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Abstract:Inrecentyears,thedemandforsmallUnmannedAerialVehicles(UAV)inGPS-
deniedenvironmentisincreasinglystrong.Tosolvetheproblemofmulti-targetrecognition,we
studythemultimovingtargetrecognitionandlocationtechnologybasedontheplatformofthe
smallmulti-rotorUAV.Weusedamethodtoquicklylocatetheregionofinterestbasedonthe
visualattentionmechanism,andthenusedthemachinelearningalgorithmtoclassifytheregion
ofinteresttoobtainthetargetaccurately.Ourmethodcantrackthespecifiedtargetintheimage
andlocatethetargetinrealtime,whichthealgorithmdelayisabout50msandthelocationerror
islessthan15cm.Oursolutioncaneffectivelyreducetheinfluenceoflightvariation,motion
blur,thecoloranalogueinterferenceandcomplexbackground.Thegroundrobotisusedasthe
trackingtargettotestandverifythealgorithm,whichcanachieveabettertrackingeffect.
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基于视觉显著性的无人机目标跟踪

李 鹏1,郑 宇2,张谈贵3

(1.中航机载系统有限公司,北京100028;2.北京临近空间飞行器系统工程研究所,北京100076

3.甘肃省核与辐射安全中心,安徽合肥230027)
摘要:近年来,小型无人机在无卫星导航条件下的使用需求日益强烈.针对多目标识别问题,提出一种基于
小型多旋翼无人机平台的多运动目标识别定位技术,首先采用一种先快速定位感兴趣区域基于视觉注意机
制,再用机器学习算法分析感兴趣区域获取目标的方法.实现了对图像中的指定目标进行追踪,同时还实现
对目标的定位,其定位误差小于15cm.该方法有效降低了光照变化、运动模糊、颜色类似物干扰及复杂背景
等因素的影响.以地面机器人作为追踪目标进行算法测试验证,在目标消失时间较短的情况下,能够达到较
好的追踪效果.
关键词:无人机;目标检测;视觉注意机制;机器学习

0 Introduction
With the rapid development of military

revolutionandtheUAVmarket,theUAVtarget
trackingtechnologyhasbeencloselyrelatedto
nationalsecurityinterestsandcitizens’appliedto
workandlife.UAVcannotonlyobservethescene

fromthehumanperspective,butalsomakeuseof
itsflightadvantagestobreakthroughtheterrain
restrictionstoobservethetargetinalargerange,
for a long time and from multiple angles.
Therefore,itcanobtainreliableinformationina
largerangeatalowercost.Moreover,duetoits
uniqueperspective,itisoftenusedinimportant



referenceofmulti-dimensionalinformationfusion.
Atpresent,thetargettrackingtechnologyofUAV
mainlyincludesthefollowingthreemethods:
0.1 Basedonimagesegmentationandfeature

extraction
Imagesegmentationisaprocessofdividingan

imageintodifferentregionsaccordingtodifferent
pixel attributes[1], such as color, texture,
brightnessandsoon.Thethresholdingmethodis
simpleandefficient,butitisnotsuitableforthe
slightlycomplexscene.Featurespatialcluster,
such as mean shift[2], can achieve image
segmentationbygroupingsimilarpixels,without
consideringimagespaceinformation.Themethods
of region growing and region splitting and
merging[3-4]dividetheattributestogetherasa
segmentationregion,butthetimeand memory
consumptionofthealgorithmarerelativelylarge.
The Markovrandom field (MRF)modelcan
synthesizethetexture,context,spatialfeatures
and prior knowledge oftheimage.Its main
disadvantagesarethecomplexityofmathematical
expressionsandhightimecomplexity.Onthe
basisofimagesegmentation,toachievetarget
recognition,we need to use differentfeature
operatorsfordifferenttargettypes.Forexample,
Fourier descriptors[5] and Hough transform
features[6],etc.However,thisschemeisdifficult
todealwiththetargetrecognitionproblem with
geometricchanges,thecomplexbackgroundand
partialocclusion.
0.2 Basedonknowledgeandmodel

