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基于去模糊空间变换RCNN的
毫米波图像目标检测

梁广宇,程良伦,黄国恒,徐利民
(广东工业大学 计算机学院,广州510000)

摘 要:提出一种包含去模糊的空间变换区域卷积神经网络的目标检测算法.首先,基于主动毫米波圆

柱扫描成像原理对人体进行三维成像(频率24~30GHz),建立毫米波图像数据集.然后,估计毫米波图

像的模糊核,通过卷积去噪网络获得图像先验知识,将其集成到半二次分裂的优化方法中,以实现非盲

目去模糊.最后,由定位网络、网格生成器和采样网络三部分组成空间变换网络,将它融入到特征提取网

络中,在去模糊后实现目标检测.通过该非盲目去模糊算法得到的图像的峰值信噪比可达27.49dB,目

标检测算法的平均精度可达80.9%.实验结果表明,与现有的先进方法相比,该方法可以有效地提高图

像质量和检测精度,为毫米波图像中隐藏危险品的目标检测提供了新的技术支持

关键词:安全检测;毫米波图像;目标检测;空间变换区域卷积神经网络;非盲目去模糊
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ObjectDetectionofMillimeter-waveImageBasedon
Spatial-transformerRCNNwithDeblurring

LIANGGuang-yu,CHENGLiang-lun,HUANGGuo-heng,XULi-min
(SchoolofComputer,GuangdongUniversityofTechnology,Guangzhou510000,China)

Abstract:Anobjectdetectionalgorithmofspatial-transformerregionalconvolutionalneuralnetworkwith
deblurringwasproposed.Firstly,basedontheprincipleofactivemillimeter-wavecylindricalscanning
imaging,thehumanbodyisthree-dimensionallyimaged(frequencyrangefrom24GHzto30GHz),and
amillimeterwaveimagedatasetisestablished.Thentheblurkernelofthemillimeter-waveimageis
estimated.Theimagepriorknowledgeisobtainedbytheconvolutionaldenoisernetworkandisintegrated
intoanoptimizationmethodofhalfquadraticsplittingtoachievenon-blinddeblurring.Finally,thespatial
transformnetwork,composedofalocalizationnet,agridgenerator,andasamplingnetwork,isinserted
intothefeatureextractionnetworktoachieveobjectdetectionafterdeblurring.Withtheproposednon-
blinddeblurringalgorithm,peaksignaltonoiseratiooftheimagecanreach27.49dB.Meanaverage
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precisionofobjectdetectionalgorithmcanreach80.9%.Theexperimentalresultsshowthattheimage
qualityanddetectionaccuracycaneffectivelybeimprovedthroughtheproposedmethodcomparedwith
somestate-of-the-artmethods.Newtechnicalsupportisprovidedforobjectdetectionofhiddendangerous
goodsinmillimeter-waveimages.
Keywords:Securityinspection;Millimeter-waveimage;Objectdetection;Spatial-transformerregional
convolutionalneuralnetwork;Non-blinddeblurring
OCISCodes:100.0100;100.4994;100.4996;110.0110;110.6880

0 Introduction
Withincreasingneedforsecurityinspectionoftransportationandpublicplaces,millimeter-wave

imagingsystemsaredevelopedtoautomaticallydetermineandlocatethecorrespondingcategoriesof
forbiddenobjects,likeknivesandguns,onhumanbodies.

Asforenhancinganddenoisingmillimeter-waveimages,imageprocessingmethodssuchaswavelet
transform,interpolation,andhistogramequalizationareused.InRef.[1],fourinterpolationmethodsare
investigatedtoimprovetheimagequalityofaPassiveMillimeter-Wave(MMW)image.MATEOSJet
al.[2]proposedarobustBayesianmultiframeblindimagedeconvolutionmethodthatapproximatesthe
posteriordistributionoftheblurbya Dirichletdistribution.Buttraditionalalgorithmsofimage
enhancementaresensitivetonoise.Anditiseasytocausethemillimeter-waveimagetobetooweakor
excessivelyenhanced.Inrecentyears,ithasbeenmadesignificantprogressonthedeblurringofthesingle
image[3].Deblurringwithstatisticalpropertiesofaparticulardomainisusedinmanyrecentmethods,such
astext[4],face[5]andlow-lightimage[6].TheMaximum APosteriori(MAP)estimationisusedinnon-
blinddeblurringofthecurrentwork,withdifferencesinthetypeoftheimagepriorknowledgethey
employ[7].InsteadoflearningthediscriminantmodelofMAPestimation,asimpleConvolutionalNeural
Network(CNN)isusedtolearnthedenoiser.Inthiswork,adeblurringalgorithmformillimeter-wave
imagesbasedonthemodeloptimizationmethodisproposed.Themodel-basedoptimizationmethodcan
handlethetaskofimagerestorationbyspecifyingthedegradationmatrix.

