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ABSTRACT

Nonintrusive load disaggregation computer program

to estimate the energy consumption of major end-uses in residential buildings
Medgar L. Marceau

The objective of this thesis is to develop a methodology and the related computer
program for the nonintrusive load disaggregation of total-household electric load into its
end-uses. The computer program estimates the energy consumption of individua_l electric
appliances in a house based on the analysis of the current measured at the house-power-
source interface using a minimum number of sensors. The program, written in the C
programming language, is based on the analysis of total-household electric current data
collected over a period of one year from a house in Montréal. The nonintrusive load
disaggregation computer program can be incorporated into an Energy Monitoring and
Management System (EMMS). An EMMS will (i) continuously monitor and quantify the
real long-term energy impact of renovations, purchases, aging appliances, and changes in
occupant behaviour, (ii) increase the home owner’s awareness of actual energy
performance, and (iii) provide helpful recommendations to the home owner for improving

the energy performance of the house.

The program estimates the contribution of selected appliances to the total energy

consumption of the house. The contribution of an appliance to the total energy

iii



consumption is called the appliance energy share. The results show that for most of the

appliances the difference between measured and estimated energy shares is less than 5%.
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CHAPTER1

INTRODUCTION

The need to conserve energy is universally recognized. The environmental consequences
of energy production and use can no longer be ignored. Competition in the newly
deregulated energy market is forcing energy utilities to offer their customers new
services. For example, some electric utilities have already modified their residential rate-
structure to reflect the time-of-day cost of producing electricity. However, the cost to the
consumer will continue its inevitable increase until it actually reflects the true cost of
energy production and use. To cope with these rising costs, home owners need to be
aware of the actual energy performance of their homes, and they need access to

appropriate advice for implementing energy conservation measures.

1.1 ENERGY CONSERVATION

Almost all houses today were built when energy was cheap and when the environmental
consequences of energy production and use were usually overlooked. They were built
before any regulations on energy efficiency were available or enforced. Consequently,
today there are many opportunities for reducing energy consumption in the residential

sector.

Renovations, aging appliances, newly installed appliances, and changes in occupant
behaviour affect the energy performance of a house. But home owners are often unaware

of how these changes will affect performance. For example, installing a more-efficient



furnace will not necessarily reduce energy bills. If the occupants stop turning down the
thermostat at night because the new furnace is cheaper to operate, their energy costs can

actually increase [Zmeureanu and Marceau, 1998].

1.2 ENERGY AUDIT

To make informed decisions about energy conservation, home owners need a detailed
picture of energy use. An energy audit is an accounting of all such uses. Although this
kind of short-term monitoring is cost-effective, it can only provide energy auditors with
information about energy performance at a specific time. Long-term monitoring, on the
other hand, is more useful because it can provide feedback to the home owner, the utility
company, and the energy auditor on energy use and changes in energy use. However,
because it requires that all end-uses be monitored for a long time, it can be expensive, and

it can inconvenience the occupants.

1.3 LOAD DISAGGREGATION

Over the past several years, researchers have developed methods of disaggregating the
total energy consumption of a house into its end-uses. Analyzing the total-household
energy consumption can provide as detailed a picture of energy use as does detailed long-

term monitoring.

Load disaggregation is a method of extracting from the total load its constituent parts. It
yields information about the energy consumption of end-uses without having to measure

the end-uses directly for long periods of time; therefore, fewer sensors are needed, and



less data is collected. Since there is less data, less analysis is required. Consequently,

monitoring, storage, and transmission costs are lower.

Load disaggregation is intrinsically nonintrusive. Compare this to the conventional and
intrusive practice of sub-metering. Using load disaggregation, building occupants are not
inconvenienced by personnel installing devices on appliances throughout the building,
and there are no visible devices that continually remind the occupants that their behaviour

is somehow being monitored.

1.4 NONINTRUSIVE LOAD DISAGGREGATION COMPUTER PROGRAM

The objective of this thesis is to develop a methodology and the related computer
program for the nonintrusive load disaggregation of total-household electric load into its
end-uses. The computer program estimates the energy consumption of individual electric
appliances in a house based on the analysis of the current measured at the house-power-

source interface using a minimum number of sensors.

The development of the program was based on data collected from a house located in
Montréal. The total electric demand of the house and of each major appliance was
obtained from measurements of electric current over a period of one year. Figure 1 shows
how variations in the demand of the individual appliances are reflected in the total-
household demand. Rules that predict which appliance causes a particular change in the
total demand were identified and organized into an algorithm. This algorithm, called the
appliance-load recognition algorithm, forms the core of the computer program. The

program is coded in the C programming language.
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Figure 1. Variations in the demand of individual appliances are reflected in the total-
household demand. From M. Marceau and R. Zmeureanu. 1998. A non-intrusive appliance
load recognition algorithm to estimate the energy performance of major end-uses in
residential buildings. Proceedings of Second European Conference on Energy Performance
and Indoor Climate in Buildings, November 1998. Lyon, France.

