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Summar y

Nonrrintrusive load monitoring (NILM) or nointrusive appliance load monitoring (NIALM) is an
analytic approach used to disaggregate building loads based on a single meteringhi®idvanced
load monitoring and disaggregation technique has the aittmprovide an alternative solution to high
priced traditional sumetering and enable innovative approaches for energy conservation, energy
efficiency, and demand responddowever, since the inception of the concept in the 1980s, evaluations
of theseechnologies have focused on reporting performance accuracy without investigating sources of
inaccuracies or fully understanding and articulating the meaning of the metrics used to quantify
performance.As a reslt, the market foras well asadvances irthese technologies have been maturing
slowly. So far, 18 active companies operating inttimted StatesUnited Kingdom Ireland, and Canada
have been identifieth havecommercially available or advanced prototypes of Nid®d¥ices

To improve the mat for these NILM technologies there has to be confidence that the deployment
will lead to benefits.In reality, every endiser and application that this technology may enable does not
require the highest levels of performance accuracy to produce bewdsibs other important
characteristics need to be considered, which may affect the appeal of NILM products to certain market
targets (i.e.residential and commercial building consumers) anil uitability for particular
applications.These charactistics include the following:1l) ease of useéhat is,the level of
expertise/bandwidth required to properly use the product; 2) ease of instatlaias,the level of
expertise required to instalie productalong with hardware needs ttadfect product cost; and 3) ability
to inform decisions and actiortbat is,whether the energy outputs received by-asers (e.gthird-party
applications, residential users, building operators, etc.) empower decisions and actions to be taken at time
frames rquired for certain applications herefore, stakeholders, researchers, and other interested parties
should be kept abreast of the evolving capabilities, uses, and characteristics dieficidlogieshat
make them attractive for certain building envir@mts and different classes of emskrs.

This report describes the performance déw existing technologidhat weresvaluatedas part othe
Residential Building Stock Assessment (RBSA) ownezupied test bed operated by the Northwest
Energy Efficiency Alliance (NEEA) to understatitk performance accuracy of current NILM products
under realistic conditionsBased on this field study egpence, the characteristics exhibited by the NILM
products included in the assessment are also discussed in this report in themease of use, ease of
installation,andability to inform decisions and action¥he esults of the analysis perforthéo
investigate the accuracy of the participating NILM products in estimating energy use of individual
appliances are also presented.

Evaluating the performance of disaggregation technologied tsvial becaus¢he performancean
be misunderstood amdisinterpreted if objective metrics and protocols are not usbdc became very
apparent when examining reabrld consumemata versus laboratogenerated or formulated data sets.
Many of the loads being disaggregated by these technologies tenditetseand haveinique
characteristicsMoreover, vendors tend to have different methods of labeling, identifying, and reporting
energy use for individual load#\fter evaluating several candidateetricst he fAper cent st anda
devi ati on dinallylsedected@odepreseatidesccuracy of NILM energy estimatbscauset
is able to quantify how wed NILM deviceis able to track the energy profiles of the individual loads.
Performance evaluations wettgendivided into several stages to intigatethe sources of inaccuracies
caused byhe labeling processes employeddachNILM deviceand the method used to estimate energy



use. For example, through the process followed, it became evident that if the labeling and identification
wereimprovedin one of the technologies evaluated, the Nld&Vicewould do reasonably well 7%

on averaggin estimating the energy use of major appliances thatcmsideredesistiveloadsand have
simple ON/OFF statedn addition, there are challengesatedto recognizing multistate loads (e.g.

freezers and refrigerators) asingleload, resulting in lowered performance accuracy in estimétieg
energy use of these appliance80% on averagpe

The NEEA field studyof existing NILM products has helped to highlight challeragsociatedvith
characterizing the performance of NILM technologies, the sources of inaccuracy, as well as development
opportunties that should be explored hétpenable useful applicationslowever, to eliminate the need
for performing expensive larggcale field demonstrations to evaluate and verify NILM product
performance, common test protocols and meaiesneededBut first, industry and researchers in the
NILM field must converge operformance expectations for NILMDnce the expectations are clear,
metrics and protocols can be developed thare meaningful and of value to potential stakehold®rs
empower researchers and developers to advance these technologies to desiraddé@yéterease
confidence in the product capabilitieAs part of this project, &ific Northwest National Laboratory
intends to address these neetlke next steps are to engage industry stakeholders and an advisory board
to reach agreement on commuotocols and metrics that can be used to objectively evaluate
performance and consistently compare appliance disaggregation technologies for different applications or
uses.
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1.0 I ntroducti on

With the widespread deployment of advanced metering infrastructure, 50 million smartwesters
installed by July 2014 0oveing approximately 43% of the total households in the United States
(Greentechgri@015a) With these smart meterslectricity sevice providersare able to obtain hourly
and/orl5-minutewhole-housé level energyconsumption data from custome®n average, each smart
meter costs about $200 and requaspecialized technician to instéll(Hao et al. 2015)Moreover, the
obtainedmetereddataaremostly used fobilling purposs, withfew additional benefitsfferedto
residential customerddowever the ability to disaggregatreattime appliancdevel power consumption
could havemanyadditionalbenefitsfor consumers, electricity service providers, and sodmtgnergy
conservation, energy efficiency, and demand response (DR) purposes iffieagide and cost
effective Some example benefits includeidgreasedwareness of energygeto empowerconsumers to
makebetter decisions; 2) new options for automated commissioning, diagaedifault detection of
residential and small commercial buildings; 3) improved and simplified load studies leading to
identification of specific endiseequipmentfadlities, and locationshat are candidatder DR and
energyefficiency programsand4) more efficient, coseffective, and comprehensive quality assurance
programs to verify savings from energfficiency measures and DR

To obtaindisaggregated appliaatoaddata, the current practice isgobmeter byinstaling asmart
plug or power meteon each major appliance in the residendewever, the typical cost of a smart plug
is about $5@Hao et al. 2015)In a typical home witth1 10 major applianceshe submetering cost isip
to $500,not includingthe additionalcost of other hardware (e.g., gatewagftwareneeded for providing
serviceqe.g., data analytics), or labor necessary to instalmetes. For this reasonhe cosof
traditional submetering issconomically untenable foesidential and commercial buildingd more
costeffectivemonitoringapproach is needed to capture the aforementioned benefits associated with such
a widespread metering infrastructuta.addition to reduced cgsa viable metering device shouid
userfriendly, easy to installandinformativebased on the specific application(s) Warich it is being
used In this context, informative means whether disaggregated energy use reported to ustmnsde.g.
partyapplications, residential users, building operators, etc.) is frequent and accurate enough to empower
reasonable decisions and actions to be taken

Norrintrusive load monitoring (NILM) or neintrusive appliance load monitoring (NIALM) is an
analytic appoach used tdiscern individual loads based on a single metering point as opposed to using
traditional metering infrastructure at each appliarfg.M technologies havéhe potential to be cost
effective,because dthe reduced need for physical meterimigastructure. These technologiessohave
thepotential to exhibit all of the aforementioned characteristics, which makes them aaliabiative to
submetering. However, since the inception of the NILM concept in the 1980s, evaluations of these
technologies have focused on reporting performance accuracy without investigating sources of
inaccuracies or fully understanding and articulating the meaning of the metrics used to quantify
performance.As a result, the market for, as well as, advancéiseise technologies have been slowly
maturing. At this time, 18 active companies operating inlthmted StatesUnited Kingdom Ireland, and
Canada have been identifislhavecommercially available or advanced prototypes of NILM (see
AppendixA). Although a number aNILM productsare now commercially available to homeownemsl
facility managersthar capabilities in terms of performance accuracy and suitability for specific
applicationsarenot yet understoodT o stimulate the market for NILMsawell as technological
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advancementstakeholders and other interested parties should be kept aware of the evolving capabilities
of NILM productsandtheirreadiness to be used for specific applications.

