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Abstract

Image-based novel-view synthesis requires dense
correspondences between the original views to producela hig
quality synthetic view. In a wide-baseline stereo setupsde
correspondences are difficult to achieve due to the significa
change in viewpoint giving rise to a number of problems.
To improve their quality, the original, incomplete disp@ri Figure 1: The left and right wide-baseline stereo view
maps are usually interpolated to fill in the missing regionand the corresponding left-right and right-left disparitynap
When the data is very sparse, such as in the case of the wiglequired by a pyramidal search algorithm and checked for
baseline stereo, interpolation alone is not enough. Idstegonsistency. The background and the areas with missing
a 3-D model of the scene can be used to fill in the missirfisparity information are coloured in black.

regions more reliably, using-priori knowledge. However,

the 3-D model can be used more efficiently and accurately H] h iouslv K hods 5. 23. 24. 25 th
disparity space, where the disparity data originates frém. than the previously known methods [5, 23, 24, 25], they

this paper we present and compare the two techniques. Wé/_ertheless_still fall prey to occluded areas, very cominon
show that, in comparison with the 3-D approach, the disparﬁl wide-baseline setup.
space approach offers a computationally less expensive gad demonstrate the effect of incomplete wide-baseline

potentially more accurate solution. disparity data on the quality of the novel-view synthesig, w
generated a synthetic data set with known ground truthgusin
1 Introduction a 3-D kitten mesh model provided courtesy of UU, INRIA, by

) ) the AIM@SHAPE Shape Repository [2]. We acquired 3 views
In this paper we address the problem of dense wide-baselifighe kitten model under a wide baseline (Figure 2(a)) and
disparity data and its use for novel view synthesis. Deresest sed the left and centre view as the reference stereo pair, an

disparity data is typically generated with a corresponéenge right view as the ground truth for novel view synthesis.
search algorithm using an image-intensity based simylarit

measure to determine the matching regions [23]. In ordep’ the purpose of the stereo correspondence search, we
to constrain the search and reduce its complexity, additiofextured the model with a synthetic random texture and used

information such as epipolar geometry and anticipateddejpt @ Simple pyramidal window-based stereo correspondence
the scene is used. As the main source of information availaglgorithm.  The resulting left-centre consistency-checke

is the image intensity, in practice, a number of factors texidisparity map is shown in Figure 2(b). We deliberately chese

which make the search for image correspondences a diffictifiPle and straightforward correlation-based correspooe
problem. search algorithm, involving no interpolation, in order to

demonstrate the problems arising in the wide-baselineater
Different cameras have a different colour response, untest Figyre 3(a) shows the novel view synthesised by using
regions are a source of ambiguity and the number @fe original, patchy disparity map. The synthesized view
occlusions in the scene (regions only visible to one camefg)equally patchy. View-synthesis using a simple linearly
increases with the scene complexity. In a wide-baselimestejnterpolated disparity map is shown in Figure 3(b). As our
configuration these problems become even more pronoungggddel’s shape consists of curvy patches, rather than planes
Although the current state-of-the-art stereo correspnoele e giso interpolated the disparity map with cubic splindse T
algorithms achieve a higher match density and accuragyrresponding view synthesis result is shown in Figure.3(c)
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Figure 2: (a) The 3 views of the kitten model used in _ ) ) ) ] o
the analysis of different post-processing methods, (b) thEigure 3: Synthesised view of the kitten. The viewpoint is

disparity map corresponding to the left and centre view€quivalent to the right view shown in Figure 2(a). Original
shown as an image and as data points in disparity space. disparity map (@), linearly interpolated disparity map (b)
cubic-spline interpolated disparity map (c), model-based

. . . ) i . disparity map (d).
It quickly becomes obvious that interpolating disparityades

not enough to generate high quality novel views. The data —
is too sparse and the regions missing too significant to be Mean | Standard | Missing
restored simply by interpolating the existing data. To show error deviation | matches
much difference accurate and complete disparities make, we —

also generated the ground truth disparity map, using therkit Original DM || 2.507091 10431232 247
model. The corresponding view synthesis result is shown in Linear DM || 7.874941| 15.513824 O
Figure 3(d). By introducing tha priori knowledge about the Cubic DM || 7.348909 15.989594 0
shape of the object, we were able to synthesise a visualljymuc

more complete novel view, where the missing texture is not a Model DM || 0.306740 0.263713 0
consequence of missing disparity information, but insteak

of texture information in the reference views. Table 1: Disparity map (DM) post-processing error statisi
To gauge the accuracy of the view synthesis using each of tée mean error and standard deviation were only measured

