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From depth images to skins to full skeletal 3D models

Abstract

Wepresent a algorithm foracquiring the 3D surfacegeometry and motionf a dynamic piecewisggid object
using a single depth video camerBhe algorithm identifies and tracks the rigid components in each frami&e
accumulating the geomé@t information acquire over time, possibly from different viewpointse algorithm also
reconstructs the dynamic skeleton of the object, thus can be used for markerlesscapitiom The acquired
model can then be animated to novel po¥eés.showthe results of the algorith appliedto synthetic and real

depth video.

Categories and Subject Descriptors (according to ACM CCS): 1.3.5 [Computer Graphics]: Computatiores Geom
try and Object Mdeling 1.3.7 [Computer Graphics]: Thr&mensional Graphics and Realism

1. Introduction

Traditional 3D scanning applications involve only static
subjects and the main challenga these applicationis

to produce an accurate digital model of the scene geom
try. Over the pstdecadea multitude of algorithmbave
been poposed to addres$is problem, and by now it
may be consiered (almost) solved. Thus attgon is
shifting to dealing with dynamic scenes, i.e. ®ne
which thesubjects are mang.

Since the scene is dynamat, first glanceit may seem
that the problem isot welldefined. What doescaning

a scene in which the geometry is constantly changing
mean? What do we expect as the output of this process ?
The problem is cmpounded by the fact that in order to
capture any motion accurately, we mashsethe scene

at realtime rates, aechnologicakhallenge for the soa

ning device in its own right.

To address the last challenge first, it seems thainibet
suitablesensorto use for gnamic scenes is the salled
depthvideocamera Such a camera provides an image of
the sene,whereeach pixel contains not ontyaditional
intensity information, but also the geometric distance
from the camera to the subject at that pixel. A number of
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commaecial cameras generating this information at video
rates have appeared over recentyg@avCM, 3DV, PS,
VZS], and the statef-the-art of the technologiesni
volved is mproving rapidly.Prices are also dropping, so
we expect that depth video cameras will be available at
reasonable cost within the next few years.

The simplest version of ¢hdynamic scene scanning
problem is motion capture of a piecewidgid 3D sib-
ject (such as a person). This means that as output we are
not intereted in the precise geometry of the subject,
rather in the rough moton & fAskel et onod
its rigid parts, of which there are usually just a fewo-M
tion capture is performed today using elaborate mgs i
volving markers placed on the subject, and it would be
useful tohave a device apable of markdess motion
capure basednly on depth cameras. This tise obje-

tive of a number of commercial epanies[3DV,P]
who are developinglepth cameragor use as motion
capture and gesture recognition devicesinteractive
consumeilevel gaming appktations.

A more challengingversion of the problem is full 3D
scanning of gnamic piecewiseigid 3D objects. The

repre:
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desired output isot justa skeletal model of theubject,
rathera complete 3D model of the surface of each of the
rigid components, and a description of the motion of
each such aoponent over time. Itvould be ideal if all
this could be computed in reéime, buteven offline
computation would be useful for many applicatigns
especially those imvhich it is impossible to prevent the
subject from mwing during the scanning process.

The most challengingersion of the problem is when the
objects in the scene are deforming over time in & non
rigid manner. Here the description of the object motion is
more complicated, possibgvennonparametric.

This paper addresses the second questoanninga
piecaviserigid swbject. The goal of the algorithm is to
recover theskdetal motion of thesubject and to reco-
struct its surface geometryjrom a sequence of range
images captured by aingle (possibly moving)depth
camera. The main issues are identificati@nd tracking
of the rigid components arréconstructingheir surfaces
despite partial ocakions present in each frame.

Since the system is markess,it has noeasily avdable
correspondencéformation between points in different
frames, thus it doesnot know which rigid component
each sampld point (pixel) belongs to nor doesit know
the rigidmotionof any component between framestoe
relative (rigid) cameratransformation beveen frames.
However, the temporalsampling rates assumed to be
sufficiently high, so that the relative position of each
rigid compnentbetweereach two consecutive framiss
close enough terovide agood initial estimatefor the
classical Iterated Closest PoirlCP) registrationalgo-
rithm.

