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ABSTRACT

In this paper, wepreent a new cameraysem combining a
time-offlight depth @mera and mitiple video cameras to

generate a mitiview video-gus-depth. In order toget the 3-D

video usig the hybrid camera sstem, we first obtain a
multiview image from the multiview canera and a depth ap

from the depthcamera. Then, inél depthsof eah viewimage

are eimated byperforming 3-D warping with the depth map.

Therater, multiview depthedimation using theénitial depthsis
caried out to geteach viewinitial disparity map. Finally, we
refine the initid disparity map usng a belief propagation
algorithm so thatwe can @gnemte he high-quality mutiview
disparity map. Experimentatesilts show that the proposed
hybrid canera gystemproducesa 3-Dvideo withmore accurate
multiview depths andupportsmore natual 3-D views tharthe
previousworks

Keywords
3-D video generation, depthcamera, depth estation,
multiview camera

1. INTRODUCTION

As 3D video kecomesattractive in a vaiety of 3-D multimedia
applicationsit is esential to obtaina multiview videoenriched
with its assciated deth map, which is often calledis a
multiview video-plus-depth [J. In the nearfuture, consimers
will be @le to not onlyexperence 3-D depth inpresson but
also choose tlieown viewpointsin the immersive visud scene
created by the 3-D video. Remtly, the ISO/IEC
JTC1/SC29/MB11 Moving Picture Expert$Groyp (MPEG)has
also ben aknowledged themportanceof the multiview video-
plusdepth for free-viepoint TV or 3DTV [2], and has been
investigating the needsof gandardizatia about 3-D video
coding [3,4].

In order torepreent the 3-Dvideo, it isnecessaryo obtain
accurate depth information.n general, depth estimation
methodsare ctegorized into two majoclases: active depth
sensrs [5, 6] and pasge depthsensrs [7, 8]. Pasive depth
sengrs egimate depth infornation indirectly from 2-D images
cgptured by two or more camras One of the well-known
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indirect depth sensorsis sereo matching [9, 10]. On thather
hand, active deptlsensorsobtain depthinformation from the
naturalscenes directly usg physical sensors suchas laser or
infrared ray (IR) sensrs

In generalpassve depthsensrs are limited toestimate an
accurate depth magiue to thefailure of correpondencepoint
matching onthe texturelessind occludedegions On theother
hand, active deth sensors caronly gener¢e depthsof nearby
objectsin a lower relution.

Recently fuson methods thatombine videocamerasand
a time-of-flight (TOF) depth camera hae been introduced [11,
12]. The depth camergproduces ecurae depthsfrom real
scenes byintegratinga high-speecpulsed IR light source with a
conventional broadcast V camera [13,14]. These hybrid
camerasystems enhancedepths e§imated bya pasve degth
sensing by conpensating them withdeptts obtainedfrom the
depth camera In addition, Zhu et al. haval preented an
effective calibration nethodto improve depth qualityusng a
TOF depth serms [15]. They usedthe probabilitydistribution
function on depthérom the TOF depthsensorto producemore
reliable depthmaps However, theprevious hybrid camera
systems have only produced low-resolution deptmaps and
focused on genetiag depth mpsfor statt scenes.

Since the future 3-D applicatisrareexpeded to use high-
quality and high-reslution 3-D videos we need to createich a
multiview videoplus-depth. In tlis paper, we mpose a new
canerasystem consising of a dept canera and rultiple video
camerassuch asthe one $iown inFig. 1. The proposd hybrid
camerasystem produces high-resolution multiview depth map
of adynamic seneusng a low-resolution depth map obtained
from the depth amera.The main contributionof this work is
that we provide a pactical sdution to generate a highuality 3-
D video using3-D warpingin the hyrid canera system.

