 24 for a year, a week, a day and a half-day cycle, respectively.

Type of Day: Load analysis has shown that load consumption on non-working days
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Figure 5.1: Average demand for each day of week in Victoria during 2016
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Figure 5.2: Ten top important features ranked by xGBoost for benchmark model

is lower than on working days due to the decrease in industrial loads on non-working
days. In Figure 5.1 the average demand for each day of week in Victoria during 2016 is
shown which confirm that the demand in weekend is lower than weekdays. We consider
nine variables for the a type of day as follows: “Tuesday, Wednesday, Thursday”, “Sat-
urday”, “Sunday”, “Friday”, “Monday”, “Holiday”, “Day before holiday”, “Day after
holiday”, “Special day” which corresponds to special days which are not public holidays
like the first week of January and school holidays, etc. We assigh dummy variables to
each of the mentioned day types through encoding them by one hot encoder. The one

hot encoder maps an original element from the categorical feature vector with cardinal-

ity into a new vector with elements, where only the corresponding new element is one
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while the rest of new elements are zeroes.

Given the candidate features in the previous section, we apply XGBoost algorithm to
calculate the feature importance in prediction the electricity load for a day ahead. As it
is shown in Figure 5.2, the most important feature is the amount of load at the same time
and same day in the previous week, the second one is the the load at the same time in the

previous day, and the third one is the temperature in the previous hour.

5.3 Methodology

In this section, first we introduce our proposed novel input variables to improve the
accuracy of load forecasting. Then we introduce our robust and accurate short-term load

forecasting framework in detail.

5.3.1 Apparent Temperature - A Novel Feature for Improving Load Forecast
Accuracy

The temperature that we feel determines the amount of energy that we use for cooling
or heating. The air temperature is usually used as a measure of how comfortable we feel
when we want to use heating or cooling appliances. However, the air temperature is only
one of the factors that have an impact on the assessment of thermal stress. Where other
factors, principally humidity and wind speed, can vary widely from day to day, we need
to consider the effect of all factors to assess the level of comfort realistically.

Apparent Temperature (AT) is a useful index which condenses all the factors of per-
ceived temperature into a single value. In fact, it is the temperature equivalent perceived
by humans caused by the combined effects of air temperature, relative humidity and
wind speed [197]. In this chapter we adopt the AT formula based on the definition intro-
duced by Robert et al. in [198] as follows:

AT = Ta +0.33¢ — 0.7ws — 4, (5.11)

where Ta is the temperature (°C), ws is the wind speed (m/s), and e is water vapour
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pressure (hPa) which can be calculated using the following formula:

o 6.105rh 17.27Ta

00 PGarr o) (5-12)

where rh is the relative humidity (%).

After defining AT we can use this value to define two other weather dependent fea-
tures, Heating Degree Days (HDD) and Cooling Degree Days (CDD). HDD is an indicator
to quantify the amount of energy required to heat a building, while the CDD is a measure
designed to indicate how much energy is needed to cool a building. Both HDD and CDD
are defined relative to a based comfort temperature. We define the HDD and CDD based

on AT as follows:

HDD = max (0, (mean(AT;, AT;_1, ..., ATi_¢) — 16.5)) (5.13)

CDD = max(0, (18 — mean(AT;, ATy, ..., ATi—¢))) (5.14)

5.3.2 Our Proposed Framework

In this section we first introduce our robust and accurate short-term load forecasting
framework, then we explain each part of the framework in detail. Figure 5.3 shows the
block diagram of the proposed framework.

We propose a cluster oriented ensemble learning framework to handle the different
temporal variations and unbalanced aspects of the training load data set. The proposed
framework produces multiple historical models for different temporal variations, and
uses ensemble learning techniques to forecast the day-ahead load with high accuracy for
both extreme weather conditions as well as normal days.

As shown in Figure 5.3a, the data set for load forecasting consists of historic load
data, exogenous data, and peak load data. We partition the each of these data sets into
three parts: training, validation, and test data sets. The training data is used to train the
models, validation is used for tuning the parameters for each model, and the test data is
used to evaluate the accuracy of the proposed framework.

First we cluster the load data (training part) based on the daily load demand pat-

tern by using the fuzzy c-Shape clustering algorithm which was introduced in Chapter



108 Robust and Accurate Short-Term Load Forecasting Framework

4. Fuzzy c-Shape clustering is a very fast and accurate clustering model that is able to
group time-series data based on their shape. Then we produce the estimated morning
and evening peak load for the target day by using an LSTM model. The input variables
to the LSTM algorithm are the weather features, type of day, and peak load information.
In the next step we produce the forecast for the target day by using the information that
is related to each cluster. As a result, we produce n different forecasts for the target day.
In the final stage we use the ensemble learning algorithm to make the final forecast. Next

we describe each part of the framework in detail.

Fuzzy c-Shape Clustering

Numerous clustering algorithms have been used for the load prediction problem [53,178].
Determining the best algorithm depends heavily on the nature, purpose and mining ob-
jectives of the dataset. In this chapter, we use fuzzy c-Shape which was introduced in
Chapter 4, a novel algorithm for time-series clustering that can conserve the shapes of
time-series sequences. It uses a normalized, domain-independent form of cross correla-
tion as its distance measure. Using this method, the c-Shape algorithm derives a shape-
based distance measure for comparing the time-series efficiently and effectively. Then,
based on the properties of the shape-based distance measure, c-Shape computes cluster
centroids, which are used in each iteration to capture shared characteristics of the under-
lying data and update the assignment of time-series to clusters.

The extraction of a representative centroid for each cluster is a challenging task that
critically depends on the choice of distance measure. By extracting the centroid, the clus-
tering algorithm can effectively summarize a set of time-series in terms of only one se-
quence, and extract the most representative shape from the underlying data. Then, these
extracted shapes or centroids are used for clustering the time-series. The robustness
of c-Shape clustering has been experimentally evaluated against popular methods like
k-Shape [170], K-means, K-medoid, hierarchical and spectral clustering methods, with
combinations of the most competitive distance measures in Chapter 4. It has been that
c-Shape outperforms all of these approaches in terms of accuracy on time-series data.
The fuzzy c-Shape clustering algorithm consists of three main components: (1) a shape-

based distance measure, (2) time-series shape extraction, and (3) shape-based time-series
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Figure 5.3: (a) The cluster oriented ensemble learning framework for robust and accurate
day ahead load forecasting. (b) Horizontal ensemble learning system based on XGBoost
predictors.
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clustering.

Long Short Term Memory Networks

A challenging type of predictive modeling problem is time-series prediction. Unlike re-
gression predictive modeling, time-series also adds the complexity of a sequence depen-
dence among the input variables. Recurrent Neural Networks (RNN) [51] are a powerful
type of neural network, which is sequence based model and designed to learn the tem-
poral correlations between previous information and the current conditions. It is trained
by Backpropagation Through Time (BPTT) [221], however, RNN is faced with the van-
ishing gradient problem [22,95] which limits its ability to learn long-term temporal cor-
relations. To address this problem, Hochreiter et al. [96] introduced the Long Short Term
Memory (LSTM) architecture by including a memory cell, and further improvement was
presented by Gers et al. [75] with an extra forget gate. LSTM has been the most suc-
cessful RNN architecture for creating large recurrent networks. Thus, it has been widely
adopted to address difficult sequence problems in machine learning, and achieves state

of the art outcomes.

To briefly explain the concept of LSTM, we adopt a similar description introduced
by Lipton et al. in [139]. LSTM networks consist of memory blocks, instead of neurons,
which are connected in layers. A block contains a memory cell for establishing temporal
connections, gates for managing the state of the block, and an output. Consider the input
sequence {x1,x2,...,x7}, where x; € Rk is a k dimensional vector at time step t. LSTM
defines an internal memory cell state and keeps it during the whole life cycle in order
to establish the temporal connections. The memory cell state s; captures the interaction
with the intermediate output /;_; and the subsequent input x;. It uses the information
of the outputs of the previous time step and the inputs of the present time step to up-
date, maintain or erase the elements of the internal state vector. LSTM has three types of
gates, (1) forget gate f;: which conditionally decides about the information that should
be thrown away from the block; (2) input gate i;: which conditionally decides about the
input values which should be used for updating the memory state; and (3) output gate os:

which conditionally decides about the output values based on the inputs and the block’s
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memory. The formulation of all mentioned nodes are as follows:

ft = c(Weexe + Wehy 1 + by), (5.15)
iy = o(Wixx; + Wiphy—1 + b;), (5.16)

8t = P(Wexxy + Wohy_1 + by), (5.17)
0t = 0(Woxxt + Wophi—1 + by), (5.18)
St =8t Ol +5-10 fi, (5.19)

he = ¢(st) © oy, (5.20)

where Wex, Wei, Wix, Win, Wey, W, Wox, and w,, are weight matrices for the corre-
sponding inputs of the network activation functions. ©, o, ¢ represent element wise
multiplication, sigmoid activation function and tanh function, respectively. In Figure 5.4
the LSTM block and the sequential architecture of an unrolled LSTM are shown.

