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Abstract

The big data framework applied to smart meters offers an exception platform

for data-driven forecasting and decision making to achieve sustainable energy efficiency.

Buying-in consumer confidence through respecting occupants’ energy consumption be-

havior and preferences towards improved participation in various energy programs is

imperative but difficult to obtain. The key elements for understanding and predicting

household energy consumption are activities occupants perform, appliances and the times

that appliances are used, and inter-appliance dependencies. This information can be ex-

tracted from the context rich big data from smart meters, although this is challenging

because: (1) it is not trivial to mine complex interdependencies between appliances from

multiple concurrent data streams; (2) it is difficult to derive accurate relationships between

interval based events, where multiple appliance usage persist; (3) continuous generation

of the energy consumption data can trigger changes in appliance associations with time

and appliances. To overcome these challenges, we propose an unsupervised progressive

incremental data mining technique using frequent pattern mining (appliance-appliance

associations) and cluster analysis (appliance-time associations) coupled with a Bayesian

network based prediction model. The proposed technique addresses the need to ana-

lyze temporal energy consumption patterns at the appliance level, which directly reflect

consumers’ behaviors and provide a basis for generalizing household energy models. Ex-

tensive experiments were performed on the model with real-world datasets and strong

associations were discovered. The accuracy of the proposed model for predicting multiple

appliances usage outperformed support vector machine during every stage while attain-

ing accuracy of 81.65%, 85.90%, 89.58% for 25%, 50% and 75% of the training dataset size

respectively. Moreover, accuracy results of 81.89%, 75.88%, 79.23%, 74.74%, and 72.81%

were obtained for short-term (hours), and long-term (day, week, month, and season) en-

ergy consumption forecasts, respectively.
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Chapter 1: Introduction

1.1 Introduction

Millions of homes worldwide are currently being equipped with smart meters, capable

of generating data measurements for more than 100 energy consumption data points ev-

ery 15 minutes resulting in a massive volume of data[1] that is smart meters big data.

Smart meters offer bidirectional communication between consumers and utility compa-

nies, which has given rise to pervasive computing environments that generate extensive

volume of data with high velocity and veracity attributes. Such data has a time-series

notion typically consist of energy usage measurements of component appliances over a

time interval [2][3]. The advent of big data technologies, capable of ingesting this large

volumes of streaming data and facilitating data-driven decision making through trans-

forming data into actionable insights, has revolutionized capabilities for how consumer

energy usage decision patterns are learned, how energy demand are forecast, how out-

ages are prevented, and how energy usage is optimized. Additionally, responsible, effi-

cient and environmentally aware energy consumption behavior is becoming a necessity

for reliable smart grid. Therefore, active participation by end-user/consumer, adopting

such behaviors, can achieve substantial cost reductions in household energy bills [4].

Utility companies are consistently working to determine the best ways to reduce

costs, improve profitability, and achieve sustainability by introducing programs, such as

demand side management and demand response, that best fit consumers’ energy con-

sumption profiles. However, there has been marginal success in achieving the goals of

such programs. Sustainable results are yet to be accomplished [5] because understanding
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consumers’ individual habits to tailor strategies that take into account both the benefits

and limitations of modifying behavior according to suggested energy savings plans is

difficult. The relationship between human behavior and the parameters affecting energy

consumption patterns are non-static [5]. For example, consumer behavior is dependent on

seasonal weather changes, which have variable influence over energy consumption deci-

sions. Progressive learning of consumer behavioral energy consumption decision patterns

is essential to support effective, well informed and time appropriate decision making at

all levels, from the household to the system. Thus, actively engaging consumers in per-

sonalized energy management by facilitating well timed feedback on energy consumption

and related costs can provide suitable support for energy saving strategies [6].

As advanced energy efficiency programs for households are introduced, such

as automatic demand response, it is crucial to understand how individual temporal con-

sumption and behavioral choices are reflected in consumption patterns to gain consumers’

confidence for these programs. Traditionally, demand response mechanisms have been

used by utility companies to target appliances that consume large amounts of power dur-

ing peak times; these mechanisms reduce the mode of energy consumption or shift ap-

pliance operation to off-peak times. Currently, companies seek to gain acceptance for

demand-response mechanisms among residential consumers because current demand re-

sponse techniques pay little attention, if not at all, to usage correlation relationships with

other appliances, resulting in users’ preference requirements not being met.

It is important to design models that analyze and visualize energy consump-

tion data from smart meters to uncover various temporal energy consumption patterns

that directly reflect consumers’ behaviors and expected comfort. These models must be

able to extract consumer temporal energy consumption patterns at the appliance level
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because these patterns define temporal appliance usage not only by the hour but also

by what time of the day, period of day, week, month, or season usage patterns occur

along with appliance-appliance associations. Understanding these appliance-appliance

and appliance-time associations is essential to analyze the factors that impact consumers’

behavior in relation to energy consumption, and capturing varying influence of consumers’

energy consumption decision patterns to reflect most up-to-date energy needs via contin-

uous online learning is vital for tese models [7]. Additionally, the models must be capable

of predicting multiple appliance usage over a short and long term frame from appliance

usage patterns, and forecast energy household energy consumption. Such predictions can

serve as key parameter to the success of the smart grid energy saving programs in differ-

ent ways. For example, daily energy predictions can be used to optimize scheduling and

allocation. Weekly energy predictions can be used to plan energy purchasing policies and

maintenance routines while monthly and yearly energy predictions can be used to balance

the grid’s production and strategic planning. Additionally, using these energy predictions

consumers can cut-down their energy cost by actively engaging in energy management.

1.2 Research Motivation

The end use of energy in residential premises is based on the activities that occupants

perform, the time at which appliances are used, and the interdependencies between ap-

pliances used simultaneously. For example, an user might charge an electric vehicle while

the washing machine is on, might operate the dishwasher while the dryer is on, or work

on the computer or watch television while cooking and listening to music. Addition-

ally, time-of-use for appliances might differ between households; for example, at one
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house washing clothes and using dishwasher might be done at night whereas in another

house these activities might occur in the afternoon during the weekends. Thus, these re-

lationships that is appliance-appliance (inter-appliance) and appliance-time associations

have direct effect on behavioral traits or behavioral energy consumption decisions of con-

sumers.

Due to the aforementioned heterogeneity and complexity of how consumers go

about their energy usage decisions, understanding the consumers’ energy usage behavior

can be very costly: it is not feasible to contact every consumer and obtain their energy

consumption characteristics. However, massive amounts of data are continuously being

collected through household smart meters, which provides a unique opportunity for de-

veloping analysis models to help consumers and utility companies realize and unlock

the potential benefits of investing in smart grid energy-saving programs. Smart meters

big data as a large time series has a wealth of information about consumers’ energy con-

sumption behavior and contain many frequent patterns of appliance usage [3], which is

becoming of interest to energy producers, utilities and end-users to mine such patterns

from the ever growing data [1].

The study presented in this thesis was primarily motivated by non-trivial nature

of mining energy consumption decision patterns from smart meters data, need to effi-

ciently represent the occupants’ behavioral traits and preferences, and determine meth-

ods to incorporate these patterns into energy program to achieve energy efficiency. Ad-

ditionally, the rich content of energy consumption data and potential to extraction of this

valuable information for many decision-making processes, such as consumer energy con-

sumption behavior analysis, demand response optimization, and the improvements in
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energy reduction recommendations provided further encouragement to take up this re-

search.

1.3 Research Problem

In recent times it has become apparent that household energy conservation is a significant

challenge but offers lots of opportunities for all; i.e., energy producers, policymakers, and

end users. Greenhouse gas emissions and climate change are two widely accepted after-

effects that are raising serious concerns over current energy consumption practices and

emphasizing the need for sustainable energy behavior. Therefore, responsible, efficient

and environmentally aware energy consumption behavior is becoming a necessity for re-

liable cyber physical systems such as the smart grid. There is an unswerving influence of

the human behavior on energy consumption patterns at household that has direct impact

on household energy consumption, which can be learned and taken into account by ana-

lyzing appliance level usage and appliance associations with time and other concurrently

used appliances. Thus, utilities, as well as end users of energy, require mechanisms to

seamlessly analyze end-user consumption behavior to make informed decisions about

smart grid energy saving programs. Additionally, this decision making process must

base on most recent, updated and time-appropriate information. The rise of smart me-

ters big data has facilitated machine learning, predictive analysis, and data visualization

for data-driven forecasting and decision making to improve energy programs, but mining

and determining consumer behavioral implications for household energy consumption is

complex and not trivial.



Chapter 1. Introduction 6

The research problem of this thesis focuses on a number of technical issues re-

lated to discovering, analyzing and visualizing consumer energy consumption behavioral

patterns. These issues can be summarized as follows:

First, the influence of human behavioral traits on household energy consumption

must be dynamically captured, both quantitatively and qualitatively, based on household

energy consumption in the form of inter-appliance and appliance-time associations, which

can act as one key criterion to energy savings and related programs.

Second, besides identifying appliances responsible for peak power load, it is re-

quired to identify the appliances (both manual and automatic operation) responsible for

substantial contributions toward household energy usage to support active and efficient

energy management at the household level. But, it is challenging to recognize such appli-

ances without analyzing raw energy consumption data.

Third, considering the continuous nature of data generation from smart meters,

an online incremental progressive data mining mechanism must be devised to learn vary-

ing appliance associations while capturing occupants’ behavioral deviations through en-

ergy consumption patterns, which represent of occupants’ energy consumption prefer-

ences and related anticipated level of comfort in relation to the use of electrical appliances.

Addressing this issue will allow energy programs to obtain consumer confidence and par-

ticipation towards greater success. However, the primary challenge here is how to derive

accurate relationships between interval-based events during which multiple concurrent

appliance usage persists.

Finally, real-world scenarios, which have multiple appliances operating concur-

rently, result in multiple concurrent time series. This would require a mechanisms to



Chapter 1. Introduction 7

predict multiple appliances concurrent usage to build foundation for household energy

forecast at short-term and long-term time frames.

1.4 Research Approach

The proposed incremental mining and prediction model provides a framework to mea-

sure and analyze energy usage changes caused by consumer behavior. The model needs

an online, dynamic, and recursive mechanism to extract the information from the energy

consumption data that is most immediate representation of consumers’ energy consump-

tion behavior. The data from the smart meters are recursively mined in quanta of 24 hours,

and the results; i.e., discovered inter-appliance and appliance-time associations, are main-

tained across successive mining exercises. In other words, data mining can be viewed as a

process being conducted at the end of each day in an incremental but progressive manner,

where only a portion of the entire database is mined at each iteration; thus reducing the

memory overhead and achieve improved efficiency. Therefore, making it suitable for the

real-world online applications, where data generation is a continuous process. In this con-

text, an unsupervised machine learning approach is most appropriate, which eliminates

the need to re-learn by re-mining the entire database (database + incremental) at frequent

intervals that can be very expensive in case of supervised machine learning strategy. Al-

though, a supervised learning approach appears to get benefited from consumer inputs,

but with the massive size of smart grid and enormous number of consumers involved in

the process, it might not be practically feasible to collect such input preferences from all

the consumers at regular intervals. Moreover, these consumer preferences might change

during the data mining operations and produce incorrect results.
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Due to perpetual nature of production of energy consumption data by smart me-

ters, over a period of time the inter-appliance associations can change and/or new ones

can establish, which is indicative of consumers’ energy consumption decisions. The pro-

posed mechanism captures these variations comprehensively. Additionally, a Bayesian

network based probabilistic graphical model is incorporated to predict multiple appli-

ances usage and to forecast household energy consumption. The proposed model is ca-

pable of short-term predictions ranging from hourly to 24 hours intervals, and long-term

predictions for days, weeks, months, or seasons. To evaluate the proposed mechanism

three datasets were used: (1) the UK Domestic Appliance Level Electricity dataset (UK-

Dale) was used [8], which is a time series data of power consumption collected between

2012 and 2015 with a time resolution of six seconds for five houses containing 109 appli-

ances in Southern England; (2) Almanac of Minutely Power dataset (AMPds2) [9], which

is a time series data of power consumption collected from a residential house in Canada

between 2012 and 2014 at a time resolution of one minute; and (3) A synthetic dataset

containing energy consumption measurements for one house with one minute resolution

for a year.

1.5 Main Contributions

Comprehensive consideration of human behavioral variations related to energy consump-

tion including high uncertainty in the order of use, varying time of use, and increased or

reduced frequency of use of appliances, is necessary for supporting data-driven, well-

informed, and time-appropriate decision making. The main contributions of this thesis

are as follows:
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• Behavioral energy-consumption pattern mining for appliance-appliance and appliance-

time associations, derived from smart meters data, is proposed to provide insight

into consumers’ energy consumption decision patterns. The Appliances of Interest

(AoI), which usually have smaller power load footprints but are major energy con-

sumers due to extensive use, were determined. This information is important for

informing consumers who tend to monitor appliances that consume large amounts

of energy for short periods of time (e.g., washing machines or dryers) but overlook

small appliances that contribute small energy footprints for longer duration. This is

vital to achieve efficient energy demand management.

• Incremental progressive data mining is proposed as a suitable method for captur-

ing consumer behavioral variations, learned through appliance associations, in the

smart grid environment. Both FP-growth and k-mean algorithms were extended to

incorporate incremental behaviors suitable to mine smart meters energy consump-

tion data at appliance level. This model mines data in an online and distributed

fashion at the individual household level to support energy efficiency and improved

accuracy for decision making. The k-means clustering through dynamic program-

ming, dynamic determination of k (number of clusters) through use of Silhouette

coefficient for k-means clustering, and application of Kulczynski measure (Kulc)

along with imbalance ratio (IR), in frequent pattern mining, as pattern interesting-

ness measures to eliminate uninteresting patterns and rules were used.