2. HYBRID CAMERA SYSTEM

The proposedybrid camerasystem is composd of one deth
camera ad n video cameas. Then videocarnerasare allocated
in arrayto construct a mitiview canera. h additon, thee is a
clock geerator sending a synchronization signal castantly
The ynchronkation sgnal is disributed into each camera and
its careponding persnd computer equipped with a video
capture boal. Basically, the propogd hybrid camerasystem
providesn images fom then video caneras anda depth map
from thedepth camex for each frame. Fige 1 is the overll
architedure of thepropo®d 3-D video genetan.
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Figure 1. Overall architecture of the proposed 3-D video generation

Figure 2. The poposedhybrid camera system

Figure 2 chows the hybrid camera sgem that we have
constructedwith five high definition (HD) video @meras and a
standard definition (SD) dept camera. In pctice, tre
measureble depth rangeof the depth carara is up to
approximately 5m, and the depth ugity of the depth map
bemmes loweras the depth range benmes bigger. Furthemore,
the depthcamera isonly used inthe limited ind@r environment,
such asa virtual stuéb in a broadading station. Therefore, in
order to increasdepth acurag, we obtain the backgroundand
foreground depthdrom the depthcameraseparately we obtain
the background depths from the dep#merawithin a small depth
range in advanceThen, weobhtain foregrounddepthsfrom the
depth carara and the nitiview image fom the multiview canera
at the samdme.

Figure 2 illustrates the aarall framework to geneate the 3-D
video using the hyrid camera ystem. First, we alibrate eah
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cameraindependently and then we perform a color corretion
algorithm tomaintain color cnsstencyamong viev images. Then,
the color-congstent multiview image isrectified. Before obtainng
the multiview video, wecapture a dept map for thebackgrand
in advance.

In orderto get each view deptapof the multview image, we
perform a3-D warping operatin onto the depth information
obtainedfrom thedepth camera. The wasgh depthdata areused
asinitial disparites of each vew depthmap. After 3-D warping,
we colorsegnent the multiview image andassgn the averagef
warped depttdata oneachsegnent asthe initial digarity of the
segment. Then, weeparateeach viewimage into three idferent
regionsto improvethe depth on the otwded regions: backguad,
foreground, and unknown regionBinally, the disparity of each
segment is independently estimated and refined by color
segmentation-bsed depth edimation for the three ifferent
regions, respectively

3. PREPROCESSING

3.1 Relative Camera Calibration

Since the proposd hybrid camera ystem is constructedby
memging two different types of camerasa depthcameraand a
conventionalvideo camera, it isesential to find out relative
camera infamation for the hybrid camera set ugy the Elative
camera calitation algorihm.

In orde to get rdative camera inbrmation, we apply a
cameracalibration algrithm onto each camea in te hybrid
camera gstem. Hence, we can get pjedion matrces for the
depth camera and each video camerdessrbed in Eq. 1



F=K[R|t]
F= Kk[Rk |tk]
where Ris the projection matrix dhe deptrcamerageneratedy
its camera intring matrix Ks, rotation matrix Rs, and trandation
vedor t,. The termP, indicates the projection matrices of thek™

video camerageneratedy its camera irminsic matrk K, rotation
matricesRy, and trankation \ector {, respectively

@

Then, ve peform the multiview rectification. Themulti-camera
arrays havegeometic errors, because #re are manuall built. In
orderto minimize the geomatric errors we alculate thecommon
baseline, andthen apply the rectifying trangormation to the
multiview image.Hence the projectio matricesof video camras
are changedsadesribed in Eq. 2.

i); = Kkl[Rk||tk] 2

where K, and R are the changed camera intic matrix and
rotation matrix of thek” video camera aspectively

Thereater, we convert the rotaton matix R; of the depth
camera in the identity matrix / by multiplying inverse rotation
matrix R,?, ard we cnvert the translatbn vector ¢, of the depth
camera into the zero @trix O by suliracting the transteon vector
t,. Hence, ve candefine the new relative projectiommatiices for
the multiview camera on the bass of the dpth canera as
describe in Eq. 3.

