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Multi-View Coding for Image-Based Rendering
Using 3-D Scene Geometry

Marcus Magnor, Prashant Ramanathan, and Bernd Greltbw, IEEE

Abstract—To store and transmit the large amount of image from about 20:1[3] to 300:1[19]. For storage and Internet trans-
data necessary for Image-based Rendering (IBR), efficient mission, higher compression ratios are desirable. Here, block-
coding schemes are required. This paper presents two different oqyantive coding and hierarchical disparity compensation tech-

approaches which exploit three—dimensional scene geometry . h b h to vield . Hi di
for multi-view compression. In texture-based coding, images niques nhave been shown to yield compression ratios exceeding

are converted to view-dependent texture maps for compression. 800:1 [20].
In model-aided predictive coding, scene geometry is used for Coding efficiency, decoding speed, and rendering quality can

disparity compensation and occlusion detection between images.pe increased considerably if 3-D scene geometry information
While both coding strategies are able to attain compression ratios is available [8], [21], [22]. This paper describes two different

exceeding 2000:1, individual coding performance is found to in which k led f i b loved
depend on the accuracy of the available geometry model. Exper- W&YS N WNICh Knowledge of scene geometry can be employe

iments with real-world as well as synthetic image sets show that t0 €ncode multi-view imagery. In texture-based coding, scene
texture-based coding is more sensitive to geometry inaccuraciesgeometry is used to convert images to view-dependent texture
than predictive coding. A rate-distortion theoretical analysis of maps prior to compression [5], [23], [24], [8], [25]. These

both schemes supports these findings. For reconstructed approx- yieyy-dependent texture maps exhibit greater inter-map corre-
imate geometry models, model-aided predictive coding performs lation than the original images, making them more amenable

best, while texture-based coding yields superior coding results if , . e g
scene geometry is exactly known. to coding. In model-aided predictive coding, on the other

Index Terms—Geometry coding, image-based rendering (IBR), hand, images are successively estimated by employing scene

light field compression, model-based coding, multi-view coding geometry to .predict ne_wlviews from already er\coded images
analysis, multi-view compression. [26]. The residual prediction error between the image estimate

and the actual image recording is additionally encoded [27].
By predicting multi-view images in a hierarchical fashion,
the image data is available in a multiresolution representation
ROM Internet museum tours and virtual city sightseeing @uring decoding. Since the presented coding schemes aim
three—dimensional (3-D) product presentations and co@t highest compression performance for data storage and
puter games, Image-based Rendering (IBR) techniques carfra@smission purposes, the light field data is decoded off-line
used to create photo-realistic representations of remote reaijor to using the images for rendering.
world or computer-generated places and objects [1]-[9]. VisualThe paper is organized as follows. After outlining multi-view
quality thereby depends on the number of scene images aviiilage data acquisition, the process for reconstructing and en-
able, and since hundreds to thousands of images are typicaliging the geometry model is explained. Both the model-aided
necessary to obtain convincing rendering results [10], efficieand the progressive texture-based coding schemes are described.
multi-view coding technigques are needed to store IBR data, or@@ding results for real-world as well as synthetic image sets are
transmit multi-view imagery over a network, such as the publ@resented. For both codecs, the influence of scene geometry ac-
Internet. curacy on coding efficiency is experimentally investigated. A
In recent years, a number of multi-view compression scheniggoretical analysis of coding efficiency in the presence of ge-
have been developed specifically for use in conjunction wittmetry and image noise concludes the paper.
image-based rendering applications. Among the various coding
techniqgues employed are vector quantization [3], discrete cosine Il. MULTI-VIEW IMAGE ACQUISITION
transform (DCT) coding [11], wavelet coding [12]-[16] predic- 14 jnvestigate both multi-view coding schemes described
tive image coding [17]-{19], as well as approaches based pe following sections, image sets have been acquired from
video coding standards [15]. To a.ch|eve interactive renderlﬂgree stuffed toy animalsGarfield, Mouse and Penguin
frame rates, these coders are designed to feature fast decogigg 1) calibrated images are captured using a computer-con-
performance which, however, limits coding efficiency to a ranggy|jed turntable and a digital camera on a lever arm, acquiring

object appearance at 384288-pixel resolution and 24-bit
RGB color information per pixel. Image recording positions are

I. INTRODUCTION
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Fig. 1. Real-world test objects. Multi-view imagery is recorded from stuffed toy animals.