For training a simple one-layer LSTM recurrent network, the hyperparameter of the
hidden output, s; and h; should be initialized. Usually these parameters are initialized
to zero, i.e., hp = 0 and sp = 0. The three sigmoid functions in the LSTM block work
as soft switches to decide which signals are allowed to pass the gates. These decisions
for the forget f, input i, and output o gates are made based on the information of the
current input x; and the previous output /1;_1. The input gate determines the information
that should be preserved in the internal state. The forget gate controls the information
that should be forgotten from the previous state s;_;. Finally, when the internal state is
updated, the output gate determines the information that should be passed as the LSTM
output h;. These steps are repeated in each time step to learn the weights and biases based
on minimization of the differences between the LSTM outputs and the actual training

samples.

Ensemble Learning

Ensemble systems consist of an integration of two or more learning methods. The main

goal is to integrate the capabilities of individual learning methods into a single com-
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Figure 5.4: The top figure shows the architecture of an LSTM block and the bottom one
shows the unrolled LSTM sequential architecture

prehensive system. There are two types of ensemble learning systems - horizontal and
vertical [16]. Vertical ensemble learning systems are systematized in a vertical order such
that the output of one learning method is used as an additional input to the next learning
method. In contrast, horizontal ensemble learning systems are organized in a horizontal
order such that the results produced by each method are combined to produce a single
response to a given input. Horizontal ensemble learning systems integrate the predic-
tive capabilities of the underlying individual forecasts. Therefore, horizontal ensembles
are insensitive to errors caused by a single method and are hence more appropriate for

critical applications such short-term load forecasting.

In this chapter we apply the horizontal ensemble learning approach as shown in Fig-
ure 5.3b. In the first step the c-Shape clustering is trained to group the electricity demand
curves. Since c-Shape clustering is a shape based clustering algorithm, similar or related

demand curves fall into the same clusters. In the next step, one predictor is trained for
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each cluster. The proposed system is able to significantly improve the accuracy of predic-
tion since it no longer relies on a single predictor, the data set is grouped into subsets that
share the similar patterns, and each predictor is an expert in handling a type of energy

market condition.

5.4 Case Studies

In this section we show the comparison results for the three introduced models in this
chapter: (1) the benchmark model introduced in Section 5.2.2, called the “Benchmark”
model; (2) the benchmark model with the addition of the new proposed features in Sec-
tion 5.3.1 based on Apparent Temperature, HDD and CDD, called the “BenchmarkPlus”
model; (3) our proposed framework in Section 5.3.2, called the “Framework” model. We
evaluate the accuracy of the forecasts of the proposed framework, especially for difficult-
to-predict days such as holidays and very hot days (which corresponds to extreme load

conditions).

5.4.1 Data

The demand data is provided by the Australian Energy Market Operator. The data is
aggregated smart meter data from all over five regions in Australia: Victoria, South Aus-
tralia, New South Wales, Tasmania, and Queensland. The granularity of data is 30 min-
utes and the history of 5 years data (2014 — 01 — 01 to 2018 — 12 — 28) have been used.
Three years of data have been used for training, one year for validating and parameter
tuning, and one year for testing the accuracy of different models presented in this chap-
ter. The weather data is provided by the Bureau of Meteorology (BoM) [2] in Australia

with a granularity of 30 minutes.

5.4.2 Experiments

Table 5.1 shows the comparison results in terms of mean absolute percentage error during
the test period (2018 — 01 — 01 to 2018 — 12 — 28) for the three different methods and five

regions in Australia. As shown, our proposed framework improved the accuracy of day-
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Table 5.1: MAPE value for day ahead forecast during test period (72018-01-01" to "2018-
12-28") for each five states in Australia

Method
State Benchmark BenchmarkPlus Framework
Victoria 3.2% 2.9% 1.9%
Tasmania 3.5% 3.1% 2.2%
South Australia 4.5% 4% 3.3%
New South Wales 3.7% 3.4% 2.5%
Queensland 3% 2.8% 2%

ahead forecasts over each region by 1%. Based on the research by Hong et al. [103], every
1% reduction in mean percentage absolute error leads to savings of around $300, 000 per
year for a utility with 1GW peak. Note that the aggregate peak load in these five region is
33GW. So, any small improvement in the accuracy of load forecasting leads to substantial

savings for utility companies.

Figure 5.5 shows the monthly comparison analysis of the day-ahead forecast accuracy
among the three proposed methods during the test period in Victoria. As shown, the ac-
curacy of the BenchmarkPlus model is slightly better than the Benchmark model, which
means that by using apparent temperature instead of temperature the accuracy of the
model is improved. Also, it is clear that the Framework model is more accurate than the
two other models, especially during the summer periods in Victoria (January, February,
March, November, December), when the difficult to predict days such as new year eve,

school holidays and high temperature conditions are occur.

Figure 5.6 shows how the Framework model produces a stable prediction in the first
two weeks of 2018, which contains the difficult to predict days which arising from new
year and high temperature days, which impact on the consumption of the energy by
customers. As shown, during this period of high demand days (2018 — 01 — 05, 2018 —
01 — 06,2018 — 01 — 11, 2018 — 01 — 12) the proposed framework has accurately predicted
the peak.

The accuracy of the proposed models are also analyzed in the extreme weather as
well as normal weather conditions. The extreme weather conditions are defined based

on two standard deviations from the mean temperature as follows:
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Figure 5.5: Monthly analysis of day-ahead forecast accuracy in terms of MAPE during
the test period 2018-01-01 to 2018-12-28, in Victoria
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Figure 5.6: Actual vs. day-ahead forecast by Framework model for period 2018-01-01 to
2018-01-14, in Victoria

Extreme Temperature > u+20 or
Weather = Temperature < y — 20,

Normal Otherwise
where y and ¢ are the average and standard deviation of the temperature during the

test period, respectively. Figures 5.7 and 5.8 show the box plot of extreme and normal

weather conditions in the test period in Victoria for the three proposed models. In this
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study the temperatures above 28°C and below 3°C are considered as extreme weather sit-
uations in Victoria, where the average of temperature during the test period is 15°C and
the standard deviation is 6°C. As shown in Figures 5.7 and 5.8, the Framework model
has lower absolute error than the Benchmark and Benchmarkplus models in both nor-

mal and extreme weather situations, which demonstrates the robustness of the proposed
framework.
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Figure 5.7: Day-ahead forecast Absolute Error box plot during the extreme weather con-
ditions in the test period 2018-01-01 to 2018-12-28, in Victoria
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Figure 5.8: Day-ahead forecast Absolute Error box plot during the normal weather con-
ditions in the test period 2018-01-01 to 2018-12-28, in Victoria

5.5 Conclusion

In this work we introduced a novel framework for improving day-ahead load forecast-

ing in the electricity grid. We investigated how adding new features to the load forecast-
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ing system can result in improvement of forecasting accuracy. In addition, because of
the non-stationary nature of the demand data, we introduced an unsupervised ensem-
ble learning approach, which can achieve high accuracy in situations that have not seen
before by the forecasting system. We tested our proposed model for the most difficult
prediction times in five regions in Australia. The results demonstrate the robustness and
accuracy of our model even for these unusual and extreme load conditions.

While our experimental results are encouraging, they are by no means definitive.
There are some suggestion for improving the accuracy of the framework by including
some indicative for the solar rooftop generation as an input to the model. As, we know
the number of solar rooftop installations are increasing, as this solar generation are be-
hind the meter, they have been introducing new challenges for operational power system.