Accordingtothepriorknowledge,thefeature
extractionandabstractmodelingofthetargetare
carried out, and the constraints of target
recognition are constituted by them. The
corresponding feature extraction and target
hypothesisarecarriedoutfortheactualimage,
andthehypothesisisverifiedbytheconstraintsof
the model, and the recognition results are
obtained.Forexample,Kalmanfilter[7]isapplied
toreal-timetargettrackingofUAV.Itisrobustto
targetocclusion,but only suitableforlinear
systems.Someresearchers[8-10]useparticlefilters
torealizeUAVtargettracking.Comparedwith
Kalmanfilter,particlefiltercanbeusedinthe
nonlinear system and non-Gaussian random
system,butithashighcomplexityandlarge
amountofcalculation.Camshiftalgorithm[11-12]can
alsobeused,whichissimpletoimplementand
fastinoperation.However,theobtainedtemplate
featuresaresingleandnotsuitableforacomplex
background.Thiskindofalgorithmhasasmall
amountofcalculationandafastprocessingspeed,
andiswidelyusedintheUAVplatform,butits
performanceneedstobeimproved.

0.3 Basedonmachinelearning
Themethodofmachinelearningistogeta

classifierbylearningandanalyzingalargenumber
oftargetsamples,soastorealizethecorrect
targetrecognitionoftheinputimage.Changet
al[13]proposesatargetrecognitionalgorithmbased
ontheBayesianframework.Firstly,SIFTfeatures
areextractedfromimagetargetsandclassifiedby
clustering,thenthetargetsareclassifiedbythe
Bayesiannetwork.Inrecentyears,themethodsof
target recognition based on the convolutional
neuralnetworkhavebeendevelopedrapidly[14-15],
suchasR-CNNbasedontheproposedregion[16]

andtheend-to-endYolo(youonlylookonce)[17]

algorithms.Theirrecognitioneffectisgood,but
thetimecomplexityofthealgorithmislarge,soit
isdifficulttorealizereal-timerecognition.Dalalet
al[18]proposedatargetrecognitionalgorithmbased
onthesupportvector machine.Byextracting
histogramoforientedgradient(HOG)featuresof
thetrainingsamples,thesupportvectormachine
(SVM)wasusedtotrainmodels,achievingagood
recognitioneffect.Theabovealgorithmsalsohave
theproblemoftimecomplexity.

Atpresent,themainproblemofUAVtarget
trackingishowtoextractthefeaturesofthetarget
andeffectivetrackingin the presence ofthe
complex background,lighting change,similar
color objects and occlusion. The classical
algorithmhastheadvantagesofsmallamountof
computationandreal-timeperformance,butitis
sensitivetonoise.Therecognitioneffectofthe
methodbasedonmachinelearningisgood,butthe
timecomplexityislarge.Inview oftheabove
problems,weproposea methodbasedonthe
combinationofvisualattention mechanism and
machinelearningavoidingtheproblemofusingthe
slidingwindowtoscanthewholeimage,which
takesintoaccountthedetectioneffectandtime
cost.Inaddition,usingthebrightnessandcolor
featuresoftheimagetoestablishasaliencymap,
andthenextracttheregionofinterestcanadaptto
thechangeofilluminationtoacertainextent.

1 Regionofinterestacquisition
ThetargettrackingtechnologyofUAVneeds

todetectthetargetinrealtimeunderthecomplex
and changeable background, but the image
processing algorithm which can achieve high
accuracyis time-consuming. We synthesize a
varietyoftargetrecognition methods,and meet
therequirementsofreal-timeandaccuracyatthe
same time.Firstly,the algorithm of visual
attentionmechanism withlesstimecomplexityis
usedtoprocessthewholeimagetoobtainthe
regionofinterest,andthen machinelearningis
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usedtodetecttheregionofinteresttoextractthe
targetaccuratelyinrealtime.
1.1 Modelingofvisualattentionmechanism

The important theoretical basis of the
experimentalmethodinthispaperisthevisual
attention mechanism, which decomposes and
simplifiesthe external complex visual scene,
selectsthenecessaryinformationinasceneandthe
areasthatthehumaneyewillbeattractedto,so
thattheimportantinformation can be given
priorityinthenextprocessing[19].Intheprocessof
imageanalysis,itcanextractafew areasof
interestfromacomplexscene,andprioritizethe
analysisandprocessingoftheseareas,whichcan
greatlyimprovetheprocessingefficiency.Inrecent
years,great progress has been madein the
modeling and calculation of visual attention
mechanism, which is widely used in target
recognition,videoqualityassessmentandother
fields.