The computer program has two major stages: (1) the sampling mode and (2) the
evaluation mode. In the sampling mode, the operating characteristics of each appliance
are defined using measurements collected over a sampling period of several days. At least
one current sensor per appliance is required to collect the appliance current data during
the sampling mode. In the evaluation mode, the appliance-load recognition algorithm

analyzes the electric current measured from the main supply line using the previously



identified statistics of each appliance. Two current sensors are required to collect the total
current data in the evaluation mode, that is, one on each supply line. The computer
program disaggregates the total-household electricity consumption into its constituent

parts.

The nonintrusive load disaggregation computer program described in this thesis can be
integrated into be the main component of an Energy Monitoring and Management System
(EMMS). An EMMS will (i) continuously monitor and quantify the real long-term energy
impact of renovations, purchases, aging appliances, and changes in occupant behaviour,
(ii) increase the home owner’s awareness of actual energy performance, and (iii) provide
helpful recommendations to the home owner for improving the house’s energy

performance.

1.5 ORGANIZATION OF THESIS
Load disaggregation and the work done by other researches in this field is described in

Chapter 2. The methods of disaggregating electric loads are emphasized.

The data used to develop the nonintrusive load disaggregation computer program is
described in Chapter 3. The data was obtained from an energy audit of a house located in
Montréal. The audit included detailed monitoring of electricity consumption of the entire

house and of the major appliances.

The nonintrusive load disaggregation computer program is described in Chapter 4. The
core of the program is the appliance-load recognition algorithm. The program estimates

the energy consumption of the major household appliances based on short-term



measurements of the appliances and on the long-term analysis of changes in the

total-household electric demand.

The computer program is evaluated for 25 scenarios. These scenarios and the results of

the evaluation are summarized in Chapter 5.

Finally, conclusions and recommendations for further work are presented in Chapters 6

and 7.



CHAPTER 2

LITERATURE REVIEW

The scope of the literature review encompasses the broad area of load disaggregation.
Although this thesis is specifically about nonintrusive electric-load disaggregation,

investigating a broader area will show how the thesis fits into the larger context.

There are two sections to this literature review. The first section contains a summary of
the methods of load disaggregation developed by other researchers. The second section

presents the conclusions from the literature review.

2.1 LOAD DISAGGREGATION

There are several ways of classifying load disaggregation research. For example, Figure 2
shows a classification scheme based on load type and appliance signatures. The three
types are electric, gas, and hot water. The data for load research can be collected either
intrusively or nonintrusively. Researchers usually focus on either the residential sector or
the commercial sector, because each sector has load profiles that are characteristic to it.
However, all methods essentially rely on the assumption that changes in the operation of
an end-use produces recognizable and predictable changes in the total load. Sections 2.1.1

to 2.1.3 discuss each load type.
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Figure 2. Load disaggregation research classified according to load type and appliance
signature. Adapted from Hart, G.W. 1992. Nonintrusive appliance load monitoring.
Proceedings of the IEEE. Vol. 80, No. 12, pp. 1870-1891.

2.1.1 Electric loads

Electric-load disaggregation means disaggregating the total electric load into its end-uses.
The utility-building interface is the utility's electricity revenue meter. The paper by Hart
[Hart, 1992] contains an exhaustive bibliography of research in the area of nonintrusive
appliance-load monitoring up to 1992, and sections I to VI are an excellent introduction
to the topic of electric-load disaggregation. In this paper, the author advances the concept
of appliance signatures. He defines an appliance signature as a measurable parameter of
the total load that gives information about the nature or operating state of an individual

end-use in the load.



There are two classes of appliance signature: nonintrusive and intrusive. These classes
also characterize two approaches to load disaggregation. It is unfortunate that the
modifiers intrusive and nonintrusive mean different things depending on whether they
refer to a procedure or to a signature. For example, a nonintrusive signature can be
measured intrusively or nonintrusively; similarly, an intrusive signature can be measured

intrusively or nonintrusively.

“A nonintrusive signature is one that can be measured by passively observing the
operation of a load” [Hart, 1992], whereas nonintrusive monitoring means that physical
intrusions onto the energy consumer's property are minimized or eliminated. Two types

of nonintrusive signature are steady-state and transient.