Atpresent,theobjectdetectionofhiddenobjectsinmillimeter-waveimagecanberoughlydividedinto
twocategories:traditionalmethodsanddeeplearningmethods.Thetraditionalmethodsaremostlyused
whicharegenerallybasedontheideaofimageclassification.XIAOZLetal.[8]proposedaPassive
Millimeter-Wave(PMMW)imagecontrabanddetectionmethodbasedon Haar-likefeatures,andthe
AdaBoostalgorithmisadoptedtogetthestrongclassifier.LIZetal.[9]choosesaliency,ScaleInvariant
FeatureTransform (SIFT)and Histogram of Oriented Gradient (HOG)featuretoform image
descriptors,combinedwithlinearSVMforobject/non-objectclassification.Inrecentyears,deeplearning
hasbeenappliedtoobjectdetectionofthemillimeter-waveimage.LIUTetal.[10]investigatedthedeep
learning-basedframework,FasterR-CNN,inActiveMillimeter-Wave(AMMW)imagesanddevelopeda
concealedobjectdetectionsystemforAMMWimage.WANGXLetal.[11]proposedpatchbasedmixtureof
Gaussiansthatutilizesstructureanduncertaintyofobjectstodetectconcealeditems.TAPIASLetal.[12]

proposedamethodthatcombinesimageprocessingandstatisticalmachinelearningtechniquestosolve
localization/detectionproblemofpassivemillimeter-waveimages.

Algorithmsofobjectdetectionbasedondeeplearningaremainlydividedintotwocategories.Oneisa
frameworkthatcombinesobjectproposal,andtheotherisaframeworkforintegratedconvolutional
networks.FasterR-CNN[13]isadetectionmethodbasedontheregionalproposal.SingleShotMultiBox
Detector(SSD)[14]wasproposedbyWEILiuetal.in2016.Itisaframeworkwithoutaregionalproposal.
FPN[15]isproposedinabasicFasterR-CNNsystemfordetectingobjectsatdifferentscales.

However,theeffectbasedonthetraditionalmethodmainlydependsontheextractedfeatures,butthe
lowresolutionandblurrycharacteristicsofthemillimeter-waveimagehaveeffectonfeatureextraction.
Althoughfeatureextractionofconvolutionalneuralnetworksispowerful,itsrobustnesstodistortion
(rotation,scaling,etc.)isverylowforsmalldatasetsinreal-worlddetection.Inthesecuritycheckofthe
humanbody,objectscarriedbypeoplewillbepresentedindifferentsizesandangles.Sofar,thereisno
deep-learning-basedmethodtostudythedistortioninvarianceinobjectdetectionofthemillimeter-wave
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image.Inordertosolvetheproblemofdetectingobjectsofdifferentsizes,shapes,andanglesina
millimeter-waveimage,aconventionalmethodisgenerallyemployed.Forexample,low order Hu
momentsandotherfourshapefeaturesarecombinedtogether[16],choosesaliency,SIFTand HOG
featurestoform imagedescriptors[9],basedon Haar-likefeaturesforPMMW imagecontraband
detection[8].Traditional methodsbasedonfeaturedescriptorsareeffectiveforsomesimpleimage
classifications.Buttraditionalmethodsarenotuptothecomplicatedsituation.Inaddition,feature
extractionbytraditionalmethodsislimitedbylow-qualitymillimeter-waveimages.