In 2013,Pacific Northwest National Laboratori?lINL) and Northwest Energy Efficiency Alliance
(NEEA) initiated a field study to evaluatde performance of existing NILM producis residential
settings The study was conducted by leveraging existingragkering infrastructure in tHeesidential
Building Stock Assessme(RBSA) owneroccupied testbethat islocated in the Pacific Northwest and
operated by NEEAAL the time,thesix candidate NILM products identified and acquired for the study
were available for sale or at an advanced stage of devetbprapable of having their hardware safely
installed within the field homes, and could return disaggregation results in a format needed for analysis.
As a result of the field testing experience, PNNL and Ng&#edimportant insightsnto the
performane accuracy of the studied NILM technologies and the NILM characteristics that appeal to
stakeholders

The purpose of this report is to presdata and informatioaboutthe characteristics and
performanceccuracyof commercially available NILM productacluded in the field studyBut first, an
overview of NILM disaggregation approaches is givenant®n2.0. Section3.0summarizes the field
study conducted to evaluatee performance accuracy of the acquired NILM produdtise
characteristics of thHILM technologiesevaluatedn the assessment are then discuss&eationst.0,
in terms oftheir ease of use, ease of installati@mdreporting frequencyPerformance accuracysdts,
based on the field study are presenteSdction5.0. Conclusions and next steps are present&gdtion
6.0.
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20 Overview of Disaggregation A

Several comprehensive literature reviefthe research and development of NILM technologies
have been presented in the literatifamel et al. 2012Zoha et al. 2012ZZeifman and Roth 2011; Butner
et al. 2013; Kamilaris et al. 2014 this section, only a brief overview of NILM approaclegiven.
As illustrated in Figure 2.1, the general process of NILM algorithms involves three &jegazjuisition
of thewhole-building load measurement®) appliance feature extraction, which involves pulling out
features or patterns in the load measurement data that can be used to distinguish individual appliances
and 3) appliance classification, which requires analyttiegextracted features to discern appliance
specific load from the wholbuilding load data.

A ——

Figure 2.1. Process oAppliance Disaggregation UsinglLM

21 Signal Acquisition

The first step, acquisition of whelauildingr level power consumption data the prerequisite for
any of the NILM algorithms However, this information can be gathetesinga variety of different
variables (e.gpower, voltage, current, power factor, etmgasuremerdevice(s) measurement
locations andsampling frequenciesThe most common measurements are the current and voltage at the
entry point of a residencdBased on these two measurements, it is also easy to obtain the real power,
reactive power, and power factddometimes, advanced measurements such as harmonic distortion and
electromagnetic interference are also requiiakonin 2012)

Regarding the diérent devices used, there are curteasformer based devices that are installed in
the breaker panels, utilimetei based dvicesinstalled at the utility meter outside of a building, and
smart meters that have been widely deployed in the UnitedsStasecuracies in circuievel
measurements will have a strong influencet@disaggregation accuracy of NILM algorithms, so it is
important for these measurements to have high levels of accWétyrent independent system
operators and utilitiegenerally accept the use of meters that mMeatrican National Standards Institute
(ANSI) C-12 standards for revenue settlement and operational visibility purpasesrding to ANSI G
12 standardgMacDonald et al. 2012}he absolute value of the métey error should be less than 2%.
Most current NILM products require the collected
servers, and disaggregation is performed at the sefver sampling rate of wholeouse load data ranges
from onesamnple per 15 minutes to 15 kHz or even higher frequencies.

! Minimum Meter Accuracyable.
http://images.masscec.com/uploads/programdocs/Production%20Tracking%20System/Minimum%20Meter%20Acc
uracy%20Requiremenpxdf
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22 Feature Extracti on

Step two, feature extraction, is a process of extracting features or signatures from the received signal.
There are two main classes of appliance power signatures or festeiaelystate and transienBoth
approaches refer to identifying changes in the operation when an appliance modulates from one
operational state or level to another, but the two approaches differ in what data they fothe on.
steadystate appliance sngiture is one of the most widely used signatures in literétiat 1992; Wong
et al. 2013) It refers to step changes in steadgte active and/or reactive power consumption levels.
is easy to use, does not require fast sampling data, and wotlamMeaige ON/OFF appliances such as
water heaters and aionditioners.The transient appliance signature refers to unique features stieh as
shape, duration, size, and harmonics of transient power fluctuations of appliances that can be used to
distinguish different appliancesThese shorterm, transient fluctuations in power consumption occur
i mmedi ately after changes ,ifromtre ®FFagpQiNistate) and beforeaoper a
new steadistate is reachedAlthough the transientralysis gives more precise information, extracting
this type of signature requires hifflequency data samplingds a result, more resources are needed to
construct and maintain a complex transient signature dataBasiles the aforementioned two
signaure-based approaches, hybrid approaches have been proposed, which use a combination-the steady
state and transient signatures for appliance disaggregation.

23 Appliance Classification

The final step, appliance classification, refers to analyzing featutes®d from the wholeuilding
load data to categorize specific appliances. In general, the NILM algorithms caegerizedhs either
eventbased or noeventbased. Everbased NILM algorithms refer to approaches that rely on edge
detection algoritms to detect occurrences of events, such as an appliance turning ON/OFF or a change in
operating modeThe extracted features around the neighborhood of the event points are then classified
using supervised machine learning algorithms such as suppart weathines, artificial neural networks,
Bayes classifier, andfearest neighbor clusterifg/ong et al. 2013) Eventbased algorithms typically
require online or offline training processes to build a library for appliances from a priori labeled applianc
power consumption data to train the appliance classifibe training processes could need-sudtering
or sophisticatedlylesigned experiments that might be lalmdensive and costly.

The unsupervised learning techniques, commonly used bgventbased methods, have recently
become popular in the NILM field and are more appealing and scalable than the supervised machine
learning techniques from a practical point of vieddowever, ungpervised learning classifiers have not
been implemented in a standard way in the literature (Makonin 20h2se algorithms do not rely on
edge detection algorithms, but take every sample of tipegatepower signal received into account to
infer individual loads \Wong et al. 2018 This causes the nesventbased method to be more
computationally intensive than evdrmased methodsAlthough the algorithms are less computationally
efficient, unsupervised machine learning methodg.(e¢Hidden MarkowWodel) do notrequire prior
knowledge of load behavior or patterss the process involving load libraries can be avoidéus
makes them less labortensive and more cosffective. Instead, thappliance loaslaredirectly
clustered and disaggregdteased onwhole-housepowerdatacollected
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30 Field Study Approach

In 2013, PNNL and NEEA initiated a field stuttycharacterie the performance of NILM
technol ogi&®r udade c dhe stenvia®corslucted by leveraging existing sub
meteing infrastructure in th®esidential Building Stock AssessméRBSA) owneroccupied testbed
located in the Pacific Northweahdoperated by NEEAFor the evaluation, PNNL and NEEA initially
identified sixcandidate NILM products that were eitlaready available for sale or at a sufficiently
advanced stage of development, capable of having their hardware safely installed wiRBis fiéeld
homes, able to collect data over the internet, and able to return the disaggregation results for analysis
Four to six of each of the six identified NILM technologies were acquired and installed in a total of 30
homes.

As mentioned before, the NILM field is highly volatile as vendors continue to search for new ways to
improve the technology and product dgafations, expand market targedsd enable new applications.
In addition, many of the companies are small startups with limited resources that require focus and
direction. During the field study period, three of the six NILM companies found it negegstocus on
revamping and implementing major upgrades to their product or change company direction to expand
their market baseBecausenany commercial products are sptto output summaries to the users
through a dashboard, arrangements were inittaide with the participating vendors to gain access to
NILM disaggregation outputsThis meant some of the NILM vendors needed to invest time and
resources in converting the data from their software package to a usable fbnerafore, when the
threecompanies made a decision to change directions, they also found it necessary to withdraw from the
field assessmenbecausehey were unable to continue providing support.

