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andhardobjectdetection①

LIYang1,2,GEHongwei1,2

(1.JiangsuProvincialEngineeringLaboratoryofPatternRecognitionandComputationalIntelligence,
JiangnanUniversity,Wuxi214122,China;

2.SchoolofArtificialIntelligenceandComputerScience,JiangnanUniversity,Wuxi214122,China)

Abstract:Inordertosolvedifficultdetectionoffarandhardobjectsduetothesparsenessandinsufficientsemanticinformation
ofLiDARpointcloud,a3Dobjectdetectionnetworkwithmulti-modaldataadaptivefusionisproposed,whichmakesuseof
multi-neighborhoodinformationofvoxelandimageinformation.Firstly,designanimprovedResNetthatmaintainsthe
structureinformationoffarandhardobjectsinlow-resolutionfeaturemaps,whichismoresuitablefordetectiontask.
Meanwhile,semantemaofeachimagefeaturemapisenhancedbysemanticinformationfromallsubsequentfeaturemaps.
Secondly,extractmulti-neighborhoodcontextinformationwithdifferentreceptivefieldsizestomakeupforthedefectof
sparsenessofpointcloudwhichimprovestheabilityofvoxelfeaturestorepresentthespatialstructureandsemanticinformation
ofobjects.Finally,proposeamulti-modalfeatureadaptivefusionstrategywhichuseslearnableweightstoexpressthe
contributionofdifferentmodalfeaturestothedetectiontask,andvoxelattentionfurtherenhancesthefusedfeatureexpression
ofeffectivetargetobjects.TheexperimentalresultsontheKITTIbenchmarkshowthatthismethodoutperformsVoxelNet
withremarkablemargins,i.e.increasingtheAPby8.78%and5.49%onmediumandharddifficultylevels.Meanwhile,our
methodachievesgreaterdetectionperformancecomparedwithmanymainstreammulti-modalmethods,i.e.outperformingthe
APby1%comparedwiththatofMVX-Netonmediumandharddifficultylevels.
Keywords:3Dobjectdetection;adaptivefusion;multi-modaldatafusion;attentionmechanism;multi-neighborhoodfeatures

0 Introduction
 Asanimportantstepinthevisualperception
system,3Dobjectdetectionhasbeenwidelyusedin
thefieldsofautonomousdriving,robotics,virtual
realityandaugmentedreality.LiDARsensorsare
widelyusedinthefieldofautonomousdrivingand
roboticsduetotheirdirectacquisition ofthree-
dimensional(3D)structureinformationandaccurate
depthinformationofspacetargets.However,dueto
the shortcomings of sparseness and insufficient
semanticinformationofpointclouddata,itdoesnot
perform well in accurate far and hard object
detection.
 Mostofthe3Dobjectdetectionmethodscanbe
dividedintothesinglesensorand multisensors
methodsaccordingtothemodalityofinputdata.The
singlesensormethodscanberoughlycategorizedinto
grid-basedmethodandPointNet-basedmethod.Grid-

based methodtransformsthepointcloudintoa
regularlyspacedgridtomakefulluseof2Dor3D
convolutionalnetworks,whichcanextracthigh-level
representationsoffeaturesfromthegrid.MV3D[1]