• A Bayesian network based probabilistic model for energy consumption prediction

was utilized to predict all possible appliances expected to operate concurrently. The

results were used to forecast household energy consumption for short term and long

term time frames. The other applications of multiple appliances prediction could
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include determining energy consumption behavioral patterns, and predicting daily

consumer activity to support smart grid energy efficiency programs.

1.6 Publications

1.6.1 Conference Papers

1. Shailendra Singh and Abdulsalam Yassine and Shervin Shirmohammadi, "Incre-

mental Mining of Frequent Power Consumption Patterns from Smart Meters Big Data" in

IEEE Electrical Power and Energy Conference 2016.

1.6.2 Journal Papers

1. Shailendra Singh and Abdulsalam Yassine and Shervin Shirmohammadi, "Mining

Smart Meters Big Data for Behavioral Analytics and Energy Consumption Prediction" in

IEEE Transactions on Big Data (TBD) : Cyber-Physical Systems 2016. (Submitted)

2. Shailendra Singh and Abdulsalam Yassine and Shervin Shirmohammadi, "House-

holds Energy Consumption Patterns Mining for Effective Demand Response in Smart Grids"

in IEEE Transactions on Emerging Topics in Computing (TETC) : Big Data Comput-

ing for the Smart Grid 2016. (Submitted)
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1.7 Thesis Organization

The organization of thesis is as follows:

Chapter 1: Introduction :: The thesis, research motivation, related problems, research

goals, contributions of the research, and publications are discussed.

Chapter 2: Background and Related Work :: Fundamental concepts of smart grids, and

knowledge discovery and data mining (KDD) associated with this research, and literature

review of recent and related research are covered.

Chapter 3: Progressive Incremental Data Mining - Proposed Model :: The architecture

of the proposed model with respective building blocks for the various phases such as

frequent pattern mining, cluster analysis, predicting usage of multiple appliances, fore-

casting energy consumption, and visualization are presented.

Chapter 4: Progressive Incremental Data Mining - Frequent Patterns Mining :: Frequent

pattern mining to discover appliance-appliance associations and association rules using

an extended FP-growth strategy and Apriori approach with related results are described

and discussed.

Chapter 5: Progressive Incremental Data Mining - Cluster Analysis :: Cluster analysis

to discover appliance-time associations including the hour of day, time of day, weekday,

week, month and season along with related results described and discussed .

Chapter 6: Multiple Appliance Usage Prediction and Energy Consumption Forecast ::

A probabilistic model based on a Bayesian network, which utilizes historical evidence

learned from frequent pattern mining and cluster analysis, is explained along with multi-

ple appliance usage prediction and energy consumption forecast results.

Chapter 7: Conclusion and Future Work :: A conclusion of the research undertaken and
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future work indicating direction for subsequent research is presented.
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Chapter 2: Background and Related Work

2.1 Background

2.1.1 Smart Grids

A smart grid is an electrical grid capable of two-way communication, comprising of elec-

tricity generation stations, distribution and utility networks, renewable energy resources,

and residential and commercial consumers equipped with advanced metering infrastruc-

ture (AMI) to facilitate efficient energy management. Smart grids offer several benefits

such as reliability, load balancing, peak leveling, sustainability, demand-response man-

agement, and integration of multiple sources of power generation, including solar, and

wind along with conventional modes [10] [11] [12]. In a smart home, many of the smart

appliances can be connected together over a wireless network creating a context aware

environment where energy consumption can be measured at appliances level. This can

facilitate computerized control of appliances and home to appropriately respond to sig-

nals from energy providers or utilities and enable effective energy management. At the

same time traditional homes and appliances can be equipped with low cost add-on in-

frastructure such as smart outlets, smart light switches, and communication hubs to make

them smart and exploit full strength of smart grid environment and extract maximum

possible benefits. Figure (2.1) by [13] presents the typical architecture of a smart grid. In

a smart grid, data generation takes place at multiple points, but this research focuses on

consumption of electricity to analyze massive amount of data generated in form of energy

consumption patterns. Electricity consumption is conducted by end-user or consumer

in homes, commercial buildings, and electric vehicle charging stations. Here, residential
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homes and how end-users consume energy are considered to study the impact of con-

sumers’ behavior on household electricity consumption and to develop a methodology

for predicting energy consumption using data mining.

FIGURE 2.1: Smart Grid [13]

2.1.2 KDD - Knowledge Discovery in Databases

KDD is the process of extracting critical but relevant and valuable information from a

database. It contains five steps, as depicted in figure (2.2) by [14], to process raw data and

harvest information. KDD is an iterative process requiring constant user interaction. A
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prerequisite step is to obtain the application domain knowledge, which enables the selec-

tion of the most appropriate dataset to unearth the information. Next, the data are cleaned

by eliminating noise or outliers and inconsistent data; this accompanied by extracting

details on outliers, missing, unknown, or incomplete data along with mapping with ap-

propriate replacements. During this step, data from multiple sources are also combined

by conducting data integration. Then, data reduction, projection and transformation is

performed to reduce data dimensions by selecting the required data features. Next, data

mining strategy is identified based on the best fit with the application or task under con-

sideration and data mining is performed to reveal patterns. Finally, data mining outcomes

(i.e. patterns) are evaluated for usefulness based on selected interestingness measures and

irrelevant patterns are eliminated; but valuable patterns are translated and visualized in a

ready to ingest form [14] [15].

Data mining, which is one key step in the KDD process, can be predictive, de-

scriptive or both and is used to search and extract useful patterns of interest from enor-

mous volumes of data. These patterns can be association rules, classification trees, and/or

clusters which are discovered using specific data mining algorithms [14] [16] [17]. In this

research, frequent pattern mining and cluster analysis were used to discover appliance-

appliance and appliance-time associations related to energy consumption patterns respec-

tively. This information was used to create an unsupervised probabilistic predictive model

by combining the Bayesian network with cluster analysis and frequent pattern mining to

predict multiple appliance usage and forecast household energy consumption on short

term and long term basis.
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FIGURE 2.2: KDD - Knowledge Discovery in Databases : Process [14]

Frequent Pattern Mining

A frequent pattern is a set of items or sub-sequences that occur regularly in a dataset.

Frequent pattern mining searches for these recurring patterns in a given dataset to deter-

mine associations and correlations among patterns of interest [18]. This research incorpo-

rated both, the FP-growth mechanism and the Apriori algorithm to discover appliance-

appliance associations in the form of frequent patterns and association rules, respectively.

Frequent pattern mining and its results are presented in Chapter (4).

Cluster Analysis

Cluster analysis is the process of grouping data objects into classes, which exhibit simi-

larity to each other but dissimilarity with objects in other classes or clusters. This is an

unsupervised form of classification which is capable of distinguishing groups or classes

of objects and where classes are learned from the data [18]. There are various cluster-

ing approaches such as hierarchical clustering, centroid-based or partitional distribution
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clustering, distribution-based clustering, and density-based clustering. Here, in this re-

search k-means, a partitional distribution clustering algorithm was extended to discover

appliance-time associations, which is described in Chapter (5).

Bayesian Network

A Bayesian network is a probabilistic graphical model consisting of random variables and

their dependencies represented by nodes and arcs on a Directed Acyclic Graph (DAG).

Each node in a probabilistic network is associated with a conditional probability table

specifying its Conditional Probability Distribution (CPD) and facilitates the computation

of Joint Probability Distributions (JPD) for the model [19] [18]. The model was formulated

by learning historical evidence through cluster analysis and frequent pattern mining in

form of appliance-appliance and appliance-time association respectively, to predict usage

of multiple appliances concurrently and energy usage, as discussed in Chapter (6).

2.2 Related Work

Learning occupants’ behavioral characteristics towards energy consumption is one key

to the success of energy saving programs. Behavioral analytics as an approach to under-

stand and predict appliance usage and energy consumption is relatively new. Technical

report by [5] provides an extensive argument in support of exploiting behavioral energy

consumption information to encourage and obtain greater energy efficiency. Mining ap-

pliance usage and association in form of frequent patterns (inter-appliance) and clusters

(appliance-time) from context-aware smart-meter data can reveal surprising underlying
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information. In this section, we review existing work in the literature, which employ en-

ergy consumption data of smart meters to analyze consumers’ energy usage behavior.

2.2.1 Behavior Analytics

Technical report by [20] discussed the need to analyze the behavioral characteristics to

recognize solutions to empower the consumers to regulate the energy consumption to-

wards reducing expenses. Extensive argument in support of exploiting the behavioral

energy consumption information to encourage and obtain greater energy efficiency was

made in [5] and [6]. Authors in [21] studied prospective to extract information about the

occupants from the energy consumption patterns. The need to learn the human behavior

changes through the context-aware sensing to enable the humans with decision making

capabilities at required time is studied in [22]. The impact of the behavioral changes for

energy savings were also examined by [23] and [24] and end-user participation towards

the effective and improved energy savings were emphasized. Prediction of consumers’

energy consumption behavior is also studied in several papers. For examples, the work

presented in [25] uses a Bayesian network to predict the occupant behavior as a service re-

quest using a single appliance, but does not provide a model to be applied for real-world

scenarios. The study by [26] inspects the rule-mining based approach to examine the

related behavioral characteristics and identify association between the energy consump-

tion and the time of appliance usage to assist energy conservation, demand-response and

anomaly detection, but lacks a formal rule mining mechanism and fails to consider appli-

ance association of greater degree. The authors in [27] suggested a clustering approach

to identify the distribution of consumers’ temporal consumption patterns, however, the
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study does not consider the appliance level usage details, which are a direct reflection of

consumers’ comfort and does not provide correlation between generated rules and energy

consumption characterization.

The approach provided by [28] suggests an auto regression model to compute

the energy consumption profiles for residential consumers to facilitate the energy saving

recommendations without the consideration of occupants’ behavioral attributes. Study

[29] proposed to map the occupants’ activities responsible for the energy household en-

ergy consumption and suggest improved energy efficient ways to perform daily activi-

ties. The work in [30] proposed graphical model based algorithm to prediction the human

behavior and inter-dependency for appliance usage activities to predict multiple appli-

ance usage using a Bayesian model, but do not consider occupants’ behavioral variations

rather assume behavior is a cyclic and stationary phenomenon. Study [31] analyzed the

Hidden Markov Model and cluster analyses to establish correlation between the energy

consumption patterns and the user behavioral characteristics to support energy program

enrollments. In the work [4] and [32], authors utilized the historical consumption be-

havior to decide appliance scheduling for the efficient energy usage and emphasize on

the active participation by end-user/consumer to achieve significant reduction in house-

hold energy consumption; but failed to consider inter-appliance associations. Study [33]

proposed methodology to extract user behavioral characteristics in form of the Activities

of Daily Living (ADL) tasks with context and temporal information to support efficient

power management.

Authors in [34] used a Semi Markov Model to detect the occupants’ habits with a

target to identify ADL adapting to the human behavior. Study in [35] utilized an electrical

appliance usage signatures or energy consumption patterns to identify the occupants in
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a house. In study [36], a log Gaussian Cox process is used to identify the unique daily

routine to identify and monitor occupants’ behavior. In the work [37], personal appliance

usage habits were learned from the appliance usage patterns, which are dependent on

ADLs. Papers [38] and [39] present a system to mine the appliance usage patterns to de-

termine the energy consumption behavior with an aim to conserve power. Research by

[40] proposed an algorithm to reveal occupants’ activity patterns from energy consump-

tion data. Work in [41] used visualization method to extract the energy usage patterns

from everyday activity patterns and provide insight into the electricity usage to support

targeted campaigns. In the study [42], critical patterns from energy consumption data

were mined to determine the activity of daily living profile, and short-term and long-term

inconsistencies were utilized to detect health conditions of the occupants towards facili-

tating home health care.

Studies [43] and [44] presented a demand side management technique to con-

trol the peak load hikes by shifting high power load appliances from operating while

minimizing discomfort to the occupants, but does not completely consider the behavioral

variations that may occur due to the time such as weekdays vs weekends, months and

seasons. In the study [45] authors proposed to analyze the impact of price variations

on occupants energy consumption behavior across the houses. Researchers in study [46]

used neural networks to study, recognize and monitor variations in the human behavior

extracted from smart meter time-series data, as energy consumption profiles for individu-

als, data towards health monitoring. Work by [47] studied the energy consumption data to

determine the groups of customers based on energy usage behavior and related variabil-

ity. Paper [48] used frequent pattern mining to determine the current activity, and reveal

irregularities in the power consumption behavior. Study by [49] proposed methodology
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to learn and predict the occupant behavior using Support Vector Machine (SVM), C4.5,

and Locally Weighted Learning (LWL) in an office environment.

2.2.2 Frequent Pattern Mining

Authors in [50] and [51], modeled a time-series multi-label classifier to develop the de-

cision tree taking appliance correlation into consideration to predict the appliance usage,

but considered only last 24 hour window for the future predictions along with appliance

sequential relationships. The study in [26] inspected the rule-mining based approach to

examine the related behavioral characteristics and identify the association between the en-

ergy consumption and the time of appliance usage to assist energy conservation, demand-

response and anomaly detection, but lacks a formal rule mining mechanism and fails to

consider greater degree of association among appliances. The work in [2] proposed a new

algorithm to consider the incremental generation of data and mining appliance associa-

tions incrementally. Similarly in [52], appliance association and sequential rule mining

was studied to generate and define the energy demand patterns.

The work presented by [3] and [53] mine for sequential patterns to understand

the appliance usage patterns to save energy. Authors in [54] proposed an algorithm to

mine probabilistic correlation patterns among the appliances; which in the work [55]

was extended for incremental sequential mining technique to discover correlation pat-

terns among appliances, where authors proposed new algorithm which offers reduction

in memory with improved performance. Authors in [56] further extend their approach to
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mine time interval data for probabilistic temporal pattern mining to discover the appli-

ance usage patterns. Context aware association mining through frequent pattern recogni-

tion was studied in [57] where the aim is to discover the consumption and the operation

patterns and effectively regulate the power consumption to save energy. Study by [58]

proposed pattern recognition technique to identify ADLs from electrical appliance, but

used only one appliance; which is extended in [59] to identify five concurrent operating

electrical appliances using the real power consumption of appliances.

