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ABSTRACT

Reducingpowerusageintheresidentialsectorisaglobalproblem.Appliancesusedforspaceheating,
cooling,andlightingaretheprimarysourcesofhomeenergyconsumption,increasedcosts,andCO2
emissions.Suchdevicesareasignificantsourceofenergywastageiftheyareleftonandnotbeing
used.Thisarticleproposesasolutiontoreduceenergywastageinsmarthomes.Thesolutionconsists
ofamethodtodetectthepresenceofresidentactivitiesinthehouseholdbasedonWi-Fidevices.It
presentsamodelforidentifyingtheWi-Fidevicesthataresimilarinusagecomparedtotheresident’s
appliancesusingmachinelearningtechniques.Inadditiontodisplayingthedeviceusagecharts,this
solutionhelpsinautomaticallyturningoffsuchapplianceswhentheyarenotinuse.Acontrolled
experimentisconductedtoevaluatetheperformanceofthesolution.Theresultsindicatethatthis
approachcansignificantlyreduceenergywastageinthehomes.
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1. INTRODUCTION

Accordingtoastudy(D&RInternationalLtd.,2012),45%oftheenergyusedwithintheresidential
sectorisforspaceheating,18%isforwaterheating,9%isforspacecooling,and6%isforlighting.
Thesefourfactorsmakeup78%ofthetotalenergyusageinmosthomes,soagoodplacetofocus
energysavingeffortsisheating,cooling,andlighting.Thesamestudyalsopredictsthattherewill
bea13%increaseinenergyconsumptionbetween2009and2035.AccordingtoGardnerandStern
(2008)andArmor(1995),directenergyusagebyhouseholdsaccountedforapproximately38%of
overallUSCO2emissions,or626millionmetrictonsofcarbonin2005.Theseemissionsequalabout
8%ofglobalemissions,whichislargerthantheemissionsofanycountryexceptChina.Reducing
powerconsumptionintheresidentialsectorisaglobalproblem(Uenoetal.,2006).Studiesshow20%
to30%ofenergyusagecanbesavedbyturningappliances,lighting,cooling,andheatingdevices
offwhenresidentsareawayfromhome(Lu,2010).

Motionsensorsoroccupancysensorsareusedinindoorspacestocontrolappliances.Ifnomotion
isdetected,itassumesthatspaceisempty,andthusthesensorsdonotlightthespace.Thesesensors
canbemanuallyprogrammedtoturn“off”afterapresettimeinterval.ApaperbyGargandBansal
(2000)presentedthedesignofasmartoccupancysensorthatsaves5%moreenergycomparedto
fixeddelaymotionsensors.Thesystemlearnsthevariationsinresidentsactivitylevelsbasedonthe
timeoftheday.Basedonthisknowledge,itvariesthedelayandturns“off”thelightsearlierbased
onhowlongaresidentislikelytostayinagivenroom(Torunskietal.,2012).Inthepaper(Luet
al.,2010),theauthorspresentedtheconceptofasmartthermostatthatsensedoccupancystatistics
inahometosaveenergythroughimprovedcontroloftheheating,ventilation,andairconditioning
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(HVAC)system.Theydemonstratedhowtousewirelessmotionsensorsanddoorsensorstosense
occupancyandsleeppatternsinahome,andhowtousethesepatternstosaveenergybyautomatically
turningoffthehome’sHVACsystem.

Inthecommercialsector,recentresearchwasperformedindetectingthebuildingoccupancy
andimplementingtheenergy-savingstrategies.TheMITEnernetstudy(Vaccari,2009)demonstrates
thecampus-wideWi-Finetworkactivitydatashowsbuildingoccupancyandtheinformationcould
beutilizedinimplementinglightingandventilationstrategiesacrossthecampus.AccordingtoOuf
(2017)andLi(2012),Wi-Finetworkscanbeusedtoanalyzeoccupancyatahigherlevelofaccuracy
andminimalcost.Thepaper(Thanayankizil,2012)exploresthemethodstodetecttheofficebuilding
occupancyusingsoftsensorssuchasIDbadgescanningsystems,Wi-Fiaccesspoints,onlinecalendar.