Three vendors remained throughout the entire studwerdenoted as VendsA, B, and C herein.
Their corresponding NILM products are denoted as NILM A, NILM B, and NILM C, respectively.
Vendor A provided disaggregation resultsfilour homes at Sninuteintervals over the course of the field
study. Vendor B provided results fdive homes, but declined to provide outputs at less thamo#
intervals. Therefore, it was only possible to perform a partial analysis pfoduct. Vendor C
participated using a developmental technology and did not have a process in place to igaigghegate
and return the necessary results for the analg@msequently, a complete set of results could only be
provided for one home and partial results for anotléso, data could only be provided at-Bdur
intervals giverthetime constraints Given the limited data obtained, the developmental product was not
evaluated.The subsequent sections provide additional background on the NEEA RBSA field homes, the
specific homes that were selected for participation in this NILM evaluation, andafeewristics of the
data and data collection process.

31 Background on NEEA RBSA Field Homes

The EndUse Load and Consumer Assessment (ELCAP) prajdith ran from 1983 to 199Was a
major enduse data collection project undertakerBmnneville Power Administratio(BPA) to support
data needs for engkse load research, load management program planning and applications, load
forecasting, and to identify resource conservation potential from new desitkntéchnologies or
programs.ELCAP data sets, now more thaby&arsold, are becoming increasingly dated, and
consequently may no longer be as representative astisewere. To better understand new and
emerging residential load profiles in the Pacific NorthwestNEEEA conductedtieRBSAresearch
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study from 2011 to late 2014 to expand the existing ELCAP data set. In addition, RBSA collected data
aboutthe individual, appliancspecific load shapes, the occupant characteristics of residences, and fuel
choices in the Pacific Northwe The RBSA included billing analysis and field survey information for

more than 1,400 homes that represent the diverse climates, building practices, and housing types across
the Pacific Northwest regionAs part ofthe RBSA, a representative samplet00 homes, chosen

throughout the region, were equipped with energyraatering equipment and equipment necessary to
measure water flows, interior temperature and relative humidity, and lighting (Beglen et al. 2011)

These homes had their energyg usonitored on a-finute basis over ayear period between 2012 and

2014.

32 Study Homes for NILM Evaluation

Of the 100 monitored horaérom the RBSA NEEA testbed, 30 homes were selected to receive
NILM technologies as part of this NILM evaluatioNEEA close he 30 homesbecauseheir
demographics, building characteristics, and appliance inventories were representative of homes found in
the Pacific Northwest regiorBecauséhe intention of this NILM study was to assess technology
performanc&ouhdér condati ons with the homeowners b
homeowners received no instructions, cues, or incentives to alter their behavior following the installation
of a NILM technology.Detailed descriptions of each home, including occyparappliance, and
structure details, are available for each of the field homtweireport by{Baylon et al. 2011)

Each individual NILM technology was installed in approximafelyr to six individual homes
between late 2013 and early 2014, and tefilace to collect data until the RBSA homes were
decommissioned in September 20Each home in the field study received only one NILM technology
during installation to ensure that there were no interactions between technologisgquently, the
official study period for some technologies began as early as late October 2013, while others were not
installed until midJanuary 2014. This resulted in some of the sites having data from an earlier date than
others. In a few rare instances it was necegsapke both the NILM and the suhetering equipment in
individual field homes offline for one or more days. The dates of any outages were excluded from the
studyanalysis including dayghatmay have only had a partial outage.

33 Data Coll ection

Within eady home most electrical loads were equipped with metering equipmkatsubmetered
data recorded average power consumption (in watts) for electrical loads present within each home over a
5-minute interval. These loads typically includdeeating, ventilaon, and airconditioningsystems, het
water heaters, appliances, televisions and television accessories, and computers and computer accessories,
and may alsdaveincluded other loads when present. Loads that were not included in the metering (but
are included in the homeb6s over albhbhrdyes,d) i nclude
infrequently used devices (i, @ortable electric space heaters), and otheaptat miscellaneous loads.
While lighting electrical dataverecollected during the RBSAhey werecollected separately from the
rest of 't he h oweerosavadapledt thestime of this studyldme electrical use data
collected bythedumet er i ng equi pment were gathered remotely
wireless 3G cellular network over the course of the study. These data for the 30 homes included in the
NILM evaluation were provided to PNNL to use as baseline data.
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Data collected by the NILM devicegereinitially gathered by the respective hardware at each site
and uploaded t o t he -basedspracnovdr the RB8As3® aatwork. vOnce thé data d
from the homesverereceived, the seer-based algorithms attempted to both identify what appliance
loads were present in each home, as well as disaggregate the electricity consumed by each respective load
(in kilowatt hours). The wholehouse and appliandevel energyconsumption dateverethen provided to
PNNL by each of the NILM vendors scommaseparated valugscsy) formatted files. Of the three
NILM technologies in the studgisaggregatiomesults for two of them wemeportedat 24hour intervals
(despite collecting the data atrinute intervag). Only one company reported results ahibute
intervals. In instances where the NILM results were reported did# intervals, th&-minute baseline
datawereaggregated up to the hur period to facilitate comparison and analysis.
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40 | mportant NILM Characteris

To accelerate the market for NILM technologies, there has to be confidence that the deployment will
lead to benefitsThis technology is still maturing and we need to be able to identify applications and
environments wherexisting NILM technologies are usefubw, as well as, areas of research and
development that can help advance capabilities even further for futurAsiseentioned previously, a
number of characteristics are important to consider when evaluatinditaeebr appropriateness of a
given NILM technology for a given application. Thes®racteristics arease of use, ease of installation,
andreporting frequency For example, a residential, consurhased NILM should be easy to use and
install, whereas residential NILM that is operated by and intended primarily for a utility audieane
potentially have more complicated installation and use requirements.

41 Ease of Us e

There are several ways an amkr may be required to interact with a NILM techggloEnd-users
may include, but are not limited to, homeowners, commercial building owners, commercial building
occupants, commercial building operators, energy managers, electricity service providers, and ether third
party applications (i.ebuilding aubmation systems, diagnostic applicationBhese differentypes of
endusers will have different capacities for interacting with the productdfetent capabilitiesfor
interpreing the disaggregated applianiexel energy use data order todetermire actions to be taken.
In the following subsections, the necessary interactions with each technology involved in the NEEA field
study and endisersarediscussed, in addition to, possible pros and cons for differentsard.

4.1.1 Interpreting Outputs

All three technologies included intNEEA field studywere designed for residential users and
feature wekbaseddashboard&r NILM configuration andlisplayingdisaggregation resultsChrough
these dashboard interfacasiseris presentedvith disgggregation informatioat a broad and generic
level. Examples include daily power use of appliances being tracked, historical trends for individual
appliances or the homeds overall energy consumpt.
energyuse over a day, weer month. Such information is significantly more informative and
actionable than the information that is typically presented to consumers on a monthly utiliBybill.
presenting more granular appliadegel data and historical iofmation, users can be kept cognizant of
the relative energy use of different appliances and actions having the biggest impact on their overall
utility bill. As a resulthomeowners can makeore conscious decisions regarding dperation of their
homes. In addition, homeowners can compare current appliance energy usage with historical information
to understand how changes in behavior or appliance age nadfetieng energy use and take corrective
action. With this type of granular feedback alone, desitial consumers have the potential to achieve
energy savingsf up to 12% according to some stud{EsrhardtMartinez et al. 2010Armel et al. 2013;
Greentechgrid 2015b)t is alsoprojected that energy savings of greater than 20% could be obthined i
more insightful and actionable information were provided to the homeowners, such as alartittgahe
particularly energyntensive appliance, identifying appliances that may be faulty or failing, and
identifying specific energgaving steps.
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TheNILM A productwas designed withoth the average homeowner andre sophisticated users in
mind. The users of this product have the option to export disaggregated appliance data to standard file
types (e.g.ASCII, Excel, etg, as well as view graphical and summary reports via a user inteifaee.
added capability to export the disaggregated results asstanged energyse data files is of greater
interest for commercial building operators or other parties responsibi@afaging multiple buildings.
Exportable data, made available in such a flexible format, may allow for the data to be used by existing
building automation control systems to better manage building efficiehsp, the data may be easy to
use and leveragl for more irdepth analysis by thirdarty energy managers and applications for
purposes of reducing energy uséowever, the raw disaggregated appliance deteyond what typical
singlefamily homeowners are willing or able to analyze and inter@etause the software is loaded
and run locally, the users themselves are also responsible for sharéegata, which may also be
beyond the capabilities of most individual homeowners, especially if records are kept over a prolonged
period of time.