Ultimately, approaches to improve operational power forecasts by improving mod-
els, data and input accuracy will reach some sort of limit; physical, economic, etc. An
understanding of the uncertainty in the forecasts that operational power grid uses is cru-
cial to continue to operate the system in a secure manner in the real-time and into the
future. In the next chapter we propose a dynamic stochastic decision support tool, based
on Dynamic Bayesian Belief Networks, to quantify the level of uncertainty in order to

improve situational awareness and understand the risks to power system operators.






Chapter 6

Data-Driven Dynamic Probabilistic
Reserve Sizing Tool

In practice, an understanding of the uncertainty in the forecasts that an operational power grid
uses is crucial in order to operate the system in a secure manner in real-time and into the future. Due
to the variability and partial unpredictability of renewable energy sources (RES), generation reserve
sizing is key for managing operational risks and enhancing grid reliability. Most existing approaches
for reserve sizing estimate the forecasting error for RES using either simple point forecasts, or prob-
abilistic forecasts that assume a predefined parametric model of the underlying distribution, such as
a Gaussian distribution. However, these approaches are unable to accurately model the probability of
critical events which occur in the tails of the distributions, which is vital for operational risk man-
agement. Further, they do not account for multiple dynamic factors that may impact operational
risk. In this chapter, we introduce a data-driven dynamic probabilistic reserve sizing method based on
the artificial intelligence technique of Dynamic Bayesian Belief Networks. The method considers the
actual underlying distribution of forecasting errors from the availability of conventional generators
(forecasting errors of their available generation capacity), demand, RES, and prevailing conditions
like weather and market prices. In addition we introduce a new dynamic metric for calculating the
reliability level of the power grid in order to provide a real-time stochastic decision support tool for
power system operators. The proposed method is demonstrated using 7 years of real historical data
with a granularity of 30 minutes from the power system in Australia, and has been implemented and

is currently used by the Australian system operator.

6.1 Introduction

6.1.1 Background and Literature Review

119
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ITH the growing dependence on renewable energy sources (RES) for electrical
Wpower generation, the power grid has become increasingly volatile and less
predictable. Renewable energy sources are weather dependent, which can be difficult
to predict accurately. Other factors such as energy demand, consumer behavior, energy
prices, and transmission constraints further increase the uncertainties associated with

demand and supply modeling [220].

A wide range of studies have addressed the problem of power system imbalances and
relevant operational reserve requirements due to the integration of renewable energy
sources [37,93,99,144], ranging from deterministic to probabilistic methods, as well as

static to dynamic approaches.

In deterministic methods, reserves are usually sized in accordance with a specific
event, like the largest credible contingency. However, these approaches are not adequate
in the presence of many sources of uncertainty, because they do not model the stochastic
nature of the system, the probability of events with different severities, and the depen-

dencies between different sources of imbalance [99].

Hence, probabilistic reserve sizing techniques have emerged in the literature as more
effective methods. Probabilistic approaches are able to provide more information about
the system by including many sources of uncertainties for reserve sizing, so that a re-
quired level of system reliability is met. These methods require detailed information of
the sources of imbalances in the system, their probability distributions, and their corre-
lations, and apply the reliability level of the system as a cut-off to assess the size of the
reserve. By assuming that the sources of uncertainties are independent, reserves can be
calculated based on the convolution of the probability density function of all independent
sources of imbalances. As a result, the probability of having insufficient operating reserve
capacity can be determined by a risk measure such as the reliability level or the probabil-
ity of loss of generation [79,144]. Simple statistical methods such as using the standard
deviation of imbalances also belong to this family and are widely used in power system

operation [100].

Probabilistic approaches can be further categorized as parametric or non-parametric.
In parametric methods, the sources of uncertainties are assumed to follow a predefined

family of distributions. In [163] and [130] the Gaussian distribution is used for mod-
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eling uncertainties, while in [37,55, 62,130,147, 163] the error in wind power forecasts is
modeled by Weibull, Gamma, Levy alpha-stable, and Skew-Laplace distributions, respec-
tively. By assuming a predefined probability distribution for the uncertainties, there is the
risk that an inappropriate choice of distribution will result in a poor forecast of the tails of
the distributions, which contain important information about unexpected events [220]. In
contrast, non-parametric methods do not make strong assumptions about the underlying
distribution of the sources of the uncertainties. By not making such assumptions, they
are free to learn a much wider range of functional forms from the training data. Among
non-parametric methods, non-parametric kernel based approaches are widely used to
forecast wind power generation [24,234,235]. In [24,234,235], time adaptive quantile-
copula methods are used to model conditional forecast errors for single or multiple wind

farms.

As mentioned earlier, reserve sizing approaches can also be categorized into static
and dynamic methods. Static methods typically pre-determine reserve requirements for
long time periods (e.g., one year), while dynamic methods assess it for more frequent
periods, depending on the current or expected status of the system. It is worth noting that
probabilistic sizing can also be done in a static or dynamic way, but deterministic sizing
is usually done statically. While in [25,55, 136, 144,163, 185] static reserve sizing methods
have been investigated, in [37,119,147,235] dynamic methods have been proposed. As
short-term variations in the generated power by RES and the electricity demand from
gate closure through to real-time result in dynamic balancing requirements, to ensure

grid reliability, a dynamic reserve sizing model is more appropriate.

Usually, dynamic reserves are sized on a day-ahead basis using time adaptive proba-
bility density functions. Thus, when the uncertainty associated with all the factors con-
sidered in a power system is low, reserves can be reduced, which in turn can result in
large energy and cost savings. However, previous works on dynamic reserve sizing ei-
ther use parametric approaches like [37, 147, 235], which do not consider the true dis-
tributions of forecasting errors, or they use non-parametric approaches [38,119] in com-
bination with convolution theory to calculate the error distribution associated with the
system. In practice, this approach is computationally intensive, and can be impractical in

large, complex systems including large volumes of data. To address some of these chal-
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lenges, one could make use of data-driven Artificial Intelligence (AI) techniques. For ex-
ample, Bayesian Belief Networks (BBNs) have been used in the context of power systems
to deal with forecasting electricity demand and RES; management, control, operation and
optimization of the network; data analysis, and risk evaluation [25, 136, 185]. However,
the power systems conditions, and thus its operational risk, change continuously, and

therefore time-varying, dynamic methodologies are needed.

6.1.2 Novelty and Contributions

In this chapter, we introduce a data-driven dynamic probabilistic reserve sizing method
based on Dynamic Bayesian Belief Networks (DBBNs), which is suitable for diverse prob-
lems of varying size and complexity, where uncertainties are inherent in the system. Be-
cause BBNs have a simple casual graphical structure, they are one of the most effective
models for representing uncertainties [33]. In addition, BBNs are one of the best models
for simplifying conditionalization, which helps in designing the decision making process

[31]. Our contributions are as follows:

¢ We introduce a novel metric of reserve forecast uncertainty, called Forecasting Un-
certainty Measurement (FUM), which can be used to calculate the reliability level
of a power system and regulate the size of the reserve in a dynamic manner. Previ-
ous methods calculate the reliability level of a power system by considering prede-
fined contingency scenarios, which have limitations in terms of accuracy and trans-
parency, such as only considering the largest generator risk. In the new proposed
measure FUM, possible contingencies and errors from historical data are consid-
ered and can be automatically updated. This new measure conveys information
about the uncertainties associated with the excess supply available in each region
of a power system in MW, which is easy to understand and practical for grid op-
erators to assess the probability of a shortfall in the available capacity reserves in

each region of the power grid on a continuous basis.

* For the first time, we introduce the use of DBBNs for dynamic probabilistic reserve

sizing, and demonstrate their suitability in modeling system complexity.

¢ To the best of our knowledge, this is the first time that reserve sizing has been an-
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alyzed in a dynamic manner for a real hybrid system with high complexity arising
from a wide variety of power sources, such as grid-connected and embedded RES
and conventional generators, while taking into consideration a range of prevailing

conditions, such as market prices, weather, and time of day.

¢ The performance of the proposed method is validated on real data from the Aus-
tralian power system, and through actual on-site implementation by the Australian

system operator, AEMO (Australian Energy Market Operator).

This chapter is organized as follows: Section 6.2 presents the relevant background on
BBNs and DBBNs. Section 6.3 gives the details of our proposed methodology by in-
troducing (1) a novel dynamic stochastic decision support tool for forecasting reserve
uncertainty, and (2) a novel measure of the reliability level of the grid. Section 6.4 shows
our experimental results based on real data from the Australian grid. In Section 6.5 we

conclude and discuss future work.