Intheresidentialsector,moreresearchwillbeneededtomakethesystemssimpler,unobtrusive,
anddeterministic.Otherwise,theywillsimplybeignored.Newsolutionsareneededtosaveenergy
withoutrequiringdailythoughtortheinterventionofresidents.ThegrowthofInternetofThings(IoT)
encompassesawidevarietyofsensingdevicessuchassmartphones,andthroughtheircollaborative
operations,billionsofsuchdeviceswillrealizethevisionofsmarthomes,smartcities,andbeyond
(Reinhardt,Christin,&Kanhere,2014).Asmarthomecannowincludeappcontrolledlightbulbs,
smartplugs,roboticvacuumcleaners,smartcoffeemakersthatsynchronizetoamorningalarmclock,
electroniclocks.Programmablesmartplugsprovidetheabilityforresidentstoturnoffappliances
fromasmartphoneortabletandcreateon/offschedulesandrules(Page,2017).ThroughWi-Fi
residentscanaccessIoTdeviceswithasmartphoneortabletviaahomerouter(Monnier,2013).
ThediffusionofWi-Fienableddevicesisexpectedtogrowto3.4devicesandconnectionspercapita
by2020,upfrom2.2percapitain2015(CiscoSystemsInc.,2016).TheseWi-Fidevicesaregood
indicatorsofaresident’spresenceoractivityinahome.

Inthispaper,theauthorproposesasolutiontosaveenergybyturningofftheappliancesthat
arenotcurrentlybeingusedthroughmachinelearning,basedonaresident’susageofWi-Fidevices.
Therestofthepaperisstructuredasfollows.Section2describestheproposedsetupinatypical
household.Section3illustratesthemethodfordetectingthepresenceandactivityoftheresidents
andthemathematicalrepresentationofthecollecteddata.Section4showsthemodelforfindingthe
devicesthatexhibitsimilarusagepatternastheappliancesandsection5exploresmethodstoreduce
energywastagebyturnoffunusedappliances.TheexperimentationandresultscomeunderSection
6.LimitationsaredescribedinSection7,andfinally,Section8appraisestheconclusion.

2. SOLUTION SETUP AND OVERVIEW

Atypicalhouseholdconsistsofahomerouter,Wi-Fienableddevices,suchaslaptops,smartphones,
smartTV,andappliances,suchasairconditioner(s)andlamps,asshowninFigure1.AWi-Fienabled
smartplugisconnectedtoapoweroutletandtotheappliances(e.g.,airconditionerandlamps)ina
room.TheWi-Fismartplugprovidessoftwareapplicationprogramminginterface(API)tomonitor
thepowerstateandenergyconsumptionoftheappliance,andtocontrolitspower(turningit“on”
or“off”).

ThesoftwareonthelaptopperiodicallyscanstheWi-Fidevicesconnectedtothehomenetwork
andalsocollectsthepowerstatusandenergyconsumptionofthesmartplug(s).Thecollecteddata
are inserted into a database for analysis. From the collected data, a machine learning similarity
algorithmisusedtofigureouttheWi-Fidevicesthathavesimilarusagepatternsastheappliances.
BasedonthesimilaritiesbetweentheappliancesandtheWi-Fidevices,theappliancesareturned
offautomaticallybythesoftwareviathesmartplugwhenthecorrespondingWi-Fidevicesarenot
connectedtothehomenetwork.Thenextsectionsdiscussthisapproachindetail.
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3. TRACKING THE WI-FI DEVICE USAGE

Ahomeareanetwork(HAN)isalocalcomputernetworkthataidscommunicationamongdevices
withinahousehold.Wi-Fiisacommontechnologywithextremelyhighadoptionrate,usedinHANs,
smartphones,laptops,andmanyotherelectronicdevices.Almosteverynewelectronicdevice,be
itaSmartTV,laptop,gameconsoleorasmartphone,comeswithinstalledWi-Fitechnology.The
InternetProtocol(IP)istheleadingcommunicationsprotocolthatfacilitatescommunicationamong
HANdevices(Lobaccaro,Carlucci,&Lofstrom,2016).