usesacompactbird’s-eyeviewtoencodepointclouds
andpresetmultiple3Danchorboxestogenerate3D
boundingboxes.PIXOR[2]projectsthepointcloudto
thebird’s-eyeviewtoobtainadenseandcompact
representationsimilartotheimage,andthenextracts
thepointcloud features by a 2D convolutional
network.VoxelNet[3]isanend-to-enddeeplearning
frameworkwhichusesthefeatureextractorlayerto
learnvoxelfeatures.Second[4]proposesanimproved
sparseconvolutiontoreplace3Dconvolutionwhich
effectivelyreducestheamountofcalculationand
improvesinferenceperformance.PointPillar[5]uses
verticalpillartoreplacevoxelunitsanduses2D
convolutiontolearn pointcloudfeatures,which
improvesthedetectionspeed.Part-A2[6]isanew
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partialperceptionaggregationneuralnetwork,which
uses partial perception modules and partial
aggregation modulestoimprovetarget detection
performance. PV-RCNN[7] combines the high
efficiencyof3Dconvolutionandtheadvantagesof
variablereceptivefieldofPointNet-basedmethodto
improvethedetectionperformance.Sincethepoint
cloudissparseanduneveninnature,thesparsevoxel
gridbringsalotofredundantcalculationsandthereis
informationlossintheprocessofvoxelizationand
discretization. Instead, PointNet-based method
directly processes the raw point cloud without
informationlossinthevoxelization.PointNet[8]isan
end-to-enddeepneuralnetworkwhichdirectlylearns
theglobalfeaturesofthepointcloudfrom the
originalpointcloud.Thismethodhasgoodeffectsin
3Dtargetrecognition,instancesegmentation and
semanticsegmentation.PointNet+ +[9]improves
PointNetagainandcanlearnthelocalfeaturesof
pointcloudsatdifferentscales.PointRCNN[10]isa
newtwo-stagedetectionframework.Thefirststage
aimstogenerate3Dboundingboxesinabottom-up
scheme,andthesecond stageimprovesthe3D
boundingboxesinstandardcoordinates.STD[11]isa
newsparsetodensetwo-stage3Dtargetdetection
framework.The use ofsphericalanchorframes
improves the target recall rate. The 3D IoU
predictionbranchimprovementhelpstoalignthe
classification confidence with the positioning
confidence.VoteNet[12]proposestheHoughvoting
strategytobettergroupobjectfeatures.Alarge
numberofpointcloudswillleadtohighcalculation
andmemoryconsumption.Theperformanceofthe
abovetwo methodswillbeworse whendetecting
objectsfromfardistancesduetothesparsenesand
insufficientsemanticinformationofthepointcloud.
 Forthemulti-sensorsmethod,manystate-of-the-
artmethodscombinethedataofmultiplesensorsto
remedythesemanticlossofpointclouds.MV3D[1]

takesRGB-image,front-viewandbird’s-eye-viewas
input,andexploitsa3Dregionproposalnetworks
(RPN)togenerate3Dproposals.AVOD[13]usesa
regionproposalnetworktofusemulti-viewfeatures
andgeneratetargetcandidateregions.Thesecond
stage generates accurate object bounding boxes.
MMF[14]usescorrelatedmulti-tasklearningtofuse
multi-modalfeatures. MVX-Net[15] usessemantic
imagefeaturestoenhancethepointcloud,andlearns
tofuseimageandpointcloudfeaturesatanearly
stage,whichimprovestheperformanceoftarget

detection.FrustumPointNets[16]firstusesamature
2Dtargetdetectionalgorithmtoobtaintheobject
proposalframeintheimage.Thenitusesthe
frustumtomapproposaltothe3Dspacecandidate
area,andtakesthePointNet-basedmodelsfortarget
regressioninthesecondstage.
 However,thefusionmethodssuchasMV3D[1]and
AVOD[13]aretoocoarsebecausemuchbackground
noiseexistsintheRoIs.Besides,thesemethodsare
difficulttodetectsmallobjectsduetothefactthat
structureinformation offarand hard objectsis
seriouslylostin high-levelfeature mapsofdeep
networks.Thesemethodssimplyresorttothefeature
pyramidnetworktoacquirehigherresolutionfeature
map.
 To overcometheseshortcomings,basedonthe
VoxelNetmethod,animprovedResNet[17]isfirstly
proposed to effectively maintain the structure
informationoffarandsmallobjectsinhigh-level
semanticfeaturemaps.Besides,eachimagefeature
mapisenhancedbysemanticinformationfromall
subsequentfeature maps,notjustthesubsequent
layerinfeaturepyramidnetworks(FPN)[18].After
that,eachpointisenhancedby multi-levelimage
semantic information in a point-wise manner.
Secondly,multi-neighborhoodcontextinformationof
eachvoxelisobtainedtosolvethesparsenessproblem
ofpointcloud.Withmultiplereceptivefieldswith
differentsizes,thedifferentcontextinformationwill
enhancethe capability and robustness of voxel
features to represent the spatial structure and
semanticinformationof3Dobjectscontainedinthe
voxel.Then,differentmodalfeaturesofpointcloud
andimagearefusedbythisadaptivefusionstrategy.
Voxel attention further enhances the feature
expressionofeffectivetargetobjectscontainedinthe
voxeland suppresses the expression of useless
backgroundfeatures.Finally,thevoxelfeaturesare
senttotheconvolutionalnetworkandregionproposal
networkfortargetdetection.