P'=K110]

Pk': KI:'[RI:'inl |tk _[x] (3)
whereP, and P, indicate themodified projection matrices of the
depth camera and ttt# video camera aspectively

After relative camera calibtion, we corectthe color nismatch
problemof multiview images usng acolor calibration metha. In
general, he color properties of captued images can be
inconsstent due to the dferent camera properties of the
multiview canmera ystem In the depth carera,we also pedrm
bilateral fltering to reduce optal ndsesin the depth m&p.

3.2 Depth Calibration

Depthinformation of thedepthcamerais very @nsitive tocolor
and mdion. Bven though thalistance fromthe depth amerato
the object is constant, depth infaon from depth carera is
different depending onthe envionment. Baigally, the depth
camera system hasits own depthcalibratian tool. Howeverit is
very poorly calibrated. [20]
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Figure 3. Depthcalibration
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To calibrate meased depthsvith their red depths, wdind ou
a mappingcurve to compenate thedifference betweerhém. In
this paper, we useZhu's algorithm © analyge he charactertics
of the depth camera [15]Vhenobjectsmove in the linted indoor
envionment,we check the deptof the plamr image pattern
within the limited space byncreasing the disance fom the image
patternto the depth cameras show in Fg. 3.Since we akady
know thecamea parameteref each camera, thealdepthvalues
are calculated bfqg. 4.

K-B

d(p.p)=——=
" D,(p.p,)

4)

whereK is the focal éngth of the videocamera, B is the basline
distance between neighboring two videamerasd,(p., p,) is the
realdepth value corgpondingto the measred depthvalue D, (p,,
py) at pixel potion (p,, p,) in the imagepattern depth map.
Thereafter, wegeneatea mappingcurve between ed depthsand
measired depth from the dpth canera. In order t@enerate the
mapping curve, we find outthe fitting curve usng the cubic
equation as described in Eq. 5.

y=a+bx+cx’ +dx’ (5)

The cros snall rectangular pointen thex-y plane inFig. 4are
formed bythe measurdepthsc and real depthg thatminimizes
the sumof squared digancesto these pints. Figure 4showsthe
mappingcurve for depth calibratio.
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Figure 4. Deoth calibration curve mapping

4. 3-D VIDEO GENERATION
4.1 3-D Warping of Depth Camera Data

We regard depthsobtained fromthe depthcamera as initial

disparities of the multiview image captured by the multiview

camera. To match treepthcameradata wth the multiview image,
we projet the depth infamation ato the world coordinateystem

usng 3-D warping. Then, we peoject tte warped 3-D dat@anto

each view video camera.

When Dy(p,., p,,) is thedepthinformation atthe pixelposition
(P Py) in the depth map, wean regard the pixel; (P, py,
Di(psx, psy)) as a 3-D point. Inorderto move the3-D pointontoa
3-D point Py(xs, vy z:) in the world coordinate ystem, the
backward projection is caed out byEq. 6.

P =K p, (6)



wherek, indicates tl intrinsic metrix of the depthcamea. In the
badkward 3-D warping, ieice rotationand trankation matrices of
the depth caeraarethe identity matrix 7/ and zero matrix0 asEq.
3, repedively, we have only to coidger its intringc matrix.

Theredfter, we project the 3-Dpoints Py into’ea:h view video
camera toget its corregonding pixelpostion py (u, v;) of the ¥-
view image by Eq. 7.

pi=R"P @)

where P, indicatesthe projectio matrix of the k¥"-view video
camera. In addition,depth informationat the image pdtion p, is
equal to thecalibrated depth va&uD,(p;., p,,). Figure 5shaws the
reallt of 3-D warping ushg foreground and bakground depth
maps, espectively

(@) Foreground (b) Background

Figure 5. 3-D warped depth ma

4.2 Multiview Depth Estimation

In this work, we mesaure depth information ofaeh viewimage
usingthe warped daths of the dpth camera. Inorderto obtain
depth maps in the mudtiview image, we first segnent tre
multiview image by a mean-sift color segmentationalgoiithm.
Then, we definghe initial depthof each segrent asthe aveiage
of 3-D warped depth®n the segment ®» assiming tha eeach
segment hasne disparity value [8]. Thereafter, weconvert tle
initial depth into itsdisparity by Eq. 8.