EachdeviceonanHANisidentifiedwithanIPaddress.Itconsistsoffoursetsofnumbersfrom
0to255,separatedbyadecimal,suchas192.168.1.20.Thedynamichostconfigurationprotocol
(DHCP)protocolrunningonthehomerouterassignsorleasesanIPaddresstoeachWi-Fidevicethat
isconnectedtothenetwork(Droms&Lemon,2002).Whenresidentswalkintothehome,theirsmart
phoneconnectstotheHAN.Duringthetimetheystayathome,thesmartphonewillbereachableon
thehomenetwork.Whentheyleavehome,thesmartphonedisconnectsfromthenetworkand,hence,
willnotbereachableontheHAN.Similarly,whenresidentspoweronalaptop,itwillbereachable
onthehomenetwork.ThereachabilityoftheseWi-FidevicesontheHANisagoodindicatorofthe
residents’presenceoractivityinthehome.

ApingsweepisanetworktooltoprobethedevicesontheHAN.Thepingsweepsendsasetof
InternetControlMessageProtocol(ICMP)ECHOpacketstoanetworkofdevicesandseeswhichones
respond.Thereasonforthisistodeterminewhichdevicesarealiveandwhicharenot.Onecommon
toolforconductingpingsweepsisfping,whichtakesanIPaddressrangeandsendsECHOpackets

Figure 1. Setup that shows home router, Wi-Fi devices, a smart plug, and appliances connected to the smart plug, and software 
running on a laptop
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tothem.ThetoolfpingsendsoneECHOpackettooneIPaddressandthencontinuesquicklytothe
nextIPaddress.ThismethodefficientlyscansthehomeWi-FinetworkandlistsalltheIPaddresses
ofthedevicesthatareupandaccessibleontheHAN(Teo,2000).Theexamplebelowshowsapartial
listofIPsthatwerereachableatthetimeofrunningthecommand:
$ fping -g 192.168.1.1/24 
192.168.1.1 is alive 
192.168.1.103 is alive 
192.168.1.116 is alive 
192.168.1.137 is alive 
192.168.1.140 is alive 
192.168.1.141 is alive 
192.168.1.144 is alive 
. . .

TheIPaddresscannotreliablybeusedtouniquelyidentifyadevice,becausethedevicemay
getanewIPaddressbasedonavarietyofconditions,suchasleaseexpiryandrouterpowercycle.
SinceIPaddressesaresubjecttochange,foragivendevice,overtimewithinanHAN,themedia
accesscontrol(MAC)addressofadeviceisused.AMACaddressisuniqueforeverydevice.The
arpnetworksoftwareutilitygivestheMACaddressforthecorrespondingIPaddress(Kozierok,
2005).TheuniqueMACaddressofadeviceiswhatwillbestoredinthedatabase,insteadofitsIP
address.ThefollowingexampleshowsapartiallistofIPsandtheirMACaddressesatthetimeof
runningthecommand:
$ arp 
Address HWtype HWaddress Flags Iface 
192.168.1.144 ether 20:56:27:b4:a5:89 C wlan0 
192.168.1.141 ether 90:90:a9:fa:c2:15 C wlan0 
192.168.1.146 ether 50:bb:3a:1a:e7:d5 C wlan0 
192.168.1.140 ether 44:91:82:d9:61:91 C wlan0 
192.168.1.143 ether 44:bc:0c:67:97:bc C wlan0 
192.168.1.142 ether ac:ad:f8:2b:aa:8d C wlan0 
192.168.1.116 ether s6:8d:12:18:6e:98 C wlan0 
192.168.1.103 ether ac:bc:32:c4:01:27 C wlan0 
192.168.1.1 ether 90:c1:c0:b2:be:c4 C wlan0 
192.168.1.102 ether 18:e8:56:43:49:18 C wlan0 
192.168.1.139 ether 96:94:26:05:12:0b C wlan0 
...

