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ABSTRACT

Thehumanvisionsystemismimickedintheformatofvideosandimagesintheareaofcomputer
vision.Ashumanscanprocesstheirmemories, likewisevideoandimagescanbeprocessedand
perceptivewiththehelpofcomputervisiontechnology.Thereisabroadrangeoffieldsthathave
greatspeculationandconceptsbuildingintheareaofapplicationofcomputervision,whichincludes
automobile,biomedical,spaceresearch,etc.Thecasestudyinthismanuscriptenlightensoneaboutthe
innovationandfuturescopepossibilitiesthatcanstartanewerainthebiomedicalimage-processing
sector.Apre-surgicalinvestigationcanbeperusedwiththehelpoftheproposedtechnologythat
willenablethedoctorstoanalysesthesituationswithdeeperinsight.Therearedifferenttypesof
biomedicalimagingsuchasmagneticresonanceimaging(MRI),computerizedtomographic(CT)
scan,x-rayimaging.Thefocusedarenaof theproposedresearchisx-rayimagingin thissubset.
Asitisalwayserror-pronetodoaneyeballcheckforahumanwhenitcomestothedetailing.The
sameappliedtodoctors.Subsequently,theyneeddifferentequipmentforrelatedtechnologies.The
methodologyproposedinthismanuscriptanalysesthedetailsthatmaybemissedbyanexpertdoctor.
Theinputtothealgorithmistheimageintheformatofx-rayimaging;eventually,theoutputofthe
processisalabelonthecorrespondingobjectsinthetestimage.Thetoolusedintheprocessalso
mimicsthehumanbrainneuronsystem.Theproposedmethodusesaconvolutionalneuralnetwork
todecideonthelabelsontheobjectsforwhichitinterpretstheimage.Aftersomepre-processingthe
x-rayimages,theneuralnetworkreceivestheinputtoachieveanefficientperformance.Theresult
analysisisdonethatgivesaconsiderableperformanceintermsofconfusionfactorthatisrepresented
intermsofpercentage.Attheendofthenarrationofthemanuscript,futurepossibilitiesarebeing
tracesouttothelimelighttoconductfurtherresearch.
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INTRodUCTIoN ANd LITERATURE REVIEw

Medicaltechnologyisgrowingwithimprovedtechnologicaladvancement,drivingtoanadvanced
leveloftreatmentanddiagnosticinthetwenty-firstcentury.Daytodayourfoodbehaviorischanging.
Thehumanbodymeetsanenormousamountofchemicalsubstances.Thisisresultingindifferent
categoriesofinfections,diseases,andsyndromes.Thecurrenterademandstodeveloptreatmentsthat
areefficientenough.However,efficiencyisnotonlythekeywhenitcomestothetimeconstraints
forthetreatment.Whentechnologyfitsproperlyintothemedicalsector,itcanleadtoanoptimal
solutionformedicaltreatment.

Inancientdays’technologywasnotmuchdevelopedtodetectdifferenthappeningsinthehuman
bodywiththeimprovementoftechnologynowadaywearecapableenoughtoreproduceanimagery
systemindifferentpatterns.TherearedifferenttypesofimagerysystemthatareMRIimaging,CT
scan,X-Rayimaging,ultra-sonicimaging.Theproposedmethodologydealswiththedevelopment
ofobjectdetectiontechniquesinX-Rayimaging.

X-ray is the light spectrums that has wavelength ranging from 0.01 to 10 nanometer and
correspondingfrequencyrangevariesfrom3*1016to3*1019HZ.Thepropertyofthelightissuchthat
itpassesthroughlessdensematerialandobstructedthroughhighlydensematerials.Thedensematerial
fromwhichtheX-Rayisbeingreflectediscapturedinthesensorstoformthecorrespondingimage
oftheobject.ThisprincipleofanX-Rayisthefeaturethatdrivesthisresearchinthismanuscript.
WhenpatienceissubjecttotheX-raybonereflectsthelightthatissensedbythesensor.Inthesame
wayifthebodycontainsametallicpartoranytumorthatis,growinginsidethebodyalsoshowsthe
samecharacteristicsasthesearealsodenseobjects.Thedensertheobjectthemoreitwillreflectthe
X-Raybeam.TheobjectsthatarereflectingtheX-RayisrepresentedasalightspotintheX-Ray
imaging.Objectthroughwhichthelightpassesisrepresentedasadarkspot.