Becauseofthetheseproblems,weproposeadetectionframeworkofSpatial-TransformerRegional
ConvolutionalNeuralNetwork(ST-RCNN)withdeblurring,combiningnon-blinddeblurringandSpatial
TransformerNetworks(STN)[17].

1 Activemillimeter-wavecylindricalscanningimaging
Theantennaarrayrotatesaroundtheaxisofthehumanbodyatthecircumferenceoftheradiusρa,

andformasyntheticapertureinthedirectionofthecircumferenceφa,φa∈[0,2π).Itspositionisra=
xa,ya,za( )T.Thecoordinateoftheimagingpointisdefinedasro= xo,yo,zo( )T,where ro ≤D,Dis
theimagingareaoftheobject.ThelengthoftheantennaarrayisLza.Thecylindricalaperturedataduring
imagingisformedbysamplingindirectionsofφaandza.TheimagingframeisshowninFig.1.

Fig.1 Modelofmillimeter-wavecylindricalscanningimaging

  TheGreen'sfunctionofthespatialdomainisdefinedas

Gr,r'( ) =
e-jk r-r'( )

4πr-r' = -
1
2π∭

k

e-j kx x-x'( ) +ky y-y'( ) +kz z-z'( )[ ]

k2-k2x -k2y -k2z
dkxdkydkz (1)

wherethewavenumberofthefreespaceisrepresentedbyk0,k20=k2x+k2y+k2z.rrepresentstheposition
oftheobservationpoint,r'representstheobjectposition.Whentheexcitationfielduiandthescattering
fieldusareknown,ui≫usandor( )≪1,thenonlinearinversescatteringequationcanbelinearized.The
solutionoflinearinversescatteringisdefinedas

usra( ) =∭
ro ≤D

oro( )uiro( )Gra,ro( )dro (2)

wheredro=dxodyodzo,Itcanbeextendedtomonostaticradar,anditsscatteringfieldcanbeexpressedas

usra( ) =∭
ro ≤D

oro( )Gra,ro( )dro (3)

Thescatteringfieldusisobtainedbylinearlyaccumulatingtheweightoftheobjectivefunctionor( )

andtheGreen'sfunctionGra,ro( )attheobservationpointra.Accordingtothedataacquisitionmethodof
themillimeterwaveimagingsystem,thepolarcylindricalaperturecoordinatesaredefinedasρa,φa,za( ).
Eq.(1)issubstitutedintoEq.(3)toobtainEq.(4).

usφa,za,ω( ) = -1
2π( ) 3∭

ro ≤D

oro( )∭
k

e-j[kx xa-xo( ) +ky ya-yo( ) +kz za-zo( ) ]

4k2-k2x -k2y -k2z
dkxdkydkzdxodyodzo (4)

kx,ky,kzreplacedbythepolarcylindricalcoordinateskr,ϕ,kz( )inthespatialfrequencydomain,where
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光 子 学 报

kx=krcosϕ,ky=krsinϕ,kr= k2x+k2y,ϕ=arctanky/kx( ).ThenEq.(5)isobtainedbyignoringall
amplitudetermsandpassingtheinverseFouriertransformonkzandFouriertransformonϕ

uskϕ,kz,ω( ) =∫okr,kϕ,kz( )·Fϕ e-jkrρacosϕ{ }krdkr (5)

Thealgorithm ofStolt-mappingcanbeusedforinterpolationoperations.Finally,theobjective
functionis

oxo,yo,zo( )=F-1
kx,ky,kz Stolt-MappingF-1

kϕ

uskϕ,kz,ω( )

Fϕ e-jkrρacosϕ{ }{ }é

ë
êê

ù

û
úú{ } (6)

2 Structureofproposednetwork
Basedontheprincipleofactivemillimeter-wavecylindricalscanningimaging,amillimeter-wave

widebandT/Rtransceiver(frequencyrangefrom24GHzto30GHz),single-shotsingle-receiverwideband
switcharray,three-dimensionalreal-timeimaginganddetectionframeworkofourST-RCNN with
deblurringareusedtoachievefast3Dimagingofhighresolutionandobjectdetectionofdangerousgoods.
Theobjectdetectionframeismorerobusttotranslation,scaling,androtation.Fig.2showsthedetection
frameworkofST-RCNNwithdeblurring.Itcanbedividedintotwoparts,thepartofnon-blinddeblurring
andthepartofST-RCNNdetection.