Fundamental frequency signatures, such as power, current, and admittance, consist of the
complex ordered pair of an in-phase and an out-of-phase component. However, either
components alone could be used as a signature, although it would be less informative

than using both [Hart, 1992].

Steady-state signatures are derived from the differences between the steady-state
properties of an end-use’s operating states. For example, the steady-state power signature
of a baseboard heater is the power difference between its off state and its on state. Hart
identifies three advantages to using steady-state signatures: (i) They are continuously
present; therefore, high resolution data is not needed to detect their presence. (ii) They
satisfy the constraint that the sum of power changes in any end-use's cycle of state

transitions is zero. This implies that the act of an end-use turning off is also a signature.



(1ii) They are additive when two or more happen coincidentally. This means it is possible

to analyze simultaneous events when their sum is received by a processing algorithm.

Transient signatures, on the other hand, are more difficult to detect and provide less
information than steady-state signatures. However, transient signatures are worthwhile
investigating if they provide useful information to augment that from steady-state
signatures [Hart, 1992]. For example, motors have a characteristic transient signature at
start-up. Therefore, the presence of such a signature can be used to confirm that an

appliance with a motor has turned on.

An intrusive signature requires some form of active interference at the energy consumer's
property, while intrusive monitoring requires that each end-use be instrumented. Intrusive
monitoring necessitates entering the energy consumer’s premises and inconveniencing the
occupants. There are two types of intrusive signature: physical and electrical. Both types

must be generated.

Physically intrusive signatures can be generated by a small device attached to the power
cord of an appliance. Whenever the appliance is activated, the device sends a signalto a
data collector indicating the condition of the appliance's operating state. This kind of
device could also be used to distinguish between two or more appliances with the same

electrical signal.

Electrically intrusive signatures are generated at the electricity meter. It involves
"injecting a signal such as a voltage harmonic or transient at the utility interface. By

analyzing the change in the current waveform, information can be gleaned concerning

10



the types of devices active at that moment” [Hart, 1992]. This procedure is analogous to
sonar: a signal is sent out and the echo that comes back is analyzed. However, because of
concemns about interference and power quality, utilities are reluctant to allow this form of

active signature.

2.1.1.1 Four approaches to electric load disaggregation
This section summarizes four approaches to electric-load disaggregation. Each approach
can be characterized by the input required and the output produced, the method of

disaggregation, the accuracy of the results, and possible applications.

2.1.1.1.1 Nonintrusive Appliance Load Monitor

Hart [Hart, 1992] describes the development of a Nonintrusive Appliance Load Monitor
(NALM). The NALM is a physical device that an electrician installs on the electricity

meter. The outline of the NALM algorithm is shown in Figure 3.

The prototype performs steps 1 through 3 in the field and steps 4 through 8 are executed
in the lab. The commercial unit performs steps 1 through 7 in the field and step 8 is

performed in the lab.

The inputs are power and voltage. The electricity meter is the only point in the entire
building that is instrumented. Sensors in the NALM measure average power and root
mean square (RMS) voltage on each of the two legs over 1-second intervals. "Each
sensor is a digital alternating current monitor configured to calculate RMS voltage and
real and reactive power digitally based on rapid samples of current and voltage

waveforms for the two legs. The data measured is the ordered pair of real and reactive

11



power"” [Hart, 1992]. Each set of data also has an associated time value that represents the
time of the observed measurement. The inputs are used to calculate normalized power for
each leg. Normalized power is equivalent to admittance. The power is normalized to

remove the effects of varying line voltage.

The next step is to pass the data through the edge detection algorithm. It identifies the
location of step-like changes. The location is defined by the time value. The algorithm
segments the normalized power values into periods in which the power is steady and
periods in which it is changing. A steady period is defined as three or more data sampling
periods (that is, at least 3 seconds) in which the input does not vary by more than 15 W
(or 15 VAR for reactive power). The remaining periods are defined as periods of change.
The values within the steady periods are averaged, thereby minimizing the effect of
electrical noise. The difference between steady periods is the step change in power. The
time of the first value in the step change provides the time stamp. The sequence of time-
stamped step-change vectors (they are called vectors because the process of an appliance
turning on or off is analogous to a change in direction) is the output. All outputs below a
certain size threshold are discarded. The magnitude of the size threshold depends on the

power consumption of the appliances that the user wants the algorithm to identify.