Todeterminethesuitablemodel,weanalyze
theprincipleofseveralcommonlyusedcalculation
modelsofthesaliencymapandcomparethemwith
experiments.AsshowninFig.1,fromtopto
bottom,therearefouroriginalpictures,aswellas
saliencymapscalculatedbytheIttimodel,SR
model,FT model,CA model,SLIC modeland
GBVSmodel.Inthesaliencymap,thebrightness
ofthecolorcorrespondstothemagnitudeofthe
saliency.TheIttimodel[20]issimpleandfastto
implementthemodel,buttheeffectofthesaliency
mapisnotgood,andthereisasituationofmissing
judgmentforsomesalientareas.SR (spectral
residualsaliencydetection)model[21]hasmadefull
useofthefeaturesoftheimageinthefrequency
domain, paying attention to the boundary
informationofthesalientregion,buttheglobal
informationoftheimageislostseriously,andthe
whole target cannot be marked evenly. FT
(frequency-tuned salient region detection)
model[22]hasusedthemethodofglobalcomparison
tocalculatethe saliency map. However,the
proportionofmisjudgmentinthesalientareais
high. CA (context-aware saliency detection)
model[23]syntheticallyextractsthevisualfeatures
ofcolorandlocation,retainsthecontourofthe
more complete salientregions,butlosesthe
informationinthesalientregion.Itdoesnot
highlightthe most significant part,and the
calculation process is complex and time-
consuming.TheSLIC (superpixel-basedsaliency
detection)model[24]canextracttheboundaryof
thesalientregionclearly,andtheeffectisthe
best,butthealgorithmistoocomplex.TheGBVS
(graph-basedvisualsaliency)model[25] weakens
theextractionoftheobjectcontour,andthemodel

isrelativelysimple.Atthesametime,throughthe
extraction of color, brightness and direction
features,wecanaccuratelyobtainsalientareas,
andthecontrastbetweenthesalientareaandthe
backgroundisveryobvious.SoweusetheGBVS
modeltocalculatethesaliencymap.

Fig.1 Comparisonofsaliencymapscalculatedbydifferentmodels

1.2 Graph-basedvisualsaliencymodel
GBVSmodelisbasedonthetraditionalItti

model,andthensimulatesthevisualresource
allocationcharacteristicsofhumanvisionsystemin
scenesearchscanningtogenerateasaliencymap.
Thecoreideaistousetheergodicprobability
distribution of Markov Random Chain,the
principleofthemodelisshowninFig.2.Thefirst
stepistoobtainthecolor,directionandbrightness
oftheoriginalimageatdifferentscales.Then,the
Markov stationary distribution of each visual
featureindifferentscalesiscalculated,andthe
resultsaresuperposedineachfeaturechanneland
normalized.Finally,thesaliencymapisobtained
bylinearsuperpositionofthesethreekindsof
graphs.

Firstly,theinputimageispreprocessedwith
1/2down-samplingandGaussianlow-passfilterto
generateninescalepyramids,eachlayerofwhich
is actually a two-dimensionallow-pass filter,
thatis

G(x,y,σ)=
1
2πσ2

exp(-
x2+y2

2σ2
) (1)

  Informula(1),thecoordinatesofeachpixel
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Fig.2 TheschematicdiagramofGBVSmodel

intheimagearerepresentedby(x,y),andthe
scalefactorisrepresentedbyσ.Thelargertheσ,
thesmoothertheimage.Theresultsoffiltering,
anddown-samplinginthepreviouslayerwillbe
outputtothenextlayer.

Beforeextractingprimaryvisualfeatureson
differentscalesoftheoriginalimage,thecolorin
the input image must be transformed into
biologically appropriate color and brightness
information.Thenthe Gaborfilterisusedto
obtaintheinformation oftheimage direction
feature,whichgenerallyincludesfourdirections:0
°,45°,90°and145°.Visualfeaturesare
representedasonebrightnesschannel,fourcolor
channelsandfourdirectionchannels.Therefore,
ninefeaturepyramidsareformed,expressedas
F={I,G,R,B,Y,O1,O2,O3,O4},eachfeature
pyramidinthesethasninelayers,thatis,nine
scales.

The Markov stationary distribution is
calculatedforthefilteringresultsofeachscalein9
channels.Thespecificmethodistofindoutthe
differencevaluebetweenanytwopixelsinthe
image,andassignthecorrespondingweightvalue
tothetwopointsbythedistancebetweenthetwo
pointsandthedifferenceofthegraylevel,soasto
getafullconnection graph (Fig.3).Next,
accordingtotheprincipleofRandomWalk,wecan
findthe nodes withless probability ofbeing
visited,andthenassignalargersaliencevalueto
thecorrespondingpixelpoints.Theprocessof
findingthestationarystateisactuallytheprocess
offindingtheeigenvectorcorrespondingtothe
maximumeigenvalueinthecorrespondingweight
matrixofthegraph.