4 disparity maps, we chose 500 3-D points on the kitten modef the points with known correspondences.

and compared their image pixel coordinates when synttasise . o ) )
using the post-processed disparity maps with their imafje BY completing the data in disparity space, we skip a full

pixel coordinates when projected directly into the seigct&t€P Of 3-D reconstruction and reprojection which resuits i
view. Figure 4 illustrates the experiment. The quantitifOmPutational time savings (see the diagram in Figure 5 for

evaluation of the mean error and standard deviation in th&/Stration).
2-D Euclidean distance between the synthesised and pedject
point coordinates is shown in Table 1. 2 Related Work

The results in Table 1 show that the model-based ground-trimage and Video-Based Rendering addresses the problem of
disparity map clearly outperforms the other post-procgssinovel view synthesis by using image texture information to
methods and also does better than the original disparity, mapnthesise realistic novel views. When no other infornmatio
obtained with the correspondence search algorithm. Thikoutthe scene is available, a large number of images acquir
indicates that the quality of the wide-baseline disparigps from fairly densely sampled viewpoints are required to il
could be improved by fitting a generia-priori model of realistic results. This approach results in elaborate anag
the scene to the disparity information available from th&torage and retrieval requirements and is not very prdctica
correspondence search and using the resulting model asThe number of input images can be reduced by adding the
new disparity map. information about the scene, in particular scene geometry.

As we will show in the following sections, the suggestet@he additional information can be introduced in differeatys.
generic model does not need to be a 3-D model. &pdori The early work of Kanadet al. [16] makes extensive use
shape can also be modelled in disparity space. By doing sb,image-based stereo to produce Visible Surface Models
the model can be fit directly to disparity data rather than 8+hich are then used to model the scene and render it from
D points and the disparity map for view synthesis is thatifferent viewpoints. Silhouette-based constraints aptated
readily available in the form of a deformed model after thiey Matusiket al. [20], who compute a polyhedral visual hull
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Figure 4. The view synthesis accuracy experiment. (1) 500
3-D points are projected in the left view. (2) Each of the
4 disparity maps is used to find corresponding points in the Complete Complete
centre view. (3) The corresponding point pairs are used Disparjty Map Dlparity Map
to synthesise the points in the right view. (4) The image
location of the synthesised points is then compared to the
image location of the 3-D points directly projected into the
right view. The quantitative results are presented in Taldle
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Figure 5. The diagram showing the comparison between

fitting a model to disparity data and to reconstructed 3-D dat

The equivalent steps in both approaches are shown on the
and render it from novel views using view-dependent texturgme level. The colour-shaded parts of the diagram are the

Combining visual hulls and correspondence over time, Cheusira steps necessary to perform the fit to 3-D data.
et al. [8] compute a temporal visual hull from silhouette

constraints and render it from novel viewpoints.

Our approach combines the strengths of the model-based and
Approaches using-priori models of the scene are used as welhure stereo-based techniques. Our view synthesis algorith
Starck and Hilton [26] deform a generic computer graphiés based on the trifocal tensor [3] and relies on the qualiity o
model to match the stereo, silhouette and feature contgraithe wide-baseline disparity map. We propose to improve the
The model is then textured and an animation rendered framality of the disparity map by fitting a genegepriori model
novel views. Plankers and Fua [22] use an implicit surfate the disparity data and using the deformed model to produce
model and recover its shape and motion from stereo amsdtomplete disparity map, which is then used for novel view
silhouette data. Carranzhal. [6] also estimate the pose ofsynthesis. Unlike other model-based approaches, we do not
a generic 3-D model from image silhouettes and render notwekture the resulting model but instead use it to producela-hi
views of the textured model. quality disparity map. View synthesis is then performechgsi
Some approaches focus on using high-quality stertehoe original image texture anc! the_post_—processed digparit
map. As we are post-processing disparity data and3fiot

information in the form of disparity maps. They invest aoints we also propose to implement this approach in dispar
lot of effort in ensuring that the disparity maps are compIeP ' prop b pp

and accurate. Zitniclet al. [30] achieve very convincing space rather than ig-D. By doing so, we avoid the step of

. : : . 3-D reconstruction. Our model-fitting approach results in a
results in dynamic scene rendering by using a colout: : : . .