Fig.2 Frameforobjectdetectionofmillimeter-waveimages

2.1 Networkofnon-blinddeblurring
Atpresent,thequalityofmillimeter-waveimagingisgenerallylow,with morenoiseandpoor

contrast.Thedeblurringofthemillimeter-waveimageshouldmeettherequirements:thedetailsofthe
imageareenrichedasmuchaspossible,andtheclarityshouldbeenhanced;losingimportantfeatures
containedintheimageshouldbeavoided;noadditionalnoiseshouldbeintroducedduringthisprocess.To
improvethequalityofthemillimeter-waveimage,theimagecanbeusedforsubsequentfeatureextraction
andimagerecognition.

Theoverallnon-blinddeblurringarchitectureisshowninFig.3.First,theblurkerneloftheoriginal
imageisestimated.ThentheoriginalimageisappliedwithablurkernelandGaussiannoiseisaddedto
synthesizetheblurredimage.ItisinputtotheCNNdenoisertogettheimageprioriknowledge.Finally,
thedeblurredmillimeter-waveimageisobtainedbytheHalfQuadraticSplitting(HQS)framework.

Fig.3 Networkofnon-blinddeblurring

2.1.1 Estimationofblurkernel
Theblurredimagecanberegardedasaconvolutionoperationbythelatentimageandtheblurring

kernel,andtheblurprocessisreferredto
B=IK+N (7)

whereBisablurredimage,Iisalatentimage,Kisablurkernel,Nisadditionalnoise,andisa
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convolutionoperation.
Theblurkernelisestimatedasfollows:
Step1:RoughlyinitializingthevalueofKfortheinputblurredimage.
Step2:SolvingEq.(8)byminimizingI,uandgwhiledeterminingothervariables,andEq.(9)by

FastFourierTransform(FFT).
JI,g,u( )=min

I,g,u
‖IK-B‖22+α‖

Δ

I-g‖22+β‖D I( )-u‖22+λ‖g‖0+ω‖u‖0 (8)

J K( )=min
K
‖

Δ

IK-

Δ

B‖22+γ‖K‖22 (9)

whereαandβarepenaltyparameters,uandgareauxiliaryvariables,λ,γandωareweightparameters,
andD I( )isanorm.GivenI,thesolutionofuis

u= D I( ), D I( ) 2≥
ω
β

0, otherwise{ (10)

Eq.(10)issimilarforthesolutionofg.ThefirstterminEq.(8)limitstheconvolutionresultofthe
latentimageandtheblurkerneltobesimilartotheinputblurimage.Thesecondtermretainsalarge
gradientontheimagegradient.

Step3:IteratingStep2foritimes,andfinallytheblurkernelKandtheintermediatevalueofthe
latentimageIareoutput.
2.1.2 Networkofconvolutionaldenoiser

Aconvolutionalneuralnetworkcombinedwithamodel-basedoptimizationistoachievedeblurringof
millimeter-waveimages.Thenoiseimageissynthesizedbyfirstapplyingablurkernelandthenadding
additiveGaussiannoisewithanoiselevelσ.ThenitisinputtotheCNNtogettheprioriinformation.Itis
integratedintoamodel-basedoptimizationmethodtoachievedeblurringofmillimeter-waveimages.The
convolutionalDenoiserisshowninFig.4.

Fig.4 Structureofconvolutionaldenoisernetwork

  Amongthem,tocapturecontentinformation,thereceptivefieldisexpandedbycontinuousdilated
convolution.TheCNNconsistsof7layersofdilatedconvolutionandthedilationfactorsaresetto1,2,3,
4,3,2,1,inturn.Thedimensionofthefeaturemapis64.TheactivationfunctionsusedareallReLU
functions.Batchnormalizationisusedfromthesecondlayer.