Fig.3 Fullconnectiongraph[25]

Next,the results of each channel are
superposedandnormalized.Thesmall-scaleimage
isexpandedandthenoverlappedwiththelarge-
scaleimageinthesamechannel.Forexample,the
directionchannelcanobtain4subdirectionmaps,
andthenmergethemintoasaliencymap.Finally,
threesaliencyimagesareaddedlinearly,anda
saliencyimageofthesamesizeastheoriginal
imagecanbegeneratedbynormalization.
1.3 Regionofinterestdescription

HOG[26]isagradienteigenvectordescriptor,
which can effectively represent the density
distributionoftheedgedirectionofthetarget.
Definethegradientofpixel(x,y)intheimageas

Gx(x,y)=H(x+1,y)-H(x-1,y)
Gy(x,y)=H(x,y+1)-H(x,y-1) (2)

whereGx(x,y),Gy(x,y),H(x,y)arethe
gradientinthehorizontaldirection,thegradientin
theverticaldirectionandthepixelvalueatthe
point(x,y)intheinputimagerespectively.The
gradientamplitudeanddirectionatthepoint(x,
y)are

G(x,y)= Gx(x,y)2+Gy(x,y)2

θ(x,y)=tan-1(Gy(x,y)
Gx(x,y)

) (3)

  TheextractionandcalculationofHOGfeature
aremainlydividedintothefollowingsteps:

(Ⅰ)Adjustthesampleimagesizeto64×64
pixels.

(Ⅱ)Theimageisdividedinto8×8cells,the
gradientdirectionrange[-π/2 π/2]isdivided
into9intervalsevenly,andthegradientvaluesof
thepixelpointsineachintervalarecountedtothe
gradienthistogram,eachintervalrepresentsone
dimension,andeachcellisrepresentedbya9-
dimensionalfeaturevector.

(Ⅲ)Ablockiscomposedoffouradjacent
cells,sothatablockcanbedescribedbya36-
dimensionalfeaturevector.

(Ⅳ)Thewholeimageisscannedinblocks,
andthescanningstepisonecell.

(Ⅴ)All36-dimensionalblockeigenvectors
are combined into a 1764-dimensional HOG
eigenvector.

2 Buildclassifier
Wecanusethesaliency map modelingto

extractmulti-targetrough,andthenuseclassifier
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basedonmachinelearningtoidentifytargetfine,
which can greatlyimprove the speed ofthe
algorithm.Inthispaper,weuseSVM[27]tobuild
thetargetclassifier.SVMisbasedontheprinciple
ofmaximizingthegeometricinterval,thatis,the
classification hyper plane with the largest
geometricintervalisthe optimalclassification
surface.

Therearecountlesshyperplanestoclassifya
linearlyseparabledataset,butonlyonewiththe
largest geometric interval. The purpose of
maximizingtheintervalistoclassifythetraining
data with sufficient credibility. Suppose x
representsthedatapointsofan n-dimensional
vector,yrepresentstwodifferenttypesofeach
datapoint,usually-1and1.TheSVMclassifieris
trainedbyusingN datapointtestsetstogetthe
optimalhyperplane,whichcanbeexpressedas

wTx+b=0 (4)
wherexisthepointonthehyperplaneandwisthe
vectorperpendiculartothehyperplane.Takingthe
two-dimensionalspaceshownin Fig.4 asan
example,circleandcrossareusedtorepresent
positiveandnegativetrainingsamples,H:wTx+b
=0,H1:wTx+b=1,H2:wTx+b=-1,which
areparalleltoeachother.Thesesamplepointson
H1andH2togetherformthesupportvector,and
thedistancefrom thesepointstotheoptimal
interfaceH isthesameandtheclosesttothe
interfaceH .