K-B
InitDisparity(x,y) =———— 8
parity(x.) InitDepth(x,y) ®)

where InitiDisparity(x, y) is the convertd disparity at the pixel
position {, y) from the corespondag initial depthinitDepth(x, y).

B and Kindicatesthe basline disancefor video cameraandthe
focal length of the video cameraspectively.

Referenceview n+1

Warped ssgment onto
reference view n+1

skl

.J‘L.

Initial disparity d,
of the sgment i

Original Segment in

target view n InitDisparity-5 InitDisparity-5

Figure 6. Color segnent-based depth esimation

As shown in Rg. 6, snce the shge of warped segment
generated byts initial depth in thearget view imagen is similar
to the shape of its corrggonding ggment irreference view irage
ntl, we find out the correspnding ®gment by moving the
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warped sgment on the refenceview image n+l. The sach
range toedimate disparties of targetview image n is from
InitDisparity-5 10 InitDisparity+5.

For deternining thedispaity of eat segment, we deulate the
sum of absolde difference (SAD) values between ¢hwarped
segment of the tgiet viewimagen and itsmatched rgion inthe
referenceview image n+1. Thedisparity with the minimum SAD
is chon asthe initial disparity d; of the segment i in the target
view image n.

In practice, shce thedepth qualityof the initial dispaity map
generated byhe depth estimation ethod isusuallylow, it is hard
to useit asthe multiview dispaity map for the multiview image.
In order to enhare the initid disparity map, we refine it
according to egions: foregroum, backgound, and unknown
region. The region of forground and bckgroundare tre set of
segmentsin the regionwarpedby the foregroand and backgrund
depth maps captured bthe depthcamera, rgectively. The
unknownregion is defined as theetof segments orthe boundary
of both foreground and background.

(b) Region separation

(c) Corrected initial disparity (d) Fmaldisparity
Figure 7. Region sparation for disparity correction

(@) Initial disparity

4.3 Depth Map Refinement

After obtainng theinitial dispaity map for eachview image we
refine the diparity map using biéef propagation (BP)Figure 7(d)
shows the final disparitymap. Figure 8 &ows the resut of
disparity maprefinement. As shownin Fig. 8(a), thereare some
mismeasired dispaties in the black circle. Ater disparty map
refinenent using B with condderation of the initial disparity
generatedfrom the depth camera data, wecan noticetha the
disparity errors areminimized asshown in Fig. 8(b).

(b) After belief propagation

(a) Before belief propagation

Figure 8. Refnemert of initial disparity map

Conventional ®reo matching lgorithms areegecially useful
to esgimate depthinformationfor the continuousregion. However,
they are inapprpriate for discontinwus regims due tothe
disocclusion poblem. Featurebasel estimationsare compaably
more effectivfor boundaryarea thanthe area-basl estimations
like sereo matching, because thetchingproces is bagd on
featuressuch ascornerpoints edges and lines. In this paper, we
generatghe edge sgments usg scale pace in multiview images



and then make th&-D edge sgmentsusing steeo matching
basedon theedge sgments.In the dep of depth refinementwe
utilize the eépth information ofthe 3-D edgesegnents to enhance
the qualityof the depth rap.

5. EXPERIMENTAL RESULTS
In orderto evaluatethe performanceof the proposed method, we
have consucteda hybrid camera g/stam with five HD cameras
and one depth cameaa shown in Fig. 1. hie neawring distance
for depth information of the dpth camerawas from 1.75m to
6.05m. The baseline déces ér the HD camerasvas 20cm.
Figure9 showstheted multiview image and depth ap sequences,
‘Newspaper and Delivery, captued by the hybrid camea
system, respectively. In addition, Figure 10showsthe depthmap
for background of the tésimage. The resolution of thetest
multiview imageswas1920x.080, and taresoltion ofthe depth
maps wag20x4&.
& A

(b) Delivery
Figure 9. Test mdtiview image andits depth map

(8) Newspape

(b) Delivery
Figure 10. Background depth map

Figure 11 and Figue 12 show the final multivi ew disparity maps
for the 93", 157" frames ofNewspaper’ and87", 149" framesof

‘Delivery’. As shownin Fig. 11, we could notice thatepthsfor

the orchid in the flowepot in the seneof ‘Newspaper wee

generated iwcesfully, althaigh theboundaryof the orchid was
shap.

