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Abstract

Collaborative modelling of the Internet of Things (IoT) with Artificial Intelligence (AI) has

merged into the Intelligence of Things concept. This recent trend enables sensors to track

required parameters and store accumulated data in cloud storage, which can be further uti-

lized by AI based predictive models for automatic decision making. In a smart and sustain-

able environment, effective waste management is a concern. Poor regulation of waste in

surrounding areas leads to rapid spread of contagious disease risks. Traditional waste object

management requires more working staff, increases effort, consumes time and is relatively

ineffective. In this research, an Intelligence of Things Enabled Smart Waste Management

(IoT-SWM) model with predictive capabilities is developed. Here, local sinks (LS) are

deployed in specified locations. At every instant, the current status of smart bins in each LS is

notified to users to determine the priority level of LS to be emptied. Based on aggregated sen-

sor values for the three smart bins, LS weight and poison gas value, the priority order of emp-

tying LS is computed, and decision is made whether to notify the users with an alert message

or not. It also helps in predicting the LS, which is likely to be filled up at a faster rate based on

assigned timestamp. This model is implemented in real time with many LS and it was

observed that bins, which were close to more crowded sites filled up faster compared to

sparse populated areas. Random forest algorithm was used to predict whether an alert notifi-

cation is to be sent or not. An average mean of 95.8% accuracy was noted while using 60

decision trees in random forest algorithm. The average mean execution latency recorded for

training and testing sets is 13.06 sec and 14.39 sec respectively. Observed accuracy rate,

precision, recall and f1-score parameters were 95.8%, 96.5%, 98.5% and 97.2% respec-

tively. Model buildup and the validation time computed were 3.26 sec and 4.25 sec respec-

tively. It is also noted that at a threshold value of 0.93 in LS level, the maximum accuracy rate

reached was 95.8%. Thus, based on the prediction of random forest approach, a decision to

notify the users is taken. Obtained outcome indicates that the waste level can be efficiently

determined, and the overflow of dustbins can be easily checked in time.
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1. Introduction
A majorconcernfor our environmentin recenttimesis therapid increasein garbagewastes,
especiallyin urbanregions.Regularlylargevolumeof organicaswellasinorganicwastesare
generatedatcommercialandhouseholdplaces[1]. Thesewasteproductsconstitutedegradable
foodmaterials,hospitalrelatedwaste,householdwaste,plastics,bottles,anddeadanimalsgener-
atedwaste,industrialwastealongwith othercommercialproducts.Dustbinsarecommonly
usedto gatherthiswasteandwhenthevolumeof accumulatedwastesrisesthenmunicipalunits
takechargeto dealwith it. At manyplaces,thegarbagecontainersarelying atpublicsitesand
householdsocietieswith anoverflowof wastes.Lackof propermanagementof thesewastelead
to fatalhealthrisk factors,whichfurther mayleadto spreadof hazardousdiseases.It alsoleads
to pollutetheoverallenvironment[2]. Asaresult,theoverallhealthandwell-beingof societyis
gettingaffected.Traditionalapproachof wastegatheringandcontrol is inefficientdueto its
poorwastecollectionmanagementprocedure.Thesemethodshavelimited monitoring mecha-
nismsavailablewith poorwastegatheringsystemandunsustainablethroughput.Modernsmart
techniquesarealsodeployedat fewplacesbut aproblemfacedbysuchsmartwastecontrol
approachesis therapidandcontinuousgenerationof massivedatafrom sensordeviceswhichis
toughto track[3]. Similarlyseveralothermodelsusingvarietyof technologieshavebeendevel-
opedin thecontextof wastemanagement.Butmostof thesemodelslackpropersynchronization
regardingwastecontrolandtheyareprimarily appliedfor handlinglimited sizehomogeneous
wasteproducts.Moreoverthesemodelslackrobustnessto dealwith heterogeneousgarbage
wastes.Fewpredictivemodelsin recenttimesaredesignedbut theyfail to accuratelycategorize
andpredictdistinct typesof municipalwastes.Also,majority of existinghi-techwastemanage-
mentmodulesaremainlyutilizedfor datagatheringandexchangewithin arestrictedenviron-
ment[4]. Automatedmodelswith leastresponsetime thatcanmakeproperuseof thegathered
datato makeaccurateandreliableinformativepredictionisyetto bedeployed.

Advancedtechnologies,like Internetof Things(IoT) andartificial intelligence(AI) are
quitepowerfulwhentheyareappliedindividually [5]. Advancementsin integratedhybrid
technologiesmaybeusedto optimizethecollectionof thesewastes,facilitatinggreateravail-
ability of serviceandtherebyhelpfulin developmentof asmartandintelligentworld in con-
text to wastemanagementsystems.Of late,acooperativemergingof IoT with AI isexplored,
whichis referredto asintelligenceof things.In this integration,theIoT modulescanbecon-
sideredto bethedigital neuronswhileAI modelsactasthesystem'sbrain.Heretherequisite
metricsaremeasuredthroughsensoryIoT units.Thesedataarecollectedandprocessedby
theseIoT nodes,whichareconnectedto distributedcloudstorage.LaterpowerfulAI based
predictivemachinelearningalgorithmscanbeusedto analyzethesestoreddata,developrele-
vantpatternsfrom thesestoreddataandautomatethedecisionmakingprocess[6]. Thesesys-
temsareautoenabledto detectanyabnormalitiesin datapatternstherebyalertinguserswhen
deviationfrom usualtrend isobservedwith minimal interventionof staffoperators.These
Intelligenceof thingsenabledmodelscanfacilitateadvancedlevelinter-connectivityamong
numerousservicesandapplicationsin urbansustainableenvironmentwhichrangefrom
industrial to societalissues[7]. Effectivewastemanagementisemergingout to beachieffactor
asfar asenvironmentalsustainabilityisconcerned.It isdifficult to imagineawell-developed
urbanareawithout asmartwastemanagementmodelin store.Advancedpredictivecapabili-
tiesof computationallyintelligentalgorithmscanbeintegratedwith dataaggregationand
monitoring by IoT sensornodesto developanaccurateandreliableintelligentof things
enabledmodelin effectivewastemanagementin sustainablesmartcity development.