Fig.4 Schematicdiagramoftwo-dimensional
linearseparableoptimalinterface

Thedistancebetweenthetwohyperplanescan
besolvedbymathematicalgeometry.Thedistance

is
2

‖w‖ .itcanbeseenthatthesmaller‖w‖

is,thegreaterthedistancebetweenthem.In
addition,itisnecessarytoensurethatallsample
pointscannotbewithintheintervalbetweentwo
hyperplanes,sothefollowingconditionsshouldbe
metforallsamplepoints,wehave

y(wTx+b)≥1 (5)
  Itcanbeseenthattheproblemoffindingthe
optimal hyperplane by SVM is an actual

optimization problem, that is, finding the
minimum‖w‖undertheconditionofEq.(5).
Bysolvingthequadraticprogrammingproblem,
wecanfindthemaximumintervalclassifier.For
thelinear non separable problem,the kernel
function can be transformed into the linear
classificationproblem,andthekernelfunctionis
theGaussiankernelfunction[28],thatis

K(x,z)=φ(x)·φ(z)=exp-
‖x-z‖2

2σ2  
(6)

wherez =φ(x)isthemappingfromtheinput

spacetothefeaturespace.Let
1
2σ2 =0.09,and

finallygettheclassificationdecisionfunctionas

f(x)=sign(∑
Ns

i=1
a*

iyiexp(-0.09‖x-z‖2)+b*)

(7)
  Weusethesupportvectormechanismtobuild
targetclassifier.Firstly,thekernelfunctionis
selectedaccordingtothedatacharacteristics,and
thepenaltyfactorCandtheinsensitiveparameter
γareselected.Weselected1000positivesamples
(target)and1000negativesamples(non-target),
withtheratiooftrainingandtestingsampleswas
4:1.Each sampleisrepresented by a1764-
dimensionalHOGfeaturevector,withpositive
sampleslabeled1andnegativesampleslabeled-1.
Wenormalizethesampledataandsaveitina
unifiedformat.Inputthetrainingdatatotrainthe
SVM model,andtheclassifierisusedtoclassify
theregionofinterest.Aftergettingthemodel,
testthe model with test data.Fig.5 is a
relationshipblockdiagramoftheclassifierdesign
andrecognition.

Fig.5 Classifiertrainingandrecognitionblockdiagram

3 Targetlocalization
Firstly,weneedtoobtaintheregionofthe

targetintheimage,andthenthelocationofthe
targetisrealizedbyusingtheimagingprincipleof
the camera.Generally, we willsimplify the
cameramodeltothepinholemodel.Considering
theproblemofdistortion,usingthepinholemodel
tocalculatethetargetposition willcauselarge
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errors.Fig.6isasinglecameraimaging model
consideringthefirst-orderradialdistortion,in
whichO - XwYwZw isthe world coordinate
system,P(Xw,Yw,Zw)isanypointintheworld
coordinatesystem,p(u,v)istheidealimaging
point,p'istheactualimagingpoint.

Letthecameraopticalaxisbeperpendicularto
the ground withoutconsidering the distortion
temporarily.Taketheintersectionofthecamera
opticalaxisextensionlineandthegroundasthe
originoftheworldcoordinatesystem,asshownin
Fig.6.Ifthepixelvalueofthetargetintheimage
isp(u,v),andthep(u,v),p(u,v),p(u,v),
p(u,v)ofthecameraisknown,andtheheightof
thecamerafromthegroundisp(u,v)(i.e.,p(u,
v)),thenaccordingtothegeometricprinciple,
we can get:p(u,v). Finally,the position
informationofthetargetrelativetothecamerais
obtained.

Fig.6 Asinglecamerapinholeimagingdiagram
consideringradialdistortion

Letthecameraopticalaxisbeperpendicularto
the ground withoutconsidering the distortion
temporarily.Taketheintersectionofthecamera
opticalaxisextensionlineandthegroundasthe
originoftheworldcoordinatesystem,asshownin
Fig.7.Ifthepixelvalueofthetargetintheimage
isp(u,v),andthefx,fy,cx,cyofthecamera
isknown,andtheheightofthecamerafromthe
groundisH (i.e.,zw ),thenaccordingtothe

geometricprinciple,wecanget:
u-cx

fx
=

x
H
,

v-cy

fy
=

y
H .Finally,thepositioninformationof

thetargetrelativetothecameraisobtained.
Toobtainthepositionofthetargetrelativeto

theUAV,thecamera’sinternalparametersare
obtained by checkerboard plane calibration
method[29].Sincethewide-anglecameraisused,
distortionneedstobeconsidered.Theparameters
obtained by calibration are: linear model
parametersαu,αv,u0,v0,andnonlineardistortion
parametersk1,k2.TherotationmatrixRofcamera

Fig.7 Targetpositioncalculationofmonocularcamera

externalparameters can be calculated by the
attitudeanglegivenbyIMU,andthetranslation
vectortis0

→,theaircraftheightzgisobtainedby
theultrasonicsensor.