. : ; isparity space model which can itself be interpreted &8s a
segmentation based stereo algorithm and extracting nfattes

the areas near the depth discontinuities. In 3DTV conte>[<)t,diSparity map and used directly to synthesise novel views.
Kauff et al. [17] post-process the consistency checkddisparity space related research can be roughly split in two
disparity maps by first segmenting them based on colosuwbgroups - th&-D disparity space methods and thdisparity
clustering and change detection and then using a varietysplce image methods. 3-D Disparity Spade, y, d) is a more
interpolation operators. In 3D Video, Waschbustlal. [29] general concept of the two, a three-dimensional projective
use a “video brick” which acquires texture and structurgtitli space defined as a projective transform of the 3-D spacegwher
stereo images simultaneously. They then use a multi-windawand y are the column and row dimensions of the image
based matching algorithm with a subsequent subpixel digpaplane, respectively, andlis the disparity of a left image point

refinement to compute accurate disparity maps. with respect to the corresponding right image pobitsparity



space image (DSI) is an image or a function defined ovedefined disparity space is a projective space. This can bersho
a continuous or discretised version of the disparity spad®; deriving a projective transformatioR, between the 3-D
explicitly representing the matching space, and is cont#tli spaceR? and disparity spac®?, Pp : R? — D?, as follows.

EZ fggh;?te the stereo matching process, like, for exampl We assume, without a loss of generality, a specific form of the
TeT rectified projection matrices [11]. Let the left and righttifed

In the area of dense disparity matching, Szeliski and Gdllanamera projection matrices; andP,, be written as:

[27] formulate the problem of simultaneously recovering th

disparities, true colours and opacities in a generaliséd 3- - Pl Pla Pls Pl

(x,y,d) disparity space and solve it using iterative energy Pr=| phy phy Phy phy 3)
minimisation. Hong and Chen [13] describe a segment-based Ph Pho Phs Pha

stereo matching algorithm which fits disparity planes to

segments of disparity data. Mordohai and Medioni [21] B Pl1 Pl2 Piz DPla

perform tensor voting on ther, y, d} data to recover matches r= Pim Pj22 Pizg Piz4 : (4)
belonging to coherent disparity surfaces. Thaketcal. [28] P31 P32 P33 P3a

describe DSP implementation of an iterative segmentatiqggr—Ojecting apoind — (X,Y, Z,1)T € R? into left and right

estimation framework for plane segmentation in dispariQerW gives the left and right image pointy; andm,,:

space.
. . . . - 1 L l 1
In the area of motion estimation from stereo, Demirdjian et PuX PV 412 1p
. .. . . . . . . x ])?1X+p.2Y+p 3Z+ph, B
al. [9] d_escrlbe rigid 3-D motion estimation in d|qur|t)eaqe. my=| y | =| puXtehYirnZivy, | ~PM (5)
Derpanis and Chang [10] report an extension with a closed 1 P31 X +P3o Y +P53 243y
form linear solution for rigid motion estimation. Agrawaid !
Konolige [1] present a mobile robot localisation system for - P XAp VAP 24y,
outdoor environments which estimates the motion in di$parim " gﬁlﬁigi‘?gig?ﬁgig?“ PM (6)
. = . = 21 22 23 24 ~
space and Hattori and Takeda [12] report dense stereo mgtchi " qu Py X +phy Y +phy Z4ph, "

in disparity space used in an implementation of a side ¢oflis

system for a road vehicle.
. ) . A point D <€ D3, written in homogeneous coordinates, is
Our work differs from the mentioned research in that {afined as:

addresses an articulated motion and articulated structure 2
modelling in disparity space, to our knowledge not attermpte n
so far. In particular, we show that the idea of rigid motion D= o -z | ()
estimation in disparity space [9, 10] can be extended to 1

estimating and modelling articulated motion and structure l l l l
in disparity space, which can in turn be used to complete PLX AP, VAP 24Py,