Theobtainedimagepriorinformationisintegratedintothemodel-basedoptimizationalgorithmto
achieveimagedeblurring.
2.2 DetectionframeworkofST-RCNN

TheSTNisinsertedintothefeatureextractionnetwork VGG16[18]ofthetraditionalFasterR-
CNN[13],andadetectionframeworkofST-RCNNisobtained.ItisshowninFig.5.Thetransformation
modeofthespacetransformerdependsoneachsample,andeachinputsamplecangenerateasuitable
spatialtransformationforitsimageorfeaturemap,sothattheFasterR-CNNismorerobusttothe
translation,scalingandrotationofthesampledata.

ThebasicnetworkforfeatureextractionofFasterR-CNNisVGG16with13convolutionallayers.The
firsttwolayersseparatelycontain64convolutionfiltersfollowedbyamax-poolinglayer.Nextaretwo
convolutionallayerscontaining128convolutionfiltersandamax-poolinglayer.Threeconvolutionallayers
andapoolinglayerareperformed.Thelastsixconvolutionallayerscontain512convolutionalfilters
respectivelyandareconnectedtothemax-poolinglayerafterthetenthandthirteenthconvolutionallayers.
TheobtainedfeaturemapisinputintotheRegionProposalNetworks(RPN)toobtainRegionofInterest
(RoI).Andthencombinedwiththefeaturemap,theresultisoutputaftertheRoIpoolinglayerandthe
Fully-Connected(FC)layers.TheSTNnetworkiscombinedtothefirstlayeroftheconvolutionallayerof
VGG16.TheRELUfunctionisusedasanonlinearactivationfunction.
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Fig.5 StructureofST-RCNN

2.2.1 Spatial-transformernetwork
Thespatialtransformernetworkismainlycomposedofthreeparts:parameterprediction,coordinate

mapping,andpixelacquisition.Themainideaistoadjusttheweightandperformanaffinetransformation
toachievethepurposeofscalingandrotation,asshowninFig.6.Themoduleofspatialtransformation
canbeinsertedintotheconvolutionalneuralnetworktoautomaticallylearnhowtoimplementthe
transformationofthefeaturemap.Eventually,thenetworkmodellearnstheinvarianceoftranslation,
scalingtranslation,rotation,andmorecommondistortions.

Fig.6 Structureofspatialtransformernetworks
  Theparametersφoftransformationobtainedbylocalizationnet.Thestructureoffeatureextraction
containstwoconvolutionallayers,followedbythemax-poolinglayer.Thentransformparametersare
obtainedbyregressionoftwo-layerFClayer.TheactivationfunctionistheReLUfunction.TheGrid
generatorsolvesthefeature mapbetweentheoutputandtheinputbytheparameterφ andthe
transformationmode.Thesamplercombinesthefeaturecoordinatesandparametersφtoselecttheinput
featuresandcombinesthebilinearinterpolationtoobtaintheresults.
2.2.2 Localizationnetwork

ThepredictionofparametersisimplementedthroughthelocalizationnetworkintheSTN.Rotationis
akindofaffinetransformation.AsshowninFig.7,pointA xa,ya( ) isrotatedbyaθdegreeangleto
obtainpointB xb,yb( ).Thecorrespondingrelationshipis

xa=xbcosθ-ybsinθ (11)
ya=ybcosθ+xbsinθ (12)

wherecosθandsinθareweightparameters.Theyareperformedinamatrixformtocompletetherotation.
xb

yb

é

ë
ê
ê

ù

û
ú
ú=

φ11 φ12

φ21 φ22

é

ë
ê
ê

ù

û
ú
ú
xa

ya

é

ë
ê
ê

ù

û
ú
ú+

φ13

φ23

é

ë
ê
ê

ù

û
ú
ú (13)

whereφ11=cosθ,φ12=-sinθ,φ21=sinθ,φ22=cosθ,φ13=φ23=0.Andφ13,φ23areoffsetparameters.