In thispaper,authorsproposeanautomatedandmachineintelligentmodelbasedon intel-
ligenceof thingsto managewasteobjectsin asmartandsustainableenvironment.An
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integratedframeworkof IoT andtherandomforestalgorithmwereusedin adeploymentof
thehybrid intelligentmodel.Localsinknodesequippedwith sensorsandthreesmartbins
eacharedeployedin sitesto collectwasteaccumulatedovertime.With constantaccumulation
of wastein thesmartbins,thethresholdlevelis regularlyobserved.Sensorsregularlymonitor
thevaluesof smartbinsandalertnotifying messagesaresentto concernedauthority if thesen-
sorydatainforms that thesmartbinsarefilled up or anypoisonousparticlesaccumulatesin
thebins.Basedon thesmartbinsvalues,LSweightandpoisongasvaluerecorded,thesink
nodeisgivenmorepriority whosebinshavecrossedthresholdlevelandneedimmediateatten-
tion to beemptiedfirst. Therandomforestalgorithmisusedto classify,estimate,andpredict
thealertmessagedecisionthatwill beissuedto theuser.

Themaincontribution of theresearchishighlightedbelow.

�� Thisresearchpresentsanewintelligenceof thingsdrivensmartandpredictivemodelto
trackandmanagewasteobjectsin asmartcity environment.An integratedIoT drivenpre-
dictiveframeworkusingrandomforestalgorithmisusedin deploymentof thehybrid intel-
ligentmodel.

�� Themodeliscomprisedof staticinterconnectedsensorybinsattachedto localsinknode
designedto determinewastelevelandloadatanyinstant.Whenthemaximumloadlimit is
achieved,all wasterelateddataiscommunicatedto globalsinknodethroughinternet
connectivity.

�� Aggregateddataanalysisandpredictionisperformedatglobalsinkusingrandomforest
algorithm.Basedon therecordedvaluesof smartbins,sinkweightandpoisongasmass,
priority isgivento thesinknodewhosebinsexceedthresholdthelevelandneedsto be
immediatelyemptied.

�� Varietyof Sensorsregularlymonitor thevaluesof smartbinsandalertnotificationsaresent
to concernedauthority if thesensorydatavalidatesthat thesmartbinsarefilled up or any
poisonousparticleshaveaccumulatedin thebins.

�� Thus,thesmartandintelligentmodelcanbeefficientlyusedto classifywaste,estimatetime
requirementfor smartbinsto befilled up,andnotification of alertmessagedecisionto be
issuedto auseraswellasofficialpersonnel,therebyautomatingwasteregulationand
restrictingmanualintervention.

Thepaperis laid out asfollows.Section1highlightstheintelligenceof thingsconceptand
theneedof effectivewastemanagementin smartenvironment.Section2 presentstheexisting
worksrelatedto theIoT basedwastemanagementsystemsin theSmartsustainablesocieties.
Section3describestheproposedframeworkandits working features.Section4presentsthe
implementationresultswith detailedanalysisafterdeployment.Section5concludesthepaper
with thefuturework.