; : : . . : . p'l1X+pl2Y+p?:3Z+pl4
wide-baseline disparity data for high-quality novel view phy X+pl, Y +pl, Z+ph,

synthesis. , L Pa X HPhY+pss Zps, , (8)
P11 X+P1oY+P13Z+p1s  PT1XAP1Y+P13Z+P1a
Py X+p5 Y +phs Z4+ph, Py X+ph, Y +phs Z+phy

3 Disparity Space 1

Let us assume that a 3-D poiM = (X,Y, Z,1)T is viewed and the transformatioffp, for which
by two distinct cameras, left camera with projection matrix

. . . . . ~ 3 3
and right camera with projection matri., and that the image D~pPpM, McR,DecD 9)
of the pointM is defined asn; = (z;,y,1)7 ~ P,M and
m, = (z.,y,,1)T ~ P.M in the left and right camera’s as
image plane, respectively, where* denotes equality up to a ! 1 1 !
. . P11 P12 P13 P14
scale factor. The corresponding poimts andm,. are related phy phy Phs ph,
i i i i i i . PD = T T T T
by adisparity which, in a general case, is defined as: Pl - P phy - Py Py - s phy - o,
d(mi.my) =my —m, = (- ey - ). (1) Pan Pz P P o)

In the case of rectified images, the two corresponding poiritge transformatiorP’p, is the link between the 3-D space and
lie on the same scanline, and the disparity simplifies todésparity space which allows us to model the structure in 3-

displacement along the scanline: D space, where we can intuitively represent the geometdy, an
then convert the model into a disparity space representaiio
d(m;,m;) = x; — x, (2)  further manipulation.

For a rectified stereo pair of images, the disparity spadeeis t It can be assumed that the noise associated fuithy, d} is
defined as a three-dimensional sp@ce= {z,y,d}. The so homoscedastic and fairly approximated by a covarianceixnatr
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Figure 6: Transformation diagram (@ (b)

Figure 7: Generic subdivision surface upper body model: (a)

A = o%I,wheres = 0, = 0, = 04 ando is typically 1 image : :
’ e = 9y ~ Jd o 18 ypicaty g 3D model; (b) Disparity space model.

pixel [9]. Unlike in the case a3-D reconstructed points, where
their heteroscedastic nature requires a special erreadfiiables
approach when estimating model parameters from data [19b  Articulated Body Pose Estimation in Disparity Space
the disparity data is statistically better behaved and sauah

be used for more accurate parameter estimation [1, 9, 10]. The body pose can also be estimated in disparity space by usin
a disparity space body model, defined as follows.

4 Edimating and Modelling Articulated Motion in  The skeleton of the disparity space model is defined as a set
Disparity Space of disparity space transformation matrices which encoée th
Position and orientation of every joint with respect to itsgnt

In this section we describe how the rigid motion estimation : . )
L%lnt in the hierarchy:

disparity space can be extended to an articulated motion.
M € R?, Pp be as in Equation (10), and = [R|t] be a Skeleton — {B2, B, ..., BY_ ) (13)
known homogeneous transformationld, transformingM b -

into AM . Homogeneous transformatid? which transforms where N is the number of joints in the skeleton am .

D € D’to BD < D?, can th_en be derived as follows (see thﬁ'omogeneous disparity space transformation matrix, éngod
transformation diagram in Figure 6): the orientation of the coordinate system of jojnwith respect
BPpM = PpAM to the coordinate' system of jointgn_d_defined asin Equqtion
(11). The model's skin, the subdivision surface mesh, is als
BPp = PpA transferred to the disparity space using Equation (9) on the
B = PpAPp~! (11) mesh vertices.

This result shows that the points can be rotated and trauslathe pose is then estimated in disparity space directly, with
in disparity space directly if, for every known homogeneolhouettes generated by the disparity space model (seeeFig
transformatiord in 3-D space, a corresponding transformatiof(b)) and Particle Swarm Optimisation, just like in thed

B is computed as in Equation (11). case. The “transfer” of the model froBaD space to disparity
. o space is only necessary to define the disparity space mautkel, a
4.1 Articulated Body Pose Estimation in 3-D Space only needs to be done when specifying the model to use. If we

were able to model structure in disparity space directlig th

The body pose of an articulated body model is estimat
step would not be necessary.

by identifying the homogeneous transformations definirey t
skeleton kinematic chain. The skeleton is defined as a g6f pose Egtimation with PSO
of transformation matrices which encode the position and

orientation of every joint with respect to its parent jointthe Particle Swarm Optimisation (PSO) is an evolutionary
hierarchy: optimisation technique developed by Kennedy and Eberhart

[18]. It models the swarming behaviour exhibited by bird
Skeleton = {A2, A3, ..., AN |}, (12) flocks and fish schools.

