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Abstract

The rapidly growing demand for energy poses one of the biggest challenges in
our society. This challenge is critical not just for the power utilities but also
for the environment as it leads to increased carbon footprint and climate change.
There have been concerted efforts towards sustainable energy. One of the main
contributions towards effective energy management is the deployment of smart
grid technology, in particular including demand-side management (DSM) tech-
niques. DSM involves tasks like non-intrusive load monitoring or energy dis-
aggregation, demand forecasting, anomaly detection, outage management, etc.
These tasks empower customers to make more informed decisions about their
energy consumption, adjusting both the quantity and timing of their energy us-
age. The goal is to reduce the overall energy consumption and also to save
the cost of building an additional generation capacity to meet the critical peak
demands.

In the first DSM task, the problem of energy disaggregation is explored. En-
ergy disaggregation is a single channel blind source separation problem where
the task is to estimate the consumption of each electrical appliance given the
total meter reading. In this work, two issues that are often overlooked - the
problem of missing data, and, the problem of outliers are addressed. The first
problem arises when the smart-meter cannot transmit the readings to the server
owing to the failure of wireless communication interfaces. The second prob-
lem arises from transients, surges and other non-linear effects. A modified
dictionary learning based disaggregation framework is used to address these
problems. A recent work [1] in this area showed that instead of employing the
usual Euclidean norm cost function for dictionary learning, better results can
be achieved by learning the dictionaries in a robust fashion by employing a l1-
norm cost function. This is because energy data is corrupted by large but sparse
outliers. In the second work, an approach to improve robust dictionary learn-
ing is proposed. This is done by imposing a low-rank penalty on the learned
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coefficients. The ensuing formulation is solved using a combination of Split
Bregman and Majorization Minimization approach. In the third work, the ex-
isting work of robust dictionary learning is extended by modeling non-linear
perturbations as sparse error and applying robust versions of dictionary learn-
ing for disaggregation. On top of the basic (unsupervised) robust dictionary
learning formulation, two supervised variants are proposed. In the first super-
vision, dictionaries are learned such that they are incoherent; this ensured that
the dictionaries from different appliances look different from each other. In the
second formulation, discriminating sparse codes are introduced, such that the
codes generated for each appliance would not look alike. In the final work in
the area of energy disaggregation, a new method based on the transform learn-
ing formulation is introduced. Several recent techniques, such as discriminative
sparse coding, powerlet disaggregation, and deep sparse coding, are based on
the synthesis dictionary learning/sparse coding approach. The proposed method
is based on its analysis equivalent. The theoretical advantage of the analysis dic-
tionary compared to its synthesis counterpart is that the former can learn from
fewer training samples - this has implications in reducing the cost of energy
disaggregation.

The next contribution to DSM in this thesis is load forecasting. It is a tech-
nique used by power utilities to predict the power needed to meet the demand
and supply equilibrium. In the first contribution towards this task, the problem
of one-day-ahead short-term load forecasting is considered. As the effect of
weather, as well as prior consumptions, are nonlinear functions, the formulation
is based on non-linear Kalman filtering algorithms. In the second work, the
focus is to improve the accuracy of building-level demand forecasting. For the
said purpose, a regressing deep dictionary learning approach is proposed. There
are two versions of the algorithm - synthesis and analysis. In this work, point
forecasting as well as profile forecasting is performed.

The last contribution to DSM is to detect abnormal energy consumption be-
haviour in residential buildings. Understanding, identifying, and addressing
abnormal energy consumption in buildings can lead to energy savings and de-
tection of faulty appliances. This work investigates two key challenges found
in energy anomaly detection research: (1) the lack of labeled ground truth, and
(2) the lack of consistent performance accuracy metrics. In the first challenge,
labeled ground truth is imperative for training and benchmarking algorithms
to detect anomalies. In the second challenge, consistent performance accuracy
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metrics are crucial to quantifying how well, algorithms perform against each
other. Two approaches that help in the automatic annotation of the ground truth
data from publicly available datasets are proposed: a statistical approach for
short-term data, and a piecewise linear regression method for long-term data.
Finally, we aim to detect anomalies that we define as power consumption dur-
ing a power outage (negative anomaly) and power theft (positive anomaly). A
robust principal component analysis (RPCA) technique for separating anoma-
lies from the normal component is employed.
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Chapter 1

Introduction

1.1 Background

With the growth of the economy, the demand for energy has grown substantially.

This rapidly growing demand for energy poses one of the biggest challenges in

our society. In India, the single largest emitter of carbon dioxide (CO2) is the

power sector, but from the demand-side, the largest emissions come from the

industrial sector followed by the transport sector [4]

According to the International Energy Agency (IEA) report [5], from 1990

to 2008, the average energy use per person got increased by 10% while the

world population got increased by 27% but energy consumption got increased

by 39%. The report also mentions the growth of average global power demand

by 20% from 2008 to 2012. If the trend continues to remain the same, then

most of the climate models predict that the earth’s temperature will increase

by at least 5 degrees. This change could cause ecological disasters on a global

1



scale. The high level of energy intensity in some of the sectors is a matter

of serious concern. In such a case, efficient use of energy resources and their

conservation assume tremendous significance. It is essential to avoid wasteful

energy consumption for sustainable development. A significant reduction in

the energy wastage can be achieved through fine-grained monitoring of energy

consumption and feeding back this information to the customers.

Comprehensive research [6] of more than 60 feedback studies suggest that

maximum energy saving can be achieved using direct feedback mechanisms

(real-time appliance-level consumption information) as opposed to indirect feed-

back mechanisms (such as monthly bills, weekly advice on energy usage). After

this study, large scale deployment of smart meters was done by the government

of the UK and the USA in the residential sector. Since traditional meters could

only provide data at house-level granularity, research led to the creation of ap-

pliance load monitoring (ALM) to obtain finer granularity of data for precise

demand response functionality. The two main approaches for ALM are Intru-

sive Load Monitoring (ILM) and Non-Intrusive Load Monitoring (NILM). ILM

approaches require one or more than one sensor per appliance to perform load

monitoring tasks, whereas NILM requires just one smart meter per house or a

building for monitoring. They are alternatively referred to as distributed sensing

and single point sensing methods respectively. Even though the ILM method is

more accurate in measuring appliance-level energy consumption as compared

to NILM techniques but due to the practical disadvantages like high costs, mul-

tiple sensor configurations, installation complexity, privacy invasion, etc., the

2



use of NILM is much more favored for large scale deployment.

Non-Intrusive (Appliance) Load Monitoring (NILM or NIALM), sometimes

also called load or energy disaggregation, is an area in computational sustain-

ability that discerns what electrical loads (appliances) are running within a phys-

ical area where the power is supplied by mains. By using the information about

the different types of active loads, their running times, duration and the amount

of power consumption, the user can make informed decisions leading to a reduc-

tion in power consumption. NILM serves as one of the techniques that empower

power utilities to gain better insight into the breakdown of energy consumption

for each household. With this availability of finer granularity of energy con-

sumption data, utilities can efficiently formulate the demand-side activities. Our

contributions to the field of NILM has been covered in chapter 2.

Amongst other techniques that enable utilities to manage energy require-

ments are load forecasting and anomaly detection. Power utilities have the

ability to operate and manage supply to the end users with accurate demand

forecasting [7, 8]. It increases the efficiency and revenue for the electrical gener-

ation and distribution companies by planning ahead of time. It also helps in the

planning the future in terms of size, location and type of additional generation

capacity in order to provide a reliable supply to the customers. By understand-

ing demand, utilities can decide when to carry out maintenance tasks in a way

that its impact on the customers is minimal. The contribution to this important

field of load forecasting has been given in chapter 3.
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Anomaly detection is another technique that provides utilities with informa-

tion on faulty appliances running at customer’s end. Anomaly is defined when

the end-users energy consumption is abnormally high or abnormally low, that

is it does not conform to the regular pattern. One way to achieve appliance spe-

cific consumption is through NILM. The other way is to use anomaly detection

algorithms on meter-level energy data. A use-case scenario for this approach

is when utilities want to minimize the number of customer complaint calls. In

this scenario, customers call to complaint when their energy bill is unexpect-

edly high. To avoid these calls, utilities segregate customers based on their

anomalous energy consumption patterns. The customers with high degree of

anomalous activities or with high anomaly scores are contacted in advance to

inform them about their high next month energy bill. This feedback given to

end-users could lead to better energy utilization. The identification of abnormal

energy usage patterns can lead to not just saving of energy but also increase

in revenue for both customers and utilities. Upon identification of appliances

running in the state of disrepair or used improperly, utilities can create alerts to

either repair an appliance or suggest a more optimal use of it to its customers.

A detailed discussion on this problem and the challenges that it poses can be

found in chapter 4.

Let us now review what demand-side management (DSM) means and see

how it can bring about a change in the end user’s energy usage behavior.
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1.2 Demand-side Management

Energy demand management or demand-side management (DSM) or demand

response (DR) was introduced by the Electric Power Research Institute (EPRI)

in the 1980s as a consequence of the energy crisis in 1973 and 1979. DSM is

a global term that includes activities like load management, energy efficiency,

energy savings, etc. According to the Federal Energy Regulatory Commission,

demand response [9] is defined as, “ Changes in electric usage by end-use cus-

tomers from their normal consumption patterns in response to changes in the

price of energy over time or to incentive payments designed to induce lower

energy use at times of high wholesale market prices or when system reliability

is jeopardized."

DSM is a set of interconnected programs that enable customers to make more

informed decisions about their energy consumption, adjusting both the quantity

and timing of their energy usage [10]. The objective of these programs is to

reduce the overall energy consumption and also to save the cost of building an

additional generation capacity to meet the peak demands.

1.2.1 Building blocks of demand-side programs

In the smart grid infrastructure, high-quality demand-side techniques have be-

come indispensable to control energy consumption at the user-side. DSM com-

prises of the following principal programs -
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• Energy efficiency and conservation: This program encourages customers

to use less power to perform the same task in return for saving money. It in-

volves a permanent reduction in power demand by replacing old with more

efficient load intensive appliances like a water heater, air conditioners, re-

frigerators, etc., or by turning up the thermostat a few degrees to reduce

air conditioning. NILM or load disaggregation is called the holy grail of

energy efficiency [11]. It is the task of separating the whole energy sig-

nal of residential, commercial or industrial buildings into energy signals

of individual appliances [12]. Apart from providing feedback to the cus-

tomers, it also helps to detect malfunctioning of electrical devices, design

energy incentives, forecasts demands. Studies [13] have shown that appli-

ance specific information leads to much larger gains (reduces 12% average

consumption in the residential sector) than the whole home data.

In the Indian context, a study done by the Energy and Resource Institute

(TERI) [14] discusses the potential of energy efficiency in various sectors

such as irrigation in agricultural the sector, retrofitting in the existing indus-

trial sector, lighting and space conditioning in residential and commercial

sectors. With the changing consumption patterns, demand-side techniques

need to be refocussed as well. For example, in Delhi, the change in the

peak from evening or morning hours to midnight during August to Septem-

ber months is contributed to the heavy use of air conditioners in the house-

holds. One of the ways to manage such peaks is to produce extremely

efficient air conditioners. Thus, with changing end-uses leading to energy
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growth, the DSM plans too require modifications.

In order to maximize the gains from energy efficiency, we can also learn

outcomes on energy efficiency measures from other countries. For exam-

ple, Japan has developed a carbon reduction reporting system for small and

medium enterprises (SME) involving both voluntary and mandatory report-

ing to the Tokyo Municipal Government (TMG). Based on the inputs, TMG

educates the SMEs on energy efficiency to drive them in the right direction

[15]. Similarly, in Curitiba, Brazil, an improved transport system has led

to one of the lowest per capita gasoline consumption despite having the

second highest car ownership rate [16].

• Demand Response (DR) or load shifting: It is a strategy used by power

utilities to reduce or shift the energy consumption from peak hours of the

day to off-peak hours in response to time-based rates or other financial

incentives. It allows end-users to play an important role in the operation of

the electric grid by choosing non-essential loads which can be shed by them

or utilities directly, at peak times. It comprises of any reactive or preventive

method to reduce, flatten or shift the demand curve. There are two common

ways in which demand response events are executed by utilities including:

Dynamic pricing: It uses variable energy rates to encourage customers’

voluntary curtailment of energy usage during peak hours. Power utilities

use a variety of pricing schemes including peak time rebates, critical peak

pricing, and time of use rates to reduce usage. These actions are taken

at the demand-side in response to particular conditions within the energy

7



system (such as peak period, network congestion or high prices). This also

saves the cost of building additional generation capacity to meet demands

at peak periods [17].

Let us see an example to check how demand response works. Let us assume

the demand is at a peak in the afternoon from 2 pm to 6 pm. In order

to maintain the uninterrupted power supply, utility companies buy power

from service providers at a very high rate. As a result, they incur a loss.

Utilities buy power at rate = 11$/kWh

Utilities sell power to customers at rate = 2$/kWh

The loss incurred by utilities = 9$/kWh

To avoid or minimize this loss, utilities conduct events based on certain

conditions like supply during peak demand, failure of power supply, natu-

ral disasters like earthquake, tornadoes, cyclones and other types of severe

storms, emergency situations. On anticipating a power supply discontinu-

ity or a peak demand in the near future, the utilities come up with Demand

Response program and create an event. They will inform the customers

about this event and also about how much power consumption each cus-

tomer can reduce, and in case the customer participates in the event and

reduces the power consumption to a certain amount, he/she gets an incen-

tive from the utility company, say, 1$/kWh. Now, if the customer reduces

the usage from 100kW to 80 kW for the period.

Utilities buy power = 80*11 = 880$
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Utilities sell power to customer = 2*80 = 160$

Utilities gives incentive to customer = 1*(100-80) = 20$

So, loss incurred = [880-160+20] $ = 740$

The previous loss without the Demand Response program = (11-2) $/kW *

100kW = 900$

So, amount of reduction in loss = (900-740) = 160$ for 100kW and the

percentage reduction in loss is 17.8%.

Dynamic demand (DD) or Direct load control: It is similar to demand

response mechanisms to manage energy consumption in response to sup-

ply conditions. It involves the remote interruption of the customers’ energy

usage in which distributors cycle loads like heating, cooling, washing, ele-

vators, etc., on and off at varying time intervals at peak hours. They do so to

balance the overall system load with the generation, reducing critical power

mismatches. Load control switches enable direct remote control over AC

units or heating systems. Smart thermostats allow utilities to adjust tem-

perature settings remotely. In a dynamic demand mechanism, devices are

passively shut off when the stress in the grid is sensed whereas, in demand

response programs, customers respond to transmitted requests to shut off

the devices. These programs also hold interesting prospects for the grid to

vehicle (G2V) and vehicle to grid (V2G) technologies in electric vehicles

and solar rooftop with batteries.
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1.2.2 Advantages of DSM programs

A meticulously planned demand-side program promises to improve the effi-

ciency of the system in several ways. Some of them are listed below.

• DSM activities benefit the end users by giving them financial incentives in

response to their load shifting, thus reducing their energy bills.

• These programs have the potential to help energy providers save money

through reductions in peak demand and deferring the construction of new

power plants.

• These programs help in reducing the frequency of blackouts and brownouts.

• These programs not only help in balancing the supply and demand but they

also help in lowering the energy prices in the wholesale and retail markets.

• These activities help in the reduction of energy usage which in turn de-

creases the carbon emissions preventing the environment from climate change.

1.2.3 Challenges

Some of the roadblocks in creating an effective demand-side program are -

• For end-users participating in a demand response event can be burdensome.

This is mainly because it would require curbing heating or cooling systems

on days of extreme temperature. The challenge for utilities is to find appro-

priate incentives to keep the customers motivated.
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• There is a lack of availability of data on load patterns of different consumer

categories at a granular level in a digitized form. This acts as a hindrance

to formulate DSM strategies.

• The need to ensure that the DSM events lead to improvement of the finan-

cial health of the utilities.

• Some DR events can be uncomfortable for some section of population like

the elderly. In this case, utility companies need to have provisions to allow

this group of DR users to override the event.

• Utilities use different technologies to communicate DR events with the

users. Thus, coordinating DR events with IT and communication technolo-

gies require selection, testing and implementation.

Successful demand-side programs would be a win-win for utilities, govern-

ments, regulators, manufacturers, and consumers. With the numerous facets to

the energy problem, there is a growing consensus that energy and sustainability

problems are mainly informatics problems where machine learning techniques

can play a dominant role. [18]

1.3 Datasets

In this section, all the datasets used in this thesis are described. Experiments

have been conducted on 4 publicly available datasets. A brief description of

each of these dataset is given below.
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Table 1.1: Description of appliances used in houses in REDD dataset

Houses Appliances

1 Electronics, Lighting, Refrigerator, Disposal,
Dishwasher, Furnace, Washer Dryer, Smoke

Alarms, Bathroom GFI, Kitchen Outlets, Microwave
2 Lighting, Refrigerator, Dishwasher, Washer Dryer,

Bathroom GFI, Kitchen Outlets, Oven, Microwave,
Electric Heat, Stove

3 Electronics, Lighting, Refrigerator, Disposal,
Dishwasher, Furnace, Washer Dryer, Bathroom
GFI, Kitchen Outlets, Microwave, Electric Heat,

Outdoor Outlets
4 Lighting, Dishwasher, Furnace, Washer Dryer, Smoke

Alarms, Bathroom GFI, Kitchen Outlets, Stove,
Disposal, Air Conditioning

6 Lighting, Refrigerator, Disposal, Dishwasher, Washer
Dryer, Kitchen Outlets, Microwave, Stove

• REDD: This dataset [19] is of moderate size. It comprises of power con-

sumptions from six different houses. These houses are located in greater

Boston area. Table 1.1 shows appliances in different houses. For each

house, the total/aggregate energy consumption as well as individual con-

sumptions of about twenty different household devices are recorded. The

data is available for a period of two weeks with a very high frequency sam-

pling rate of 15kHz. Such a high sampling rate is impractical; to emulate

real-life scenario the training and testing data is aggregated over a time pe-

riod of 10 minutes. A standard evaluation protocol was followed where the

5th house is omitted owing to very limited availability of samples.

• Weather: The weather dataset used here is retrieved from the weather

underground website1. The dataset contains 14 attributes consisting of

timestamps, temperate, humidity, dew point, sea level pressure, visibility,
1https://www.wunderground.com/
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wind direction, wind speed, precipitation, gust speed, events and condi-

tions. Weather data was used corresponding to the energy data in REDD

dataset. REDD recorded data during the months of April, May and June.

The weather corresponding to these months is relatively colder (highest

temperature being 13◦C, 19◦C and 24◦C respectively), hence temperature

and wind speed were selected as the exogenous input to the system of load

forecasting.

• Dataport: The Pecan Street dataset is either obtained by registering on

their website2 or via the open source NILM toolkit (NILMTK) [20]. This

dataset contains 1 minute circuit level and building level electricity data

from 240 houses. The data set contains per minute readings from 18 dif-

ferent appliances: air conditioner, kitchen appliances, electric vehicle, and

electric hot tub heater, electric water heating appliance, dish washer, spin

dryer, freezer, furnace, microwave, oven, electric pool heater, refrigerator,

sockets, electric stove, waste disposal unit, security alarm and washer dryer.

For the problem of NILM, 165 homes were assigned for training and 72 for

testing. The remaining 3 homes did not have aggregated data so they were

not used in the experiments.

For the problem of load forecasting, continuous data for more than 3 years

was required. Since there were only a few houses with more than 3 years of

continuous data; only those are being considered (house ids: 1589, 3310, 3369).

In case of anomaly detection, two months (April and May) of meter-level
2https://dataport.pecanstreet.org/
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data from nine houses was used. The average temperature in these two

months was 19◦C and 23◦C, respectively.

• HUE: The Hourly Usage of Energy (HUE) is collected from different res-

idential houses located in Burnaby in British Columbia, Canada [21]. The

residential customers of BC Hydro, a provincial power utility have donated

this data. It has meter-level energy consumption values which are sampled

at each hour. The data is collected over a period of three years, ranging

from January 2015 to January 2018. Five houses with house ids 3, 4, 5, 6,

7 from this dataset were used. However, there are 22 houses in this dataset.

Hourly temperature data was included in the dataset to detect abnormal

energy consumption readings.

• I-BLEND: Indian Buildings Energy consumption Dataset (I-BLEND) [22]

is collected for 52 months at the Indraprastha Institute of Information Tech-

nology, New Delhi, India. The dataset contains both residential (student

accommodation) and academic buildings. The data is available for all the

buildings at a sampling rate of once per ten minutes. For demand forecast-

ing problem, data collected on our campus from lecture halls, academic

buildings, facilities, girls hostel and boys hostel was used. It consists of

meter-level data for all the buildings.

The description of each dataset is given in the Table 1.2. This table gives

the name of the dataset, reference to the dataset, the application (Non-Intrusive

Load Monitoring (NILM), Demand Forecasting (DF) and Anomaly Detection
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Table 1.2: Description of datasets used in this thesis

Name Reference Applications Section

REDD [19] NILM, DF (2.3, 2.4, 2.5, 2.6), 3.2
Weather https://www.wunderground.com/ DF, AD (3.2 , 3.3), 4.2
Dataport [20] NILM, DF, AD 2.6, 3.3, 4.2
HUE [21] DF, AD 3.3, 4.2
I-BLEND [22] DF, AD 3.3, 4.3

(AD)) in which it has been used and the thesis section where this dataset has

been referred.

1.4 Research Contributions

Our work aims at improving the accuracy by either modifying existing algo-

rithms or by building new algorithms for solving various problems in the area of

sustainable computation. These problems include energy disaggregation, load

forecasting and detecting abnormal energy consumption patterns.

The research contributions of this thesis are summarized below:

• Developing improved frameworks and algorithms for non-intrusive

load monitoring

– Two main issues commonly observed in the energy disaggregation

dataset were addressed. The first is the problem of missing data oc-

curring due to the inability to transmit the readings wirelessly to the

remote server. This issue was handled by modifying the mathemati-

cal framework for disaggregation to accommodate the information re-
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garding missing readings. The other is the issue of data corruption

(outliers) happening due to several reasons like voltage/ current surges,

transients, etc. To solve this problem, mathematical formulation was

modified by changing the l2 norm on the data fidelity term to a more ro-

bust estimation using l1 norm. This work has been discussed in detail

in section 2.3.1.

– An approach was proposed to improve the robust dictionary learning

by employing the low-rank penalty (nuclear norm) instead of the l1

norm on the learned coefficients. More details of this work can be

found in section 2.4.1.

– Unsupervised robust dictionary learning algorithm was modified by

proposing two supervised models on top of it to improve the disaggre-

gation accuracy. This work has been covered in detail in section 2.5.1.

– A new approach for solving load disaggregation problem was intro-

duced. This is done using analysis version of dictionary learning ap-

proach - transform learning. In practical scenarios of low training data

regime, this method always excels over the state-of-the-art techniques.

An elaborate discussion on this work can be found in section 2.6.1.

• Developing algorithms to improve the accuracy of building level de-

mand forecasting

– An approach to solve the problem of short-term load forecasting using

Kalman filtering algorithms was proposed. Owing to the problem’s

non-linearity and non-stationarity, nonlinear variants of the Kalman
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filter, that is extended Kalman filters (EKF) and unscented Kalman fil-

ters (UKF) were used. In this work, historical energy data, temperature

and wind speed were used. The full details of this work can be found

in section 3.2.

– An approach to improve upon a sparse coding based forecasting ap-

proach was proposed. It used a deeper version of dictionary learning

for point and profile load forecasting. An improvement upon the prior

work was proposed in two ways. First, a deeper non-linear extension

of shallow dictionary learning was invoked. Second, regression was

incorporated into the deep dictionary learning process. This work has

been discussed in detail in section 3.3.1.

• Developing algorithms to generate ground truth, evaluate performance

accuracy and improve the accuracy of anomaly detection in buildings

– The lack of ground truth has hampered the development of advanced

algorithms as there is no clear way of testing their performance accu-

racy. To address the challenges faced by testing anomaly detection

algorithms our work provides:

1. two novel methods to generate labeled (i.e., ground truth) data for

abnormal energy consumption in buildings for both short-range and

long-range datasets;

2. the source code used to generate labeled data in a standard way;

3. a publicly available dataset of anomalies found in our experiments,
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so researchers can use this data directly;

4. a comprehensive review of all the different accuracy measures used;

and

5. a framework and discussion on how accuracy methods work when

compared to each other and what performance metrics to use.

An elaborate discussion on this work is given in section 4.2.2.

– A robust principal component analysis (RPCA) technique was employed

to separate abnormal energy consumption patterns from normal energy

usage. An improvement in accuracy over existing methods in cases of

real and injected anomalies was observed. Section 4.3.2 has covered

this work in detail.

1.5 Publications

The work done in this thesis has resulted in several publications. This section

lists the publication categorized by type of publication venue.

Journals

1. Gaur M., Majumdar A., “Regressing deep dictionary learning for building

level short term load forecasting", IEEE Transactions on Smart Grid, 2019

(Submitted) [3.3]

2. Gaur M., Makonin S., Bajic I., Majumdar A., “Performance evaluation

of techniques for identifying abnormal energy consumption in buildings",
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IEEE Access, 2019 [4.2]

3. Gaur M., Majumdar A., “Disaggregating Transform Learning for Non-

intrusive Load Monitoring", IEEE Access, 2018 [2.6]

International Conferences

4. Gaur M., Majumdar A., “Robust Supervised Sparse Coding for Non-Intrusive

Load Monitoring", IJCNN, Rio, Brazil, 2018 [2.5]

5. Gupta M., Majumdar A., “Nuclear Norm Regularized Robust Dictionary

Learning for Energy Disaggregation", EUSIPCO, Budapest, 2016 [2.4]

6. Gaur M., Majumdar A., “Short-Term Load Forecasting using non-linear

Kalman Filters", Elsevier Energy Procedia, Hyderabad, 2016 [3.2]

7. Gupta M., Majumdar A., “Handling Missing data and Outliers in Energy

Disaggregation", Elsevier Energy Procedia, Hyderabad, 2016 [2.3]

Letters

8. Gaur M., Majumdar A., “Robust PCA for Anomaly detection", IEEE

Communication Letters, 2019 (Submitted) [4.3]

1.6 Outline of Thesis

The structure of this thesis is as follows -

In Chapter 1, demand-side management for sustainable energy is introduced.

A discussion on various activities adopted by power utilities to formulate effec-
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tive demand-side strategies is given. This is followed by a discussion on how

these activities work to modify consumer’s demand for energy. Finally, our

contributions in this area are presented.

In Chapter 2, the problem of non-intrusive load monitoring or load disaggre-

gation is introduced. This chapter is divided into four sections, each of which

focuses on improving the disaggregation accuracy of the appliances. In section

2.3, a review of existing works in the area of NILM is presented. The challenges

that energy data poses to the research community are discussed. A description

of methods proposed to address the challenges is given which is followed by the

empirical evaluation. The proposed methods are shown to improve the disaggre-

gation accuracy when compared with the benchmarks. In section 2.4, the work

on learning dictionaries in robust fashion is extended to deal with the problem

of data corruption by large and sparse outliers. All prior works are based on

the assumption that energy consumption follows a linear mixing model, that is

the total energy consumed is the linear sum of the energy consumed by indi-

vidual appliances. They assume the modeling error to be small and normally

distributed. The problem with this assumption is explained and an approach

that combines learning robust dictionaries along with learning rank deficient co-

efficients is proposed. This is followed by the empirical evaluation showing our

approach outperforming the state-of-the-art. In the next section 2.5, dictionar-

ies and sparse codes are learnt in a way that they look as dissimilar as possible

for each appliance. To ensure this, two supervised models on top of the unsu-

pervised robust dictionary learning are proposed to improve the disaggregation
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accuracy. The proposed models are shown to outperform the existing works. In

the last section 2.6 of this chapter, a new method for solving energy disaggre-

gation problem based on transform learning is proposed. For supervised NILM

approaches, data acquisition at the training phase is expensive owing to the cost

of buying/ renting plug-level sensors. A brief literature review on the advan-

tages of transform learning over synthesis dictionary learning is given. The

proposed method is followed by the empirical analysis on how it outperforms

the benchmark techniques in limited training data regime, thus reducing the cost

of NILM.

