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Abstract
The idea of sustainable or green buildings generally stops after the design and construction phases.
Little effort is made to continuously monitor and control the energy profile throughout the life-cycle
of these facilities. To effectively identify opportunities for consumption reduction, measurement and
feedback of current energy use is necessary. Monthly utility bills are inadequate for planning
conservation programs, or even for assessing their effectiveness once implemented. Extensive
hardware sub-metering, although very expensive, is sometimes used to obtain more granular
feedback. Non-Intrusive Load Monitoring (NILM), another method that has been studied for the past
two decades, follows an inexpensive approach for obtaining appliance-specific consumption
information. The idea behind this technique is that operation of individual appliances generates a
distinct signature in the power distribution system of the building, which can be detected by carefully
analyzing the overall voltage and current of the building. However, two of the main challenges
keeping the technology from reaching wide adoption are: (a) finding simple ways to train the
algorithms; and (b) obtaining robust appliance signatures that form spread-out clusters in the feature
space, especially for small loads.
In this paper we explore the feasibility of utilizing data from separate environmental sensors (e.g.,
light intensity, sound level, etc.) present in the building, for improving the training process by
enhancing the appliance signatures and providing an independent and trusted source of information
about the operation of appliances. We exploit the fact that the operation of appliances will likely be
reflected in both the power and environmental data streams. We present initial results from a case
study where a prototype NILM system was deployed in an occupied apartment building, along with a
number of environmental sensors. We also suggest two approaches for leveraging the environmental
data and provide descriptions for possible future research in the area.
Keywords: non-intrusive load monitoring, energy efficiency, building automation.
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Introduction

The idea of sustainable or green buildings generally stops after the design and construction phases.
Little effort is made to continuously monitor and control the energy profile throughout the life-cycle
of these facilities. Building owners and managers, when making energy-saving decisions, typically
rely on a simple monthly bill from their utility summarizing their consumption. In the case of
electricity, because of the variety of electrically-powered loads present in a typical building, these
values are not informative about the effects of individual appliances or equipment on the total

consumption. Thus, objective decisions about how to manage these loads to optimize the consumption
are hard to make with aggregate monthly data. Given that residential and commercial buildings
account for as much as 73% of the total electricity use in the U.S. (Energy Information Administration
2008), a solution to this problem is worth pursuing.
Real-time feedback has been shown to reduce consumption by 5-15% (Darby 2006), especially
appliance-level feedback (Fischer 2008). Obtaining such measurements can become expensive with
currently available commercial products due, in part, to having to separately measure each load in the
building (Kim, Schmid, Srivastava et al. 2009). Non-Intrusive Load Monitoring (NILM) is a
technique for obtaining appliance-level information from measurements taken at a single location: the
main electrical feed of the building. This approach, which relies on signal processing and machine
learning techniques, can be used as a lower-cost solution to obtaining granular feedback.
NILM traces its origins back to the late 1980s when it was first investigated (Hart 1989; Hart
1992). The early work focused on using changes in the total real and reactive power of residential
buildings as signatures for individual appliance state-transitions. In that way, purely resistive loads
such as heating coils or incandescent light bulbs could be distinguished from loads with capacitive or
inductive components. Follow-up work extended the approach by extracting useful information from
appliance start-up transients (Leslie K. Norford & Steven B. Leeb 1996; Steven Leeb et al. 1993;
Khan et al. 1997) and from the harmonic content of the signals (Laughman et al. 2003). Many other
improvements have been made in recent years, in particular towards applying the technique to
commercial buildings, shipboard systems (Jones 2008; Ramsey et al. 2004), and automobiles (S. R.
Shaw et al. 1999); as well as extending it for fault detection and diagnosis (Cox IV 2006). However,
despite more than two decades of research in the area and while some researchers claim the
technological problems for residential settings have been solved (Leslie K. Norford & Steven B. Leeb
1996), the technique has not resulted in wide commercialization and remains mostly a research topic.
To understand the reasons for this we have implemented prototype systems (Berges et al. 2009)
based on the techniques described in the literature and have found that, in agreement with findings
from other researchers (EPRI 1997; Kim, Schmid, Srivastava et al. 2009), two of the main challenges
are: (a) finding simple ways to train the algorithms; and (b) obtaining robust appliance signatures that
form spread-out clusters in the feature space, especially for small loads. In this paper we explore the
effectiveness of leveraging data obtained from environmental sensors installed inside different spaces
of the building as a solution for these problems.

1.1

Paper Organization

In section 2 we review the techniques we have employed to automatically disaggregate the total
power of a building into the consumption of individual appliances. Particularly, we expand on the
challenges mentioned above by providing concrete examples, and describe in more detail the concept
of appliance signatures. Section 3 describes the systems used for collecting environmental data as well
as introducing the experiments that will be performed. Then, in section 0 we explore different
techniques for incorporating environmental sensor data into both the training and the classification
processes. Early results from the prototype system are presented as a proof of concept. The last
section is devoted to conclusions and a discussion of possible future work.