Every particle in the swarm represents one possible solutio

where N is the number of joints in the skeleton amt] is a S o
homogeneous transformation matrix encoding the orietatit® the optimisation problem. When estimating the body pose,
each particle represents a possible skeleton configuration

of the coordinate system of joinj with respect to the

coordinate system of joirit 0

Xi = (varyvTZ;agaﬁyvvgvaivﬂ;a’yzlﬂ "'7a£:vvﬂ;/v7’7év)a

We estimate the body pose of the person imaged in the (14)
reference stereo pair by silhouette-constrained globahere/V is the number of joints;,, r,, r, denote the position
optimisation, where the model generating the silhouettéthe root joint with respect to the world coordinate systefh
is a subdivision surface upper body model (see Figure 7(ajgnotes a rotation around theaxis of the root joint coordinate
The pose parameters are estimated using a Particle Swaystem for angley, ! denotes a rotation around theaxis of
Optimisation (PSO) method (see Section 4.3). the next joint in the hierarchy for angle etc.



Each particle explores the search space on its own and in

interaction with other particles. The solution is found whe grage Acquiite

all particles converge. A more detailed description of theyb Left Image "
By

pose estimation with PSO can be found in [14].
Search

5 Fittingthe Model to Disparity Data
5.1 3D Space

(Centre Image|

Post-processing disparity data #D space first requires
the correspondence pairs to be reconstructed-Bspoints
via triangulation. The model is then deformed to fit the
reconstructed points using the quasi-interpolation nuktho
(see Section 5.3), and the resulting model projected orgo th —
image planes of the reference stereo cameras to obtain the
post-processed disparity map. This process is illustriatéue Complete
right part of the diagram in Figure 5. Disparify Map Disparky Ms Disparity Map

Novel View Novel View Novel View
Synthesis Synthesis Synthesis A J

Right View
. . . . . . ‘ Novel View ‘ ‘ Novel View ‘ (;rmmd truth)
In disparity space, the disparity model can be fit to the digpa

data directly, using the same fitting metho_d. Onpe defo_rm(ﬁ ure 8: The flowchart of the experiment where we
the model can then be used as a three-dimensional dispari

) . ; : . “-compared the post-processing in 3-D space with post-
map itself, or trans_forme_d |r_1to a conventiorzab d|sp:51r|_ty rocessing in disparity space. The shaded boxes are theview
map by orthographic projection onto the left camera’s ma@lemch were used for comparison
plane. Fitting to disparity data directly is illustratedthre left P '
part of the diagram in Figure 5.

Ground Truth

Complete

5.2 Disparity Space

5.3 Fitting Method The model-data correspondence information was determined

The subdivision surface model is fit to the data in an iteeatif°" the 3-D model and then used for both 3-D and disparity

manner, using quasi-interpolation. Quasi-interpolatiora  SPace deformation to ggarantee consistency. Figure 8 shows
technique which finds the subdivision control polygon (badBe diagram of the experiment.
mesh) for which the resulting subdivision limit surface tbe$\s shown in Figure 8, three views were acquired with an
approximates the given data. IRD, it is applied locally as OpenGL synthetic camera setup (see Figure 9). The left and
follows: centre view were used to obtain disparity data and the right
1 4 1 view was used as ground truth for the view synthesis.
pi = _Ef(l_1)+§f(l)_ Ef(Z—Fl), V’L'EZ, (15)

Figure 10 illustrates the comparison process. The leftroalu
refers to the disparity space algorithm and the right coltonn
the 3-D space algorithm. Row (a) shows tapriori disparity
model and 3-D model. Row (b) shows the disparity data as

wherep; is the control polygon pointf(¢) is a function sample

(data point), and—z,3,—¢] is a 1-D quasi-interpolation

stencil. The stencil is generalised2d via the tensor product. h di ional data in di . d I
A detailed description of the technique is outside the scﬂfpet ree-dimensional data in disparity space and as rec u

this paper and can be found in [15], where further details af po,i”.ts using triangulatipn. The 3-D and disp_arity model
results are presented. after fitting to corresponding data are shown in row (c).