1 Proposedmethod

1.1 Overallnetworkarchitecture

 As shown in Fig.1,the proposed network
architecture is based on VoxelNet architecture
markedbyadashedbox.VoxelNetfirstvoxelizes
pointcloudandthenusesitsvoxelfeatureextractor
(VFE)toextractvoxelfeature(VF).However,due
tothesparsenessofpointcloud,eachvoxellacks
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enoughpointsespeciallyonfarandhardobjects,so
the VF lacks sufficientsemanticinformation to
effectivelyrepresent3D objects.Outside ofthe
dashed box are our proposed component. The
proposednetworktakesthepointcloudand RGB
imageasinput.Toobtaintheimagefeaturesinpoint-
wisemanner,theimprovedResNetisusedasthe
imagebackbone.Itismoresuitableforfarandhard
objectdetectiontasktoextractmulti-levelsemantic
features.Thedetailedstructureinformationoffar
andhardobjectsiskeptinhigh-leveldilate-reslayer
outputfeaturemap.Meanwhile,eachfeaturemapis

enhancedbysemanticinformationfromallsubsequent
featuremaps,notjustthesubsequentlayerinFPN.
Afterthat,eachpointinthevoxelisprojectedinto
the multi-levelimage feature maps from FPN.
Bilinearinterpolation is used to extract image
features.Differentimagefeaturesareconcatenated
andthensenttoalinearlayertoformthefinalpoint-
wise image features containing structural and
semanticinformation,whichcanbeusedasprior
knowledgetoinferthepresenceof3Dobject.Voxel-
wiseimagefeature(IF)canbeobtainedbypoint-wise
max-poolingoperation.

Fig.1 Overallstructureofproposednetwork

 Secondly, the multi-neighborhood context
information (MF)ofeach voxelisobtainedto
enhancethevoxelfeatures.Atlast,differentmodal
featuresarefusedadaptivelybyourfusionstrategy
andvoxelattentionfurtherenhancestheeffective
voxelfeaturesand suppressesthe useless voxel
features.Detailsoftheimproved ResNet,multi-
neighborhoodcontextinformationextractionandthe
proposedadaptivefusiontechniquearedescribedin
thefollowingsubsections.

1.2 ImprovedresNetandFPN

 ResNetisusuallyusedasthebackbonenetwork
forclassificationtasks.Inordertoobtainabundant
semanticinformation,alargeenoughreceptivefield
isrequired,which willcontinuously reducethe
resolution oftheimage.The detailed structure
informationoffarandhardobjectsisseverelylost,
whichisnotsuitablefortargetdetection.Detection
taskrequiresnotonlysemanticinformationfortarget
classification,butalsolocationinformationfortarget
locationregression.
 Inthiswork,toadaptRseNettothedetectiontask
offar and hard objects and improve detection

accuracy,theResNetisimprovedbyreplacingthe
residualmodulewithdilatedresidualmodule(dires-
module),asshowninFig.2.

Fig.2 Residualmoduleanddires-module

 AsshowninFig.2(a),theresidualmoduleof
ResNetiscomposedofthree2Dconvolutionswith
differentkernelsizes.Theoriginal2Dconvolution
withkernelsizeof3×3inresidualmoduleisreplaced
withthreeparallel-distributeddilatedconvolutions.
Eachofthemhasthesamekernelsizeof3×3but
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differentdilation rates of1,2 and 5.Dilated
convolutioncanensurealargeenoughreceptivefield
withoutreducing theimage resolution for deep
network,sothatthedetailedstructureinformationof
farandhardobjectswillnotbelost.Atthistime,a
largeresolutioncanprovidedetailedinformationfor
accurateboundingboxregression,andlargeenough
receptivefieldcanprovidesemanticinformationfor
target classification. It effectively solves the
problemsofResNetwithhighsemanticsandlow
resolution, which are not suitable for target
detection.Thefeaturesofthreedilatedconvolutions
areconcatenatedandfedintotheconvolutionwith
kernelsizeof1×1.Multipledilationratesaresetto
providedifferentsizesofreceptivefieldstomeetthe
detection requirements of objects at different
distances.Thereceptivefieldwithalowdilationrate
issmallandcaneffectivelyfocusonshort-distance
information,andthereceptivefield withahigh
dilationrateislargeandcanfocusonlong-distance
information.Thecombinationofthethreeobtained
multi-scaleinformationisbeneficialtothedetection
ofnearandfarobjects.
 Afterobtainingthemulti-levelimagefeaturesfrom
improvedResNet,wehopetoenhancethesemantic
informationinlow-levelfeaturemapswhichhelpsto
inferthepresenceofobjects,soeachlayeroffeature
maps obtains semantic information from all
subsequentfeaturemaps,notjustthesubsequent
layerintheFPN.AsshowninFig.3,keepthe

reslayer1-reslayer3ofResNetunchangedandreplace
reslayer4withadilate-reslayer.Thedilate-reslayer
consistsoftwostacked dires-modules.P1 - P4

representtheoutputfeaturemapsfromreslayer1to
dilate-reslayer,andO1-O4representsemantically
enhancedoutputfeaturemaps.Theuparrowmeans
theupsamplingoperationthatdoublesthesizeofthe
inputimage.Thecurvearrow meansfeaturemap
concatenation. Note that all the upsampling
operationsoutputthesamechanneldimension.All
theupsampledfeaturemapsareas