4.1.2 NILM Configuration

Appliancelevel disaggregation requires a method to assist the algorithm in identifying loads and
distinguishing individual appliances, which can be quite diverse from one building to arte¢iveral
approaches can be used to configheealgorithmgor detecting and labeling load®©ne example
approach includes requesting the user to input limited information so that the loads in the building can be
inferred by the NILM algorithm Another approach is manual user training where aissequired to
follow a sequence of steps to train the algorithm to identify each specific load and load signature.
Anotherapproachs to assume a certain level of user understanding of the loads in a building and rely on
the uses to identify specifidoads by having them observe load profiles displayed through a dashboard.
Depending on the configuratiGeup requirements of a usehe average homeowner may or may not
have the time, interest, or necessary expertise to configure such a devicefiotiietdads correctlyln
addition, some commercial building operators or managers of multiple buildings may find it cost
prohibitive to assign one or more workers to the task.

All three of theNILM technologies examindd the NEEAfield study were gegrally designed to
minimally engage with endsers, saheywere set up to automatically recognize load features or patterns
to disaggregate and label loads with little or no information requested from theltseavoids
requiringthe users to condutitne-intensive training sessiosdmakest more likely that the NILM
will actually be installed and used@heNILM C deviceincorporates a webased interface for presenting
load disaggregation results to emskrs with no configuration needs beyonaksthnecessary to set up and
connect the data gateway with the central cloud seiNBriM B devicealso included welbased
services, where the enudes areexpected to respond to a brief survey to provide initial-eghl details
about their building ashhow it is typically used (e.gaumber of people living in it, age of the building,
etc.) to infer the loads that might exisithe premisesTheNILM A technologyoffered alocally
installed software programvhich was designed for commercial ardidential usersFor configuration
purposes, theserwas requested to specitye building type (commercial, residential: siréenily, or
residential: multifamily) and to select appliances that exist in the facility from a list after ipeesgned
with the probabilities of certain appliances being present based on the building type sdlbiged.
information islikely requested to assist the NIL8&vicesn labeling and classifying loady precluding
loads that are not present within flaeility. For this product, the user has to confirm the list of
appliances present, otherwise defaults are chdSelecting the wrong appliances or having a set of

4.2



appliances or patterns not represented in the NILM load library could causdateyr in the
performance of this NILM device.

At presenttheNILM A and B devicesexamined in this report requesteidh-levelinformationfrom
usersat the time of installatianWhile neither of these products included required manual user training
during initial setip of the technology, this method of engaging the user for training disaggregation
algorithms may also be most useful and acceptable as long as the instructions given are simple for
targeted users to follow.

42 Ease of |l nstall ati on

The wholebuilding loadconsumption data used for load disaggregation mainly come from one of
three measurement sourcds:currenttransformer (CT) sensors installed within the electrical breaker
panelinside the home, 2) socket sensors installed on traditional utility mesdethe premise, or 3)
cloud-based smart meter datBach source would need to be connected to a gateway device (or data
logging device) for data collection and transmissibepending on the measurement source the NILM
technology relies on, the devicaeeded to obtain real/reactive power measurements may or may not be
already installed at appropriate locatiofi$his metering hardware may alsoibeludedwith the NILM
or may need to be purchased from a Hpiadty vendor.For these reasons, the aduhal hardware needs
and installation requirements for each case are two key factoeffenzthe cost of these NILM
products, and in turn influence the coneums 6 wi | | i n gherma §NILMA device c ha s e
included in theNEEA field study, reles on measurement sourceTheNILM B deviceis a software
only solution; options are offered to allow measurements to be obtained from sourceThis @lows
whole-house power consumption data to be collected from either a-ipataled metepurchased from a
third-party vendor or a prexisting electrieutility smart meter.TheNILM C devicecollects
measurements based on sourcé& Re following sections provida detailed description of the hardware
needs and installation requirements facteof the thredypes of NILM measurement sources

421 CT Sensors Installed in an Electrical Panel

Most of the NILM vendors rely on electrical metering hardware that is installed in the electrical
panel. This type of NILM product requires installation ofoperly sized CTs around the two service
feeds to electrical panel, where the electrical mains connect to the breaker bus bars. In addition to the
CTs, a voltage measurement device is needed to makegd@msgate power measurementdis voltage
measurerant device is sometimes referred to as a potential transf¢@hgr A photograph otheCT
sensos as installed in a homare included aBigure4.1. For this typeof NILM device, a certified
electrician is required to install the CTs at the power mains of the breaker panel and a measuring
transmitting unit (MTU) or gateway that also contains the PTs neddeelMTU is used to transmit
measurements collected to@ammuni cati on hub in the building, thr
usingpowerline carrier(PLC) communication This allows for measurement data to be collected and
uploaded by the NILM platform.
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Figure 4.1. Typical PaneBased Sensor Installation in Residential Electrical Panel (TED} are
installed at top on service feade MTU resides irthebottom right of panel

4.2.2 Socket Sensors Installed on a Traditional Utility Meter

Some of the NILM vendors employamelee s e or fAsocketo type sensor.
of NILM device is that meteri#gde®d ddne heutmeitee ta
reqguire access t o t heand uHowevemthe idswllaten ofthetsocketsanisor b r e a k
requires the serving electric utility to be engaged in the proc@é® socket sensor is designed to reside
in between the utility meter and the meter base. This device contains all necessaryeotsrgoah
electronics (CTs, PTs, and gateway) to measure and convey active/reactive power measurements. The
installation process is initiated by the utilityo
confirm proper configuration of the sockensor with that of the meter base. Of concern, is making
certain the connection jaws in the meter base are compatible with the socket sensor. Once confirmed, the
NILM socket meter is installed followed by the existing electrical utility meter. Theéyutdpresentative
then verifies successful installation by ensuring the existing meter is powered properly and is recording
the expected readings.

Once the hardware is installed, the NILM devices that depend on CT sensors installed at the breaker
panel @ on socket sensors placed at the utility meter have similar configurations for data collection and
access.In most cases, these NILM products have a means to connect to an existing wireless network
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within the home for data uploading and eventual cust@oesss.Such a wireless network is required for

data collection and transmission on these devitégerefore, if the home does not have an existing

wireless network that can be used for such a purpose, a dedicated wireless network may need to be set up.

In some cases, this connectist hr ough a direct wireless interface
in other cases data are transferred from the sock
known as poweline carrier) to a gateay, from which the router is accesseédproperly connected

sensor enables data to be uploaded at predetermined frequencies, from once a minute or hour, to once a

day. As these data are uploaded, they are typically warehoused in remote data serwatsdhoNILM

software or clousbased platforms can access the data to perform appliance disaggregation and report

findings to enelusers.