2. Previous Work

There are severalgorithmsin the literaturefor marker-
lessmotion capturdrom traditionalvideo. Many of them
[MCAO6, CBKO3, TAMO04] recover articulated object
motion from visual hull sequenceacquired from object
silhouettes.These algorithms requirmultiple syncho-
nized video caneras observing the bject from several
different diretions which incurs complications related
to temporal and spatial muitamera calibration.

There are also several modebased approaches
[GWKO05, RAPK06 BKM*04] capableof recoveing
articulated bject pose from a single depimage by
fitting it to a model This, however, requires a verg-d
tailed and calibratednodel in order that a single depth
image suffice.

The algorithm proposed inAKP*04] recovers dull 3D
model of thesubjed in addtion to pose detectiorThis
algarithm also does rtorequire makers, but each input
posemustbe a complete surface mestencethis alg-
rithmis inapplcableto depth video input.

We also aim to reconstruetfull 3D model ofthe sup-
ject To regiser multiple componerg of an articulated
subject, weassume a piecewiserigid skeletalstructure
A different approach was proposed [MFO*07]. It
overcomes the registration problem by sjpig the input
data into small almosigid pieces This algorithm &s-
sumesdensespatial and temporal sampling and performs

the registrdon using kinematic properties dfie space
time surfaceAn articulated version of this:ay be poss
ble.

Severalauthors hav@roposed algorithms whiclegover
both the subjectgeometry and & motion. For example
[AFW*99] proposes an algorithm for amlated model
reconstruction. However the algorithm usegairwise
frameregistration approach,encebecomesvery ineffi-
cient when applied to a long input data sequeiite
authors alsoadmit that the paiwvise registrationas @-
posed to a more global approadbads to shoptimal
results

The authors of [KVDO06] propose a modssedhuman
body motion tracking systerncalled VooDoo This sys-
tem models the human body as a coltattof ten me-

ing rigid cylinders (organized hierarchically), and tracks
their movement through time using the ICP registration
algorithm. It is necessary tmanually resie the model
for each differenthuman subjectVooDoo fails to give
good resultsusing depth data input alone arrdquires
additional data fromD tracing sensors to achieve good
results.

Another recent workWJH*07] addresses a similar gro
lem, but witha deformablesubject It performsiterative
reconstructionand optimization ofthe 4D structure a-

suming spatigemporal smoothnes$iowever the alg-

rithm is computabnally heavy and it is not clear if isi
capable of reconstructingcomplete3D model of a de-

formable djectfrom depth video.

To the best obur knowledgeoursis the frst method
capable of reconstructing aomplete3D model of an
articulate objectising asingledepth videocamera This
is also the firsiarkelessmotion capture algorithm that
does notequirea templatemeshof thesubject.

3. The Algorithm

3.1. Assumptions and outline

An articulated object consistf a set of connected rigid
componentslt is customary to refer to thégid compo-
nentsasfi b osih ,e a nhd connection betweetwo
bones aafi j o iTmetagiual 3D geometry of the surface
associated with thedbon e i s ¢ a Wk make tle
following assumptions on theput:

1. The motion of the subject is piecewidgid.

2. The combinatorial structure of the skeleton of the
subject is known, i.@ - the number of bones the
subject- isgiven, and we are gign a list ofiD pairs
of connectedones.

3. All bones argat least partially)isible in the first
frame and a roughassignment gegmentation of
image points to bones is g for this frame (see
Fig. 1).

4. During acquisition, the subject moves in suchagy w
that most of its surface points are visible to the-ca
era at some point in time.

Note that the information wassume abouhe skeleton

is purely combinatorial as opposed to geometric, namely,
we do not know anything about the length of bones or

© 2007 The Author(s)

Journal compilation @007 The Eurographics Association and Blackwell Publishing Ltd.

o

s ki



Y. Pekelny& C. Gotsman Articulated Object Reconstruction aihrkerlessMotion Capture from Depth Video

the paitions of joints.First frame segmentation i-a
quiredby amanual "coloring" process.