2. Literature survey
Variousresearchworkshasbeencarriedout with relatedto advancedwastemanagementsys-
temin smartandsustainableenvironment.In [8], authorhasproposedanintelligentandauto-
mateddustbinmonitoring modelusingdecisiontreeclassifier,whichwasanimportant step
towardswastemanagement.It wasasmartwastemonitoring modelfor wirelessnetworks.
Againin [9], thesameauthordevelopedanintegratedmodel,whichwasableto performsev-
eraltestsrunson thepreviouslybuilt prototypeby theusageof accelerometer,andmagnetic
proximity level.In [10] utilizedanIoT basedsmartinterface,whichcontainedautomated
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spacefor virtual reality-basedenvironmentto simulatesolidwastegathering.A RFIDbased
wastemonitoring frameworkwaspresentedin [11] that took helpof cellloadsensingmethod-
ologiesanddigital assistantsto achieveefficiencyin wastecontrol.HereRFIDtagswere
embeddedinsidesmartbins.Smartphoneshadareaderthat transformedradiowavesinto
digital datain theform of bin ID, whichis reflectedwithin digital assistants.In [12]
highlightedaframeworkfor multi agentsimulationto integrateautomateddecisionsupport
to managesolidwasteproductin adistributedlocality.Abstractionof geo-informationsystem
mapsto 2D latticewasdoneto combinewith multi agentmodel.An integratedmodelfor
wastestatusmonitoring wasdevelopedin [13] wheresensorswereembeddedin wastebins,
whichwerefurther interconnectedto cloudplatformusingpushmechanism.All information
wasobtainedfrom cloud.A garbagemonitoring smartmodelwasproposedin [14] in orderto
provideasensingmechanismasto determinewherethewastecollectedarewetor dry in
natureandif thegarbagewastelie outsidethedustbins.In [15] framedanefficientwastegath-
eringtechniquethatdesignedanautomateddustbinusingIoT technology.Communication
anddataexchangethroughsmartbin occurredby theuseof ARM LPC2148usingpressure
sensingresistorandultra-sonicsensors.An IoT enabledsmartbin techniquewasdevelopedin
[16], which isusefulin gainingfreeWi-Fi access.Sensorspresentwithin thebin areusedto
detectthegarbagelevelinsideandwhethertheyarefiled up or not while freeinternetispro-
videdto usersthroughrouters.In [17] proposedadustbininterfacedwith micro-controller
basedmodelwith information retrievalwirelessnetworkdepictingthepresentlevelof garbage
on webbrowsertriggeredwith HTML pageof smartphones.In [18], authorshavedeveloped
anadaptivefeatureoptimizationtechniquebasedon geneticalgorithmfor efficientclassifica-
tion of denguepatients.In [19], theauthorshaveimplementedsomevital biologicallyinspired
computationtechniquesto classifyvarioustypesof tumoursusingMulti-layer perceptronas
classifier.In [20] devisedaGSM-basedelectronicmonitoring systemthatsendsanSMSto the
supervisorwhenthedustbinis totally full, allowingthesystemto dispatchatrashcollection
truck.Onceagain,thesupervisorisnotified aboutthewastecollectionbySMS.In thatwork,
theauthoremployedanultrasonicsensorto detectthelevelof trash(waste)in thedustbin,as
wellasaGSMmoduleto provideinformation aboutthedustbin'sstate,suchaswhetherit was
full or empty.Theauthorin [21] proposedasimilarsolutionfor wastecollectingusingan
Arduino UNO boardinterfacedwith aGSMmoduleandanultrasonicsensor,andalsothe
authordiscussedthedifficultiesof smartdustbinssuchasits affordability,maintenance,and
durability.Whenthewastearefull upto thereferencelevel,theultrasonicsensormonitorsthe
levelof garageandguaranteesthat thedustbiniscleanedimmediately[22,23].In 2017,[24]
presentedanintelligentwastebin for thecity of Punein India,basedon anIoT prototype.
Authorsin [25] proposedawasteleveldetectionwith collectionschedulingof multiple bins.
Thesystemdeterminesthelocationof threebinsandestimatesthewasteamountin them
usingtheSupportVectorMachine(SVM) algorithm.It thenusedtheHiddenMarkovModel
(HMM) to determinehowmanydaysareleft beforegarbageneedsto becollected.In [26]
developedasecureauthenticationmodelfor mobilecloudin contextto keyage,confirmation
ageandOTPgeneration.Herekeysaredevelopedusingmobileidentity numberandSIM card
ID. OTPusesclientcomponentsandfurther possessedbyPHPserver.Thismodelprovidesa
superiorsecurityto customersthatpreventsfrom hacking.An applicationof humanand
robot interactivityin machineintelligencedomainwasproposed[27]. It presentedamodelfor
pestdetectioncombiningenvironmentdatawith deeplearningto facilitatefarmingcommu-
nity to examinetrendsin growthof cropsto avoidearlydamage.A relatedstudyin [28] pro-
posedasensorybasedcontainerto monitor andtrackfooditemspresentin homekitchen.It
automatedthefoodmanagementprocesstherebytrackingthelevelof foodsavailablein the
containerbut alsogeneratedanotification messagewhentheitemsgetexpired.In [29], author
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haspresentedamulti-levelIoT drivensmartarchitecturefor urbanregionswhereeffective
managementfor wasteswasdemonstrated.Theoutcomeshowedthat themodelwasscalable
andcanbeappliedto both indoor aswellasoutdoorsettingswith alessresponsedelay.

Asdiscussedaboveandsummarizedin Table1,someexistingmodelsuseddifferentmeth-
odologiesalongwith their distinguishingfeatures.Someof theseworksuseGSMandGPRS
technologyfor wastemanagementrelateddatatransfer.Slowdatarate,limited bandwidthand
lessfunctionalcapacityarethemaindrawbacksof thesemodels.Fewotherschemesarebased
on theusageof ultrasonicandinfraredsensors.Theysufferfrom veryshorttestingrange,
error pronereadingsandareveryinflexible.Also,theycanbeaffectedbysurroundingcondi-
tionslike rain andpollutants.Besidestheselimitations,not asinglework isdevelopedthat
makesuseof predictivedecisionmakingof theaggregateddata.

3. Materials and methods
At presentwastearecollectedandremovedin amanualwayon regularbasis.Specialmunici-
palpersonnelareassignedthejob of monitoring andcollectingwasteatvariousregionson a
dailybasis.SomeexistingworkshaveappliedIoT basedsystemssto collectandmonitor data
from wastesites.Fewmachinelearningalgorithmshadbeenusedto predictandclassifydiffer-
entkindsof wasteproducts.Butanintegratedcombinationof both IoT andpredictiveanalyt-
icshaveseldombeendeployedin realtime.Wehaveproposedanautomated,reliableand
priority basedintelligenceof thingsenabledwastemanagementmodelwith predictivecapabil-
itiesin it.

3.1.Datasetused
Thedatasetfor our researchanalysisiscollectedin realtime environmentfrom thesensory
readingsof thethreesmartbinsandthesensorsto detecthazardousgaselementspresence.A
totalof 510instanceswereaggregatedaltogether.Thewastecollectedin smartbinsareparam-
eterizedwith two variables,which includebin'sheightandbin'smass.Thevaluesarecatego-
rizedinto normal,moderateandpeaklabelsassummarizedin Table2.

Basedon thecategorizedlabelsandsensoryvaluesaggregated,atotalof 9 distinct scenarios
arefeasible,which isshownin Table3.

Thegassensorsusedin thestudyto detectpoisonouselementslike nitrogendioxide,car-
bonmonoxideandmethanein garbagewasteareMQ-2, MQ-136,andMICS-2174

Table1. Comparativeanalysisof existingworkswith their supporting features.

Bin
Status

Waste
Weight

Bin
Location

Waste
Level

Classifywaste Monitor

ForcesensorandGSM/GPRS[30]. Yes No Yes Yes Yes Yes

RFIDandArduino Uno [31]. Yes Yes Yes Yes Yes Yes

GSM,UltrasonicsensorandArduino Uno, [32] Yes No Yes Yes Yes Yes

UltrasonicsensorandWeMos[33]. Yes Yes No Yes Yes Yes

NodeMCU,Infraredsensors,air qualitydetector,(IoT)/GSM 5 [34] Yes Yes Yes Yes Yes Yes

Ultrasonicsensors,(IR) sensorandGSMmodule[35]. Yes Yes Yes Yes Yes Yes

LabViewTool,Arduino MegaandMQ-7 sensor[36] No Yes No Yes Yes Yes

servomotors,infraredradiationsensors,ultrasonicsensor, and(IR) sensors[37]. Yes Yes Yes Yes No Yes

GIS,GPRS,andRFID [38]. Yes No Yes Yes Yes No

Ultrasonicsensors,GSM,andMicrocontroller [39]. Yes No Yes Yes Yes Yes

GSMkit, Arduino andUltrasonicsensor[40]. Yes Yes No Yes Yes No

https://doi.org/10.1371/journal.pone.0272383.t001
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respectively.Thedegreeof concentrationfor all thesehazardousgasesalongwith their prede-
fined thresholdlevelareshownin Table4.