4.2.3 Smart Meter Data

With the advent of electriatility smart meters, utilityderived interval data e become a source of
whole-building power consumption data for NILM products. Typically, these smart meters are the
property of the serving electric utility and thargeinstalled according to their specifications by their staff.
The data collected by the utilities are gmily hourly or 15minute sampled energgonsumption data.
Access talata isauthorizedbased onmagreement between the utilitiie utility account holderand/or
the NILM vendor Data security, privacy, and access portals have all come under greater scrutiny in
recent yearbecause oihcreased cybeattack activities. As such, this path to full customer data access
for third-party NILM analysis can be a challeng@n the other &nd, if smart meter data can be used no
additional metering infrastructure is required, which makes such an approach attractive from a cost
effectiveness and simplicity perspective.

Some NILM products employ another approach that relies on the utility smager, but utility
collected meter dat@renot used.Instead, a gateway is used to enable frequent communication between
smart meters, which are typically compatible with ZigBee communication protocols, and -batma
NILM platform. Currently, NILM platforms caralsobb e per mi tt ed t o access a co
meterthrough an agreement between the utility, the utility account holder, and/or thevéhddr.
Using such an intermediate device enables direct sampling of the meter readifaggeatrate than the
utility -collected data (as fast as once every secdral) this reason, this approach may be suitable for
more applications requiring more granular measurement data.

Compared to the above two types of NILM products attieantge ofsmart meteapproacksis that
there is no need to install extra sensors for load disaggregdtiemefore, it is much less labmtensive,
and does not require coordination with a certified electrician or utility metering electrician for installation
if the smart meter is already installed on the hoBecause ofhe minimal equipment and installation
cost, the cost of these types of NILM devices will most likely be lower than the other products using CT
or socket sensors.

43 Reporting Frequency

Anotherkey characteristic that needs to be considered when deciding whether a disaggregation
technology is appropriate for a particular application is the reporting frequency or the time interval at
which data results are available from the NILM devi€eirrentNILM vendors offer solutions with
output rates of $econdor slower. However, most are limited tc $0 15-minute outputs.
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Becausall applications do not demand the highly granular enasgydata, these technologies are
not expectd to report estimates at the highest possible granularhgrefore, NILM technologies can be
mapped to a particular range of applications depending on the limitations on output rate of energy
consumption estimates, in addition to performance accurattharother aforementioned important
characteristicsFor example, data analytics, for providing energy conservation advice to consumers, may
only need 18minuteto hourly energy outputs of disaggregation algorithR applications for
delivering grid srvices at very sheterm timescaleqe.g, seconds) and longerm time scales (e.g.
hours) may require-&econdand minuteby-minute energy information, respectively, foeasurement
and verificatiorand/or automated control feedback nedéiovidingoutputs at multiple time frames
could increase the practicality of a single NILM device being applied to a wide range of applications to
inform decisionandmonitor and verify performanceDr different NILM devices could be developed to
meet these spedized needs at more appropriate price points for the given market segment.
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50 Performance Accuracy

Evaluating the performance of NILM technologies is tnwial becausehe performance could be
misunderstood and misinterpreted if objective metrics and goistare not usedviany of the loads
being disaggregated by these technologies tend to be daratdevainique characteristicd-or
example, multistate loads such as refrigerator/freezers operate with compressors that cycle ON and OFF
frequently to egulate compartment temperatute.addition, the defrost mechanism included draws more
than two times the power of the compressor, but the defrost mechanism cycles less frequently (i.e., once
every 6 to 24 hours depending on the desigtiere is a chare thataNILM devicecould label and
represent the defrost mechanism and the compressor of a typical residential refrigerator/freezer in one of
the following ways:1) as a composite appliance, 2) as two separate applianessa®rt of another
appliance profile, or 4) not at all. In scenarios 2 and 3, it is possible that the tivMehas accurately
represented the energy consumption of both appliances but just mislabeledrilsesmario 4, the NILM
deviceis unable to isolate either functioithis example illustrates that there are many factors that should
be considered when des candmultiplgprotodole may becraquiredacc y 6 o f
evaluate performancelo effectively identify the appropriate evaluation protocols, industdyather
researchers in theeld must first converge on performance expectations for NtldMices becauseany
defined protocols should evaluate the Nlldéviceperformance against an ideal or expected outcome.
For example, should disaggregation perfanoeabe penalized if scenarios 2 and 3 ocdtigd, then
how? After the expectations are defined, a set of standardized metrics and protocols for characterizing
NILM deviceperformance can be developed to objectively compare the technol&giesgnizirg the
expectations will allow us to develop metrics and protocols that are meaningfufi\aide. In addition,
researchers and NILM developers will have specific goals and objectives for advancing technologies in a
unified way. In evaluating the NILMéchnologies included in tH¢EEA field study, the goal was to
understand how well these products are able to track and estimate the energy use of individual appliances
and identify sources of inaccuracy in performantke specific metrics used in thisadwation and the
results are presented in tBesuingsections.

51 Performance Accuracy Metrics

Because of the nascent nature of NILM technologies, at the time of this assessment there was not yet
any consensus or broadly recognized methodology for meashermgcuracy of load disaggregation
produced by these technologie®n initial literature review(Butner et al. 2013jpund that a consistent
set of NILM metrics for performance evaluation had not been previously documented in the existing
literature. Adlitional interviews with product manufacturers also indicated that indortmyberdhad not
yet converged upon a single set of methodologies for evaluating the performance of NILM technologies,
nor had they disclosed any ongoing efforts to develop ®peconducthe analysisproposed under this
study; it wasnecessary to develop a preliminary set of metricsaiiald be used to gauge the accuracy of
load disaggregationThese metrics needto be compatible with the nature and structure of the data
outputs generated by the NILM products.

PNNL had previously developed a set of candidate metrics based on its literature(Baxieaw et al.
2013. However, when applying these metrics to the NILM badeline heasurejlenergyuse data
obtained from thdield study it was discovered that the metrics were unable to capturevozkl
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performance attributes that vegather obvious visuallyFor example, the following candidate metric
(from Butner et al 2013)as tested to determine NILM accuracy in esting energy use:

ameasured energy NILM energ
energy accuracy 1 -

c measured energy (5.1)

wheremeasured energg the energy measured by meter (vwedtirs) over the defined study period and
NILM energyis energy estimated by NILM (wattiours) over the defined study period

Forone home (12063}jhe energy accuracy of the NILM was computed to be 72.4% for a
refrigerator, based on a &eek study periodFigure5.1 shows the NILM and baseline enerngse
profiles for the refrigerator in the home ove2dhourperiod From this figure, it is clear that the NILM
deviceis not tracking the energy use of a refrigerator even though the energy accuracy was determined to
be very high.In this case, the NIM devicewas actually reasonably tracking the enengg profile of a
hotwater heater Becausdhe water heater has large energy draws over a short duration that are
comparable to the total energy consumption of a refrigerator over a tengethe engy accuracy
metric inEquation(5.1) could be misinterpreted if it were used to corth@NILM deviceperformance.
Therefore, the energy accuracy metric is an unsuitable metric for describingdéibeperformance in
accurately representing energy w$éndividual appliances.

Refrigerator Daily Energy Profile: Home 12063
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Figure 5.1. Refrigerator Energy Profile (over 1 day) for Home 12063

After considering several metrics, the percent (%) standard deviation exggihedl (2015)wvas
choserto representheaccuracy of energy estimation,

% standard deviation explained -—-«ﬁ 1t (5.2)

and
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(5.3)

whereY is theith observed value and: represents its corresponding predicted vahdés the mean of

the set of observed valueg’ is the coefficient of determination, which indicates fr&ction by which

the variance of the errobetween pedicted and observed valusdess than the variance of thieserved
values(Nau 2015) The closerr?is to 1, the better the estimate Malues less than zero indicate that the
observed and predicted data are a poor match an agreemen{Eisenhauer 2003)For the assessment
of NILM deviceperformance, the predicted values signify Nlldelviceenergyuse estimates and the
observed values represent the measured energy use of the individual appliances identified by the RBSA
submetering infrastructureFor the example given fRigure5.1, r> was computed to bd 3.6, which
confirms the visual observation that the Nlilddviceis not tracking the energy use of the refrigerator.
Even thoughr?is able to indicate poor ambod performance, it is more intuitive to interpret outputs in
terms of the units the data are measurdtlau 2015) For this reason, theercentstandard deviation
explained is used instead@his metric is able to capture accuracy in detecting ewernitee shorterm

(e.g, seconds and minutes), as well as, estimating energy use over a longer temeé&s). This

intuition is further discussed in the following section, which discusses how this mefriapplied to the
NILM results obtained fronthe NEEA field home.