The algorithmtracks each bonefahe subject almost
independently throughout the sequené&ach image
pointis assigneda fi b oindexd i an integerin the set
{0,..,n}. Theindex O indéatest hat t he
dex is undcided, i.e. we hae notbeen able to determine
which bone theimage point belongs to with sufficient
confidence. Thesendecidedpoints are typically in the
vicinity of joints (where more than @nbone competes
for that point) The first objective is to accumulate over
time the skin geometry of each bone. The secondcebje
tive is totrack in someglobal coordinate systerthe no-
tion of each bone over time.

hod-

Figure 1: Rough user segmentation of tirst frame of
the realwor | d A Tow Trucko e
bones by painting the image pix€left) with different
colors(right). Blue in right image means uezided bone
index.

The algorithnruns inseveraindependenstagen each
depth inage of the sequencE&or each new image the
algorithm finds the new pose of each rigid bone bysregi
tering the accumulated skin geometrfythe boneto the
new image points. The correctness of the registraion
verified by computingthe coordinatef the joints of the
skeleton and checking that the skeleton remains co
nected after applying the new transformatiofise new
image pointsare then segmenteidto bones, nameln
bone in@x is assignetb eachimage pointA subset of
these new points covéng regionspreviously not sa-
pled are thenadded to the accumulated skinShe fd-
lowing sectionsdescrbe eachstageof the algrithm in
detail and elaboraten therelationsbetween themfFig. 3
summarizes the abgithm.

3.2. Depth i mage preprocessing

Several componentsof our algorithm requirenormal
vectors of the inputdatapoints.To computethe normals
we canstruct a simple mesh from tlikepthimagepoints
(pixels) and calculate the normabst verticesby area
weighted aveage ofthe normals to neighbimg faces.
This is a simple methodhich gives reasonable results if
the data is not too noisyA more robustestmate could
usethe normal toa least squares plampproximatinga
few neighboring pointsbut this requires more comput
tion. To construct a simip mesh weuse therectilinear
structure of theimage grid. We generateall vertical,
horizantal and the shorter diagonal edges, whileagng
those whoséength islarger tharfour times thegrid size
After that weform triangles. This process also fétrs out
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single points which are father thae gridunit from the
scanned point cloydvhich are considered outliers

3.3. Finding bone transformations

The algorithm processes each input frameasaply in
rdnol8gftdlofder.Each frame is angzed basedn the
results from the previous frames. During this process the
algorithm maintainstwo global data stmiures. Oneis

the accumulate®D point cloudsof the skins(each bone

is eccumulated separatelyhe other is the set of all
rigid bone transformationfrom the first frameto all
other frames. Fromthis set of transformationsve can
find therelative transformationf any bonébetween any
two frames.

To find the relativerigid bonetransformationfor each
bone toa new input frame, we registerthe skin of that
bone accumulatedso far to the points of framé using
the Iterated Closest PoiniGP) registration algorithm
[BM92] (note that we do not register in the opposite
direction). We usetheb one 6 s
first frame(where the remnstructedskin isaccunulated

to framet-1 as the initial transformation for the ICP
processlf the sampling rate is dense enough thssan
excellent choiceThe bones are registered inh&era-
chical order, recsing (with BFS) through the skeletal
structure, starting from the root bone.

fa
W

Figure 2: Skingeometry. 3D points are accumulated 1
each bone separatelyright). Each of these is late
meshedseparatelyusing a point cloud meshing alg
rithm.

There areseveral cases whethe ICP registtion may
fail. For examplewhen the bone isccludedin the new
frame or when theoverlap between theskin and the
points in the new frame is smalDur aborithm treats
both cases aecclusion and provides a number oém
thodsof detecing and recoveringrbm ICP faiure. For
each bone we start by trying to find the rigid transfmrm
tion using ICP without any additional estraints. If we
fail, we find thejoint locations betweethe current bone
and all other bones connected to it and repeat the ICP
processtogether \ith the joint castraint (see Section
3.6). If we fail again, the bone is considereccloded
and we approximate its transformation usinglesion
structue constraints, asedcribed in Sectio3 4.

The ICP algorithm iknown to besensitive & outliers.

To detect such outliers, we employ a number of Iseuri

tics, similar to [RHHLOZ2]. Corresponding pairs gfoints

(identified as such by the ICP nearest neighborinmi

of the following types are deemed outliers, henge i

nored.