Row (d) shows the resulting disparity maps and row (e) the
synthesised novel view. Row (f) contains the differencegesa
between the synthesised views and the ground truth rigiv vie

We performed experiments on synthetic data to compare tige 2 lists the sum of absolute differences (SAD) measure
performance of both proposed approaches. Results on igglach of the synthesised views compared to the grourtd trut
images are presented in Section 6.2. view. The ground truth disparity map is the closest in terms
6.1 Comparison of Post-Processing in 3-D and Disparity of vie_w sy_nthesis quality, _which is to be expected because
Space the dlqur|ty map generation via Fhe correspondencg sgarch
necessarily introduces some noise in the data. Of the rémgain
We performed an experiment on a synthetic stereo pair tefo, the disparity space algorithm slightly outperforms 8D
images to compare the performance of the post-processapgice approach. This difference is most likely due to the fac
algorithm in3-D space with the one in disparity space. Everthat an unavoidable approximation error was introducedwhe
care was taken to ensure that the conditions were kept tieeonstructing th&-D data in order to perform the fit iB-D
same for both approaches and a fair comparison was possibpace, and then projecting the resulting model back onto the

6 Experiments



Figure 9: The three synthetic views generated for the (a) Disparity model and 3-D model

comparison experiment. R e
Ground Truth View (Right View) i )73’*"%’;_\
Ground Truth DM 2659991 i e
Disparity Space 3915826 (b) Disparity data and 3-D data
3-D Space 3924308

Table 2: Pixel-by-pixel sum of absolute differences (SAD)
comparison between the ground truth view (the right view)
and the synthesised novel views. The synthesised views were
computed using the ground truth disparity map, the dispgrit (c) Deformed disparity model and deformed 3-D
space post-processed disparity map and the 3-D space post- model

processed disparity map.

image plane to compute the disparity map.

As demonstrated, disparity space algorithm not only saves
on computational complexity, as illustrated in Figure 5f bu (d) Disparity map, generated from the disparity model
also has a performance which is at least equivalent t3be and from the 3-D model

approach. By the latter we mean that, on top of avoiding the
3-D reconstruction error, there is a potential for the digpar
space approach to be more accurate than 32 space
approach, if care is taken to preserve the data’'s homosiedas
nature [19]. We do not take advantage of this in our algorithm
because we do not estimate the pose parameters directly from
disparity data as it proves too sparse to serve as a reliable
constraint (we use the silhouettes instead). However,ldhou
the data be available and used in this way, the pose parameter
estimation in disparity space would be preferrable.

(e) Novel view synthesised with the disparity map
post-processed in disparity space and 3-D space

6.2 Experimentswith Real Data

Our camera setup consists of 4 IEEE 1394 webcams acquiring
in 640 x 480 RGB mode, three positioned in front of the person (f) Difference image for disparity space and 3-D space

and one above. The baseline between each pair of cameras novel view

located in front of the person is approximat2fy. The camera

above proves crucial in pose estimation as it resolves aflotfdgure 10: lllustration of the comparison steps performed i
ambiguity, but it is not used to gather any stereo data becatlte experiment with synthetic data. Visually, the performee

the overlap in the field of view is insignificant. Additionalof the two compared approaches is almost exactly the same.
cameras are used as ground truth test cameras, which we@8ly a quantitative analysis reveals that there is a slight
to gauge the quality of the view synthesis. difference in quality.