52 Evaluation of Accuracy and Resul ts

For each RBSA homi& whicheach NILM A and Bdevicewas installed, NILM and baseline data
sets for energy consumption of each appliance were accessed, checked for completeness, and binned into
appliancespecific sets containing contiguous tiseries valuesSome data issues were found in both the
NILM and baseline data set#t.was noted that a number of the data sets had missing values, data
presented at different time intervals, and incoreet. g. , ANAO or A#Valueso) dat
problematic portions of these data sets were identified and rem@vexd validated, contiguous data sets
were assembled for each home by appliance with corresponding time stamps, the metric defined in
Equatian (5.2) for assessing the accuracy of energy estimates by the NILM was applied istapgwo
process.

The purpose of the first step was to assess the accuracy of ddidgkeenergyuse estimates for
appliances that were labeled and reported by the NIL&&an home Therefore, the accuracy metric was
applied to the NIldlabalnaddad haplhleisahaibsaedpeddaxssappl i ance
based on matching of thi@aselineappliance energgonsumption data obtained from the gunbtering
with the correspondinilILM data obtaineébr that applianceF or i n st a nacbee,| etdhoe afipapsl i a
pair for a refrigerator would consist of the NILM and the baseline enesgydata collected for the
refrigerator in the home.

Table5.1andTable52pr esent the accuracy ofl aMlelMddenampey i ag
pairs in each homia whichNILM A and B products were installedDnly major appliances are
considered in this analysi¥heobop row and first column of -each tabl
| abel edo appliance pairs consi de rinstdledannrespectivedy. | i st
Ao entries (shaded in gray) i ndiocdhintee t hat the pa
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correspondinghomeil W6 entries (shaded in yellow) denote ca
monitored in the home, but was not detected by the NIAsImentioned previously in Sectidnl, r?

and hence the (%) standard deviation explained metric used, can be negative if the observed (baseline

data) and predicted (NILM data) are poorly correlated. The negative valuestedrfgmthe appliance

pairs in each home are reported as 0%ahle5.1 andTable5.2 and are irared font. All other entries

are the computed accuracy values for theiappé pairsn each home

Table 5.1. NILM A: Accuracy ofEnergy Estimates o As-Lfabel|l ed 0 Ap#19ildamnce Pairs

10/29/14)

Clothes Water Clothes

Dryer Heater Refrigerator Furnace Dishwasher Washer Oven Freezer ERHeat
'i';&‘s% 0%  85.1% 0% 0% 0% ND NA NA ND
;'gg;i 12.5% 0% 0% NA ND 0%  5.6% | NA ND
;'32"21% 77.1%  ND 0% NA NA ND 0% | NA ND
;'25"23% ND ND 24.9% ND 0% ND  NA  9.7% NA

ER = electric resistance; NDappliance was not detected by the NILM in the hplh& = appliance wasot
available in the home

Table 5.2. NILM B: Accuracy ofEnergy Estimates o r -1 fd A& o t ApflianeedPairg12/25/13 to

7123/14)
Clothes  Water Clothes ER
Dryer Heater Refrigerator Dishwasher Washer Oven Freezer Heat

Home
10040 ND 0% 0% NA NA ND NA 13.0%
Home
12507 NA 0% 0% NA NA NA NA 25.7%
Home 0 0
12994 0% NA 0% NA NA NA NA NA
Home
14284 NA 0% 0% NA NA NA NA NA
Home 0
14577 NA 48.3% 0% NA NA NA NA NA

ER = electric resistanc®lD = appliance was not detected by the NILM in the home; NA = appliance wa
available in the home

Evident in these tables,| abel sk eamp!| ipooae cpairred
both NILM technologies are poorly tracking the energy use of most of the actual appliances they labeled.
In addition,theNILM A devicewas unable todbelor deteciat least two major appliances in each home
as indicated bTherewemr noli haByomajermafpliancessnonitored or available in the
homesin which theNILM B devicewas installed.Across allof the homes and appliances avaiaiol the
homesin which theNILM B devicewas installed, only two appliances were not detectatiédMILM B
device However,thelonaccur acy resul tlsalbobdbltadmeapploiranbhe Paisr <
devices as shown iTable5.1 andTable5.2, primarily led the research team to review the dath
search for missed correlations and errors in analyisen visually inspecting the NILM energy outputs
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compared to the baseline soietered data, it was discovered that the Nié¢icescould possibly be
reasonably estimating the energy use of andtizelr thatheymislabeled.However, to confirm this
observation, a series of correlation matrices were generated for each home to help identify mislabeled
| oads by me as ursquarg cotrdiagon ébeffciens (sEguaton (R3) in Sectiof)

between loads identified by the NILM technologies and the baseline Feigtare5.2 andFigure5.3 show

the correlations between appliances labelethbNILM A deviceand measured appliancesdwo

homes, as example3he applianceBsted on the left vertical axes are the major appliafmeshich the
NILM A devicereported energy estimate$he appliances listed at the top on the horizontal axes are the
appliances sumetered in the corresponding homfdso, dark blue, white, angkd indicate a strong
correlation, no correlatigmnd very poor matching, respectiveln home 12063, there were two water
heaters, DHW and DHW _2, as showrFigure5.2. It is apparent that the NILMevicelabeled one

water heater correcthpecausehe Water.Heater/DHW matchup results in-adriare value close to 1
(indicated by the dark blueHowever, the second water heai2HW 2, was labeled as a refrigeoat
Similarly, the clothes dryer is recognized as an oven, the furnace (Furn) as a clothes dryer, and the
furnace blower as a refrigeratois can be seen iRigure5.3, there were no very strong correlations
between labeled and sufietered appliances in home 13248 there were in home 12068owever,

there is a chance that the electric resistance heating (ER_2) measured in home 13248 might be
misclassified as aishwasher byheNILM A device based on the lighter blue indicator.
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Figure 5.2. NILM A Home 12063: NILM/Baseline Appliance Correlation Matrice819/14 to

10/29/14) Dark blue, white, and red indicatestaong correlation, no correlation, and a very
poor match, respectively.
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After identifying these incorrect categorizations, the clearly identified loads mislabeled by the NILM
technologies (ashownin Figure5.2) were matched with the baseline appliang which they were
most correlated and relabeled as that baseline applidies, the energy accuracy of each NidgVvice
was reevaluated based on the same mdescribed ifEquation(5.2) for all appliance matches found.
This constitutes the second step of the evaluafl@hle5.3 presents the updated load disaggregation
accuracy, based on t hetheNLM A debieel Thedhdditiang yaluesance pai r
included (in bold), represent the accuracy computed after matching and relabeling the NILM data with
correlated baskle appliance dataAs shownthe accuracyf the NILM device inestimating the energy
useof some appliancesignificantly improved.Note that two water heaters instead of one were
monitored and detected in home 12063 after relabeling the applianseAlao, some of the appliances
initially undetected byheNILM A device(seeTable5.1) were now being detected aftermatching
some appliance paird’heNILM A deviceinitially mislabeledfour of five appliances that were
reasonably represented in one horibese results indicate an opportunity for better appliance
identification strategies with certain appliances and applicatinsadditional correlated apance pairs
were found fotheNILM B device
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Table 5.3. NILM A: Accuracy ofEnergy Estimate oRe fab el ed 0 A4lp/lditoance Pai r s