6.2 Background on Bayesian Belief Networks

This section introduces Bayesian Belief Networks and their applications, as well as their
extension to Dynamic Bayesian Belief Networks, which are the basis of our proposed

method.

6.2.1 Bayesian Belief Networks Formulation

Bayesian Belief Networks (BBNs) [172] are probabilistic models used in Al to reason
about uncertainty [42]. They can be used to investigate and present causal relationships
between essential components of a system in a simple and understandable manner. They
can be readily modified and used to incorporate missing data through the application of
Bayes theorem [232]. They are also useful for calculating the impact of interventions such
as examining alternative policies or decisions. In addition, they can be used to investi-
gate dependencies among these casual relationships. In particular, BBNs solve problems
in which uncertainty arises due to complexity, incomplete knowledge, or stochastic phe-

nomena.
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Figure 6.1: Graphical representation of a BBN with parent and child nodes

BBNs are probabilistic graphical models based on a directed acyclic graph that com-
prises nodes connected by edges with an associated direction, and with no cycles [42].
The nodes in the networks depict a set of random variables, V = V;,...,V;,...,V;, and
directed arcs connect pairs of nodes, V; — Vj, representing the dependencies between
variables. In each pair of connected nodes, the parent node affects the child node accord-
ing to the direction of the arc between them. The absence of an arc between two nodes
denotes that those nodes are conditionally independent. For example in Figure 6.1, nodes
A and B are independent of each other and node C is conditionally dependent on its par-
ents (A and B). As tables shown in the Figure 6.1, each variable has an associated prior

or conditional probability.

After assigning an appropriate topological model to the BBN, the relationships be-
tween connected nodes should be quantified. The relationship between a child node and
all its parents is described by a Conditional Probability Table (CPT). The CPT is defined
as follows: (i) each row represents the probability of being in a state, given a combina-

tion of values of the parent states, in Figure 6.1, for children nodes C and D, each matrix
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Table 6.1: CPT of the variable D given the information of variable C.

C C1 C2

D dl P(D:d1|C:C1) P(D:d1|C:C2)
d2 P(D:d2|C:C1) P(DZdz‘C:Q)

presents the probability of child node being in a specific state given the combination of
its parents states, (i7) each row must sum to one, and (iii) a node without parents has one
row corresponding to its prior distribution (in the Figure 6.1, nodes A and B). The size
of the CPT for each node is the product of the numbers of states of the child node and
all its parent nodes. For example consider two nodes C and D in the Figure 6.1. Node
C has two states (¢ and ¢p) and node D has two states (d; and d). Based on the condi-
tional probability P(C|D), a CPT is associated with node D in order to define probability

distributions over the states of D given the states of C as shown in Table 6.1.

Once a problem and its uncertainty are modeled by a BBN, it can be used to “reason”
about the problem by applying new evidence, i.e., as a probabilistic inference system.
Such an inference system can compute the posterior probability distribution for a set of
query nodes, given the values for some evidence nodes. The types of evidence can be cat-
egorized as: (i) definite evidence: definite information that variable X has a specific value
x; (ii) negative evidence: information that variable Y is not in a certain state y;, although it
may take any other values; (iii) likelihood evidence: uncertain sources of information. The
types of reasoning using BBNs can be categorized into four categories: (i) diagnostic rea-
soning, from indications to cause; (ii) predictive reasoning, from new knowledge about
causes to new beliefs about results; (iii) inter-causal reasoning, about the common causes

of a predictable result; and (iv) mixed reasoning.

For example in the above mentioned BBN, the marginal distribution P(D = d;) can

be calculated as:

p(D :dl) = P(D :dl\C = Cl)P(C = Cl)

+P(D = dq1|C = c2)P(C = cp). (6.1)

As a result, a BBN can calculate the probabilities associated with the state of a variable

given the state of other variables, providing a powerful model for complex systems.
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BBNs perform probabilistic updating by incorporating new information and evidence,
and provide a combination of predictive and diagnostic reasoning by incorporating new
information and evidence through Bayes’ theorem. Bayes’ theorem defines the condi-

tional probability of x given y as:

p(xly) = W, (6.2)

ply

where x and y are events, p(x) and p(y) are the probabilities of x and y, p(x|y) is the
conditional probability of x given y and p(y|x) is the conditional probability of y given
x. Thus, BBNs can update the probabilities of a set of events based on the observed

information and the BBN structure.

6.2.2 Dynamic Bayesian Belief Networks

Most of the events that happen around us in every day life cannot be depicted based on a
fixed point in time. Instead, they should be explained through a sequence of observations
that lead to the inference of one final event. Time is an important dimension in the field
of Al and reasoning. However, BBNs variables are time independent, i.e., a static model
that does not model temporal relationships explicitly. In contrast, Dynamic Bayesian
Belief Networks (DBBNSs) [71,156,171] consider how variables change with time. DBBNs
can reason about changes over time by relating variables to each other over a sequence
of time steps. In this way, a user can monitor and update the system continuously over

multiple time steps.

DBBNSs consist of a prior network, which comprises the prior probabilities for all of
the variables in the network at time step t = 0, and a transition network, which en-
codes the probabilities for each variable conditioned on other variables for all time steps,
t =1,2,...,n. For a DBBN in each time step, the variables and their associated proba-
bilities are the same, except for the network in the initial time step, which has its own
probability distribution. Thus, we can express a DBBN in terms of the probability distri-
bution function on the sequence of n hidden-state variables X = {xo,...,x,_1} and the

sequence of n observable variables Y = {yo,...,¥,—1}, where n is the time of the given
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event of interest. The joint probability distribution can be formulated as:
P(X,Y) = I} P(xe|x—1) T} =) Pyt |x¢) P(xo0), (6.3)

where P(x¢|x;_1) is the state transition pdf that defines the time dependencies between
states, P(y;|x;) is the observation pdf that defines the dependencies between the obser-
vation nodes and other nodes at time step ¢, and P(xo) is the initial state distribution that
provides the prior probability distribution at the starting point of the process. In fact, Dy-
namic Bayesian Belief Networks (DBBNs) are static Bayesian networks that are modeled
over an arrangement of time-series. In a Dynamic Bayesian Network, each time slice is
conditionally dependent on the previous one. Figure 6.2 shows a simple static BBN (left)
and a DBBN (right). The arcs in the Dynamic BBN figure show the dependency of each
time slice on its previous one. A DBBN can be continuous, discrete or a combination of
these two based on the type of the state space of the observation and hidden variables.
Similar to a BBN with a DBBN we can perform the following tasks: (i) Inference: esti-
mating the pdf of unknown state variables given the known observations to initialize the
probability distribution. (ii) Decoding: discovering the best estimates of the probability
values for the sequence of hidden states that have produced the known states of obser-
vations. (iii) Training: Estimating the parameters of a DBBN system given a number of
observed sequences to infer the best model for the system. (iv) Pruning: applying sen-
sitivity analysis to find out which nodes are semantically important for inference in the

DBBN structure and removing the nodes that are not important.

Static BBN Dynamic BBN

Observation node: Y

— P Q== @

t=n

t=0 t=1

Figure 6.2: Static BBN vs Dynamic BBN
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6.3 Methodology

Our aim is to apply stochastic modeling to carefully combine contingency scenarios (un-
expected changes in network topology) with renewable scenarios (uncertainty of renew-
able generation outcomes) and demand side uncertainties to create a risk-weighted anal-
ysis of grid reliability. Furthermore, we aim to introduce a new metric that conveys in-
formation about the uncertainties, in MW, associated with the excess supply available
in each region in a power system. This novel metric should be easy to understand, au-
tomatically updated with changing conditions, and practical for power grid control to
continually assess the probability of a shortfall in available capacity reserves that could

lead to load shedding.

6.3.1 Problem Statement

The key objective of the analysis is to forecast and quantify how much excess' power
generation is available on the network above the load demand at time t + /i, where
h ={1,2,...,H}. The power generation component comprises the following three sub-
components: conventional generators, solar, and wind power generators. Note that con-
ventional generators typically over-forecast their capacity on extremely hot days because
these generators (coal and gas) may have to reduce their production to keep their cooling
process within safe limits. Therefore, the mean forecast value for the "excess” supply

above the demand on the network at time ¢ + & can be calculated as:
RXSiin = Geon + Stvn + Wen — Dign, (6.4)

where RXS,, is the level of forecast available regional power oversupply at time ¢ + 1,
Gy is the forecast value of the available capacity of conventional generating units at
time t + h, S, and W, ), are the amount of predicted solar and wind power generation
attime t + h respectively, and Dy, is the operational demand forecast value at time ¢ + h.