Authors in [60] used sequential pattern (activity) mining to predict the future

activities enabling enhanced power consumption forecast, and present short term load

forecasting using activity sequence patterns with Support Vector Regression (SVR). Paper

[48] presented frequent pattern mining using Apriori approach to determine the current

activity along with occupants’ location in the house; proposed model is capable of reveal-

ing irregularities in the power consumption behavior.

2.2.3 Cluster Analysis

The authors in [27] suggested a clustering approach to identify the distribution of con-

sumers’ temporal consumption patterns, however, the study does not consider appliance

level usage details, which are direct reflections of consumers’ comfort and did not provide

the correlation between generated rules and the energy consumption characterization.

The study in [61] used clustering as a means to group the customers according to load

consumption patterns to improvise on the load forecasting at a system level. Similar to

[61], the authors in [62] used k-means clustering to discover the consumers’ segmentation

and used socio-economic inputs with SVM to predict the load profiles towards demand
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side management planning. The work in [63] proposed a methodology to disclose the

usage pattern using hierarchical and c-means clustering, multidimensional scaling, grade

data analysis and sequential association rule mining; while considering appliances’ ON

and OFF events. However, the study does not consider the duration of appliance usage

or the expected variations in the sequence of appliance usage.

The study in [64] employed hierarchical clustering, association analysis, decision

tree and SVM to support short-term load forecasting, but does not consider variable be-

havioral traits of the occupants. The methodology proposed by [65] used a two-step clus-

tering process to examine the load shapes and proposed a segmentation schemes with

appropriate selection strategies for the energy programs and related pricing. [4], utilized

historical energy consumption behavior to determine the appliance scheduling and com-

putes the load profiles based on clustering of appliances having similar schedules to taper

peak load and keep it as close as possible to the average load, but failed to consider inter-

appliance associations. Work by [39] presented algorithms based on hierarchical cluster-

ing to mine the appliance usage patterns to conserve energy. Authors in [66] used the

k-means and artificial neural networks to cluster customer profiles which can be used for

the energy management. The study [67] suggested to use k-means clustering to deter-

mine the consumption categories and estimate the peak loads for the houses through the

polynomial regression.

Study [68] proposed k-means along with Self-Organizing Map (SOM) to com-

pute the baseline load estimate by clustering similar load patterns for demand response

purpose. Study [69] used k-means in conjunction with Silhouette analysis towards the

load profiling to design time of use tariffs. In the study [45] authors proposed to use

fuzzy c-means clustering to compute daily load profiles. Work [69] proposed to utilize
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k-means along with a polynomial regression technique to estimate the peak load for the

traditional electrical meters, and uses global silhouette coefficient to determine the value

of k. Authors in their study [47] used expectationâĂŞmaximization (EM) algorithm, along

with Bayesian Information Criterion (BIC) to determine the number of clusters, to deter-

mine the groups of customers based on energy usage behavior. Study [70] utilized self

organizing maps strategy of clustering for the daily peak load forecasting. In the study,

[71] unsupervised Bayesian Clustering by Dynamics (BCD) classifier to detect the state

of input load time-series and create sub-groups is used, which are further fed to SVR for

forecast electrical load.

2.2.4 Multiple Appliance Usage Prediction and Energy Consumption

Forecast

Researches in [72] proposed neural network based on Bayesian learning methods for short

term load forecasting and demonstrate benefits over the classic neural network learning

approach; where [73] suggested a Bayesian learning approach for artificial neural network

(ANN) and provide evidence for better forecasting results while compare to the classical

ANN. Study in [74] used ANN for the load forecast for several hours in future. Paper [70]

utilized hybrid neural network model for the daily peak load forecasting using the self

organizing maps strategy of clustering. In the study, [71] use of BCD and SVR is proposed

for the electrical load forecast one day in advance.

In the study [75] used SVM for monthly electrical load forecasting. Research
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[76] exploited SVR along with Immune algorithm (IA) for the electrical load forecast. Re-

searchers in [77] evaluates various forecasting strategies Linear Regression (LR), Multi-

Layer Perceptron (MLP), SVR, and propose algorithm Cluster-based Aggregate Forecast-

ing (CBAF) for forecasting electrical load for one to 24 hours period, and provide support

for better performance of the CBAF. Authors in [78] predicted appliance power consump-

tion based on the historical power consumption and develop appliance level profiling to

forecast the appliance usage up-to 90 minutes in future. In study [60] presented short

term load forecasting using the activity sequence patterns with Support Vector Regres-

sion. Study [29] proposed linear SVM model as the best approach to predict the energy

consumption for a smart environment while comparing with the linear regression and

non-linear SVM model. Paper [67] proposed to use k-means clustering along with poly-

nomial regression to estimate the household peak load.

2.2.5 Discussion

In all the above discussed approaches, a few examined the impact of consumer behavior

on energy consumption but do not consider the human behavioral variations comprehen-

sively such as high uncertainty in order of use of appliances to complete an activity, or

increased or reduced frequency of use of appliances and variations in time of use due

to seasons or other personal factors. It is important to note that these variations have

a direct effect on household energy consumption. These studies analyze data through

models that are static in nature; i.e., models are defined to learn one time and act ac-

cording to design with no provision for incremental learning. And, in case, it is needed

to process the incremental data generated by smart meters, these models would require
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to re-training on entire dataset repetitively to reflect updated information, which will be

very expensive. Additionally, appliance level usage and appliance associations are not

fully considered, which can provide a necessary ground for effectively defining consumer

energy consumption behavior with respect to which appliances are used, which appli-

ances are used simultaneously, and when they are used. Therefore, efficient capturing of

consumer behavior and related variations at appliance level can support accurate estima-

tion and prediction of energy consumption. This, not only can assist utility companies

customizing the energy programs to take consumer preferences into account for greater

success through improved consumer engagement, but support consumers in their quest

for effective energy management to reduce energy bills. This research addresses these

shortcomings and improves further by adapting incremental progressive unsupervised

machine learning through frequent pattern mining and cluster analysis. Thus, translat-

ing energy consumption patterns into frequent patterns and clusters representing inter-

appliance and appliance-time associations, which are indicative of consumer behavior

and related preferences, while explaining home energy consumption. Furthermore, these

associations establish a probabilistic foundation (i.e. historical evidence) for predictions

and this research uses a Bayesian network to develop prediction model capable of predict-

ing appliance usage and energy consumption for short-term and long-term time frame.
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Chapter 3: Progressive Incremental Data Mining : Proposed

Model

3.1 Proposed Model

Frequent patterns are repeated patterns or itemsets, which often appear in a dataset.

Within smart-meter data an itemset, for example, could comprise of laptop and washing

machine that often presents themselves together in a frequent pattern. Hence, frequent

pattern mining can reveal association and correlation among appliances that is appliance-

appliance or inter-appliance associations. In addition to learning inter-appliance associ-

ation, it is of critical interest to understand when the appliances are used with respect to

hour of day (00:00 - 23:59), time of day (Morning, Afternoon, Evening, Night), weekday,

week, month and season (winter, summer/spring, fall). The underlying information from

smart meters time series data facilitates discovery of appliance-time associations through

clustering analyses of appliances over time. Clustering analyses is the process of creat-

ing classes (non-supervised classification), where members of a cluster exhibit similarity

with one another, but display dissimilarity with members of other clusters. Using such

analyses, inter-appliance and appliance-time associations can represent critical consumer

energy consumption behavioral characteristics, and identify peak load and energy con-

sumption hours to explain respective behavioral traits. This can establish expected levels

comfort for the consumers. Additionally, it is of significance interest to identify the AoIs to

determine major contributors to energy consumption within household, and to develop

capabilities to predict multiple appliance usage times and energy consumption forecasts

on short term and long term time frames.
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The mining of frequent patterns and cluster analysis are generally considered as

an off-line and expensive process for large databases. In real world applications trans-

action data generation is a continuous process, in which new transactions are generated

and old transactions may become obsolete as time progress, therby invalidating existing

frequent patterns and clusters or establishing new associations and groups. Therefore,

an incremental and progressive update strategy for energy consumption data mining is

imperative to take into account variations and updates and ensure that discovered fre-

quent patterns and clusters are duly maintained with updated information. For example,

an appliance such as a space-heater will generally be used during winter, and usage fre-

quency during other seasons is reduced. As an effect a significant gain during winter but

decrease during other seasons will be registered. Consequently, the space-heater should

appear higher on the list of frequent patterns and association rules during the winter, but

much lower on the list during the summer or spring. Similarly, appliance usage frequency

affects the size or strength of clusters that is association with time will update. The objec-

tive of capturing theses variations can be achieved through progressive incremental data

mining while eliminating the need to re-mine the entire database at regular intervals. For

a large database, frequent pattern mining can be accomplished using pattern growth ap-

proach [79], [80], whereas cluster analysis can be achieved using k-means cluster analysis

[81]. Both these approaches are extended to fit in context of online incremental mining

strategy of progressive manner and presented in this thesis.

In this proposed approach, available data is recursively mined in quantum of 24

hours and the results;i.e., discovered inter-appliance (frequent patterns) and appliance-

time (clusters) associations are maintained across successive mining exercises. In other

words, data mining can be viewed as a process being conducted at the end of each day
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in an incremental manner. During each consecutive mining operation existing frequent

patterns and clusters are updated and/or new patterns and clusters are added to the per-

sistent database in a progressive manner. Using this technique, only a portion of the entire

database is mined during each iteration, thus reducing memory overhead and achieving

improved efficiency for real-world online applications, where data generation is a con-

tinuous process and there is a need to ingest this data and extract meaningful relevant

information to support time relevant continuous decision making at various levels.

Frequent patterns and clusters discovered from databases can be maintained in-

memory using a hash table data-structure or stored in a off the memory Database Manage-

ment System. The latter approach reduces memory requirement at the cost of marginal

increase in processing time, whereas the former approach reduces processing time but

requires more memory. Considering the smart meter environment, quicker processing

time is of importance; however, persistence of the information discovered through days,

months, seasons, or years is more vital to achieve useful and usable results for the fu-

ture. Therefore, we prefer permanent storage using Database Management System over

in-memory volatile storage.

The proposed model extracts critical information from data in the form of fre-

quent patterns (appliance-appliance association and related association/correlation rules),

and clusters (appliance-time associations) using unsupervised incremental and progres-

sive data mining techniques. Frequent patterns and clusters are used to determine the

probabilistic associations among appliances and with time, and to identify AoIs with re-

spective probabilities. The model is completed with Bayesian network based probabilis-

tic prediction methodology to predict concurrent multiple appliance usage and forecast

household energy consumption for both short term and long term time frames. For the
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FIGURE 3.1: Model: Incremental Progressive Data Mining and Probabilistic
Prediction

purpose of evaluation of the proposed model, the prediction results are then compared

with a SVM based multiple appliance predictor outcomes for the accuracy of predictions.

Why SVM? the choice is exclusively based on the acceptance of SVM, by research com-

munity, as one of the most capable prediction approach in the area of smart grid data

analytics.

Figure (3.1) illustrates the proposed model with its distinct five phases: data
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preparation/pre-processing, frequent pattern mining and cluster analysis, association rules

generation, predictions, and result visualization. Brief descriptions of each phase is pro-

vided below, while detailed discussions with related theoretical background are presented

in the respective chapters.

• Phase I: Raw data, which contains millions of records of energy consumption data

from a smart meter, are prepared and processed for further analysis.

• Phase II: Incremental progressive frequent pattern mining and cluster analysis are

performed. Frequent patterns and clusters are used to determine the probabilistic

associations among appliances and with time, and to identify AoI.

• Phase III: Appliance-appliance association and correlation rules are extracted from

appliance-appliance frequent patterns and associations.

• Phase IV: The Bayesian network based prediction mechanism ingesting the results

from phase III to predict multiple appliance usage and energy consumption for short

and long term time frames.

• Phase V: Visualization of the results.

3.2 Data-set and System Setup

Two real datasets were used for the research, UK-Dale dataset [8], which includes time se-

ries data of power consumption collected between 2012 to 2015 having a time resolution

of 6 seconds for five houses with 109 appliances in Southern England published by UK

Energy Research Centre Energy Data Centre (UKERC-EDC); and second, AMPds2 dataset

[9], which is time series data for electricity, water, and natural gas measurements for over 2
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years period from 2012 to 2014 having a time resolution of one minute for one residential

house in the Greater Vancouver metropolitan area in British Columbia, Canada. In ad-

dition, a synthetic dataset is generated having over 1.2 million raw energy consumption

data points with a time resolution of one minute from smart meter of one house with 21

appliances for a period of one year to conduct initial experiments. The underlying system

for the proposed model was developed in Python, and the data storage used was MySQL

and MongoDB databases on Ubuntu 14.04 LTS 64-bit system.