10/29/14)
Clothes Water Clothes ER
Dryer Heater Refrigerator Furnace Dishwasker Washer Oven Freezer Heat
Home 0 85.1%/ o o o
12063 78.8% 84 1% 53.2% 86.7% 0% ND NA NA ND
Home 12.5% 0% 0% NA ND 0% 5.6% NA 81.4%
23384 . 0 0 0 0 . 0 . 0
ng;% 77.1%  ND 0% NA NA ND 0% NA  57.7%
Home
0, 0, 0, 0,

14560 81.8% ND 24.9% ND 0% ND NA 9.7% NA

ER = electric resistance; ND = appliance was not detected by the NILM in the home; NA = appliance was nc
available in the homdjold font represents accuracy computed for matching and relabeling correlated applian
pairs

In attempts to better understand correlations and accuracy, select data were reviewed graphically.
Figure54pr esent s the fArel abel edo refraZdghourperiadiThisapp! i an
correlation was found visually using correlation matrices generate#igpae5.4), where the NILM
furnace data were found to align with the baseline refrigerator in home 12Z086ILM furnace data
werethen relabeled as a refrigeratdxs the profile Bows, once the proper correlation was made, the
alignment and energyse magnitude were very similar. One exception is the peak in energy use at about
5:45 AM. This peak, likely a refrigerator defrost event, was captured by the baseline metering but was
either undetected by the NILM record or incorrectly categorized as or with another apphantieer
exception is the consistent underestimating of the energy use by thedeNit on the order of
roughly 10%.

Refrigerator (1 Day) Energy Profile: Home 12063
0.040
0.035
0.030
0.025
0.020
0.015 ——NILM
0.010 —— Baseline
0.005

0.000
NI “q.?n\‘“ SRRSO DD R0 SO D0
SO N Y 5 6 NSEENENZENCHINCHIN BRSNS I A e

kWh Use

Time of Day

Figure 5.4. NILM Furnace/Baseline Refrigerator Energy Profile (over 1 day) for Home 12063

Both of these inaccuracies are better highlightdeignre5.5, which presents the firgthours of the
same data set. As the figure illustrates, the alignment of refrigerator power draw events, including the
magnitude and duration of the events, are quite good in most casesigo#b.4 andFigure5.5
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highlight where these errors may be occurring and how they may be propagating theodagta set due

to consistent underestimation of the load and the missed defrost events that occur at least one time daily
and consume relatively high levels of energy overt@@5 minute periods. Note also that the daily

profile contains slight staand stop time offsets and, while they do not occur often, their presence is
evident. After reclassifying the misidentified furnace blower as a refrigerator, the calculated energy
accuracy was 51.2% for the-veek period of study between 4/19/2014 a@#/2014. This result

appears to be reasonallge to consistent underestimation of the load, missed defrost events that occur at
least one time daily and consume relatively high levels of energy ovey 1®minute periods, and

offsets in runtimes beten the NILM device estimates and the measured energy use. For the case of the
refrigerator, both of these issues offer opportunities for future study about classifying loads and
improving energy estimates.

Another visual example is shown,kigure56, whi ch depicts a Arel abel edc¢
pairing over 1 day. For this case, the NILM device energy data for an oven were found to be highly
correlated withlte baseline dryer in home 14560. The profile shows that all events were detected, but the
NILM device again underreports, especially peak energy consumptions (at 9:00 AM). For this situation,
the energy accuracy was calculated to be ~82% over thae@Kperiod of study, which makes sense
because the error between the NILM and baseline data for the dryer varies and propagates throughout the
period of study.

Refrigerator Hourly Energy Profile: Home 12063
0.040
0.035
0.030
0.025
0.020

0.015
0.010 —— Baseline

—NILM

kWh Use

0.005

0.000
Q Q L ~O Q Q \} Q Q Q
S D S o) S ) A\ ! S o)

Time of Day

NI
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Figure 5.5. NILM Furnace Blower/Baseline Refriggtor Hourly Energy Profile (over 7.5 hours) for
Home 12063
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Dryer (1Day)Energy Profile: Home 14560
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Figure 5.6. NILM Oven/Baseline Dryer Energy Profile (over 1 day) for Home 14560

In summarytheNILM A devicewas reasonably accurateestimating energy consumption and
event identification of resistive loads (j.electric resistance water heaters, heating, clothes dryejs, etc
but initially struggled with load identificationThis NILM technology mislabeled at least one appliance
in each homén whichit was installed.In addition, it was unable to detect or track the energy use of at
leastthreeof the major appliances considered in every home in which it was instaltagever, once the
correct appliances were identified viamatching and relabeling correlated appliance pairs, NdeMice
energyconsumption accuracy improved significanthILM A was more successful witbN/OFF type
loads, such as the electric resistance water heaters, clothes dryer, and fiunages oveall energy
estimate accuracy of ~70% across all homes (after correction and excluding the uncorrelated appliance
pairs where the NILM labeled appliances could not bma&ched with other correlated baseline
appliances).

For multistate loads, such asnigkerators and freezers, the average accuratye™ILM A device
was only ~30% (after correction), indicating that some improvement is possible in better classifying
appliances with multiple energgonsumption statedn this assessment, the NIL8&vicewas penalized
for not recognizing the defrost cyclasdconsistently underestimating compressor cycles and offsets in
ON/OFF runtimes ofthecompressor.TheNILM A devicealso appeared to sometimes identify multiple
loads as one appliance or report egrous loads, which drastically decreased accuracy in those Eases.
example Figure5.6 shows the energyse profilesfoafir el abel edd appliance pair
d e v i otiggndlly labeled dishwasher and an electric resistance heating load in home k3248ar
that the NILMdeviceis tracking energy use of the actual load at some periods and estimating significan
load at times when electric resistance heating is observed to the this case, energy accuracy was
observed to be ~58%, based on then@ék period of studyBased on the two stages of analysis
performed so far, it is unclear whether the reasoddgrdation in performance is due to an actual or
erroneous load being categorized with the freezer by the NliéWte Depending on the performance
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expectations for using NILM technologies for different applicagitime former reason may be

acceptablelf so, the NILMdeviceperformance should not be penalizéhother stage of analysis may

be needed to understand these types of caveats and to report accuracy based on new appliance matches.
This example shows how performance accuracy can be misgtetpvhen additional analysis is not
performed to examine reasons floe performance levels reportedlso, it illustrates the need for

industry and stakeholdets converge on clearly defined performance expectations for NILM

technologiedo determinavhether additional analysis is needed to assess accuracy based on
misclassification of appliance loads.

Electric Resistance Heating Hourly Energy Profile: Home 13248
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—NILM

—— Baseline
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Time of Day
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Figure 5.7. NILM Dishwasher/Baseline Electric Resistance Heating Energy Profile (over 4 hours) for
Home 13248

Vendor B was only willing to provide 2dour interval energy estimates for the performance
evaluation. TheNILM B devicereported energy estimates for ughoeeappliances in either home,
mainly recognizing them as a water heater, refrigeratoconditioneyor dryer. For each homa which
the technology was used, no additional correlated appliance pairs were idefitifeednergy accuracy
was found to be less than 45% for all appliances identifiaee to the low resolutioaf thedata
received, the sources of inaccuracy cannot be further explored.

The analysis and results from this field study provide insightth@ohallenge®f characterizing the
performance of NILM technologies, the sources of inaccuracy, assvdvelopment opportunities that
should be explored to mature these technologies to be used to enable useful applications.
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6.0 Concl usions and Next Step

Every NILM enduser and application does not require the same level of accuracy, powergseergy
outpu resolution, ease of use, and ease of installation (which impacts dake&dy, in the future, a
variety of unique NILM technologies will be developed and customizedasitlite ofcharacteristics that
areacceptable for particular applications.

Fromthe NEEA field test evaluation of a few existing NILM technologies, several insights were
gained regarding the ease of use, installation requirements, and reporting frequency of available NILM
technologies. The ease of use will likelffectthe market doption of such technologies, particularly in
the residential consumer market, while the ease of installation has important considerati@svinall
cost of the product. The reporting frequency influences the ability of the NILM data to be useful fo
particular applications.