CTscanisalsoa3-dimensionalextensionofX-Rayimaging.Thepatienceisallowedtolaydown
onabedandthecompletebodyisscanned360degreestogeneratethe3-dimensionalimage.These
three-dimensionalimagesaregeneratedthroughdigitalgeometryprocessingwhichcombinesthe
angleatwhichtheimagesaretakenandthecorrespondingimagestoforma3-dimensionalimaging.

WhenitcomestoX-Rayimage,itisverydifficulttodetectsmallobjectswithaneyeballcheck.
Sometimesdoctorsneedtoattainmanypatientssotheyhaveverylittletimeforaparticularpatience.
ThefocusoftheresearchinthismanuscriptistodetectimportantanomalyinX-Rayimaging.This
willresultinlesstimeconsumptioninthedetectionofmetallicobjectsandtumorsinthehuman
body.Thiswillalsoenablethedoctorstocureandadvisemanypatientscomparedtoaneyeballcheck
ontheX-Rayimagingalone.Asmallmistakeinthedetectionoftheseobjectsmaycauseaserious
issuetothepatience’sbodywecannotrelyonthedoctoreyeballcheck.Insomecases,itishard
todetectminorabnormalities.Asthecomputer,visiontechniqueusespixelvariationtechniqueit
cangotothepixelleveloftheimageandanalyzeit.Thisisverydifficultforanexperienceddoctor
even.Supposethereismorethanonepartofthebodythatisinfectedby,ametalthenevenaminor
variationisbeingdetectedahighlighted.Subsequently,differentdoctorstodoarootcauseanalysis
oftheanomalycananalyzethesehighlightedareas.

Whenbodycellsstartgrowingatafasterratecomparedtotheirusualmetabolicperformance
thedensityofcellsincreases.Thisisthemainreasonbehindthetumor.Theearlystageofcancer
startswithtumors.Ifsomehowweabletodetectthereisatumorpresentinapatiencebodyatthis
stageitcanbedetectedandcanbecured.AboutX-Rayastumorsareverydenserayscannotpass
through.Thisresultsinthedetectionofatumor.Thesetumorsarelessdensecomparedtobonesin
thehumanbody.Thedensertheobjectthebrighterthepixelsofthex-rayimagewillbe.Ifacellis
atumor,itwillbeverydifficulttodetectitinX-Raywithaneyeballcheck.Therefore,ifwesubject
theseimagestoacomputervisionsystemitcananalyzeapixellevel.Atthepixellevel,itwillbe
easiertoanalyzethesevariations.Ifwecancategories,thepixelsaccordingtothetumorlevelsin
thepatiencebodywewillbeabletodetectwhichkindoftumorcurrentlyexistsinthepatiencebody.
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Thiscanbeafuturescopeofthisresearchfortheresearcherswhoareworkingonthefield.Once
thetumordetectednotitcomestothedoctor’sdecisiononhowtodealwithsuchtypesoftumors.

Whenitcomestostonesdetectionandmetallicpartsinthehumanbody,itbecomeseasierforthe
computervisionsystemtodetect.Usually,stonesarelessdensecomparedtometalliccomponents.
Alongwiththat,metalliccomponentshavereflectioncapabilitiescomparedtootherstructuresin
thehumanbody.WhenaparticularthresholdpixelvalueisachievedintheX-Rayimagingthatcan
beclassifiedasastoneanddetecteditlikeastone.Atahigherlevelwhenthepixelisverybright
thenitcanbedetectedasametalliccomponent.Inmetalliccomponentstherealsodifferentshapes.
If thedetectedobject isdetected in theshapeofabullet, then itmarks itasabullet isdetected
otherwiseitwillbetreatedasanormalmetallicobject.Thisoperation(shapedetection)isdonewith
morphologicalimageprocessing.

In some cases, it is found that the above-mentioned objects can be present in a distributed
formatinthewholebody.Itishardfordoctorstoseeeverysinglepartofthebodyandtraceoutthe
components.Insuchacase,ifthetaskisgiventoacomputervisionsystem,thevisionsystemcan
dodetectionofallpossibleabnormalities.Consideringtheabnormalitiesonce,theobjectisdetected.
Subsequently,itwillstartrecognizingandcategorizingthedetectedcomponents.

Usingthesedetectiontechniquesifwewillbeabletoproposeasuitablelocalizationtechnique
fortheobjectsthentherewillbeabighopeoffutureadvancementinthesector.Aroboticoperator
canbeusedinsuchascenariothatwillconductthesafestsurgerypossible(TheauthorofNikolic
M.(2016),LuL.(2017)andKhosravanN.(2018)discussedintheirresearch).Withthehelpofthe
detectiontechnique,itwilldetecttheobject.Followedbyarecognitiontechniquethatwillclassify
thesubstancepresentinthebody.Oncetheroboticoperatorisinstructedtostarttheoperation,itwill
takethesafestoperationpossibleinthecurrentscenario.Theproposedalgorithmisabletodetect
bothmovingobjectaswellasstationaryobjects.Asthealgorithmcanscanavideoframebyframe,
itisnotdependentofthemovementoftheobject.Ateachfameofthecapturevideo,theobjectwill
bedetectedandtheproposedalgorithmtakesthecurrentframeastheinput.Thisisthereasonitis
independentofthemotionoftheobject.