@) (b)

Fig. 2. Synthetic test image data. The diffusely reflecting models of §ptereand (b) aStarare illuminated from the camera direction.

same viewpoints as the object images. As the turntable andlll. 3-D GEOMETRY RECONSTRUCTION ANDGEOMETRY
the camera arm are driven by stepper motors, image recording CODING
positions can be reproduced with sufficiently high accuracy for

L o : . ._In geometry-based multi-view coding, scene geometry must
calibration. For calibration, an analysis-by-synthesis method,is : L ) . . .
) . . ._be encoded in addition to image data. This section describes the
employed [28]: A synthetic computer model of the calibration . .
rocedure for reconstructing 3-D scene geometry from images,

body is automatically fit to the calibration images to determin% ; .
7 > o n the case of real-world images, and for encoding the geometry,
extrinsic as well as intrinsic camera parameters. The modeII IS

repeatedly rendered while an optical flow-based optimizatic];(rjlr both rgl-world afi'synthetic data sets.

algorithm varies camera parameters until the rendered model i
matches the actual image of the calibration object. A. Geometry Reconstruction

To evaluate coding performance for the case of exactly knownWhile for the computer-generategiphereimage set exact
geometry, synthetic multi-view data sets are also used (Fig. 3)D geometry is available, for the real-world objects geometry
In the Spheredata set, the geometry model of a sphere approxiust be inferred from the recorded images. To reconstruct 3-D
imation consisting of 8192 triangles is rendered from multiplscene geometry directly from calibrated multi-view image data,
viewpoints. TheStar geometry model consists of 128 verticeseveral volumetric algorithms have been proposed [29]-[32].
approximating a sphere of which 18 vertices protude by 50 contrast to methods that rely on distinct image features
to form the spikes. Both geometry models are gray-scale td83]—-[35], volumetric reconstruction does not require the
tured using a synthetic texture map exhibiting an inter-pixel imxplicit identification of correspondences between images. For
tensity correlation of 0.98. The synthetic objects have diffusetiie presented experiments, thulti-Hypothesis Volumetric
reflecting surfaces (Lambertian reflection), while a direction&econstructiofMHVR) algorithm is used to derive 3-D scene
light source illuminates the objects always from the direction gieometry [32]. The algorithm is based on discretizing the space
the camera (eye-light). Both synthetic image sets consist of 2&0htaining the object into volume elementgdxeld. A voxel
images, rendered from viewpoints spaced corresponding to thedel is constructed directly from multiple calibrated images
real-world image sets. (Fig. 3). Reconstruction accuracy depends on image calibration
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Fig. 3. Avoxel model is reconstructed from thlwuseimage set, the surface is triangulated, the triangle mesh reduced, and the resulting geometry model is EMC
encoded. By decoding only a fraction of the bitstream, the accuracy of the reconstructed geometry model can be continuously varied, allondegcositmtra

bit rate for geometry accuracy. Model accuracy is expressed as the numberrotibid to quantize vertex coordinates. The maximum deviation of a vertex from

its original position i2—("+1) relative to overall bounding-box size. From left to right: reconstructed voxel model; triangulated surface, decimated mesh; 8-bit
accuracy 95 183 bits; and 5-bit accuracy 33894 bits.

precision, object surface characteristics, and voxel size. In theometry accuracy would require substantially less accurate
presented work, the discretized volume is comprisezDof to  vertex coordinates.

3003 voxels, where the spatial extent of each voxel corresponds

to approximately 1 pixel when projected into the image plang, Embedded Mesh Coding

The reconstruction of 8003-voxel model takes several hours i . ,
using all 257 images on a conventional PC. TheEmbedded Mesh CodirfgMC) algorithm progressively

To eliminate the influence of nonmodelled background dfncodes mesh connectivity as we'II as vertex ooordinates simul-
coding performance measurements, the reconstructed vd@9€0Usly [41]. The geometry coding scheme is based on vertex
models are used to segment Barfield, Mouse andPenguin connectivity and an oct-tree representation of vertex coordinates
images. For the synthet&phereémage set, no segmentation oy mtrodu_cmg mult_lple r_esolutlon levels. This way, EMC aIIo—_
necessary as the object silhouette exactly matches the geom s available coding bit rate evenly between mesh connectivity

model projection. Exact object geometry is available for tHéd vertex positional information. _
Sphereimages, whereas for the real-world image sets only The EMC algorithm encodes vertex coordinates and mesh

finite-precision geometry models can be reconstructed. connectivity simultaneously at continuously increasing level of
detail. The complete bitstream contains all information to faith-
B. Rate-Constrained Geometry Coding fully reconstruct original vertex positions and connectivity. But

|[EMC coding can also be interrupted at any point, yielding a trun-

A reconstructed volumetric model typically consists of mi . X _ .
lions of voxels. To efficiently compress and process object gggted bitstream that still allows the reconstruction of an approxi-