3.3 Data Preparation

Smart meters time-series raw data, which is a high time-resolution data, is transformed

into one min resolution load data and subsequently translated into a 30 minutes time-

resolution source data ;i.e., 24 * 2 = 48 readings per appliance per day, while recording

usage duration, average load, and energy consumption for each active appliance. All the

appliances that registered active during the a 30 minute time interval were included into

the source database for frequent pattern data mining and cluster analysis. We analyzed

and found time-resolution of 30 minutes as most suitable, because it not only captures

TABLE 3.1: Frequent Pattern Source Database

Start Time End Time Active Appliances
2013-08-01 07:00 2013-08-01 07:30 ’2 3 4 12’
2013-08-01 07:30 2013-08-01 08:00 ’3 4 12’
2013-08-01 08:00 2013-08-01 08:30 ’2 4 12’
2013-08-01 08:30 2013-08-01 09:00 ’4 12’
2013-08-01 09:00 2013-08-01 09:30 ’2 3 12’
2013-08-01 09:30 2013-08-01 10:00 ’2 3 4’
2013-08-01 10:00 2013-08-01 10:30 ’2’
2013-08-01 10:30 2013-08-01 11:00 ’12’
2013-08-01 11:00 2013-08-01 11:30 ’2 12’
2013-08-01 11:30 2013-08-01 12:00 ’3 12’
2013-08-01 12:30 2013-08-01 13:00 ’2 4’
2 = Laptop, 3 = Monitor, 4 = Speakers, 12 = Washing Machine
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appliance-time and appliance-appliance associations adequately but also keeps the num-

ber of patterns to be analyzed sufficiently low and makes it appropriate for real-world

applications. The actual dataset UK-Dale [8] had over 500 million raw records from five

houses with a time resolution of 6 seconds. This was reduced to 20 million during pre-

processing phase without loss of accuracy or precision. Similarly, dataset AMPds2 [9] was

reduced to 4 million records from over 40 million raw records. Tables (3.1), (3.2), and

TABLE 3.2: Clustering Source Database - I

Appliance Hour of Day Time of Day
2 07:30 08:00 M E
3 16:00 16:30 A E
12 13:30 14:00 14:30 A
2 = Laptop, 3 = Monitor, 12 = Washing Machine
M = Morning, A = Afternoon, E = Evening

(3.3), show examples of the resulting ready to mine source data format comprising four

appliances from one house.

TABLE 3.3: Clustering Source Database - II

Appliance Weekday Week Month Season
2 1 5 2 4 1 9 F W
3 3 5 3 5 8 10 F
12 2 4 6 1 3 1 W
2 = Laptop, 3 = Monitor, 12 = Washing Machine
F = Fall, W = Winter

3.3.1 Dataset : Raw Power Consumption Analysis

Extensive analysis was conducted on raw energy consumption data to examine power

load and energy consumption trends for hour of the day, the time of the day, weekdays,

months, and seasons. Figures (3.2), (3.3), (3.4), (3.5), and (3.6) show the average power

load and (3.7), (3.8), (3.9), (3.10), and (3.11) show the average energy consumption trends
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for sample results from one house; peaks for power load and energy consumption are

noted for each time resolution.

FIGURE 3.2: Dataset 1 House 2 : Average Power Load Pattern : Laptop

FIGURE 3.3: Dataset 1 House 2 : Average Power Load Pattern : Monitor
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FIGURE 3.4: Dataset 1 House 2 : Average Power Load Pattern : Speakers

FIGURE 3.5: Dataset 1 House 2 : Average Power Load Pattern : Kettle
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FIGURE 3.6: Dataset 1 House 2 : Average Power Load Pattern : Microwave

FIGURE 3.7: Dataset 1 House 2 : Average Energy Consumption Pattern : Lap-
top
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FIGURE 3.8: Dataset 1 House 2 : Average Energy Consumption Pattern : Mon-
itor

FIGURE 3.9: Dataset 1 House 2 : Average Energy Consumption Pattern :
Speakers
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FIGURE 3.10: Dataset 1 House 2 : Average Energy Consumption Pattern :
Kettle

FIGURE 3.11: Dataset 1 House 2 : Average Energy Consumption Pattern :
Microwave
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Chapter 4: Progressive Incremental Data Mining: Frequent

Patterns Mining

4.1 Frequent Pattern Mining

Frequent patterns are repeated patterns or itemsets, which often appear in a dataset. Con-

sidering smart-meter data, an itemset, for example comprising of laptop and washing

machine, that often present itself together is a frequent pattern. Hence, frequent pattern

mining can help discover association and/or correlation among appliances, which defines

relationship among data interpreting consumer energy consumption behavior. Therefore,

with the enormous quantity of data progressively being collected from smart meters, it

is not only of keen interest to energy producers and utilities, but also to consumers to

mine such frequent patterns for defining and facilitating decision-making processes such

as energy saving plans, demand response optimization, and cost reduction.

4.2 Frequent Itemsets and Association Rules

In this subsection, preliminary background is introduced on frequent pattern mining based

on [18]. Let Γ = {I1, I2, ..., Ik} be an itemset containing k items which is referred to as

k-itemset (lk). Let DB, represent a transaction database with a set of transactions as de-

scribed in table (3.1), where each transaction Υ is an itemset having Υ ⊆ Γ and Υ ̸= ∅.

The frequency of appearance of an itemset is the number of transactions that contain the

itemset, defined as the support count, or the count of the itemset. Let, X and Y be set
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of items, such that X ⊆ Υ and Y ⊆ Υ. Itemsets X and Y are considered frequent item-

sets or patterns, if their respective support sX and sY that is the percentage of transactions

the itemset appears in the transaction database DB, are greater than or equal to minsup;

where minsup is the pre-defined minimum support threshold. support can be viewed

as the probability of the itemset in the transaction database DB. This is referred to as

the relative support, whereas the frequency of occurrence is known as the absolute sup-

port. Hence, if the relative support of an itemset X(sX) [or Y (sY )] satisfies a pre-defined

minimum support threshold minsup, then the absolute support of X (or Y ) satisfies the

corresponding minimum support count threshold.

Association rules are the results of the second iteration of the frequent pattern

mining process, where already discovered frequent itemsets or patterns are processed to

generate the association rules. Rules, of the form {X ⇒ Y }, are generated using support-

confidence framework, where support sX⇒Y [equation (4.1)] is the percentage of transac-

tions containing (X ∪ Y ) in transaction database DB, which also can be seen as the prob-

ability P (X ∪ Y ). The confidence cX⇒Y [equation (4.3)] is defined as the percentage of

transactions in DB containing X that also contain Y , which is the conditional probability,

P (Y |X) [18]. Equations (4.1) and (4.3) captures the above notions respectively.

support(X ⇒ Y ) = sX⇒Y = P (X ∪ Y )

= support(X ∪ Y ) (4.1)

absolute_support(X ⇒ Y ) = support_count(X ∪ Y ) (4.2)
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confidence(X ⇒ Y ) = P (Y |X)

=
support(X ∪ Y )

support(X)

=
support_count(X ∪ Y )

support_count(X)
(4.3)

Hence, an association rule established as {X ⇒ Y }, where X ⊂ Γ, Y ⊂ Γ, X∩Y =

∅, X ̸= ∅, and Y ̸= ∅, with support sX⇒Y ≥ minsup and confidence cX⇒Y ≥ minconf are

classified as strong, where the minconf is pre-defined minimum confidence threshold.

Additionally, the association rule’s support sX⇒Y will automatically satisfy the minimum

support threshold as the rules are essentially generated from frequent patterns X , and Y

having respective support sX , sY ≥ minsup. Thus, once the support for X , Y , and (X ∪ Y )

are determined, corresponding association rules {X ⇒ Y } and {Y ⇒ X} can be extracted,

which satisfies minsup and minconf ; i.e., the association rule generation process can be

deduced to a two-step operation; first, frequent pattern mining, and second, generating

strong association rules of interest[18].

4.3 Incremental Approach to Data Mining for Frequent Pattern Extrac-

tion using FP-growth: Discovering Inter-Appliance Associations

In this subsection, the proposed approach towards progressive incremental frequent pat-

tern mining along with additional interestingness measures for the discovery of correla-

tion is discussed.

The mining of frequent patterns is generally considered as an off-line and costly

process on large databases. In a real world application transaction data generation is a
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continuous process, where new transactions are generated and old transactions may be-

come obsolete as time progresses, thereby, invalidating existing frequent patterns and/or

establishing new frequent pattern associations. Therefore, an incremental and progressive

update strategy is imperative, where these variations/updates are taken into account and

the discovered frequent patterns are duly maintained. For example, an appliance such as

room-heater generally will be used during winter and we can expect reduced usage fre-

quency during other seasons. As an effect, a significant gain during winter but decrease

during other seasons will be registered. As a result, room-heater should appear higher

on the list of frequent patterns and association rules during winter, but much lower dur-

ing summer or spring. This objective can be achieved through progressive incremental

data mining while eliminating the need to re-mine the entire database at regular intervals.

Frequent pattern mining in a large database can be accomplished through pattern growth

approach [79], [80]. We extend this pattern growth approach and present an incremental

frequent pattern mining strategy of a progressive manner, which is discussed next.

4.3.1 FP-growth : A Pattern-Growth Approach, Without Candidate Gen-

eration For Mining Frequent Itemsets

Apriori [82] algorithm with candidate generation approach can suffer from the following

problems:

• Breadth-first approach; i.e., level-wise search.

• Generate a large number of candidate sets.

• Repeatedly search through entire database to find support for an itemset.
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To overcome these deficiencies, the work in [79] and [80] proposed pattern growth or

FP-growth approach, which exploits depth-first divide-and-conquer technique. To start

with, it generates a compact representation of the transactions from the database in the

form of the frequent pattern tree or FP-tree. FP-tree preserves the association information,

derived from each individual transaction, along with support count for each constituent

item. Next, conditional databases(tree) for each frequent item is extracted from the FP-

Tree to mine frequent patterns, which the item under consideration is part of. This way,

we are inspecting only the divided portion relevant to the item and its associated growing

patterns, and addressing the shortcomings of the Apriori approach.

4.3.2 Incremental Frequent Pattern Extraction

Our proposed technique exploits the benefits of pattern growth strategy and extends it

to achieve incremental progressive mining of frequent patterns by mining in a quantum

of 24 hours; i.e., frequent patterns are extracted from data comprising of appliance usage

tuples for a 24 hour period, in a progressive manner. With this approach, we mine only

a portion of the entire database at each iteration, thus reducing the memory overhead for

FP-growth strategy and achieve improved efficiency.

In our proposed approach, available data is recursively mined in quanta of 24

hours, and a frequent patterns discovered database, represented in table (4.2), is main-

tained across successive mining exercises. In other words, data mining can be viewed as

a process conducted at the end of each day in an incremental manner. During each con-

secutive mining operation, the support count and database size for the existing frequent

patterns are incremented and new patterns, with applicable support count and database
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size, are added to persistent database. Moreover, we cease the use of minimum support

threshold minsup at the mining stage to eliminate any candidate patterns, resulting in

discovery of all the possible frequent patterns. This change in technique is incorporated

to avoid missing candidate patterns, which can become frequent if time quantum is in-

creased or the complete database is mined in a single operation. At the end of the mining

process, database_size is updated for all of the frequent patterns in the frequent patterns

discovered database [table (4.2)] to ensure the correct computation of support.

Our proposed progressive incremental data mining approach is outlined by algo-

rithm (1); which extends two-step process for frequent pattern mining using FP-growth.

Step 1; i.e., FP-Tree construction is described in algorithm (3) and figures (4.1) and (4.2).

Step 2; i.e., frequent pattern generation is covered in algorithm (5) and figures (4.3) and

(4.4). Algorithm (2) explains the mechanism to achieve persistent storage of frequent pat-

terns discovered by the mining process into a permanent storage such as a Data Base

Management System.

Two step process for frequent pattern mining based on FP-growth

Step-1 Constructing Frequent Pattern Tree (FP-Tree): It takes two scans of transaction

database; first to create the list of 1-itemset (an itemset comprising only one item) frequent

itemsets with support [presented in table (4.1), sorted in decreasing order of support], and

second to construct the FP-Tree[79], [80]. In our setting, we do not eliminate 1-itemset fre-

quent itemsets based on minimum support threshold (minsup) for the reasons discussed

earlier, which is a departure from the original algorithm proposed by [79], [80].
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Algorithm 1 Incremental Frequent Pattern Mining

Require: Transaction database DB

Ensure: Incremental discovery of frequent patterns, stored in frequent patterns discov-
ered database FP_DB

1: for all 24 hour quantum transaction data db24 in DB do
2: Determine database size

Database_Sizedb24 for quantum db24

3: Constructing Frequent Pattern Tree (FP-Tree) {As described in Step-1}
4: Generating Frequent Patterns, while calling function

save_update_frequent_pattern to save frequent patterns to frequent patterns
discovered database FP_DB {As described in Step-2}

5: end for
6: For all Frequent Patterns in Database FP_DB increment Database Size by

Database_Sizedb24

Algorithm 2 Function save_update_frequent_pattern

Require: Frequent Pattern extracted FP_extracted, support count absolute_support, Fre-
quent pattern discovered database FP_DB

Ensure: Add or update Frequent Pattern in frequent patterns discovered database
1: Search a frequent pattern FP = FP_extracted in FP_DB

2: if Frequent Pattern found then
3: Increment support count by absolute_support.
4: else
5: Add a new Frequent Pattern with support count absolute_support and

Database_size = 0.
6: end if
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TABLE 4.1: List: 1-itemset frequent itemsets with support

1-itemset 12 2 4 3
support 8 7 6 5
2 = Laptop, 3 = Monitor
4 = Speakers
12 = Washing Machine

Decreasing order of support

FP-Tree is constructed by reading one transaction at a time from Frequent Pattern

Source Database [table (3.1)], sorting the items according to the list of 1-itemsets [table

(4.1)] in decreasing order of global support, and mapping it to a path in the FP-Tree. Fixed

order of items ensures an overlap of path for the transactions having identical prefix; i.e.,

sharing items. Further, on the addition of a new transaction, the support count is incre-

mented for each item node in the prefix path shared among transactions. A header table

comprising of 1-itemsets, sorted in decreasing order of global support, is maintained. This

table stores pointers to the last item added in the tree of particular 1-itemset. Addition-

ally, a node-link is added from recently added item node to the preceding item node of the

same 1-itemset type. node-link facilitates traversal (trace) of all the 1-itemsets in FP-Tree

for a specific item. Therefore, an FP-Tree is a compact representation of the database which

preserves the critical information of absolute support for each item/itemset and transac-

tion patterns. This process is depicted in figure (4.3) by addition of two transactions to

FP-Tree. Figure (4.4) presents the final FP-Tree constructed from Frequent Pattern Source

Database [table (3.1)].
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Algorithm 3 Step-1 Constructing FP-Tree

Require: Given transaction database DB

Ensure: FP-Tree T
1: Scan DB, generate list F with all the 1-itemset frequent items, and determine support

of each frequent item. {Database Scan 1: create list of 1-itemset frequent itemsets with
support}

2: Sort F in descending order of support.
3: Create FP-Tree root T ← null.
4: for all Transactions (Tr) ∈ DB do {Database Scan 2: create FP-Tree}
5: Sort items in Tr according to order of F .
6: Item list of pattern [P = p|P ′], where p is first element and P ′ remaining list
7: Call Function insert_tree([P = p|P ′], T ).
8: end for

Algorithm 4 Function insert_tree([p|P ′], T )

Require: frequent item list of pattern [P = p|P ′], where p is first element and P ′ remaining
list, and FP-Tree T .