Each of these forecasting systems has inherent errors, and these errors also depend on

the weather conditions and some exogenous variables. Here, to demonstrate how each

IExcess power generation conventionally refers to the available generation capacity above the level of
demand, which can be used as operational reserve.
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forecasting system is modeled, we provide a brief explanation of the demand forecasting
system. The same method is applied for solar and wind power generation forecasting

systems as well.

Assume that we have a historical load demand data set D; = {Dj, ..., D;}, compris-
ing t observations. The goal is to predict the H future observations {D;41,..., Ditr}.
Then we can define the electric load at time ¢ + 1, where h € {1,2,..., H} by producing

a different model at each forecast horizon / as follows:
Divn = Yn(Xt) + €r4n, (6.5)

where €, denotes the model error, Y},(.) is the model, which is based on the conditional

expectation E[D;yj, | X;], and X; is defined as follows:

Xt = (dt, &t+4n), (6.6)

where d; is a vector of lagged demand data occurring prior to t + 1, and g, is a vector

of exogenous variables at ¢ + h.

Any forecasting system is associated with inherent prediction errors. As a result,
forecasting the mean value of RXS does not provide meaningful information about the
uncertainty of the future excess power generation in the network. Instead, we need to
forecast the entire distribution of the future regional excess supply and provide a mean-
ingful measure to assess the uncertainties associated with the excess supply available in
each region of a power system. This new measure should be easy to understand and
practical for power grid decision makers to assess on a continual basis the probability of

a shortfall in available capacity reserves, leading to load shedding in each region.

In summary, our goal is to forecast the pdf of the random variable Error;(RXS) at

time ¢ + h, where:
Errors(RXS) = RXS; — RXS;, (6.7)

and RXS; and RXS; are the mean forecast and the actual value of the regional excess
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supply at time ¢, respectively. We can also define the variable Error;(RXS) as follows:

Error;(RXS) = Errori(G) + Errory(S)

+Errory(W) — Errory(D), (6.8)

where Errory(G), Errory(S), Errors(W), and Error;(D) are the errors produced by each
forecast at time t. As shown in Equation (6.8), the Error;(RXS) depends on the forecast-
ing systems’ error for the demand, wind, solar and conventional generators. It is worth
mentioning here that all forecasting systems are also dependent on weather conditions
and some exogenous variables such as price and time of day.

Next we show how we infer the error distribution of the regional excess supply
by considering all the above mentioned uncertainties in a dynamic manner by using a

DBBN.

6.3.2 DBBN Model to Forecast Available Reserve Uncertainties

We use a Bayesian Belief Network to understand the conditional dependency of the un-
certainties in the system and provide information to decision makers in the form of an
Excess Generation Reserve value. This value determines, with a certain probability, how
much excess generation over demand is available in each region. In practice, in the im-
plementation carried out by AEMO, this information is produced from every 30 minute
trading interval for the next 8 days.

To achieve this aim we need to understand the current level of uncertainty in the
power system when a forecast is made. DBBNs can be used to assess the conditional
interdependence of forecasting uncertainty from various forecasting systems. In addi-
tion, DBBNs provide an estimate of how these uncertainties vary given the prevailing
conditions, like the temperature at the time the forecast is executed. For example a 6
hour-ahead forecast that is executed at 38 degrees may have greater uncertainty than a 6
hour-ahead forecast that is executed at 18 degrees. In this study, the DBBNs are designed
so that, given the prevailing weather and reserve conditions of the network, they can
compute the probabilities associated with the historical forecasting errors in MW.

Figure 6.3 introduces the DBBN structure for forecasting the error distribution of re-



6.3 Methodology 131

Demand Forecast Error Temperature Current Error(RXS)0.5H Ahead Error(RXS)1.0H Ahead Error(RXS) 2.0H Ahead Error(RXS)3.0H Ahead
2000 t0 -250 011 Oto12 155 mm 2600 to 600 013 -2600t0 600 014 260010 -600 012 26000 -600 020
250 t0 150 0.13 121018 42.6 pmm—m—m 600t0-500 0+ -60010-500 001 60010500 017 600t0-500 062
-150t0 75 212 181025  30.3 jmmmmm 50010 -400 016 -500t0-400 030 -500t0-400  0.13 -500t0-400  0.23
75t0-25 16.6 251032 9.37m -400t0-300 0.1 -40010-300  0.16 -400t0-300 059 -400t0-300  1.06
251025 61.5 mmmmm || 321044 233 -300t0-200 058 -300t0-200  1.02 30010200  2.83p 30010200 4,16
200t0-100  6.32m -200t0-100  8.12jm 200t0-100  11.9 jmm 200t0-100  12.9
B, o WLeys A.{ 100t0-30 23 7mmm || -100t0-30 24 Gmmmm || -100t0-30 221w || -100t0-30  20.0 jmmmm—m
AR o '\ -30to 30 46.7 ™| -30 to 30 401 jmmmpemn "] -30 t0 30 29.8 ] -30 to 30 25.7 j—
e oo 3010 100 18.2 jmm 30 t0 100 19.7 jumm 3010100  20.8 pm— 3010100  20.6 jmm—
i 10010200  3.86 10010200 524 10010200  9.06jmm 10010200  11.0 jmm
025247 20010300 046 M| 20010300  0.80 20010300  2.11 200t0300  3.13f
7 30010400 067 30010400  0.15 300t0400  0.49 300t0400  0.84
Wind Forecast Error Forecast 40010500 029 40010500 035 ly 4000500 0.1 40010500 024
200010250 047 012 152mm 500t0 2600 015 500102600 021 500102600 053 500102600  0.10
250t0-150  1.23 121018 42.4 jmmm— 76678 8.04 89 6.75 120 4.76 = 140
15010 -75 855m 181025  30.9 pmmmmm 3 7
75t0-25 21.8 jum 251032 9.91m \ Error(RXS)4.0H Ahead Error(RXS) 5.0H Ahead Error(RXS) 5.5H Ahead
251025 487 mmm— | | 321044 1.67 260010600 032 260010600 043 2600t0-600 050
251075 15.1 mm 174272 -600t0-500  .095 -600t0-500 0.1 -600t0-500  0.12
7510 150 3.74 b4 [ -500t0-400  0.35 -500t0-400  0.45 -500t0-400  0.50
150 to 250 053 Price -400t0-300  1.45 a( -400t0-300 171 -400t0-300  1.81
250102000 0.10 30010200 4.86m [ -300t0-200 527)m -300t0-200  5.35
1z86 3681033 19.0 mm 200t0-100 131 jumm 200t0-100 131 jmmm | [] -200to -100
R = 10010-30 189 jmmmm | | -1000-30 182 mmmm
; -30to 30 23.5 | | -30 to 30 22,1 |—
SclayforecastEnon 541070 18.4 mmm 3010100  20.0 | | 30t0 100 198 —
440t0-140 13.7jm OB B 27 10010200  12.1 10010200 12,8 fmmmm
1400 0 16.1 jmm 1570 3500 et —————"" 20010300 390 20010300  4.33pm 200 to 300
0 44 > 300t0400 1.1 30010400 140 30010400 152
80130 o Reserve Error 40010500  0.39 40010500 048 40010500  0.55
e = [ -1000t00 024 50002600  0.17 50002600  0.24 500t0 2600  0.25
00 250 039 -2.59 + 150 -0.338 £ 17 0.377 £ 170
1.81+180 250t0500  0.31
5000 1000 963 m
10000 1250 19.2
12500 1500 285
1500 t0 2000 383 mm—
200010 3000 4.00
1450 £ 410

Figure 6.3: Sample DBBNs using seven years of historical data (2010-2017) in South Aus-
tralia

gional excess supply. In this framework, we have included the forecasting errors associ-
ated with both conventional and intermittent generators, as well as generation prevailing
conditions like temperature and market prices. Each system has a forecast and an associ-
ated forecasting error for each 30 minute trading interval. The network is trained on all
of the available historical error forecasts and the associated prevailing conditions at the
time of the forecast. In this network, the parent nodes are named: Demand Forecast Error,
Wind Forecast Error, Solar Forecast Error, Temperature, Temperature Forecast, Reserve,
and Price, which represent the prevailing conditions that existed just prior to the forecast
run. The other nodes, namely Error(RXS)nH Ahead represent the child nodes or fore-
casting error for each of the next 30 minute trading intervals n ¢ {0.5,1,---,5.5}. The
black horizontal bars represent the probability associated with each of the corresponding
bins. For example, in Figure 6.3 the highlighted horizontal bar shows that the probability
of having a forecasting error between 100 and 200MW, at 5.5 hours in the future from the

forecast run is 13.0%.