P4-1 =U(P4),

P4-2 =U(P4-1),

P4-3 =U(P4-2),

P3-1 =U(P3),

P3-2 =U(P3-1),

P2-1 =U(P2), (1)

whereU meanstheupsamplingoperations.
 Afterupsamplingfrom P4,thespatialsizeof
featuremapP4-1 becomestwiceaslargeandthe
spatialsizeofP4-2getsforthaslargeandsoon.
 TheO1isgotbyconcatenatingtheP4-3,P3-2,
P2-1andP1.TheO2,O3andO4canbeobtainedas
follows

O1 =concat(P4-3,P3-2,P2-1,P1),
O2 =concat(P4-2,P3-1,P2),

O3 =concat(P4-1,P3),
O4 =P4. (2)

Fig.3 ImprovedResNetwithFPN

 Afterthat,eachoutputfeaturemapO1-O4 will
get enough detailed structure information and

semanticinformation which helps to infer the
presenceoftargetobject.Toobtainpoint-wiseimage
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features,eachpointinthevoxelisprojectedintothe
fourimagefeature mapsO1 -O4,respectively.
Extract image features by using bilinear
interpolation,thenconcatenateO1-O4featuresto
obtain multi-level image features in point-wise
manner.

1.3 Multi-neighborhoodcontextinformation

 VoxelNetrandomlydiscardspointsduringthe
voxelization process to ensure the same points
numberineachvoxel.Furthermore,duetothe
sparsenessofpointcloud,thepointsnumberoffar
and hard objectscontainedin voxelisseverely
insufficient,so that the voxel feature cannot
effectivelycharacterizethestructureoftheobject.
Tosolvethisproblem,setup multiplereceptive
fields with different sizes to extract multiple
neighborhoodscontextinformationandenhancethe
characterization ability and robustness of voxel
features.
 ForthegivenvoxelV,takeitsgeometriccenterVc

asthesamplingcenterandrandomlysampleKpoints
intheneighbourhoodofthesphere,theradiusof
sphereisnotgreaterthanu.TheneighborhoodsetS
ofVcis

S= {[rj;cVc -cj]|‖cVc -cj‖ ≤u,

j=1,…,K}, (3)

whererjisthereflectionfeatureofpointj;cVcandcj

are the world coordinates of Vc and point j
respectively;Kisthenumberofneighborpointsof
Vc.Thecoordinateoffsetandthepointcloudfeature
areconcatenatedtoindicatethelocalrelativeposition
ofthe point cloud feature,thereby effectively
extractingcontextinformation.AsshowninFig.4,
afterthesamplingoperation,wefirstgettheinput
feature(K,r+3),whereristhereflectionfeature
and3isthecoordinateoffset.

Fig.4 Multi-neighborhoodcontextinformationextraction

 Next,eachinputfeatureistransformedthrough
thestacked conv moduleinto high dimensional
feature space, where context information from
featurescanbeaggregatedtoencodethestructureof

objectscontainedinthevoxel.Theconvmoduleis
composedofa2Dconvolution(strideof1×1,kernel
sizeof1×1),abatchnormalization (BN)anda
rectifiedlinear unit (ReLU).The transformed
featuresbelongingtothevoxelcanbeaggregatedby
usingelement-wisemax-pooling.Atlast,theMFof
thevoxelisobtainedbyconcatenatingthemultiple
contextinformation.