ThismanuscriptdescribeshowanX-rayimagecanbeprocessedthroughdifferentstagesand
byapplicationofconvolutionalneuralnetworkhowobject isdetected in thehumanbody.After
detection, thecorrespondingobjects arebeing recognized.The recognized labels are thengiven
onthecorrespondingdetectedobjects.Inthiswaybeforegoingtoanytypeofsurgerydoctorscan
buildaproperstrategyfortheiroperationalprocedure.Bydoingsothedoctorswillhaveaclear
understandingoftherootcauseoftheproblemtheywillfacewhiledealingwithsuchsituation.This
cansavealotoflifewhileapatienceisundergoingasurgery.

Literature Review
Thereisanamendamountofdevelopmentandactiveareaofresearchgoingoninthebiomedical
imageprocessingfield.ThecasestudyisdoneonMRI,CTandX-rayimaginginamorefocused
way.Combiningthediversityofthesurveythemanuscripttakesitsinspirationtodevelopanovel
techniqueindoingobjectdetectionandrecognitiononX-Rayimages.Thefollowingaresomerelated
workintheareathatinspiresthecasestudyinthemanuscript.

Unsupervised Subject Detection via Remote PPG (Method 1)
Thisisresearchconductedontheareaofbiomedicaltreatmentbasedondifferentadvancedthermal
imagingtechnology.Thetechnologyinvolvesscanningthehumanbodyandletthedoctorknowthe
differentthermalreportofthepatients.Thetechniqueusedisanunsupervisedlearningmethodrather
thanasupervisedlearningmethod.Theproposedmethodin thisresearchisvoxel-pulse-spectral
methodologywhichhasthethreedifferentstages1)createshierarchicalvoxelsacrossthevideofor
temporallyparallelpulseextraction;2)buildsasimilaritymatrixforhierarchicalpulsesignalsbased
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ontheirintrinsicproperties,and3)utilizesincrementalsparsematrixdecompositionwithhierarchical
fusiontorobustlyidentifyandcombinethevoxelsthatcorrespondtosingle/multiplesubjects.

Optimizing the Level Set Algorithm for Detecting Object 
Edges in MR and CT Images (Method 2)
ThisisacasestudyrelatedtoMRandCTimagescan.Itisusuallydifficulttodetectdifferent
organsinthehumanbodyespeciallytheirboundaryareas.Toanalyzeparticularorgandoctors,
needtodetectareasoccupiedbydifferentorgansthathelpsthemtodetectproblemsanddifferent
organs.Theproposedmethodinthiscasestudyisageneticalgorithm.Theproposedmethod
usesthetrainingofthegeneticalgorithm,thentestingondifferentsetsofimagesrelatedtoMR
andCTscans.Fourquadraticmajorsaretakenintoconsiderationforthedeterminationofthe
boundaryoftheobject.Inshort,thismethodhelpstodetectdifferentobjectsinahumanbody
throughMRandCTscans.

Real-Time Detection of Foreign Objects Using X-Ray 
Imaging for Dry Food Manufacturing Line
TheproposedmethodappliesX-Rayimagestodetectforeignobjectsinpackagedfoodwith
irregulartexturepattern.Theapplicationimplementsimageenhancementbyreducingthe
textureintensityofthefooditems.Asmentionedintheresearchtheforeignobjectscannot
beknowninadvancesoit isclassifiedbasedononeclass implementation.Whichmeans
eitheritisadesiredfooditemoritisaforeignelementpresentinthefoodpackage.Forreal-
time,operation,amaxandmindifferenceofmaskoperationisperformed.Thealgorithm
helpstodetectdifferenttypesofanelementlikeglass,ceramicandmetalsfromtheX-Ray
image.Thedetectionoperationisperformedina180msperiod.Theclockfrequencyofthe
computerusedinthisexperimentwas2.4GHz.Thismethodisusedtoimprovefoodquality
whiledoingthepackaging.First,thebackgroundimageisremovedforfasterprocessing.The
backgroundimageisremovedbyusingaprocesscalledthresholding.Theresultantimage
isprocessed throughanalgorithmcalled thepositive responseof zeromeans.Following
thisprocessfeatureextractionoftheobjectsisdone.Thefeaturesareusedfortheprocess
ofclassification.Astheforeignobjectscanbeofvarioustypesandsizeitisclassifiedasa
foreignobjectifitfulfilssomepredefinedcriteria.Intheexperiment170imagesarebeing
classifiedwhichincludes3differenttypesoffoodpackaging.12differenttypesofforeign
objectsarebeingdetectedperX-Rayimage.Moreover,atabularresultisbeingconstructed
foranalysis.