Fig.7 Transformationofrotation
  Forscaling,itisperformedinmatrixformas
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ê
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é
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ê
ê

ù

û
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é

ë
ê
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ù

û
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ú+

φ13

φ23

é

ë
ê
ê

ù

û
ú
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whereφ12=φ21=0,andφ13,φ23areoffsetparameters.
Thefeaturemapcanbetakenasinputbythelocalizationnetwork,andthentheparametersare

returnedthroughconvolution,fullconnectionlayer,andsoon.Bydeterminingthe6-dimensional
parametersofaffinetransformation,theseoperationsofaffinetransformationcanbeimplementedbythe
followingsteps.
2.2.3 Gridgenerator

Accordingtotheprincipleofaffinetransformation,thefeaturemapistransformedbythegrid
generatorusingthepredictedparameters.Therelationshipofcoordinatematrixtransformationbetween
thetargetimageandtheoriginalimageisdefinedas

xs
i

ys
i

æ

è
ç

ö

ø
÷=Υφ Gi( )= φ11 φ12 φ13

φ21 φ22 φ23

é

ë
ê
ê

ù

û
ú
ú

xt
i

yt
i

1

æ

è

ç
çç

ö

ø

÷
÷÷

(15)

wherethecoordinatepointoftheoriginalimageisrepresentedas xs
i,ys

i( ) ,theoutputimagecoordinate
pointisrepresentedas xt

i,yt
i( ),andΥφ Gi( )representsthemappingmatrixcontainingtherelationshipof

anaffinetransformation.Bylearningthesixparametersφ11,φ12,φ13,φ21,φ22,φ23 oftheaffine
transformationmatrix,theinvarianceoftransformationssuchasrotation,scaling,andtranslationcanbe
improvedbytheCNN.
2.2.4 Sampler

Afterpassingthroughthelocalizationnetworkandthegridgenerator,theoutputfeaturemapis
mappedtotheinputfeaturemapbythespatialtransformation.Theparameterscannotbetrainedbythe
STNthroughback-propagationwhenonlytheabovetwoprocessesareincluded.Thebackpropagation
conditionissatisfiedbythebilinearinterpolationofthesamplingnetwork.Itsformulaforbilinear
interpolationis

VC
i =

H

n
W

mU
c
nmmax0,1- xs

i-m( )max0,1- ys
i-n( ) (16)

whereVC
irepresentstheoutputvalueforpixeliatlocation xt

i,yt
i( )inchannelC.UC

nmrepresentsthescore
valueofthecoordinaten,m( )inthecolorchannelC,andthemaxfunctioncanbeguided.Theparameters
canbeupdatedbyEq.(16)throughbackpropagation.

3 Experimentalresults
DetectionframeworkofourST-RCNNwithdeblurringcanachievehighresolutionimagingandobject

detectionofdangerousgoods.
Themillimeter-waveimagingsystembasedoncylindricalrotationscanningismainlyforhumanbody

security,withanimagingdistanceof68cmandanimagingareaof100cm×210cm.Thethree-
dimensionalmillimeter-wavedataofthehumanbodyiscollectedbythesystem,andthethree-dimensional
circularscanimageofthehumanbodyisobtainedbydatasignalprocessingtechnology.200imageswere
randomlypickedfromtheimagesobtainedbymultipleimagingfortesting.Theimageisthendeblurred
andobjectdetected.

Amillimeter-waveimagedatasetforhumanbodysecurityofobjectdetectionhavebeenestablished.
TheimageislabeledastheVOC2007standardandtheobjectsaremarkedwithaknifeandagun.
Hardwareconfigurationofexperimentalserveris2×CPU(E5-2609v4),64GBmemory,TeslaK80.
3.1 Resultofdeblurringnetworks

Millimeter-waveimagesareprocessedbyfivedeblurring methods.Blurredimagescapturedby
millimeter-wavedevicesareespeciallychallengingformostdeblurringmethods.Deblurredresultsare
obtainedthroughadvancedmethods[4],[19-21].AsshowninFig.8,theimagerestoredbyourmethodis
superiortotherecentdeblurringmethods.