Table5 depictsasamplescandemonstrationreadingsof thewastedatasetcollectedin real
time environment.Thedatavaluesaregatheredfrom differentsensorscorrespondingto the
parametersof threesmartbins,localsink (LS)andthepoisonousgaslevel.Thesmartbins
comprisesof heightof bin andmassof bin asits two parameters.

3.2.ProposedIntelligenceof ThingsbasedWastemanagementmodel
Theskeletonframeworkof theintelligentandsmartmodelis illustratedin Fig1.Themodel
consistsof multiple LocalSink(LS)andasingleGlobalSink(GS).EachLSisconnectedwith 3
smartbins.A smartbin isallocatedits correspondingLSbasedon theleastdistancecriteria.
Everysmartbin isassignedauniqueID. Thesmartbin isstaticandfixedto acertainarea.
Detailsregardingthesmartdustbinsandtheir locationaremaintainedin adatabase.Thedust-
bin isequippedwith loadsensorsandultravioletsensorsto detectthelevelof wasteaccumu-
latedin thedustbins.It hashumidity sensorfor thegarbagedetection.All dustbins
communicatewith Raspberry-pi3,whichactsasabroker.Thetaskof Raspberry-piis to gather
all sensorspecificdatafrom thesmartdustbinsandtransmitthisdatato aserverwith theuse
of Wi-Fi. Thedetailscomprisesof theuniqueID of dustbins,garbagelevel,andhumidity con-
tent in thewaste.TheIDs arematchedwith dustbindatabasein theservertherebydetermining
thedustbinslevelspresentin variousregions.

Smartbinsareequippedwith sensorsto captureweightof thebin at regularintervalsand
their locationcanbedeterminedatanyinstant.Theroleof LSis to collectandaggregatethe

Table2. Defining threshold rangefor smart bins parameters.

Normal Moderate Peak

SmartBin Height (cm) 40±60cm 20±40cm 1±20cm

SmartBin Mass(kg) 1±4kg 4±10kg 10±18

https://doi.org/10.1371/journal.pone.0272383.t002

Table3. Scenariosto bin metricsmapping and labeling.

Scenario Height (H) Mass(M) GarbageLevel(GL)

Scenario1 Normal Normal 0

Scenario2 Normal Moderate 0

Scenario3 Normal Peak 1

Scenario4 Moderate Normal 0

Scenario5 Moderate Moderate 1

Scenario6 Moderate Peak 2

Scenario7 Peak Normal 1

Scenario8 Peak Moderate 2

Scenario9 Peak Peak 2

https://doi.org/10.1371/journal.pone.0272383.t003

Table4. Poisonousgasrangeandthresholddetails.

NO2 CO CH4

Concentration level(ppm) 0.25±5 20±1000 300±10000

Predefined Thresholdlevel(ppm) 2.625 510 5150

https://doi.org/10.1371/journal.pone.0272383.t004
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datareceivedfrom differentsmartbinsassociatedwith it. Different typesof wasteareregularly
depositedwithin thesesmartbins.Whenabin hasreceivedits maximumlimit of waste,its
sensorisactivatedandit signalsthisdatato its correspondingLSthroughaweightparameter.
TheLSrecordsthisweightvaluein its databaseandallocatesauniquetimestamp(TS)to that
smartbin at that instant.Similarly,uniqueTSisallocatedto all smartbinsassociatedwith LS
oncetheyarecompletelyfilled up with waste.TheTSvaluesof all smartbinsaregatheredat
their respectiveLS.Thenthisdatais transmittedto theGSthroughinternetconnection.
DetaileddataanalysisisdoneatGS.Thisanalysisinvolvescalculationof TSvalueswith respect
to time andcumulativewt-maxindexof individual LS.With efficientdataanalysis,it canbe
predictedthat thetime intervalof eachsmartbin to becompletelyfilled up with waste.When
this information is receivedby theGS,thevehiclerushesto thelocationandremovesall waste
from thedustbin.Whenit isknownhowfastasmartbin isgettingfilled, it canbeeither
replacedor additionalsmartbinscanbedeployedat thatarea.Thus,thismodelhelpsto auto-
matethewastemanagementprocesstherebyreducingthemanualeffort byasignificantlevel.

Theworking flow of thedevelopedmodelwith its distinguishingstepsarepresentedin Fig
2.Thesubsequentvital modulesaredescribedhere.

LSproximity basedautomatedlid opening. An automatedandsmartwastemanage-
mentmodelisdeveloped.Thelid of Localsink (LS)ismadeautomatic.TheLShasafront-

Table5. Garbagewastedatasetsamplecollectedfrom sensorsfor the proposedmodel.