2

Appliance-level information from aggregate power measurements

Figure 1 shows the total real power of a residential apartment unit for a period of approximately 2.5
hours. During this time, the refrigerator and the central air unit fan (air blower) were switching on and
off, as indicated in the figure. It is easy to see how the different appliances have different effects on
this signal (e.g., the refrigerator has a higher turn-on spike than that of the air blower). Extending this
concept to other power-related signals (e.g., reactive power), should also be intuitive. The main idea

behind NILM is to automate the process of identifying these appliance state-transitions by making use
of signal processing and machine learning techniques.
In our implementation of a NILM system, we used a four-step approach consisting of: (a) data
collection; (b) pre-processing; (c) event detection and (d) classification. During the first two, overall
voltage and current are sampled at close to 10kHz to compute power metrics. An event detector
similar to the one described in (Luo et al. 2002) was used to detect abrupt changes of more than 30
watts in the mean of the real-power measurements, which we assume would indicate an appliance
state-transition. Once an event (e.g., the on/off changes as indicated by the circles in Figure 1) was
detected, a fixed-size window of real and reactive power samples around it were used to obtain the
signature of the appliance state-transition. Coefficients of a kernel regression on these windowed
signals were used as signatures, and a nearest neighbour approach in Euclidean space was used to
perform the classification. More details of the system can be found in (Berges et al. 2009).

Figure 1, Measurements of the overall power consumption of an apartment unit with labelled events, overlaid
on top of audio level measurements taken from a sensor in the living room.

When first deployed, the system needed to be trained on all the appliances of interest present in the
building. We used a manual training process through which one person would operate each appliance
(i.e., change its state), trigger a detection by the event detector, and then use a graphical user interface
to provide an appropriate label to it. For the 800 sq. feet unit where we deployed the prototype system,
which had 38 appliances of interest, this process took approximately 1.5 hours. Automating this
process would greatly increase the opportunities of the technology to move out of research settings,
into real homes. Towards this end, the authors developed a wireless clip-on meter (Berges et al. 2009).
In the following sections we will describe another possible approach to achieve this.
Another challenge of NILM is that it is necessary to ensure that signatures from the same
appliance state-transition can be separated from others in feature space. This condition is intrinsically
linked to the choice of features used to compose the signatures, as well as to the similarity metric
utilized to compare them. The first generation of NILM systems utilized changes in real reactive
power (two features) as signatures and Euclidean distances to compare them (Hart 1992). This gave
good results for large loads in a residential building, but other features such as the shape of the startup transient and power-harmonics were needed to extend the approach to commercial buildings and

other appliances (Laughman et al. 2003). Adding these new features increased the computational
requirements of the metering system and with it the cost. We believe that data from environmental
sensors present in the building, which are indirectly measuring the operation of appliances, could be
leveraged to add new features to the signatures, at a low additional cost.

3

Leveraging environmental sensor-data

Research on leveraging heterogeneous sensor data for understanding the operational schedule of
individual appliances in a facility, as applied to electricity metering, is relatively new. Recent
technological advances in sensor networks and computing have reduced the costs of performing
pervasive instrumentation of the physical world. This in turn, has opened the possibilities of utilizing
sensor data about the environment as additional observations for solving a variety of problems. Some
researchers have used the additional information to help disambiguate the context of electrical events
(Lifton et al. 2007), for example. Others have proposed using such measurements as “indirect
sensing” of an appliance’s power consumption (Kim, Schmid, Charbiwala et al. 2009).
We outfitted the apartment unit where the NILM prototype system is installed with a wireless
sensor network developed at Carnegie Mellon University (Rowe et al. 2006). The environmental
sensor nodes deployed were capable of measuring light intensity, temperature, acceleration, and sound
level, all represented as uncalibrated 8-bit values; and were polled for these values every 20 seconds.
A number of plug-through power metering sensor nodes were also deployed as part of the network to
obtain ground truth data and validate the predictions of the NILM system. More details on the sensor
network can be found in (Rowe et al. 2009; Buevich et al. 2009). Figure 1 shows a chart for audio
level, extracted from the web interface of the sensor network. Labels were superimposed to explain
the source of the sound. As shown in Figure 1, the audio levels of a specific node have a good
correlation with the operation of the air blower.

Figure 2, Audio intensity values from a sensor node placed near a window of the apartment. Labels are provided
as explanations for the different audio patterns.

Our intention was to use the additional information to enhance the appliance signatures that the
NILM utilizes, by treating these new streams of data as additional metrics besides the real and
reactive power of the home. In this way, features can be extracted from all signals, once an event has
been detected, and used to compose the signatures for an appliance state-transition. This process is
better explained in the following section.