In this paper, we present the results of the disparity space
approach on real data. A systematic quantitative and qutisbt
comparison of both algorithms on real data to complement t . X
. . L . videoconferencing scenarios. In order to complete the data
synthetic data experiment presented in this paper is thgesco . L o
of future work with the a-priori subdivision model of the upper body, the
' correct pose of the model had to be determined first. This

The disparity space approach was tested on a set of neak achieved by optimising for skeleton joint transforimasi

mages showing a person seated at a table, typical of



using a Particle Swarm Optimisation algorithm, constrdindhe model in the correct body pose estimated from the
by the silhouettes extracted from the 4 camera images. silhouettes can be used as a search interval constraintin th
At this stage, our upper body model did not include ham?jgereo cor_rgspon_denc_e algorithm. This should produce & muc
. ) .. denser original disparity map and would present an advantag
as they are an articulated structure in themselves, requdi et .
. . : . s the model’s fidelity to the data after the fit could also be
separate kinematic model, which was outside the scope ©f Nl s .
work greater. At the moment, the level .of mgdel s skin deformtlo
' is restricted to a small number of iterations because theidat
Figure 11(a,b) shows the results of view synthesis for twkmown to be noisy and very patchy. Future work will address
different poses, obtained using the disparity-space potite use of the model as a stereo constraint.
processeq disparity map. The. first row shows the Or'g'.nR,though the disparity space modelling approach is based on
stereo pair, the second and third row show the comparls%n . o . e
. o S . the concept of “modelling in 3 dimensions”, it is somewhat
between the view synthesis using the original, patchy dispa

map and the disparity map completed with our algorithm. Tw%oser to the image-based rendering concept tharg-is

different virtual camera views are shown, the first located gounterpart, in the sense that the stepsdd reconstruction

between the original stereo pair of cameras, below the imaselrom corresponding pairs of points is avoided. The approach

and the second located to the right of the stereo pair andaab{;)sva%phcable to arf1y 'problemhwh]ch currently usel@ model
the baseline. or the purpose of view synthesis.

In Figure 12, we tested the view synthesis for a sequenceTcn‘e disparity space algorithm is not restricted to only two

. . . views. It was presented on a stereo pair for the reasons of
views extrapolated to the right of the reference stereo paie : . . )
o . clarity and can be generalised to as many views as required.
results are convincing, although extrapolation does leea . ., . .
L ; T . Just like additionaB-D points can be generated by adding new
lack of realism in the simpla-priori model that we are using. ~. -
views and finding correspondences, those correspondeaices ¢

Figure 13 compares the view synthesis performance whe@added to the original disparity space via the trilineaste
the disparity map is completed using various interpolatigransfer, without the need f8D reconstruction.

techniques, such as linear interpolation, bilinear irtéation A potential application for our method is the immersive

and cubic spline interpolation, with the performance of OVideoconferencing which requires efficient algorithmsrim
model-based approach. The fact that we do not model hands g9 q g 9

becomes a clear disadvantage in this case, as the hands in real-time. We must emphasise that the described approach

QVe .
as a part of the body in the synthetic view. This is rﬁas only b_een implemented as a p_roof .Of concept and futher
. . . r%ﬁearch is necessary to make it suitable for a real-time
disadvantage of a model-based approach in comparison wi

simple interpolation. Ignoring the hands, the model_baseawronment. The aim of our work was to show that, should

. X X lere be a time-constrained application running in neak-re
synthesised view seems much more consistent and less nqQis . :
. . o . : ime and making use of the presented concepts in 3-D space,
than the views obtained with interpolated disparity maps,

especially in the area occluded by the arms. gubstltutlng 3'D. with the_ proposed disparity space apprdsc
likely to further improve its performance.
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(a) Pose 1 (b) Pose 2

Figure 11: View synthesis with post-processed disparitiesr each pose: original stereo pair in row 1; rows 2 and 3 coarp
the novel view synthesised with original disparities (oretleft) with the novel view synthesised with the model-ppsteessed
disparities (on the right). 2 virtual views are shown, in rovinterpolated below, and in row 3 extrapolated above thediaee.

Figure 12: View synthesis with an extrapolated virtual vieWhe synthesised results look convincing, however, theef§ of
the model-based approach, such as the unrealistic shapéefiiead, also become obvious when extrapolating.

)

Figure 13: Comparison of view synthesis results for the gralitruth test view (a) and disparity maps post-processedgsi
(b) linear interpolation, (c) bilinear interpolation, (d)spline interpolation and (e) disparity space post-prodesgs (f-g) the
original stereo pair, (h-i) the disparity model in the coreg pose, (j) partially synthesised view with texture onlpin the left
camera explains the arm artifact in (e) that appears when tlight camera’s texture is added to complete the view.