In Chapter 3, the problem of short-term load forecasting is addressed. In sec-

tion 3.2, the focus is on using nonlinear Kalman filtering algorithms to perform

a day-ahead demand forecasting in residential buildings. The mathematical for-

mulation of two nonlinear variants of Kalman filters is presented followed by

the empirical evaluation; proposed method is shown to outperform the exist-

ing works. In section 3.3, a deeper extension and generalization of the sparse

coding based forecasting approach is proposed for point and profile load fore-

casting. It is based on the synthesis and analysis versions of deep dictionary

learning regression. The literature review of the same is presented followed by

the proposed works. It is shown that proposed work outperforms the existing

techniques.

In Chapter 4, the emphasis is on identifying abnormal energy consumption

patterns in buildings. In section 4.2, two problems commonly faced in the

anomaly detection research community are discussed. First problem is the lack
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of availability of ground truth to test the algorithms and the second is the lack

of a unified performance accuracy metric. The literature review of different

techniques used to detect anomalies in building energy is presented. This is fol-

lowed by the proposed methodologies. Given the user-defined threshold, two

approaches to generate the ground truth based on the range of the available

dataset are proposed. A detailed analysis of a list of performance metrics used

in the literature is presented. An evaluation of the existing works against the

ground truth generated by the proposed method is performed using different

metrics. Each metric is examined for the problem at hand. In section 4.3, an

approach for unsupervised anomaly detection using robust principal component

analysis (RPCA) is presented. Anomalies injected in the dataset are assumed

to be positive (power outage) and negative (power theft). The results obtained

from the proposed method outperform the existing techniques.

In Chapter 5, the contributions of this thesis are summarized and the future

direction of this work is highlighted.
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Chapter 2

Non-Intrusive Load monitoring

2.1 Introduction

NILM [12] is the task of separating the whole energy signal of residential, com-

mercial or industrial buildings into energy signals of individual appliances. It

is called non-intrusive to contrast it with previous techniques that required in-

stalling sensors on individual appliances to collect appliance load data. Cur-

rently, residential and commercial buildings account for 40% of the total energy

consumption [11]. Studies have estimated that 20% of this consumption could

be avoided with changes in user behavior [23]. Energy disaggregation is the

task of segregating the combined energy signal of a building into the energy

consumption of individual appliances. The information regarding consumption

pattern is fed back to consumers with the goal of increasing their awareness

about energy usage and its wastage. Studies have shown that such precise and

detailed feedback to consumers can be quite effective in improving energy con-

servation [24].
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The approach towards energy disaggregation is broadly based on the nature

of the targeted household and commercial appliances. These appliances can

be broadly categorized as simple two-state (on/off) appliances such as electri-

cal toasters and lights; more complex multistate appliances like refrigerators

and washing machines; and continuously varying appliances such as IT loads

(printers, modems, laptops, etc.). The earliest techniques were based on using

real and reactive power measured by residential smart meters. The appliances’

power consumption patterns were modeled as finite state machines [12]. These

techniques were successful in disaggregating simple two state and multistate

appliances, but they performed poorly in the case of time-varying appliances

which do not show a marked step increase in the power. The techniques based

on stochastic finite state machines used Hidden Markov Models and their vari-

ants [25, 18, 26], have improved upon the prior approach. More recent ap-

proaches have focussed on unsupervised energy disaggregation, i.e. without

sub-metering or additional hardware requirements [27, 28]. NILM not only pro-

vides information about activities within the home but it has also been used for

healthcare applications to assist independent living for elderly. The application

of NILM specific to the areas of Home Energy Management System (HEMS)

and Ambient Assisted Living (AAL) in smart homes have been reviewed and

discussed in [29, 30]. A review of different ILM and NILM approaches have

been covered in [31]. Dictionary learning and sparse coding [32, 33] based

approaches have also been extensively used in energy disaggregation. Such dic-

tionary learning based methods are not limited by the assumptions of stochas-
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tic finite state machines and hence are capable of handling all kinds of loads

- multi-state and continuously varying. There is yet another class of methods

that is gaining popularity in recent times based on the multi-label classification

approach [34, 35, 36]. These do not model the electrical appliance in any way

but want to predict the state of the appliance (ON / OFF) given the aggregate

power signal. Since multiple appliances can be ON at the same time, this turns

out to be a multi-class classification problem. However these techniques cannot

estimate the consumption accurately.

2.2 Literature Review

The literature on energy disaggregation can be divided into two categories. The

first category is event based classification and the other category directly ad-

dresses the disaggregation problem.

1. Event based techniques The first group of algorithms focuses on classify-

ing electrical events present in the signal. The earliest techniques in this

group were based on using real and reactive power measured by the res-

idential smart meters. The appliances’ power consumption patterns were

modelled as finite state machines [12] and sharp edges were detected in real

and reactive power signals. These techniques were successful in segregat-

ing two state (on/off) appliances and multistate appliances but performed

poorly in the case of time-varying appliances which do not show a marked

step increase in the power. Besides, such techniques required high reso-
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lution data (at least once a second) but smart-meters sample once every

10-15 minutes. With such low frequency data, the sharp edges required

by the HMM to learn the model are smoothed out and hence the aforesaid

techniques do not yield desirable results.

Later, the devices were clustered based on their consumption changes but

the drawback was that the clusters associated with several low power differ-

ent devices became indistinguishable. In order to improve the distinguisha-

bility of the devices, later research used transient and harmonic information

using very high sampling [37]. However, high frequency sampling requires

costly hardware and installation of monitoring devices in the building.

2. Non-event based techniques The other category directly addresses the

disaggregation problem by decomposing the total energy signal into its

component appliances over time [38, 18, 32, 39]. This group can further

be divided into supervised and unsupervised learning methods.

• Supervised Algorithms This class of algorithms require labelled data

sets to train the classifier so that appliances can be recognized from

the aggregated load measurement. They can be broadly divided into

optimization or pattern recognition based methods.

– Optimization Methods: These methods pose the disaggregation

problem as an optimization problem. The features extracted from

an unknown load are matched to the known load present in the

pool of appliance database and the closest possible match is found
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to minimize the error between them. However, this problem be-

comes complex in case of composite load disaggregation where

combination of appliances are to be matched instead of one-to-one

matching. Several optimization techniques [40, 41, 42] like inte-

ger programming, genetic algorithms have been tried to tackle this

problem. The challenges involved with these methods are to re-

duce the complexity in case any unknown load and appliances with

overlapping load signatures are found in the aggregated load data.

– Pattern Recognition Methods: These are the most frequently used

approaches for load disaggregation. In [43], Bayesian approach is

used to detect most likely states of the appliances. A naive bayes

classifier is trained for each appliance and accordingly a set of

trained classifier is used to recognize the appliance specific states

from the aggregated load measurements. This study made an as-

sumption that the states of appliances are independent of each other

which seems to be false as in a residential environment, operation

of consumer appliances are correlated to each other. In another

research [44, 45], temporal information along with real power val-

ues are used to facilitate disaggregation task. This also encouraged

the researchers to use Artificial Neural Network (ANN) [46] and

Hidden Markov Models (HMM) [47] due to their ability to learn

temporal and appliance state transition information.

• Unsupervised Algorithms One of the main challenges of NILM is
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the lack of a-priori training information. It is highly required for the

NILM system to be installed with minimal cost setup as the training

requirement for the supervised methods are expensive and laborious.

Therefore, unsupervised learning methods [48] are needed for wider

application of NILM techniques. The genetic K-means and agglom-

erative clustering approaches have been investigated to automatically

determine the total number of appliance clusters from the aggregated

load data. Each cluster is considered to be a combination of multiple

appliances which are further reduced to individual sources. Matching

Pursuit (MP) algorithm is used for source reconstruction. However,

this approach also has several drawbacks like presence of smaller appli-

ances having similar consumption level, presence of multistate appli-

ances that form several clusters resulting in mixing of events. Some of

the recent unsupervised approaches [49] have used graph based signal

processing (GSP) for load disaggregation. These methods have shown

to perform equally well when compared to supervised approaches that

employ GSP for data classification only [50].

Another work [51], uses motif mining approach for unsupervised disag-

gregation task. It uses power change events instead of power consump-

tion. [38] uses probabilistic models of appliance behavior using vari-

ants of FHMM. The non-power features like time of usage, duration of

usage along with the real power consumption is used to model the de-

vice specific HMMs. FHMMs are well suited to model appliances con-
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tributing independently to the aggregated load data. Other models like

Conditional Factorial Hidden Semi-Markov Model (CFHSMM) gave

the best unsupervised disaggregation performance achieving an accu-

racy of 83% in comparison to FHMMs. The analysis showed that the

on-state occupancy distribution can be best represented using gamma

distribution and the inclusion of non-power features along with the ad-

ditional information like correlation between usage of appliances has

shown to improve the performance. At the same time, the drawback

of FHMMs is that the existing techniques for hidden state estimation

are susceptible to local optima. To address this, [18] proposed a new

inference algorithm with convex formulation, Additive Factorial Ap-

proximate MAP (AFMAP). They have also used frequently occurring

appliance patterns [51] as the load signatures. A more detailed and

comprehensive survey of the algorithms can be found here [52].

Recently, sparse coding and dictionary learning based approaches like [32,

33, 53] have been used to address the said problem. These techniques do not

suffer from the same pitfalls as HMM, i.e. they can work with low frequency

data on time varying appliances. There are many other approaches to address

the same problem ranging from pure rule based methods to completely data

driven techniques (neural networks, multi-label classification etc.) [52].

Supervised energy disaggregation works in two phases, training phase and

disaggregation phase. In the training phase, the power consumption data for
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each appliance is collected separately over time, and the model for the appli-

ance is built. In the disaggregation phase, the composite data from multiple

appliances is available and the task is to estimate the power consumed by each

appliance. Given the success of such dictionary learning based techniques, the

proposed work is formulated on the same approach.

Dictionary learning based methods learn a codebook that can represent the

sub-metered active power measurements (Xi) for appliance i. This is expressed

as:

Xi = DiZi + ε, i = 1 . . . N (2.1)

Here N is the total number of appliances, Di and Zi are codebook/ dictionary

and loading coefficient of ith appliance. Both D and Z need to be learnt.

All prior studies assumed that the modelling error (ε) is small and Normally

distributed. Therefore, a Euclidean norm based minimization technique was

employed. In a generic fashion, the learning can be expressed as:

min
D,Z
‖Xi −DiZi‖2F +R(Di, Zi), (2.2)

where R is some penalty on D and Z. The main cost function is Euclidean

hinged on the assumption ε ∼ N(0, σ2). However, the assumption that the mod-

elling error is Normally distributed is incorrect. This can be seen via the plots

of probability density functions in fig. 4.1 that best fit the histograms of residen-

tial energy consumption from 4 different houses. Sub-metered or training data
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always show spikes which are not typical to the appliance under study. They

arise out of power surges or from transients. In such a case the modelling error

does not follow a Normal distribution. It is large in magnitude but sparse. In

this work, a more realistic noise model is addressed.

During disaggregation, all prior studies assume that the total power logged

by the smart-meter is a sum of the power consumed by individual appliances

that are turned on. This is expressed as,

X =
∑
i

Xi + ε, (2.3)

Here too, the assumption is that the modelling error is small and approxi-

mately follows a Normal distribution. There are two reasons why this assump-

tion is wrong. The first one has already been discussed. There are unforeseen

spikes owing to uncontrollable reasons. The other reason is owing to nonlinear

effects. The assumption that total power is a sum of individual power consumed

by different appliances only holds for passive loads. The non-linearity can arise

in two ways-

1. Today, most of our appliances such as refrigerators, AC’s, washers, mi-

crowaves, laptops, printers etc. are quite sophisticated and cannot be mod-

eled as passive loads. They have internal sources of electromagnetic emis-

sion, e.g. the switched mode power supplies (SMPS) in a desktop or a

laptop adapter. These secondary sources of emission can interfere with the
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loads on the power lines depending on the proximity of the loads as well

as their frequency response. In such cases, where the appliance needs to be

modeled as a combination of a source and a load, the linear mixing model

does not hold [54].

2. Secondly, the reactive components of the loads (transformers, magnetic

and capacitive elements within the power supplies and AC to DC convert-

ers) exhibit nonlinear behavior depending on the frequency of operation.

In a recent work [1], a similar approach is followed - it assumed that the

linear mixing model for energy holds in most cases (since this model is known

to yield good results for simple loads), but that there are a few large perturba-

tions arising out of the inherent non-linearity inside the load. The reasoning

here is that linearity holds at the power line frequency (50/60Hz) while the

non-linearity arises from the electromagnetic emission within the appliances at

higher frequencies. In order to meet federal regulations on emissions, some

of these appliances are fitted with good quality filters that restrict the emission.

Secondly, these emissions are likely to decay with the length of the transmission

cables. Therefore, a perturbation based model of the load non-linearities may

be suitable in this context.

In short, it can be argued that both during training and during actual disaggre-

gation, the assumption that the modelling error is small (Normally distributed)

is not true. In both cases the actual noise is sparse but of large magnitude. Dur-

ing training, the sparse noise arises out of power surges; during disaggregation
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it arises from power surges and other nonlinear effects. Since prior studies as-

sumed the noise to be small, they employed an l2-norm cost function. It is well

known that the Euclidean norm is not robust to outliers (large and sparse per-

turbations). Therefore, the proposed work employs an l1-norm cost function

for both training and disaggregation. This makes the cost function robust to

outliers.

A typical dictionary learning problem with sparse coefficients is shown in

(2.4). In [32] various penalties were proposed on the dictionaries and the coeffi-

cients. In the simplest formulation the problem is solved via:

min
D,Z
‖Xi −DiZi‖2F + λ‖Zi‖1, (2.4)

This is bi-linear problem; it is usually solved via alternating minimization,

i.e. the coefficients are estimated assuming the dictionary is fixed; and the dic-

tionary/ codebook is updated assuming that the coefficients are fixed. Off-the-

shelf algorithms exist for each of the two problems. Usually, the atoms of the

dictionary are normalized to prevent degenerate solutions.

Learning the dictionary constitutes the training phase. During actual opera-

tion, several appliances are likely to be in use simultaneously. They [32] make

the assumption that the aggregate reading by the smart-meter is a sum of the

powers for individual appliances. Thus if X is the total power from N appli-

ances (where the columns indicate smart-meter readings over the same period

of time as in training) the aggregate power is modeled by (2.3). By imputing
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(2.1) in (2.3), one can express (2.3) as -

X =

[
D1 . . . Dn

]
Z1

...

Zn

 . (2.5)

The loading coefficients can be solved using l1-norm minimization. Once

the loading coefficients are estimated, the consumption for each appliance is

obtained by:

X̂i = DiZi, i = 1 . . . N (2.6)

Prior studies in dictionary learning are based on minimizing an l2-norm data

mismatch - the underlying assumption being that the noise (ε) is approximately

Normally distributed. This does not hold for this problem; the reasons have

been explained above. The noise is large but sparse. A more appropriate model

would be one where ε is sparse (modelling nonlinear perturbations). If there are

such large outliers the estimate from Euclidean norm minimization is skewed

towards the outlier. For a robust estimate [1] proposed to replace the l2-norm by

an l1-norm data mismatch (since ε is sparse),

min
D,Z
‖Xi −DiZi‖1 + λ‖Zi‖1, (2.7)

Both [32, 1] imposed sparsity constraint on the coefficients. However, there
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is no clear motivation behind the requirement of enforcing sparsity on the load-

ing coefficients.

Once the dictionary is learnt, [1] follows the procedure similar to [32]. The

aggregate consumption (X) is assumed to be the sum of consumptions from

individual appliances (Xi’s). However, [1] acknowledges that the modelling

error ε is large but sparse. Thus they estimated loading coefficients (Zi’s) by

solving,

min
Z
‖X −

∑
i

DiZi‖1 + λ
∑
i

‖Zi‖1, (2.8)

The problem with minimizing the l1-norm is computational. However, over

the years various techniques have been developed. The earliest known method

is based on Simplex [55]; Iterative Reweighted Least Squares [56] used to be

another simple yet approximate technique. Other approaches include descent

based method introduced by [57] and Maximum Likelihood approach [58].

In [1] a more modern approach is followed for solving the l1-norm cost func-

tion. It is based on variable splitting and augmented Lagrangian. It decomposes

the difficult problem of l1-norm data mismatch into several easier sub-problems

whose solutions exist.
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2.3 Handing Imperfection in Energy Disaggregation

The proposed work addresses two commonly overlooked imperfections in en-

ergy data. The first one is the problem of missing readings and the second one

is regarding large yet sparse outliers.

In a typical experimental set-up, the data (training and testing) is collected

by attaching smart-meters to individual appliances, which acquire the reading

at periodic intervals and transmit these to a remote server wirelessly. Many a

time the home area network (HAN) interface such as WiFi, Zigbee, Bluetooth,

etc or the wide area network (WAN) interface do not work thus leading to loss

of data packets. These HAN and WAN interfaces are important for enabling

the communication between the smart meters itself with the in-home consumer

devices and energy utility center respectively. The malfunctioning of interfaces

leads to missing data; it is a common phenomenon in almost all energy dis-

aggregation datasets. The feasibility of NILM is when the aggregate readings

from the smart meter are needed for the purpose of training and testing and sub-

metering is performed purely for validation of results. In cases like these, the

packet losses would only affect the validation of results. This is the first issue

that is addressed in this work.

The second issue is regarding outliers. Energy datasets are often corrupted

by large but sparse noise (outlier). This may arise in several ways. It can occur

from transients, voltage/ current surges. In all such cases, the anomaly is of

large magnitude but for a very short duration. Such spikes are uncontrollable
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and do not show any characteristics of the appliance under study.

The issues of data fidelity were first discussed in [59]; the author (of [59])

also released a code preprocessing such datasets. This work is different from the

approach presented in [59]; the proposed work does not try to ‘cure’ the data

by preprocessing, rather model them in the mathematical framework thereby

minimizing the error caused during preprocessing.

The first problem of missing data is usually handled in a heuristic fashion by

the NILM research community. The missing values are either imputed by prior

readings or at best by nearest neighbor interpolation [60, 61, 62]. In this work,

missing readings are not interpolated, rather accommodated into the mathemat-

ical framework for disaggregation.

The second problem, i.e. the problem of spiky outliers have been largely

ignored by NILM researchers until recently [1, 63]. Various signal processing

techniques that have been proposed for NILM to remove spikes, noise and to

smooth the signal [28]. Some of them are smoothing filters including median

filters, mean filters, kernel weighted average filters and their possible combina-

tions [26, 64]. Total variation regularization has been used prior to the additive

Factorial HMM based NILM to remove outliers and to minimize the influence

of rarely used appliances [18]. [63] used a graph based signal processing ap-

proach to improve low-rate supervised and unsupervised event-based NILM

classification. Prior studies assumed that the noise in the system is small (Nor-

mally distributed) and hence employed a Euclidean data fidelity term. A recent
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study [1] argued about the existence of sparse but large outliers and following

studies in robust estimation proposed a robust data fidelity term based on abso-

lute deviations. A similar approach is followed in the proposed work.

2.3.1 Proposed Approach

2.3.1.1 Handling Missing Readings

The problem of solving an under-determined linear inverse problem where the

solution is known to be sparse is studied by Compressed Sensing (CS).

ym×1 = Am×nxn×1 + ηm×1;m < n (2.9)

(2.9) is an under-determined system of linear equations as the number of con-

straints (m) in A is less than the number of unknowns (n), that is m < n. Here,

y is a m x 1 dependent variable, A is the m x n matrix with coefficient values,

x is the n x 1 unknown vector and η is the vector of intercepts. In general

there are infinitely many solutions to (2.9). CS is interested in the case where

the solution is s-sparse, i.e. x has only s non-zero values, the rest n-s being

zeroes. Donoho’s seminal work [65] showed that a sparse solution is in most

cases unique. CS literature shows that such a sparse solution can be recovered

by l1-minimization [65].

min
x
‖y − Ax‖22 + λ‖x‖1 (2.10)

38



where λ is the regularization parameter. For most practical problems the sig-

nal is not sparse in itself but has an approximately sparse representation in the

transform domain. Orthogonal and tight-frame transforms are useful in this case

since the synthesis (2.11) and analysis (2.12) hold.

synthesis : x = Wα (2.11)

analysis : α = W Tx (2.12)

where W is the sparsifying transform (wavelet / DCT for image, wavelet for

EEG / ECG, STFT for speech etc.) and α the sparse transform coefficients. This

allows inverse problems arising from sparsifiable natural signals to be expressed

in the following form,

y = AWα + η (2.13)

The sparse transform coefficients are solved using l1-minimization (2.10) from

which the signal of interest is obtained by applying the synthesis equation (2.11).

In CS lingo, A is called the measurement operator and W is the sparsifying

transform.

Dictionary learning gained popularity with the advent of K-SVD [66]. It was

showed that instead of using fixed basis (like wavelet, DCT etc.) better solutions

can be achieved by learning the sparsity basis from data. For dictionary learning,

one needs training data (say X) from which a dictionary (D) is learnt such that

the coefficients (Z) are sparse. In the training phase, X is the matrix with
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column i representing submetered active power measurements from appliance

i; D and Z has learned atoms/ basis and coefficients for appliance i in column

i. The synthesis dictionary learning problem is framed as,

X = DZ (2.14)

The learning can be framed in various ways. The basic constraints Z should be

sparse and there should not be degenerate solutions, i.e. very large D and small

Z or vice versa. This can be prevented in several ways. K-SVD proposes an

elegant (albeit slow) solution based on rank-1 updates. Others propose a normal-

ization constraint on the columns of the dictionary. But the easiest formulation

is to have a simple Frobenius norm penalty on the dictionary as a whole. This

leads to the following formulation-

min
D,Z
‖X −DZ‖2F + λ1‖D‖2F + λ1‖Z‖1 (2.15)

This (2.15) constitutes the training phase. The learnt dictionary is used as the

sparsifying basis in the testing phase for solving the sparse inverse problem.

Blind Compressed Sensing (BCS) [67] marries CS with dictionary learning. In-

stead of learning the dictionary in an offline fashion and then using it for solving

the inverse problem, it learns the dictionary on the go. Obviously, it can be only

used for multiple measurement vector (MMV) problems; this is because many

samples would be needed to robustly estimate the dictionary.

Say the problem is to solve Y = AX; according to the dictionary learning
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formulation one assumes X = DZ; incorporating one into the other leads to -

Y = AX = ADZ (2.16)

The solution to equation (2.16) is formulated as follows,

min
D,Z
‖X − ADZ‖2F + λ1‖D‖2F + λ1‖Z‖1 (2.17)

Kolter et. al. [32], assumed that there is training data collected over time, where

the smart-meter logs consumption from every appliance individually. This can

be expressed as Xi where i is the index for an appliance, the columns of Xi are

the readings over a period of time. For each appliance, a codebook is learnt;

this assumption is expressed in (2.18).

Xi = DiZi, i = 1 . . . N (2.18)

where Di represents the codebook/dictionary and Zi are the coefficients, as-

sumed to be sparse. This is a typical dictionary learning problem with sparse

coefficients.

In this work, the missing readings are not interpolated rather they are modeled

into the mathematical framework.

Yi = Ri

⊙
Xi (2.19)

whereRi is the binary sampling mask; it is 1 when the reading has been obtained

and 0 when the reading is missing,
⊙

indicates element-wise product and Yi is
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the data that is actually obtained (at the server). The estimation problem (for

dictionary and coefficients) is expressed as,

min
Di,Zi

‖Yi −Ri

⊙
DiZi‖2F + λ1‖Di‖2F + λ2‖Z1‖1 (2.20)

This is akin to the BCS formulation. The algorithm for solving this problem is

available at [68]. The missing data problem exists also in the test/ disaggrega-

tion phase. The aggregate reading is expressed as the sum of the power readings

from individual appliances.

X =
∑
i

Xi =

[
D1 . . . Dn

]
Z1

. . .

Zn

 (2.21)

The dictionaries are obtained from training, the task at disaggregation is to esti-

mate the coefficients Zi’s; this is done by simple l1-minimization.

min
Z
‖X −DZ‖2F + λ2‖Z‖1 (2.22)

where D =

[
D1 . . . Dn

]
and Z =


Z1

. . .

Zn


Once the loading coefficients are estimated, the consumption for each appli-

ance is obtained by:

X̂i = DiZi, i = 1 . . . N (2.23)
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The issue of missing reading arises during disaggregation as well. A more

appropriate model (compared to prior studies) would be to express the problem

as Y = R
⊙

X . Here, X is the aggregate active power readings which contains

missing values and Y is the aggregate active power readings obtained at the

server. Thus the recovery is posed as a simple CS problem.

min
Z
‖Y −R

⊙
DZ‖2F + λ2‖Z‖1 (2.24)

2.3.1.2 Handling Outliers

In the previous subsection, it was assumed that the noise in the system, if any, is

small. Hence the l2-norm data fidelity term is justifiable. However, as discussed

in the introduction, this is not the case. Training data is corrupted by sparse

but large outliers arising from electrical surges and transients. The test data is

corrupted not only by such surges and transients but also effects arising out of

nonlinear mixing. In such cases, where the noise appears as large and sparse

outliers, the l2-norm is not optimal. There is a large body of literature in robust

statistics that argues against the usage of l2-norm minimization; it works when

the deviations are small - approximately Normally distributed; but fail when

there are large outliers (as in this case). The Huber function [69] has been

in use for more than half a century in this respect. The Huber function is an

approximation of the more recent absolute distance based measures (l1-norm).

Recent studies in robust estimation prefer minimizing the l1-norm instead of the

Huber function [69, 70, 71]. The l1-norm does not bloat the distance between
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the estimate and the outliers and hence is robust.

Following such studies in robust estimation, l1-norm data fidelity term is em-

ployed in place of the l2-norm. For the scenario where the data is assumed

to be complete (by simple interpolation) has been addressed in [59]. In this

work we look at a more challenging problem - problem of outliers and missing

readings. Therefore the corresponding formulation for the training using sub-

metering active power data (modifying equation (2.20)) and test/disaggregation

using aggregate active power data (modifying equation (2.24)) phases are:

min
DiZi

‖Yi −Ri

⊙
DiZi‖1 + λ1‖Di‖2F + λ2‖Z‖1 (2.25)

min
Z
‖Y −R

⊙
DZ‖1 + λ2‖Z‖1 (2.26)

The solution for (2.26) is a standard one. Here, YALL1 algorithm [72] is used

to solve the optimization problem. However, solving (2.25) is not so straight-

forward; no off-the-shelf algorithm exists for (2.25). An algorithm is derived to

solve (2.25) in the following sub-section.

2.3.1.3 Deriving a solution for (2.25)

Dropping the subscript ‘i’ from (2.25) (for the sake of simplicity) the task is to

solve:

min
D,Z
‖Y −R

⊙
DZ‖1 + λ1‖D‖2F + λ2‖Z‖1 (2.27)
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An elegant way to solve this problem is via Split Bregman technique. We sub-

stitute P = Y − R
⊙

DZ, and introduce the Bregman relaxation variable (B)

leading to,

min
P,D,Z

‖P‖1 + +λ1‖D‖2F + λ2‖Z‖1 + µ‖P − (Y −R
⊙

DZ)−B‖2F

(2.28)

This can be recast into the alternating minimization of the following sub-

problems:

P1 : min
P
‖P‖1 + µ‖P − (Y −R

⊙
DZ)−B‖2F (2.29)

P2 : min
D

λ1‖D‖F2 + µ‖P − (Y −R
⊙

DZ)−B‖2F (2.30)

P3 : min
Z
λ2‖Z‖1 + µ‖P − (Y −R

⊙
DZ)−B‖2F (2.31)

P2 is the easiest to solve; it is a least squared problem having a closed form

solution. P1 has a closed form solution via soft thresholding. P3 needs to

be solved iteratively via iterative soft thresholding. The usual constraint about

positivity is enforced on the coefficient Z after every update.

The final step is to update the Bregman relaxation variable,

B ← P − (Y −R
⊙

DZ)−B

There are two stopping criteria for the Split Bregman algorithm. Iterations

continue till the objective function converges (to a local minima) or if the maxi-

mum number of iterations reach 200.
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2.3.2 Experimental Results

The proposed work is evaluated on REDD dataset [19]. The details of this

dataset are given in section 1.3. The evaluation metric used in this work is same

as that defined in [19], also known as ‘disaggregation accuracy’ and formally

defined in eq( 2.32).