4

Merging different data-sources

In the approach presented in (Kim, Schmid, Charbiwala et al. 2009), a “fusion center” receives the
signals from all the sensors and solves a numerical optimization problem which tries to find sensor

calibration parameters that result in an overall power consumption that matches the one measured by
the utility. For this to work, the appliance being indirectly sensed by each sensor must be made
explicit (e.g., the user needs to specify which lamp a light intensity sensor is monitoring), given that
there is no provision in the framework for automatically classifying appliances. We propose, instead,
to treat the environmental sensor streams indifferently, and to not associate each one with a specific
appliance. We exploit this new, more agnostic approach in two ways, explained below.

4.1

Multi-modal signatures

Incorporating information from the environmental streams into the appliance signatures can expand
the feature space and help the system to better disambiguate. We would like for these new signatures
to reflect the changes that the operation of appliances have on both the electric power and the other
environmental phenomena. One way of achieving this is to apply the same process of obtaining kernel
regression coefficients to these new signals. In essence, this would amount to finding the weights (ω)
that solve Eq. 1, where Ү is a matrix of size L x M containing sections of M signals, of L samples
each; φ(x) is the basis function and maps x into a higher dimensional space; and x is a vector of length
L whose entries are the integers from 1 to L. The signals contained in Y can be power metrics and
environmental streams, although they all need to be L samples long which can be achieved by resampling when needed.
(1)
One way to solve this equation is by applying a pseudo-inverse on φ(x) and multiplying both sides
by it. The resulting signature (ω) would summarize the effect of the appliance state-transition on all
signals (environmental and power) without us having to explicitly model the relationship between
each sensor and the appliance. For example, by including data from a light intensity sensor placed
inside the bathroom, the overhead light can be more easily distinguished from the kitchen light even
though their turn-off power trace is very similar as can be seen in Figure 3. In the same way, changes
in audio levels from a sensor placed in the living room would help distinguishing the signature of the
air blower unit, as shown in Figure 1.

Figure 3, Light intensity measurements from a sensor in the bathroom, and power trace of the whole house
overlaid on top.

4.2

Continuous automated training

If there are environmental signals that are strongly correlated with the operation of one individual
appliance, then the system could exploit this feature and use it to automatically re-train itself when
needed. For example, as shown in Figure 3, the light intensity sensor placed in the bathroom (shaded
area) is highly correlated with the operation of the overhead light in the same part of the building (x
marks), but not with the other appliances showed in the graph. If at some point in time the light bulbs
are replaced with different types, the power signature of the light will change, but the relationship
between the light intensity measurements and the operation of the light would remain. Thus, the
system could potentially recognize this situation and adjust itself accordingly.
By running an event detection algorithm on all environmental signals the NILM system could try
to find events that occur simultaneously or very close to each other, in order to determine which
signals are correlated. It could then establish a relationship between an environmental stream and an
appliance and store this information for future use.
In contrast with the multi-modal signatures, this approach for leveraging environmental sensor data
tries to keep the information contained in the new streams separate from the power signatures. In this
way, the new information can be used as a trusted source after determining the relationship that exists
between appliances and the environmental phenomena. Once this trusted relationship has been
established, the events detected on either power or environmental data can be used to confirm one
another. One possible benefit of this is that the system can continuously assess its performance in an
automated fashion, and could even use this as additional training data. Beyond these issues,
environmental sensors are becoming more pervasive in homes from new devices (e.g., sound sensors
in home security systems) and the potential to leverage these already deployed sensors is compelling.

5

Conclusions and Future Work

We have presented new ideas for making use of environmental sensor data to improve the
performance of non-intrusive load monitoring algorithms. A prototype system to evaluate their
feasibility was developed and installed in an occupied apartment unit. The prototype consisted of both
a NILM system and a wireless sensor network capable of monitoring four environmental parameters
in different parts of the dwelling.
The data obtained from this early prototype revealed that there is a good potential for extracting
relevant appliance-related information from the environmental sensors. In contrast with other
approaches, we propose to treat the new sensor streams as uncalibrated and unlabeled signals, and
simply extract the relationships that exists between these new streams and the operation of appliances
by analyzing the raw data. Two possible applications of this approach were discussed, but
experiments need to be performed in order to validate their effectiveness.
A first logical step following the work presented here is to implement the multi-modal signature
extraction algorithm described in section 4 and evaluate the performance of the system by comparing
it with the power-only approach. Similarly, the ideas for using the environmental measurements as
trusted sources after establishing a relationship between power events and environmental ones, should
also be tested.
A more careful examination into the time-synchronization problem that arises when merging data
from different sources should also be performed. Furthermore, even though we did not discuss about
the interoperability issues related to acquiring the data from different sensing platforms, it is easy to
see how this could prove to be a considerable obstacle when trying to deploy these systems in other
real-world scenarios. Finally, a careful analysis on how to simplify the initial deployment of systems
like these, from a human-computer interaction standpoint, should be made.
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