Another algorithm groups the observed step changes into clusters. Ideally, each of these
clusters represents one kind of state change for one appliance. Groups of clusters are
paired to form the appliance models. Pairing clusters involves a number of tolerance
criteria for matching the centroid of each cluster. Every time-stamped signature event

corresponds to an appliance changing state. Each cluster represents an appliance. Now it

12



is simply a matter of matching signatures. The statistics are tabulated given that each state
change at every time is known. Finally, the appliances are named. The appliances are
named based on operating power level, the 120-V versus 240-V nature, and the duration
statistics.

v Analog waveforms

1. Mecasure power and voltage

I-second RMS data

2. Normalize, P, = (120/V)?+ P

I Hz Normalized real and reactive power on each leg

3. Edge detection

v List of step changes

4. Cluster analysis

Cluster of step changes
A 4

5. Build appliance modelis

On/off models or finite-state-machine models
y

6. Track behaviour in terms of models

On and off times of cach appliance

7. Tabulate statistics

Energy versus time of day, etc.

8. Appliance naming

Consumer’s name for each appliance
v

Figure 3. Nonintrusive appliance load monitor algorithm. From Hart, G.W. 1992,
Nonintrusive appliance load monitoring. Proceedings of the IEEE. Vol. 80, No. 12,
pp. 1870-1891.
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Field-testing of the prototype NALM compared the performance of the NALM with data
collected conventionally [Carmichael, 1990]. The NALM can recognize small kitchen
appliances with a high degree of accuracy (-1.4% average error) but not lights (15.3%
average error). For larger appliances the error ranged from -2.8% for washers to 46.7%
for electric ranges. The average error for total household energy consumption was -6.5%.
By 1996, seven utilities were field-testing NALMs at up to six customer sites each
[Taylor, 1996]. In one evaluation period, the difference between the NALM estimates for
monthly electricity consumption and data from direct measurement was less than 15% for
all appliances; and less than 10% for pumps and refrigerators. In addition, the NALM
also aided researchers in identifying about five faulty appliances. An important footnote
says that nearly-simultaneous events, within 2 to 3 seconds, accounted for 4% of the
events in one field test where they were carefully counted. But this will vary

considerably, depending on the appliance inventory and usage [Hart, 1992].

There are some disadvantages to this procedure. The first is the 1-second data sampling
rate. Although a slower sampling rate would result in more simultaneous events, it would
also mean lower storage, transmission, and analysis costs. Perhaps it is possible to
decrease the sampling rate without losing critical event information. The second
disadvantage concerns the data itself. Both the real and the reactive components of
current and power are used as input. Perhaps only one of these measurements are needed
to identify a significant number of events. Then there is the hardware: the NALM device
itself requires a qualified electrician to install it. The complexity of the NALM is

necessitated by the complexity of the data it has to collect. However, if only one
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parameter were needed, a simpler device would be sufficient to collect the data. Another
draw back to this approach is the huge processing requirements. The algorithm must
perform sophisticated analyses on all the data before it begins to attributing changes in
the data to specific appliances. It would be more useful, say for a home automation

system, if the data could be processed in real-time.

2.1.1.1.2 Heuristic End-Use Load Profiler

This rule-based algorithm has been developed by Quantum Consulting Inc. [Powers et al.,
1991]. The approach can be classified as nonintrusive because it is unnecessary to enter
the premises. The program disaggregates end-use load profiles from premise-level data.
Premise-level means the total-household energy consumption as measured at the
electricity meter. The algorithm rules are based on pattern recognition. The input to the
program is the premise-level load data, appliance information for standard appliances,
and customer behavioural assumptions obtained through surveys with the customer. For a
given premise-day, the algorithm scans the premise-level load and records the occurrence,
the timing, and the magnitude of all large changes. The algorithm then determines which
changes correspond to the end-use being considered and adjusts them according to
consistency checks. It also requires some information about previous and subsequent
changes at the same premise. The algorithm disaggregates one end-use at a time for each
day starting with the largest and working towards the smallest, that is, it removes the
appliance with the largest operating load from the total load, then the next largest, etc.
The output is heuristic load profiles and appliance energy consumption. A heuristic load

profile is a disaggregated end-use load profile specific to the premise, appliance and day
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being analyzed. This procedure is useful to utility managers and demand-side program

evaluators, and its advantage over sub-metering is low cost.

Results of the work are reported in [Margossian, 1994], [Powers et al., 1992], and
[Powers et al., 1991]. Forty houses were evaluated during four summer months. For large
end-uses, the procedure produces accurate results. The peak values of the disaggregated
air conditioner load profiles when averaged over all househelds for all summer days
differs from the peak of the average metered profile by less than 5%. The average air
conditioner energy consumption estimate derived from the heuristic load profiles differs
from the actual energy consumption by less than 10%. The timing of the average air

conditioner peak is also predicted very accurately.