1.4 Multi-modalfeaturefusion

 VoxelNettakesasingle-modaldataasinputand
usesitsVFEtoaggregatetheVF.Basedonthat,we
trytoadaptittomulti-modaldatainputtofurther
improveitsperformance.Inthiswork,anadaptive
fusionstrategyisproposedtofusedifferentmodal
features.Thenfurtherusethevoxelattentionto
enhancethevoxelfeatureexpression ofeffective
objects and suppress the feature expression of
backgroundobjects.Itiseffectiveinimprovingthe
detectionperformanceoffarandhardobjectsin
subsequentablationexperiments.
1.4.1 Adaptivefusion
 Imagedataandpointclouddatahavedifferentdata
characteristicsanddistributions,sowefusethemby
learningthecontributiondegreeofdifferentmodal
featurestothe detectiontask throughlearnable
weights.Usefulfeaturesareassignedhigherweights
whileuselessfeaturesareassignedlowerweightsto
achieveadaptivefusionofdifferentmodalfeatures.
AsshowninupperpartofFig.5,theVF,IFand
MFarefirstconcatenatedandthensenttotwolinear
layers.Thesigmoidoperationoutputstheweight
coefficientw1ofeachfeaturechannel.VF,IFand
MFaremultipliedbytheweightcoefficient.After
that,the weightedfeaturesareconcatenatedto
outputthefusedvoxelfeaturef.
1.4.2 Voxelattention
 Voxelattentioninfersthepresenceofeffective
foregroundtargetobjectsbasedonthevoxelspatial
positionandfusedvoxelfeaturesf.Theforeground
targetobjectfeaturescontainedinthevoxelare
assignedhigher weightstoenhancevoxelfeature
expression,anduselessbackgroundobjectfeatures
containedinthevoxelareassignedlowerweightsto
suppressuselessvoxelfeatureexpression.Asshow
inlowerpartofFig.5,eachfusedvoxelfeature
concatenatesitsworldcoordinatestoprovideaccurate
positioninformationofobjects.Theconcatenated
featuresaresenttoalinearlayer.Thesigmoid
operationoutputstheweightw2.Thefinalvoxel

632 JournalofMeasurementScienceandInstrumentation Vol.12No.2,Jun.2021



featurev1-vnareobtainedbymultiplyingthew2.

Fig.5 Adaptivefusionandvoxelattention

1.5 Trainingloss

 Theproposedframeworkistrainedend-to-endwith
classification loss, regression loss and angle
classificationlosssamewithSecond[4]as

L=α1Lcls+α2 ∑
τ∈{x,y,z,l,h,w,θ}

Lsmooth-L1
(Δr,Δg)+α3Ldir,

(4)

wheretheanchorclassificationlossLclsiscalculated
by focalloss[19] with default hyper-parameters;
smooth-L1lossisutilizedforanchorboxregression
withthepredictedresidualΔrandtheregression
targetΔg;thedirectionclassificationlossLdiris
calculatedwithcrossentropyloss.
 Theoveralltraininglossarethesumofthesethree
losseswithdifferentloss weightsα1,α2 andα3,
whicharesetto1.0,2.0and0.2,respectively.

2 Experiments

2.1 Experimentalsetup
2.1.1 Datasets
 TheproposednetworkisevaluatedontheKITTI
dataset[20] whichistheoneofthe mostpopular
datasetsof3D detectionforautonomousdriving.
Thereare7481trainingsamplesand7518test
sampleswhicharedividedintothreedifficultylevels:
easylevel,mediumlevelandhardlevelbasedonthe
objectsize,occlusionandtruncation.Sincethelabel
ofthetestingsetcannotbeobtained,wesplitthe
trainingsetintotrain/validationsetstoavoidthe

