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Introduction

Thegoalof objectnessestimationisto predicta moderatenumberof proposalsof all possibleobjectsin a givenimagewith high efficiency Most existing
workssolvethis problemsolelyin conventional2D colorimages In this paper,we demonstratethat the depth information couldbenefitthe estimationas
a complementarycueto colorinformation.

After detailedanalysisof depth characteristicsywe presentan adaptivelyintegrateddescriptionfor genericobjects,which couldtake full advantage of
both depth and color. With the proposedobjectnessdescription,the ambiguousarea,especiallythe highlytextured regionsin originalcolor maps,canbe
effectivelydiscriminated Meanwhile,the objectboundaryareascouldbe further emphasizedwhichleadsto a more powerful objectnessdescription

Toevaluatethe performanceof the proposedapproach,we conductthe experimentson two challengingdatasets Theexperimentalresultsshowthat
our proposedobjectnessdescriptionis more powerful and effectivethan state-of-the-art alternatives

Proposed approach
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Chenget al. arguedthat the objects share strong correlation in the small normed gradient (NG)space,e.g., 8| 8, asthe G 0 2 dzy IBoseRshiownin the Figure(e) above
Neverthelessthe a 6 f ddveindow (Figure(a)),a part of the van,is a suspicioudalse positive objectin colorspace Therefore,we reformulate the object window gradientwith

the depth and colorweightmaps More specificallyfor depth gradientmap,we formulate0  usingthe . I & Bl& Q
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Forthe colorgradient,the inner partsare possiblydistractiveand shouldbe suppressedccordingo the depth prior:
O p Tidqauh h ) p 1i0tA@D
Dueto the adaptiveintegration, our proposedobjectnessdescription(as Figure(g) depicts) has severaladvantagesFirst of all, when depth has strong intensity, 0 will

contribute more and the inner parts of color normedgradientmap (asé 0 f ll@Snélingboxin Figure(c)) are successfullpuppressedMeanwhile,object boundingborderscanbe
emphasizedoy correspondingdepth and color normed gradientmap. 2 K I in@x&, as the distancebetween object and viewer increasesy) adaptivelydecaysand the color

normedgradientwill dominatethe proposalpredictionat farawayplaces
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Conclusion Research Team

By adaptively integrating depth and color cues, we propose a generic object description approachfor  ~r researchteam. Multimedia. ComputingGroup (MCG)
objectness estimation Based on the depth priors, object inner distractive regions can be effectively belongsto the Sta’lte Key Laboratoryfor Novel Software’

suppressedMeanwhile,the object boundariescanbe emphasizedy the complementarilyinformative parts .. . . . .
In depth and color gradientmap. On the contrary, asthe distancebetween object and viewer increasesthe Technology,Nanjing University, Chm"f" and th_e leader Is
effect of the depth cue adaptivelydecaysand the color will dominate the proposalprediction at placesfar  Professor GangshanWu. For more information, please
away Experimentatesultson two challengedatasetsshowthe superiorityof the proposedapproach contactProt GangshaWu (gswu@njuedu.cn).

Performance Evaluation
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Fig. 2. Comparison of various approaches in stereo objectness =

dataset.
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Fig, 3. Comparison of various approaches in RGBD dataset