SmartBin 1 SmartBin 2 SmartBin 3 LS PoisonousGasLevel

H(cm) M(kg) GL H(cm) M(kg) GL H(cm) M(kg) GL M(kg) NO2
(ppm)

CO
(ppm)

CH4
(ppm)

16.5 15.8 2 43.3 3.5 0 41.3 3.2 0 3.7 0.37 84 1000

48.7 15.5 1 46.5 3.2 0 45.5 3.1 0 4.8 0.46 200 2000

33.4 11.2 2 42.5 14.1 1 42.8 14.6 1 6.4 0.52 100 1500

52.1 1.9 0 14.7 11.4 2 32.8 5.7 0 8.3 0.29 300 1800

12.7 5.9 2 43.4 11.7 1 24.4 3.7 0 9.2 1.3 200 2100

17.5 7.5 2 34.5 3.5 0 12.7 13.2 2 9.6 1.6 220 2400

15.7 7.6 2 26.3 7.4 0 32.1 3.8 0 10.2 2.2 150 3000

27.9 13.8 2 29.4 16.8 2 32.6 8.4 1 10.3 0.86 310 3100

41.3 3.6 0 42.3 13.2 1 26.8 17.9 2 10.5 2.6 420 2600

41.8 3.7 0 52.4 15.3 1 52.1 15.9 1 10.8 3.1 300 2800

43.5 2.1 0 18.2 15.4 2 18.5 13.4 2 11.3 2.7 260 3100

32.8 5.7 0 13.4 6.8 1 13.9 4.8 1 11.6 1.8 170 3000

24.4 3.7 0 42.8 14.2 1 35.8 16.5 2 11.9 3.3 250 2000

12.7 13.2 2 34.4 3.7 0 18.5 17.8 2 12.2 2.9 360 1000

32.1 3.8 0 32.1 3.8 0 16.8 7.3 2 12.4 2.4 100 1500

32.6 8.4 1 32.6 8.4 1 25.4 12.8 2 12.6 3.2 200 1900

26.8 17.9 2 26.8 17.9 2 26.8 17.9 2 12.9 1.4 100 2200

45.2 14.2 1 45.2 14.2 1 45.2 14.2 1 13.2 0.9 90 2800

41.4 11.7 1 41.4 11.7 1 41.4 11.7 1 14.5 2.5 220 2900

33.5 3.9 0 33.5 3.9 0 33.5 3.9 0 14.6 1.7 400 3000

26.6 7.4 0 26.6 7.4 0 26.6 7.4 0 14.7 3.6 200 1300

29.1 16.8 2 29.1 16.8 2 29.1 16.8 2 15.6 4.2 320 1700

42.7 13.2 1 42.7 13.2 1 42.7 13.2 1 16.4 1.7 380 1900

52.1 15.9 1 52.1 15.9 1 52.1 15.9 1 17.3 3.8 390 2000

18.5 15.4 2 18.5 15.4 2 18.5 15.4 2 17.5 0.75 280 2300

13.9 6.8 1 13.9 6.8 1 13.9 6.8 1 17.7 0.92 190 2400

https://doi.org/10.1371/journal.pone.0272383.t005
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facingIR sensorthatdetectstheuser'sproximity andautomaticallyopensandclosesthelid.
Thelinearmotion requiredto openandclosethelidsof thesmartdustbin iscontrolledby
actuators.

DetermineLScurrent status. Thecurrentstatusof LSisdeterminedsothataccordingly
theuserisableto figureout thequantityof wastethatcanbefurther deposited.Statusof LS
includesthecurrentweightof LSandpresenceof differenttypesof wasteor poisonousele-
mentsin smartdustbins.To accomplishthis task,abluebutton isavailableandwhentheuser
clicksthatbutton all kindsof updatedinformation regardingthedustbinandLScomeup.

Wastedepositionandaccumulation. TheIR sensor,aswellasthethreeultrasonicsen-
sorsinsidethethreedistinctbins,constantlymonitorsthelevelof garbageandwastein the
dustbincompartment.If theLSisnot found to befull thenusercanpushwasteandgarbage
onto theLS.Garbageisplacedonto theLS'sconveyerbelt,andthepresenceof wasteis first
detectedusinganinfraredsensorat theconveyorbelt'sstartend.

Thiswaythegarbagegetsgraduallydepositedandaccumulated.
Wastedetectionandsegregation. Theinductiveproximity sensordetectswhetherthe

wastethatmovesfurther ismetal.If metalisdetected,theelectromagnetchangesits direction
for metallicwastecollection.After that,thegarbageisdemagnetizedandplacedin bin 1.The
conveyeris thenmovedforward,andthedry wasteisblownout byanair blower.Light parti-
clessuchasplastic,paper,andothermaterialsareseparatedanddepositedin bin 2.Themois-
turesensordetectsthewetgarbage,andit isdroppedinto bin 3whentheconveyorbeltgoes
forward.Thedetectionof plasticandwoodenwasteishandledby thecapacitanceproximity
sensoron theconveyerbelt.It ismovedto theplasticandwoodencollectingunits to empty

Fig 1. Architectureof automatic wastemanagement system.

https://doi.org/10.1371/journal.pone.0272383.g001
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themassoonasit detectsplasticor wood.A gassensorisusedto identify harmfulgasesin gar-
bage,suchasmethane.

Sensorydataaggregation. After implementingdifferentfunctionalitiesassociatedwith
thesmartwastemanagement,further thesensorvaluesareto becollected.Thegatheredsensor
valuesincludebin 1 level,bin 2 level,bin 3 level,LSweightandpoisongasvalue.Thesesensory
datavaluesarecollectedtogetherin acommaseparatedfile (csv)formatbyLS.Theaccumu-
latedcsvfile issentispushedto GSfor analyticalprocessing[41±43].

Classificationandprediction. TheGSis responsiblefor processingtheaggregatedsen-
sorydatareceivedfrom LSin csvformat.Accordingto Eq1,thesesensorydatavaluesarenor-
malisedfrom 0 to 1.

�…� �†ˆ
� �

� ���

…1†

WhereFa is theoriginalvalueacquiredby thesensor,andFmaxis theparameter'smaximum
predictedvalue.Differentserviceproviderscansetthemaximumpredictedvalue.Thedeci-
sionto sendor not sendaweatheralertmessageismadeautomaticallybasedon combinations
of N (Si).Theentiredatasetisdividedinto training andtestingsamplesin 60:40ratio.The
decisionto sendor not sendaweatheralertmessageismadeautomaticallybasedon acombi-
nationof sensordatavalues.Randomforestalgorithmisusedto predictdecisiondirectlyfrom

Fig 2. Work flow modulesof the developedmodel.

https://doi.org/10.1371/journal.pone.0272383.g002
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thetraining dataset.Thenit isusedfor classification,estimationandpredictionof alertmes-
sagedecision[44±47].