The X-Ray Object Recognition Test (X-Ray ORT) – A Reliable and Valid 
Instrument for Measuring Visual Ability Needed in X-Ray Screening
Inthisresearch,theapplicationareaisanaviationsecuritysystemwhereX-Rayimagingisused.
Whenabagiscloselypacked,itisverydifficulttodetecttheobjectwiththenakedeye.Insuchacase,
image-processingtechnologycanbeusedtodetectdifferentobjects.Thetechnologyimplemented
inthispaperistheX-RayObjectRecognitionTest(ORT).Thealgorithmwilltellwhichobjectsare
prohibitedandwhicharepermissibletocarry.Bydoingbasicimageprocessingoperationstheobjects
aredetectedusingtheshapeoftheobjectforexample,aknifehasadifferentshapecomparedtoa
gun.Asitisareal-timeapplication,eachimageisscannedforaround4secondstogetadetailed
understandingofthecontentthatispresentinthebag.Theresultofthetestiswhetherthebagis
complexlypackedornot.Italsoshowsthelistofidentifieditemsinthecorrespondingbag,thetime
lagforeachresultproductionisaround200msandbelow.



International Journal of E-Health and Medical Communications
Volume 12 • Issue 2 • March-April 2021

97

BACKGRoUNd

Tohaveadetaininsightintotheproposedmethodweneedtohaveaclearunderstandingoftherelated
conceptsthatareusedinthismanuscript.Theserelatedconceptsarelistedanddescribedbrieflyin
thissectionofthemanuscript.

Image Thresolding
Thismethodofimageprocessingconvertsagreyscaleimageintoabinaryimage.Thebinaryimage
cancontainonlythedarkestpixelorthebrightestpixel.Thedarkestpixelrepresentedasalogiczero
andthebrightestpixelisrepresentedasalogicone.Atransitionfrombrightesttodarkestorvice-
versaisconsideredasanageintheimage.Forconvertingagreyscaletoabinaryimagethresholding
processisneeded,whichevervalueofthepixelismorethanthresholditisconsideredas1otherwise
itisconsideredas0.Thebinaryimagesaregeneratedtodoimagesegmentation.Beforedoingimage
segmentationweusuallydoprocessmorphologicaloperationonthebinaryimage.(Theauthorof
MohammedM.(2018),KoniarD.(2017)andLitjensG.(2017)discussedintheirresearch)Thereare
differenttypesofmorphologicaloperatorspresentthatarecircularoperator,squareoperator.The
binaryimageistunedtoasuitablelevelbyvaryingtheparametersofthemorphologicaloperators.
Figure1showshowthethresholdingphenomenonisachievedinagreyscaleimage.

Image Segmentation
As thenamesuggests this leads to the segmentationof the image intodifferent sections. Image
segmentationhelpsinextractdifferentpossibleobjectspresentintheimage.Oncetheseobjectsare
detected,weencloseaboundingboxaroundtheseobjects.Theboundingboxinanimagerepresents

Figure 1. The thresholding process done on a greyscale image on the leftmost image, the mid part of the image is representing 
the histogram, the redline on the histogram represents the thresholding point, after thresholding the rightmost part represents 
the binary image that is generated which is ready for image segmentation
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anareawherethereisanobjectdetected.Consideringthis,wedoobjectrecognitionwiththehelpof
recognitionalgorithms.Figure2representsanimagesegmentationprocess.Alltheobjectspresent
intheimageshouldbetracedoutfromthebackground.Theobjectsthatarepresentintheimageare
whiteandthebackgroundisofdarkcoloraftersegmentation.Atthisstage,wecanobservewhere
theobjectresidesintheimage.Theseobjectsarethenpassedtotherecognitionstage.