6.3.3 Sensitivity Analysis

Once a DBBN network has been trained it is possible to statistically assess the impact

that each of the prevailing conditions (input nodes) has on the forecasting errors. Us-
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ing just the link structure of the net, it can be determined which nodes are completely
independent of other nodes. However, dependence is a matter of degree and once the
net has been trained it can be used to assess how changes in the prevailing conditions
change the probabilities or uncertainties in our forecasting error nodes (output nodes).
From this analysis, in the case study applications carried out (see Section 6.4) it has been
determined that, for forecast lead times below 8 hours, the most significant prevailing
conditions (the conditions that cause the largest change in forecasting uncertainty) are:
(a) Temperature forecast, (b) Wind forecast, (c) Last operational demand error (i.e., the
error of the demand forecast from the previous 30 minute trading interval). In addition,
prevailing conditions that were assessed and determined to not have a significant impact
on the forecast error include: (i) Price, (ii) Last wind forecasting error (i.e., the error from
the wind forecast from the previous 30 minute trading interval), and (iii) Current actual

RXS.

6.3.4 Lack of Reserve Conditions

The output of the DBBN is the probability distribution of the excess generation reserve
available in each region in the power system. The next step is to apply the reliability
level of the power system as a cut-off to regulate the size of these reserves and provide
information for decision makers. To this end, three reliability levels are defined in the
Australian system based on Lack Of Reserve (LOR) conditions.

Lack of Reserve (LOR) conditions [1] indicate that there is a likelihood that the system
may not have sufficient reserves to meet demand if there is a major, unexpected event. A
typical practice in grid management to assess lack of reserve conditions is to consider dif-
ferent scenarios based on the risk of credible contingencies, such as the loss of the largest
generator, or interconnection, in any region. Three levels of LOR are defined as follows:
LOR1 is declared for a region(s) when consecutive occurrences of both the largest and
the second largest relevant credible contingency events would result in load shedding
occurring as a result of a shortfall of available capacity reserves; LOR2 is declared when
the occurrence of the largest relevant credible contingency event would result in load
shedding; and LOR3 is the highest level of alert, which indicates the balance is so tight

that load shedding is imminent or has begun.
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6.3.5 Forecast Uncertainty Measure (FUM)

The definition of LOR has not adequately taken into account the range of risks to reliabil-
ity that now exist, given the changing nature of the power grid. In addition, it does not

take into account any forecasting uncertainties when the reserve assessment is calculated.

In this section we therefore introduce a revised definition for LOR that also takes into
account a measure of the reserve forecast uncertainty. As predictions are made further
into the future about forecast excess supply, the uncertainty of those predictions increases
due to weather-related changes that affect the levels of demand and the availability of
RES output. In order to ensure that adequate reserve capacity is available, we need to
define a reasonable upper limit on the forecast error. We do this by defining a measure
called the Forecast Uncertainty Measure (FUM), which quantifies a confidence limit on

the forecasting error of a probabilistic forecast of the excess supply.

Consider the forecast of excess supply for a given time, region and expected condi-
tions. The DBBN model provides an estimated probability distribution for the error in the
mean forecast of regional excess supply Error(RXS). The system operator needs to know
an upper confidence limit on the random variable Error(RXS), so that they can ensure
that there is an adequate power reserve. For a given confidence level « (e.g., &« = 95%),

we define FUM as follows:

FUM : P(Error(RXS) < FUM) = a, (6.9)

Thus FUM provides an upper bound on the forecast Error(RXS) with confidence level
«. Intuitively, the higher the required confidence & in the prediction error, the higher
FUM needs to be. In this way, we can convert the output of the DBBN into a meaningful
concept that decision makers can use, i.e., a measure of the Error(RXS), in MW, of the

forecasting error distribution at a given time in the future.

The confidence level « for determining FUM should be set at a level such that the sys-
tem operator reasonably expects to achieve an appropriate balance between: (i) reduc-
ing the chance of a situation where load shedding arises as a result of reserve forecasting
error, and (ii) increasing the likelihood of unnecessary declarations due to an overly con-

servative confidence level. The confidence level should also decrease monotonically with
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increasing forecasting horizon, and be consistent across regions for the same forecasting
horizon.

Based on our proposal for FUM, we now introduce a new formulation for calculat-
ing a revised LOR threshold to assess the probability of a shortfall in available reserve

capacity that could lead to load shedding in each region:

LOR1 = max(LCCp, FUM) (6.10a)

LOR2 = max(LCCy, FUM) (6.10b)

where LCC; is the size in MW of the single Largest Credible Contingency event (LCC),
and LCGC; is the size in MW of the two largest credible contingencies, assuming they
occur consecutively with sufficient time to return the power system to a secure operating
state prior to the second event. In Figure 6.4 we show how the proposed LOR thresholds

are able to effectively reflect the impact of extreme FUM values.
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Figure 6.4: LOR notices in the national electricity market in Australia, using the revised
formulation of LOR based on FUM

In summary, the prevailing conditions at the time of each forecast are provided as

input to the DBBN network, so that the DBBN’s inferred probability distribution of the
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Table 6.2: FUM values for the horizon of 6hrs and 24hrs ahead in Victoria for a range of
scenarios.

Scenarios FUM (MW)
Temperature(°C) Wind(MW) 6hrs 24hrs
> 31 > 800 1750 1192
> 31 < 200 1750 953
<13 > 800 845 993
<13 < 200 667 795

Error(RXS) of the forecast can be used to generate the Forecasting Uncertainty Mea-
sure (FUM) in MW for each 30 minute trading interval. Note that the FUM value is
associated with a predetermined confidence level. The impact that the prevailing condi-
tions have on each of the error distributions of each forecasting system is automatically
accounted for within the trained DBBN, and only the final result is reported. As an ex-
ample, Table 6.2 provides the likely FUM values for a range of different scenarios for a

major region in Australia.

6.4 Case Study Applications

This study is intended to: (i) Describe how a power grid operator continually assesses
the probability of capacity reserves being insufficient to avoid load shedding; (ii) De-
scribe how the probability assessment applies in relation to different periods of time; (iii)
Specify at least three probability levels at which the power grid operator will declare a
corresponding lack-of-reserve condition in relation to a specified period of time, indicat-
ing an increased probability of load shedding (other than the reduction or disconnection

of interruptible load).

6.4.1 Input Data

The Australian Energy Market operator (AEMO), is responsible for operating the power
grid for the National Electricity Market (NEM), which serves the eastern and south-
eastern regions of Australia, as well as the Western Australian South West Integrated

System. The performance of our proposed method has been validated with real data
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provided by AEMO, which has also implemented our method over the five states of the

NEM, namely, Tasmania, Victoria, New South Wales, South Australia, and Queensland.

Seven years of historical data (Actual and forecast data for demand and different types

of supply) with a granularity of 30 minutes has been used for training the DBBN model

for each of these regions using the NETICA software, which is a powerful, easy-to-use,

and comprehensive program for working with belief networks and influence diagrams

[4]. The experiments are run on an AZURE cloud using ~ 20 CPUs and 128 GB RAM.

The input data into the model can be divided to ten types of data as follows:

1.

Forecasts (at multiple horizons) and current observations of weather data, which in-
cludes precipitation, wind speed, temperature, cloud cover, relative humidity and
solar radiation, as well as the temperature forecast differential between different

forecast providers at multiple horizons.

. Current generation level across each generation type: gas, coal, hydro, battery, solar

farms, solar roof tops, and wind farms.
Forecasts of RES generators at multiple time horizons.

Demand forecast error data: Demand forecast error for the most recent complete
trading interval, comparing the forecast generated one interval prior to the trading
interval to the actual. This captures recent demand forecast errors and the sensitiv-

ity analysis indicates the importance of this input for the first 6 hrs of the horizon.
Regional reference price ($/ MWHh).

Prior trading interval forecast of Reserve Error.