TheresultsofthePeakSignaltoNoiseRatio(PSNR)formillimeter-waveimagesaresummarized.
ThevalueofPSNRisusuallyreferredtomeasurethequalityoftheprocessedimage.IfthevalueofPSNR
islarger,itmeanslessdistortion.Itsformulaisshownas

PSNR=10×log10
2n-1( )2

MSE
é

ë
êê

ù

û
úú (17)
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whereMSEisthemeansquareerrorbetweentheoriginalimageandtheprocessedimage.Theaverage
PSNRofourmethodishigherthanothermethodsofdeblurring.Itisatleast1.64dBhigherthantheother
fourdeblurringmethods,asshowninTable1.

Fig.8 Millimeter-waveimageanditscorrespondingresultofdeblurring

Table1 Quantitativeevaluationofdeblurringonmillimeter-waveimages

Method Ref.[19] Ref.[20] Ref.[4] Ref.[21] Ours
PSNR/dB 22.80 23.41 23.82 25.85 27.49

3.2 Comparisonwithstate-of-the-artmethods
ThefeatureextractionnetworksofFasterR-CNN (VGG)[13],SSD[14],FPN[15]andST-RCNNare

basedonVGG[18]structureD(VGG16),whichincludesa5-segmentconvolutionallayerandtheFClayers.
Itconsistsof13convolutionallayerswith3×3convolutionfilters,5max-poolinglayerswith2×2
convolutionfilters,and3FClayers.FasterR-CNNperformsfeatureextractionthroughthebasiclayers,
including13convolutionallayersandReLUlayers,and4max-poolinglayers.Theresultingfeaturemapis
usedforsubsequentRPNandRoIpoolinglayer.AftertheRoIPoolinglayer,afixed-sizeproposalfeature
mapisobtained,whichisidentifiedandlocatedaftertheFClayer.InSSD,theFClayerofVGG16is
replacedby2convolutionallayers,adding4convolutionallayers.Featuremapsofdifferentscalesare
extractedfromthe4thand7thto11thconvolutionallayers,andfinallythefeaturemapsofdifferentscales
arepredictedseparately.FPNisbasedonFasterRCNN.Intheforwardprocess,thefeaturemapsobtained
bydifferentconvolutionallayersformafeaturepyramid.Thefeaturemapofthelastconvolutionallayeris
upsampledbyinterpolation.Thefeaturemapofthefeaturepyramidisconvolvedwiththe1×1convolution
filters,andismergedwiththecorrespondingupsampledfeaturemap,andthefusionresultisconvoluted
bythe3×3convolutionfilterstoobtainanewfeaturemap.ThefeatureextractionnetworkofFasterR-
CNN(ResNet)isResNet101[22].Itconsistsofa7×7×64convolutionallayer,33buildingblockswith3
convolutionallayers,andaFClayer.

TheresultimagesoftheobjectdetectionareobtainedbytheSSDmethodandtheproposedmethod.
ComparedwiththeSSDmethod,betterresultscanbeobtainedbytheproposedmethod.Fig.9showsthe

Fig.9 Exampleofresultsinamillimeter-waveimagedatasetusingourmethod
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Fig.10 Exampleofresultsinamillimeter-waveimagedatasetusingSSDnetwork

resultsofobjectdetectioninamillimeter-waveimagedatasetusingourmethod.Knivesandgunsof
differentanglesandsizescanbeaccuratelydetected.Fig.10showstheresultsoftheobjectdetection
obtainedbytheSSDmethod.Itcontainssomeimagesofwrongandmissingdetection.Theknifecarriedby
thefirstpersoninFig.10(a)andtheguncarriedbythethirdpersoninFig.10(b)weremissed.The
objectsofthefourthpersoninFig.10(a)andthesecondpersoninFig.10(b)aredetectedbymistake.
However,theproposedmethodcanaccuratelydetecttheimagesofwrongandmissingdetection.

ThevalueofAverage-Precision(AP)canbecalculatedfromtheareaundertheprecision-recallcurve.
MeanAveragePrecision(mAP)istheaverageofAPvaluesformultiplecategories.Ascanbeseenfrom
Table2,theproposed methodis8.9% and4.6% moreaccuratethanSSDandFPN,respectively.
ComparedwiththeFasterR-CNN(VGG),theproposedmethodisimprovedby4.4% mAP.Forknifeand
gundetection,theproposedmethodis7.6%and1.3%betterinAP,respectivelyComparedtoFasterR-
CNN(ResNet),themAPoftheproposedmethodincreasesby19%.