Image Recognition and Labeling the detected objects
Oncethesegmentationprocessfinishedandtheboundingboxcapturesthekeyareasintheimagea
recognitionalgorithmtriestoprocesstheimportantinformation.Arecognitionalgorithmisgenerally
aneuralnetoradeepneuralnet(TheauthorofWangW.(2017),Ghosh,P.(2016),ZhuW.(2016)
andAndrearczykV.(2017)discussedintheirresearch).Neuralnetsconsistofdifferentlayersof
neuronsthatperformdifferentfunctions.Foranimageprocessingapplication,itisrecommendedto
useconvolutionalneuralnetworklayers.Abasiclayoutofaneuralnetworkoradeepneuralnetfor
imageprocessingisshowninFigure3.

AsshowninFigure1therearethreeconvolutionallayersfortheneuralnetworkinthiscase
study.Themorethenumberoftheconvolutionallayerthecomputationloadontheprocessingwill
alsoincrease.Theefficiencyofunderstandingimagesincreaseswiththenumberofconvolutional
layers.DuetotheabovetwoParameters,itisalwaysrecommendedtofindasweetspottooptimize
theefficiencyofthenetwork.Tobuildanoptimizednetworkwithanoptimizedefficiencyneedsa
lotoftimeframe.Analternativeapproachtoachievethesameperformanceinashortperiodisthe
methodoftransferlearning.Thefollowingsubsectionenlightensusonhowtodotransferlearning.
Afteranetworkisfullytrained,theboundingboxobjectsarepassedthroughtheneuralnetworkand
theoutputwillbealabel.Itcanbeanyofthethreecategoriesasrepresentedintheresultsectionof

Figure 2. A phenomenon representing the image segmentation process where objects are in white pixel and background in 
black pixels
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themanuscript.Eachdetectedlabelisrepresentedintheboundingbox,whichcanbefoundinthe
resultsectionofthemanuscript.

Transfer Learning
Asthenamesuggestsitisalearningtransferfromatrainednetworkforaparticularapplicationto
anothertypeofneuralnetworktoperformsometypeofapplication.Thetunedweightsfromthefirst
neuralnetworkareusedinthesecondneuralnetwork.Intransferlearning,wedochangetheinput
sizeofthenetworkandthesoftmaxfunctionintheoutputsideofthenetwork.Thetrainedneural
networkusedintheresearchmentionedinthemanuscriptusesAlexnet.Alexnethasthreetypes
oflayers’convolutionallayers,fullyconnectedlayers,andsoftmaxfunction.Ingeneral,Alex-netis
designedforcolorimagesbutwehavechangedittooperateongrayscaleimages,asx-rayimaging
isagreyscaleimage.Therearetwotypesofconnectionsintheneuralnetwork.Ifalltheneuronsof
onelevelareconnectedtoalltheneuronsofthenextlevel,thenitiscalledafullyconnectedlayer
(TheauthorsofSarikayaD.(2017),EricksonB.(2017),JavanmardiM.(2018)andSuzukiK.(2017)
discussintheirresearch).Alayermayconsistofdifferentsegmentsoftheneuron.Softmaxfunction
decides theprobabilityof theoutputcategories thatarepresent in thesystem.Theoutputof the
networkwillbethemaximumpossiblecategoryforaparticulartestcase.Figure4showsthecomplete
architectureofAlex-net.

Theabove-mentionedconceptsareusedinimplementingtheresearchdescribedinthemanuscript.
Ahighlevelofoptimizationisdoneinachievingbetterperformanceineachstageoftheprocess.
Whichinawayincreasestheoverallperformanceofthesystem.Themethodologypartexploresthe
methodthroughwhichtheobjectisbeingachieved.Theresultsectionrevealstheoutcomeofthe
methodfollowed.Theconclusionsectionanalyzesandsummarizestheresults.Italsodealswiththe
futurescopeandpossibilitiesoftheresearchtohelpthecommunityindoingfurtherimprovement.

Figure 3. The basic structure of a deep neural network
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METHodoLoGy

Thefocusofthisresearchistodetectandrecognizeabnormalityinthehumanbodysuchasmetallic
objectsandtumorsthroughX-Rayimaging.Inthefieldofmachinelearningforimageprocessing
convolutionalneuralnetworksplayinganimportantroleforoptimizedperformance.Soastructured
transfer-learned deep neural network is used in this case study. We have followed a process of
supervised learning. We have labeled data for different categories of the image. These data are
beingcollectedthroughconsistentgooglesearchovertime.Theimagesarebeinglabelledwiththe
correspondingobjectsthatispresentintheX-Rayimage.Forallthethreecategorieswehavecollected
around500X-Rayimagestotrain,thedeepneuralnetwork,whichis75percentofthelabeleddata,
isusedfortrainingand25percentofthelabeleddataisusedfortestingpurposes.Beforedoingso
wehavedonesomepre-processingoftheimagestoachievebetterperformanceontheresults.These
preprocessingarebeingdescribedinthebackgroundsectionofthemanuscript(imagethresolding
andimagesegmentation).Figure5showcasetheflowchartthatdescribesthecompleteprocessina
sequentialmanner.Thedatasetusedintheprocessiscollectedoverthegooglesearch.Theimages
arebeingresizedto227*227,asthisisequaltothesizeoftheinputlayerinalexnet.