Theensemble-basedclassifierusedin thisstudyconstitutestheintegrationof separatedeci-
siontreessoasto form arandomforest[48]. Hereindividual treegeneratesalabelprediction
andtheclasswith themostvotesbecomethefinal predictedlabelof themodel.Eachseparate
treedenotesanunrelatedmodelwith othertreesin theforest.Asapoolof multiple uncorre-
latedmodelsrandomforestoutperformsotherindividual decisiontree-basedmodels.The
ensembledpredictedoutcomegeneratedbyuncorrelatedmodelsprovidesmorecorrectvalues
thanotherindividual predictionsasaresultof randomnessof variables.A simplerepresenta-
tion of randomforestisshownin Fig3.

Thestepsinvolvedin theworking processof randomforestareexplainedbelow[49,50].

1. TakeK datapointsat randomfrom thetraining set.

2. Createdecisiontreesfor theK chosendatapoints(Subsets).

3. ChooseN for thenumberof decisiontreesto becreated.

4. RepeatStep1 & 2.

5. Find thepredictionsof eachdecisiontreefor newdatapoints,andallocatethenewdata
pointsto thecategorywith themost(winsmajority) votes.

For randomforestmethods,thepseudocodecanbedividedinto two parts.

· Pseudocodeto createtherandomforestbymergingN decisiontrees).

· Pseudocodeto predictusingthecreatedrandomforestclassifierbymakingpredictionsfor
everytreein therandomforest).

�������������������� �����	 �
��������� �����	������ ���	��������������
���� ������������ ������ �����	���
������ �	�� ���	������� �������� �	 �������	�� ���� ����� �����	���
�������� ���������� ��
���� ���
���� ���	�����
���	���� ������ ������� ������ ���������� ��������� �
������� ������ �����������	�� ���������� ���������
�	������� ������ ������ �����	���
��������

Fig 3. Randomforestmodeldemonstration.

https://doi.org/10.1371/journal.pone.0272383.g003
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It isveryimportant in therandomforestclassifierto identify afeature.Variousmethods
like information gain(IG), andGini index(GI) canbecomputedfor gettingthemostinforma-
tive feature(featurethatyieldsthemostinformation (IG). Oncethescoresfor all of theavail-
ablefeatureshavebeencalculated,themodelwill choosethefeaturewith thehighestscorefor
eachroot node.

Theinformation gain(IG), andGini index(GI) areshownin Eqs2 and3 respectively.

� � � � ; �
� �

ˆ � � �

� �
�

P �
�ˆ1

� �

� �

� …��† …2†

Where,
� = thefeatureto performthesplit,
� � = datasetof theparent,
� � � �-th child node,
� = theimpurity measure,
� � = thetotalnumberof samplesat theparentnode,and
� � = thenumberof samplesin the�-th child node.

� �� � � ˆ 1 �
P �

	ˆ1 � 2
	 …3†

Where,
� � thenumberof classespresentin thenode.
� � thedistribution of theclassin thenode.
Notify users. This functionalityhandlesthenotificationof alertmessageto besentto

users.Notification issentto usersif thedustbinis filled up or anypoisonouselementsare
detected,or theweightof dustbinexceedsthethresholdvalue.Basedon thepredictionof ran-
domforestapproach,decisionis takenasto notify theuseror not.

Transport functionality. Onceit isdeterminedthat thedustbinin LSis filled up or any
othercasualtyhashappenedthenGSactivatesthetransportfunction,andthetransportvehicle
turnsup soonto emptythesmartbinsandresolveanyotherissues.

4. Results and discussion
Theproposedintelligenceof thingsenabledsmartwastemanagementmodelwasimplemented
in alocalsocietyin Bhubaneswar,Odisha.It wasableto preventoverflowin dustbinsand
transmitalertmessagewhenthedustbinsarefull. Assoonasthedustbinsnearthethreshold
limit, it getsconnectedto thenetworkandanalertmessageissentto theconcernedbasesta-
tion wheretheusermonitorsthestatus.It helpsin real-timetransmissionandavoidsunneces-
sarydelay.
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4.1.Smartbins load analysis
A samplecasestudyanalysiswascarriedout in alocalityto testits effectiveness.A totalof 15
smartbinswerescatteredin thelocalityto collectwastesfrom its respectiveregionfor atime
periodof 6hoursatastretch.All thebinswereallottedauniqueID (B1,B2,B3.. ...B15).The
dustbinloadstatusiscalculatedregularlyatanintervalof 2 hours.Thethresholdvaluefor bin
full loadis reservedat20wasteunits.

Asit canbeseenfrom Fig4,after2 hoursintervalB2,B10andB14arecompletelyfilled up
whileB9andB13arenearingto befilled up. It signifiestherateof wastesdepositedin these
filled up binsareveryhighdueto its localpopulationandwastedepositionstrength.B6,B7,
B12andB15areleastfilled binsdueto their lowerfrequencyof usage.

Similarlyin Fig5 it isobservedthatby thecompletionof 4 hoursof deploymentB3,B9and
B13havereachedthethresholdlimit valueandcanno moretakefurther solidwastes.The
globalsink is instantlynotified wheneveranybin getsfilled up or unableto takemorewaste.
Thevariationis time for thebinsto getfilled up isdueto factorslike populationcapacityof the
locality,typesof wasteaccumulatedin bin or distanceof thebin from alocality.

At theendof full 6hoursit isseenthatB1andB11havereachedthethresholdvalueand
thebinsarefull asseenin Fig6.Sincethenearbybinsarealreadyfilled up sothewastesare
accumulatedin fartherplacedbins.