Acc = 1−

∑
t

∑
i

|ŷti − yit|

2
∑
t
ȳt

(2.32)

where ŷti denotes the algorithm’s prediction for the ith device at the tth time

step; the 2 factor in the denominator is to discount the fact that the absolute

value will “double count” errors.

In [1] it was shown that robust dictionary learning (RDL) with sparse coeffi-

cients yields better results than the standard simple sparse coding (SC) proposed

in [32] and the Factorial Hidden Model (FHMM) [18]. Therefore the proposed

approach is compared only with [1] and powerlet based energy disaggregation

(PED) technique [33].

Same testing procedure is followed as outlined in [19]. There are two modes

of testing, mode I (training mode) and mode II (testing mode). In the training

mode, a portion of the data from every household is used as training samples

and rest (from those households) is used for prediction. In the testing mode, the

data from four households are used for training and the held-out one is used for

prediction; this is a more challenging problem.

46



Table 2.1: Results after improving missing data and outliers problem(in %). Comparison of proposed approach has
been done with RDL and PED methods.

Houses
Mode I Mode II

RDL [1] PED [33] Prop RDL [1] PED [33] Prop

1 75.5 81.6 77.0 53.0 46.0 54.5
2 66.7 79.0 69.1 56.3 49.2 58.0
3 65.2 61.8 67.0 43.9 31.7 45.7
4 63.7 58.5 65.9 60.1 50.9 61.6
6 68.5 79.1 70.2 60.2 54.5 62.0

The proposed algorithm requires specifying two parameters (λ1, λ2) and one

hyperparameter (µ). Some recent studies have shown that in a Split Bregman

based technique, one can put the parameters to be unity and only tune the µ.

We use the simple L-curve method to find out the hyperparameter; the value we

obtained is µ = 0.01.

The results in table 2.1 show the disaggregation accuracies using different

baseline algorithms. On comparing with [1], we get an insight regarding the

importance of modelling missing readings. We show that instead of imputing

the readings in a naive fashion, better disaggregation results can be achieved if

the missing values are modelled into the formulation.

We see that the in training mode (mode I), powerlet based method [33] out-

performs the simple yet robust learning techniques ([1] and proposed). In this

case, the training data is scant but the test conditions are simple. The results

show a significant drop from the mode I to mode II as in the latter, prediction is

done on the previously unseen set of devices. The powerlet based method shows

poor performance when the training data volume increases but at the same time

the problem becomes more challenging.
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2.3.3 Summary

In this work, two often ignored problems that are ever-present in non-intrusive

load monitoring are addressed. The first problem is of missing readings in the

dataset - arising due to malfunctioning of the HAN and WAN interfaces. The

second problem is that of large and sparse outliers occurring out of transients,

surges and non-linearities in the load. The second problem has been handled in

a recent work [1]. In this work, the missing data problem is combined with the

outlier removal problem in a single combined framework. It was shown in the

prior study [1] that better results are indeed obtained when outliers are removed.

A simplest possible formulation for dictionary learning is used. In [32] it was

shown that better disaggregation results can be achieved when disaggregating

terms are appended to the formulation in the learning phase.
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2.4 Proposed nuclear norm regularised Robust Dictionary Learning for

NILM

2.4.1 Proposed Approach

In prior studies [32, 1] the loading coefficients were assumed to be sparse. How-

ever, sparsity does not model any reasonable aspect of the disaggregation prob-

lem; it only learns a dictionary to express the smart-meter signals in a sparse

fashion.

Let us take a closer look at the problem; especially the training phase. The

xi’s basically tell us the power consumption of individual devices across time.

Ideally they are non-zero only when they are ON and zero when OFF. Consider

a utopian situation where the devices are turned on exactly at the same time

every day; in that case the matrix formed by stacking the xi’s will be of rank-

1; since all the columns xi’s will be the same. In general this assumption will

never hold in practice, each of the xi’s will be time shifted versions of each

other. Here we propose to learn a dictionary that approximately aligns the input

signals (xi’s) so that the resultant output (coefficients zi’s) are approximately

aligned. If the zi’s are approximately aligned the coefficients matrix Zi (formed

by stacking zi’s as columns) will be of low-rank. Following this assumption,

we learn the dictionaries such that the resultant coefficients will be of low-rank.

This is formally expressed as,

min
Di,Zi

‖Xi −DiZi‖1 + λ‖Zi‖NN , (2.33)
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The nuclear norm is the convex surrogate of the rank of a matrix; it enforces

rank deficiency on the variable.

For disaggregation, we follow the standard superposition model -

X =
∑
i

Xi + ε =
∑
i

DiZi + ε, (2.34)

The dictionaries are learnt in the training phase; during disaggregation, we

propose solving the following problem,

min
Zi

wwwwwX −
[
D1 . . . Dn

]
Z1

...

Zn


wwwww

1

+ λ
∑
i

‖Zi‖NN , (2.35)

A. Deriving a solution for Training Phase

Solving the robust dictionary learning problem, subject to nuclear norm penalty

is new. Here we adopt the Split Bregman approach. We substitute (dropping the

subscripts for notational simplicity) and introduce a Bregman relaxation vari-

able, B. This leads to the following formulation of (2.33),

min
D,Z,P

‖P‖1 + λ‖Z‖NN + µ‖P −X +DZ −B‖2F , (2.36)
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Alternating minimization of (2.36) leads to the following sub-problems:

P1 : min
D
‖P −X +DZ −B‖2F , (2.37)

P2 : min
Z
λ‖Z‖NN + µ‖P −X +DZ −B‖2F , (2.38)

P3 : min
P
‖P‖1 + µ‖P −X +DZ −B‖2F , (2.39)

Solving P1 is straightforward, it is a least squares problem with analytic

solution. P2 is a nuclear norm regularized least squares minimization problem.

This is efficiently solved using singular value shrinkage [73, 74]. The last sub-

problem P3, also has a closed form solution in the form of soft thresholding

[75].

B. Deriving a solution for Disaggregation Phase

We follow the Split Bregman approach here as well. We make the substi-

tution P = X − DZ where D =

[
D1 . . . Dn

]
and Z =


Z1

...

Zn

. After

introducing the Bregman relaxation variable, the problem 2.35 takes the form,

min
Z,P
‖P‖1 + µ‖P −X +DZ −B‖2F + λ

∑
i

‖Zi‖NN , (2.40)
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As before this can be decomposed into the following sub-problems:

P1 : min
P
‖P‖1 + µ‖P −X +DZ −B‖2F , (2.41)

P2 : min
Z
µ‖P −X +DZ −B‖2F + λ

∑
i

‖Zi‖NN , (2.42)

We have already discussed the solution for P1; it is solved via soft thresh-

olding. Solving P2 is however tricky. To solve this, we need to decouple the

problem. This can be done via Majorization-Minimization (MM) [75]. We

represent P2 in a simpler fashion.

‖Y −DZ‖2F + η
∑
i

‖Zi‖NN , (2.43)

where Y = X +B − P and η = λ/µ.

In every iteration, MM of (2.43) leads to decoupling -

‖T − Z‖2F + λ
∑
i

‖Zi‖NN , (2.44)

where T = Zk−1 + 1
αD

T (Y −DZk−1); α is the maximum eigenvalue of DTD.

The decoupled problem is easy to solve; it can be segregated for every appli-

ance ‘i′ in the following way,

min
Zi

‖T − Z‖2F + λ‖Zi‖NN , (2.45)

This is solved by one step of singular value shrinkage [73, 74].
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C. Updating the Bregman Relaxation Variable

The final step is to update the relaxation variable B for all the problems. This

is done by simple gradient descent.

B ⇐ X +DZ −B (2.46)

There are two stopping criteria for the Split Bregman algorithm. Iterations con-

tinue till the objective function converges (to a local minima). The other stop-

ping criterion is a limit on the maximum number of iterations. We have kept it

to be 200.

2.4.2 Experimental Results

The proposed algorithm requires specifying the parameter λ and the hyperpa-

rameter µ. Some recent studies have shown that in a Split Bregman based tech-

nique, one can put λ =1 and only tune the µ. We use the simple L-curve method

[76] for tuning the hyper-parameter. The number of dictionary atoms used is

144. The dictionary atoms are initialized by randomly picking up columns from

the training data.

For energy disaggregation, we report results on the popular REDD dataset.

The disaggregation accuracy is defined as follows [19] -

Acc = 1−

∑
t

∑
i

|ŷti − yit|

2
∑
t
ȳt

(2.47)
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Table 2.2: Energy Disaggregation Results (in %)

Houses
Mode I Mode II

RDL PED Prop RDL PED Prop

1 70.1 81.6 82.8 52.1 46.0 54.2
2 61.9 79.0 79.7 55.7 49.2 58.4
3 61.0 61.8 65.9 43.3 31.7 48.9
4 71.0 58.5 73.5 59.8 50.9 63.8
6 64.7 79.1 79.9 60.0 54.5 65.9

where ŷti denotes the algorithm’s prediction for the ith device at the tth time

step; the 2 factor in the denominator is to discount the fact that the absolute

value will “double count” errors.

In the previous work [1] it was already shown that simple robust dictionary

learning yields better results than the well known Factorial Hidden Markov

Model (FHMM) [18] and sophisticated methods like discriminative sparse cod-

ing [32]. In this work, we show that the results from the proposed work are

better than Robust Dictionary Learning (RDL) [1]. The results from proposed

work were also compared with PED [33]. The comparative results are shown in

Table 2.2.

As outlined in [19], there are two modes of testing. The first mode is simple,

a portion of the data from every household is used as training samples and rest

(from those households) is used for prediction. The second mode is more chal-

lenging, the data from four households are used for training and the remaining

one is used for prediction; this is a more challenging problem.

Robust dictionary learning [1] is worse than PED [33] for mode 1 and better

than PED for mode 2. The proposed method outperforms both the methods
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[1, 33] for both modes.

2.4.3 Summary

In a previous work [1] it was shown that instead of using the standard Euclidean

cost function for dictionary learning, better results are obtained with the more

robust l1-norm cost function. The reason has been discussed in the introduc-

tion. In this work, we extend the robust dictionary learning approach; we add a

nuclear norm penalty on the coefficients. The reasoning behind this penalty is

discussed in Section 2.4.1.

The resulting formulation is solved using a combination of Split Bregman

and Majorization Minimization. The proposed technique is compared with ro-

bust dictionary learning [1] and powerlet energy disaggregation [33] and it out-

performs both.
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2.5 Proposed Robust Supervised Sparse Coding for NILM

As discussed in previous sections, a simple linear model does not hold in gen-

eral. A seemingly unrelated research, in hyperspectral unmixing, faces a similar

issue. A recent study [77], showed that the non-linear mixing problem can be

approximated as a sum of linear mixing and non-linear perturbations. The per-

turbations can be assumed to be sparse, i.e. the effect is localized but may be of

relatively large magnitude.

In this work we follow a similar approach - we assume that the linear mixing

model for energy disaggregation holds in most cases (since this model is known

to yield good results for simple loads), but that there are a few large perturba-

tions arising out of the inherent non-linearity inside the load. The reasoning in

favour of sparse non-linearities has already been discussed in section 2.3.

We assume an energy disaggregation paradigm defined in [32]; i.e. energy

readings of individual appliances are available for training. In dictionary learn-

ing based techniques, the basis for representing each appliance is learnt sepa-

rately, with the assumption that the noise is small/Normally distributed. Here

we have argued that the noise/model error is actually not small - it is more likely

to be large but sparse. In [1] it was shown that in such cases, solving the more

robust l1-norm instead improves the results significantly.

This work builds upon robust sparse coding approach [1]. To improve the

results further we will incorporate supervision. In the first supervision, we will

learn dictionaries such that they are incoherent; this ensures that the dictionaries
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from different appliances look different from each other. In the second formu-

lation, we introduce discriminating sparse codes, such that the codes generated

for each appliance would not look alike.

2.5.0.1 Sparse coding based disaggregation

Kolter et. al [32], assumed that there is training data collected over time, where

the smart meter logs only consumption from a single device. This can be ex-

pressed as Xi where i is the index for an appliance, the columns of Xi are the

readings over a period of time.

For each appliance, a basis was learnt as expressed in eq.(2.48):

Xi = DiZi, i = 1 . . . N (2.48)

where Di represents the basis/ dictionary and Zi are the loading coefficients,

assumed to be sparse.

This is a typical dictionary learning problem with sparse coefficients - there

are several ways to solve (2.48). All of them are variants of the following:

min
Di,Zi

‖Xi −DiZi‖2F + λ‖Zi‖1, (2.49)

The dictionary (D) and the sparse codes (Z) are updated alternately.

During actual operation, several appliances are likely to be in use simulta-

neously. Like all prior studies, [54] makes the assumption that the aggregate

power read by the smart meter is a sum of the powers for individual appliances.
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Thus if X is the total power from N appliances (where the columns indicate

smart meter readings over the same period of time as in training) the aggregate

power can be modeled as:

X =

[
D1| . . . |DN

]
Z1

...

ZN

 =
∑
i

DiZi, (2.50)

The dictionaries are already available during disaggregation operation. There-

fore the problem is of estimating the sparse codes in (2.50). This is achieved by

solving,

min
Z1...ZN

‖X −
∑
i

DiZi‖2F + λ‖Zi‖1, (2.51)

Once the Zi’s are obtained from (2.51) one can find out the power consump-

tion of individual devices by:

X̂ = DiZi, i = 1 . . . N (2.52)

Several modifications to the basic formulation has been proposed in [32, 33].

But the basic idea remains the same. In [1], the non-linear perturbation model

was assumed and instead of minimizing the Euclidean norm for the data fidelity

terms, the l1-norm was used instead.
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2.5.0.2 Robust non-linear hyperspectral unmixing

In hyperspectral imaging a scene is acquired at a large number wavelengths.

Such an acquisition has fine spectral resolution but poor spatial resolution. Hence

pixel values of an hyperspectral image has contributions from multiple sources.

The task is to find out the composition of the scenery, i.e. distribution of the

constituent elements. Mathematically this is represented as follows:

X = MA (2.53)

Here X is the hyperspectral datacube, its columns are the images at different

wavelengths. The rows are the pixel values at different wavelengths. M is called

the endmember matrix which consists of the signature of different elements at

all the wavelengths. A is the abundance map - it shows how much of each

element is present at the given pixel location. In the most general case, neither

M nor A is known. They are estimated by solving the following -

min
M,A
‖X −MA‖2F + λ‖A‖1, (2.54)

The sparsity in the abundance map follows from the fact that only a few end

members are present at each location.

As can be seen, (2.53) is a linear mixing model. In reality, the contribution

from different elements do not mix linearly. It is not possible to form the ex-

act non-linear mixing model; in most cases the linear mixing model performs
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reasonably well. Keeping in mind the success of linear mixing, [77] postulated

that for most pixels the linear model holds but in certain areas the non-linearity

becomes more pronounced - these few pixels can be treated as sparse perturba-

tions where the linearity breaks down. Thus [77] proposed an improved model:

X = MA+ E (2.55)

where E is the sparse non-linear modelling error. Following this argument,

instead of solving (2.54), [77] proposed to solve the robust version of it.

min
M,A
‖X −MA‖1 + λ‖A‖1, (2.56)

This simple modification led to significant improvement in unmixing perfor-

mance.

2.5.1 Proposed Supervised Models

2.5.1.1 Incoherent Dictionary Learning

In the basic robust sparse coding formulation proposed in [1] the data fidelity

terms for both learning and testing are changed from the l2-norms (2.48) and

(2.50) to l1-norms. In there it is just assumed that learnt dictionaries are dis-

tinct enough to disaggregate the appliances. However, the previous naive for-

mulation does not have any in-built mechanism to learn dictionaries that look

separate from each appliance. We address this shortcoming in the supervised
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formulation.

min
Di,Zi

‖Xi −DiZi‖1 + λ‖Zi‖1 + λ2‖DT
icDi‖2F , (2.57)

The first term is employs the l1-norm data fidelity for robustness. The sec-

ond term is for usual sparse coding. In the third term DT
ic consists of all the

dictionaries not including Di. The third term is the penalty for coherence - we

want to minimize the coherence; i.e. we want to make the dictionaries look as

dissimilar as possible for each appliance. Such an incoherence term has been

used previously in [78] for face recognition problems.

We follow the Split Bregman technique [79] is used here; this is in turn

based on the proximal splitting approach [80]. We introduce a proxy variable,

Pi = Xi − DiZi and a corresponding Bregman relaxation variable Bi. This

leads to the following formulation:

min
Pi,Di,Zi

‖Pi‖1 + λ‖Zi‖1 + µ‖Pi − (Xi −DiZi) (2.58)

−Bi‖2F + λ2‖DT
icDi‖F2

,

One can use alternating direction method of multipliers (ADMM) [81, 82]

to update each of the variables separately. This leads to the following sub-
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problems for the expression above.

P1 : min
Pi

‖Pi‖1 + µ‖Pi − (Xi −DiZi)−Bi‖2F , (2.59)

P2 : min
Di

µ‖Pi − (Xi −DiZi)−Bi‖2F + λ2‖DT
icDi‖2F , (2.60)

P3 : min
Zi

+λ‖Zi‖1 + µ‖Pi − (Xi −DiZi)−Bi‖2F , (2.61)

P1 is a simple denoising problem; it has a closed form solution in the form of

soft thresholding [83]. P3 is an l1-norm minimization problem. It can be solved

using iterative soft-thresholding [84]. Updating the dictionary is seemingly dif-

ficult. Here we minimize the coherence between the dictionary Di (the one we

are currently updating) against the dictionaries from all other classes obtained in

the previous iteration. With this approximation, DT
ic becomes a constant. Thus

solving P2 becomes easy - it is just a ridge regression.

2.5.1.2 Disaggregating Dictionary Learning

In the previous formulation, we make the dictionaries look different from each

other (incoherent), but it does not guarantee that the disaggregation results will

be good - that is what is of more importance to us. In order to ensure that, we

will add a term to the basic dictionary learning framework that will promote

smaller disaggregation error.

min
Di,Zi

‖Xi −DiZi‖1 + λ1‖Zi‖1 − λ2‖Xic −DiZic‖2F , (2.62)
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The disaggregation penalty (final term) says that the learnt dictionary should be

such that the dictionary for the ith appliance does not synthesize data for classes

other than i. Here Zic consists of all the coefficients not including ith appliance

and Xic contains all the samples not including the ith appliance. Notice the

negative sign, it means that we want to maximize the term so that disaggregation

error is minimized.

This problem (2.62) is solved using the Split Bregman approach. As before,

we introduce a proxy variable, Pi = Xi −DiZi and a corresponding Bregman

relaxation variable Bi. This leads to the following formulation:

min
Pi,Di,Zi

‖Pi‖1 + λ‖Zi‖1 + µ‖Pi − (Xi −DiZi)−Bi‖2F (2.63)

−λ2‖Xic −DiZic‖2F ,

Ideally we need to update both the dictionary as well as the coefficients based

on the disaggregation penalty; but here we are more interested in the dictionary

so we only use the penalty to update Di assuming Zic to be a constant. While

learning the coefficients, we do not consider the disaggregation penalty (mainly

because the coefficients are not useful after the dictionaries are learnt for the ac-

tual disaggregation problem). This small change, makes the algorithm simpler.

Via alternating direction method of multipliers, we separate the expression
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above into the following (simpler) sub-problems:

P1 : min
Pi

‖Pi‖1 + µ‖Pi − (Xi −DiZi)−Bi‖2F , (2.64)

P2 : min
Di

µ‖Pi − (Xi −DiZi)−Bi‖2F + λ2‖Xic −DiZic‖2F , (2.65)

P3 : min
Zi

+λ‖Zi‖1 + µ‖Pi − (Xi −DiZi)−Bi‖2F , (2.66)

From the previous sub-section we have already learnt how to solve P1 and

P3. Solving P2 is also straight-forward; it is just a least squares minimization

problem having an analytical solution.

2.5.1.3 Disaggregation

So far we have discussed the various dictionary learning techniques. Once we

learn the dictionaries we use it for disaggregation. Prior works assumed a linear

mixing model, i.e. the total power consumed by all appliances (as read by the

meter) is a sum of the individual power consumptions, i.e.

X =
∑
i

Xi (2.67)

However, we argued that the simple linear mixing model is not always cor-

rect. In such a scenario we allow for sparse non-linear perturbations (E). Fol-

lowing this, instead of (2.67) we model total energy consumption as:

X =
∑
i

Xi + E (2.68)

64



As in [3, 4] the individual appliances are modeled as: Xi = DiZi .Therefore

(2.68) can be expressed as follows,

X =
∑
i

DiZi + E (2.69)

The dictionaries have been learnt before. The only task is to estimate the

loading coefficients. This is achieved by minimizing the least absolute devia-

tions.

min
Zi

wwwwwX −
[
D1| . . . |DN

]
Z1

...

ZN


wwwww

1

+ λ
∑
i

‖Z‖1, (2.70)

This is efficiently solved using YALL1 algorithm [72].

2.5.2 Experimental Results

2.5.2.1 REDD Dataset

We evaluate the proposed energy disaggregation framework on the real-world

REDD dataset [19], a large publicly available dataset for energy disaggregation.

The details of this dataset has been given in section 1.3. This evaluation protocol

has been outlined in [32] and [33].
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The disaggregation accuracy is defined as follows [19] -

Acc = 1−

∑
t

∑
i

|ŷti − yit|

2
∑
t
ȳt

(2.71)

where t denotes time instant and n denotes a device; the 2 factor in the denom-

inator is to discount the fact that the absolute value will “double count” errors.

Here yt denotes the actual (measured) power, ŷt the estimated power and ȳt the

mean of the actual.

The performance of the proposed method is compared with the Factorial

HMM (FHMM) based technique [19], the Powerlet based Energy Disaggrega-

tion (PED) [33], the discriminative sparse coding (DiscSC) method outlined in

[32], and robust sparse coding (RSC) proposed in [1]. As outlined in [19], there

are two modes of testing. In the ‘Training’ mode, a portion of the data from ev-

ery household is used as training samples and rest (from the same households)

is used for prediction. In the ‘Testing’ mode, the data from four households are

used for training and the remaining one is used for prediction; this is a more

challenging problem.

The methods are dubbed incoherent dictionary learning (IDL) and disaggre-

gating dictionary learning (DDL). For both the methods the parameters λ1 and

λ2 need to be tuned. The value of λ1 has been fixed at 0.1. The value of λ2

has been fixed at 0.25 for IDL and 0.2 for DDL. These values were tuned by

greedy L-curve method. The value of the hyper-parameter µ in both cases is

fixed to 0.1; we found that the algorithm is robust to the value of µ and it does
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Table 2.3: Comparative results on REDD

House Training Mode Testing Mode
FHMM DiscSC RSC PED IDL DDL FHMM DiscSC RSC PED IDL DDL

1 71.5 81.6 75.8 74.5 75.9 85.5 46.6 46.0 44.2 43.8 45.0 50.2
2 59.6 79.0 69.7 70.2 72.1 82.1 50.8 49.2 48.7 48.5 50.6 53.4
3 59.6 61.8 61.9 62.4 64.4 69.2 33.3 31.7 30.1 31.0 32.1 38.9
4 69.0 58.5 67.5 66.9 67.2 71.9 52.0 50.9 46.3 48.2 49.6 56.8
6 62.9 79.1 69.9 63.4 66.0 81.3 55.7 54.5 50.4 51.6 52.1 59.0
Total 64.5 72.0 66.4 67.5 68.9 78.0 47.7 46.5 43.9 44.6 45.9 51.7

not require much tuning.

• FHMM is a relatively old technique and yields the worst results. Amongst

all the prior techniques PED yields the best results.

• We find that just by modeling for non-linearities in the basic RSC, results

improve over sophisticated approaches like PED and DiscSC which does

not consider such perturbations.

• There is only slight improvement from the basic robust dictionary learning

and the incoherent dictionary learning. This is because the incoherent dic-

tionaries only look different from each other, but they produce almost the

same features.

• The proposed robust dictionary learning technique with disaggregation penalty

yields the best results. It is considerably superior even compared to the re-

cently proposed powerlet energy disaggregation (PED) as can be seen in

Table 2.3
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Figure 2.1: Comparative results on Dataport
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Figure 2.2: Comparative results on Dataport

69



2.5.2.2 Dataport

We conduct this experiment on a subset of Dataport dataset [85] available in

NILMTK (non-intrusive load monitoring toolkit) format. The details of this

dataset are given in section 1.3.

To prepare training and testing data, aggregated and sub-metered data are

averaged over a time period of 10 minutes. This is the usual protocol to carry out

experiments on the Pecan street dataset. Each training sample contains power

consumed by a particular device in one day while each testing sample contains

total power consumed in one day in particular house.

The same metric as before (disaggregation accuracy) has been used to com-

pare the different techniques. The results are shown in the following table.

In the previous set of experiments on REDD, we have seen that FHMM and

DiscSC always yields considerably worse results than the others. Therefore we

do not show these results here.

The conclusions remain the same as before. The proposed method yields the

best results.

For this dataset, the efficacy of the proposed method is checked in another

fashion. We compute the normalized error for common appliances. Lower the

error (between the measured and estimated), the better are the disaggregation

results. These values are shown in Table 2.4. One conclusively finds that the

proposed method yields the best results. In fact RSC also yields very good
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Table 2.4: Normalized error for common devices

Appliance FHMM DiscSC RSC PED IDL DDL

AC 3.16 0.90 0.70 2.52 0.89 0.80
Dryer 51.47 16.57 2.04 35.69 1.11 1.02
Dishwasher 6.48 4.23 1.25 6.08 0.66 0.62
Microwave 4.96 4.55 0.84 4.3 0.76 0.70
Furnace 0.89 0.79 0.63 0.93 0.58 0.55
Fridge 2722.8 916.53 516.3 986.3 490.56 401.78
Washer 21.80 8.75 0.93 19.62 0.59 0.55

results. This is because, all the robust techniques can account for the anomalies

which the others cannot.

2.5.3 Summary

Most prior studies in energy disaggregation assumes a linear mixing model; we

have argued that this is an oversimplification and does not hold in general. How-

ever most prior studies in this area are based on computer science researchers

who did not account for such subtle nuances of electrical engineering. The

first work on this topic [1] modelled the non-linearities as sparse perturbations

and proposed robust sparse coding / dictionary learning for disaggregation. It

showed improvement over previous approaches.

This work proposes improvements over [1]. The first one learns incoherent

dictionaries for different appliances; the second one learns a dictionary such

that the disaggregation error is minimized. The proposed method yields consid-

erably better results than benchmark disaggregation techniques.

In recent time, there has been significant progress in this front, researchers

have used deeper versions of dictionary learning [53], and analysis versions
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of dictionary learning [86]. It would be interesting to see, how the proposed

modifications improve upon the aforesaid. Recent works also show a shift in

the nature of the input signal. For example in [87, 88], instead of using power

data, one uses high frequency electro-magnetic interference for disaggregation.

We believe that this technique, with in-built capabilities for incoherence can

succeed with such signals.

72



2.6 Proposed Transform Learning for NILM

The generality of dictionary learning methods in energy disaggregation moti-

vates this work. Standard dictionary learning is a synthesis formulation. It

learns a basis so as to synthesize the data along with the learnt coefficients.

In the past decade, it has enjoyed significant amount of success in machine

learning and signal processing. This work is based on the analysis version of

dictionary learning - Transform learning [89, 90, 91].

Most NILM techniques are based on a learning based paradigm. The training

stage is intrusive. It requires instrumenting the homes at plug level for collecting

data that is later used for learning appliance specific models. These models are

later used for disaggregating during the operational phase; at this stage the plug

level sensors are removed. There are a few recent studies that do not need

actual power consumption from every device and can act on aggregate data;

they are based on the multi-label classification paradigm [34, 35, 36]. Studies

such as [49, 38, 92] proposed completely unsupervised techniques for energy

disaggregation. However, the accuracy of unsupervised techniques is generally

less than supervised methods [36].