Thecorrespondingrelationshipbetweenthe
pointsintheimageandthepointsinthethree-
dimensionalcoordinatesystemisas
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  Takingthemidpointofeachtargetareaasthe
coordinates(u,v)ofthetargetintheimage,the
coordinatesofthetargetintheworldcoordinate
systemcanbeobtainedbyEq.(8),thatis,the
relativepositionofthetargetandtheaircraft.

4 Experimentalresultsanddiscussion
TheUAVusedinourprojectisDJIM100.

TheprocessingsystemistheDJIManifoldsystem,
whichisanembeddedhigh-performanceairborne
computerspeciallydesignedforflightplatform.
TargettrackingiscarriedoutbyusingZenmuseX3
camera.

WhentheUAVandthetargetarestationary,
thetargetcanbelocatedinthevisiblerangeat
differentaltitudes.Therelativepositionmeasured
bythehand-heldlaserrangefinderistakenasthe
referencevalueandcomparedwiththepositioning
result.Fig.8showsthepositioningresultsofour
method.Thedatain Tab.1isthecomparison
betweenthecalculatedresultsofpositioningalgorithm
andthemeasureddataoftherangefinder.
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Fig.8 Experimentalplatform

Fig.9 TargetidentifiedwhenUAVis1.2mhigh

Fig.10 Canny’sedgeimage

Tab.1 Comparisonbetweenthecalculationresultsof
locationalgorithmandthemeasureddata

number measured
data:x/cm

calculated
data:x/cm

measured
data:y/cm

calculated
data:y/cm

1# -20 -21.527 4 -6.132
2# 27 29.214 -45 -49.528
3# 25 28.716 50 51.914
  Totestthepositioningerrorwhenthetarget
moves,weusethepositioningdataofthemotion
capturesystem OptiTrackasthebenchmarkto
measuretheaccuracyofthealgorithm inthis
paper.The Figs.10-12 show the comparison
resultsofthepositioningobtainedbythealgorithm
andthemotioncapturesystem.Itcanbeseenthat
ouralgorithm hasadelayofabout50msanda
positioningerrorofabout14cm,whichmeetsthe
flightrequirementsofsmallUAVintheindoor
environment.

Thesourcesoferrorsmaybe:①thesmall
changeofaircraftattitudeangleswillaffectthe
camera angle and cause errors. ② Camera
calibrationerrors.③Alongtimeuseofcamera
makesinternalparameterschange.

Fig.11 X-directionpositioningresultsanderrors

Fig.12 Y-directionpositioningresultsanderrors

Fig.13 Z-directionpositioningresultsanderrors

Compared with the ground robot,target
trackingbasedonUAVplatformhasthefollowing
challenges:

(Ⅰ)UAVcanmoveinathree-dimensional
environment,andthecapturedimagesarecomplex
andnoisy.

(Ⅱ)UAVisarelativelyunstableplatform,
whichrequiresfastupdatefrequencyofdataanda
higherspeedofimageprocessing.

(Ⅲ)Thetargetinformationidentified will
directly affect the control of UAV,so the
algorithm should have higher robustness and
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accuracy.
Ourapproachisapplicabletosystemswith

theseproblems,notjusttheUAVplatform.The
targetdetectionalgorithminthispaperimproves
theaccuracy on the premise ofensuring the
detectionspeed.

Atpresent,theconditionoftheUAVflight
experimentisideal,butintheactualflightof
UAV,there willbe morecomplexsituations.
Therefore,wewilldesign moretargettracking
experimentsindifferentscenariostoverifyand
improveit.

5 Conclusion
Inviewofthehighrequirementofreal-time

androbustnessof UAV targetrecognitionand
trackingalgorithm,aswellasthenoisecausedby
thechangeofilluminationandcameramotion,our
proposedmethodistoextracttheregionofinterest
roughlybasedonthevisualattentionmechanism,
andthenobtainthetargetbythefineidentifyingof
theregionofinterest.WeusetheHOGfeatureto
describetheextractedregionofinterest.Finally,
weuseSVMtotrainthetargetclassifier,usethe
machinelearning methodtoidentifythetarget
fromtheregionofinterest,andthencarryoutthe
target location calculation. The experimental
results show that our algorithm is of great
significancetothetargettrackingofsmallUAVin
theindoorenvironment.
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