samplesfromthesamesequencebeingincludedin
bothsets.Aftersplitingthetrainingsamples,there
are3712samplesintrainsetand3769samplesin
validationset.
2.1.2 Metric
 Weadopttheaverageprecision(AP)measuredby
11recallpositionsand3classesofmeanaverage
precision(mAP)asthemetrictocompareitwith
differentmethods.Toprovetheeffectofproposed
networkondetectingfarandhardobjects,wemainly
compareitwithothermethodsatthemediumand
harddifficultylevels.Duringevaluation,wefollow
the official KITTIevaluation protocol:theIoU
thresholdsforclasscar,pedestrianandcyclistare
0.7,0.5and0.5,respectively.
2.1.3 Networkarchitecture
 FortheKITTIdataset,thedetectionrangeisfrom
0mto70.4mfortheXaxis,from -40mto40m
fortheYaxisandfrom-3mto1mfortheZaxis,
whichisvoxelizedwiththevoxelsizeof0.05m,
0.05mand0.1mineachaxis.Sothevoxelgrids
rangeis[41,1600,1408].Forimagebackbone,
keep the reslayer1-reslayer3 of the ResNet-50
unchangedandreplacethereslayer4withadilate-
reslayer, which consists of two stacked dires-
modules.Thefirst2Dconvolutionwithdires-module
ofstride1×1reducesthefeaturechanneldimension
from reslayer3to256,and each outputfeature
channeldimensionofeachdilatedconvolutionisset
to256,thelast2Dconvolutionwithstride1×1
transformsthefeaturechanneldimensionfrom768to
1024.Thefinaloutputfeaturemapsfromimproved
ResNetarethefourfeature mapsP1 -P4 with
channeldimensionof256,512,1024and1024.
Then use a 2D convolution to reduce the
dimensionalityof256,512,1024and1024to128.
For3Dconvolutionmediumlayers,employ3Dsparse
convolutioninSecond[4]tospeeduptheinference
time.Weemploythreephasesofsparseconvolution
ratherthantwo phasesin Second.Each phase
contains a sparse convolution to perform
downsamplingineachaxisandtwosubmanifold
convolutions.Thefinaloutputfeaturesizeis[5,200,
176]reducedby8timesanddimensionofthefeature
is256.Formulti-neighborhoodfeatureextraction,
twodifferentradiusof0.4mand0.8mareset,the
neighborhoodsnumberKissetto16,andtheoutput
featuredimensionissetto32.
2.1.4 Implementationdetails
 Thenetworkistrainedinanend-to-endmannerby
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theAdamWoptimizerwithaninitiallearningrateof
0.003,the betasaresetto 0.95 and 0.99,
respectively.Batchsizeissetto1.Thenetworkis
trainedwith100epochs.
 Forthedataaugmentation,sincethepointcloud
andimagemulti-modaldataareusedatthesame
time,thedataaugmentationofthepointcloudneeds
tobeconsistentwiththeimagedataaugmentation,
soindividualground-truthboxaugmentationstrategy
isnotused.Randomflipping,globalrotationand
globalscalingareappliedtothepointcloud.The
noiseforglobalrotationisuniformlydrawnfrom
-π/4toπ/4andthescalingfactorisuniformly
drawnfrom0.95to1.05.

2.2 3DdetectiononKITTIdataset
2.2.1 ComparisonwithVoxelNet
 TheproposednetworkisbasedonVoxelNet,so

wefirstcompareitsperformancewithVoxelNeton
farandhardobjects.Table1showstheresultsof
comparisonperformance with VoxelNet.Forthe
mostimportant3Dobjectdetectionbenchmarkofthe
carclass,ourmethodoutperformsVoxelNetwith
remarkable margins,i.e.increasingthe AP by
8.78%and5.49% onmediumandharddifficulty
levels.FortheBEVdetectionofthecarclass,our
methodalsoachievesgreaterperformanceonmedium
andharddifficultylevels.Asforthe3Ddetection
andBEV detectionofpedestrianandcyclist,our
method outperforms VoxelNetsignificantly.The
resultsprovetheeffectivenessofproposedmethod
and overall network improves the detection
performance of far and hard objects. The
effectivenessofeachcomponentofthenetworkwill
beexplainedintheablationstudies.

Table1 PerformancecomparisonwithVoxelNetonfarandhardobjectswithAP(%)

Detection Method Modality
Car

Medium Hard

Pedestrian

Medium Hard

Cyclist

Medium Hard

3D
VoxelNet LiDARonly 65.46 62.85 53.42 48.87 47.65 45.11

Proposedmethod RGB+LiDAR 74.24 68.34 56.97 51.40 51.50 46.42
Improvement +8.78 +5.49 +3.55 +2.53 +3.85 +1.32

BEV
VoxelNet LiDARonly 84.81 78.57 61.05 56.98 52.18 50.49

Proposedmethod RGB+LiDAR 86.00 79.57 61.68 58.74 54.79 53.00
Improvement +1.19 +1.00 +0.63 +1.76 +2.61 +2.51

2.2.2 Comparison with mainstream multi-modal
methods

 To provethesuperiority ofour method,we
compareitwithmultiplemulti-modalmethodsonfar
andhardobjects.AsshowninTable2,onthe3D
objectiondetectionbenchmarkofthecarclass,our
method outperforms previous state-of-the-art
methodsonmediumandharddifficultylevels.