For supervised approaches, data acquisition at the training phase is expensive

owing to the cost of buying/renting the plug level sensors - this determines the

‘cost’ of NILM. If one can reduce the training phase by reducing the period over

which data needs to be collected (for training mode disaggregation) or reduce

the number of homes from which the data needs to be collected (for testing
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mode) the cost of NILM will reduce proportionately. This will have significant

cost implications on the utilities and the consumers. More number of consumers

will benefit without increase in any data acquisition cost.

Everything else remaining the same, a transform can generalize better than

a dictionary, i.e. it has better representation capability. In other words, for a

problem of fixed complexity the size of the transform can be much smaller than

a given dictionary. Therefore, given limited volume of training data, the smaller

sized transform will be less prone to overfitting than the dictionary. This is the

major benefit of transform learning - it can learn from far less training data. This

in turn means that practical advantage mentioned in the previous paragraph will

become feasible. This motivates the proposed formulation.

2.6.0.1 Synthesis Sparse Coding

The idea of learning a basis for modelling each appliance was introduced by

[32]. It follows the typical NILM scenario. Training data is collected over time,

where the smart meter logs consumptions from every single device. This is

achieved by plug level monitors (such as jPlug). The training data is expressed

as Xi where i is the index for an appliance, the columns of Xi are the readings

over a period of time (say every hour of the day) and the rows are the days. For

each appliance they learnt a dictionary, i.e. they expressed,
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Xi = DiZi, i = 1 . . . N (2.72)

where Di represents the basis/ dictionary, Zi are the loading coefficients, as-

sumed to be sparse and N is the total number of appliances. Xi will have a

dimension of hourly sampling rate along the rows and dimension of 24 (hours)

x the number of training days along the columns. The number of dictionary

atoms (columns) for Di has to be specified by the user.

In the training phase a dictionary is learnt to model each appliance. This is

achieved by solving -

min
Di,Zi

‖Xi −DiZi‖1 + λ‖Zi‖1, i = 1 . . . N (2.73)

Since Zi’s are supposed to be loading coefficients, they are supposed to be

positive. This is assured by projecting the solution of eq.( 2.73) in every itera-

tion to the positive space.

The basic interpretation of the dictionary is that its columns act as an abstract

basis for representing an appliance. The power consumption is therefore a lin-

ear combination of these basis. To give a more concrete example, consider an

electric fan; the columns/ basis in the dictionary can be thought of as its dis-

tinct states (say 1 to 5); the coefficients then are the proportions of how long

each state had run during the time period. This is the reason for the positivity
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constraint.

This concludes the basic dictionary learning approach to NILM. In a quest

to improve the results, [32] introduced other complicated penalties; however in

practice the pay off from these penalties was nominal since the results did not

improve much over the basic formulation. This model in eq.( 2.73) does not

account for the time varying nature of the appliances. This was accounted for in

[33] where they introduced an auto-regressive model on the dictionary atoms.

So far we discussed about the training stage. The test/ operational stage

remains the same for all methods. Let X denote the total power from N appli-

ances (the columns indicate smart meter readings over the same period of time

as in training). This is expressed as:

X =
N∑
i=1

Xi =
N∑
i=1

DiZi (2.74)

Given the additive model, one can estimate the loading coefficients for each

appliance by solving the following sparse recovery problem,

min
Zi

wwwwwX −
[
D1 . . . DN

]
Z1

. . .

ZN
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wwwww

1

+ λ

wwwww
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Z1

. . .

ZN


wwwww

1

, (2.75)

The interpretation here is that, given the basis for each device, one needs to

estimate the corresponding loading coefficients.

As before, positivity constraints are enforced on the loading coefficients es-
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timated from eq.( 2.75). The formulation for disaggregation ( 2.75) is convex.

From the estimated loading coefficients the device level power consumption can

be computed.

X̂i = DiZi, i = 1 . . . N (2.76)

In a very recent work [53], a deep version of sparse coding has been proposed.

In there, multiple layers of dictionaries are learnt for each appliance; the rest of

the mechanism remains the same. This is by far the state-of-the-art for standard

supervised evaluation protocols.

In a recent work [86], a co-sparse analysis formulation has been proposed.

Co-sparsity means that the signal is sparse under analysis. The main difference

from the sparse coding/ dictionary learning formulation is that, [86] learns a

co-sparsity promoting dictionary. This is given by -

min
Di,X̂i

‖Xi − X̂i‖2F + λ‖DiX̂i‖1, (2.77)

Here co-sparsity is accounted for by the ‖DiX̂i‖1 term. A device specific

analysis basis is learnt such that the clean version of the data (X̂i) is co-sparse.

The major motivation for moving from the synthesis to the analysis paradigm

is to reduce the problem of over-fitting in limited data regimes. This will be

explained in detail later.
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Figure 2.3: (a) Dictionary Learning; (b) Transform Learning

2.6.0.2 Transform Learning

Dictionary learning is a synthesis formulation (Fig. 2.3a), it synthesizes/gen-

erates the data (X) from the linear combination of atoms (D) and learnt co-

efficients (Z). It has been used profusely for analysis [86, 93] and synthesis

problems [94]. Transform learning is the analysis equivalent (Fig. 2.3b). It

learns a transform (T ) so that it operates/analyses the data (X) to generate the

coefficients (Z).

Unlike dictionary learning/ sparse coding, transform learning is relatively

new. For the interested reader, we request to peruse [89, 90]. We will discuss the

formulation briefly for the sake of completeness. Transform learning analyses

the data by learning a transform/ basis to produce coefficients. Mathematically
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this is expressed as,

TX = Z (2.78)

Here T is the transform,X is the data and Z is the corresponding coefficients.

The data matrix X consists of the features along the rows and samples along the

columns. The number of transform atoms are determined by the user; this also

defines the coefficient matrix Z.

The following transform learning formulation was proposed in [89] and [90]

-

min
T,Z
‖TX − Z‖2F + λ(‖T‖2F − log detT ) + µ‖Z‖1, (2.79)

The factor - log detT imposes a full rank on the learned transform; this pre-

vents the degenerate solution (T = 0, Z = 0). The additional penalty is to

balance scale; without this log detT can keep on increasing producing degener-

ate results in the other extreme.

An alternating direction approach was proposed to solve (2.79). This is given

by -

Z ← min
Z
‖TX − Z‖2F + µ‖Z‖1, (2.80)

T ← min
Z
‖TX − Z‖2F + λ(ε‖T‖2F − log detT ), (2.81)

Updating the coefficients in (2.80) is straightforward. It can be updated via
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one step of soft thresholding. This is expressed as,

Z ← signum(TX)
⊙

max(0, abs(TX)− µ), (2.82)

Here
⊙

indicates element-wise product.

In the initial paper on transform learning [32], a non-linear conjugate gradi-

ent based technique was proposed to solve the transform update. In the more

refined version [33] with some linear algebraic tricks they were able to show

that a closed form update exists for the transform.

XXT + λεI = LLT , (2.83)

L−1XZT = USV T (SV D), (2.84)

T = 0.5V (S + (S2 + 2λI)1/2)UTL−1 (2.85)

The first step is to compute the Cholesky decomposition; the decomposition

exists since XXT + λεI is symmetric positive definite. The next step is to com-

pute the full SVD. The final step is the update step. The proof for convergence

of such an update algorithm can be found in [91].

There are only a handful of papers on this topic. Theoretical aspects of trans-

form learning are discussed in the aforesaid papers on transform learning. So

far it has limited visibility outside the signal processing community. The only

application of transform learning in machine learning has been by [95] and
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[96] where the same formulation has been dubbed as ‘analysis sparse coding’.

There it was used for simple unsupervised feature extraction. A later study [94]

proposed a discriminative version for supervised feature extraction. In signal

processing, it is mainly used for solving inverse problems [97, 98, 99].

2.6.1 Proposed Approach

Today dictionary learning is a popular representation learning tool. Standard

dictionary learning is a synthesis approach. However, recent studies in analy-

sis dictionary learning (such as [86]) empirically show improvement over its

traditional synthesis counterpart; especially in limited data regimes. Analysis

dictionary learning/transform learning is less prone to overfitting [86], [96], and

[100], i.e. can learn from fewer samples.

In disaggregation, datasets such as REDD (testing mode) define 4:1 splits

for training and testing [19]. These are impractical training scenarios. In most

practical cases, it is not possible to instrument so many houses with sensors -

the situation is exactly the opposite. One needs to disaggregate/ test on a large

number of houses by learning from far fewer labeled (instrumented) households.

For the training mode (where the data from the same house if used for training),

one needs to ensure that the number of training days is minimized. This would

directly benefit the utilities and consumers. It would enable the utilities to in-

strument more houses (for collecting training data) and thus bring the benefits

of disaggregation to more consumers. In such data scarce scenarios, it is likely

that, analysis transform learning, with its capacity to learn from fewer samples
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will yield better generalizability on unseen (test) cases than the corresponding

synthesis dictionary learning technique.

2.6.1.1 Training

The methodology/ protocol is exactly the same as in dictionary learning [32].

As before, given the training data for each device, we learn a device specific

transform. Assuming Xi is the training data for the ith device, this is expressed

as,

TiXi = Zi (2.86)

The straightforward way to solve this problem is to learn one transform for

each device in a naive fashion. Here Xi has the same meaning as (2.72).

min
Ti,Zi

∑
i

‖TiXi − Zi‖2F + λ(‖Ti‖2F − log detTi) + µ‖Zi‖1, (2.87)

For disaggregation we would expect that the transforms are discriminative,

i.e. the transform for the ith appliance should only produce sparse codes for the

ith appliance but not represent any other appliances; i.e. should not generate

sparse codes for other appliance. This means that TiXic (the superscript ‘c’ on

‘i’ indicates complimentary set of appliances) should not be sparse - they should

be dense and small.
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The basic formulation (2.87) does not enable this. Therefore we need to

modify (2.87). We achieve this by adding the additional term (for each i)

‖TiXic‖2F ; the Frobenius norm would ensure that the coefficients obtained from

TiXic should be dense and very small (approximately Normal distribution).

Incorporating these terms into (2.87) leads to,

min
Ti,Zi

∑
i

‖TiXi − Zi‖2F + λ(‖Ti‖2F − log detTi) (2.88)

+µ‖Zi‖1 + γ‖TiXic‖2F ,

We follow the same alternating minimization approach as proposed by [89]

and [90]. The formulation can be decoupled for each device. Alternating mini-

mization leads to,

min
Ti

∑
i

‖TiXi − Zi‖2F + λ(‖Ti‖2F − log detTi) + γ‖TiXic‖2F , (2.89)

min
Zi

∑
i

‖TiXi − Zi‖2F + µ‖Zi‖1, (2.90)

The sparse coding step (2.90) remains exactly the same as before (2.80).

Hence can be solved using (2.82).

For the transform update, we can express (2.89) as,

min
Ti
‖Ti[Xi|

√
γXic]− [Zi|0]‖2F + λ(‖Ti‖2F − log detTi), (2.91)
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The [·|·] means that the matrices are stacked horizontally. This brings the

transform update to the same form as (2.90). Hence we can use the same tech-

nique as (2.83).

In a succinct fashion, the entire training algorithm can be expressed as in

Algorithm 1.

Algorithm 1: Transform Learning for Load Disaggregation
Require: Xi

Initialize: Xi = USV T ;Zi = SV T

Until convergence run

[Xi|
√
γXic ]

[
XT
i√

γ(Xic))
T

]
+ λεI = LLT

L−1[Xi|
√
γXic ]

[
ZTi
0

]
= USV T

Ti = 0.5V (S + (S2 + 2λI)1/2)UTL−1

Zi ← signum (TiXi) ·max(0, abs(TiXi)− µ)

Note that even though both the proposed formulation and [86] are based

on the analysis paradigm, they are completely different. In [86] an analysis

basis is learnt so as to ‘clean’ the data; it does not learn any representation.

In the proposed formulation, we learn an analysis transform to generate the

coefficients.

2.6.1.2 Testing

During testing, the transform based disaggregation is not as straightforward as

the dictionary learning based formulation; it needs further analysis. We start

with the standard model that the total power is the sum of the power consumed

84



by the individual devices. This is expressed as,

Xi =
∑
i

Xi (2.92)

Applying the learnt transform leads to -
T1

. . .

TN

 (X1 +X2 + ...+XN) (2.93)

=


T1(X1 +X2 + ...+XN)

. . .

TN(X1 +X2 + ...+XN)

 (2.94)

=


T1X1

. . .

TNXN

+


T1(X2 + ..+XN)

. . .

TN(X2 + ..+XN)

 (2.95)

The terms TiXc
i ’s will be close to zero or negligibly small - this follows from

the training formulation. We have learnt the transforms in such a manner that

the transforms for one device when applied on the data for another, will produce

almost zero valued coefficients. This allows representing 2.95,
T1X1

. . .

TNXN

+


ε1

. . .

ε2

 (2.96)

Here T1(X2 + ..+XN) = ε1, T2(X2 + ..+XN) = ε2 and so on. The error terms
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εi’s are small (approximately Normal distribution). In a concise fashion, from

(2.92), (2.95) and (2.96) we have the following expression


T1

. . .

TN

X =


T1X1

. . .

TNXN

+


ε1

. . .

ε2

 =


Z1

. . .

ZN

+


ε1

. . .

ε2

 (2.97)

where TiXi = Zi as per the definition of the transform.

The transforms for each device have already been learnt during the training

phase. Therefore one can solve for the coefficients from (2.97) by sparse coding.

min
Zi

wwwww
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(2.98)

The l2-norm on the data-fidelity arises from the fact that the errors εi’s are

Normally distributed (by definition from the training phase). Solving (2.98)

is straightforward. It requires one step of soft-thresholding, similar to (2.82).

Once the sparse codes are obtained, one needs to solve the following set of

inverse problems to generate the corresponding power consumptions for each

device.
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TiXi = Zi (2.99)

This has an analytic solution - Moore Penrose pseudo-inverse.

Xi = (T Ti Ti)
−1T Ti Zi (2.100)

Notice that even though the analysis of the Transform based testing algo-

rithm is slightly more involved than the dictionary counterpart; operationally/

computationally it is much simpler and efficient. Both (2.98) and (2.100) have

closed form solutions. For (2.98) one only requires a simple thresholding step;

for (2.100) one needs a matrix vector product (the pseudoinverses for the Ti’s

can be pre-computed). Thus, operationally it is very fast - capable of real-time

disaggregation.

2.6.2 Results

The proposed algorithm is tested on benchmark datasets. For the sake of repro-

ducibility we experimented on two publicly available ones - REDD and Pecan

Street.

In principle, we could have applied this technique on any kind of electrical

signal. However, in practice, smart meter readings are more practical. Hence,

we stick to the traditional datasets.

87



2.6.2.1 REDD Dataset

The disaggregation accuracy is defined as follows [19] -

Acc = 1−

∑
t

∑
i

|ŷti − yit|

2
∑
t
ȳt

(2.101)

where t denotes time instant and n denotes a device; the 2 factor in the denom-

inator is to discount the fact that the absolute value will “double count” errors.

Here yt denotes the actual (measured) power, ŷt the estimated power and ȳt the

mean of the actual.

We benchmark the proposed technique against - the Factorial HMM (FHMM)

[18], Powerlet based Energy Disaggregation (PED) [33], discriminating sparse

coding (discSC) [32] and deep sparse coding (DSC) [53]; on the standard train-

ing protocols (with enough training data) DSC is the most accurate disaggregat-

ing technique known.

Note that in this work, we do not compare with multilabel classification tech-

niques. The reason has been discussed at the onset. These methods can only

estimate the state of the appliance and cannot estimate its consumption directly.

Power consumption can be indirectly estimated but that gives a very crude value,

which is worse than simple disaggregation techniques like FHMM.

There are two protocols for evaluation [19]. In the first one (called ‘training),

a portion of the data from every household is used as training samples and rest

(from those households) is used for prediction - this is the easier protocol. In
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Figure 2.4: REDD training mode disaggregation results. Y-axis shows the disaggregation accuracy.

the second mode, the data from some households are used for training and the

remaining ones are used for prediction (called ‘testing’).

Usually the split between training and testing is 4:1. This is an overtly op-

timistic scenario. In real life situations, the training data will always be small

compared to the testing data. In this work, we will show that for smaller vol-

umes of training data (practical situation), the proposed method yields better

results than all other techniques.

We first show results for the training mode. The results are shown in Fig. 2.4.

We are showing the mean disaggregation accuracy over all houses. In the graph,
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Figure 2.5: REDD testing mode disaggregation results. Y-axis shows the disaggregation accuracy.

the X-axis shows the percentage of data (from each house) used for training; the

Y-axis the corresponding aggregate (over all houses) disaggregation accuracy on

the remaining portion (of each house). Since this is a small dataset, in order to

make the results reproducible we have always taken the portion of training data

starting from the beginning.

The parameter setting for the benchmarking techniques have been taken from

the respective studies. Even though, the training and testing ratios differ be-

tween the aforesaid work and ours, the configurations will remain the same.

This is because the configuration, for example the number of states of FHMM

or the number of basis used for discSC, PED or DSC are representatives of the

complexity of the device and not the volume of training data available. Since
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the devices remain the same, the configurations remain the same as well.

For FHMM, we use the function from NILMTK1; it is available there with

pre-tuned parameters for these datasets. For discSC, we need to specify the

sparsity promoting parameter (which is 2), the discriminative parameter (which

is 0.001) and the number of atoms (twice redundant). For DSC, we use the

sparsity promoting parametric value of 0.1 and the number of dictionary atoms

are reduced by half in each subsequent layer. For PED, sparsity promoting

prior and the co-occurrence parameters were both set to unity and the temporal

smoothness parameter is 30. As mentioned before, all these values are obtained

from the corresponding papers.

For the proposed method, we have used 6 transform basis for each device;

this is not a true representative of the complexity, e.g. a laptop or washing

machine is more complex than a CFL or stove, and hence would require more

basis - but such device specific fine tuning is time consuming. The parametric

values used for transform learning have been tuned using the greedy L-curve

method [76]. Here we first put µ to zero and tune λ; we obtain λ = 0.1 by the

L-curve method. Then we fix the value of λ and tune µ to get a value µ = 0.5.

In Fig. 2.4a we show how different methods perform with change in training

volume; the results are grouped by the disaggregation technique. In Fig. 2.4b

we show the same results in a different fashion; we see how different methods

perform for a fixed training volume.

Especially from Fig. 2.4a, we find that the proposed method is the most ro-
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bust. There is only a small drop in disaggregation accuracy across the various

proportions of training data; the drop is around 7%. All other dictionary learn-

ing/sparse coding based methods drop more than 12%.

In [53] it has been claimed that deep sparse coding yields the best results; but

we can see here that for limited training volume volume it performs bad. This is

true for deep learning in general; they only yield good results when the volume

of training data is large.

The next set of experiments are in testing mode.We choose k houses; for

each k, there are 5Ck possible combinations of training houses. We carry out

experiments on all of them and test on the remaining houses for each training

set. The results are shown in Fig. 2.5. The average disaggregation accuracy is

reported. As before we have shown the same result in two different ways. In

Fig. 2.5a the variation within a technique for changing training volume (number

of houses) is shown, and in Fig. 2.5b, the variation among the methods for a

fixed training volume is shown.

One finds that the testing mode results show a similar trend; especially from

Fig. 2.5a. As the number of houses (training data) decreases, the disaggregation

accuracy suffers as well. But the proposed method suffers the least drop in

accuracy (less than 3% drop); all other methods show significant drops. FHMM

and discSC drops by 12%, PED and DSC drops more than 15%. When the

volume of training data is high, DSC yields better results than ours. But as the

training volume decreases (practical scenario), we perform better.
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Figure 2.6: Dataport testing mode disaggregation results. Y-axis shows the disaggregation accuracy.

2.6.2.2 Dataport Pecan Street Dataset

The Dataport dataset is available in NILMTK (non-intrusive load monitoring

toolkit) [20] format.

On this dataset, the usual protocol is to test on the ‘testing’ mode. Usually

about 66% of the homes form the training dataset and the remaining 34% of the

homes form the test set [20]. In this work, we train on fewer homes and test

on the remaining; this is a more practical scenario. For each proportion of the

training set, the homes are chosen randomly. This is done 100 times for each
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configuration. For each such configuration, the remaining homes are used for

testing. The mean disaggregation accuracy from various techniques is shown in

Fig. 2.5.

As we did before for REDD, the training and testing data are prepared by

aggregating the data for a period of 10 minutes. This reflects real life scenario

and is the usual protocol on this dataset.

As in the previous sub-section, the configuration for the benchmarking tech-

niques have been taken from the respective papers; the same parametric values

mentioned before have been used. The configuration for the proposed algorithm

and parametric values also remain the same.

In Fig. 2.6a we show the variation of disaggregation accuracy within a tech-

nique for changing proportions of training data. In Fig. 2.6b, the same results

are shown in a different fashion; it shows the variation in accuracy among the

methods given the training volume.

The results show a similar to that of REDD. As can be seen from Fig. 2.6a.

For high volume of training data, deep sparse coding (DSC) yields very good

results. But when the training volume decreases, the accuracy falls significantly;

the drop in disaggregation accuracy is more than 15%. For FHMM and PED the

drop in accuracy is around 13% and for discriminative sparse coding it is around

15%. For the proposed method, the drop is only 7%.

For this dataset, we show the normalized absolute error (defined below) on

some common devices (indexed as i) in Table 2.5; the results are shown for two
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Table 2.5: Normalized error for common devices at 40% and 5% training volumes

Appliance FHMM discSC PED DSC Proposed

40% 5% 40% 5% 40% 5% 40% 5% 40% 5%
AC 3.16 10.21 0.70 2.41 2.52 4.17 0.89 3.11 0.92 1.11
Dryer 51.47 87.03 2.04 9.12 35.69 41.12 1.11 6.20 1.24 1.57
Dishwasher 6.48 12.11 1.25 9.70 6.08 14.89 0.66 3.97 0.76 2.24
Microwave 4.96 10.72 0.84 2.17 4.34 9.48 0.76 1.26 0.75 2.15
Furnace 0.89 2.31 0.63 1.29 0.93 2.05 0.58 1.04 0.61 1.16
Fridge 2722.82 2900.51 516.31 847.56 986.30 1182.41 460.56 774.61 467.78 514.08
Washer 21.80 27.63 0.93 1.97 19.62 28.17 0.59 2.19 0.62 1.76

training volumes - 40% and 5%.

Err(i) =

∑
t

∑
(i)

|x̂t(i) − x(i)t |∑
t
x
(i)
t

(2.102)

The error metric normalizes the sum of the absolute differences between the

predicted and actual power consumptions of the ith device, summed over all

instances of time.

One can see that as the training volume is reduced, the error increases sharply

for all the methods compared against; apart from the refrigerator and the washer,

the errors for the other devices increase by two fold. The proposed method is

the least perturbed by the extreme change in training volume. In the low training

sample regime, the proposed method yields the best results.

This has implications in cost; the training phase of energy disaggregation

is intrusive; the appliances need to be sensed separately. Such sensors (such as
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jPlug) are expensive. By the proposed method it will be possible to get the same

disaggregation results with far lesser cost (fewer houses need to be instrumented

for training mode and in testing mode fewer number of training days).

2.6.2.3 Comparison of run-time

Consider the computational complexity of testing during sparse coding (and

its variants). The expression is given in (2.98), repeated here for the sake of

convenience.

min
Zi

wwwwwX −
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]
Z1

. . .

ZN
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
wwwww

1

, (2.103)

This is an l1-norm minimization problem. This needs to be solved itera-

tively and the usual complexity being a perturbed linear programming problem

is O(n3). The same time complexity applies for other discSC, PED and DSC.

The proposed method on the other hand requires solving (2.98) and (2.100),

repeated here for the sake of convenience.

TiXi = Zi (2.104)

Xi = (T Ti Ti)
−1T Ti Zi (2.105)

Both of them are simple matrix products (the pseudo-inverse can be pre-
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computed since it only depends on the transform learnt during the training

stage). The complexity of this is O(n2) - in optimization it is usually not pos-

sible to solve a problem any more efficiently. Thus, in theory the proposed

method is significantly faster than the sparse coding based techniques.

In terms of computational complexity during training, we need to solve two

problems iteratively - (2.89) and (2.90). The cost of solving the sparse coding

problem is O(n2). The cost of solving the transform update is O(n3) since it

is dominated by the singular value decomposition. This cost is at par with the

cost of dictionary learning. In there the complexity of updating the dictionary

is O(n2) since it has a closed form update via the pseudoinverse. The cost of

updating the sparse codes is O(n3) since it needs to be solved iteratively via

l1-minimization. The variants discSC and PED have the same complexity. The

cost for solving the DSC problem (during training) increases linearly in the

number of layers.

The experiments have been carried out on a desktop PC running 64 bit Win-

dows 10. It has an i7 CPU clocked at 3.1 GHz. The RAM size is 16 GB.

The testing and training run-times are shown in Tables 2.6 and 2.7, respectively.

These results are shown for the usual protocols, i.e. 4:1 testing mode for REDD

and 3:1 for Pecan Street.

The results corroborate the theory. Note that discSC is slightly slower than

DSC because the overall dictionary size (after training) for deep sparse coding

is smaller than that of discriminative sparse coding. The proposed method is
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Table 2.6: Testing times in seconds

Method REDD Pecan Street
FHMM 3.1 50.3
DiscSC 3.5 125.6
PED 4.2 198.4
DSC 2.8 100.9
Proposed 0.1 4.7

Table 2.7: Training times in seconds

Method REDD Pecan Street
FHMM 39.7 30.2
DiscSC 25.1 14.8
PED 29.6 17.7
DSC 43.9 25.3
Proposed 20.4 12.6

about an order of magnitude faster than sparse coding based methods; this is ex-

pected from theory. In terms of training times, we see that the proposed method

is comparable to other techniques. Is it slightly faster than the synthesis sparse

coding techniques (although they have the same computational complexity) be-

cause it converges faster.

2.6.3 Summary

This paper proposes a new energy disaggregation/NILM technique. The for-

mulation is based on the transform (analysis equivalent of dictionary) learning

formulation. The main advantage of the analysis formulation (as opposed to the

synthesis sparse coding/dictionary learning) is that it has been seen to be less

prone to overfitting and hence can learn from fewer samples. We tested this
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capability experimentally in this paper; it has been seen that when the training

volume is limited (practical scenarios), the proposed method outperforms the

state-of-the-art. With only 20% training data, it can supersede results from stan-

dard approaches like FHMM (trained on 60% training data) and state-of-the-art

approaches like deep sparse coding (trained on 80% training data).

This has implications on cost. The proposed technique can potentially reduce

cost of instrumentation during the training phase. This allows the utilities to

bring more customers under the umbrella of NILM. The other additional advan-

tage of analysis transform learning is operational speed. Since we are working

on 10 min interval meter readings, this may not be of much importance right

now - all techniques can disaggregate in this large time interval but for faster

sampling, the operational speed would become important. In such a scenario,

this method would excel over others.

The proposed method excels over others at low training volumes. The ad-

vantages have been clearly pointed out. However, in cases where the training

data is large, it loses out to deep techniques. This is seen across all domains

of applied machine learning. We believe the only way to improve results for

larger volumes is to propose a deeper architecture based on transform learning

formulation. Some initial work on this topic has been done [101].
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Chapter 3

Load Forecasting

3.1 Introduction

In today’s scenario, energy demand forecasting has become one of the leading

sector of research. There is a great need to accurately forecast the load and

energy requirements for the better management of the utility companies. Short-

Term Load Forecasting (STLF) in particular has become more important since

the rise of the competitive energy market.

A poor prediction can lead to under or over estimation of load thereby result-

ing in higher operating costs. Thus an accurate load forecast method can reduce

the operating costs, keep power markets efficient, boost customer satisfaction,

achieve energy savings and increase revenue. Load forecasting is also required

for budget planning, maintenance scheduling and fuel management. Having

said that, an accurate forecast is difficult due to the following reasons; 1) the

electric load time series is highly complex and nonlinear, 2) several external
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factors that can have significant impact on the daily load curve [102].