Ensure: Add items from an item list to FP-Tree T.
1: Initialize current root node RC ← root_node (FP-Tree).
2: for all Item/element itemi ∈ P do
3: Search a node N in T , having N = itemi.
4: if Node found then
5: Increment support count for N by 1.
6: RC ← N {Capture as current root}
7: else
8: Create new node N, with support count 1; where parent-link linked to RC ,

and node-link linked to nodes with same item.
9: RC ← N {Capture as current root}

10: end if
11: end for
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FIGURE 4.1: Step 1 - FP-Tree Construction : Scanning database and adding
transactions

FIGURE 4.2: Step 1 - FP-Tree Construction : Final frequent pattern tree

Step-2 Generating Frequent Patterns: Once FP-Tree is created, a bottom-up recursive

elimination approach making use of the divide and conquer scheme is taken to generate a

complete set of frequent patterns from the FP-Tree. the FP-tree mining is accomplished by

starting from each frequent length-1 pattern (as an initial suffix pattern), and construct-

ing it’s conditional-pattern-base from prefix paths extracted from the FP-tree, where suffix

co-occur with prefix. conditional-pattern-base can be considered as a collection of trans-

actions containing a particular itemset, but removing it from transactions. The header
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table, as shown in figure (4.2) acts as the source for 1-itemsets; which are ordered in the

increasing order of global support, so the process starts from the leaf (bottom) nodes of

the tree and traverses towards the root (up). Later, conditional-FP -tree is created from

the conditional-pattern-base and mined recursively to extract frequent patterns until the

resulting tree is empty or comprises of a single path. Lastly, frequent pattern from sin-

gle paths are derived by producing all of the combinations of the sub-paths. The pattern

growth is accomplished through concatenation of the suffix pattern with the frequent pat-

terns generated from a conditional FP-tree. node-link enables extraction of conditional-

pattern-base and creation of conditional-FP -tree by aiding the trace of nodes for a given

1-itemset suffix pattern, which is frequent. Figures (4.3) and (4.4) illustrate the procedure

for the extraction of frequent patterns.

The results of frequent pattern mining are represented in table For the purpose

of making frequent patterns available for future manipulation and utilization, we store

all the frequent patterns extracted into a Database Management System.(4.2). Thus, a

frequent pattern of this form, for example "Laptop, Monitor, Speakers", can be interpreted

to represent association among appliances or inter-appliance associations. The respective

probabilistic evidence, supporting occurrence of these association, can be computed as

shown in equations (4.1) and (4.2).

TABLE 4.2: Frequent Patterns: frequent patterns discovered database

Frequent Pattern Absolute Support Database Size
’2 3’ 3939 7899
’2 4’ 2840 7899
’2 3 4’ 2649 7899
’3 4’ 2649 7899
’2 3 4 12’ 1299 7899
2 = Laptop, 3 = Monitor, 4 = Speakers, 12= Washing Machine
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FIGURE 4.3: Step 2 - Generating Frequent Pattern : Conditional FP-Tree

FIGURE 4.4: Step 2 - Generating Frequent Pattern : Recursive mining
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Algorithm 5 Step-2: FP-growth: Generating Frequent Patterns.

Require: FP-Tree T , Current itemset suffix S.
Ensure: Frequent Patterns

1: if T is a single path then {Mine single path FP-Tree for frequent patterns}
2: for all Combination C of nodes in T do {support(C) = minimum support of nodes

C}
3: Generate frequent patterns FPS = C ∪ S

4: update Frequent Pattern Discovered Database FP_DB

5: FP_single_path = FP_single_path ∪ FPS

6: end for
7: FP_single_path represents Frequent patterns generated
8: else
9: T is multipath tree {Mine multipath FP-Tree for frequent patterns}

10: for all itemi of nodes in T do
11: Generate frequent pattern FPM = itemi ∪ S

12: update Frequent Pattern Discovered Database FP_DB

13: FP_multipath = FP_multipath ∪ FPM

14: Determine itemset suffix Si = itemi ∪ S

15: Extract conditional prefix path or conditional pattern-base for itemi by using
node-link and parent-link.

16: Generate conditional FP-Tree Ti from conditional prefix path or conditional
pattern-base.

17: if FP-Tree Ti ̸= ∅ then
18: Call FP-growth(FP-Tree Ti, Current itemset suffix Si)
19: end if
20: end for
21: FP_multipath represents Frequent patterns generated
22: end if
23: Final set of frequent patterns generated =

FP_single_path ∪ FP_multipath
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4.3.3 Association Rules Generation Using Correlation Analysis

In a large database the number of association rules generated can be very large. Although,

it is entirely dependent on the application of results, but reduction in the number of as-

sociation rules can help narrow down the search space for the useful and strong associ-

ation rules. This can be achieved through application of statistical interestingness mea-

sures. In general, FP-growth [79], [80] and Apriori [82] algorithms use support-confidence

frame-work to generate frequent patterns and extract association rules, while eliminat-

ing uninteresting rules by comparing support and confidence with minsup and minconf

respectively. However, support and confidence do not evaluate correlation of the rule’s

antecedent and consequent. This turn out to be less effective in eliminating uninteresting

association rules. Therefore, it is important to learning correlation relationship among the

rules constituents to determine positive or negative impact of one’s presence over other

and remove the rules which are not of interest. A measure of correlation such as Lift,

Kulczynski measure (Kulc) and/or imbalance ratio (IR) can help and supplement the

support-confidence frame-work and provide more insight into the association relation-

ship [18]. Consequently, the correlation rule can be expressed as defined in equation (4.4).

Lift: measures dependency and correlation of rule’s antecedent and consequent;

lift is define as,

X ⇒ Y [support, confidence, correlation] (4.4)
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lift(X, Y ) =
P (X ∪ Y )

P (X).P (Y )

=
P (Y |X)

P (Y )

=
confidence(X ⇒ Y )

support(Y )
(4.5)

If Lift < 1.0, then X is negatively correlated to Y ; i.e., occurrence of X indicates

absence of Y or vice-versa. If Lift > 1.0, then X and Y are positively correlated; i.e.,

occurrence of X indicates presence of Y or vice-versa; where-as if Lift = 1.0, then X and

Y are independent with no correlation among them.

This commonly used correlation measure Lift is affected by null-transactions.

Null-transaction, are transactions where itemsets under consideration are not part of it

(X ∈ null-transaction or Y ∈ null-transaction), and in a large database null-transactions

can outbalance the support count for itemsets. Hence, this approach fails when contem-

plating low minimum support threshold or searching for extended patterns as explained

by the study in [18]. This study suggests using null-invariant interestingness measures

of Kulczynski measure (Kulc) along with Imbalance Ratio (IR) to supplement support-

confidence/lift frame-work to extract more interesting rules.

Kulczynski Measure (Kulc)[18]: Kulc of X and Y , is an average of confidence measures

for X and Y ; which, by definition of confidence can be translated into average of condi-

tional probabilities. Kulc measure is null-invariant and is defined as:

Kulc(X, Y ) =
1

2
(P (X|Y ) + P (Y |X)) (4.6)
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If Kulc = 0.0, then X is negatively correlated Y ; i.e., occurrence of X indicates absence

Y or vice-versa. If the Kulc = 1.0, then X and Y are positively correlated; i.e., occur-

rence X indicates presence Y or vice-versa, whereas Kulc = 0.50 indicates X and Y are

independent having no correlation.

Imbalance Ratio (IR)[18]: IR measures the imbalance of antecedent and consequent for

the rule. It is defined as,

IR(X, Y ) =
|sX − sY |

sX + sY − s(X∪Y )

(4.7)

Where IR = 0.0 and IR = 1.0 represent perfectly balanced and very skewed scenario

respectively. Imbalance ratio is null-invariant and is not influenced by the database size.

Algorithm 6 Apriori Association Rule Generation

Require: Frequent patterns discovered database FP_DB, minimum support minsup,
minimum confidence minconf , minimum Kulczynski Measure minkulc

Ensure: Association Rules
1: for all Frequent itemset FPi in FP_DB do
2: Generate all subsets subsetFPi

having subsetFPi
̸= ∅

3: for all Subset in subsetFPi
do

4: X ← subsetFPi

5: Y ← (FPi − subsetFPi
)

6: support(sX⇒Y )← support(X ∪ Y )

7: confidence(cX⇒Y )← support(X∪Y )
support(X)

8: Kulc← 1
2
{confidence(X ⇒ Y ) + confidence(Y ⇒ X)}

9: if support(sX⇒Y ) ≥ minsup AND confidence(cX⇒Y ) ≥ minconf AND
Kulc ≥ minkulc then

10: Output rule "subsetFPi
⇒ (FPi − subsetFPi

)"
11: end if
12: end for
13: end for
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Association Rule Generation: It is an effortless process to extract association rules from

frequent itemsets discovered from transactions in a database DB. Association rules can

be derived, as explained in algorithm (6), where we introduce the use of the correlation

measures of Kulc to extend the Apriori [82] approach in order to filter out uninteresting

association rules along with the measure of imbalance ratio IR to explain it.

4.4 Results

4.4.1 Results - Summary

Exhaustive incremental frequent pattern mining was carried out using the energy con-

sumption data from five houses in the dataset UK-Dale [8] and one house in the dataset

AMPds2 [9], and the synthetic dataset to examine intermediate and final results. More-

over, a comprehensive analysis of power load and energy consumption patterns was con-

ducted to verify and explain these results. The results from three houses representative

of the findings are presented. Table (4.3) summarizes the various resulting outcomes and

components with respective interpretation. A detailed discussion is presented in next

section (4.4.2).
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TABLE 4.3: Summary of Results

Figure/Tables Description

Figures: 4.5, 4.6, 4.7, 4.8, 4.9,

4.10, 4.11, 4.12, 4.13, 4.14

Incremental frequent pattern mining intermediate and final results, represented in a tree structure

visualizing associative relationship among appliances with respective support

Table: 4.4 Incremental progressive inter-appliance association discovery

Table: 4.5 Discovered appliance association/correction rules .

Table: 4.6 Appliance usage priority learned for the premises

Figures: 4.15a, 4.15b, 4.16a
• Energy Consumption Analysis - Average power load, average energy consumption and

aggregate energy consumption analysis for the premises

• Average power vs. Energy consumption vs. Usage duration for appliances contributing

to peak load and peak usage (hours)

• Appliance energy consumption contribution at peak load hours

• Appliance energy consumption contribution at peak energy consumption hours

Figure 4.17 Representative energy consumption curve for House 2, including four appliances that is Washing

Machine, Laptop, Monitor and Speakers.

FIGURE 4.5: House 2:Appliance Associations upto 1 days data (minsup ≥ 0.2)
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FIGURE 4.6: House 2:Appliance Associations upto 2 days data (minsup ≥ 0.2)

FIGURE 4.7: House 2:Appliance Associations upto 3 days data (minsup ≥ 0.2)

FIGURE 4.8: House 2:Appliance Associations upto 7 days data (minsup ≥ 0.2)
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FIGURE 4.9: House 2:Appliance Associations upto 15 days data (minsup ≥
0.2)

FIGURE 4.10: House 2:Appliance Associations upto 30 days data (minsup ≥
0.2)

FIGURE 4.11: House 2:Appliance Associations upto 25% dataset (minsup ≥
0.2)
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FIGURE 4.12: House 2:Appliance Associations in full database (minsup ≥ 0.2)

FIGURE 4.13: House 1:Appliance Associations in full database (minsup ≥ 0.1)

FIGURE 4.14: House 5:Appliance Associations in full database (minsup ≥ 0.5)
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TABLE 4.4: Appliances Associations

Incremental Progressive Inter-Appliance Association Discovery
Appliances ↓ Support (%)

Database size/Time Period* → 7 days 30 days 25 % 100 %

H
ou

se
1

Washing_Machine, Kitchen_Lights 8.11
Kitchen_Lights, Kettle 8.11
Laptop, Kitchen_Lights 24.32 7.11 9.10
Laptop, Lcd_Office 14.35
Kitchen_Lights,
Livingroom_S_Lamp

7.36

Kitchen_Lights, Kitchen_Lamp2 10.61
Livingroom_S_Lamp, Kitchen_Lamp2 7.43
Kitchen_Lamp2, Kitchen_Phone&Stereo 11.27
Lcd_Office, Office_Lamp3 7.00
TV, Amp_Livingroom,
Subwoofer_Livingroom,
Livingroom_Lamp_TV

7.00

TV, Subwoofer_Livingroom,
Livingroom_Lamp_TV

7.03

TV, Subwoofer_Livingroom 13.50
TV, Livingroom_Lamp_TV 7.12
Subwoofer_Livingroom, Livingroom_Lamp_TV 7.85
TV, Amp_Livingroom,
Subwoofer_Livingroom

13.45

TV, Amp_Livingroom 7.05 15.41
Amp_Livingroom,
Subwoofer_Livingroom

16.32

TV, Amp_Livingroom,
Livingroom_Lamp_TV

7.09

Amp_Livingroom,
Livingroom_Lamp_TV

7.77

Amp_Livingroom, Subwoofer_Livingroom, Livingroom_Lamp_TV 7.63
TV, Kitchen_Lights,
Amp_Livingroom