The procedure, however, is limited to end-uses with large operating levels, such as, air
conditioners, HVAC equipment, and domestic water heaters. It is also limited to
analyzing only one day at a time. Its greatest advantage is that it can use load research

data that utilities may have already collected.

2.1.1.1.3 Individual and Automatic Diagnostics of Electrical Consumption

Another approach to monitor end-uses in houses is reported in [Lebot et. al., 1994]. The
Individual and Automatic Diagnostics of Electrical Consumption (DIACE in French)
procedure requires two visits by an electrician. During the first visit the electrician installs
metering devices and data collectors and an assistant helps the customers fill out a
questionnaire. During the second visit the electrician removes plugs and data collectors.

The metering devices contain sensors called Hall effect sensors, and they are accurate to

16



wnhm two percent. The sensors measure voltage, current, and phase angle of the
electrical energy. They store the energy (Wh), the instantaneous power (W, averaged on
the last 10 ms) and the voltage measurement (V). The system can record data at 10-
minute or 15-minute intervals or at an interval greater than 15 minutes. There is no need
to use any wire to connect the system. Communication is through the electrical wiring in
the house. The researchers claim that customer behaviour is unaffected during data
collection, yet the procedure is both physically and electrically intrusive. But at least no

user intervention is required on the part of the customer.

At the time the article was written, there was not enough data collected from a 100-
household study to allow the authors to draw any significant conclusions about the
performance of the system. The article reports that a second phase of the study will be a
nonintrusive analysis of 1000 households. The data from the DIACE 100-household

survey will feed the nonintrusive survey.

Accurate end-use information is important and desirable, but it can be expensive to
collect. This system lacks the efficiency of NALMs and HELP. The data collected is
sufficient for load forecasting, but the system is very intrusive and large amounts of data
must be collected. However, because the plugs are so small, the researchers claim it is
unobtrusive. It would be useful to have a benchmark with which to compare the

performance of truly nonintrusive load disaggregation procedures.
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2.1.1.1.4 Transient load detection in commercial loads

This procedure is an extension of the NALM described in Section 2.1.1.1.1 and the
residential nonintrusive load monitor (res-NILM) described in [Norford et al., 1992]. The
researchers extended the procedure of residential nonintrusive load monitoring to
commercial loads and created the commercial non-intrusive load monitor (com-NILM)
[Norford et al., 1992] and [Norford et al., 1996]. Load disaggregation in the commercial
sector presents special challenges, because power quality is more important: especially in
terms of the operating efficiency of mechanical systems. Furthermore, some equipment
have embedded electronic components that make their steady-state power consumption
appear to be nearly purely resistive. This creates a special problem for the com-NILM
because it relies on reactive power as a component of the appliance signature: especially
because it is common to find more motors, a source of reactive power, in commercial
buildings. Classes of commercial equipment have characteristic start-up transient
signatures. These signatures reflect the physical task the load is performing, for example,
switching on a bank of fluorescent lights is different from turning on a motor. The com-
NILM uses sampling rates significantly faster than 1 Hz to record the presence of start-up
transients. Signal processing is used to analyze the transients and determine which load
has been activated. The com-NILM has also been integrated with building automation
systems to provide fault detection, such as loads that draw extremely distorted, non-
sinusoidal, input current waveforms. Laboratory testing of the prototype has shown that it

is capable of identifying electrical loads from space-conditioning equipment.
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Field-testing needs to be done to further refine and validate this procedure. The concept
of combining start-up transient identification with steady-state identification is
interesting. Whereas either procedures alone may not be accurate enough, both together

may complement each other.

2.1.2 Gas loads

Gas-load disaggregation means disaggregating the total gas load into its end-uses. In
regions that have direct gas distribution systems, the volume of gas consumed is
measured at the utility revenue meter. Sub-metering even a relatively small, statistically
representative, sample of houses can be expensive. And unlike electric loads, there is no
family of signatures for gas loads. So there are less possible methods of performing
gas-load disaggregation. Gas utilities have tried to rely on conventional means of
indirectly inferring end-use consumption based on monthly bills, the end-uses present at a
particular site, and occupant profiles. However, these methods are not accurate enough to
allow the utility to reliably forecast changes in demand due to changes in end-use or
customer profiles. So research based on electric-load disaggregation has been tried for

gas-load disaggregation.

In [Yamagami et. al., 1996], the authors present the results of research into the
disaggregation of total household gas-demand in Japan. The flow rate (in ft’ per elapsed
time) of all gas appliances in an unspecified number of houses was monitored. Twenty
pairs of gas-meters and data-loggers were installed. This represents about five to six
houses, assuming three to four gas appliances per house. The authors created, tested and

improved a disaggregation algorithm using this detailed data. Then they applied the
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