1. Pairswhose distace from each other igrger than
athreshold.

2. Pairswhoseangle béwveennormalsis larger thara
threshold

transformati
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3. Pairs whosetarget pointlies on the input mesh
boundary.

To make the ICP algorithm more robust and accurate, we

use dynamic thresholds fitems ) and 2) The nitial

distance threshold is 15the image grid sizeand it de-

creases to 3thatafter 5 iterations. The initial angle #r

shold is 80, decreasingo 20 after 4 itegtions.

3.4. Treating o cclusion

As mentionedabove we call a boneccludedif the ICP
registration algorithm failedWe have severalvays to
detectwhen the registration fails:

1. The number of correspondii@P point pairsfalls
below a threshold

2. The ICP algorithm does hoonvergequickly.

3. The resulting transformation does tnesatsfy the
constraintconnecting this bone with its parent bpne
namely, the distance between current bone joint
transformed withthe current bone transformation
andthe same joint transformed with the connected
bone transfornt#on is largetthana threshold.

Even if the bone is occluded, weould like to find an
approximate transformatiothat satisfies the slkdeton
joint constraints, tokeep the reconstructedgkins con-
nected We find anapproximate transformation of the
occluded bone basedn the transformions of the
neighboing bonesand skeleton joints cstraints:

1. If the occluded bone is connectedjtst one bone,
apply this neighbo6s r el ati ve
occludedbonein theframe in whichit is occluded.

2. If the occluded bone is connectedtwo bones, use
the rigid transformation thabestfits both jointés
movemend and mnhimizesthe relative rotation é
tween the bones.

3. If the occluded bonés connected to more thawo
bones, approximate its transformation by finding the
rigid transformabn that best fits all joints mev
ment.

3.5. Bone assignment

Once wehave foundthe relative transformatiorof al

bones betweerthe first frameand anew framet, we need
to segmenthe points in thenew frameinto bones This
implies for each pointonce segented,a set of rigid
trarsformations from frame to all previous frames.1-

1.

If the point p belongs tothe skin ofa boneb, then the
rigid transforméon of b should translate to theneigh-
borhood ofbé s .sT& determine which bonp best
belong to, we apply all possibléone transformations
(computed in the previous stef® p and calculatethe
distancebetween the result anthe nearest poinf bd s
skin: dy(p) = (1-Ugi(p)+Ud(p) (typically U = 0,.where
d.(p) is the distance fronp to the tangent plane amnea-
es{p) i the local approximation of theeconstructed
surface andd(p) is thedistance fronp to nearesfp). The
purpose of the secontdrmis to reject fa points that fi
near the tagent plane.

To decidewhich bonethe point p belongs toamong all
candidateswe usethe followingconfidence measure

1 I & 1
db( p) bi bonesqj( @

1

G (p)=

Notethat
ac(p=1
b

After calculatingconfidencesfor all possible bone s
signments wefind bmaxi the bone indexwhich max-
imizesCy(p). This is just the bone index which minini
esdy(p). However, we rely on thisnly if its confidence

is significantly larger than the confidences of the other
bones namely, if Cona(p) > t (typically t=0.8) and
domaxP)< sampling densitythen we assigmp to bmax
Otherwisepd s b one i swddecdedr(=0ema i n
the poirt does not contribute to skin geomeéyd future
ICP registrations

As mentioned in the previous sectimgme bonesnay
be occludedthustheir transformations are only ap-a
proximation based on skeleton connectivityngtoaints.
To avoid accumulating error due to these appraxim
tions, we conster as candidatesnly bonesthat are not
occluded

3.6. Tracking the skeleton

A joint pointu is apoint connectingwo bones; andb,.
Therefore transformings from the first frame to any
other framet with both bone transformationg, and T,
should give the same resuff;(u) = T,(u). We seeka
joint u that satsfies this property for transformatianto

t r an sif ilarmesratt Theefore follwing PARP*04], for each

pair of connected bonds andb, we solve the fhowing
minimization problenfor u:

u=arg miné_ ||Tk; ) -T, (u1|2 glu #2

WhereT), is the transformation of bortein framei. ¢ is
the centroid of set of points in theiwinity of the joint,
namely a small set of points df;, close tob, and vice

versa,in the first frame Ty pi c al | yhe secoid. 1 .

term stabilizes thesolution inthe cases wherethe first
term admitsmore tan one possible solutiois before
we ignore all transformatiopairs thatcontain appre-
imatetransformatios for occluded bones

To complete the skeletoronstructionwe choose the
bone with thdargestnumber of points in the first frame
to be the oot bone and connect all other beiire a hie-
rarchical order.