Asoftwareprogramrunsthefpingandarpprogramseveryminute,collectsthedevicesthatare
connectedtothehomenetwork,andstorestheinformationinadatabase.Foreaseofreadability,
eachMACaddressismappedtothedevicename.Forexample,96:94:26:05:12:0bcorrespondsto
thedeviceSmartPhone4.Figure2showsthedevicestatusfortheentiredayintheexperimental
setuponFebruary16,2017.Noticeably,Wi-FidevicesChromecast,LaptopML(runningsoftware),
HomeRouter,andSmartPlug1areupthroughouttheday.SmartPlug1ACshowsthepowerstatus
oftheappliancesthatareconnectedtotheSmartPlug1.

3.1. Device Interval Status and Transition Points
Astheprevioussectionsmentioned,thesoftwarescansthehomenetworkeveryminuteandfinds
theconnectedWi-Fidevicesandtheappliancespowerstatus.Allthecollecteddataarestoredinthe
database.Thesoftwareaggregatesthesedataevery15minutes.IfaWi-Fideviceisvisibleforany
minuteinthe15-minuteinterval,itismarkedas“on”(1);otherwise,itismarkedas“off”(0)during
that15-minuteinterval.Certainsmartphones,whentheyarenotbeingused,gointostandbymode,
disconnectfromWi-Fi,andperiodicallywakeupandconnecttoWi-Fi.Suchdevicesaredetected
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duringthewake-uptime.Figure2illustratesSmartPhone1exhibitingthisbehavior.Theinterval
aggregationhelpsinaccuratelydeterminingthepresenceofasmartphoneinthehome.

Atransitionpointiswhereanappliancepowerstatuschanges,i.e.,from“on”to“off”orfrom
“off”to“on.”Figure3illustratesthisconceptandshowssampledataofadevicestatusovertime
intervals.Thepoweroftheappliancetransitionsfrom“off”to“on”atinterval5andfrom“on”to
“off”atinterval10.

Adevicestatuscanberepresentedasavector,whereeachelementrepresentsthedeviceupstatus
(1)ordownstatus(0)duringthatinterval.Table1showsthestatusvectorforeachWi-Fidevice.

Sincethedevicestatusdataareextractedintheformofvectors,similaritymeasurescanbeused
tofindthedevicesthatexhibitasimilarusagepatternastheSmartPlug1ACpowerstatus.Thenext
sectionwilldiscussthisindetail.

4. MODEL FOR IDENTIFyING RELATED DEVICES

Thissectionexaminestheapproachforidentifyingdevicesandappliancesthatarerelatedtoeach
other.Thenotionofsimilaritybetweendevicesisexploredandquantifiedusingvariousmetrics,to
findtheWi-Fidevicesthataresimilarinusagetotheappliances.

Figure 2. Wi-Fi device and appliance power status data collected on February 16, 2017
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4.1. Device Usage Similarity
Similaritylearningisanareaofsupervisedmachinelearninginartificialintelligence.Asimilarity
measureisareal-valuedfunctionthatquantifiesthesimilaritybetweentwoobjects.Variouslearning
algorithmsimplicitlyorexplicitlyrelyonanotionofdistance(orsimilarity)betweentheobjectsof
thedataset.Ifthedataareintheformofvectorsormatrices,orhavebeentransformedbyfeature
extraction tosuchstructures, thenvariousdistanceandsimilaritymeasurescanbeused. (Abou-
Moustafa,2016).

ConsideringthedevicestatusvectorsarethepointsinthespaceV .of2d .vectors,therearetwo
commonwaystodefinethenotionofdistancebetweentwovectors,namelytheEuclideandistance
andManhattandistance.TheEuclideandistance(ED)isthestraight-linedistancebetweentwopoints
inEuclideanspace.TheEDD V V: × →� �R .isgivenasfollows(Dubey&Saxena,2017):

Figure 3. Wi-Fi devices status over time intervals

Table 1. Wi-Fi device status vectors corresponding to Figure 3

Wi-Fi Device Device Status Vectors

Appliances [0,0,0,0,1,1,1,1,1,1,0,0,0,0]

SmartPlug [1,1,1,1,1,1,1,1,1,1,1,1,1,1]

SmartTV [1,0,0,0,0,0,0,0,0,1,0,0,0,0]

SmartPhone [0,0,0,1,1,1,1,1,1,1,1,0,0,0]

Laptop [0,0,0,0,0,0,0,1,1,1,0,0,0,0]

Router [1,1,1,1,1,1,1,1,1,1,1,1,1,1]
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wherepandqaretwofeaturevectorseachhavingdimensionn,definedasp={p1,p2,p3,...pn}and
q={q1,q2,q3,...,qn}.