Table2 Performancecomparisonwithmainstream multi-modal
methodonCarclasswithAP(%)

Method Modality
3DAP(Car)

Medium Hard

MV3D[1] RGB+LiDAR 62.7 56.6

ContFuse[21] RGB+LiDAR 66.2 64.0

F-PointNet[16] RGB+LiDAR 70.9 63.7

MVX-Net[15] RGB+LiDAR 73.3 67.4

Proposedmethod RGB+LiDAR 74.2 68.3

 InMVX-Net,thereisinformationlossoffarand
hardobjectinhigh-levelfeaturemapfromitsVGG16
conv5layer,whileourmethodusesimproveddilate-
reslayertokeepthedetailedstructureinformationof
farandhardobjectsinhigh-levelfeaturemapswhich

willbeprovedeffectivelyinablationstudies.
2.2.3 Visualizationofdetectionresults
 Partoftheexperimentalresultsareprojectedonto
theimageforvisualization.AsshowninFig.6,the
firstrowrepresentsthegroundtruthofthescene,
includingsixcarsinthevicinity,threecarsinthe
distanceandaveryheavilyblockedcar.

Fig.6 Visualdisplayofpredictedresults
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 Thesecondrowrepresentsthedetectionresultsof
VoxelNet.VoxelNetsuccessfullydetectedsixnearby
carswithoutocclusionandfullofrichpointcloud
information.ButVoxelNetmissedthetwofarthest
carswhich werepartiallyoccludedandthepoint
cloudwassparse(indicatedbyacross).Thethird
rowisthedetectionresultsofproposedmethod.Our
methodsuccessfullydetectedallthedetectionresults
ofVoxelNet.Besides,itis worthnotingthatit
successfullydetectedtwopartiallyoccludedcarsin
thedistancethatVoxelNetmissed (indicatedbya
tick). The visualization results show thatthe
proposed method makes up for the defects of
sparsenessandinsufficientinformationofpointcloud
by fusing multi-modal features and effectively
improvesperformancein detectingfarand hard
objects.

2.3 Ablationstudies

2.3.1 EffectsofimprovedResNet
 TheeffectsofimprovedResNetwasinvestigated
byreplacingitwithunmodifiedResNetandkeeping
allthemodulesunchangedincludingthereslayer4.
Alltheablationstudiesareevaluated3classesmAP
ofthecar,pedestrianandcycliston3Dcardetection,
whichismorereliableandconvincing.Table3shows
thatmAPdropsabout1%and0.5%onmediumand
hard difficulty levels when replacing improved
ResNet,whichvalidatesthatproposedResNetcan
keepthedetailedstructureinformationoffarand
hard objectsin high-levelfeature maps and is
beneficialforinferringthepresenceofobjects.

Table3 EffectsofproposedimprovedRseNet:mAP(%)

Method
3DmAP(3classoncar)

Medium Hard

UnmodifiedResNet 60.02 54.99

ImprovedResNet 60.91 55.39

 AsshowninFig.7,Figs.7(a)and(b)represent
thegroundtruthboundingboxesinRGBimageand
pointcloud.Figs.7(c)and (d)arethepredicted
boundingboxesofimproveResNetandunmodified
ResNet,respectively.Unmodified ResNetfailsto
detectthefrontrightcarwhichisfarandseriously
occluded,whileourimprovedResNetsuccessfully
detectsallthegroundtruth bounding boxes.It
provesthatourmethodisrobustandeffectivewhen
detectingfarandhardobjects.

Fig.7 VisualdisplayofpredictedresultsofimprovedResNet
andunmodifiedResNet

2.3.2 Effectsofproposedfusionstrategyandvoxel
attention

 Table4validatestheeffectivenessofproposed
adaptivefusionstrategyandvoxelattention.As
showninthefirstandsecondrowsofTable4,we
firstconcatenatedifferentmodalfeaturesandusethe
voxelattention,themAPimproves1.7%onmedium
difficultylevel which provestheeffectivenessof
voxelattentionthatenhancesthefeaturesexpression
ofeffectiveobjects.Tofurtherimprovetheeffectsof
adaptivefusion,wechangethesimpleconcatenation
toouradaptivefusionstrategy,themAPimproves
by2.60% and1.19% greatlyonmediumandhard
difficultylevelsrespectively,which validatesthe
importanceofdifferentmodaladaptivefusion.This
benefitsfrom thatthe adaptivefusion can tell
importance of different modal features to the
detectiontaskbythelearnableweights.