Step 1: Start
Atthisstage,thealgorithmwilldothebasicprocessingofthesystemthatismemorycheckand
alltherelatedpowersupplychecks.Ifthisprocessfails,thecompletesystemwillnotabletostart.
FollowedbythisprocesstheX-Rayimageacquisitionsystemwillbechecked.Oncethechecksgive
positiveresponsesubsequently,theprocesswillproceedtothesecondstage,whichisAcquiringthe
X-Rayimage.

Figure 4. The left-hand side of this network represents the input; Conv: represents convolutional layers; FC: represents fully 
connected layers; and class number: represents the softmax function that decides the class to which the particular object belongs
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Step 2: Acquiring X-Ray Image
Atthisstage,theX-RayisbeingacquiredwiththehelpoftheX-Raydeviceandsubsequently,itis
subjecttotheprocessofimageprocessing.Theimagesarestoredinthememoryofthedeviceandthen
itissubjecttopre-processing.Thepre-processingstageisneededinthisprocessasitincreasesthe
efficiencyofthedetectionoftheobjectsandsubjectsthedetectedpartsoftheimagetorecognition.
Pre-processing includes image thresholding and image segmentation,which ismentioned in the
followingstages.

Step 3: Converting the Grey Scale Image to a Binary Image
TheimagethatisbeingcollectedintheX-Rayisagreyscaleimage.Todistinguishbetweenobjects,it
isrecommendedtothesegmentasmentionedinthesegmentationsub-sectioninthebackgroundsection
ofthemanuscript.Toachieveanoptimizedimagesegmentation,weneedtoconvertthegreyscale
imageintoabinaryimage.Fortheconversion,wehaveusedequation1.Where“th”representsthe
threshold.Everypixelvalue,whichisfallingbelowthepixel,isrepresentedasadarkpixelandevery
pixelvaluefallingabovethethresholdvalueisrepresentedasabrightpixel:

P
P Thresold th

P Thresold th
x

x

=
< ( )
≥ ( )








0

1

,

,
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Forexample,letpbetheresultantimageandpxbetheoriginalgreyscaleimage.Thepixelof
pwillbeabrightpixelforeveryvalueofthepixelofpxwhichliesabovethethresholdvalue.The
componentsofpareeitherzerooronebutthecomponentsofpxarewithin0to255asitisagreyscale

Figure 5. The proposed workflow is mentioned in the above flow diagram. The detailed description of the process in a step-by-
step manner is described in the following section.
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image.Inthisway,thegreyimageisbeingconvertedtoabinaryimagethatcontainsonlydarkand
bright(orwhitepixels).Aftergeneratingthebinaryimage,weproceedfor theprocessof image
segmentationthatisdescribedinstep4.

Step 4: Image Segmentation
Theimagesegmentationmeansdividingtheimageintodifferentsegmentsasdescribedinprevious
sections.Adefinedregionofthepixelthathasthesamebrightpixelvalueisdetectedasanobject.
Wheneverthereisasuddenchangeinthepixelfromdarktobrightorvice-versathecorresponding
regionisdetectedasanobjectbyenclosingitinsideaboundingbox.Thecoordinatesofthebounding
boxarecollectedatthisstage.Thecollectedcoordinatesareusedinsubsequentprocessingstages
intheproposedalgorithm.

Step 5: Checking the Bounding Boxes for Abnormality
Asmentionedinstep4theboundingboxcoordinatesarecollected.Thesecoordinatesareusedto
capturetheobjects.Eachoftheboundingboxesissubjectedtodifferentabnormalityclassification
morphologically.Inthismethod,eachobjectsizeisbeingcheckedintheboundingboxregion.Ifany
abnormalityisdetected,thedetectionofabnormalityrepresentsthepresenceofabnormalconditions
presentinthepatience’sbody.Ifitissothenthealgorithmwillproceedtostep6Ifnot,itwillwait
forthenextframe.