TheManhattandistance,alsoknownastaxicabmetric,istheshortestdistanceacarwouldhave
todriveinacityblockstructuretogetfrompointptoq.TheManhattandistanceisgivenasfollows:
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TheManhattandistancecountsthenumberofdissimilaritiesamongthevectors(Changetal.,
2006).ItisclearthatsmallerthedistanceD(p,q),inanyoftheabovemetrics,thegreaterthesimilarity
betweenthevectors.

Amoreappropriatenotionofmetricinthisscenario,tothatofthecomputationofthedistance
betweenobjects,isthedeterminingofsimilarityfunctionS(a,b)thatcomparesthetwovectorsaand
b.ThisfunctionSshouldbesymmetricali.e.S(a,b)=S(b,a),thevaluewillbelargewhenaand
baresomehow“similar”andshouldconstitutethelargestvalue(closeto1)foridenticalvectors.
Cosinesimilarityisoneofthetechniquesthatisusedforsimilaritymeasure.Cosinesimilarityfor
twononzerovectorCS:V×V→[-1,1]isdefinedasfollows(Dubey&Saxena,2017):

Letα,βbetwovectors:α={p1,p2,p3...}andβ={q1,q2,q3...}
Let“*”denoteascalarproductbetweentwovectors.Thencosinesimilaritybetweenα,βisgivenby:

CS =
( )
×( )

�
*�

�

α β

α β
.

α β�*� �� * * * ... �� *= + + +( ) =
=
∑p q p q p q p q
i

n

i i1 1 2 2 3 3
1



α =
=
∑
i

n

i
p
1

2 

β =
=
∑
i

n

i
q
1

2 

Intheaboveequation,CSiscosinesimilarity,|α|and|β|arethemagnitudesofvectorsαandβ
respectively.

Iftheanglebetweenthetwovectorsisnearlyzero,thenthesimilaritybetweenthemishighest.
Thecosinesimilarityisarepresentativesimilaritymeasure,whiletheEuclideandistance,Manhattan
metricrepresentdissimilaritymeasures(Dubey&Saxena,2017).Thispaperusescosinesimilarity
tofindWi-Fidevicesthathavesimilarusagepatternsastheappliances.



International Journal of Energy Optimization and Engineering
Volume 7 • Issue 3 • July-September 2018

54

Thecosinesimilarityofappliancesiscomputedwithalltheotherdevicesatitstransitionpoints
byconsideringfourintervalsonbothsidesofthetransitionpoint.Forexample,thedevicestatusvector
ofappliancesfortransitionpoint5is[0,0,0,0,1,1,1,1]asshowninFigure3.Thecosinesimilarityof
applianceswithallotherdevicesusingthecorrespondingdevicevectorsisshowninTable2.

Similarly,thedevicestatusvectorsofappliancesattransitionpoint10are[1,1,1,1,0,0,0,0]as
showninFigure3.ThecorrespondingcosinesimilaritywithalltheotherdevicesisshowninTable3.

Twodevicesareconsideredsimilariftheyexhibitthesamevisibilitystatusforatleast1hour
45minutes ina2-hourperiod, i.e., sevenoutofeight15-min intervals.Thiscorresponds to the
thresholdvalueof0.89.Alldevicesthathaveacosinesimilarityofatleast0.89,atanytransition
point,aresimilarontheappliances.FromTables2and3,appliancesaresimilartoSmartPhoneand
Laptop,asthesimilarityisatleast0.89atanytransitionpoint.Thishelpsindecidingwhentoturn
offtheappliances;whentheSmartPhoneandtheLaptoparenotconnectedtothehomenetwork,
thesoftwareautomaticallyturnsofftheappliances.