Table4 Effectsofproposedfusionstrategyandvoxelattention(%)

SC VA AF
3DmAP(3classonCar)

Medium Hard

√ × × 56.61 54.18
√ √ × 58.31 54.20
× √ √ 60.91 55.39

(SC:Simplyconcat,VA:voxelattention,AF:adaptivefusion)

2.3.3 Effectsofdifferentcomponentsofnetwork
 AsshowninTable5,theimportanceofdifferent
componentsofproposed method wasinvestigated.
Thefirstandsecondrowshowthattheperformance
improvesgreatlybyaddingtheimprovedRestNet
which validates that the image information is
effectivelyextractedandthepointcloudfeaturesare

932         LIYang,etal./Adaptivemulti-modalfeaturefusionforfarandhardobjectdetection



strengthened.Thepointcloudfeaturesarerichin
semanticinformation,whichisconducivetoinferring
theexistenceofobjects.Furthermore,the mAP
increasesbyalarge marginon medium andhard
difficultylevelsbyaddingthe multi-neighborhood
contextinformation.Itprovesthatenoughcontext
informationeffectivelymakesupforthesparsenessof
pointcloudandmakesthevoxelfeaturerichinthe
spatialstructureandsemanticinformation of3D
objectsareusefulfordetectingfarandhardobjects.

Table5 Effectsofdifferentcomponentsofnetwork:mAP(%)

IR MN
3DMAP(3classonCar)

Medium Hard

× × 55.51 52.28
√ × 57.94 53.72
√ √ 60.91 55.39

(IR:ImprovedResNet,MN:Multi-neighborhoodcontext)

3 Conclusions
 Inthispaper,anadaptive multi-modalfeature
fusionfor3Dobjectdetectionisproposedtosolvethe
problem of sparseness and insufficient semantic
information of single-modal point cloud and to
improvethedetectionperformanceoffarandhard
objects.TheimprovedRseNetisdesignedtoextract
point-wisemulti-levelimagefeatureandmaintainthe
detailedstructureinformationoffarandhardobjects
inhigh-levelfeaturemapsimultaneously.Eachmulti-
levelfeaturemapfromimprovedRseNetisfurther
enhanced by the semanticinformation from all
subsequentfeaturemaps,notjustthesubsequent
layerintheFPN,whichisbeneficialtoinferthe
presenceoffarandhardobjects.Thenthemulti-
neighborboodcontextinformationisextractedto
makethevoxelfeaturecontainedinthefarandhard
objects rich in spatial structure and semantic
information of3D objects,whichis usefulfor
detectingfarandhardobjects.Theadaptivefusion
strategyisproposedtofusethesedifferentmodal
features according to their contribution to the
detectiontask.Thevoxelattentionfurtherenhances
thefusedvoxelfeaturesofeffectivetargetobjectsand
supressestheinvalidbackgroundobjectsfeatures.
Allthe proposed components are proved to be
effective in ablation studies and the overall
frameworkcansignificantlyimprovethedetection
performanceoffarandhardobjectscomparedwith
VoxelNet and many mainstream multi-modal
methods. Specifically, our method outperforms

VoxelNetwithremarkablemargins,i.e.increasing
theAPby8.78%and5.49% onmediumandhard
difficultylevels.Meanwhile,ourmethodachieves
greaterdetectionperformancecomparedwithmulti-
modalmethodMVX-Net,theAPisincreasedby1%
onmediumandharddifficultylevels.
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自适应性多模态特征融合的远小困难目标检测

李 阳1,2,葛洪伟1,2

(1.江南大学 江苏省模式识别与计算智能实验室,江苏 无锡214122;

2.江南大学 人工智能与计算机学院,江苏 无锡214122)

摘 要: 为了解决由LiDAR点云稀疏性和语义信息不足造成的远小困难物体检测困难的问题,提出了一

种多模态数据自适应性融合的3D目标检测网络,充分融合了体素的多邻域上下文信息和图片多层语义信

息。首先,设计了一种更适用于检测任务的改进残差网络,提取图片多层语义特征的同时,在低分辨率特征

图中有效保留了远小物体的结构细节信息。每个特征图进一步通过来自所有后续特征图的语义信息进行语

义增强。其次,提取具有不同感受野大小的多邻域上下文信息,弥补远小物体点云信息不足的缺陷,加强体

素特征的结构信息和语义信息,以提高体素特征对物体空间结构和语义信息的表征能力及特征鲁棒性。最

后,提出了一种多模态特征自适应融合策略,通过可学习权重,根据不同模态特征对检测任务的贡献程度进

行自适应性融合。此外,体素注意力根据融合特征进一步加强有效目标对象的特征表达。在KITTI数据集

上的实验结果表明,本方法以明显的优势优于VoxelNet,即在中等难度和困难难度下 AP分别提高8.78%
和5.49%。同时,与许多主流的多模态方法相比,本方法在远小困难物体的检测性能上具有更高的检测性

能,即在中等和困难难度级别上,AP的性能比 MVX-NetAP均高出1%。
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