In the deregulated economy, market participants use load forecasting to man-

age their cost and strategies. Load forecasting can be divided into three cate-

gories: short-term load forecasts (STLF) which is usually from one hour to one

week, medium-term forecasts which is from one week to one year and long-term

forecasts which is more than a year. The forecasts for different time horizons are

significant for different operations in the utility company. Long-term forecasts

are needed for capacity planning and maintenance scheduling, medium-term de-

mand forecasts are required for power system operation and planning and the

short-term predictions are used for control and scheduling of power. Short-term

forecasts are also required by transmission companies when a self-dispatching

market is in operation.

Several utility companies have adopted methods for forecasting the power

load. In these methods, models are formulated based on the relationship be-

tween load power and factors influencing load power [103]. The factors that

affect the system load behavior can be categorized as:

• Weather: This is the most crucial factor in the changing load behavior of

the system. It includes temperature, humidity, precipitation, wind speed,

etc. The change in these factors directly leads to the change in the us-

age patterns of the appliances such as air conditioners, heaters, coolers,

etc. The intraday temperatures have significant impact on the load patterns,

hence they are selected as the independent variables in the forecasting. An-
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other factor that majorly affects the load trend is humidity. For instance,

people in the environment of 35 ◦C with relative humidity 70% will feel

much hotter than being in the environment of 37 ◦C with relative humidity

50%.

• Time: Time factor influences load at different periods of the day, holidays,

weekdays/ weekends and seasons of the year. The load variation with time

can reflect the lifestyle of the people, that is their work schedule, sleeping

pattern, leisure time, etc.

• Economy: In the deregulated market, economy factors such as price of

electricity, load management policy have a significant impact on the system

load growth/ decline trend. especially in a deregulated market

• Random disturbances: The start-up and shutdown of the large loads such as

steel mill, wind tunnels will lead to an impulse in the load curve. The other

anomalous days/ events events which are known in prior but whose effect

on load is uncertain, also fall in to the category of random disturbance.

The methods for solving load forecasting problems use either statistical tech-

niques or artificial intelligence approach [104]. A review on variants of artificial

neural network for the purpose of short-term load forecasting is done here [105].

A hybrid approach of using SVM with ANN was used by [106] to predict the

24-hour ahead load. They had used an adaptive combiner that would combine

the weighted results from both the techniques.

Very few works have been done on using nonlinear methods for performing
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short-term load forecasts. Here, the problem of applying Kalman filter to non-

linear systems is considered. It is extremely important to perform estimation

in nonlinear systems as almost all real world systems involve nonlinearities.

Such nonlinear practical systems range from target tracking to vehicle naviga-

tion, from chemical process plant control to dialysis machines [107]. Authors

of [108] found that Holt-Winters exponential smoothing method outperforms

the rest (ARMA, periodic AR modelling, method based on PCA) when applied

on 10 days of intraday electricity demand data from 10 European countries.

3.1.1 Literature Review

The importance of electrical load forecasting is well known. The issue has

gained even more significance with the advent of smartgrids, microgrids and

smart buildings. An excellent review on this topic can be found in [109]. While

the aforesaid review is of technical nature, there are other review articles on the

topic of demand response delving into the financial consequences [110, 111].

This work addresses the technical problem of forecasting demand. The financial

aspects of the problem will not be discussed; the interested reader may peruse

the aforesaid review articles.

There are different ways to classify load forecasting techniques. One way is

on the basis of the forecasting horizon. One can have three different groupings:

1. Very short-term load forecasting - from seconds or minutes to hours

2. Short term load forecasting - from hours to weeks
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3. Medium and long-term load forecasting - from months to years

Yet another way to classify forecasting techniques is based on the aim of the

forecast. One can have two classes depending on the problem:

1. Single Value (point estimate) - next hour load, next day load, next month

load etc.

2. Multiple values - load profiles such as loads for all the hours for the next

day, loads for all the week days a month from now etc.

However, the best way to classify load forecasting techniques for this work will

be based on the nature of the techniques.

1. Linear regression

2. Dynamical model

3. Non-linear regression

In the following sub-sections, each of these broad categories will be dis-

cussed. In linear (static) regression, the output (demand) is modeled as a lin-

ear combination of inputs. However, since regression is inherently static in

nature and cannot naturally handle time variation, a windowing approach needs

to be employed. To overcome this issue, recursive techniques have been devel-

oped and employed in demand forecasting. However, the basic assumption still

pegged on linearity. This was a simplifying assumption that led to elegant algo-

rithms in theory but poor results in practice. To overcome the pitfalls of linearity
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assumptions, non-linear models (mostly based on support vector machines and

neural networks) were developed.

3.1.1.1 Linear Models

In linear regression models the output is the prediction and the input exploratory

variables are usually the past load profiles over a period of time/window. Some-

times, instead of using the raw load values, their transforms are used. In general,

such models are generically expressed as,

L(t) =
∑
i

αifi(t) + η(t) (3.1)

Here L(t) is the output, ft(t) are the basis/regression variables and η is the noise

assumed to be Normally distributed.

In studies like [112, 113, 114], the basis for regression was arbitrarily de-

fined from known functions (sine/cosine/exponential). However, such arbitrary

mathematical basis was not able to capture the complexity of the process and

hence yielded very poor results.

Somewhat better results are obtained when the regression basis is the raw

data [115]. However, the raw data is noisy. These noisy inputs/exploratory

variables were not very good at predicting the load either. This problem was

addressed in [116]. Instead of using the raw values, it derived the basis using

Principal Component Analysis (PCA) - the top principal components were noise

free and optimally (in the least squared sense) captured the variability of the
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data.

One of the most recent techniques [117] is also based on the same approach

but instead of using PCA, it uses dictionary learning to derive the regression

basis. The corresponding coefficients are used in the regression framework for

prediction.

3.1.1.2 Dynamical Models

The problem with linear regression based techniques is that it cannot naturally

handle dynamical systems. This is addressed in linear dynamical models. The

general linear autoregressive moving average (ARMA) model is expressed as,

L(t) =
∑
j

α(j)L(t− j) + u(t) + η(t) (3.2)

The load L(t) at the tth instant is modeled as a linear combination of previous

loads and the input at the tth instant u(t). The input is usually the weather data.

As before η(t) denotes the model error.

Early studies on load forecasting were all based on the ARMA model [118,

119]. However, these techniques lost its applications in load forecasting at the

turn of 1990’s with the advent of neural networks. The major disadvantage

of it is that it is linear and that it is strongly based on the Gaussian process

assumption. Even though, the second shortcoming has been addressed in later

studies like [120], owing to the linearity assumption, these techniques produced

average results.
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The linear ARMA model can be expressed in the equivalent state-space form

via the Hamiltonian. The state-space representation is given by:

State Model: x(t) = A(x(t− 1)) + u(t) (3.3)

Observation Model: L(t) = B(x(t)) + η(t) (3.4)

Here A and B are two fixed matrices. The state-space model assumes that there

is a hidden variable - the state x(t) that is dynamically varying. We cannot

observe the state directly, but can observe the output, which is a linear function

of the state.

The linear state-space model can be solved efficiently using the celebrated

Kalman filter. In the late 90’s and the turn of the century several studies used

Kalman filter with a combination of other techniques for load forecasting [121,

122].

The linear state-space model and the ARMA model are equivalent. But the

state-space model can be easily extended to handle non-linearities. The state

and the observation models in such cases are expressed as,

State Model: x(t) = h(x(t− 1)) + u(t) (3.5)

Observation Model: L(t) = g(x(t)) + η(t) (3.6)

Here h(·) and g(·) are non-linear functions. Such non-linear state-space mod-

els can be efficiently solved using extended Kalman filter, Unscented Kalman

filter or other non-linear variants of Kalman filter. Several studies make use of
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such techniques in forecasting problems [123, 124, 125]. In section 3.2, the pro-

posed work uses nonlinear Kalman filtering to solve the problem of short-term

load forecasting.

3.1.1.3 Non-Linear Regression

Non-linear regression based techniques are based mostly on neural networks

and support vector machines. A typical neural network consists of an input

layer, a hidden / representation layer and an output layer. For regression prob-

lem, since the output is a single variable, there is a single node. In neural net-

work based load prediction all the variables like past loads, weather conditions

and occupancy information form the input. At the output is the actual load from

a future time point. The neural network learns the non-linear relationship be-

tween the input and the output. Such neural network based techniques were

in vogue in the 1990’s [125, 126, 127]; a review of all such techniques can be

found in a paper from 2001 [128].

In 2000’s the paradigm of support vector machine gained popularity in al-

most all machine learning tasks. Basically, it is a variant of the kernel trick used

in regression. But instead of using the kernel from the raw data as the basis, the

support vectors are used instead. Many papers since 2000 have been published

on support vector regression based load forecasting [129, 130, 131]. In recent

times, recurrent neural networks (RNN) have been used for load forecasting. It

models dynamical system by feeding back the output from the hidden / repre-

sentation layer as the input. The inputs to the RNN are usually the same as
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that of a neural network. A variant of RNN called echo state network (ESN)

has been used for this task [132] but more recent works use another variant -

the long short term memory network (LSTM) [133, 134]. ESNs take care of

the vanishing gradient problem associated with the solution of RNN via back-

propagation through time. For overview of RNN based load prediction, one can

peruse [135].

Today, the state-of-the-art techniques are based on deep neural networks.

Models like stacked autoencoders and variants of recursive neural networks are

being used for demand forecasting. In sec 3.3, an alternate model for forecasting

based on the deep dictionary learning approach [136] is proposed. It has been

used in the past for addressing problems like energy disaggregation [53, 137].

This would be the first time, it will be used for solving demand forecasting

via an in-built regression framework. The proposed work is a deeper extension

and generalization of the sparse coding based forecasting approach proposed in

[117]. In there a single layer of dictionary is learnt, the coefficients of which

acts as basis for a linear regression based forecasting framework. It improves

upon the prior work in two ways. First, deep dictionary learning is invoked,

which is a deeper non-linear extension of shallow dictionary learning used in

[117]. Second, the in-built regression is used into the deep dictionary learning

process. Such jointly learnt formulation is known to yield better results than

piecemeal approaches such as [117].

The work proposed in section 3.2 & 3.3 focuses on load forecasting at the

building level. It is an emerging application area and many recent studies are
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being published on this. Most prior studies were based on grid level forecasting;

this was a much easier problem. The fluctuations at the building level gets

smoothed out at the grid level rendering highly accurate forecasting a relatively

simple task. Each building being different, forecasting at the building level is a

challenging task.

3.1.1.4 Miscellaneous Techniques

The techniques discussed so far are generic in nature. They can be applied from

the grid level to the building level. However, for buildings, several recent pa-

pers [138, 139] proposed a more intelligent way to improve prediction accuracy.

Based on the past readings homes are clustered together. And the trends of other

similar homes are used to predict the demand.

Another technique called semi-parametric additive models are being used

for predicting loads at the national grid scale [140, 141]. These statistical tech-

niques have been successfully applied for analyzing data from France, USA and

Australia. Even though most recent studies focus on improvement on point es-

timates using learning based models, Bayesian techniques have been also used

in the past. A review on the same can be obtained from [142].Various other

techniques can be found in [109]. Even though it is a bit dated but it covers all

the conventional techniques. This review has covered all broad areas but it is

far from being encyclopedic.
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3.2 Proposed STLF using nonlinear Kalman filtering algorithms

Kalman filters give optimal estimates of parameters of interest from indirect,

inaccurate and uncertain observations. They are recursive in nature, that is they

compute the best estimate of state and covariance by updating the previous es-

timates with new measurements. The dynamics of Kalman filters is governed

by Markov process. They are widely used in forecasting applications like stock

price prediction, navigation, signal processing, etc.

In this work, nonlinear versions of standard kalman filter are used for 24-

hour-ahead load prediction of the residential houses. The nonlinear extensions

of Kalman filters are Extended Kalman filter (EKF) and Unscented Kalman

filter (UKF).

3.2.1 Mathematical Formulation of EKF & UKF

EKFs were developed for nonlinear discrete-time processes. It gives an approxi-

mation of the optimal estimate. The nonlinearities of the system’s dynamics are

approximated by the linearized version of the nonlinear system model around

the last state estimate. For this approximation to be valid, this linearization (us-

ing first order Taylor series) should be a good approximation of the nonlinear

model in all the uncertainty domain associated with the state estimate. On the

other hand, UKFs are the extension of EKFs. They address the approximation

issues of the EKFs. EKFs face difficulties from its use of linearization such

as implementation issues, difficulty with tuning, reliability issues, etc. To over-
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come these issues, unscented transformation (UT) was introduced to propagate

mean and covariance information through nonlinear transformations.

• In the extended Kalman filter, the state transition and observation models

don’t need to be linear functions of the state but may instead be differen-

tiable functions.

• System equations are given as,

State equation : xk+1 = f(xk, uk) + wk,

Output equation : yk+1 = h(xk+1) + vk.

where wk and vk are the process and observation noises which are both

assumed to be zero mean multivariate Gaussian noises with covariance Qk

and Rk respectively. uk is the control vector.

• The function f can be used to compute the predicted state from the pre-

vious estimate and similarly the function h can be used to compute the

predicted measurement from the predicted state. However, f and h cannot

be applied to the covariance directly. Instead a matrix of partial derivatives

(the Jacobian) is computed.

• At each time step, the Jacobian is evaluated with current predicted states.

These matrices can be used in the Kalman filter equations. This process

essentially linearizes the non-linear function around the current estimate.
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• The Predict equations are,

Predicted state estimate : x̂k|k−1 = f(x̂k−1|k−1,uk),

Predicted covariance estimate : P̂ k|k−1 = F k−1P k−1|k−1F
>
k−1 + Qk.

• Update equations are,

Innovation or measurement residual : ỹk = zk − h(x̂k|k−1),

Innovation (or residual) covariance : Sk = HkP k|k−1H
>
k + Rk,

Kalman gain : Kk = P k|k−1H
>
k S
−1
k ,

Updated state estimate : xk|k = x̂k|k−1 + Kkỹk,

Updated covariance estimate : P k|k = (I −KkHk)P̂ k|k−1,

where the state transition and observation matrices are defined to be the

following Jacobians,

F k−1 =
∂f

∂x

∣∣∣∣
x̂k−1|k−1,uk

,

Hk =
∂h

∂x

∣∣∣∣
x̂k|k−1

.

3.2.2 Experimental Setup

1. Dataset: The following datasets were used in our work. Further details of

these datasets can be found in Section 4.2.3.1.
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Houses Missing(%)

House 1 37.8
House 2 52.7
House 3 43.4
House 4 46.9
House 5 80.85
House 6 12

Table 3.1: Missing data in REDD

• Energy dataset: The dataset used in our work is the Reference Energy

Disaggregation Dataset (REDD) [19]. This dataset is anonymously

collected from greater Boston area in US.

• Weather dataset: The weather dataset used here is retrieved from the

weather underground website1.

2. Data Pre-processing: For the purpose of the research, the data was prepro-

cessed using the following steps:

• Missing data: This dataset contains a lot of missing data. The missing

values, (NaNs) were replaced by the previous non-NaN values. The

percentage of missing data for different houses in REDD is given in

table 3.1.

Since house 5 has lot of missing values, it is not included in our exper-

iments.

• Inconsistent data : In case of weather data, the format of the data was

inconsistent with the type of the attribute used.

• Data aggregation: Aggregation of data from both the datasets, that is

previous load values and weather data (Temperature and Wind Speed)
1https://www.wunderground.com/
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Figure 3.1: Input/Output cases of nonlinear Kalman filter

was performed at the hour-level interval using median filters.

3. Input/Output of the model: The input to the model is previous days’ load

(L), temperature (T ) and wind speed (W ). The output of the model is the

one-day-ahead load forecast.

The first experiment is to predict the 24-hours ahead load forecasting of the

residential houses using the standard linear Kalman filter. The baseline method

used is echo state network (ESN). Using both the techniques, (n+24)th hour

ahead estimate is recorded at every nth hour. The results recorded in this setup

used all three inputs; past load, temperature and wind speed data. The mean

absolute percentage error (MAPE) calculated for all the houses using linear KF

and ESN are shown in table 3.4. The second experiment is to perform 24-hour

ahead load prediction using nonlinear Kalman filtering algorithms, EKF and

UKF. In this experiment, the estimates for three different input-output cases are

recorded as shown in figure 3.1. For each hour, the results from the three cases

are noted using both the techniques (EKF & UKF). The number of iterations in

this experiment was fixed to 50.
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3.2.3 Results

The results in table 3.2 show the root mean square error (RMSE) on the 5 houses

of the REDD using Extended Kalman filter and Unscented kalman filter ap-

proach subscripted as (E) and (U) respectively. The experiment was performed

for 3 periods of the day, Morning (9-10 am), Evening (5-6 pm) and Night (10-

11 pm). Each of these session is further divided into three categories. The first

one is where historical load and temperature data is used which is represented

by the subscript letter (L) and (T ) respectively. In second type, the past load

data and the wind speed (W ) values are used and finally in the third category

only past load data is used. No weather input is taken in the third category.

• In Table 3.4, linear Kalman filter clearly performs much better than echo

state network. The performance of the Kalman filter can be attributed to the

fact that each iteration tries to minimize the mean square error and move

towards the estimate with higher certainty. In case of ESN, the recurrent

neural network is less generalized as it easily over fits the training data.

• The relative variation in the error values of KF is much lesser as compared

to ESN. This pattern can be resulted due to the sudden spikes/ surges in the

signal, making the prediction using ESN change abruptly. Figure 3.2a) and

3.2b) show the comparison of MAPE for house 2 using ESN vs. KF and

EKF vs. UKF.

• The model performs better when exogenous inputs are taken into consider-

ation during prediction. It can also be observed that between the two non-
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Figure 3.2: MAPE of house 2 using a) ESN & KF and b) EKF & UKF

Figure 3.3: a) MAPE for load only input case b) MAPE using EKF on different houses c) Different input cases on
house 3

linear techniques (EKF and UKF) used, UKF performs slightly better in

terms of accuracy. In figure 3.3a), the bar chart represents the MAPE using

EKF and UKF (only load input case) for different periods of the day. The

comparison between different houses of REDD is shown in figure 3.3b).

The resulting graph depicts the MAPE using EKF on 5 different houses.

Figure 3.3c) gives a better comparison between different input cases of the

nonlinear Kalman filter. It can be seen that using past load with tempera-

ture gives better performance. The bar chart shown for the morning and

evening period gives the performance of the UKF and EKF respectively.

3.2.4 Summary

In the dataset [19], readings were collected from the greater Boston area, there-

fore temperature and wind speed were chosen as the exogenous inputs. It can
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Table 3.2: Load forecasting results (in RMSE)

Houses
Morning Evening Night

MT MW ML ET EW EL NT NW NL

H1E 6.1 6.95 7.29 6.11 7.73 7.14 5.91 6.99 7.28
H1U 6.3 6.58 7.53 6.18 7.6 7.29 6.01 6.85 7.3
H2E 5.7 7.24 7.45 6.07 7.78 7.29 5.94 6.9 6.78
H2U 5.54 6.49 7.04 6.05 7.52 6.74 5.97 6.89 6.79
H3E 5.94 6.79 6.9 6.02 6.9 7.19 5.89 6.78 7.13
H3U 5.99 6.68 7.11 6.16 6.81 7.08 6.05 6.6 6.84
H4E 6.04 7.1 7.24 6.23 7.35 7.06 6.29 6.55 7.13
H4U 5.93 6.76 7.16 6.41 7.34 7.12 6.71 6.73 7.03
H6E 6.18 5.99 7.62 7.12 6.73 7.37 6.81 6.29 7.51
H6U 6.36 6.14 7.74 7.09 6.36 7.24 6.57 6.32 7.22

Table 3.3: House-wise 24-hours ahead load forecasting (in MAPE)

Houses ESN KF

H1 178.6 49.17
H2 39.7261 24.91
H3 144.29 26.97
H4 215.84 68.34
H6 607.96 215.79

be seen that both the inputs in conjunction with the past load make the model

perform better than otherwise. Therefore, careful selection of parameters is of

prime importance in case of short-term load forecasting. The forecasting accu-

racy is a combination of good data, good process and a good model. Also, when

linear and the nonlinear techniques were compared, then nonlinear techniques

performed better in terms of accuracy though the variance was higher.
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Table 3.4: 24-hours ahead load forecasting using ESN & KF (in MAPE)

Hours H1ESN H1KF H2ESN H2KF H3ESN H3KF H4ESN H4KF H6ESN H6KF

1 75.6 73.9 28.8 28.6 632.5 26.3 297.16 38.9 181.0 3583.1
2 106.1 74.7 3.9 31.1 518.6 2.7 216.2 3.5 262.8 820.4
3 46.7 11.5 17.2 91.8 200.5 0.18 256.6 7.7 368.7 16.5
4 162.0 48.1 2.7 31.5 268.8 13.5 197.0 64.9 2016.9 24.1
5 191.2 47.7 15.7 0.66 61.1 24.8 82.1 85.7 993.0 33.7
6 50.0 46.5 4.04 6.7 52.5 26.7 64.2 90.2 860.2 23.5
7 243.7 46.4 2.9 5.3 45.5 26.6 63.8 89.3 860.1 31.8
8 228.6 46.2 3.6 6.7 45.5 27.1 71.6 90.8 5006.7 32.9
9 70.2 43.9 6.6 15.3 43.9 26.6 127.7 90.7 752.4 106.4
10 69.3 46.1 4.6 9.8 56.2 26.2 42.8 90.7 139.2 103.8
11 113.7 44.1 58.9 13.3 47.3 27.9 94.8 90.7 18.9 32.2
12 152.8 83.7 59.9 12.6 35.9 46.2 96.9 88.7 375.1 26.5
13 86.2 63.8 83.1 17.8 58.7 41.8 50.5 83.9 95.6 34.0
14 365.1 18.7 15.7 7.7 68.9 40.7 80.8 63.6 261.6 31.3
15 297.9 11.9 6.9 10.8 56.0 40.3 245.5 66.0 260.9 29.5
16 149.6 16.9 308.7 128.6 62.6 40.3 339.6 69.5 109.1 32.9
17 325.9 18.2 47.1 17.6 51.0 38.8 148.0 86.6 194.1 30.7
18 128.4 17.8 65.8 13.6 93.5 37.0 434.4 62.0 165.1 29.7
19 884.9 18.9 59.7 20.9 84.1 41.3 469.8 63.0 104.2 25.9
20 57.7 80.7 30.5 11.4 42.3 39.3 496.6 53.9 185.0 21.1
21 121.1 79.9 20.6 28.0 119.1 3.8 289.9 85.1 63.6 23.2
22 92.7 80.1 49.1 13.2 39.7 9.5 296.4 7.1 214.8 24.5
23 193.6 79.9 27.8 34.6 354.5 4.5 467.1 81.4 70.6 29.3
24 72.5 79.6 28.8 39.9 423.0 34.6 249.9 85.3 1031.4 32.2

119



3.3 Proposed deep dictionary learning for building level short-term fore-

casting

3.3.1 Proposed Approach

3.3.1.1 Synthesis deep dictionary learning

Typically one can use the raw sample values from the recent past and other

inputs like weather conditions into a regression framework to predict demand

at a future instant. However, such an approach is unlikely to be very accurate.

This is mainly because the data will be noisy, which means that the basis for

regression will be noisy; therefore the predicted output will not be accurate. In

the past, PCA has been used to clean the basis for regression [116].

A recent work [117] proposed to learn a clean basis by the dictionary learning

approach. Instead of using the raw inputs (X), they learn a representation (Z)

and a basis (D). This is formally expressed as follows,

X = DZ (3.7)

This is a synthesis formulation, since the dictionary basis D is learnt such that,

it can generate/synthesize the data X from the learnt representation Z.

The representation is learnt by the K-SVD algorithm [66].

min
D,Z
‖X −DZ‖2F subject to‖Z‖0 6 τ (3.8)

Here the first term is the data fidelity constraint (to remove noise); the constraint
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promotes sparsity in the learnt representation Z by enforcing the number of non-

zero entries to be smaller than some τ .

In [117], the representation Z is used as an input for regression. Several

regression approaches were evaluated, but it was found that the simple ridge

regression produces good results almost always.

There is a problem with the piecemeal approach of first learning the dic-

tionary and representation, and then using the representation into a regression

framework. The representation is being learnt for optimal noise removal, it (3.8)

does not know that the coefficients will be further used for regression. There-

fore, such a piecemeal approach is sub-optimal. A better approach would be to

learn both regression and dictionary in a joint fashion.

min
D,Z,w

‖X −DZ‖2F + λ‖q − wTZ‖+ γ‖w‖22 subject to‖Z‖0 6 τ (3.9)

Here q represents the target and w are the regression weights. This (3.9) would

have been a more optimal formulation; where the ridge regression (2nd term) is

in-built into the dictionary learning framework. Here w represents the regres-

sion weights. Unfortunately the optimal formulation was not proposed in [117].

In this work, it is shown that such a joint formulation indeed improves upon the

piecemeal sub-optimal solution published in [117].

This simple extension (3.9) is not the contribution of this work. Our major

contribution is to learn deeper representations. Instead of learning the represen-

tation from one layer of dictionary, we learn the representation from multiple
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layers of dictionaries. This follows from the developing field of deep dictionary

learning (DDL) [136, 53, 137].

DDL is a deep generalization of the shallow version (3.7), where multiple

layers of dictionaries are learnt from the data X. We show it for three layers.

X = D1φ(D2φ(D3Z)) (3.10)

Here D1, D2 and D3 are the three layers of dictionaries and φ the activation

function between the layers. Compared to shallow dictionary learning, DDL

not only learns more abstract deeper representations but can also handle non-

linearities owing to the activation function. In the deep dictionary learning

framework, we can incorporate regression in a simple fashion. All the layers of

dictionaries along with the final level of coefficients and the regression weights

can be jointly solved by -

min
D1,D2,D3,Z,w

‖X −D1φ(D2φ(D3Z))‖2F + λ‖q − wTZ‖22 + γ‖w‖22 (3.11)

Note that we have dropped the sparsity enforcing term from the formulation.

Sparsity is essential when we want to choose a few from a redundant basis. In

DDL, we will be reducing the number of basis in each layer. Therefore the

dimensionality of the coefficients in the final layer would be already low. Thus,

there is no requirement for enforcing sparsity. Forcing sparsity might hamper

the results; trying to reduce the basis from an already reduced set of basis in the

final layer might restrict the expressibility.
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The formulation (3.11) is specific to point forecasts, i.e. forecasting the total

load for the next day or for next week. One might be interested in knowing the

demand for each hour of next day, or each day of next week. In that case, one

needs to predict the profile. Therefore the output q is not a vector anymore, but

a matrix. Accordingly (3.11) is generalized to the following -

min
D1,D2,D3,Z,W

‖X −D1φ(D2φ(D3Z))‖2F + λ‖Q−W TZ‖22 + γ‖W‖22 (3.12)

This is the most general form of regressing deep dictionary learning.

The solution approach is similar to the one taken in [137]. We follow the

split Bregman technique [143]. With the proxies Z1 = φ(D2φ(D3Z)) and Z2 =

φ(D3Z), the split Bregman formulation for (3.12) becomes.

min
D1,D2,D3,Z,Z1,Z2,W

‖X −D1Z1‖2F + λ‖Q−W TZ‖2F + γ‖W‖2F

+µ(‖Z1 − φ(D2Z2)−B1‖2F + ‖Z2 − φ(D3Z)−B2‖2F ) (3.13)

where B1 and B2 are the Bregman relaxation variables.

The formulation (3.13) can be solved using the alternating direction method

of multipliers (ADMM) approach [82]. Each of the variables are updated by

solving the following subproblems.
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P1 : min
D1

‖X −D1Z‖2F (3.14)

P2 : min
D2

‖Z1 − φ(D2Z2)−B1‖2F ≡ min
D2

‖φ−1(Z1)−D2Z2 −B1‖2F (3.15)

P3 : min
D3

‖Z2 − φ(D3Z)−B2‖2F ≡ min
D3

‖φ−1(Z2)−D3Z −B2‖2F (3.16)

P4 : min
Z1

‖X −D1Z1‖2F + µ‖Z1 − φ(D2Z2)−B1‖2F (3.17)

≡

wwwww
 X

√
µ(φ(D2Z2) +B1)

−
 D1

√
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wwwww
2

F

P5 : min
Z2

‖Z1 − φ(D2Z2)−B1‖2F + ‖Z2 − φ(D3Z)−B2‖2F (3.18)

≡

wwwww
 φ−1(Z1 −B1)

(φ(D3Z) +B2)
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D2
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P6 : min
Z
‖Z2 − φ(D3Z)−B2‖2F + ‖Q−W TZ‖2F (3.19)

P7 : min
W
‖Q−W TZ‖2F + ‖W‖2F (3.20)

All the problems are simple least square problems. Note that in P4 and P5,

we are able to invert the activation function assuming they are unitary such as

tanh or sigmoid. Owing to the least square form, all of them have a closed form

solution. The benefit of such a solution is that, one can guarantee convergence

to a local minimum following the results of [144].