3.7. Accumulating skin geometry

To reconstruct thekin geometry ofa bone we canbine
the depth samples from different frames registeing
themin the coordinate system and théjeat poseof the
first frame. This results in a set of points (and their no
mals) accumulated for each ban&he skin georretry
may thenbe reconstructed from this dataone by bone,
by any point cloud meshing algorithm (e.g. [KBHO6,
ACS*07]). See Fig. 2.

To register eme pointp from framet into the cooréhate
system of the first frame, we need to knpvs bne n e
dex and the rigid transformation thfe bone between this
and the first frame. At each stage of the algorithm, when
we obtainthis information for gooint, it may contribute
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to the reconstructe8D model by applying the transfo
mations. Tareduce redundancy, thus lintite number of
points in the reconstruction without compromising the
skin completeness, wadoptonly new points which are
not too close to theet of pointsaccunulatedso far. As
each sampleoint supposedly originates dhe subject
suface, our measure of th@roximity of a pointp with
existing points orthe subject is the giance fromp to the
nearest point in the dataseheares{p) i projected onto
the tangent plane afearesfp). We add a new point to
the skin geometryonly if this distance idargerthana
threshold- typically half the grid size.Lowering this
threshold will hcrease the number of points contributing
to the surface mad, but also increase the algorithm
runtime. The more frames sampled from differesiw-
points the more complete the reconstructgebmetry
becomes.

In practice, assignment of image points to the individual
skins is done only aftall bones have beenedtified in

the imageas described in Sectidh5. The segmentation
process doesiot assign a bone indeto every single
point - the pointswhosebone canat be determined with
high confidencear e | ef t
buteto the accumulateskin geometry.

1. Obtain from the usea rough segmentation of th
first frame and theskeletonconnectivity inforna-
tion

2. Fort=1.Tdo:

2.1. Calculate point normals and detect bound

points (Section 3.2

Find a relative transformation foeachbone in

the reonstructed model to the new framnESec-

tion 33)

Based on the transformations and the new fre

data, detect points witlsuspectbone assig-

ments in the reconstructed model and rem

them (Section 38

Assign bonéndices to points in the new frante

(Sedion 35)

Find joint locations based on all botransfa-

mations from frame 1 to framestSection 36)

Add points from frame to regions of theskins

not yetcovered(Section 37)

3. Apply meshing algorithnto the accunulated skin
of each bonée.g. [KBH06])

2.2.

2.3.

24.

2.5.

2.6.

Figure 3: Thereconstruction algorithm.

3.8. Filtering skin geometry

Boneskins arereconstructedy accumulatin8D points
which are assigned to bones that prowidebestregis-
tration for them(as described in Section53. When two
bones hae simiar transformations, it may bkard to
determine which boné a better match. An erroneous
assignment may compound later in the proc&sspre-
vent this we try toidentify points assignedincorrectly
andremove thenretroactivelyfrom the skins bagd on
the information in each new frame.

First we apply the bon&ansformatios from the first
frame to thecurrentframe for noroccluded bones. Then
we checkeach pair of connectgdndunoccluded)oones
to seeif they contain points representing two paralle
sufaces. More preciselywe look for pairs of pointg

© 2007 The Author(s)
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from b, andnearesgp) from the neighbob,, whosedis-
tance projected on the tangent plane oéarestp) is
shorterthanthe distanceprojected alonghe normal @
rection ofnearesfp). All points satisfying this condition
are removed from the skin

4. Experimental Results

4.1. Test cases

We have implemented our algorithm and appliedoit
bothrealworld and synthetidepth videasequences.