5. REDUCING THE ENERGy WASTAGE

Thissectiondescribesthemethodstosaveenergyusingmanualandautomaticapproaches.

5.1. Manual Intervention Using Device Usage Charts
TheWi-Fidevicestatuscharts,asFigure2shows,provideusefulinformationthatcanbeactedupon
manuallytosaveenergy.Thechartshowsthedevicesandappliancesuptimeoveraperiod.Some
devicesareconstantlyup,suchastheChromecast.Fromthisalert,theresidentscanmanuallyturn
offsuchdeviceswhentheyarenotusingthem.

Table 2. Cosine similarity (CS) of appliances with all other devices at transition point 5

Wi-Fi Device Device Status Vectors 
at transition point 5

CS

SmartTV [1,0,0,0,0,0,0,0] 0.00

SmartPhone [0,0,0,1,1,1,1,1] 0.89

Laptop [0,0,0,0,0,0,0,1] 0.50

Router [1,1,1,1,1,1,1,1] 0.71

SmartPlug [1,1,1,1,1,1,1,1] 0.71

Table 3. Cosine similarity (CS) of appliances with all other devices at transition point 10

Wi-Fi Device Device Status Vectors at transition point 10 CS

SmartTV [0,0,0,1,0,0,0,0] 0.50

SmartPhone [1,1,1,1,1,0,0,0] 0.89

Laptop [0,1,1,1,0,0,0,0] 0.87

Router [1,1,1,1,1,1,1,1] 0.71

SmartPlug [1,1,1,1,1,1,1,1] 0.71
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5.2. Automatically Turning Off the Appliances
TheLaptopMLrunssoftwarethatperformspingsweepoftheWi-Fidevicesconnectedtothehome
network,andcollectsappliancepowerstatusoftheWi-Fi-enabledsmartplugs,everyoneminute.

Usingthecosinesimilarityalgorithm, thesoftware learns thedevices thataresimilar to the
powerstatusoftheappliances.Thefollowingparametersareusedinthesoftware:a)Cosinesimilarity
thresholdvalueof0.89;andb)Similaritylearningisupdatedcontinuouslybasedontheprevious
threedaysofdata.Inordertoreducefalsepositives,whenthesoftwareautomaticallyturnsoffthe
appliancesthatareconnectedtothesmartplug,itstartsahold-offperiodofonehour(i.e.,itwillnot
automaticallyturnitoffagainforthenextonehour).OncethesoftwarededucesuponwhichWi-Fi
devicesanapplianceisdependent,thesedeviceswillserveasanindicatorofwhentheWi-Fi-enabled
smartplugshouldbeturnedoff.

Figure4showsasampledeviceusagechart in theexperimentalsetup. Itdemonstrateshow
thesoftwareautomaticallypowersoffSmartPlug1ACwhensimilarordependentdevicesarenot
connectedtothehomenetwork.Forexample,ifbothSmartPhone4andLaptop4arenotconnected
tothehomenetworkforaperiodof15minutes,becausetheresidentleftthehousewiththesedevices,
thesoftwarepowereddowntheappliances(SmartPlug1AC)throughWi-FiSmartPlug1.

Figure 4. SmartPlug 1 Air Conditioner is turned off when Laptop 4 and Smart Phone 4 are not connected to the home network 
for a period of 15 minutes
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6. EXPERIMENTATION AND RESULTS

Acontrolledexperimentwasconductedtoevaluatetheperformanceofthisapproachinthreedifferent
homesduringdifferentperiods.TheHome1consistedoffourresidents,14Wi-Fidevices,andWeMo
SwitchWi-Fienabledsmartplug(showninFigure4asSmartPlug1AC)isconnectedtoapower
outletandtotheappliances(airconditionerandlamps).TheHome2consistedofthreeresidents
and9Wi-Fidevices.Thesmartplugisconnectedtoapoweroutletandtotheappliances(lamps)in
aroom.TheHome3consistedofthreeresidentsand10Wi-Fidevices.Thesmartplugisconnected
toapoweroutletandtotheappliances(airconditioner)inaroom.