While different levels of accuracy may be acceptable depending on the application, performance
accuracy will continue to be a key consideration when considering and comparing different NILM
technologies.However, evaluating theerformance of NILM technologies is tnivial becaus¢he
performance is easily misunderstood and misinterpre®eelvious performance studies have discouraged
market uptake and decreased confidence in the potential value of tddihiologiedecause maningful
and objective metrics and protocols were not used to caheesyiitability ofthe technologiefor certain
applications.In addition,thereasons for inaccuracy are not typically reparsedtheycannotbe used to
guide and focus innovation this area to enable a wide range of applications.

To evaluatdechnologyperformance, PNNL evaluated existing metrics that were previously proposed
in the literature PNNL found that selection of new metrics was warratechuseandidate metrics
were hflexible and unable to capture NILMeviceperformance in a robust and meaningful wayter
selecting a more comprehensive metric, the results were analyzed and some sources of performance
inaccuracies in estimating energy use for these technologiesswglored.For instance, for one NILM
product, it was evident that the appliance classification process, used to identify individual loads, could be
improved to significantly increagheaccuracy of energy estimates of individual loadiso, in some
cases there was consistent underestimation of appliance energy use, which indicates the need to enhance
themethods used to calculate energy use for certain appliaMmeg. investigation is needed to identify
other significant sources of inaccuracies potential opportunities for improvement.

This report describes the preliminary evaluation of several commeraiaiiable NILM
technologies.To encourage innovation in NILM technologies, researchers and stakeholders need to
continue to be kept aware thfeir evolving performance capabilities and key characteristics that make
them suitable for certain applications and market segm&uasghly 18 currently active NILM
companies have advanced prototypes or commercially available products actdsisetti8tates United
Kingdom Ireland and CanadaThe market for these NILM technologies is slowly maturifgrther
development of a robust set of performance metrics that is vetted with industry, comion@ibatit
performance capabilities based on thesgrics, and demonstrati of other important characteristics are
meaningful activitieso pursue. Thewill help further the development of this new and emerging bgld
identifying applications where existing NILM technologies may be of benefit anhhy emphasizing
areas of research that can help to advance NILM capabilities to a level that is appropriate for other
applications.To accomplish these goals, industry and researchers fieldhenust first converge on a set
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of performance expectatiofr NILM devices. Clearly articulated and unambiguous expectations will

then allow for development of metrics and protocols thare meaningful and of value to the industry

2) empower researchers and developers to advance these technologies téesletiradd3) increase
confidence in the product capabilitie&s part of an ongoing projegirimarily sponsored by BPA

PNNL plans toengage stakeholders and an advisory board to reach agreement on common protocols and
metrics that are intended to beluntary and used to objectively evaluate and compare appliance
disaggregation technologies for different applications and uses.

1 BPA TIP 327: NILM Accuracy Test Standard Development and Measurement Improvement
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Appendix A

List of Active NILM Vendors

Severalnortintrusive load monitoringNILM ) products are commercially available for residential
and/or commercial building segmentiBableA.1 lists some active NILM vendors and thegioducts, as
well as the applications, current market targets, and the costs quoted from the vendors (if available).
Table A.2 lists active NILM vendors and the specific measurement devices, measurement sampling rates
and reporting frequency limits foretr NILM products. Y ellow highlights represent prototypes and
ongoing research institutions where the products have not yet been made commercially available.

Table A.1 List of Active NILM VendorsandTheir Products

Product Current MarkefTargets
Vendor Name Applications andUsers Cost
AlertMe AlertMe Energy analytics, Utilities, service NA
appliance control, and providers, retailers,
home automation appliance

manufacturers, and
residential customers

Belkin NA - Appliance NA Target at $200 range
prototype disaggregation
Bidgley HomeBeat Appliance itemization, Utilities, and residential TED  5000:  $200,
Energy solar disaggregation, customers Rainforest EAGLE:
Monitor event notification and $100, Digi
reminders, targeted ConnectPort: $120

marketing, social
sharing, measurement
and verification,
energyefficiency
programs, and
customer services

Blue Line PowerCost Appliance Homeowners, small $115
Innovations Monitor disaggregation business owners,
utilities
Energy Aware Neurio Appliance Residential customers $250
Technology disaggregation
Inc.
Enetics SPEED Appliance Residential customers  $1,300
disaggregation
EEme EEme virtual home energy  Utilities and residential NA
audit analyticgor consumers
demand side
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management

Fraunhofer NA Load disaggregation  Residential and NA
CSE for energy commercial customers
management
Load IQ Enable.El Energy disaggregation Commercial buildings It is in precommercial
and energy efficiency as well as industrial stage, one year rent:
facilities price 0of$2,000
Navetas Loop Energy monitoring and Residential customers. £35 for Loop energy
Energy smart data analytics  However, the savings kit, Service fee
Management disaggregation first year free, then £5
technigue has not been annually
implemented in the
current Loop system
ONzO ONzO Customer value Residential customers NA
discovery from smart
meter data: energy
efficiency, customer
engagement, improvec
targeting of sales and
marketing
Plotwatt Plotwatt Data analysis, activity Residential customers Free for residentia
alerts, and and restaurants customers, $99 capite
recommendations on cost plus $99 monthly
rate plan selection, ant service charge fol
peak energy use restaurants
Powersavvy Powersavvy Energy saving Residential customers Monitoring a typical
and business owners  home for a week, giving
an analyzed report cos
as50
Qualisteo Lynx Appliance Supermarkets, train NA
Wattseeker disaggregation station, industrial site,
restaurants, offices,
shopping center, etc.
Smappee Smappee Appliance Residential customers $250
disaggregation
Verdigris Verdigris Appliance Residential customers NA
disaggregation
Verlitics Energy Appliance Home owners, busines: NA
Insight disaggregation owners, facility
Cloud managers, utilities, and
Service device manufacturers
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Wattics Wattics Energy management, Commercial and NA
measurement and residential buildings,
verification, energy industrial processes,
consultancy, and utilities, and system
demand response operators
Table A.2. List of Active NILM Vendors and heir Technology Types
Measurement
Vendor/Product Measurement Devices Sampling Rate Output Rate
AlertMe Energy Analytics is only a NA NA
software service solution.
It takes smart meter data
from utilities.
Belkin Bespokesensor >1 MHz <1 second
Bidgley/ HomeBeat Smart meter and traditione NA 5 minutes
Energy Monitor utility meter
Blue Line Innovations/ Utility -meterbased optical NA NA
PowerCost Monitor sensor
Energy Aware Current transformer NA Not specified
Technology Inc./Neurio
EneticsSPEED Utility -meteil based 32 samples /cycle 5 min
devices
EEme/EEme Smart meter 15 minute NA
Fraunhofer CSE Sensor installed in the 1 Hz (low NA
main breaker level of a frequency
residence or commercial approach) ob0-
establishment 100kHz (high-
frequency
approach)
Load IQ/ Enable.EI Electrical panelevel 3k Hz 1 second
sensor
Navetas Energy The sensor comes with the NA Not specified
Management/Loop kit, which attaches to the
main electricity feed.
ONZO/ ONZO Data analysiproviders NA NA
that takes smart meter or
utility customer data
Plottwatt/ Plottwatt Softwaresolution only NA 5 minutes
Powersavvy/Powersavwy Power savvyds NA NA
It is connected to the
electricity supply.
Qualisteo/Lynx Split-corecurrent sensors > 1 kHz <10 minutes

Wattseeker

installed in theelectrical
panel boards
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Smappee/Smappee
Verdigris/ Verdigris
Verlitics/EICS
Wattics

Current transformer
Current transformer
Bespokesensor

A 12-channel meter
installedon large
distribution boards
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