Real data was captured by\dalux Z-Snapperdepth
camera(basel onstructured lightechnology)[VZS] for

two physicalmodels: a toy robot and a toy towuck,
consisting of 7 and Sones respectivelyBoth motion
sequence contain 90 frames, captured from itdry
viewpoints whilethe model wasnimated.The esults

are shown in Figs. 8nd7. The top row conias a subset

of the input depth video sequence. Sistrectured light
scanning technology is based dimrninating the subject
frofh r?alrd;angle slightly different than that of the camera,
there are occlusimdue t o-sfiadbWws o d-r om
mination angle, which can be quite sigcdint at short
ranges. The second row shows the segat®n of the
depth images to no more than the number of components
( i b o rsgesifiéd by the user in the first frame. The
third row shows theaccumulatedone skinsn one static
model in the same poses as captured in Hogesice
after our processingue to occlusions in the inpuby
undecided classification of image pointsere are still
surface regions where data is miggiresulting in some
holes. The fourth row shows the same poses after the
bone geometriewere meshed (as point clouds) to closed
manifold surfaces (eadhoneseparatelylusing the alg-
rithm of [KBHO6] (kindly provided by thewhors) The
resultsare quie gooddespite the noisandocclusions in

the depthmages.

While our algorithm is designed for subjects whose m
tion is piecewiseigid, it is also applicable as an appro
imation of the motion of deformable subjects in some
casesSignificant example aremodek of skinned artio-
lated bodiessuch ashuman and animalsWe tested this
on asyntheticsequencg180 frames)of an artizlated
model of a Bast containing 12 bonesThe motion e-
guences for thisnodel werea vargtion on the motion
taken fromthe CMU Graphics Lab Motion Capturead
tabase[CMU]. The inpus to our &orithm were the
captured Zbuffers of the rendered animations.

The results orthis synthetic defanable model arele-
picted in Fig. 8 As expected, since the motion is not
truly piecewserigid, the results were not perfect. The
segmentation procedure, which feeds the rest of the
process, did not always classify tineage pointsorred-

ly. An example is the rear end of the subject (colored
light blue in the figure) which was dksified as part of
the upper right leg instead of the tor@mlored purple)
This led to artifacts in the reconstruction, where that rear
end sometimes protrudes, giving thapression of a
itail o.

t

he
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4.2. Performance

Our algorithm was implemented iIMATLAB , and tested
on a 2.8GHz Petium D with 1GB of RAM It was not
seriously optimized for performanc®ith an efficient
implementation better hardwareand some algorithm
improvementswe are confident thatur algorithmcan
be significantly acceleratedwithin range ofreattime
performance as otherICP-based reconstruction alg
rithms[RHHLO2]. Theonly part of our algorithm that we
did optimize wasfinding nearest neidiors among points
in 3D, since thalgorithm speds a signifcant part of its
runtime on these typesf operations during ICP. We
used the ANN C++ibrary [MAO6], and yet still 63% of
the runtime is spent on nearest neighbor searchimge
1 gives the performance summary four three testes
guencesThe times quoted there do not include ghe-
processe normal computations.

Model | #bones| #frameg points/frame| average
(average) | time/frame
(se9
Truck 5 90 5,349 1.68
Robot| 7 90 9,338 4.41
Beast| 12 180 4,204 2.50

Table 1 Algorithmruntimeperformance.

4.3 The video

The video accompanying this papermdmstrates the
different stags of our scanningand motion capturgro-
cedure and shows some new animation sequences that
may be geerated once the dynamic object is scanned.
The video may be found at
http://www.cs.technion.ac.il/~gotsman/moaapyv

4.4 Limitations

A key component obur algorithm B the ability to detect
whether theinter-frame ICP registration succeeded or
not This detection prevents incorrect segmentation,
which could be damaging. Feome types oétructured
datg this detection mechasm fails. For instangethe
model of a deforming human halsee Fig. 4 The cy-
lindrical symmetryof the fingersconfuses the ICPd
cause there are mamsgeminglyvalid, butwrong regis-
tratiors. So even if the camera rotates 360° around a
finger, the pas of the finger visible in each frame will
always be registered to each other in one region of the
finger, instead of completing the entire finger circemf
rence.Consequently we generateboth incorrect motion
capture an@nincorrect3D skin.

(i

Figure 4. ICP failure to register a bonajue to cyln-
drical symmetry of the bon&he red skin remainsi
complete.