Ineachhousehold twentyconsecutivedayswereused forexperimentation. In the treatment
group,thesoftwareandtheresidentsturnedofftheappliancestoreduceenergyconsumption.In
thecontrolgroup,theapplianceswereturnedoffbytheresidentsonly.Duringthesetwentydays,
atthebeginningoftheday,thesoftwarerandomlychoosewhethertoapplythetreatmentornot.
Theexperimentisdouble-blindsincetheresidentswerenotawareofthetreatmentapplied.Each
dayenergyconsumptionoftheappliances,measuredusingthesmartplug,wasrecordedalongwith
theappliedtreatmentasshowninFigures5,6,7forHomes1,2,3respectively.Figure8showsthe
combinedresultsofallthreehomesforcomparison.

Table4showsthesummaryoftheenergyconsumedinthethreehomesandthecorresponding
energysavings.

Thedatashowsthisapproachaccuratelytrackstheresidentactivity.Itcontinuouslylearnssimilar
deviceswithoutrequiringdailymanualinterventionsuchassettingupofthedevicesandpolicies.
Theenergysavingsvarydependingontheresident’susageofappliances,e.g.,residentswhoturnoff
appliancesproactively,thekindofappliances,amountoftimeresidentsspendathome.Regardless,the
resultsshowenergysavingsinallthethreehomesandasignificantreductionintheenergywastage.

Figure 5. Daily energy consumption in Home 1
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Figure 6. Daily energy consumption in Home 2

Figure 7. Daily energy consumption in Home 3



International Journal of Energy Optimization and Engineering
Volume 7 • Issue 3 • July-September 2018

58

7. LIMITATIONS AND FUTURE WORK

Thispaperexaminedtheapproachtopoweringoffappliancesthatwerenotinuse;however,itdid
notexploreapproachestopower-onthedevices.Sincetheresident’sarrivaltimeswerenotknown,
akeychallengewastodecidewhetherandwhentopreheattheroom.Thismightbepossibleby
findingsimilarityofthepowerstatusoftheapplianceswiththegeo-locationofthesmartphones,
homenetworkconnectivityofthedevices,andweatherdata.Also,theprobabilityofaresidentbeing
homecanbeestimatedusingtheHiddenMarkovModel(HMM),asexplainedin(Luetal.,2010).
Anotherlimitationofthisworkisthatthelaptop,whichrunsthesoftware,needstobeonallthetime.
Thisrequirementcanbesatisfiedbyrunningthesoftwareontheexistingembeddeddevicesthatare
onallthetimeinthehomes,suchasahomerouter.Afurtherareaofresearchisinvestigatingnew
methodstoconserveenergyinpublicenvironments,suchasschoolsandlibraries.

8. CONCLUSION

Inthispaper,theauthorpresentedanewapproachtoautomaticallyturnoffappliancesthatwerenot
inuse,tosaveenergyinresidentialhomesandreducecarbonemissions.Theapproachconsistedof
detectingtheWi-Fideviceandappliancepowerstatuseveryone-minuteusingnetworksoftware
utilitiesinthehomenetwork.Fromthecollecteddata,onecancontinuouslyascertaintheWi-Fidevices
thatimpactthepowerstatusoftheappliancesusingthecosinesimilarityalgorithm.Theappliances
wereturnedoffwhenthecorrespondingWi-Fideviceswerenotdetectedinthehomenetwork.This
approachwasevaluatedbyperformingadouble-blindedexperiment for twentyconsecutivedays
inthreedifferenthomes.Theresultsindicatethatthisapproachcanresultinsignificantlyreducing
energywastage.

Figure 8. Daily energy consumption in Homes 1, 2, 3

Table 4. Energy Consumption in three homes

Home Control Group Treatment Group Savings%

1 7.14 5.38 24.65

2 4.66 4.22 9.44

3 6.12 5.16 15.68
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