Forecasts of reserve levels at multiple horizons.

Forecasts of inter-connector flow at multiple horizons.

Time of day (daytime / night-time forecast): For example, a 6 hour ahead forecast
that was run at 22 : 00 for 04 : 00 (overnight forecast) would have less uncertainty
associated with the error than a forecast run at 10 : 00 for 16 : 00 (daily peak fore-
cast). These prevailing conditions/input data are used as predictor variables in

the model. The aim is to train the model in order to forecast the target variable
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(Error(RXS) in MW) for each of the next 144 trading intervals using the predictor
variables. We used seven years history of forecast and actual data (all generation
types and demand) in each region in Australia to produce the Error(RXS) distribu-
tion for each of the next 144 trading intervals. Then the model is trained using the

predictor variables and target variable (Error(RXS)).

6.4.2 Pre-processing, Training, and Testing Model

The aim is to forecast the Error(RXS) in MW for different time horizons using the input
data as the predictor variables. In the pre-processing step, we need to clean the data by
imputing any missing data and removing any outliers. We processed a huge volume of
data (approximately one billion records) to generate the error distribution. Specifically,
every 30 minutes we receive a new data record and we have 144 time horizons for fore-
cast, trained on historical values of the different input variables since 2011. This data
was cleaned and pivoted into a form that can be fed into the DBBN. Overall, data pre-
processing and cleaning required two months of effort, while only two minutes is needed
to train the model.

The next step after data cleaning is the sensitivity analysis. A sensitivity analysis of
each of the proposed predictors was conducted to determine which inputs lead to the
largest shifts in the distribution of RXS for each region. The results from the sensitiv-
ity analysis for each region were used to guide the selection of a consistent set of input
predictors with consideration of the maximum number of nodes that can be compiled
in a DBBN (too many nodes cause the network to fail to converge). For example, solar
radiation forecast inputs indicate to the model the expected solar irradiance influencing
rooftop PV generation and generation from large scale solar farms. This input is pri-
oritised given the current penetration and continued growth of rooftop PV, and the pre-
dicted ramp up of large scale solar generation. So, in the sensitivity analysis step we iden-
tify the input variables that have the most impact on the target variable (Error(RXS)).
Table 6.3 shows the top five most important input variables that are detected by the DBBN
for NSW region and for different time horizons of the target variable (Error(RXS)). As
shown in Table 6.3, the amount of coal generation and demand error at the run time have

the most impact on the short-term forecast error (6 hours ahead). In general, using the



138 Data-Driven Dynamic Probabilistic Reserve Sizing Tool

Table 6.3: The order of input variable importance for each time horizon of target variable
(Error(RXS))

Error(RXS)epn, Error(RXS)a4nr Error(RXS) s
coal gen solar radiation solar radiation
demand error relative humidity relative humidity
solar gen temperature solar gen

solar radiation wind speed wind speed
wind speed solar gen temperature

[ Solar Rad_00
!

RXS_06

\|
Wind SP_04
Wind SP_06

Figure 6.5: Architecture of forecasting model for NSW for 6 hours ahead

generation type in the model is very important for short-term risk assessment. For exam-
ple, if you have a large availability of wind relative to gas, you should expect the larger
error than if you have a large availability of gas relative to wind. It also concludes that
if there is low demand then you should not expect a large error because you need less
generation capacity in the network. For 24 hours and 48 hours ahead, solar radiation can
have a large influence on error, which is expected because Australia is experiencing rapid
growth rooftop solar, and solar radiance influences generation from rooftop PV and large
scale solar farms. This input is prioritized given the current penetration and continued

growth of rooftop PV, and the predicted ramp up of large scale solar generation.

The variables selected in the sensitivity analysis step are used as inputs to train the
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DBBN model. In fact in the training step, by feeding a number of sequences of observa-
tions to the model, we try to estimate the parameters of the DBBN model such that they
best fit to the observed data and provide the best model for the system. In Figure 6.5 the
structure of the training model for 3 hours ahead forecast horizon is shown. The model
was trained using the TAN (Tree Augmented Naive) Bayes method [70] to construct the
appropriate link structure between nodes. Netica has two options for defining the link
structure between nodes: manually and automatically based on the TAN method. In this
study because of the wide variety of input variables to the model, we used the automatic
option of the Netica software for defining the link structure.

After training the model for different target time horizons, the trained model was
saved for use in the test step. In the test step we apply the saved trained model for the

period of interest and use it to predict the target variable (Error(RXS)).

6.4.3 Dynamic Forecasting Uncertainty Measure

In this study we used 7 years historical data of forecast and actual measured demand, RES
generators supply and conventional generators supply over all five regions in Australia
for every 30 minute trading interval since January 2010 to July 2017. Then, by using our
DBBN model we produced the probabilistic forecast value of RXS for the next 384 trading
intervals up to 8 days ahead. Each 30 minute forecast is assessed against the actuals for
each of the next 144 trading intervals. For example, a forecast run at 01-01-2017 01:00
would have forecasts for each 30 minutes interval from 01-01-2017 01:30 to 04-01-2017
01:00 and an Error(RXS) distribution can be created for each of these forecasts.

In Figure 6.6 the top graph shows the error distribution associated with the 12 hours
ahead forecast of intermittent generators, conventional generators and load demand in
all five regions in the NEM. In absolute terms the RES generation has a small materi-
ality but high frequency of error. The distribution of the error associated with the de-
mand forecast has a lower frequency, but higher materiality in MW, and is symmetrically
distributed. The errors in conventional generation availability was biased towards an
over-estimate of the availability by generators for a day-ahead. These generators provide
information about their dispatch for the next 24 hours based on the weather forecast and

in real time they usually reduce the amount in generation that they had expected because
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of the hot weather they cannot work as efficiently.
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Figure 6.6: Top graph shows the distribution in MW of forecasting error across all the
regions in Australia including the error produced by intermittent generation forecast,
conventional generators maximum availability forecast, and regional demand forecast
for the 12hrs ahead forecasting error. Bottom graph shows the joint distribution of the
top distributions extracted from the DBBN for 12hrs ahead forecasting error

The bottom graph in Figure 6.6 shows the joint distribution of imbalances, Error(RXS),
which is inferred by a DBBN learned on the inputs from the top figure.
The graphs in Figure 6.7 show the error distributions for the demand forecasts, in-

termittent generation forecasts and regional aggregate availability of conventional gen-
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eration over the seven years period ending July 2017 for errors in the range —800MW to
+800MW for different time intervals of forecasting. In these graphs a positive sign means

that the forecast value is greater than the actual value. Based on the inferred Error(RXS)

Legend[@Demand Conventional Generators [ JRES Generators

12 Hours Ahead | 24 Hours Ahead | 48 Hours Ahead | 72 Hours Ahead |

0.8%-

0.6%-

0.4%-

0.2%-

0.0%-

800 400 0 400 800 -800 400 O 400 800 -800 400 O 400 800 -800 -400 O 400 800
MW

Figure 6.7: Typical error distributions for a range of forecasting horizons in Victoria using
almost 7 years of historical data (January 2010-July 2017)

distribution, the FUM value (in MW) can then be calculated. In the dynamic version of
FUM the error distributions are updated by using a DBBN based on the current prevail-
ing conditions when the forecast is produced. The difference between the dynamic and
static version of FUM is shown in Figure 6.8. In this figure the Dynamic FUM shows
the amount of FUM produced by proposed DBBN method, the static FUM is produced
by deterministic method and the dotted line shows the Actual FUM in the system at
the time of the run. Each graph shows the static, dynamic, and actual value of FUM at
consecutive time intervals of every 30 minutes. As shown the dynamic FUM is able to
reflect the actual FUM in the system much more accurately in comparison to static FUM
(deterministic method).

It is worth noting that any changes to forecasting systems that result in a change in
any of the error distributions (for example, an upgrade to the forecasting system resulting
in an improvement in forecasting accuracy) can be reflected in the DBBN and subsequent

FUM values.

The output of the DBBN is a measure of the Error(RXS) in MW for each of the next
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Figure 6.8: Comparison of Actual FUM value with the Dynamic FUM (produced using
DBBN) and the Static FUM (produced using deterministic method) in three consecutive
run times in New South Wales, Australia.

144 trading intervals. As we are dealing with a forecasting error distribution, the ”At
Risk” MW of FUM is associated with a confidence level. The DBBN outputs a MW value

for each of the forecasts, associated with the fixed confidence level.