Step 6: Creating Bounding Box Around objects That is Being detected
Ifanyabnormalityisbeingdetected,forthedefinedboundingboxescollectedinstage4thenthose
boundingboxesaresuperimposedontheoriginalX-Rayimage.Thereisapredefinedrangeofpixels
fornormalstructuresforhumanbonesandorgansaccordingtothedensityofthetissues.Ifthepixel
rangeintheboundingboxisnotfallinginthatrange,thenitisdetectedasananomaly.Sobounding
boxesthatcontaintheanomalyareusedinstep7oftheprocess.

Step 7: Process the Abnormality of object detection and Recognition
Atthisstage,theboundingboxcontainingtheabnormalobjectsisanalyzedwiththehelpofthe
pre-trainedneuralnetwork.Thepre-trainedneuralnetworkusesaconvolutionalneuralnetworkas
mentionedinthebackgroundsectionofthemanuscript.Theproposedconvolutionalneuralnetwork
containsaconvolutionallayer,fourfilters,andfivefullyconnectedlayersandasoftmaxlayer.The
functionalityofeachtypeoflayerismentionedinthebackgroundsection.Theproposedarchitecture
isbeinginspiredbyalexnet.Inadditiontoalexnetarchitecture,proposednetworkhas4additional
filterlayers.TheseadditionalfiltersareneededtodealwithX-Rayimaging.

Thetrainingprocessfortheneuralnetworkinvolves1000iterationsforthetrainingondifferent
categoriesofX-Rayimages.ThisX-RayImagecontainsabnormalobjectswiththeircorresponding
label.Asthedatasetishuge,wehaveusedimagedatastorefunctionalityofMATLABtomaintain
trackofthelabeledimages.Forthetrainingset,alltheimagesarelabeledwiththecorrectlabeling
toavoidambiguity.Theresultanalysissectiondemonstratestheefficiencyofthedetectioninthe
realscenario.Itisfoundthattheresultsareconsiderable.Thetwomainobjectivesofthedetection
aretodetecttumorsandmetalliccontent.Inthecaseofatumorcell,thepixelvalueswillbeless
comparedtoametalliccontentthisisbecauseX-rayswillbereflectedmorefromametallicobject
asitisdensercomparedtoatumorcell.Duetothisreason,theobjectwhichhavingmetalliccontent
willhaveabrightspotcomparedtothetumorintheX-Ray,whichistakenintoconsiderationfor
classification.Itwillhelpthedoctorstotraceoutthoseareas,whichareaffectedbythesetwothings.
Afterthedetectionandrecognitionaredone,theresultofrecognitionwillbetheobjectname,which
isdetected.Itcanbeeitherametallicpartinthebodyoratumorthatcanbeatanystage.Oncethe
recognitionprocessisdonetheprocessshiftstotheannotationphase.Intheannotationphase,each
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boundingboxisbeinglabeledanddisplayedonthescreensuperimposedontheoriginalimage.The
annotationprocessismentionedindetailinstep8.

Step 8: Annotation of the Bounding Box
Attheendof therecognitionprocess, individualboundingbox,whichcontains theabnormality,
is labeled. Here we keep a track of which object is being recognized in which bounding box.
Correspondingly,itisstoredinthememory.Thelabelsalongwiththeboundingboxareannotated
intheoriginalX-Rayimage.Thisrepresentstheoutputoftheproposedmethod.Byviewingthe
output,doctorswillbeabletorecognizewhichinfectedareatheymissingfortheiranalysis.Itwill
helpthemtoavoidcompletelyrelyingontheireyeballcheck.

Thismethodenablesexpertstoseethedetectedobjectandconcludeontheoperationprocedure.
MTALABisusedasaninternaldevelopmentenvironment(IDE)forthemethodologyimplementation.
Thetoolboxusedinthisprocessisimageprocessingtoll-boxandneuralnetworktoolbox,deepneural
networktoolbox.Thegeneratedresultsareanalyzedandcomparedwiththepre-existingmethodsin
theresultsectionofthemanuscript.Followingtheresultsection,theconclusionsectionevaluates
theperformanceofthemethodproposed.

RESULTS

Following the proposed method experiment is conducted. Results are generated along with the
performanceevaluation.Thedataforthetrainingarebeingobtainedfromgoogle,whichissuitablefor
theexperimentalcriteria.Trainingisperformedon75percentofthecollecteddataandtheremaining
25percentofthedataisusedfortestingpurposes.Foreachdetectedobjectconfidencefactor(which
isinpercentageaccuracyofdetection)isplotted.Therearetwocategoriesoftheexperimentisbeing
conductedonefortumordetectionanotherisformetalobjectdetection.Whicheverobjectisdetectedas
anabnormalobjectandcannotberecognizedwiththehelpoftherecognitionalgorithmiscategorized
intoanotherobjectcategory.TheoutputoftheobjectdetectionisrepresentedinFigure6toFigure
11alongwiththeconfidencefactorinpercentage.Theexperimentwasconductedautomaticallyfor
thesetofimagesusinganimagedatastore.TheperformanceisplottedwiththehelpofMATLAB
plottingtoolsforvisualization.Figure12representstheefficiencyofdetectionforthethreedifferent
categories.Figure13representsthetimelaginmicroseconds,whichisautomaticallybeingcalculated
forallthe100tests.Theperformanceisalsoevaluatedincomparisontomethod1andmethod2
intheliteraturereviewsubsection.Figure14representstheperformanceevaluationforthesame.