ometry, a triangle-mesh description of the object’s surface is duate geometry model. During dec_odmg, the numb_er of triangles
sirable. TheMarching Cubeslgorithm [36] is therefore used to a_md vertlce§ as_welll as verFex positional accuracy increases con-
triangulate the voxel model surface (Fig. 3). The resulting meEHUOU,SIV' yielding increasingly accurate object geometry. The
still contains hundreds of thousands of triangles, however, ma§cCding process can also be stopped at any point to obtain ap-
more than are necessary to represent object geometry at the 18 1<|mato geometry repreoentqtmns. ) o )
of accuracy of the reconstructed model. ConsequenthPtbe By using EMGCyin conjuoct|on with multl-\(|ew codlng.
gressive Mesheg®M) algorithm [37] is employed to reduceschemes, geometr_y coding bl_t rate can be continuously varied,
the number of triangles until the maximum distortion of the ré’yh'cr1 enablies 0'0“”?6" allocation of bit rate betwe'en geometry
sulting mesh corresponds to half the size of a voxel (Fig. 3).Ttﬁ§‘d image information. Boca_use the EM(_: algorithm dlre_c_tly
way, triangle mesh accuracy is matched to the original reco‘?‘ﬂCOdeS vertex connectivity instead of triangle connectl_wty,
structed voxel model, and the number of triangles in the me C can be u_sed to encode polygonal meshes of arbltrar.y
is reduced to approximately 10 000 triangles. topology and dlmenS|oo, regardless of. whether the mesh is
While better geometry accuracy can increase image Codmrdentable, regular, manifold, or nonmanifold.
efficiency, it inevitably also increases geometry coding bit rate.
To determine the point of best overall coding performance,
the geometry model must be encodable at different levels of
accuracy and with correspondingly different bit rates. A number Given camera parameters and 3-D scene geometry, disparity
of progressive mesh-coding algorithms are known that alldvetween images can be compensated and obscured image areas
trading off geometry reconstruction accuracy versus geometign be detected. THdodel-Aided Code(MAC) relies on suc-
coding bit rate [37]-[40]. Unfortunately, these algorithmsessively predicting image appearance by disparity compensa-
encode only mesh connectivity in a progressive fashion, whiien and occlusion detection on a pixel basis [27]. The images
vertex coordinates are encoded with fixed accuracy. Especiadiye hierarchically ordered for encoding, yielding a multiresolu-
at coarse geometry resolution, most bit rate is spent for @ien representation of the multi-view image set during decoding
pressing precise vertex positions, even though reconstructed rendering.

IV. M ODEL-AIDED PREDICTIVE CODING
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Fig. 4. Model-aided image prediction detects occlusions and performs disparity compensation from multiple reference frames.

A. Model-Aided Prediction

In model-aided coding, an image is predicted by warping
multiple reference images [42]. First, the geometry model is
rendered for the image viewpoint that is to be predicted. Each
image pixel is assigned its corresponding point on the surface
of the 3-D model by determining the triangle index and the
barycentric coordinates within the triangle (Fig. 4). The geom-
etry modelis then rendered for all reference image positions. For
each pixel in the prediction image, the corresponding pixels in
the reference images are sought using the pixel’s triangle index
and its barycentric coordinates. This way, pixels that are not
visible in a reference image are automatically detected. A par-
tially occluded image region is predicted only from those ref-
erence images that depict the respective region, and coinciding
pixel predictions are averaged. Because multiple reference im-
ages are used for prediction, the number of completely invisible
regions is small. These regions are filled by interpolation using
a multiresolution pyramid of the predicted image estimate: Alsty. 5. Hierarchical multi-view coding order. Image recording positions are
known as push—pull interpolation [4], lower resolution Versiorfgojected_onto the hemisphere around the scene. The images closest to the zenith

. nd four images along the equator are intra-encoded (images A). The image
of the image are used to look-up the mean color value of taﬁsestto the center of each quadrant (image B) is predicted from the quadrant's
local neighborhood around an unpredicted pixel position.  corner images, and mid-side images (images C) are predicted from the central

and two corner images. Each quadrant is then subdivided and treated likewise
until all images have been encoded.

B. Hierarchical Image Coding Order

As image recording positions are distributed on the henfamiliar from still-image compression (images A in Fig. 5). For
sphere around the scene (Fig. 5), they can be expresseaach image, the DCT coefficients’ quantization paraméler
spherical coordinates with the origin at the scene’s center. iBoindividually adjusted to ensure that the reconstructed image
efficiently exploit similarities among the images, and at thmeets a preset minimum reconstruction qualty;,. The
same time span the entire light field recording hemisphere edfilye intra-encoded images are arranged into four groups, each
on during decoding, it was experimentally found that highesbnsisting of the polar and two equatorial images, subdividing
coding efficiency is achieved by encoding the images in thibe hemisphere into four quadrants. In each quadrant, the image
following hierarchical order [20], [43]: The image closest to thelosest to the central position (image B in Fig. 5) is predicted by
zenith of the hemisphere and four images evenly spaced arommoldel-aided disparity compensation (Section IV-A), using the
the equator are intra-encoded using the block-DCT schetheee corner images as reference. After prediction, the residual