(b) The157 frame

Figure 11. Results of multiview disparity maps for
‘Newspaper’
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In addition,as shown in Fig. 12, he depth quality of the ydlow
bear doll was god, although the color of the beavas
monotonous.As a result, we could overcome thewo main
problems of pasive depth snsng, depth estimation on the
occluded and texturelessgions, singthe depth camera data as
supplement. To compare thepth quality of the proposedmethod
with previous works, we haveonpared the disparitymap
generated bythe conventional BP algorithmnd Zhu's method
[15] with the 39 view image othe 93" frame in ‘Newpape’.

Canera3 Camerad Caneras

- o ST N

(a) The s frame

[= - - -
L) -~ ~ -~

Camera1

Camera2

(b) The 149 frame

Figure 12. Results of multiview disparity mapsfor ‘ Delivery’

NY

Figure 13. Depthcomparison with the previous works

(c) Propcsed method

The generatedisparity mapsusng previousmethodsand the
proposed rethod are Bownin thefirst column fromFig. 13(a) to
Fig. 13(c). W could notice thatasne regionsof the diparity
mapsgeneratedy the previousmethodshad misneasued depths
On the othe hand, the mismatched diparities were notdly
reduced bythe proposed method. /Aagesut, the proposednethod
outperforned the previous methods

To evaluate the subjiee quality of the popoed methodwe
condructedthe 3-D scene with thegenerated dispity map.The
second column fran Fig. 13(3g to Fig. 13(c) shows theeaults of
3-D scenecondruction with digarity mapsof the first columm
from Hg. 13(a) to Fig. 13(c) We enployed hierarchical
decompotition of depth naps for 3-D sceer constructn [16].

As shown in theresult of 3-D sene recortsuction, we could
subjectively notice thet the disprity map obtaned by the



propo®d nethod hadmore reliable deptldata than therevious
method.In addition, the 3D surfacesgenerated byhe proposed
method weremmoother than ones genégd by the other rethods.
We have ale generatedntermediate views usng the disparity
mapsand images of camera 3 and camdréiew of the 87" frame
in ‘Delivery’. In orer to constuct virtual views with the
estimated multiview video-plusdepth, ve enployed a view

synthesisalgorithm [I7]. In this experiment, we have generated 15

view imagesbetween camera 3 asdmera4 by movinga virtual
camera with 1 degree interval. Ashown in Fig.14, we could
generatantemediateviews successfully and praide natual 3-D
video ®rvice to potentiatonsumers.

viewl view2 view3 view 4 views

view11 view 12 view 13 view14 view 15

(b) Delivery

Figure 14. Intermediate views usirg generted depth maps

6. CONCLUSION

In this paper,we have presnted a ew approach tagenerate HD
depth mapscorresponding multiview HD color image using a

hybrid camera gstem. We haveused dgth informationacquired
by a depthcamera to generate thénitial disperity mapsby 3-D

warping and gener¢ed the final dispaty maps umg a

segmentation-bad ster@ matching and the belief propagation

algorithm. Experirentd results have shown thatour schemehas
produced more reliabledepth mapscomparedthan previous
methods With the hybrid camerasystem, wecould solvethe two
main problems in the current @sdve depth serisg and depth
estinetion on the occludedand textureles regions We have
generated highesoltion and highguality 3-D video from our
system. Therdfore, our propasd sywtem ®uld be useful for
various3-D multimedia applicatios.
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