A possiblesolutionto this prdolem is to supplementhe
registration algrithm by using also the&amera intensity
channel as 4" data dimesion. Another saltion could
be replacing the ICP registrationtiviany other alg-
rithm capable of registering two gl point clouds of a
rigid body.

Another problem wesncountereds incorrect segment
toninthecase ofi ngud @Fiasd aFloilee |
ample, the left leg of h eobdbRodel(colored inlight
bluein Fig. 5 can only move parallel to the left side of
t h e s lmdygdoéed ingreen). In theaegion marked

in Fig. 5, the upper light blue points were mistakenly
assigned to the ¢eand the lower green points weresmi
takenly asigned to the body. The reason for this is that
when we have two small transformations pecpeular

to the plane normal, both transfations alignthe points

of one planevery close to dter points of that lpne. If
one of these transformians brings the point to annu
scanned region of that plane, the algorithmay inca-
rectly concludethat the other trasfiormationis the best
one for this point.

./
P4

A /
» ',_‘ J
Figure 5: Incorrect segmentatiofof the light blue and
green points inside the black circleue to fisliding
pl aneso

4.5 Sensitivity to noise

In Section 4.2we showed that our algorithm is @ite

of reconstructing a full 3D object from reabrld data
without any noisereduction However, some depth video
camerasare more noisy than others, especially those
operating at high resolutions and frame rates, thus it is
important to know how robust our algorithm is to noisy
inputs. We testedthis by adding Gaussian noise tohe
depth channel of theyntheic "Beast" segence. Our
results showhat the componenf the algorithm which

is mostsensitive tonoise is detectionf registration co
rechess. Alding noise to the input without calitirsg

the algorithm thresholdeesults in many false alarnis
supposed registratn failures incases when the tran
formation was actually correcEor example, Wwen the
original depth imagef the first input frame was caat
minated withnoiseof SNR 23db, the reconstructed dio

el had a bump in the upper part of its right hand. The rest
of the shap and the joinlocations were reconstructed
corredly. The relative Hausdorff distance between the
two (as measured by the Metro toelps 5% of the
bounding box diagonal.
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5. Summary and Conclusion

We havepresented an algorithmapable of recomsict-
ing afull 3D model of adynamicarticulatedsubjectfrom
a sequence of depth images taken byglesidepth video
camera. The algorithresegmentshe input set of point
clouds to rigidcomponents detects rigid motios be-
tween the frames and reconstss an articulated3D
model in a single pass over the data. Another pass
be peformed in order to improvéhe joints consistency
duringmotion. The algorithm dects bonecclusion and
approximatesskelgon-consistent motion for tfse oc-
cluded bonesIn addition to 3D scanningur algoithm
tracks the skeleton of the subject, tluas be used for
markerlessnotion capture over longeguences.

The Achilles heel of oualgorithmis the requirement of
manualsegmentation of the first frame aspecificaton
of the combinatorial skeleton connieity. We believe
that both theseomponentanpotentiallybe automated
using the approachdescribedin [YPO6] for automatic
learning of articulated object stture.

Another open issue ihe usage of intensitpformation,
which is alsoprovided bythe depthvideo camerabut
currently ignored. This information maynprove the
registration step and help overcome some majoon-alg
rithm limitations (see Sectiof.4). Of course he intens

ty information can also based for texture mappingLb-
ject appearancen the recaistructed 3D model.

Future versions of this work will improve the approaim
tion in the case of a deforming subject which is not truly
piecewiserigid. In the performance domain, our irapl
mentation curently runs offline after the data has been
captured. The holy grail is, of course, to optimize the
performance of the system so that it may run in-temaé.
This will enable a variety of important applications in the
entetainment world.
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Figure 6: Scanning the dynamieal-world Robot model containing 7 bong§op row) Some of the input depth frami
obtained by a Vialux depth video cameliote the diffeent camera viewpoints and model pog&zcond row)Segmerat-
tion of the input frames into bones. Dark blue regions are undeddkeotd row) Accumulatedkingeometnyin input pc-
es. Holes are present where the surface was occluded in all input fridfoasth row) Complete radel in input poses afte

skinreconstruction(Bottom row)Reconstructedkeletons.

© 2007 The Author(s)
Journal compilation @007 The Eurographics Association and Blackwell Publishing Ltd.