Table2 Comparisonofobjectdetectionperformanceindifferentnetwork

APforknife/% APforgun/% mAP/%
FasterR-CNN[13](VGG) 73.0 80.0 76.5
FasterR-CNN[13](ResNet) 52.9 70.8 61.9

SSD[14] 71.4 72.7 72.0
FPN[15] 74.9 77.8 76.3
ST-RCNN 78.4 81.0 79.7

Proposedmethod 80.6 81.3 80.9

3.2.1 Real-timeanalysisofalgorithms
FasterR-CNNisadetectionalgorithmbasedonobjectproposal.Itcanachievenearreal-timedetection

speed.SSDisadetectionalgorithmbasedonanintegratedconvolutionalnetwork.Theresultcanbe
obtaineddirectlyafterasingledetection,soitsspeedisfasterthanthatofFasterR-CNN,buttheaccuracy
ofdetectionislower.FPNisanalgorithmofmulti-scaleobjectdetectionwhosepredictionisperformed
independentlyatdifferentfeaturelayers,anditsdetectionspeedisslowerthanthatofFasterR-CNN.

For2Dmillimeter-waveimageswithasizeof205×512,therunningtimeofthenon-blinddeblurring
algorithmisabout10msinthecaseofGPUacceleration.Non-blinddeblurringisanalgorithmofimage
preprocessing.Forthespeedofdetection,ittakesabout50mstoruntheST-RCNNmodel,whichis6%
slowerthantheFasterR-CNN.Forthesameimage,preprocessinganddetectionareperformedserially,
withthetotaldetectiontimeofabout60ms.Inchannel-basedsecurity,pedestriansspendapproximately2
sinarotatingscan,performingactive3Dimagingandprojecting2Dimagesofdifferentanglesat
approximately10frames/s.Imageprocessingshouldtakelessthan100ms.Thetotaltimeforimage
processingisabout60ms,whichislessthan100ms,sooursolutioncanmeetthereal-timerequirements
ofchannelsecurity.Inpracticalapplications,pre-processingandnetworkdetectioncanbeperformedintwo
phases,whichcanimprovesystemthroughput.
3.2.2 TheeffectofSTNondetectionaccuracy

Themillimeter-waveimagewithoutpreprocessingisdirectlydetectedbytheFasterR-CNN,witha
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mAPof76.5%.Themillimeter-waveimagewithoutpreprocessingisdirectlydetectedbythenetworkof
ST-RCNN,withamAPof79.7%.Fortheobjectdetectionnetworkofmillimeter-waveimages,itsmAP
canbeimprovedby3.2%throughSTN.
3.2.3 Theeffectofdeblurringondetectionaccuracy

Themillimeter-waveimageisdirectlydetectedbyST-RCNNwiththemAPof79.7%.Themillimeter-
waveimageisdirectlydetectedbythenetworkofST-RCNNwithdeblurring,andthemAPis80.9%.The
mAPcanbeimprovedby2.2%to80.9%throughthenetworkofnon-blinddeblurring.

4 Conclusion
Duetothelowresolutionofmillimeter-waveimages,andthespatialtransformationoftheobject,

suchasrotation,scaling,andtranslation,theobjectdetectionismorechallenging.Forthesmalldatasets,
accordingtothecharacteristicsofmillimeter-waveimages,adetectionframeworkofspatial-transformer
RCNN withdeblurringisproposed,whichcombinesnon-blinddeblurringandspatialtransformer
networks.Thispaperimplementstheobjectdetectionofmillimeter-waveimagehidingdangerousitems.
Secondly,theimageisenhancedtoenrichthedetailsoftheimage.Comparedwithsomestate-of-the-art
methods,imagequalityanddetectionaccuracycaneffectivelybeimproved.Wehopetointroducemulti-
scalefeaturesintoourmethodtosolvetheproblemofdetectionforthesmallerobjectsinthemillimeter-
waveimagesinthecontinuingwork.
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