The final step of the algorithm is to update the Bregman relaxation variables
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via a gradient step.

B1← Z1 − φ(D2Z2)−B1 (3.21)

B2← Z2 − φ(D3Z)−B2 (3.22)

This concludes the training. During testing we need to generate the features

from the deep dictionaries and use these features as explanatory variables, i.e.

multiply them with the regression weights learnt in the first layer. Given a test

sample x, for generating feature z, we need solving

min
z
‖x−D1φ(D2φ(D3Z))‖2F (3.23)

The substitutions remain similar to the training phase: z1 = φ(D2φ(D3z)) and

z2 = φ(D3z). The split Bregman formulation takes the form,

min
z,z1,z2

‖x−D1z1‖22 + µ(‖z1 − φ(D2z2)− b1‖22 + ‖z2 − φ(D3z)− b2‖22)

(3.24)

As before, ADMM is used to update each of the variables separately, leading to
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the following subproblems -

P1 : min
z
‖z2 − φ(D3z)− b2‖22 (3.25)

P2 : min
z1
‖x−D1z1‖22 + µ‖z1 − φ(D2z2)− b1‖22 (3.26)

≡

wwwww
 x

√
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P3 : min
z2
‖z1 − φ(D2z2)− b1‖22 + ‖z2 − φ(D3z)− b2‖22 (3.27)
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As in the training algorithm, we have three linear least squares problems.

The relaxation variables are updated via gradient descent.

b1 ← z1 − φ(D2z2)− b1 (3.28)

b2 ← z2 − φ(D3z)− b2 (3.29)

Once the coefficient z is generated. The regression output is generated by

multiplying it with the learnt regression weights q̂ = Wz to give the predicted

demand/load.

3.3.1.2 Analysis deep dictionary learning

Dictionary learning is a synthesis model. This has been explained before. There

is an alternate analysis model that operates on the data to produce the represen-
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tation [95]. This is given by -

TX = Z (3.30)

Here T is the analysis basis and Z are the generated coefficients. This is also

known as transform learning [89]. In recent times, the framework of deep trans-

form learning is also being developed [145]. However, it is a less mature area

compared to synthesis deep dictionary learning. For the analysis formulation,

one can go deeper by analyzing the data X by multiple layers of analysis basis

to produce the representation. This is given as,

T3φ(T2φ(T1X)) = Z (3.31)

As we did for the synthesis counterpart, we can incorporate ridge regression

into this framework. In the most general form, it is expressed as,

min
T1,T2,T3,Z,W

‖T3φ(T2φ(T1X))− Z‖2F + ε

3∑
i=1

(‖Ti‖2F − log det Ti) (3.32)

λ‖Q−WZ‖22 + γ‖W‖2F

As before, we solve it using the split Bregman technique with the proxies

Z2 = φ(T2φ(T1X)) and Z1 = φ(T1X). After relaxing the augmented La-

grangian terms with the Bregman relaxation variables B1 and B2, we come
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with the final formulation.

min
T1,T2,T3,Z,Z1,Z2,W

‖T3Z2 − Z‖2F + ε
3∑
i=1

(‖Ti‖2F − log det Ti) (3.33)

+λ‖Q−WZ‖2F + µ(‖Z2 − φT2Z1 −B2‖2F + ‖Z1 − φ(T1X)−B1‖)

The terms (‖Ti‖2F− log det Ti) are required for preventing the trivial solution

T1 = T2 = T3 = 0 and Z = 0. It also balances the scale of the transforms [95].

The approach to solve (3.33) is similar to that of (3.13). We use ADMM to

segregate (3.33) into a series of subproblems, where in each of the sub-problems

we update one of the variables. Each of the sub-problems have a closed form

solution, including the updates for Ti’s [89]. It is assumed that the activation

functions are invertible so that the subproblems can be expressed as linear least

square problems. This allows closed form solutions of all subproblems; this in

turn results in convergence to a local minimum.

For testing, we need to solve the following in order to get the representation

of the test sample x,

T3φ(T2φ(T1x)) = z (3.34)

One does not need to solve any optimization problem. One simply needs to

apply one transform after the other with the appropriate activations in between.
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3.3.1.3 Computational Complexity

During training, both the analysis and the synthesis algorithms are iterative in

nature, so we can only give estimates per iteration. The cost of the synthesis

version is governed by the least square problems; the Moore-Penrose pseudo-

inverse is its closed form solution. The complexity of which is O(nw) where

w < 2.37 and is conjectured to be 2.

For the analysis version we will have two types of updates. One will be the

simple pseudo-inverse for the updates of the representations Z, Z1, Z2 and W;

and then there are updates for Ti’s. The update for the Ti’s require computing

Cholesky decomposition and singular value decomposition. The cost for both

are O(n3). Therefore, in terms of order of complexity the analysis version is

slightly higher that of the synthesis version during training.

For testing, the synthesis version requires solving an iterative optimization

problem. Therefore it is slow; having the same complexity as that of a pseudo-

inverse. But the analysis version requires a few matrix vector products and can

be updated in closed form. This makes the testing run-time much shorter for the

analysis version compared to the synthesis one.

3.3.2 Experimental Evaluation

The first dataset (HUE) used was collected from five different residential houses

located in Burnaby in British Columbia, Canada2. The second dataset used was
2HUE. http://summit.sfu.ca/item/18163
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Pecan Street dataset. It was obtained via the NILMTK3. We did not require the

appliance-level information here; we only used the aggregate power data. Of the

entire dataset only few houses (used here) had continuous data for more than 3

years; only those were considered here (house ids: 1589, 3310, 3369). The third

dataset is the I-BLEND [22] dataset which was collected for 52 months at the

Indraprastha Institute of Information Technology, New Delhi, India.

For all the datasets, we collected the corresponding hourly weather (temper-

ature) information at the city level. These values (arranged as a vector) were

appended with the power consumption values and served as inputs to the algo-

rithm.

We carried two types of experiments - point and profile forecasting. For point

forecasting the total demand for next day is predicted. For profile forecasting

we predict the hour-wise load for the next day. For all the datasets, the first

half of the data is used for training and the remaining (second) half is used for

testing.

Our methods are compared against two state-of-the-art techniques - sparse

coding (SC) [117] and long short-term memory (LSTM) network [134]; and

one time tested benchmark - ARIMAX. For all the techniques we tuned the

parameters for best results. The inputs to all the methods (benchmarks as well

as ours) are exactly the same (power consumption and weather data) for fair

comparison.
3https://github.com/nilmtk/nilmtk

130



Our proposed work comes in two varieties - regressing synthesis deep dictio-

nary learning (Syn) and regressing analysis deep dictionary learning (Ana). Our

parameters were tuned on the training set by cross validation via grid search.

In this work, we follow an experimental protocol similar to [121]. One half

of the data (for each building) is used for training, the remaining half is used for

testing. For tuning the parameters, all the algorithms used 5 fold cross validation

using the training set. Evaluation is carried out in terms of three metrics - Mean

Absolute Error (MAE), Root Mean Squared Error (RMSE) and Mean Absolute

Percentage Error (MAPE).

In the first set of experiments, Tables 3.5, 3.6 and 3.7, we show results for

point estimation, i.e. the total load for the next day. In the second set of experi-

ments, Tables 3.8, 3.9 and 3.10, we show results for profile estimation, i.e. the

hourly load for the next day.

One can see that in terms of every possible metric our methods yields the

best results in general. The next best results are from SC. This is expected since

SC is the shallow version of our proposed method. The time tested ARIMAX

is worse than SC but better than LSTM. The state-of-the-art LSTM yields the

poorest results.

One would expect that as the window size increases from 3 to 5 to 7, the

results in general should improve. This is the case for the HUE dataset. This

is expected since a larger window size captures greater variability in the data.

However in Pecan Street data, one can see that this trend is not always followed.
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Table 3.5: Point estimation comparative results on HUE

House ID Window MAE(kWh) RMSE(kWh) MAPE(%)
LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana

3 3 4.423 .039 .131 .008 .008 5.721 .031 .161 .010 .010 25.59 26.03 25.58 15.3 15.84
5 4.500 .038 .124 .007 .008 5.890 .030 .159 .010 .010 25.93 25.26 24.63 14.5 15.23
7 4.121 .038 .128 .007 .008 5.366 .030 .160 .010 .011 23.14 24.39 25.38 14.07 15.53

4 3 5.387 .038 .172 .007 .007 7.174 .030 .229 .010 .010 19.88 25.43 24.07 14.68 15.3
5 5.528 .039 .173 .007 .007 7.409 .031 .231 .010 .010 20.62 27.39 24.07 14.40 15.87
7 5.376 .038 .191 .007 .008 7.311 .031 .245 .010 .011 18.89 27.69 26.38 14.91 16.62

5 3 5.073 .044 .175 .013 .013 6.587 .038 .218 .017 .017 43.38 39.19 38.92 28.10 27.92
5 4.967 .043 .188 .012 .012 6.441 .037 .237 .016 .016 43.77 35.30 40.98 26.27 27.03
7 5.026 .043 .174 .013 .013 6.517 .037 .228 .016 .017 42.80 36.70 37.27 26.63 26.21

6 3 2.232 .040 .062 .009 .097 2.831 .033 .081 .012 .013 63.78 33.79 31.73 20.85 22.23
5 2.292 .040 .063 .009 .098 2.932 .033 .080 .012 .013 68.92 33.72 32.85 21.73 23.45
7 2.236 .040 .064 .009 .010 2.835 .033 .083 .012 .013 69.33 34.53 35.10 21.94 22.43

7 3 3.921 .041 .117 .011 .011 4.873 .034 .150 .014 .014 41.03 29.85 30.51 20.12 20.14
5 3.869 .041 .116 .010 .010 4.761 .034 .150 .013 .013 43.88 28.84 30.33 19.19 19.36
7 3.795 .041 .122 .010 .010 4.720 .034 .150 .013 .014 40.99 29.19 33.53 19.25 19.34

Table 3.6: Point estimation comparative results on Pecan Street

House ID Window MAE(kWh) RMSE(kWh) MAPE(%)
LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana

1589 3 9.612 .042 .364 .011 .011 12.328 .116 .495 .014 .014 20.60 27.80 26.60 15.0 15.60
5 7.943 .043 .357 .011 .011 10.293 .118 .485 .015 .015 17.80 30.50 26.7.5 14.90 17.0
7 6.561 .045 .398 .014 .012 8.845 .120 .537 .015 .016 15.40 33.40 29.7 15.80 20.4

3310 3 5.946 .043 .241 .010 .010 7.448 .116 .317 .013 .013 15.50 28.90 21.50 14.10 15.0
5 6.202 .043 .269 .010 .011 7.742 .117 .352 .014 .015 16.20 30.70 24.0 14.70 17.80
7 6.442 .044 .291 .010 .011 8.060 .118 .381 .014 .015 16.60 31.90 24.90 13.20 14.90

3367 3 7.891 .044 .342 .013 .013 9.455 .117 .422 .017 .017 25.2 27.4 29.8 17.80 18.30
5 7.443 .044 .338 .013 .013 8.908 .117 .422 .017 .016 23.3 27.70 30.10 17.60 17.40
7 7.384 .044 .342 .012 .013 8.802 .117 .426 .016 .016 23.0 26.60 30.60 16.30 15.70

The reason may be the non-stationarity of the data; Houses 4, 5 and 6 may be

more non-stationary than the rest; in that case shorter the window better would

be the results. Information from the distant past would reduce the performance.

For visual inspection, the forecasting performance of a section for House

6 of the HUE dataset is shown in Fig. 3.4. The visual plots corroborates the

numerical results.

From the numerical results, it may appear that the MAPE values are rela-

tively high. But note that it is consistent with existing literature. For example,

see SC [117] and LSTM [134]; the results obtained in our paper from the corre-

sponding techniques are better than those obtained in the said studies (albeit on

different datasets).
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Table 3.7: Point estimation comparative results on I-BLEND

House ID Window MAE(kWh) RMSE(kWh) MAPE(%)
LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana

Lecture 3 .095 .020 .133 .018 .020 .137 .029 .161 .028 .028 106.30 47.70 93.8 47.5 47.2
5 .095 .020 .135 .018 .019 .144 .029 .163 .029 .028 116.80 49.30 95.40 51.6 47.0
7 .119 .018 .102 .019 .018 .174 .029 .152 .027 .028 128.50 49.9 68.70 46.70 45.90

Acad 3 .099 .007 .154 .007 .007 .128 .010 .196 .009 .009 27.6 18.60 27.30 16.80 16.60
5 .101 .008 .150 .007 .007 .127 .010 .180 .009 .009 27.7 19.50 26.2 17.80 18.10
7 .091 .006 .080 .005 .007 .116 .009 .107 .007 .008 27.6 16.70 11.8 12.90 16.90

Facilities 3 .017 .003 .002 .003 .003 .020 .005 .002 .004 .004 29.4 6.60 17.70 6.40 6.60
5 .020 .003 .002 .003 .003 .027 .005 .002 .004 .004 26.90 6.50 17.5 6.40 6.50
7 .017 .003 .002 .003 .003 .022 .004 .002 .004 .004 28.40 6.30 18.40 6.10 6.20

Girls Hostel 3 .084 .005 .101 .004 .004 .107 .008 .132 .006 .006 62.0 11.60 24.60 9.50 9.50
5 .089 .006 .125 .004 .005 .112 .008 .151 .006 .007 59.20 12.50 33.50 9.60 10.60
7 .082 .006 .119 .006 .005 .106 .009 .153 .008 .007 61.8 13.50 35.10 13.30 11.90

Boys Hostel 3 .065 .003 .135 .003 .003 .083 .004 .171 .004 .004 42.50 7.10 33.10 5.90 6.0
5 .067 .004 .205 .003 .003 .086 .005 .246 .004 .004 42.50 8.0 50.90 6.30 6.60
7 .074 .004 .229 .004 .004 .095 .006 .259 .005 .005 41.40 8.40 50.20 8.60 7.70

Table 3.8: Profile estimation comparative results on HUE

House ID Window MAE(kWh) RMSE(kWh) MAPE(%)
LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana

3 3 12.039 .015 .245 .004 .006 19.527 .017 .177 .006 .007 74.8 63.2 76.1 56.8 56.9
5 12.604 .015 .237 .004 .005 20.164 .017 .176 .006 .006 79.3 61.3 78.4 56.8 53.9
7 12.363 .015 .237 .004 .005 19.867 .017 .176 .006 .006 78.0 63.7 77.2 56.5 53.4

4 3 12.513 .015 .223 .003 .005 18.419 .017 .189 .004 .006 40.8 58.7 62.3 36.3 43.5
5 12.417 .014 .221 .003 .004 18.167 .015 .186 .004 .005 40.0 44.1 60.8 36.8 36.8
7 12.236 .014 .220 .003 .004 18.125 .015 .185 .004 .005 39.2 44.9 60.3 37.1 36.5

5 3 11.648 .015 .257 .004 .004 22.593 .018 .172 .007 .007 275.5 50.5 87.5 47.8 43.3
5 11.698 .016 .254 .004 .004 22.653 .018 .171 .007 .007 281.4 50.1 85.7 48.7 45.6
7 11.687 .014 .251 .005 .004 22.626 .017 .171 .008 .007 283.2 50.1 84.2 45.4 44.6

6 3 4.278 .015 .289 .003 .003 7.908 .017 .173 .006 .005 164.2 68.5 88.8 46.9 45.2
5 4.249 .015 .285 .003 .003 7.867 .017 .172 .005 .005 164.1 67.1 87.9 40.8 40.4
7 4.351 .013 .284 .004 .003 7.960 .016 .171 .007 .005 177.2 68.3 87.1 40.5 39.2

7 3 7.734 .014 .237 .003 .003 14.481 .017 .192 .006 .006 198.8 37.2 62.4 42.3 39.8
5 7.676 .014 .235 .004 .003 14.478 .016 .189 .007 .006 194.9 36.8 60.0 39.6 37.7
7 7.550 .014 .235 .004 .003 14.350 .016 .188 .007 .006 186.3 35.6 60.7 37.9 37.0

Table 3.9: Profile estimation comparative results on Pecan Street

House ID Window MAE(kWh) RMSE(kWh) MAPE(%)
LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana

1589 3 14.51 .017 .331 .005 .005 24.05 .028 .219 .007 .006 26.7 163.9 31.2 17.0 13.5
5 14.38 .017 .330 .005 .004 23.76 .028 .215 .006 .006 26.5 165.0 31.2 19.8 19.8
7 14.26 .017 .330 .004 .004 23.66 .028 .214 .006 .006 26.3 164.6 29.9 19.3 19.1

3310 3 7.66 .015 .278 .003 .003 12.37 .27 .208 .005 .004 16.9 28.61 26.3 13.5 14.8
5 7.61 .015 .276 .003 .002 12.42 .26 .208 .005 .004 16.9 28.09 26.1 15.5 19.6
7 7.50 .015 .273 .003 .002 12.11 .26 .205 .004 .004 16.7 27.79 26.0 19.8 19.5

3367 3 9.74 .016 .306 .005 .004 16.34 .028 .231 .007 .006 25.0 35.2 28.4 11.7 12.8
5 9.63 .016 .301 .004 .004 16.25 .028 .229 .007 .006 24.5 36.0 28.3 16.8 15.7
7 9.62 .016 .300 .004 .004 16.22 .028 .229 .006 .005 24.5 35.8 28.2 12.1 16.9

Table 3.10: Profile estimation comparative results on I-BLEND

House ID Window MAE(kWh) RMSE(kWh) MAPE(%)
LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana LSTM SC ARIMAX Syn Ana

Lecture 3 .016 .005 .046 .002 .002 .048 .007 .005 .005 .004 104.4 64.3 94.1 28.8 28.2
5 .016 .005 .050 .002 .002 .047 .007 .005 .005 .005 104.0 64.7 77.8 29.9 29.2
7 .014 .005 .046 .002 .002 .046 .007 .004 .005 .005 104.5 64.8 71.5 30.5 30.0

Acad 3 .040 .003 .152 .001 .001 .065 .003 .034 .001 .002 49.9 31.9 30.6 15.3 14.7
5 .037 .003 .229 .001 .001 .065 .003 .062 .002 .002 50.0 32.9 62.2 16.3 15.5
7 .039 .003 .213 .001 .001 .065 .003 .050 .002 .002 50.5 33.3 52.4 16.9 15.9

Facilities 3 .015 .001 .006 .001 .000 .019 .001 .001 .001 .001 25.0 15.8 8.1 12.2 10.1
5 .012 .001 .007 .001 .000 .016 .001 .001 .001 .001 24.4 16.1 8.9 12.6 10.4
7 .012 .001 .006 .001 .000 .016 .001 .001 .001 .001 23.6 17.1 8.9 13.1 10.6

Girls Hostel 3 .050 .003 .059 .001 .001 .072 .003 .008 .002 .002 43.5 24.1 20.5 16.2 16.2
5 .051 .003 .52 .001 .001 .072 .003 .006 .002 .002 42.5 25.2 16.5 16.4 16.5
7 .051 .003 .51 .001 .001 .073 .003 .006 .002 .002 42.9 24.4 17.5 16.5 16.7

Boys Hostel 3 .062 .002 .085 .001 .001 .082 .002 .012 .001 .001 45.2 14.9 21.7 11.3 11.4
5 .063 .002 .157 .001 .001 .082 .002 .035 .001 .001 44.6 16.8 49.8 11.5 11.5
7 .062 .002 .107 .001 .001 .081 .002 .019 .001 .001 45.0 14.8 25.7 11.5 11.5
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Figure 3.4: Forecasting performance (RMSE) of 1. ARIMAX, 2. SC, 3. LSTM, 4. ANA(Prop), 5. SYN(Prop) on
House 6 in HUE dataset
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Figure 3.5: Effect on forecasting performance by varying the window size to 3,5 and 7 on I-BLEND dataset
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One may have a concern regarding the poor performance of LSTM. Note that

LSTMs incorporates information from samples that are in the distant past with

those that are of recent past. In non-stationary data such as load forecasting,

the information from the distant past should not be considered, as it hinders the

forecasting results. This may be the reason behind the poor results from LSTM.

It should be noted that, LSTMs were popular between 2014-2016 for time-series

analysis. Owing to the said issue, in recent years companies like Facebook and

Google, are increasingly using one dimensional CNNs (especially ResNet) for

time series analysis. All the other techniques used here (apart from LSTM), only

consider data from the recent past, ignoring ‘old’ data, that maybe the reason

they are better at forecasting on such non-stationary data.

In order to see the effect of window size visually, we have shown the results

in Fig. 3.5 for HUE dataset. These are from our proposed technique. One can

see that as the window size increases, the prediction becomes smoother and is

shifted from the actual values. Meaning that longer windows might not always

translate to better results.

Next we show the run-times from different techniques. All the experiments

have been carried out on a Macbook Pro running on 2.9 GHz dual-core In-

tel Core i7 processor with 8 GB DDR3 memory. The SC and the proposed

techniques were implemented on MATLAB; ARIMAX and LSTM were imple-

mented on Python.

One can see that our methods are considerably faster than all. Even though
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Table 3.11: Run-times in seconds

Method Training Testing
LSTM 340.4 2.4

SC 14.8 0.003
ARIMAX 10.4 9.1

Proposed (Syn) 0.479 0.028
Proposed (Ana) 0.543 0.001

SC is only one layer, it uses an inefficient K singular value decomposition al-

gorithm for its solution and hence has a higher training time compared to ours.

In terms of testing, the synthesis formulations (ours and SC) are slower than

the analysis formulation because they need to solve an iterative optimization

problem (for the former).

3.3.2.1 Empirical Analysis of Proposed Technique

In this work we have shown the results for three layers. This is because, when

we use fewer or more layers, the results deteriorate. In deep learning, the general

idea is that ‘deeper you go better are the results’. But the caveat is that, going

deeper means more parameters to learn, and with limited training data this leads

to overfitting. This is the reason, 3 layers yields the best results. In the following

table (Table 3.12) we show the results on Pecan Street dataset for 1, 2, 3 and 4

layers.

In this work, we have proposed a joint formulation for learning deep dic-

tionaries with the regression weights. In the same table, we will show what

happens when they are learnt in a piecemeal fashion, i.e. when the dictionaries

are learnt separately and the regression carried on the coefficients. The results
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Table 3.12: Comparative MAE from multiple layers

House ID Window 1-layer 2-layer 3-layer 4-layer
Joint Greedy Joint Greedy Joint Greedy Joint Greedy

1589 3 .037 .042 .021 .028 .011 .024 .017 .025
5 .038 .043 .021 .029 .011 .025 .018 .025
7 .039 .045 .022 .029 .012 .025 .018 .025

3310 3 .039 .043 .022 .029 .010 .024 .019 .025
5 .039 .043 .023 .029 .011 .024 .019 .026
7 .039 .044 .023 .030 .011 .025 .019 .026

3367 3 .039 .044 .025 .031 .013 .026 .020 .026
5 .040 .044 .025 .032 .013 .027 .021 .026
7 .040 .044 .026 .032 .013 .027 .021 .026

Figure 3.6: Convergence plot. Left - Synthesis; Right - Analysis

are shown on the Pecan Street dataset for point estimation. Since both the anal-

ysis and synthesis formulation yields almost the same results, we are showing

results from the analysis technique only. Note that the greedy single layer for-

mulation is the same as sparse coding (SC).

From Table 3.12 we can draw some interesting conclusions. First, our joint

formulation indeed yields better results than the piecemeal one. Second, as we

go deeper, the results first get better from one to three layers, but deteriorate after

that. This is because of over-fitting. Third, we see that for the joint formulation,

there is improvement in going deeper, but there is hardly any difference between

two, three and four layers. This is largely owing to the lack of feedback between

deeper to shallower layers.
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Finally we show the convergence of our proposed technique. The plot of

cost versus iteration number is shown in Fig. 3.6. One can see that both the

synthesis and analysis algorithms converge. However, they do not converge

monotonically. This is because of the variable splitting technique used here;

such non-monotonic convergence phenomenon for such a class of techniques is

well known.

3.3.3 Summary

The goal of this work is building level demand forecasting. Since the output

(load/demand) is continuous valued it is natural to recast it as a regression prob-

lem. In this work, we have considered simple ridge regression for forecast-

ing (used in [117]. This is the first work that incorporates regression into the

deep dictionary learning framework. Even though, our simple ridge regression

based approach yields better results than the state-of-the-art techniques com-

pared against, given past literature on forecasting [146, 147] a better idea for

the future might be to use quantile regression instead.

Although the technique has been developed for building level load forecast-

ing, it can as well be applied for grid level forecasting. Another direction, we

would like to explore is the possibility of domain adaptation, i.e. sharing the

learnt dictionaries between datasets. This would pave way for forecasting on

previously unseen datasets. Another interesting problem could be to use fore-

casting for anomaly detection, i.e. if the difference between the predicted and

the actual is more than a certain threshold one can instantaneously flag it as an
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anomaly. This is the topic of our next chapter.
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Chapter 4

Anomaly detection in building energy

consumption

4.1 Introduction

Commercial and residential buildings together consume a significant fraction of

the total energy use. In the USA, this fraction was as high as 41% [148] while in

India it was 37% [149] in 2016. Energy powers our heating and cooling systems,

our ovens and stoves, lighting, and our refrigerators and freezers within these

buildings. Any appliance or equipment in disrepair, while operating, can lead

to high energy costs.

Studies done by the U.S. Environmental Protection Agency (EPA) suggest

that buildings waste an average of 30% of the energy they consume [150]. A

2012 analysis done by Lawrence Livermore National Laboratory (LLNL) sug-

gested the USA is only 39% energy efficient [151]. Strategies to help increase

the energy efficiency in buildings are needed, especially in the case of older
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buildings where appliances have a higher likelihood of failing.

One strategy, anomaly detection, is to identify appliances in a state of disre-

pair or used improperly. Identifying these types of anomalies can create alerts to

either repair an appliance or to suggest a more optimal use. Anomaly detection,

also referred to as outlier detection, deals with finding patterns in the signal that

are abnormal, unexpected, or interesting.

4.1.0.1 Defining Anomalies

An anomaly can be defined in several different ways and there are many differ-

ent types of anomalies. For example, an anomaly can be vacation days [152]

because these are days with low total consumption as compared to typical, non-

vacation days. Power utilities can define an anomaly as unexpected power con-

sumption that results in a customer contacting customer service to complain.

The textbook definition of an outlier as defined by Harkins [153] is as fol-

lows, “An outlier is an observation that deviates so much from other observa-

tions as to arouse suspicion that it was generated by a different mechanism.”

Anomaly detection is widely used in different applications domains like credit

card fraud detection in banking and finance, insurance or health care, telecom-

munications [154], intrusion detection in cyber security [155, 156], sensor net-

works [157], military surveillance, discovering criminal behavior, to name a

few. Chandola et al. [158] presents a comprehensive review of anomaly detec-

tion techniques in general, whereas Sodemann et al.[159] reviews techniques
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used for outlier detection in automated surveillance. In this work, our focus is

on detection of anomalous power consumption in residential buildings.

The energy consumption can be labelled as anomalous or non-anomalous

only when it is compared with historical data. Anomalies are broadly classified

into three types: point anomalies, collective anomalies, and contextual anoma-

lies.

Point anomaly: When an individual observation is considered anomalous

with respect to the rest of the data.

Sequential or collective anomaly: When a sequence of observations are

anomalous with respect to the rest of the data.

Contextual anomaly: When a observation is considered normal with re-

spect to one context but not in another context. For example, consumption

behaviour on weekdays versus weekends.

Power utility companies can define anomalies as calls into customer service

where customers report their bills with unexpectedly high consumption charges.