7.42

TV, Kitchen_Lights 7.70
Kitchen_Lights, Amp_Livingroom 10.71
Kitchen_Lights, Amp_Livingroom,
Subwoofer_Livingroom

8.18

Kitchen_Lights,
Subwoofer_Livingroom

9.59

H
ou

se
2

Laptop, Monitor, Speakers 66.38 51.22 29.33 33.54
Laptop, Monitor 82.53 70.93 38.83 49.87
Monitor, Speakers 66.38 51.22 29.33 33.54
Laptop, Speakers 66.38 51.98 30.28 35.95
Laptop, Monitor, Washing
Machine

22.09

Monitor, Washing Machine 22.48
Laptop, Washing Machine 24.19
Speakers, Washing Machine 26.04

H
ou

se
5*

*

Network_Attached_Storage, Home_Theatre_Amp, Sky_HD_box 53.96
Network_Attached_Storage, Sky_HD_box 55.33
Network_Attached_Storage, Home_Theatre_Amp 53.96
Home_Theatre_Amp, Sky_HD_box 53.96
I7_Desktop, Microwave, Washer_Dryer 63.44
I7_Desktop, Washer_Dryer 68.71 70.30
Microwave, Washer_Dryer 82.10
I7_Desktop, Microwave 63.96 69.90

House 1: minsup ≥ 0.07, House 2: minsup ≥ 0.2, House 5: minsup ≥ 0.5
* - Database size/Time Period - the training data size, which is processed
** - Large result-set for 7 and 30 days; hence excluded.
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TABLE 4.5: Appliance Association Rules

Sr. Association Rule Support Confidence Kulc IR

H
ou

se
1

1 Tv ⇒ Amp_Livingroom 0.15 0.96 0.85 0.23
2 Amp_Livingroom ⇒ Tv 0.15 0.73 0.85 0.23
3 Lcd_Office ⇒ Laptop 0.14 0.93 0.75 0.38
4 Tv, Amp_Livingroom ⇒ Subwoofer_Livingroom 0.13 0.87 0.78 0.19
5 Kitchen_Lights, Subwoofer_Livingroom ⇒ Amp_Livingroom 0.08 0.85 0.62 0.51
6 Amp_Livingroom, Livingroom_Lamp_Tv ⇒ Subwoofer_Livingroom 0.08 0.98 0.69 0.6
7 Subwoofer_Livingroom, Livingroom_Lamp_Tv ⇒ Amp_Livingroom 0.08 0.97 0.67 0.62

H
ou

se
2

1 Monitor ⇒ Laptop 0.50 0.99 0.96 0.06
2 Laptop ⇒ Monitor 0.50 0.93 0.96 0.06
3 Speakers ⇒ Laptop 0.36 0.74 0.70 0.08
4 Monitor, Speakers ⇒ Laptop 0.34 1.00 0.81 0.38
5 Laptop, Speakers ⇒ Monitor 0.34 0.93 0.80 0.27
6 Monitor, Washing Machine ⇒ Laptop 0.22 0.98 0.70 0.58
7 Laptop, Washing Machine ⇒ Monitor 0.22 0.91 0.68 0.50
8 Laptop, Washing Machine ⇒ Speakers 0.18 0.74 0.56 0.45
9 Monitor, Speakers, Washing Machine ⇒ Laptop 0.16 1.00 0.65 0.69
10 Laptop, Speakers, Washing Machine ⇒ Monitor 0.16 0.91 0.62 0.62
11 Monitor, Washing Machine ⇒ Laptop, Speakers 0.16 0.73 0.59 0.32

H
ou

se
5

1 Washer_Dryer ⇒ Microwave 0.82 0.92 0.9 0.04
2 Microwave ⇒ Washer_Dryer 0.82 0.88 0.9 0.04
3 I7_Desktop ⇒ Washer_Dryer 0.70 0.91 0.85 0.13
4 Washer_Dryer ⇒ I7_Desktop 0.70 0.79 0.85 0.13
5 I7_Desktop ⇒ Microwave 0.70 0.91 0.83 0.16
6 Microwave ⇒ I7_Desktop 0.70 0.75 0.83 0.16
7 I7_Desktop Microwave ⇒ Washer_Dryer 0.63 0.91 0.81 0.2
8 I7_Desktop Washer_Dryer ⇒ Microwave 0.63 0.90 0.79 0.23
9 I7_Desktop ⇒ Microwave Washer_Dryer 0.63 0.83 0.8 0.05
10 Microwave Washer_Dryer ⇒ I7_Desktop 0.63 0.77 0.8 0.05
11 Washer_Dryer ⇒ I7_Desktop Microwave 0.63 0.71 0.81 0.2

House 1 : Kulc ≥ 0.60, minsup ≥0.08, minconf ≥ 0.70, House 2 : Kulc ≥ 0.55, minsup ≥0.10, minconf ≥ 0.70
House 5 : Kulc ≥ 0.75, minsup ≥0.60, minconf ≥ 0.70

4.4.2 Results - Analysis and Discussion

Table (4.4), shows the incremental appliance-appliance associations discovery; it was noted

that the associative relationships change over a period of time and revealed changing per-

sonal preferences that were indicative of consumer comfort in relation to the use of elec-

trical appliances. Formation of appliance-appliance associations were duly revealed by

intermediate results, which strengthens during each step of incremental mining. Figures

(4.5-4.12), (4.13), and (4.14) illustrated the visualization of progressive and incremental

development of appliance associations using a tree structure show the associative rela-

tionship among appliances with respective support in the database. Tables (4.5) and (4.6)
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TABLE 4.6: Appliance Usage Priority

Sr. Appliance Relative Support (%)

H
ou

se
1

1 Kitchen_Lights 42.82
2 Kitchen_Lamp2 31.10
3 Laptop 25.56
4 Amp_Livingroom 21.01
5 Subwoofer_Livingroom 19.46
6 Livingroom_S_Lamp 18.08
7 Kitchen_Phone&Stereo 17.86
8 LCD_Office 15.44
9 Livingroom_Lamp_TV 11.08
10 Office_Lamp2 9.28
11 Washing_Machine 8.63
12 Livingroom_S_Lamp2 8.16
13 Office_Lamp3 7.72
14 Kettle 5.77

H
ou

se
2

1 Washing Machine 62.74
2 Laptop 53.84
3 Monitor 50.34
4 Speakers 48.83
5 Laptop 2 15.43
6 Running Machine 09.61
7 Kettle 06.13

H
ou

se
5

1 Microwave 92.86
2 Washer_Dryer 88.96
3 I7_Desktop 76.89
4 Network_Attached_Storage 55.33
5 Sky_Hd_Box 55.33
6 Home_Theatre_Amp 53.96

House 1 : minsup ≥ 0.05, House 2 : minsup ≥ 0.05
House 5 : minsup ≥ 0.50

present the inter-appliance association rules and appliance usage priorities, which consti-

tute behavioral appliance usage patterns establishing household energy usage patterns.

For House 2, four appliances (Washing Machine, Laptop, Monitor and Speakers)

exhibited strong association rules, and the energy consumption curve complimented the

results of the frequent pattern and association rules discovery. It was noted that the rep-

resentative energy consumption patterns of different appliances, refer marked portion in

energy consumption curves figure (4.17), exhibited close similarities, which was expected.

Thus, it can be inferred that these appliances were used simultaneously as shown by the

data mining outcomes. Additionally, consumer behavioral traits were revealed by the
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frequent patterns and association rules. For example, Laptop was used along with Wash-

ing Machine; i.e., household occupants often liked to work on computer while washing

clothes and listening to music. Based on appliance usage priorities, the Washing Machine

was found to be the most used appliance for the House 2.

Analogous results were obtained for House 1 and House 5. For House 1, Kitchen

_Lights, Subwoofer, Amp, and TV shown to be strongly associated, which indicates that

the occupants often watched TV or listened to music while cooking. The Kitchen_Lights

were the most used appliance in the house. House 5 results showed that the Microwave,

Washer_Dryer, and I7_Desktop display were strongly associated with the Microwave be-

ing the most frequently used appliance. it can be inferred that the occupants at House

5 enjoyed working on the computer while cooking or washing and drying cloths. Fur-

thermore, it was observed that season, month, week, weekday, time of day and hour of

day time frames had strong influences on occupant behavior and an immediate impact on

energy usage, based on appliance usage patterns obtained through incremental data min-

ing. Therefore, it is critical to learn these variations at regularly intervals, most suitably

near-real time, to take these variations into account while designing energy programs.

Table (4.6) shows appliance usage priorities, derived from the frequency of use

of respective appliance, which can determine the Appliance of Interest AoI. AoI’s are ap-

pliances most frequently used and with higher usage periods, these are as major contrib-

utors to household energy consumption. AoIs have small power ratings but contribute

large portion of energy consumption compared to appliances with higher power ratings.

Appliances with high power ratings contribute to the peak power (kW) load but overall

energy (kWh) consumption is higher for appliances identified as AoIs, because of short

or very short operating time and long usage durations, respectively for these groups of
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appliances.

Extensive energy consumption, peak load, peak energy usage, and appliance us-

age duration analyses were conducted to verify the results and determined homogeneous

trends. Figures (4.15a), (4.15b), and (4.16a), illustrate the energy consumption analysis

conducted for three houses with trend plots for the average load (Watts), average energy

consumption (kWh) and aggregate energy consumption (kWh) on daily, time of day and

hour of day scales. From the trend plots the peak load (Watts) and peak energy con-

sumption (kWh) hours can be identified. The bar chart analyses show the average load

(Watts) against usage duration (Hours) and energy consumption (kWh) for two group of

appliances (i.e. appliances contributing to peak load (kW) and appliances with the high-

est usage duration for the house). Additionally, the pie charts illustrate the analysis of

the appliances energy consumption contribution during peak hours using is peak load

(kW) and peak energy consumption (kWh). Based on the energy consumption analysis,

the appliances contributing to peak power loads were Kettle, Toaster, Microwave, and

Rice_Cooker, although these were not the only appliances that contributed to household

energy consumption. In contrast, the AoIs such as Monitor, Laptop, and Speakers, had

small power ratings but contributed larger portions of the energy usage for each house-

hold. For example, in House 2 appliances Kettle, Toaster, and Microwave had high power

rating but major portion of energy usage was contributed by Monitor and Laptop despite

being small power footprint appliances. Similar observations were noted for House 1,

where appliances Hoover, Toaster, and Microwave had high power ratings but consumed

relatively small amounts of energy compared to Lights and Laptop, which were low

power appliances. Additionally, for House 5, appliances Laptop, Audio/music equip-

ment, and Oven made-up group of AoIs against high power rating appliances such as
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Kettle, Vacuum Cleaner, Electric Hob, and Hairdryer.

Appliances such as the Washer and Dryer, which are the first candidates for var-

ious demand side management programs but were not the major contributors to house-

hold energy consumption; rather, manually operated appliances such as Kettle, Lights,

and Laptop were the largest contributors to energy usage. This information can assist

in establishing individual households’ behavioral attributes or household energy profiles

more effectively and accurately. The success of energy programs relies on increasing active

participation among consumers, and these programs will require to conform more accu-

rately to consumer personal preferences over time to achieve it. In addition, appliance-

time association results, which are presented in Chapter (5), support these findings and

represent the usage concentration of AoIs during peak load and peak energy consumption

hours.

The outcome of the evaluation comprehensively supported the research hypoth-

esis of the undeviating influence of human behavior on energy consumption patterns at a

household level, which can be learned through inter-appliance associations.
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Chapter 5: Progressive Incremental Data Mining : Cluster

Analysis

5.1 Cluster Analysis - Incremental k-means to Discover Appliance-Time

Associations

In addition to uncovering inter-appliance associations, understanding the appliance-time

associations can aid critical analysis of consumer energy consumption behavior with re-

spect to preferences on time of energy usage. Appliance-time associations can be defined

with respect to hour of day, time of day, weekday, week, month and/or season. Deter-

mining the appliance-time associations, for an appliance, can be considered as grouping

of sufficiently close appliance usage time-stamps, when that appliance has been recorded

as active or operational, to form classes or clusters. The clusters or classes constructed

will describe appliance-time associations while respective size of clusters, defined as the

count of members in the cluster, will establish the relative strength for the clusters. The

strength or size of the cluster will indicate how frequently and when a given appliance

has been used by consumer, which indicate personal preferences. Therefore, discovery

of appliance-time associations can be translated into clustering of appliances’ operating

time-stamps into brackets of time-spans, where each cluster belongs to an appliance with

respective times-stamps (data points) as members of the cluster.

Cluster analysis is the process of creating groups from data points according to

information extracted from the data, but without external intervention; i.e., unsupervised

classification. This extracted information outlines the relationship among the data points
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and acts as the base for classification to ensure data points within a cluster are closer to

one another but distant from members of other clusters[83][84]. "Closer" and "Distant"

are measures of association, defining how closely members of a cluster are related to one

another. Hence, clustering analysis conducted over the input data, presented in tables

(3.2) and (3.3), can generate clusters or classes defining natural associations of appliances

with time where strength of cluster will define how strongly an appliance is associated

with specific given time unit; i.e., hour of day, weekday, week, month or season. These

appliance-time associations can identify peak load/energy consumption hours through

usage concentration of appliances and/or explain the behavioral characteristics of occu-

pants or consumers.

We extend one of the most widely used prototype-based partitional clustering

techniques that is k-means cluster analysis to extract appliance-time associations. Our

choice of clustering method is based upon popularity, ease of implementation and ex-

pected quicker run-times. K-means clustering technique can perform better than other

unsupervised methods such as hierarchical clustering when processing a large dataset

with low data dimensions. Time complexity for k-means can be linear in the number of

data objects O(ndk) compared to quadratic O(n2 log n) for hierarchical clustering algo-

rithms; where, n is the number of data objects, d is number of data dimensions, and k is

number of clusters.