6.4.4 Selection of Confidence Level

The final step of our analysis is selecting the MW values associated with the required
confidence level. In order to determine the associated MW value for the given confi-
dence level, all the probabilities are accumulated until they exceed the specified con-
fidence level, and the associated MW value in that bin becomes the FUM value. The
appropriate confidence level used for the forecast uncertainty measure, FUM, used in
determining LOR conditions needs to achieve a balance between reducing the chance of a
situation where load shedding arises due to lack of action by system operators as a result
of a reserve forecasting error, and increasing the likelihood of unnecessary declarations
due to an overly conservative confidence level. The confidence levels are selected based
on a sensitivity analysis of the number of LOR declarations to changes in the confidence
level. The proposed confidence levels are specified in Table 6.4. In Table 6.5 the number
of LOR conditions declared due to FUM (using the proposed dynamic method) and LOR
conditions declared due to LCC1 (using the deterministic method) are shown during the

test period of July 2016 to July 2017. In all case studies, FUM could declare the LOR2
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conditions one day earlier than the deterministic method (LCC1), which gives more time

to the power grid operator to maintain the balance between demand and supply.

Table 6.4: Confidence levels for determination of FUM values

Region(s) Forecasting Horizon (Hrs) Confidence level
All 0.5to 15 98%
All 155 to 18 97%
All 18.5 to 21 96%
All 21.5t0 72 95%

Table 6.5: The number of LOR2 conditions declared by FUM and LCC1 criteria. Note that
for all regions the FUM declared by LOR2 was one day earlier than LCC1

Region LOR2s declared by FUM LOR2s declared by LCC1
New South Wales 14 3
Queensland 4 1
South Australia 23 1
Tasmania 6 3
Victoria 16 3

6.5 Conclusion

In this chapter we have introduced a novel data-driven artificial intelligence-based method-
ology for dynamic probabilistic reserve sizing. The proposed methodology makes use of
Dynamic Bayesian Belief Networks as a simple graphical model and can incorporate any
uncertainty associated with power system operation. We also introduced a novel metric
to measure uncertainties, in MW, to incorporate in the reliability level assessment. This
new proposed method enables grid operators to assess the size of the reserve in a more
flexible way, allowing decision makers to move from typical existing contingency-based
deterministic approach to dynamic probabilistic assessment that also accounts for all rele-
vant risk factors that could affect reserve levels. Hence, the risk of involuntary load shed-

ding can be forecast more accurately, and the analysis is performed with clear, intuitive
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graphical support. In the case studies, we have run extensive analysis on the prevailing
conditions on the error distribution produced by key uncertainty factors in the five states
of the Australian NEM using 7 years of forecast and actual data of wind, solar and con-
ventional power generation, demand, weather, and market prices. The methodology is

currently being used by AEMO for their risk assessment and reserve sizing.



Chapter 7

Conclusions and Future Work

7.1 Conclusions

In this thesis we have addressed several significant challenges that arise in smart grids in
terms of managing and analysing complex high volume data for forecasting, and man-
aging the uncertainties in the grid in the presence of renewable energy sources. We pro-
posed several advanced analytical models and decision support tools to provide action-

able insights for tasks such as short-term load forecasting in smart grids.

In Chapter 3, a novel approach for hierarchical load forecasting was presented. We
leveraged the K-Shape clustering algorithm, which is a kind of shape based clustering
algorithms, for clustering customers. Customers are clustered based on the shape of
their daily load profile. Then we can produce short-term load forecasts at each cluster
level using Deep Belief Networks (DBN). In addition, we introduced a new weighted
summation method for accumulating the forecasting results of each cluster according to
the size of their membership. We used the case study of real-life publicly available data
to evaluate our proposed methodology. Our results showed that careful clustering of
customers based on our K-Shape clustering method results in smaller forecasting errors
than using traditional k-means clustering in this context.

In Chapter 4, we introduced two new time-series shape based clustering algorithms
namely, “"Fuzzy C-Shape plus (FCS+)” and "Fuzzy C-Shape plus plus (FCS++)”, and
showed that these two new algorithms outperform state-of-the-art shape-based cluster-
ing algorithms in terms of accuracy and efficiency. We generalized the fuzzy c-means
(FCM) model to accommodate clustering in finite time-series data by two approaches:

(i) selecting a statistical measure, cross-correlation, as a shape similarity distance mea-

145
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sure for comparing time-series sequences, and (ii) selecting a new centroid computation
technique based on a shape extraction method when computing the clusters. We per-
formed extensive experiments over 48 different time-series datasets and demonstrated
the superiority of our technique against existing schemes based on four external cluster
validity indices (the Rand index, Adjusted Rand Index, Variation of Information, and

Normalized Mutual Information) and two statistical tests (Wilcoxon and Friedman).

In Chapter 5, we presented a robust and accurate short-term load forecasting frame-
work based on an unsupervised ensemble learning approach, using our proposed clus-
tering algorithm in Chapter 4 combined with horizontal ensemble learning. In addition,
we presented a novel factor, apparent temperature, as an important input variable into
the model. The proposed framework addressed some of the challenges in the load fore-
casting problem including unbalanced training data, the non-stationary nature of the
load data, and feature selection for predictive modeling. The performance of the pro-
posed framework was validated with real data from the power system in the Australian
National Electricity Market as well as through on-site implementation by the system op-
erator. It was shown that our predictive framework has a substantially higher accuracy

over existing methods in both normal and abnormal situations.

In Chapter 6, we introduced a novel data-driven methodology for dynamic proba-
bilistic reserve sizing. The proposed methodology makes use of Dynamic Bayesian Be-
lief Networks as a simple graphical model and can incorporate a range of prior knowl-
edge about uncertainties associated with power system operation. We also introduced a
novel metric to measure uncertainties, in MW, that can be incorporated in the reliability
level assessment. This new proposed method enables grid operators to assess the size
of the reserve in a more flexible way, allowing decision makers to move from typical ex-
isting contingency-based deterministic approaches to dynamic probabilistic assessment
that also accounts for relevant risk factors that could affect reserve levels. Hence, the risk
of involuntary load shedding can be forecast more accurately, and the analysis can be
performed with clear, intuitive graphical support. In the case studies, we run extensive
analysis on the prevailing conditions on the error distribution produced by key uncer-
tainty factors in the five states of the Australian National Energy Market using seven

years of forecast and actual data of wind, solar and conventional power generation, de-
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mand, weather, and market prices. The methodology is currently being used by Aus-

tralian Energy Market operator for their risk assessment and reserve sizing.

7.2 Future Work

This thesis highlights several interesting directions for future research:

* Renewable energy sources are weather dependent. In utility-scale, wind and solar
farms, the output of these farms can be metered individually. Therefore, we can
provide forecasts for each farm based on their historical output data. As a result, the
net demand can be calculated by subtracting the load forecast from the renewable
generation forecasts. However, nowadays, with high penetration of rooftop solar in
the grid, there is a need to forecast the amount of energy that is generated by these
unmetered energy sources. Since rooftop solar is behind the meter, this generation
capacity is not directly monitored and producing forecasts for them is a challenging
task. Accurate forecasting of these unmetered sources is an important focus for

future research.

* Our methods for clustering are carefully designed for batch operation. However,
the customer metering data arrives as a continuous stream of measurements, and
the customers’ behaviour evolves over time. So, there is a need to produce incre-
mental or streaming clustering algorithms that are suitable for load profiling in this

on-line setting.

¢ In Chapter 6, future work is needed to incorporate the proposed reserve sizing
method into a full unit commitment model. There are other forecasting uncertain-
ties that contribute to the level of reserve forecasting uncertainty. These relate to:
(i) Network limitations, both inter-regional and intra-regional; (ii) Supply-demand
balance in neighbouring regions; (iii) Energy limitations on scheduled generating
units. Analysis indicates that each of these factors can, at times, contribute to signif-
icant levels of uncertainty in the reserve forecasting process, and without account-
ing for them the current RXS definition may be overly conservative. For example,

in circumstances where a generating unit in a region shares network capacity with
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an inter-connector, then an un-forecast reduction in the availability of this generator
unit could result in an un-forecast increase in inter-connector support. Under the
current RXS definition this scenario is not considered and may result in an overly
conservative distribution of RXS errors. A challenge for future research is to rede-

fine the RXS to accommodate this scenario.
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