Some examples include an appliance left on by mistake, a compressor failure in

a fridge, a basement renter using different appliances (e.g., plug-in heater), the

purchase and usage of a new appliance, guests visiting for a long period of time

(holiday season), and having the thermostat set-points too low/high as seasons

change. Abnormal energy consumption pattern could also imply a malicious

activity like energy theft [160].
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4.1.0.2 Challenges with anomaly detection

Anomaly detection poses several different challenges that can be domain spe-

cific. For the problem of detecting anomalies in energy usage there are several

such challenges including: no clear definition of normal vs abnormal, impre-

cise boundaries between normal and abnormal behaviour, lack of ground truth,

lack of a unified metric used for performance evaluation, and evolving normal

behaviour of the data [158].

One of the most significant barriers to design and test anomaly detection

algorithms is the lack of labelled ground truth data. Metadata that labels the

occurrences of anomalies (and their type) in datasets simply does not exist and

creating such datasets is onerous and expensive. Therefore, we will present

an alternative way to test the accuracy of anomaly detection algorithms using

a basic statistical approach that gives us the anomaly scores at hour-level and

day-level.

Additionally, from a review of anomaly detection algorithms [161, 3, 2], we

have found there is no consistent way to measure the accuracy of these algo-

rithms. In order to compare one algorithm against another there must be a

standard set of metrics used to measure and report the accuracy results. In this

work, we review and compare the metrics used to measure the accuracy of vari-

ous anomaly detection algorithms using an automatically generated baseline.
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4.2 Annotating ground truth and measuring performance accuracy

4.2.1 Literature Review

4.2.1.1 Anomaly detection in building energy consumption

Anomalies are often considered as noise or error but they may contain some im-

portant information which, on rectification, could lead to better energy utiliza-

tion [162]. The research community has addressed the detection of abnormal

energy consumption in several ways. An extensive review of techniques using

machine learning and statistical methods for general outlier detection has been

provided by [163, 164, 165]. We give a brief review of methods used specifi-

cally for identifying abnormal energy consumption in buildings.

4.2.1.2 Statistical methods

Statistical anomaly detection techniques use statistical properties of the normal

activities to build norm profile and employ statistical tests to determine the

deviation of the observed data from the norm profile [166]. These methods

are based on the assumption of known underlying distribution of observations

[153, 167]. Any observation that deviates from the model assumption is flagged

as an anomaly.

Proximity based methods: These methods compute the neighbourhood for

each data point using a distance metric. An analysis of the neighbourhood is

done to determine whether a point is an anomaly or not. These techniques
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are simple and do not make any prior assumption about the underlying data

distribution.

The k-Nearest Neighbor (k-NN) method requires euclidean distances be-

tween all data instances, leading to exponential computation growth. There-

fore, several different variations of k-NN were developed to improve run-time

[168, 169, 3, 170]. Ramaswamy et al. [168] introduced an optimized k-NN by

using techniques such as partitioning the data into cells. This helped in speeding

up the processing as the distance for only the cells with data points lesser than

a pre-defined threshold was computed. Wettschereck [171] used a supervised

k-NN method to classify a new exemplar based on the majority classification of

the nearest neighbours. The weighted voting power decreased as the distance

increased.

Belalla et al.[3] proposed unsupervised clustering based anomaly detection,

which flagged data points lying outside tight clusters as anomalous. They first

created a low dimensional representation of each day’s energy consumption

and used k-NN density estimation based approach to compute anomaly scores

by comparing lower dimensional representation of various days. These scores

ranked days based on how anomalous they were.

Arjunan et al.[161] proposed a multiuser energy consumption monitoring

and anomaly detection technique that uses an unsupervised k-medoid clustering

algorithm based on Partitioning Around Mediods (PAM) and also uses neigh-

bourhood information to adjust the anomaly scores.
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Parametric methods: Statistical parametric methods assume the known

underlying distribution of observations [153, 167]. They annotate as outliers

those observations that deviate from model assumption. These methods allow

the model to be evaluated quickly for new instances and are suitable for large

datasets. Seem [2] uses a statistical approach (mean and standard deviation)

to identify anomalous days. He first groups days based on energy consumption

profile (weekends/weekdays) and then computes anomaly score for each day us-

ing generalized extreme studentized deviate (ESD) many-outlier procedure that

was proposed by Rosner [172]. Wang [173] uses a strategy based on principal

component analysis (PCA) to detect and diagnose the faults in air handling units

(AHU). Fault detection using PCA is based on the intuition that anomalous read-

ings are far away from the centre (mean/median) of the principal components

of sensor data. Principal components with lower variance are preferred because,

on such dimensions the normal objects are likely to be close to each other and

outliers deviate from the majority. Narayanswamy et al.[174] compares the

correlation, PCA and rules based methods [175] with a data mining technique

proposed by them called model, cluster and compare (MCC) to detect faults in

variable air volume boxes in large commercial buildings. Zhang et al.[152] pro-

posed a regression, entropy and clustering based method to detect anomalous

days for accurate demand response (DR) prediction. They define anomalous

days as vacation days, when energy consumption mainly consists of automatic

cycling of appliances. The regression method obtained the best test results.

Non-Parametric methods: The model of normal (non-anomalous) data is
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learned from the input data rather than assuming it apriori. Since fewer assump-

tions about the data are made, these models are more flexible and autonomous.

Histogram based anomaly detection [176] is a non-parametric statistical tech-

nique that involves building a histogram using the feature values in the train-

ing data. The size of the bins plays a key role in determining the accuracy of

the technique. If the test instance falls in any of the bins of the histogram, it

is considered normal, else anomalous. Desforges et al.[177] proposed a semi-

supervised statistical technique that used kernel functions to estimate the prob-

ability density function of the normal instances. Any observation lying in the

low probability area of this function is anomalous. Neural networks have also

been employed by researchers to model and predict the energy consumption in

a solar building [178]. Karatasou et al. [179] show how the performance of

neural networks used for building’s energy prediction can be improved by using

some statistical procedures. Brown et al.[180] used kernel regression method

to predict the power output by using the weighted average of nearby neighbour-

hoods. They outperformed neural networks significantly when the training data

used was for 6 months or less.

4.2.1.3 Machine learning-based methods

Most commonly used machine learning methods for outlier detection employ

ensemble learning. Ensemble learning methods [181] are based on the intu-

ition that a single algorithm can not detect variety of anomalies present in the

data. Initially, ensemble learning builds several homogeneous or heterogeneous
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base learners and then uses combination techniques to combine their outputs.

Ensemble methods for anomaly detection can be categorized as sequential or

independent [182]. In the former approach, different algorithms are applied

sequentially whereas in the latter approach, the results are combined from exe-

cution of different algorithms in parallel. Araya et al. [183] proposed ensem-

ble anomaly detection (EAD) framework combining several different learners,

which in turn relied on pattern and/or prediction based approaches. They evalu-

ated a combined threshold value (ensemble threshold) depending on the optimal

sensitivity and specificity. References [184, 178, 179] investigate an unsuper-

vised autoencoder-based ensemble method in detecting anomalies in building

energy data. Some hybrid approaches [185, 186, 187] have also been devel-

oped, which combine statistical, neural and machine learning approaches. Chou

et al. [188] proposed a real-time prediction model, neural network auto regres-

sion (NNAR) combining time series autoregressive integrated moving average

(ARIMA) and artificial neural network (ANN). They used the 2-sigma rule for

anomaly detection and compare their proposed method with standard ARIMA.

4.2.1.4 Baseline

This work addresses the problem of unavailability of proper benchmarking data

as well as a unified set of metrics to evaluate the performance of various outlier

detection schemes. The accuracy measures to evaluate different anomaly detec-

tion approaches developed so far are not well defined. Public ground truth is

not readily available; therefore, existing work uses the following ways to create
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a baseline:

• manual inspection of hundreds of traces of the dataset by a domain expert,

• artificial injection of anomalies in the dataset, and

• discussion with building managers or owners to verify the anomalies.

All the above mentioned strategies either rely on third-party account or cre-

ate privacy concerns and are intrusive. The manual inspection of hundreds of

different traces of data seems impractical and inefficient, and is subject to hu-

man error (e.g., memory recall). Many studies also employ synthetic datasets

or artificial anomalies with the objective to successfully uncover them using

their proposed methods. This technique may not be able to model a realistic

distribution of anomalies. Another way to have the true information about the

anomalies is by asking the users or home owners to review their activities on a

fixed time basis.

The authors of [189] used outlier detection schemes to uncover the injected

anomalies in their work. Whereas, [161, 174, 157] asked the building managers

to manually verify anomalies in their dataset. The work done by [190] discusses

the anomalies uncovered (high true positive rate and low false positive) by their

method through visual inspection. The authors however, claim to not be able to

analyze the missed anomalies (false negatives) due to the lack of labelled data.

In [3], the authors use help from building administrators to select a threshold k,

such that top-k days are labelled as anomalous.
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4.2.2 Proposed Methods

4.2.2.1 Nomenclature

The following symbols are used in the remainder of this work.

d day of the month

g number of groups with similar score

h hour of the day

m number of monthly data points per house

n number of houses in the dataset

s a segment in segmented or piecewise linear regression

X weekday or weekend data matrix with hours of the day as rows and days of

the month as columns with entries xh,d ∈ X

Z z-score matrix with entries zh,d ∈ Z

δ user or building administrator-defined threshold

µh hourly mean

σh hourly standard deviation

label1 positive side of the anomaly

label2 negative side of the anomaly

score a row vector of anomaly scores
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Figure 4.1: Probability density functions that best-fit four different houses in short-range dataset. The best-
fit distribution for house ids starting from top-left quadrant, going in clockwise direction (1,2,14,8) are alpha,
exponnorm, skewnorm and beta respectively.

pos a list of indices of anomaly scores sorted in descending order

4.2.2.2 Methodology

One concern that power utilities have is to reduce the number of customer com-

plaint calls when they receive a high energy bill. Informing a customer in ad-

vance, proactively, can be a positive experience for customers.

For cases like these, we have devised an approach that would detect anoma-

lies from weekly or monthly data. This approach gives power utilities a flexi-

bility to input the desired threshold, δ such that if the z-score is above or below

δ standard deviations (δ-SDs), the observation would be considered anomalous

and marked as ‘1’. This flexibility can help the utilities to easily segregate cus-

tomers based on the degree of their anomalous activities. Customers with high

anomaly scores are likely to get high energy bills in the future, hence they have
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a higher chance of making a complaint call.

The energy consumption (kWh) histograms of different houses in Dataport dataset

were fitted with best (least sum of squared error) probability density functions.

The set of probability density functions used to fit the histograms were alpha,

beta, gamma, chi squared, boxcox, rayleigh, skewnorm, lognorm, loggamma,

weibull, exponorm and logistic. The details of these continuous distributions

can be found in the statistics package of SciPy1. Fig. 4.1 shows histograms of

four different houses with ids 1,2,8 and 14 fitted with four different probability

density functions that are alpha, exponnorm, beta and skewnorm. As can be

seen in fig. 4.1, there is no particular distribution that best fits all the houses in

the dataset. Therefore, a distribution function can not be generalized for all the

houses.

We know that Chebyshev’s inequality [191] guarantees that at least 75% of

data lies within 2-SDs of the mean or in other words for a threshold δ, we can

say that at most (100/δ2)% of values that are outside (δ-SDs) are considered as

anomalous. This theoretical bound is much weaker than the actual but that is

expected. We propose two approaches to generate ground truth anomaly labels

based on the size of the available data: short-range and long-range.

4.2.2.3 Short-Range Data

This method is based on the z-scores. A z-score is a measure of how many

standard deviations a data point is from the sample mean. The intuition behind
1https://docs.scipy.org/doc/scipy/reference/stats.html
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Algorithm 2: Statistical method to generate ground-truth anomalies for short-range data
Require: n,m, δ

for i = 1 : n do
for j = 1 : m do
calculate µh, σh

calculate zh,d =
xmh,d−µh

σh
(1)

label1h,d ← zh,d > δ
label2h,d ← zh,d < −δ
labelh,d ← label1h,d | label2h,d
label1d ←

∑
h(label1h,d)

label2d ←
∑

h(label2h,d)
score← label1d − label2d
[pos]← Rank days based on score
F ind g groups of days with same score,

for k = 1 : g do
calculate zd ←

∑
h:zh,d>δ

zh,d (2)
sort days in each group g based on zd scores
update pos

end for
end for
normalize score← score−min

max−min (3)
end for
Return score, pos

a separate algorithm for a short-range data is the uncertainty in the consumption

pattern and also unavailability of long-range datasets due to privacy concerns.

For this method, we separate the monthly data into groups of days with sim-

ilar energy consumption profiles. For residential houses, we create two groups,

weekdays and weekends. The energy consumption profile of days belonging to

the same group would be similar. We then perform the following steps for each

group.

1. For each data group matrix X, whose (d, h)th entry represents the amount

of energy consumed at hth hour of the day and dth day of the month, we

compute the hourly mean µh and standard deviation σh across all days in
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the group.

2. We then compute the z-score for each element in the matrix X using eq. (1)

in Algorithm 2.

3. The threshold for anomaly is taken as an input by the user. The values in

matrix Z are compared with the threshold. If the value of |zh,d| > δ, then

the label is marked as ‘1’ (abnormal) else ‘0’ (normal). The obtained label

values are stored in binary matrices, label1h,d and label2h,d, respectively.

The label for each hour of the day labelh,d is obtained by performing a

logical ‘or’ operation between label1h,d and label2h,d.

4. For the day-level score, we sum the rows of ground truth matrix obtained

at hour-level. We then subtract the scores in label1h,d and label2h,d matri-

ces to get the net score. The value of net score determines the extent of

abnormal energy consumption on a particular day. The positive net score

indicates the positive side of anomaly, that is when the energy consumption

is more than usual, whereas the negative score indicates the abnormally low

energy consumption.

5. The annotated positive and negative label on a weekend group is shown in

fig. 4.2. This figure shows energy consumption of House1 from Dataport

on weekend days. The red circles indicate positive anomaly whereas the

black star represents negative anomaly. As we are more interested in the

positive side of the anomaly, we sort the days in the descending order of

the day-level anomaly scores.
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Figure 4.2: Annotated anomalies on a weekend data group in short-range data

6. We create groups of days with the same anomaly score to resolve the rank-

ing conflict between days with the same score.

7. For each group, we compute the sum of z-score values that are greater than

the desired threshold δ, as shown in eq. (2).

8. Finally, we normalize the scores using min-max normalization using eq.

(3) in Algorithm 2, where the max and min values are taken from the data

group matrix X.

9. The algorithm outputs pos which represents days in decreasing order of

their anomalous behaviour and score which defines the extent to which

these days are anomalous. A day is anomalous if it is assigned a score

greater than 0.

4.2.2.4 Long-Range Data

Long-range energy usage and temperature data gives a better understanding of

the user consumption pattern through the annual seasons. With more data, it is

easier to know the consumption trend of a user.
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Figure 4.3: Prediction of energy usage by segmented linear regression. Three different case scenarios of energy
consumption using segmented linear regression are: a) unsegmented linear regression b) segmented linear regression
with one breakpoint, and c) segmented linear regression with two breakpoints. Actual energy consumption is shown
in blue dots whereas the segments that best fits the data are shown in black.

For this case, we have used annual energy and temperature data from dif-

ferent houses. This data is sampled at hour-level. The correlation coefficient

between outside temperature and energy consumption as shown in fig. 4.3a is

0.955. The high correlation between these two variables is the foundation of

this approach. The graphs shown in fig. 4.3 represent three different cases of

energy consumption with respect to the outside temperature. During winters,

the energy consumption increases as the temperature decreases due to invari-

able heating needs. This is represented in fig. 4.3 by the negative slope segment

‘AB’. Similarly, during summers, as the temperature increases the energy con-

sumption also increases due to cooling loads as can be seen by the positive

slope segment ‘CD’. The energy used for cooling or heating of the building

is referred to as temperature-sensitive usage. The energy used by computers,

lights or appliances not sensitive to the outside temperature is referred to as

temperature-insensitive usage. This kind of usage can be identified by a seg-

ment with a near-zero slope, ‘EF’. A house could have a cooling or a heating

appliance, or both, or none, therefore a single linear regression function is not

adequate to cover all the cases. This is why the segmented linear regression is
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Figure 4.4: Block diagram for annotating ground truth anomalies using long-range data

necessary, as described below.

1. The first step is to prepare the dataset for training. Preprocessing involves

cleaning the data, removing inconsistent and redundant timestamps, adding

missing timestamps, adding missing energy consumption values and inte-

grating hourly temperature data. The missing values are usually caused by

a hardware or a software failure of the measurement device. The missing

energy values were replaced by the values of previous or next year’s data

corresponding to the same timestamp. For cases where the previous and

next year data was not available, the average of previous and next hour of

the current year was used.

2. After the data is preprocessed, it is split into training and validation sets in

the ratio of 9:1 respectively. A single instance or sample at hth hour was

selected from every 10 samples to create the validation set. The remaining

samples were used for the training set.

3. Next, the training set is used for model selection or model training. Grid
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search is used to train the model. The parameters in the case of pure, un-

segmented linear regression are also tuned in this step. The parameters

tuned include the set of breakpoints in the case of segmented regression,

regression coefficients and constants. The optimal value of the breakpoint

is found such that the coefficient of determination, R2 shown in eq. (4) is

maximum. In this equation, yi refers to the observed data point, ȳ is the

mean of all the observed data points and fi represents the predicted power

consumption.

R2 = 1−
∑

i(yi − fi)2∑
i(yi − ȳ)2

(4)

4. The model is tested on the validation set. In a scenario where no heating

or cooling is used, the unsegmented linear regression may perform better

than the segmented one.

5. The sorted temperature values are grouped together such that each group

has sufficient number of energy consumed data points. Since the frequency

distribution of data points at the maximum and minimum temperature val-

ues will be minimum, we merge the groups such that each group has suffi-

cient (in our case atleast 20) number of data points.

6. The grouped training data is partitioned based on the parameters obtained

from the test on the validation set. The number of segments and the break-

points are optimally chosen depending on the best R2 value.
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7. For each segment in the partitioned training dataset, energy consumption

values are predicted using the best learned linear regression coefficients

and constants values.

8. To determine the anomalous data point, we compute the z-score of the

difference between the actual and predicted energy consumption as we did

in step 2 of Algorithm 2. We compare the z-score with δ, as we did in step

3 of Algorithm 2 to obtain two binary column vectors, label1h and label2h

representing the positive and negative side of the anomaly respectively. To

obtain the final label, we performed a logical ‘or’ operation between label1

and label2 generated for each timestamp.

9. Using these binary anomaly labels for the grouped training dataset, we

identify the corresponding anomalous data in the actual hourly readings

and annotate the ground truth. On the grouped training dataset, figure 4.5

shows the normal or non-anomalous data (blue dots), regression model

(shown by straight lines) and anomalies (red stars). We may observe an-

notated anomalies (red star) closer to the straight line than the normal data

(blue dot) because data points are an average of energy consumption val-

ues lying in the same bin. So, it may be possible for one of the value in the

averaged group has z-score of the difference between actual and predicted

energy greater than a threshold whereas the rest of the values be closer

to the straight line. The correlation coefficients between the average yearly

energy consumption and the outside temperature corresponding to the three

regression line segments are 0.6545, 0.8440 and 0.7937 respectively.
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Figure 4.5: Annotation of anomalous observations in long-range data

4.2.3 Experimental Setup

4.2.3.1 Dataset

Dataport Dataset: The first dataset used is the publicly available Dataport

(Pecan Street) dataset with NILMTK [85]. We are using two months (April

and May) of meter-level data from nine houses. For convenience, we consider

30 days in both months. The average temperature in these two months was

19◦C and 23◦C, respectively. Short-range data analysis 4.2.2.3 was applied to

this dataset. We have used houses with ids 1, 2, 3, 4, 5, 8, 11, 12 and 14. The

house ids which were discarded due to missing data are 6, 7, 9, 10, 13. For each

month, the data was grouped based on the day types, that is, days of the week

with similar energy consumption profiles were grouped together. Therefore, for

each month we have weekdays consisting of 22 days and weekends consisting

of eight days. Aggregation of both groups of data takes place at an hour-level.
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Hence, the size of the weekday dataset per month would be (24 × 22) and that

of weekend would be (24× 8).

HUE Dataset: The second dataset used is collected from different residen-

tial houses located in Burnaby in British Columbia, Canada [21]. This dataset

has meter-level energy consumption values which are sampled at each hour. The

data is collected over a period of three years, ranging from January 2015 to Jan-

uary 2018. We have used five houses from this dataset with house ids 3, 4, 5, 6,

7. However, there are more than five houses in this dataset. Hourly temperature

data was included in the dataset, which we used to detect abnormal energy con-

sumption from yearly data. The integration of weather and energy consumption

data was done to find the correlation between them. Long-range data analysis

4.2.2.4 was applied to this data.

4.2.3.2 Performance metrics

Performance metrics allow us to measure how accurately a detection algorithm

identifies an anomaly in the energy consumption pattern. It is important to

measure how effective an approach is in the classification task of anomalous vs

non-anomalous behaviour of energy signals. The notion of anomaly score is

used to quantify the extent of anomalous behaviour in the energy signals. High

anomaly score means high degree of anomalousness. For example, the work

done by [2], uses robust statistical methods to determine if the current day’s

energy consumption is significantly different from the previous days’ energy

consumption. They use generalized extreme studentized deviate (ESD) as an
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outlier identification method [172]. To quantify how far and in which direction

an outlier is from the mean value of non-outlier observations, a modified z-score

was used.

We have compiled a list of performance evaluation metrics that have been

used to measure the performance accuracies in the majority of the anomaly

detection methods. These are explained in the remainder of this section.

4.2.3.3 True Positive Rate (TPR)

This is also commonly known as sensitivity, or outlier detection rate, or recall.

TPR is the proportion of correctly identified positive classes from the total pos-

sible positive conditions, that are true positives (TP) and false negatives (FN).

In the context of anomaly detection, TPR measures the fraction of anomalous

events identified by a given method.

TPR =
TP

TP + FN
, (4.1)

The research done by [152, 183] have used TPR as their performance evaluation

metric. In section 4.2.4, TPR is reported as the mean of all TPR values obtained

from different houses.

4.2.3.4 True Negative Rate (TNR)

Also known as specificity, TNR is the proportion of correctly identified negative

classes from the total possible negative conditions, that are true negative (TN)
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and false positive (FP). In the context of anomaly detection, TNR measures

the fraction of non anomalous events identified by a given method. References

[183, 3] have used TNR to measure the accuracy of their testing. Both TPR and

TNR aim to reveal how accurately a technique has identified the true nature of

a given sample, that is whether it is anomalous or not.

TNR =
TN

TN + FP
, (4.2)

4.2.3.5 False Positive Rate (FPR)

FPR refers to the rate of false alarms or fall-out, which means misclassifying

some non-outliers as outliers. It has been applied as an accuracy metric in

[192, 152, 183].

FPR = 1− TNR , (4.3)

4.2.3.6 F1 score

F1 score or F-measure is widely used in the field of information retrieval for

measuring search, document classification and query classification performance.

It indicates the retrieval effectiveness of the system and is defined as the har-

monic mean of the precision defined in eq. (4.5) and recall (TPR). F1 score is

defined in eq. (4.4).

F1 =
2 ∗ prec ∗ recall
prec+ recall

, (4.4)
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Precision and Recall (TPR), on the other hand are the traditional perfor-

mance metrics used to evaluate the quality of the information retrieval system

[193, 194], and are also widely used to measure the performance of outlier de-

tection schemes. Precision (prec) is the fraction of relevant instances among the

retrieved instances as defined in eq. (4.5). High precision is when the algorithm

returns more relevant results than irrelevant ones. On the other hand, recall (or

TPR ), as defined in eq. (4.1) is the fraction of relevant instances that have been

retrieved over total relevant instances. High recall is when the algorithm returns

most of the relevant results. Equation (4.6) expresses F1 score in terms of TP,

FP and FN.

prec =
TP

TP + FP
, (4.5)

F1 =
2TP

2TP + FN + FP
, (4.6)

Reference [156] uses precision and recall as metrics to compare and evaluate

the performance of outlier detection schemes on real-life and synthetic datasets.

4.2.3.7 Jaccard Index

Jaccard index, also referred to as intersection over union (IOU), is a metric used

for comparing the similarity and diversity of sample sets. In the context of

anomaly detection, this measure estimates the similarity between the two sets
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of data, one obtained through the anomaly detection method and other from the

ground truth anomalies.

Jaccard =
TP

TP + FP + FN
, (4.7)

4.2.3.8 False Positive when detection rate is 100% (FP-100)

FP-100 is the number of false positives returned by the algorithm when the

algorithm has detected all the anomalous days as given in the ground truth. It

can be used to compare two algorithms, suppose if a dataset has 10 known

anomalies and the rank of the 10th anomaly is 17 by algorithm ‘A’ and 20 by

algorithm ‘B’, then algorithm ‘A’ is better than ‘B’ because for 100% detection

rate, ‘A’ has only 7 false positives whereas ‘B’ has 10. The work by [192] have

used FP-100 as a metric to evaluate the performance of their algorithm.

4.2.3.9 Area Under Curve (AUC)

The receiver operating curve (ROC) is commonly used to measure the perfor-

mance of the classifier by plotting true positive rate against false positive rate.

The area under this curve, AUC, defines the quality of the detector. AUC is

often used to measure the performance of the algorithm [192, 3, 152, 183]. The

value of AUC = 1 represents a perfect anomaly classifier whereas a value of

AUC = 0.5 signifies the performance of the model to be no better than a random

guess.
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4.2.3.10 Partial Area Under Curve (pAUC)

The partial area under the curve is a performance metric defined as the area

within the range of specific true positive and false positive rate. It is more

suitable for comparing classifiers whose ROC curves cross [183]. For example,

if amongst two anomaly classifiers A and B, let us say A has better true positive

rate than B in a specific false positive rate range while classifier B performs

better in a different false positive rate range, then we can identify a specific

range relevant to the application to apply pAUC rather than AUC, which gives

an overall combined metric.

4.2.3.11 Rank Power

Even though Precision and Recall are widely used to measure the accuracy of

anomaly detection, they still lack in some respects, mainly because they do

not give any preference to the ranks, that is, how anomalous is a particular

sample. As proposed by [156], rank power shown in eq. (4.8) evaluates the

ratio of known anomalies and anomalies returned by an algorithm along with

their rankings [192].

RankPower(k) =
l · (l + 1)

2 ·
∑l

i=1Ri

(4.8)

where l is the number of outliers among top k objects. Ri is the position of the

ith outlier in a rank-order list.
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4.2.3.12 Implementation

Algorithms used to annotate the data observations using short and long-term ap-

proaches were implemented in MATLAB. The codes to implement these meth-

ods have been made available on GitHub2. The implementation of various per-

formance metrics is also publicly available at the same site.

4.2.4 Results

We conducted performance experiments on real-world publicly available datasets.

As mentioned in section 4.2.3.1, we have used a subset of Dataport dataset [85]

and the HUE dataset [21] to generate labels for short-term data (weekly or

monthly) and long-term energy consumption data (yearly) respectively. The

ground truth labels are generated for three different thresholds, that are 1.65-

SDs, 2-SDs and 2.5-SDs. As the value of threshold increases, the anomalies

become sparser.

The anomaly scores obtained using anomaly detection methods [2, 3, 161]

are compared with the scores generated through Algorithm 2. These methods

which we refer to as ‘multiuser’ [161], ‘hp’ [3] and ‘seem’ [2] have been briefly

discussed in section 4.3.1 of this work. Table 4.1 shows a comparison of differ-

ent accuracy measures for weekdays and weekends separately, provided that the

data lying outside ±1.65-SDs is considered anomalous. Similarly, Tables 4.2

and 4.3 report the accuracies of algorithms for thresholds ±2-SDs and ±2.5-
2https://github.com/megha89/AnomalyDetection
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SDs, respectively. The upward (↑) and downward (↓) arrows in tables 4.1, 4.2

and 4.3 indicate the direction of desirable performance according to that metric.