Thusfrom thebin loadanalysis,it isobservedthatbinswhicharenearto thesociety(B1,
B2,B3,9,B10,B11,B13andB14)areusedmorefrequentlyandthusgetsfilled up quicklyas
comparedto thosepresentat fartherareasfrom society(B4,B5,B6,B7,B12andB15).Also
amongthenearbybins,fewbinslike B2,B10andB14took heavyloadinitially asaresultgot
filled up in lessthan2 hourstime.Henceit issuggestedto placethebinsascloseaspossibleso
that thesocietypeoplecanutilize thosebinsconveniently.Alsothesizeof fewbinsshouldbe
increasedsoasto beableto takemoreloadatquick intervals.

Fig 4. Bin loadstatusafter 2 hoursof deployment.

https://doi.org/10.1371/journal.pone.0272383.g004
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A latencyperiodanalysisisundertakento determinethetime intervaltakenby thesmart
binsto befilled up.All thebinsareplacedatcloseproximity of thesocietyon averybusyholi-
day.It isseenfrom Fig7,B11takestheleasttime periodof 15min to reachthethresholdvalue
of 20wasteunitsandB14takesthemaximumtime of 153min to befilled up with solidwastes.

Fig 5. Bin loadstatusafter 4 hoursof deployment.

https://doi.org/10.1371/journal.pone.0272383.g005

Fig 6. Bin loadstatusafter 6 hoursof deployment.

https://doi.org/10.1371/journal.pone.0272383.g006
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Henceit canbeinferredthatdueto thelessvolumestructureof thebin B11,wasteconsump-
tion byB11ismuchmorecomparedto others.SinceB14isalargerbin soit takeslongertime
to befilled up.Thusit iswiseto positionmorelargersizedbinsin thesamelocality.

Table6 showsthebin loadstatusof smartdustbinsthatneverreachedthethresholdvalue
andwerenot filled up after6 hourstime.Asit isseen,bin B7gothardlyanywasteinto it over
alengthof time dueto its fartherdistancelocationandlow wasteaccumulationfrequency.Its
wasteunit wasconstantwith 5 unitswhichshowsthat thelocalitywasverysparsewith very
lessgenerationof solidwastein that region.

4.2.Predictiveperformanceanalysisusingrandom forest
Thissubsectionillustratesthepredictiveanalysisof theintelligentof thingsbasedwasteman-
agementmodelusingrandomforestmethod.Variousevaluationmetricsareconsideredfor
demonstratingthemodel'sperformance[51].

A classificationaccuracyanalysiswasperformedusingtheproposedsmartmodelwith
respectto varyingthenumberof decisiontreesusedasshownin Fig8.A maximumaccuracy
rateof 97.9%wasrecordedwhenasmanyas20decisiontreeswereimplementedwhilearela-
tively loweraccuracyof 93.8%wasobtainedwith 5 numberof decisiontreesused.Thus,asim-
pleaveragemeanvalueof 95.8%wasnotedandatotalnumberof 60decisiontreeswereused
in randomforestalgorithm.

Fig 7. Time analysisof bin fill up status.

https://doi.org/10.1371/journal.pone.0272383.g007

Table6. Bins that wereneverfilled up after 6 hours.

Bin ID B7 B12 B15

Loadafter 2 hours 5 8 7

Loadafter 2 hours 5 8.5 8

Loadafter 6 hours 5 9.5 9

https://doi.org/10.1371/journal.pone.0272383.t006
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An executiontime analysiswasundertakenasfar astraining andtestinglatencyperiodare
concerned.Again,therangeof decisiontreestakeninto considerationin randomforestalgo-
rithm is from 5 to 60.thoughtheexecutiontime increaseswith theincreasein numberof deci-
siontreesstill theriseismanageableandis linearin nature.Training andtestingtime during
initial stagewasonly 2.2secand2.4secrespectively.Towardstheendof implementation
whenthedecisiontreescountreachedupto60,thetraining andtestingtime werenotedto be
26.2secand27.92secrespectively.Theaveragemeanexecutionlatencyobservedfor training
aswellatestingsetis13.06secand14.39secrespectively.Theoutcomeisshownin Fig9.

Severalperformancemetrics,like accuracy,precision,recallandf1-scorewereusedfor the
validationof theproposedwastemanagementmodel[52]. Differentmachinelearningalgo-
rithms, like neuralnetwork,regression,KNN, SVM,anddecisiontree,wereusedfor compari-
sonpurpose.SVMrecordedanoverallinferior performanceascomparedto otheralgorithms.
Theproposedsmartmodeloutperformedotheralgorithmsandgeneratedanoptimum value.
Theaccuracyrate,precision,recallandf1-scoreparameterswere95.8%,96.5%,98.5%and
97.2%respectivelyashighlightedin Table7.

Themodelbuild-up time andvalidationtime comparativeanalysisfor theproposedmodel
wascarriedout with otheralgorithmsandisdepictedin Fig10.Neuralnetworkgavethemaxi-
mum time periodfor predictingtheoutcomewhile theproposedmodelgeneratedtheleast
time to takedecisionto sendthealertnotification or not. Thebuild up andthevalidationtime
recordedusingtheproposedmodelwas3.26secand4.25secrespectively.Sinceno feature
scalingisneeded,thusit isquitefast.

Reasonfor superiorperformanceof arandomforestmodelisdueto manyfactors.It can
easilyhandlehighdimensionaldatasetasit canwork with multiple subsetsof data.Random
forestsmoothlydealswith outliersbybinning them.It canalsobeeffectivein balancingerrors
with unbalanceddatasamples.It canalsoautomaticallyhandlemissingvalues.It hasalow
biascomparedto othersgeneratinghigheraccuracyrate.Theoverallperformanceof the

Fig 8. Classification accuracyanalysiswith respectto decisiontreesusedin random forestalgorithm.

https://doi.org/10.1371/journal.pone.0272383.g008
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modelwasalsodependanton thethresholdvalueof thelocalsink.It is theupperboundvalue
consideredfor thelocalsink to befilled up beforenotification issentto users.It isnotedthat
atathresholdvalueof 0.93,themaximumaccuracyratereachedwas95.8%whiletheaccuracy
decreaseswith asteadydecreasein thresholdvalue.Theleastaccuracyof 72.5%wasobserved
with a0.69thresholdvalueof localsink.Theresultisshownin Fig11.