Theaboveresultobtainedisdiscussedandanalyzedintheconclusionsection.Thefuturescope
oftheworkisanalyzedinashortandprecisemannerintheconclusionsection.Theefficiencyofthe
experimentisconsiderable.Thetimelagintheconductedexperimentwasnegligible.

CoNCLUSIoN

Fromtheaboveexperiment,itisanalyzedandconcludedthattheexperimentisgivingaconsiderable
amountofperformancecomparedtotheothertwomethodsmentionedintheliteraturereview.Whichis
seenfromFigure14thataccuracyofdetectionofmethod1andmethod2isaround87and89percent
respectivelywhereasitis90to92percentfortheproposedmethod.Thereisnofalsepositivedetection
intheexperimentonlytheconfidencefactorfortheobjectrecognitionisvariedoverthecourseof
testing.Thisiswhythisconceptcanhelpmanydoctorstoconductoperationsmoresuccessfully.
Thiscanalsohelpthedoctorstodoremoteoperations.Thiswillalsohelpthedoctorsfromaremote
placetodiscussinaconferenceabouttheoperationproceduresandstrategy,whichwillmakeitmore
successful.ItisalsofoundfromFigure13thatthetimelagforeachexperimentisintherangeof2.5
to8.5nanoseconds,whichmakethetimelagforthesystemasnegligiblecomparedtothestudies
proposedintheliteraturesurvey.Thisisachievedwithanefficiencyofaround90to92percentwhile
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Figure 6. Metallic particles detected in the human body near the lungs area and upper patient body

Figure 7. Bullets are detected in the spinal cord and near collar area of the patient’s body
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Figure 8. Tumor detected in different are of the patient’s body

Figure 9. Bullet detected in the abdomen part of the patience body
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Figure 10. Bullet detected in the neck part of the patience body with the corresponding bounding box and confidence factor shown

Figure 11. Bullet detected in the cranial part of the patience body



International Journal of E-Health and Medical Communications
Volume 12 • Issue 2 • March-April 2021

107

Figure 12. The result showing the accuracy of the object detection that is conducted over the 100 different objects for all the 
categories of substance. Another remote object is that category of the remote object, which is not classified by the recognition 
algorithm, but it is detected as a remote object.

Figure 13. Time lag in microsecond for each conducted experiment
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conductingtheexperimentinanaverageforallthepossiblecategoriesofclassificationthismeans
theoperationcanbeconductedefficientlyandtherewillbenolaginthedetectionoftheobjectsas
theequipmentneedtooperateinreal-time.Thisfieldofresearchisanactiveareaofresearchsothe
proposedresearchalsohassomefuturescopeavailableinit.Asdiscussedinthemethodologysection
wehaveincludedthreedifferentcategoriesofobjectandtheremainingiscategoriesasothercategories.
Wecanincreasethenumberofcategoriesthatwillgiveadiversityoftheclassificationprocess.In
caseoftumor,therearedifferenttypesandstagesoftumor,whichcanalsobeclassified,infurther
research.However,thiscanonlybeajustifiedclassificationcategorywiththehelpofprofessional
doctorsintherelatedfield,whichisthecurrentlimitationoftheproposedidea.Asdoctorsneed
toseattogetheranddiscusswhatarethepossiblescenariostheyhaveencounteredintheirfieldof
experience.Bydoingsoyoungdoctorscanusetheclassificationtocomestoaconclusion.Bythisway,
workloadontheskilleddoctorswillbereducedandthetreatmentspeedwillincreasewithoutlosing
theeffectivenessofthetreatment.Inadditiontotheaboveinabsenceofdoctors,alsoanemployee
ofahospitalcandetecttheobjectspresentinthepatient’sbodyincaseofemergency,whichcanbe
sharedwithanexpert.Therefore,thistechnologycanunravelaneweraofmedicaltreatment.

Figure 14. The accuracy is compared with the other two proposed methods for all 100 experiments conducted in an automated 
fashion compared to the proposed method
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