For both weekday and weekend groups, it can be observed from Tables 4.1, 4.2

and 4.3 that [161] gives the best TPR whereas [2] outputs the lowest TPR across

all thresholds. One possible reason why [2] outputs the lowest TPR could be

that they consider an upper bound on the number of potential outliers, ou. The

maximum number of potential outliers can be ou < 0.5(o − 1) where o is the

total number of observations. We should also note that its anomaly detection

rate increases as we increase the threshold for anomalous data.

Contrastingly, in case of TNR, [2] clearly outperforms the rest in correctly

identifying the normal observations from abnormal ones during weekdays and

weekends. Furthermore, in case of false alarms or FPR, [2] again has a very low

misclassification rate in comparison to others methods. After comparing TPR,

TNR and FPR values, it can be concluded that the techniques [161] and [3]

classified majority of the normal data as abnormal therefore maximizing TPR

and FPR but minimizing TNR. Thus, only presenting a very high TPR result can

be misleading if it is not accompanied with high TNR and low FPR values. All

three rates are important to make an informed decision about the classification

accuracy.

The ability of an algorithm to return all known outliers with minimum num-

ber of false positives is captured by the metric FP-100. Here, [3] returns less

false positives when detection rate is 100% than [161] in case of weekdays but
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vice versa for weekends. We have not mentioned the results from [2] because

this method does assign a score to all the observations, therefore leading to cases

where known anomalies are more than the assumed potential anomalies.

The other metric, F1 score, which is based on precision and recall, evaluates

the ranking of results. From eq. (4.6), we observe that F1 is directly propor-

tional to TP and inversely proportional to the sum of FN and FP. Therefore, best

F1 can only be attained with high true positives and low false positives and false

negatives. On comparing F1 scores across all thresholds, we observe that when

the threshold is highest, [2] attains the best F1 score. Also, it should be noted

that as the threshold value increases, the F1 score using [2] also increases but

on the other hand, this score decreases for [161].

Jaccard index as shown in eq. (4.7) is a metric similar to F-score. It is a

statistic used to estimate the similarity of two sets of data. We use the Jaccard

index values to compare the accuracy of different anomaly detection methods.

Intuitively, it follows a similar trend as F1 score but with lower scores.

The most commonly used metric is area under the ROC curve (AUC). After

the ranked list of data is obtained from a algorithm, the user chooses a threshold,

τ ∈ (0,1) declaring that the points above the threshold are anomalous and, the

remaining normal. Each choice of value of τ gave out a certain value of true

positive and false positive. On varying this threshold τ , different values of TPR

(y-axis) and FPR (x-axis) were obtained, leading to a ROC curve. The values

for AUC presented in Table 4.2 were calculated after considering thresholds
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from 10% to 90% with a step size of 10%. It has been presented in the table 4.2

even though it has no relation with the specific threshold, τ = 2 as it is the are

under the ROC curve across all thresholds. The low values of AUC is due to the

low range of false positives. Though the values of TPR and FPR were high but

the range across all thresholds was very low leading to low AUC.

Rank power [156] is an effective metric that meets the users’ satisfaction by

factoring in the rank of the outliers. As shown in eq. (4.8), rank power for k

objects is the ratio of known l anomalies in top k data to the ranking of those l

anomalies as returned by the algorithm. In our study, we took the value of k as 3

because the number of anomalies returned by [2] in case of weekend data were

at most 3. Tables 4.1, 4.2 and 4.3 show that [2] outperforms other approaches

across all thresholds. From the results, we can say that the ranking of anomalies

in case of [2] was more precise than the rest. We have also graphically presented

the results given in the tables using overlapping bar graphs in figures 4.6 to 4.11.

From this experiment, we can conclude that [2] outperformed the rest of

the techniques. If it had assigned scores to all the days, then it would have

performed the best across all the reported metrics.

4.2.5 Summary

In this work, we discuss the two most common problems in detecting abnormal

energy consumption in buildings. The first problem is the the lack of labelled

ground truth to train supervised models, and the second is the lack of consistent
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Table 4.1: Performance accuracies on weekdays and weekends on Dataport when the threshold is 1.65-SDs

weekdays weekends

Metrics seem
[2]

hp [3] multi-
user
[161]

seem
[2]

hp [3] multi-
user
[161]

TPR ↑ 0.4788 0.9491 0.9974 0.3706 0.8679 0.8721
TNR ↑ 0.9889 0.038 0.0056 1.0000 0.0944 0.2093
FPR ↓ 0.0111 0.962 0.9944 0.0000 0.9056 0.7907
F-score ↑ 0.6397 0.9 0.9218 0.5307 0.7795 0.7908
Jaccard Index ↑ 0.4741 0.829 0.8651 0.3706 0.6558 0.6696
FP-100 ↓ NA 2.7778 2.7778 NA 1.5556 1.4444
Rank Power ↑ 0.4133 0.1006 0.1060 0.5660 0.2870 0.3013
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Figure 4.6: Comparison of performance accuracies on weekdays when the threshold is 1.65-SDs
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Figure 4.7: Comparison of performance accuracies on weekends when the threshold is 1.65-SDs

172



Table 4.2: Performance accuracies on weekdays and weekends on Dataport when the threshold is 2-SDs

weekdays weekends

Metrics seem
[2]

hp [3] multi-
user
[161]

seem
[2]

hp [3] multi-
user
[161]

TPR ↑ 0.5478 0.9592 0.9974 0.4540 0.8721 0.9156
TNR ↑ 0.9239 0.0389 0.0046 0.8976 0.1376 0.1857
FPR ↓ 0.0761 0.9611 0.9954 0.1024 0.8624 0.8143
F-score ↑ 0.6641 0.8085 0.8208 0.5412 0.6117 0.6469
Jaccard Index ↑ 0.5032 0.7035 0.7259 0.3993 0.4702 0.5030
FP-100 ↓ NA 4.8333 5.5000 NA 2.6111 2.2778
AUC ↑ 0.0930 0.1233 0.0554 0.0773 0.0870 0.0949
pAUC ↑ 0.0879 0.0133 0.0013 0.0815 0.0365 0.0244
Rank Power ↑ 0.3724 0.0830 0.0855 0.4329 0.1988 0.2456
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Figure 4.8: Comparison of performance accuracies on weekdays when the threshold is 2-SDs
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Figure 4.9: Comparison of performance accuracies on weekends when the threshold is 2-SDs

Table 4.3: Performance accuracies on weekdays and weekends on Dataport when the threshold is 2.5-SDs

weekdays weekends

Metrics seem
[2]

hp [3] multi-
user
[161]

seem
[2]

hp [3] multi-
user
[161]

TPR ↑ 0.7174 0.9676 0.9974 0.4696 0.8721 0.9782
TNR ↑ 0.8377 0.0517 0.0043 0.8125 0.1376 0.1821
FPR ↓ 0.1623 0.9483 0.9957 0.1875 0.8624 0.8179
F-score ↑ 0.7012 0.6131 0.6142 0.3914 0.6117 0.4325
Jaccard Index ↑ 0.5516 0.4692 0.4733 0.2844 0.4702 0.3135
FP-100 ↓ NA 7.6667 8.3889 NA 2.7778 1.333
Rank Power ↑ 0.4133 0.1500 0.1180 0.1446 0.1686 0.2071

0	

1	

2	

3	

4	

5	

6	

7	

8	

9	

TPR	 TNR	 FPR	 F-Score	 Jaccard	Index	 FP-100	 Rank	Power	

seem	[40]	 hp	[10]	 mulG	[8]	

Figure 4.10: Comparison of performance accuracies on weekdays when the threshold is 2.5-SDs
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Figure 4.11: Comparison of performance accuracies on weekends when the threshold is 2.5-SDs

performance accuracy metrics.

To mitigate the first problem, we have proposed two methods to generate la-

belled data for abnormal energy consumption in buildings. These methods are

based on the size of the available dataset. For a short-term dataset, we have

proposed a statistical approach that uses user-defined input as a threshold for

anomaly scores. It outputs hourly and day-level binary labels and scores denot-

ing whether the given hour is anomalous or not, and to what extent, respectively.

The other method is for long-range data, where an approach based on segmented

linear regression is proposed. It uses the correlation between the average tem-

perature values and average energy consumption values to find the anomalous

timestamps.

For the second problem, we studied and conducted experiments to evaluate

different performance metrics used in the field of anomaly detection. We can

therefore conclude that there is no perfect metric available that can capture all

kinds of anomalous behaviour. However, the combination of TPR, TNR, FPR,
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Rank Power, AUC and FP-100 metrics gives a more robust and accurate view

of an algorithm’s performance.

The contributions made through this work are: (1) proposed two novel meth-

ods to generate labelled data, (2) a publicly available source code to generate

labelled data, (3) a publicly available annotated dataset of anomalies, (4) a com-

prehensive review of different accuracy measures, and (5) a framework and dis-

cussion of what performance accuracy metrics to use.
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4.3 Anomaly detection using online RPCA

4.3.1 Literature Review

Anomalies observed in energy consumption are either due to malfunctioned

appliance or due to change in ambient environment. So contextual (week-

day/weekend effect, social gathering) information, if available is used in ad-

dition to energy consumption data to detect anomalies. Accordingly, various

anomaly detection works are classified either as contextual or non-contextual.

In this section we mention all the notable works in anomaly detection.

John[2] uses a statistical approach (mean and standard deviation) to iden-

tify anomalous days. He first groups days according to various criteria (week-

end/weekday) and then computes anomaly score for each day consumption. The

division of days into various groups is done according to energy consumption

pattern.

Belalla et al.[3] proposed an unsupervised anomaly detection algorithm. They

first created a low dimensional representation of each day energy consumption

and then used k-NN to compute anomaly scores by comparing lower dimen-

sional representation of various days. A work proposed by [161] identified

anomalous users by periodically computing each user’s anomaly score, just by

considering their respective energy consumption. This score was then adjusted

by analyzing the consumption in the neighborhood for unknown context vari-

ables that influence the historic consumption pattern in the same way. Partial
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context information which was directly available from the meter readings, i.e.,

time stamp and meta-data attached to the meter identity is used in their work.

Rashid et al. [195] proposed a generic anomaly detection method for com-

mercial and residential buildings following different energy usage patterns. They

use a CCS (Collect, Compare and Score) strategy where first the hour-level en-

ergy usage data for several days was collected, then it was compared with other

days using euclidean distance. Finally, the score (0/1) was computed for each

day using Local Outlier Factor.

Another work [196] proposed various predictive machine learning approaches

(k-NN, ANN, SVM) to identify anomalies in the energy consumption of univer-

sity buildings.

Instead of working on directly on energy consumption data, Chen et al. [129]

created a symbolic representation of the data on which they used clustering

technique to identify anomalies. A comprehensive survey on anomaly detection

in several different domains is presented by Chandola et al.[158].

The objective of our approach is to detect the anomalies from the meter-level

(house) data. It follows the same framework as followed in video surveillance

where the moving objects in the foreground are separated from the background

[197]. Robust Principal component analysis (RPCA) is used to decompose the

data matrix into low-rank component (L) representing the background sequence

and moving foreground object constituting the correlated sparse outliers (S).

[198] proposed a convex program called Principal Component Pursuit (PCP)
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which surprisingly guarantees the exact recovery of a low-rank matrix L from

highly corrupted energy measurements E = L+ S.

Our work monitors the energy consumption levels of different houses. All

these houses are modeled separately. Each column vector in energy consump-

tion matrix (E) represents the hourly energy consumption of a day. The con-

catenation of such column vectors represents the energy consumed by a house

on different days of the month. We can assume that the energy consumed by

a house on different days of the month would exhibit a repetitive pattern. If

we stack these column vectors of different days together, we would produce a

low rank matrix, (L). There would be some days that would not conform to this

regular pattern, such days are called anomalous days. These days would be mod-

elled by a sparse matrix. The problem is to decompose the energy consumed

(E) into its low-rank (L) and sparse component (S) where the former denotes

the fair energy consumed by the users and the latter represents the anomalous

behavior of the signal.

Table 4.4 demonstrates how decomposition in RPCA takes place. We take

noisy energy consumption, E as input. E(19, 7) denotes the energy consump-

tion of day 7 at 1900 hours. Here, we show the aggregated energy consumption

values from 8 days of a single house. RPCA chooses the value of low-rank

component based on the energy consumption across 8 days. In this example,

the low-rank component is found to be 2243 and sparse component is the re-

maining of the consumed energy, (S = E − L). Clearly, higher value of (S)

represents higher abnormal behaviour. The anomaly scores are assigned values
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Table 4.4: Decomposition of total energy (E) into low-rank (L) & sparse matrix (S)

Day 7 8 9 10 11 12 29 30

E(19) 2248 2211 4352 2334 3158 2238 3237 5043
L(19) 2243 2243 2243 2243 2243 2243 2243 2243
S(19) 5 -32 2109 91 915 -5 994 2800

in proportion to the value of the sparse component (S). In this example, we can

say that day 30 is the most anomalous day followed by day 9.

The energy signal has outliers that are sparse but can be large in magnitude.

The objective of our work is to recover both the signals; however, the sparse

component is the object of interest in our case. We apply a convex program

called Stable Principal Component Pursuit (SPCP) to recover the L & S matri-

ces using the meter and appliance-level data.

The major contributions of this work include:

1. Modeling energy consumption within buildings as a mixture of low-rank

and spare components.

2. Evaluation of our approach on publicly available dataset.

3. Comparison of our approach with state-of-the-art anomaly detection tech-

niques.

4.3.1.1 Robust Principal Component Analysis

Principal Component Analysis (PCA) is a statistical procedure for identifying

a smaller number of uncorrelated variables called principal components from

a large set of data. The objective of PCA is to explain the maximum amount
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of variance with the fewest possible number of principal components. It is the

most widely used tool for data analysis and dimensionality reduction. However,

when the observations are grossly corrupted, this technique does not perform

well. Since the gross errors are ubiquitous in modern day applications, several

modifications have been proposed to robustify this technique [199, 200, 201].

However, none of these proposed approaches result in a polynomial-time algo-

rithm with strong performance guarantees.

The first work on robust PCA was developed by Candes et al. [198] who

proposed a convex program called Principal Component Pursuit to address the

robust PCA problem. This version of RPCA-PCP, guarantees the exact recovery

of a low-rank matrix L from highly corrupted energy measurements E = L+S.

The entries in S are sparse but can have large magnitude unlike the small noise in

classical PCA. In our application, the sparse component is the object of interest.

RPCA has found several important applications in areas where the data can

be naturally modelled as a low-rank plus a sparse contribution. It is applied

to several applications in the field of image and video processing like image

analysis, image denoising, motion saliency detection, video coding, foreground

and background separation, etc. The past research in RPCA which is based on

the decomposition into low-rank and sparse component differs in the loss func-

tion, the decomposition, optimization problem and the solvers used in solving

the problem. Bouwmans et al. [202] gave a comparative review of RPCA-PCP

based methods like RPCA via PCP [198, 203], RPCA via outlier pursuit [204],

RPCA via Iteratively reweighted least squares [197, 205, 206], bayesian RPCA
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[207], variational BRPCA [208] and approximated RPCA [209] that are used

in the field of video surveillance for foreground detection. Wang et al. [210]

proposed an efficient face recognition algorithm which is robust in uncontrolled

environmental conditions like illumination, expression and occlusion. The au-

thors claim that this method outperforms all other techniques [211, 212, 213]

in all conditions. Other areas where RPCA is used are latent semantic indexing

[214, 215] where a document-term matrix is decomposed as a sum of low-rank

(L) and sparse components (S); (L) being the common words used in all doc-

uments and (S) being the keywords that best distinguishes each document. To

the best of our knowledge, this is the first time RPCA-PCP has been applied in

the energy domain to identify anomalies in residential buildings.

4.3.2 Proposed Approach

In this work, we consider the problem of detecting anomalous days/ appliances

from the uniform trend of the noisy energy consumption data in a residential

building using robust principal component analysis method.

In Fig. 4.12, we show the hourly power consumption of a randomly chosen

house of five consecutive weekdays. The anomalies can be visually identified.

In general all the days have three peaks between 5-10, 10-15 and 20-24. One

of the peaks (10-15) is missing on day 4. Intuitively this is an anomalous event

where the power consumption is less than what it should be (maybe a case of

power outage). On the other hand, the third peak (20-24) is much higher for day

1 than the rest of the days. This too is likely to be an anomaly - possibly due to
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Figure 4.12: Power consumption on 5 consecutive weekdays

power theft.

For both the cases, one can see that the period of anomaly is brief - this fol-

lows from the nature of anomaly. Also, from the definition of anomaly, one

can say that the power consumption changes sharply for such events. Therefore

mathematically speaking, anomalies will always be sparse and sharp. If we as-

sume that the hourly data for each day is represented by a vector xk, k=1. . . n,

then we can stack the daily vectors as columns of a matrix X = [x1| . . . |xn].

This matrix can be segregated into two additive components. The first one mod-

els the non-anomalous / normal portion (say L). This portion will remain ap-

proximately the same for every day (as can be seen from Fig. 4.12); hence

the columns will be linearly dependent. Therefore, the matrix (L) will be of

approximately low-rank.

The second portion (say S) models the anomalies. By definition this will be

sparse but with relatively high values (both negative - for outage and positive -

for theft). Overall, we can express the model as follows,

X = L+ S +N (4.9)
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where N is the modelling noise assumed to be Normally distributed. Our task is

to estimate L and S given X. This problem is called robust principal component

analysis (RPCA) [198]. The solution to (4.9) is called Principal Component

Pursuit (PCP). This is expressed as a solution to the following problem,

min
L,S
‖X − (L+ S)‖2F + λ‖L‖∗ + µ‖S‖1 (4.10)

Here the first term is a Frobenius norm minimization owing to the Gaussian

nature of noise. The nuclear norm models the low rank component; the l1-norm

models the sparse component. PCP is convex being a sum of convex functions.

Therefore it is guaranteed to reach the global minimum.

This is the offline version of RPCA. One can only detect and estimate the

anomalies once the full data is available. However, in practical situations, an

online algorithm is required, i.e. given the estimate till the previous day, how

to decompose the current day’s power consumption into normal (low-rank) and

anomalous (sparse) components? This is achieved via online RPCA [216].

Suppose that for the k − 1th day, the Xk−1 has already been segregated into

low-rank (Lk−1) and sparse (Sk−1) components, i.e. Xk−1 = Lk−1+Sk−1. When

the data for the kth day is available, online RPCA needs to solve -

min
Lk,Sk

‖Xk − (Lk + Sk)‖2F + λ‖Lk‖∗ + µ‖Sk‖1 (4.11)
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This is done iteratively by alternately updating the two variables.

Lj+1
k = min

Lk

‖Xk − (Lk + Sjk)‖
2
F + λ‖Lk‖∗ (4.12)

Sj+1
k = min

Sk

‖Xk − (Lj+1
k + Sk)‖2F + λ‖Sk‖1 (4.13)

Here the superscript j denotes the iteration number; and Lk = [Lk−1|lk]

and Sk = [Sk−1|sk] where lk and sk corresponds to the normal and anomalous

(sparse) components for the kth day. Since Sk−1 and Lk−1 are known one can

efficiently estimate sk and lk via thinSVD [217] and projection onto l1-ball (such

as soft thresholding [83]). Both of them have linear computational complexities.

This brings down the order of computational complexity from O(n3) to O(n).

4.3.3 Experimental Setup

4.3.3.1 Simulation Study

We have carried out experiments on the Pecan Street dataset. The dataset has

longitudinal power consumption information for houses at both the appliance

and meter level. The appliance level information will not be used for this work;

we will only use the meter level consumption data.

In prior studies on unsupervised anomaly detection [3, 161, 2] the detection

was subjective. In the supervised approaches like [218, 219, 183] the anomaly

was assumed to be labeled. In [219, 183] it is not clearly mentioned how the

labelling was performed; the availability was tacitly assumed. A more princi-
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pled approach was followed in [218, 220] - the anomaly was injected in the

data; hence the label information was explicitly available. We follow the same

approach.

Strictly speaking there is no other study that can detect anomalies. Other

unsupervised techniques [3, 161, 2] can only say if a day was anomalous or not

- they cannot temporally segment the anomalies. Therefore these studies are not

directly comparable. However, for the sake of benchmarking we have compared

with them. If any portion of the day was injected with anomalies, we say that

the day was anomalous. Thus we are able to compare with [3, 2]. We have

used the standard metric of area under the curve (AUC) (Receiver operating

Characteristics) for comparison.

From the dataset different proportions of days (5%, 10% and 25%) were

injected with anomalies. The duration of the anomaly (half of it being negative

and the other half positive) was varied randomly from a uniform distribution

of 1 to 6 hours per day. If anomaly was injected, the entire day was labeled

as anomalous, otherwise the day was labeled normal. The AUC values are

shown in Table 4.5. The experiments were repeated 1000 times and the mean

and the standard deviations are reported. The results using different evaluation

metrics were also reported in Table 4.6. The proportion of days which were

injected with anomalies in this case was less than 5%. It can be seen here

that the proposed techniques outperforms the rest of the methods in identifying

anomalies.
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Method Proportion of anomalous days (mean ± std)
5% 10% 25%

Bellala et. al.[3] 0.85 ± 0.16 0.82 ± 0.19 0.61 ± 0.25
Seem [2] 0.78 ± 0.06 0.74 ± 0.11 0.57 ± 0.20

Online RPCA 0.92 ± 0.04 0.91 ± 0.06 0.87 ± 0.11

Table 4.5: Comparative performance (AUC)

Metrics Methods
RPCA Seem [2] Bellala et. al.[3]

TPR 0.783 0.750 0.771
FPR 0.066 0.191 0.412

F1 score 0.519 0.482 0.374
Jaccard score 0.376 0.251 0.236

AUC 0.921 0.869 0.782

Table 4.6: Comparative performance using different evaluation metrics

The results clearly establish the superiority of our method. Not only is ours

more accurate, but is more robust as well. The degradation in accuracy with

increasing proportion of anomaly is obvious - more the anomaly more does it

start looking like normal data and harder it is to separate. While our method

shows marginal decline in detection rate between 5% and 25% anomaly, the

existing techniques degrade much more rapidly.

4.3.3.2 Experiment on real data

For this study we use data collected on our campus that consists of lecture hall

complex, office complex, facilities and utilities, and dormitories. The dataset is

called I-BLEND [22]. It consists of meter-level data for all the buildings. On

our campus, in the case of a power outage, the supply automatically switches

to in-house generation. But heavy loads such as microwaves, washer, refriger-

ator, air conditioner etc. do not work. Therefore, from the power consumption

data one can clearly see reduced consumption (compared to the normal) in the
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Figure 4.13: AUC values for different buildings

case of a power outage. Being a secure campus, there is no case of power theft.

Therefore this dataset only consists of negative anomalies. Unfortunately the

anomaly labels are not available in the published dataset; it was curated from

afterwards from the facilities department and ratified by General Manager, Op-

erations.

We run online RPCA on this dataset and report the AUC for different build-

ings. The results are shown in fig. 4.13.

The lecture halls are manually controlled, and hence on normal days show

the most uniform pattern. Therefore any anomalous behavior is easy to spot.

Offices are the least controlled since faculty members work odd hours, hence

the normal pattern is not very regular. This is the reason, the anomaly detec-

tion results are the poorest here. Facilities building is also largely manually

controlled (normal behavior is uniform) and hence anomalies are easy to detect.

Dorms, although occupied by students who have varied lifestyles, are manually
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Figure 4.14: Comparative performance in terms of AUC for different buildings on campus. From left to right, we
have shown lecture buildings, office, facilities and dorm. Here, blue represents RPCA (proposed), orange is for [2]
and grey denotes [3]

.

controlled to a certain degree. For example, ACs are switched ON and OFF

centrally. Hence the anomaly detection results are better than that of offices.

Next we compare the day-level anomaly detection algorithms of Bellala et

al [3] and Seem [2] with the proposed online RPCA. The AUC plot is shown in

Fig. 4.14. The results corroborate the findings of synthetic experiments.

4.3.4 Summary

The goal of this work had been to develop an approach to detect anomalies in

meter level energy consumption. Anomalies were assumed to be of two types

- power theft and power outage leading to either positive or negative anomalies.

Robust Principal Component Analysis (RPCA) was employed for unsupervised

anomaly detection. The results show that we perform better than existing tech-

niques.
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Chapter 5

Conclusion and Future Work

In this work, we focused on the techniques that empower power utilities to

formulate efficient demand-side activities for sustainable energy. These include

non-intrusive load monitoring, load forecasting and anomaly detection. The

main contributions of this thesis are summarized below -

1. In the first part of this thesis, we proposed to modify the mathematical

framework for disaggregation to address two different problems. The first

problem is of the missing data and the other is the problem of data corrup-

tion by large yet sparse outliers. The resultant mathematical framework af-

ter incorporating both the modifications has been shown to yield improved

accuracy compared to the benchmarks.

2. Next, the work on learning robust dictionaries is extended to deal with the

problem of data corruption by large and sparse outliers. The problems

with the assumptions made by prior studies about the linear mixing model

have been discussed. As an extension, an approach that combines learning
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robust dictionaries and learning rank deficient codes was proposed.

3. In the next contribution, two supervised models on top of the unsupervised

robust dictionary learning are proposed to ensure that the learned dictio-

naries and sparse codes generated look different for each appliance. The

proposed models were shown to have improved accuracy over the existing

works.

4. The cost of NILM is directly proportional to the amount of data acquired at

the training phase. To reduce this cost, the analysis equivalent of dictionary

learning for NILM was proposed. It has better representation capability

than a dictionary. In practical scenarios of low training data regime, this

method always excelled over the state-of-the-art techniques.

5. The problem of short-term load forecasting was solved using Kalman filter-

ing algorithms. Owing to the problem’s non-linearity and non-stationarity,

we resort to using the nonlinear variants of the Kalman filter which are

extended Kalman filters (EKF) and unscented Kalman filters (UKF). The

research concluded that both the inputs (temperature and wind speed) in

conjunction with the past load improved the performance accuracy of the

model.

6. A deeper extension and generalization of the sparse coding based forecast-

ing approach was proposed. The improvement upon the prior work was

shown two ways. First, using deep dictionary learning, which is a deeper

non-linear extension of shallow dictionary learning. Second, in-built re-
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gression into the deep dictionary learning process. The results showed

improved prediction accuracy along with faster run-time.

7. Two problems commonly faced by the anomaly detection research com-

munity were mitigated. First, lack of availability of ground truth to test

the algorithms and second, lack of a unified performance accuracy metric.

Two approaches were proposed to generate the ground truth based on the

range of the available dataset. A detailed analysis of a list of performance

metrics used in the literature was presented. The existing works were eval-

uated against the ground truth generated by the proposed methods using

all the different performance metrics to review what works best with the

problem at hand.

8. An approach for unsupervised anomaly detection using robust principal

component analysis (RPCA) was proposed. Anomalies injected in the

dataset are assumed to be positive (power outage) and negative (power

theft). The results from the proposed method showed that proposed method

outperformed the existing techniques.

Some of the future research directions are highlighted below -

1. In this work, supervised NILM using dictionary learning and sparse cod-

ing methods has been explored. These methods required sub-metering ac-

tive power measurements during training phase which did not fully qual-

ify the non-intrusive aspect of NILM. Recent studies have explored semi-

supervised [221, 222] and unsupervised [223, 28, 26, 49] approaches to
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solve NILM. Semi-supervised methods require small number of labelled

training samples in a larger corpus of unlabelled training samples. Though

unsupervised techniques are a better fit for NILM problems but supervised

and semi-supervised approaches give better accuracies at disaggregation.

The next task would be delve more into semi-supervised and unsupervised

techniques for NILM.

2. In this work, load is predicted for a short horizon, that is prediction ahead

of days to weeks. An extension to this work could be to use appliance-

level load forecasting to detect anomalies present in the home appliances.

Another extension is to use NILM and anomaly detection in a single frame-

work.

3. The sparse coding deep dictionary learning models performed better over-

all but the predictions from these methods looked like lagged version of

actual values. This requires further investigation by tuning different param-

eters like the size of the dictionaries.

4. In anomaly detection, there is no unified accuracy metrics that could evalu-

ate the performance of different approaches. In the proposed work, a list of

metrics to evaluate different approaches is used. It is found that no single

metric gives consistent results on different techniques. To solve this issue,

a weighted combination of different metrics can be devised that further can

be used by the research community.
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