In the k-means cluster analysis, the prototype of a cluster is defined by its cen-

triod, which is mean of all the member data points. In this approach clusters are formed

from non-overlapping distinct groups; i.e., each member data point belongs to one and

only one group or cluster [83]. Moreover, we mine the data incrementally in a progressive

manner, which we explain next.
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5.1.1 k-means Cluster Analysis

We introduce preliminary background on k-means clustering based on [84] and [83]. For

a dataset, DB, having n data points in Euclidean space. Partitional clustering distributes

the data points from DB into k clusters, C1, C2, ..., Ck, having centroids c1, c2, ..., ck such

that Ci ⊂ DB, Ci ∩ Cj = ∅ and ci ̸= cj for(1 ≤ i, j ≤ k). An objective function based

on Euclidean distance, equation (5.2), is used to measure the cohesion among data points,

which reflects the quality of the cluster. This objective function is the sum of the squared

error (SSE), define in equation (5.1), and k-means algorithm seek to minimize the SSE.

SSE =
k∑

i=1

∑
d∈Ci

distance(d, ci)
2 (5.1)

distance(x, y) =

√∑
j

(xj − yj)2 (5.2)

The k-means starts by selecting k data points from DB, where k ≤ n , and form k clus-

ters having centroids or cluster centers as the selected data points. Next, for each of the

remaining data points d in DB, data point is assigned to a cluster having least Euclidean

distance from its centroid (ci); i.e., distance(d, ci). After a new data point is assigned re-

vised, the cluster centroids are determined by computing the cluster centers for the clus-

ters, and k-means algorithm repetitively refines the cluster composition to reduce intra-

cluster dissimilarities by reassigning the data points until clusters are balanced; i.e., no

reassignment is possible, while evaluating the cluster quality by computing the sum of

the squared error (SSE) covering all the data points in the cluster from its centroid.
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5.1.2 Optimal k - determine k using Silhouette coefficient

We make use of silhouette coefficient calculated based on the Eluclidean distance to de-

termine the optimal number clusters k, while assessing the quality of clustering by ana-

lyzing intra-cluster cohesion and inter-cluster separation of data points among clusters.

Silhouette coefficient measures the degree of similarities and dissimilarities to indicates

"How well clusters are formed?" Silhouette coefficient can be computed as defined in

equations (5.3, 5.4, 5.5, 5.6, and 5.7)[85].

• Compute aj as average distance of dj to all other data points in cluster Ci

aj = average{distance(dj, di)} (5.3)

where, di = (d1, d2, ..., dn); di ̸= dj

• Compute Average distance of dj to all other data points in clusters Ci, having i ̸= j;

Determine bj = minimum(bj) across all the clusters except Ci.

bj = average{distance(dj, di/Cx)} (5.4)

where, di = (d1, d2, ..., dn);

and, Cx = (C1, C2, ..., Cn);Cx ̸= Ci

• Compute Silhouette coefficient for dj

sdj =
(bj − aj)

maximum(aj, bj)
(5.5)
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• Compute Silhouette coefficient for cluster Ci

sCi
= average(sdj) for j = d1..dn (5.6)

• Compute Silhouette coefficient for clustering, having k clusters

sk = average(sCi
) for i = 1..k (5.7)

Silhouette coefficient can range from -1 to 1, where a negative value indicates misfit as

the average distance of data point di to data points in the cluster Ci (ai) is greater than

the average distance di to data points in a cluster other than Ci (bi) , and a positive num-

ber indicates better-fit clusters. Overall quality of a cluster can be assessed by comput-

ing average Silhouette coefficient by computing the average of Silhouette coefficient

(Silhouette width) for all the member data points for the cluster, as shown in equation

(5.6). Similarly, an average Silhouette coefficient (Silhouette width) can be calculated for

complete clustering by obtaining the average of Silhouette coefficient for all the member

data points across all the clusters, which is identified as Global Silhouette coefficient, as

shown in equation (5.7) [85].

Finally, to determine optimal k ∈ 1, 2, 3...n, where n is the unique set of data

points in database/dataset, the process of analyzing the quality of clusters formed is re-

peated while computing Silhouette coefficient (Silhouette width) and k is chosen having

maximum Silhouette width. Additionally, we use the approach proposed by [86] to effi-

ciently compute Silhouette coefficient (Silhouette width).
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5.1.3 Optimal One-Dimensional k-means Cluster Analysis via Dynamic

Programming

With reference tothe clustering input database, presented in tables (3.2) and (3.3), we can

deduce that we have a cluster analysis requirement for a single dimension data. We make

use of dynamic programming algorithm for optimal one-dimensional k-means clustering

proposed by [87], which ensures optimality and efficient runtime. We further extend the

algorithm to achieve incremental data mining to discover Appliance-time associations.

Here, we provide the relevant background based on [87]. A one-dimension k-

means cluster analysis can be viewed as grouping n data points d1, d2, ...dn into k clusters,

while minimizing sum of the squared error (SSE), shown in equation (5.1). A sub-problem

for the original dynamic programming problem can be defined as finding the minimum

SSE of clustering d1, d2, ...di data points into m clusters. The respective minimum SSE are

stored in a Distance Matrix (DM ) of size [n+1, k+1], where DM [i,m] records the minimum

SSE for the stated sub-problem and DM [n, k] provides the minimum SSE for the original

problem. For a data point dj in the m clusters, where dj is the first data element of cluster

m, the optimal solution (SSE) to the sub-problem is DM [i,m]; therefore, DM [j − 1,m− 1]

must be the optimal SSE for the first j − 1 data points in m − 1 clusters. This establishes

following optimal substructure defined by equation (5.8).

DM [i,m] = min
m≤j≤i

{DM [j − 1,m− 1]

+dist(dj, ..., di)} (5.8)

1 ≤ i ≤ n, 1 ≤ m ≤ k
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Where dist(dj, ..., di) is computed SSE for dj, ..., di from their centroid/cluster center, and

DM [i,m] = 0, for m = 0 or i = 0. dist(dj, ..., di) is computed iteratively from dist(dj+1, ..., di)

as shown in equation(5.9) .

dist(dj, ..., di) = dist(dj, ..., di−1) +
i− 1

i
(xi − µi−1)

2 (5.9)

µi =
xi + (i− 1)µi−1

i
(5.10)

where, µi−1 is the mean of the first (i− 1) data elements.

A backtrack matrix BM is maintained, of size [n, k], to record the starting index

of the first data element of respective cluster. Backtrack matrix is used to extract cluster

members by determining the starting and ending indices for the corresponding cluster

and retrieving data members from the original dataset. Equation (5.11) captures this no-

tion.

BM [i,m] = argmin
m≤j≤i

{DM [j − 1,m− 1]

+dist(dj, ..., di)} (5.11)

1 ≤ i ≤ n, 1 ≤ m ≤ k

5.1.4 Incremental Mining - Cluster Analysis

We achieve incremental progressive clustering by merging clusters and/or adding new

clusters extracted during each successive mining operation into a persistent database in

the Database Management System. Discovered clusters database records all the relevant

cluster parameters and information including centroid, SSE, Silhouette coefficient/width,
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and data points and their distance from centroid. This enables the easy addition of new

data points or clusters, while computing cluster parameters with respect to the newly

added data points and updating the information in the database accordingly. Consider-

ing, the conversion of the time series data into a 30 minutes time-resolution source data

during the data preparation phase it was determined that this time-resolution unit is suf-

ficient to capture vital information regarding consumer energy consumption decision pat-

terns. The cluster analysis for hour of day done on this source data will result in clusters

created with a separation between cluster’ centroids as multiples of such time-resolution,

which is 30 minutes in the current case. This time-resolution is identified as permissible

centroid distance. Whereas, cluster analysis on the other bases such as time-of-day, week-

day, week , month and seasons have natural segmentation. With this operation we achieve

more exclusive homogeneity and separation among clusters.

Upon completion of mining on the incremental quantum of data or current step,

newly discovered clusters are matched against the existing clusters in the database to

determine the closest cluster(s) to merge with, having centroid within the distance of

permissible centroid distance from the new cluster. If there exists no cluster in the database,

which is closer to the new cluster satisfying the permissible centroid distance constraint,

the new cluster is added/stored into the discovered clusters database with all the accom-

panying parameters and information. But, in case of success, data points from the new

cluster will be added to the search(ed) cluster(s) while evaluating the quality of the final

cluster by computing the Silhouette coefficient/width. Data points from the new cluster

are picked according to increasing order of distance from the centroid. The most stable

cluster configuration, having maximum Silhouette coefficient/width, are saved to the

database. Algorithm (7) outlines the incremental cluster analysis using one-dimensional
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Algorithm 7 Incremental Clustering: k-means

Require: Transaction database DB, permissible centroid distance between clusters

permissible centroid distance = 30

Ensure: Incremental clustering, clusters stored in discovered clusters database CL_DB

1: for all 24 hour quantum transaction data db24 in DB do

2: Determine optimal k for data quantum db24 by computing the

silhouette coefficient(width) for clustering

3: Discover k clusters CL24 in db24 using one-dimension k-means clustering via dy-

namic programming, while capturing SSE, Silhouette coefficient (width), and

data points with distance from centroid

4: for all Clusters in CL24 do

5: Search for the closest cluster CL_DB, having its centroid within a distance

of permissible centroid distance

6: if Cluster(s) found then

7: Merge clusters while evaluating the quality of the cluster by computing

the silhouette coefficient(width)

8: else

9: Add the new cluster with respective parameters and information

10: end if

11: end for

12: end for
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k-means clustering through dynamic programming and results is presented in table (5.1).

TABLE 5.1: Cluster Analysis: Clusters Discovered Database

Appliance Cluster ID Size Centroid SSE Distance
From Centroid

2 1 113 630 0 0
2 2 118 660 0 0
2 3 120 690 0 0
: : : : : :
2 14 154 1020 0 0
2 15 151 1050 0 0
: : : : : :
2 40 10 1380 0 0
2 41 8 1410 0 0
2 42 7 0 0 0
: : : : : :
2 48 51 150 0 0
2 = Laptop

5.2 Results

5.2.1 Results - Summary

In-depth incremental cluster analysis were conducted on the energy consumption data

from five houses in the dataset UK-Dale [8] and one house from the dataset AMPds2[9],

and synthetic dataset to inspect intermediate and final results. The cluster analysis results

from three houses representative of our findings are presented. Figures (5.1-5.8), (5.9),

(5.10), and (5.11) illustrates appliance-time associations for (A) the hour of the day, (B)

the time of the day, (C) the weekday, (D) the week, (E) the month, and (F) the season.

Figures (5.1-5.8) also show incremental appliance-time association construction for House

2. Figure (5.12) outlines the number of clusters formed during the incremental data mining

process. A detailed discussion of the results is presented in next section (5.2.2).
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(A)

(B) (C) (D)

(E) (F)

FIGURE 5.1: House 2: Appliance-Time Associations [Upto 1 day Training
Dataset]
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(A)

(B) (C) (D)

(E) (F)

FIGURE 5.2: House 2: Appliance-Time Associations [Upto 2 day Training
Dataset]
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(A)

(B) (C) (D)

(E) (F)

FIGURE 5.3: House 2: Appliance-Time Associations [Upto 3 day Training
Dataset]
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(A)

(B) (C) (D)

(E) (F)

FIGURE 5.4: House 2: Appliance-Time Associations [Upto 7 day Training
Dataset]
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(A)

(B) (C) (D)

(E) (F)

FIGURE 5.5: House 2: Appliance-Time Associations [Upto 15 day Training
Dataset]
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(A)

(B) (C) (D)

(E) (F)

FIGURE 5.6: House 2: Appliance-Time Associations [Upto 30 day Training
Dataset]
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(A)

(B) (C) (D)

(E) (F)

FIGURE 5.7: House 2: Appliance-Time Associations [25% Training Dataset]
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(A)

(B) (C) (D)

(E) (F)

FIGURE 5.8: House 2: Appliance-Time Associations [Full Dataset]
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(A)

(B) (C) (D)

(E) (F)

FIGURE 5.9: House 5: Appliance-Time Associations [25% Training Dataset]



Chapter 5. Progressive Incremental Data Mining : Cluster Analysis 87

(A)

(B) (C) (D)

FIGURE 5.10: House 1: Appliance-Time Associations [25% Training Dataset]
Part I
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(A) (B)

FIGURE 5.11: House 1: Appliance-Time Associations [25% Training Dataset]
Part II

(A) Dataset UK-Dale[8] (B) Dataset AMPds2[9]

FIGURE 5.12: Number of Clusters Discovered Vs Dataset Size
Mined/Processed
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5.2.2 Results - Analysis and Discussion

For House 2 (5.7), it was noticed that Laptop and Monitor are two appliances which

were used simultaneous with the highest concentration of use during 16:45 - 18:15 and

increased usage during the fourth week of the month and the spring with less frequent

use on the weekends. The Washing Machine was used all day, with major usage con-

centration noted from 05:45 to 07:15 and 15:15 to 17:15 and increased usage observed on

Saturdays, the second week of the month, and during the summer.

For House 1 ((5.10) and (5.11)), it was observed that the Kitchen Lights had a

higher usage frequency between 02:15 to 03:45, and 11:15 to 17:15 with the highest usage

frequency on Tuesdays and increased usage during weeks three and four of the month,

and during Winter and Spring, although lower usage was observed on Fridays. The Lap-

top was under use throughout the day with increased usage frequency occurring from

02:45 to 06:45, during the fourth week of the month, and during Winter and Spring, but

usage was reduced on the weekends.