4.3.Benefitsof the proposedintelligenceof things basedwaste
managementmodel

�� Thedevelopedmodelismoreeffectiveandtime savingin automationof solidwastecoordi-
nationandmanagingoverallaggregationprocesstherebyrestrictingmanualintervention
to alargeextent.

�� Thesmartbinsandgarbagelevelin thebinscanbecontinuouslymonitoredatglobalsink
in anuninterruptedmannerfacilitatingamoresustainablethroughput.

�� Themodelismadeto befault tolerantsinceaccidentalfailureof fewbinswill not affectthe
overallwastemanagementprocess.

Fig 9. Executiondelayanalysiswith respectto decisiontreesusedin random forestalgorithm.

https://doi.org/10.1371/journal.pone.0272383.g009

Table7. Performancemetricscomparison with different predictivemodels.

Accuracy Precision Recall F1-Score

NeuralNetwork 94.2% 93.2% 94.6% 94.2%

KNN 95.1% 95.4% 96.5% 96.2%

Regression 92.8% 92.6% 93.8% 93.1%

SupportVectorMachine 88.2% 86.2% 90.2% 88.8%

Decisiontree 92.5% 91.7% 94.6% 93.1%

ProposedRandomforestbasedModel 95.8% 96.5% 98.5% 97.2%

https://doi.org/10.1371/journal.pone.0272383.t007
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Fig 10. Model training and testing latencyanalysiswith different algorithms.

https://doi.org/10.1371/journal.pone.0272383.g010

Fig 11. Accuracyanalysisin contextwith the threshold valueof smart bin.

https://doi.org/10.1371/journal.pone.0272383.g011
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�� An acknowledgementlink is includedin themodelwherethelocalsink isacknowledged
whenit getsfilled with wastesandthis iscommunicatedto theglobalsink.

�� Themodelprovidessuperiorsynchronizationandawarenessregardingwastecontrol andit
canhandleawiderangeof wasteproductswith its distributedcloudstorage.

�� Populationdensitycanbeclusteredandsegregatedsothatdensepopulatedregionscanbe
identifiedandmaybeprovidedwith morebinsof increasedvolumeto acceptmoreload.

�� Thedevelopedmodelcannot only beutilizedfor datagatheringandexchangewithin a
restrictedenvironmentbut alsoit actsasadecisionmakingmoduleto classifythewastesas
wellaspredicttheaccumulationof wastesandsmartbinsrequirementin aconcerned
region.

�� An alertunit isalsoassociatedwith themodelwhichnotifiestheuserin caseof anydiscrep-
ancy,thebinsarecompletelyfull or anypoisonousparticlespresence.

�� Theoverallwastemanagementsystembecomesmorereliable,robust,accurateand
productive.

5. Conclusion
Wastemanagementisacritical domainin urbanareaswheresustainabilityisafactor.In our
research,anintegratedhybrid modelusingintelligenceof thingsandmachinelearningfor
smartautomatedwastemonitoring andmanagementsystemisdesignedandimplemented.
Thesmartbinscollectbin loadstatusdataandsendthemto thecorrespondinglocalsink
node.Thelocalsinknodesaggregatethecollectedinformation andtransmitsit to theglobal
sinkstationfor further processingandanalysis.Basedon thetimestampof thesmartbins,the
priority of thebinswascomputed.Themodelwasimplementedin localityin Bhubaneswar,
Odisha,India.Theresultobtainedwasveryconstructive.Smartbinscloserto denselypopu-
latedsiteswerefilled up atafasterratecomparedto thatof sparsepopulation.Therandomfor-
estalgorithmwasusedasaclassificationmethodto determinewhetheranalertmessageis to
becommunicatedto usersor not. A meanclassificationaccuracyof 95.8%wasobservedwith
60decisiontreesof therandomforestalgorithm.Themeanlatencydelaytime notedfor train-
ing andtestingdatais13.06secand14.39secrespectively.Theaccuracyrate,precision,recall
andf1-scoremetricsrecordedwere95.8%,96.5%,98.5%and97.2%respectively.Themodel
training time andvalidationtime recordedusingtheproposedmodelwas3.26secand4.25sec
respectively,which isquitelesswhencomparedwith otherexistingapproaches.It isalsonoted
thatatathresholdvalueof 0.93in alocalsink level,themaximumaccuracyratereachedwas
95.8%.

Thus,basedon thepredictionof randomforestapproach,adecisioncanbetakenasto
notify theuseror not. Thepresentedmodelwascompletelyautomatedwith theleastamount
of humaninteraction.Overall,theproposedsystemto detectandmanagewastewasprovento
beveryeffectiveandintelligent.Theproposedsystemfunctionsfor gatheringandupdating
wasterelateddataautomaticallyaswellasprocessestheutilization of datain anintelligent
manner.Internetusagehereenhancestheefficiencyandreliability of thesystemwith longdis-
tancecoverage.Hence,it maybeusefulfor governmentagenciesfor efficientmonitoring of
solidwasteandmanagementin urbanpopulatedareas,nearmedicalcentersor educational
siteswheresolidwastegenerationisquitehigh.

Thissystemcanbefurther upgradedto beimplementedin largescalewith further inclusion
of moreparametersandmoresecurityfeaturesalongwith fault tolerantprotocolscanbe
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integratedto makeit moreefficient.Alsoit canbeenhancedto acceptimagebaseddatasetsfor
wasteassessment.Besides,themodelcanbemappedonto amobileapplicationwhereevery
datawill beat fingertip of users.
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