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Introduction

Depthupsamplingand motion interpolation are often
requiredto generate adense high-quality, andhigh
resolutiondepth map or optical flow field.
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Depthupsampling(color guided)
Input TOF depth: noisy, low resolution, regularly distributed



Introduction

Depthupsamplingand motion interpolation are often
required to generate aense high-quality, andhigh
resolutiondepth map or optical flow field.

Color frame and sparseatches from DM Dense optical flow field
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Motion interpolation
Input matches: typically reliable, but highly scattered, varying densi

[DM: Weinzaepfekt al., "DeepFlowLarge displacement optical flow with degatching, ICCV 2013.]



Motivation

Existingnethods areoften tailored to onespecifidask:

JBF [Kopf et al. 200NIRF+nInfPark et al. 2011], TGV
Depthupsampling | [Ferstlet al. 2013], JGU [Liu et al. 2013], AR [Yang et al.
2014], Datadriven [Kwon et al. 2015¢tc

. : EpicFlowRevaucet al. 2015], DrayerandBrox 2015],
Motion interpolation [Leordeantet al. 2013, etc

Thecommon objectivdor both tasks is talensifya set of

sparse datgpoints, eitherregularly distributed or scattered, to
a full image gridhrough a2Dguided interpolationprocess.

Our approach Fast Guided Global Interpolation (FGI)

A unified approach that casts the guided interpolation
probleminto a hierarchicalglobaloptimizationframework



Several Challenges.g.
ATexturecopy artifacts due to

Istent structures
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Singlescale WLS Methods. Our Method

Color guidance WLS Our result Ground truth

Optical flow

Color guidance WLS Our result Ground truth

[WLS FarbmanS (i | f rEsersirtgRet@npositions for medtiOF £ S G2y S | yR
SIGGRAPH 2008]
[FGSMinet al., "Fast global image smoothing based on weighted Isgstares' TIP 2014.]



Our Pipeline: Overview
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Ifl>0,
Nearest mapping to
level -1 & repeat

AA hierarchicalcoarseto-fine), multi-passguided
Interpolation framework

ADivide the problems into a sequence of interpolation
tasks each with smaller scale factors

AGradually fill the large gap between the sparse
measurement and the dense data



Our Pipeline: Filtering with Alternatingsuidances

Cascaded global interpolations with alternating guidances for level /

Color image

¢

Sparse data
& mask

d,&m,

Eqg.(4)
Guided

Guidance interp.

A
Input

A 4

Interpolated
data

d.

Guidance

Ricuhic
interp.

Spatially

p interp. data

d.

Eq.(6)

Joint
filtering

Filtered data

e

Ifl=0
Final output
Depth
-
Optical flow

Ifl>0,
Nearest mapping to
level -1 & repeat

AFromthe coarse leveE I-1, weupsamplethe signal by a
factor of 2 at each level by solving the following weighte
least square (WLS) usitite recentFGSsolver.

AGuided interp. : E(d.) = (d —d)) TMy(d. —d)) + A1 d] A, d,
AThe colorimages & K35dzA Rl Yy O S
A'A is the spatially varying Laplacian matrix definediby

[FGSMinet al., "Fast global image smoothing based on weighted Isgstares’' TIP 2014.]
Why FGS200 msfor filteirng 1MPixels RGB images on 1 CPU core. More details in our paper.



Our Pipeline: Filtering with Alternatingsuidances

Cascaded global interpolations with alternating guidances for level /
Eqg.(4) Eq.(6) '

Color image Guided i Inte&;;?‘li‘ated Joint .| Filtered data Ifl=0
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Nearest mapping to

fos-.0} s RS level I-1 & repeat

ANext, another WLS is solved with the outplias
guidanceand bicubicinterpoplatedsignal as input.

Adointfiltering: &(d;) = (d; — do) " (d; — do) + Aod}' Ag, d,
A The intermediate interpolated ma@ I & K3dzA Rl y O S
A "A is the spatially varying Laplaciaratrix defined byQ



Our PipelineConsensudBBased Data Augmentatior
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P Nearest mapping to
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AThen, checkhe consistencybetween the output and the
bicubicupsampleddata, andpick the most consistent
pointsto add to the data mask mag

AThebibubicupsampleddata is free from texture&opying
AProceed in a nowmverlapping patch fashion (2x2 patches)

AThe entireprocess is repeated until the finest leve:(0)
IS reached.



1D Scanlindllustration
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1D Scanlindllustration
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Pipeline Validation on Deptlpsampling

w
o

N
o

=
al

o

Depth Upsamling Error (MAD)

S

w

N

[EEY

m Single scale WLS

mb/ I a0FRSR FAEOGSNAY3I 6AGK £ 0SNY

m +Hierarchical process
mb/ 2yaSyadzanol aSR RIFGl LR2AYyOG |Fd




Depth UpsamplingResults

Average runtime taupsamplea 272x 344 depth to 108& 1376 (insecond$
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AverageDepth Upsamplingerror onToFSyntheticDataset (6 cases)
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Our framework also improves other edgaware
smoothing filters, e.g. the guided filter

Depth 2% AX 8x 16X
avg.error
Singlepass 131 154 2.04 3.12
GF
GFin our 1.06 1.21 1.63 2.59
framework

[GEHeetaldY aDdzA RSR EQOVABO]JFAT SNAY A= h



Error map Depth

Error map Depth

Depth UpsamplingResults

ToFSynthetic Dataset
Ground truth/Color MRF+nlm [11] JGF [8] TGV [6]
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