House 5 (5.9), it was detected that personal computer was used all the day, with

increased usage from 04:45 to 16:45, on Mondays, Tuesdays and Sundays, during the first

and second weeks of month, and during Summer. The Washer and Dryer were used

at a constant frequency, with reduced usage on Saturdays, and during the first and the

last weeks of month. The Microwave was used with increased frequency on Tuesdays,

Wednesdays, Thursdays and Fridays, but with reduced frequency during the first and the

last weeks of the month. Also, Audio equipment was used regularly throughout the day

with increased usage on Mondays and during the first two weeks of the month.

Figure (5.12) shows the incremental discovery of appliance-time associations in
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form of clusters during the incremental data mining process, which further confirms the

discovery of new appliance-time associations that are representative of energy consump-

tion behavioral changes taking place over a period of time.

Appliance-time associations revealed by the cluster analysis strongly support the

energy consumption analysis outcomes discussed in Chapter (4): low power rating appli-

ances such as Laptop, Audio devices, Lights superseded high power appliances in terms

of contributing towards household energy bills owing to their extended usage duration.

Based on these results, the varying effects of time, days, and seasons on appliance

usage presents strong proof for the impact of consumer behavior on household energy

consumption patterns translating into household energy consumption, which strengthen

support to the presented argument in this research. The outcome of the evaluation thor-

oughly reinforced the conjecture of unwavering impact of human behavior on energy con-

sumption patterns at a household learned from appliance-time associations and appliance-

appliance associations. Therefore, appliance association with time and other appliances

can reveal consumer energy consumption decision patterns which are direct reflections of

personal energy consumption lifestyle preferences and anticipated levels comfort.
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Chapter 6: Multiple Appliance Usage Prediction and

Energy Consumption Forecast

6.1 Bayesian Network for Multiple Appliance Usage Prediction and

Household Energy Forecast

we utilize a Bayesian Network to predict the use of multiple appliances at some point

in the future. Bayesian network is a directed acyclic graph, where nodes represent ran-

dom variables and edges indicate their probabilistic dependencies. Each node or variable

is independent of its non-descendants and accompanied by its local conditional proba-

bility distributions in the form of a node probability table, which facilitates the compu-

tation of joint conditional probability distribution for the model [88][89][86]. Therefore,

the local probability distributions furnish quantitative probabilities that can be multiplied

according to qualitative independencies described by the structure of Bayesian Network

to obtain the joint probability distributions for the model. Bayesian network has advan-

tages such as - ability to effectively mitigate missing data, learn relationships, and make

use of historical facts and observations while avoiding over-fitting of data [90][91][92]. A

Bayesian network is defined by the probabilistic distribution presented in equation (6.1)

[93] [94] [95].

p(x1, x2, ..., xn) =
n∏

i=1

p(xi|parents(xi)) (6.1)
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6.1.1 Probabilistic Prediction Model

We construct our model based on Bayesian network, having seven nodes representing

probabilities for appliances-to-time associations in terms of hour of day (00:00 - 23:59),

time of day (Morning, Afternoon, Evening, Night), weekday, week, month, season (Win-

ter, Summer/Spring, Fall), and appliance-appliance associations. The resulting Bayesian

network has a very simple topology, with known structure and full observability, com-

prising only one level of input evidence nodes, accompanied by respective unconditional

probabilities, converging to one output node. The equation (6.2) and figure (6.1) presents

the posterior probability or marginal distribution and network structure for the proposed

prediction model respectively.

p(.) = p(Hour)× p(Time of day)

×p(Weekday)× p(Week)

×p(Month)× p(Season) (6.2)

We use the output of the earlier two phase’s; i.e., frequent pattern mining and

cluster analysis to train the model, which effectively incrementally learns the prior infor-

mation through progressive mining. First set of inputs comes from frequent pattern min-

ing outcomes; where marginal distribution for the appliance-appliance associations are

computed at a global level by using support for an itemset, which is probability of itemset

in the transaction database, as shown in table (6.1). The calculated marginal distributions

determines the probabilities of appliances being concurrently active.

The next set of inputs comes from cluster analysis outcomes; where marginal
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TABLE 6.1: Frequent Patterns: Frequent Patterns Discovered Database

Frequent Absolute Database Support or
Pattern Support (S) Size (D) Probability

P = S/D
’2 3’ 3939 7899 0.4986
’2 4’ 2840 7899 0.3595
’2 3 4’ 2649 7899 0.3353
2 = Laptop, 3 = Monitor, 4 = Speakers

distribution for appliance-time associations are computed at a global level using the clus-

ter configurations for a given unit of time, which is cluster center or centroid; i.e., hour,

time of day, weekday, week, month, and season, as shown in table (6.2). The calculated

marginal distribution determines the probabilities of appliances being active during the

period identified by the centroid.

TABLE 6.2: Cluster Analysis: Cluster Marginal Distribution

Appliance Cluster ID Size (S) Probability (P)
Pi = Si/

∑
Si

2 40 10 0.0414
3 38 5 0.0207
4 37 41 0.1701
10 37 15 0.0622
12 6 168 0.6970
15 40 2 0.0082
2 = Laptop, 3 = Monitor, 4 = Speakers
10 = Running Machine, 12= Washing Machine, 15 = Microwave

Further, table (6.3) represents a sample of the training data with marginal distri-

bution for the various appliances and the probabilities for appliances to be active during

the period, for the node variable/parameter vector. The probabilities are computed from

the clusters, formed and continuously updated during the mining operation.The respec-

tive cluster strength or size determines the relative probability for the individual appli-

ance. Additionally, appliance-appliance association, the outcome of the frequent pattern

mining, computes the probabilities for the appliances to operate or be active concurrently.

Therefore, the model uses top-down reasoning to determine and predict active appliances,
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FIGURE 6.1: Bayesian prediction model: seven input evidence nodes

operating simultaneously, using the historical evidences from cluster analysis (Appliance-

time association) and frequent pattern mining (appliance-appliance association).

Furthermore, appliance prediction results establish the foundation for household

energy consumption forecast; where, average appliance load and average appliance usage

duration are extracted from the historical raw time-series data at the respective time reso-

lution that is hour, weekday, week, month, or season level. In this sense, model is capable

of predicting energy consumption for a defined time in the future ranging from the next

hour up-to 24 hours (short-term) and days, weeks, months, or seasons (long-term).

Moreover, for the purpose of evaluation and comparion of results and accuracy

of the proposed model, we make use of a multi-label SVM classifier, based on Binary

Relevance (an One-vs-All (OvA) approach) algorithm as problem transformation method

[96][97], to predict concurrent operation of multiple appliances to compare results and

accuracy of proposed model. The choice of SVM is influenced by its wide acceptance as

preferred mechanism for prediction in the area smart meters data analytics. We provide a

brief explanation on SVM multi-label classifier in next section; i.e., section (6.2), and then

present evaluation results and analysis of results in section (6.3).
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TABLE 6.3: Node Probability Table - Marginal Distribution for Appliances

Cluster Center/Centroid
Appliance 00:00 00:30 01:00 01:30 02:00
2 0.0608 0.0602 0.1257 0.1414 0.1404
3 0.0338 0.0361 0.1078 0.1212 0.1149
4 0.1351 0.1205 0.1198 0.1010 0.0936
8 0.0270 0.0422 0.0719 0.1010 0.0979
10 0.0878 0.0783 0.0778 0.0657 0.0553
11 0.0068 0.0181 0.0180 0.0404 0.0511
12 0.6014 0.5060 0.4731 0.3939 0.4043
13 0.0000 0.0000 0.0000 0.0051 0.0043
15 0.0473 0.1386 0.0060 0.0303 0.0383
2 = Laptop, 3 = Monitor, 4 = Speakers
8 = Kettle, 10 = Running Machine, 11= Laptop2
12= Washing Machine, 13 = Dishwasher, 15 = Microwave

6.2 SVM - Multi-label Classifier

Objective of the classification exercise is to uncover information which can be utilized to

predict or assign class to an unknown input pattern, by examining the status of attributes

for this input pattern. This supervised learning approach has two flavors that is single-

label and multi-label classification, where classification task is to assign one label or two

or more unique labels to the input instance respectively [98] [97]. Further, Binary Rele-

vance (one-vs-all) is most commonly used problem transformation method; in which one

classifier is trained for each class label over original dataset that is original problem is

transformed into L problems, where L represents the number of labels, and one classi-

fier is trained for each problem. Resultant labelset for each transformed problem contains

same number labels with positive label for original class but negative otherwise. For the

classification of an unknown input pattern, Binary Relevance produces unified labelset of

the labels that were positively predicted by the L classifiers[97][99].

According to [98], [97], [99] and [100], multi-label classification can be defined as

following:

For a M − dimensional feature attributes input space X , and applicable L − dimensional
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labelset L = {λi : i = 1 · · · L} with label associations Y ⊆ L and having N example

training set:

T = {x(i), y(i)} for i = 1 . . . N

=

⎛⎜⎜⎜⎜⎜⎜⎜⎝

x
(1)
1 x

(1)
2 · · · x

(1)
M

x
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M

...
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⎞⎟⎟⎟⎟⎟⎟⎟⎠
where,

x(1) = [x1, · · · , xM ] ∈ X

y(1) = [y1, · · · , yN ] ∈ L

where, yi =

⎧⎪⎪⎨⎪⎪⎩
1 if ithlabel is relevant

0 otherwise

Hence, an ith lableset is determined as a binary vector,

Y (i) ⊂ L ⇐⇒ y(i) = [y1, · · · , yn]

Therefore, a Multi-label classifier can be define as,

h : X → Y

Finally, prediction for an input instance x̃ is determined as,

ỹ = h(x̃) = [h(1)(x̃), h(2)(x̃), · · · , h(L)(x̃)]

6.3 Results

6.3.1 Results - Summary

Extensive prediction experiments were conducted to analyze the accuracy of the proposed

model using two datasets UK-Dale [8] and AMPds2 [9] along with a synthetic dataset to
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FIGURE 6.2: Prediction Accuracy: Proposed Model Vs SVM

analyze prediction accuracy of our proposed model. Results from the appliance-appliance

and the appliance-time associations were used in the probabilistic prediction model to

predict multiple concurrent operating appliances with great success. The prediction re-

sults for short term, long term predictions, and overall prediction, are provided for the

three stages of the incremental data mining process (i.e. 25%, 50% and 75%, respectively).

Figure (6.2) shows a comparison of the accuracy of the proposed model with the SVM

at different stages of training. Figures (6.4) and (6.5) show the accuracy of the proposed

model at the overall and premises level, respectively compared to the SVM. Additionally,

figure (6.3) shows the accuracy of household energy consumption forecast at short and

long term time frames. A detailed discussion of the results is presented in section (6.3.2).

6.3.2 Results - Analysis and Discussion

The proposed model outperformed the SVM and attained a combined accuracy of 81.65

(25%), 85.90 (50%), 89.58 (75%) (figure (6.2), and table (6.4)) at each stage of training re-

spectively, which support the hypothesis that incremental mining can identify variations

induced by dissimilarities in household occupants’ behavioral traits and can facilitates

well informed energy consumption decision making at various levels. Subsequently, the

results of multiple appliances predictions were applied to forecast expected household
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energy consumption. The accuracy achieved was 81.89%, 75.88%, 79.23%, 74.74%, and

72.81% (figure (6.3)) for short-term(hourly), long-term(daily, weekly, monthly, seasonal)

energy consumption predictions, respectively.

(A) Long − Term:Day

(B) Long − Term:Week (C) Long − Term:Month

(D) Long − Term:Season (E) Short− Term

FIGURE 6.3: House 2: Energy Consumption Prediction Vs Actual Energy
Consumption
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Chapter 7: Conclusion and Future Work

7.1 Conclusion and Future Work

This research demonstrated that the appliance associations, with time and other appli-

ances, are direct reflections of occupant energy usage behavior patterns and reveal per-

sonal preferences representative of expected levels comfort in relation to the use of elec-

trical appliances for energy consumers. Incremental appliance association discovery dis-

closed that these associations change over specific time increments, such as seasons, months,

weeks, weekdays, time of day, and the hour of the day, due to the strong impact of occu-

pants’ changing personal preferences on energy consumption decision patterns, which

eventually gets translated into household energy consumption. Therefore, it is critical to

learn these variations at regular intervals to identify and record varying impact of con-

sumers’ behavior on energy consumption. These appliance associations must be indis-

pensable input parameters to the energy saving and efficiency programs and related de-

cision making processes that seek to ensure consumer confidence and facilitate improved

participation for successful and persistent program results. From the perspective of de-

mand management scheduling, the appliances contributing to peak power load should

be considered first in any energy savings plan, but consumer preferences should also be

adequately accounted to minimize inconveniences to household occupants’ day-to-day

energy usage lifestyle in order to gain and retain consumer confidence. Additionally, man-

ually operated appliances, which characterize occupants’ energy consumption behavior,

should also be considered when devising energy savings plans to maximize consumer

agreement, increase participation, and ensure benefits to consumers. These programs
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would require active engagement of occupants, either through automated or manual con-

trol mechanisms, in personal energy management at household level.

This research presented unsupervised incremental and progressive data mining,

to identify the impact of consumers’ behavioral personal preferences on energy consump-

tion decision patterns based on the appliance-appliance and appliance-time associations,

along with a prediction model to predict multiple appliances usage and forecast house-

hold energy consumption. It is important to note that the proposed mechanism can be

applied to any quantum of time size for incremental mining, although current research

considered 24 hours as the most optimal selection of time-span for retrieving the underly-

ing essential information of concern. Extensive experiments were performed on the pro-

posed model using real-world context-rich smart meter datasets, and the results showed

that the proposed system outperformed the SVM predictor.

For future work, we plan to devise a methodology to consider the appliance us-

age duration along with actual power load while extracting and constructing appliance

associations (with time and other appliances) from energy consumption data to attain

improved accuracy in representing consumers’ energy consumption behavioral decision

patterns. We also plan to refine the model and introduce distributed learning through big

data mining from multiple houses in a near real-time manner. This will allow utilities and

consumers to react to momentarily energy consumption changes and aid in improving

smart grid energy saving programs.
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