MAGNOR et al. MULTI-VIEW CODING FOR IMAGE-BASED RENDERING USING 3-D SCENE GEOMETRY 5

Garfield Light Field Mouse Light Field

S
w

'S
[}

S
g
T
'S
g
T

w
(]
T
w
[G)
T

w
B
:
w
B
:

w
o
T
W
o
T

0 --0 24-bit, full resolution

0 --0 24-bit, full resolution
B—a 12-bit accuracy

6—a 12-bit accuracy

Reconstruction PSNR [dB]
Reconstruction PSNR [dB]

33’V~‘° A-A 8-bit accuracy ) g A--A 8-bit accuracy
vV 5-bit accuracy v~V 5-bit accuracy
%1 0.05 0.1 0.15 0.2 %5 0.05 01 0.15 02 0.25 0.3
Bit Rate prlp] Bit Rate [bpp]
Penguin Light Field Sphere Light Field
48 | l 47 . , , .

'S
o
T
IS
a1
T

o’ o’

k= ko]

o o

Z 44t 1 Za3f

7] )

o o

C C

Saer 1 So#r

] © 3

2 2

Z40f | Gaor EFP 7o 24-pit, full resolution

8 0--0 24-bit, full resolution 8 £ Q A = 14-bit accuracy

Dol e—&a  12-bit accuracy o % 1,7 | —&— 12-bit accuracy |

o« A -A  8-bit accuracy o« Fo w4+ 10-bit accuracy
vV 5-bit accuracy X ~&-- 8-bit accuracy

% 0.65' 0.1 0.15 ¥ 002 o004 0.6_6 008 01 012 014 016
Bit Rate [bpp] Bit Rate [bpp

Fig. 6. Model-aided coding performance. Geometry-model accuracy is expressed in number of bits used to quantize vertex positions along each dimensi

prediction error is DCT-encoded if image quality does not medata. The hierarchical coding order provides short prediction
the desired reconstruction qualify,;,. Next, the three images distances to yield best prediction results, and during decoding,
closest to the mid-positions of the quadrant’s sides (imagesiiltiple resolution levels of the image set can be progressively
in Fig. 5) are predicted likewise using the just-encoded centrcessed. For image-based rendering, the multiresolution
image and the two closest corner images as reference. Aftepresentation allows adjusting rendering quality to available
all quadrants have been considered, each quadrant is dividedchputational resources. To eliminate ghosting artifacts during
into four smaller subregions: the center image B and the polandering, model-aided prediction can also be used to supple-
A image form together with each of the two mid-latitudenent multi-view imagery by providing disparity-compensated
images C two triangular sub-quadrants, while the center imaiggermediate image estimates [44], or by directly warping
B in conjunction with each of the equatorial A images anih-between viewpoints [21].

the two closest C images represent two more quadrangular )

subquadrants. Because each sub-quadrant's corner image<Care0ding Performance

already encoded (the center image B, one corner image A, andthe performance of the model-aided coder has been assessed
one or two mid-side images C), these images are available {ging multi-view imagery from real-world scenes as well as a
prediction of the center and side images of each subdividedmputer-generated image set (Section Il). For encoding, the
region. After the center and mid-side images of all subquadrafisages are converted t6C;,C, color space, and the chromi-
have been encoded, each subquadrant is again subdivideddance components are downsampled by a factor of 2 both hori-
the above-described fashion. Quadrant subdivision continugstally and vertically. Fig. 6 illustrates the rate-distortion per-
recursively until all images are encoded. This way, an imagermance of the model-aided coder for the multi-view image
pyramid of ever-decreasing mutual recording distances gsts. Reconstruction quality is expressed as the peak-signal-to-
established. noise ratio (PSNR) averaged over all image pixels, whereas bit

As all images are predicted from previously encoded imate is given in bits per pixel (bpp). EMC geometry coding bit
ages, a multilevel hierarchy is established among the imagge is included in all curves.
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() (b) (d)

Fig. 7. Image from théMouseset, MAC encoded with 8-bit accurate geometry at different bit rates. (a) Original image. (b) 0.136 bpp at 40.1 dB. (c) 0.018 bpp
at 34.0 dB. (d) 0.009 bpp at 32.7 dB.

For theGarfieldimage set, coding bit rate ranges from 0.0085 V. TEXTURE-BASED CODING
bpp at 32.9 dB reconstruction PSNR up to 0.182 bpp at 42.0 dB
Reconstruction quality of thdouseimages varies from 32.7 dB
at 0.087 bpp to 42.3 dB at 0.218 bpp. TRenguinlight field

By transforming images of a 3-D object into texture maps,
disparity-induced differences between the images can be elim-

inated. If nonvisible regions are suitably interpolated, texture
requires between 0.0067 bpp at 37.3 dB and 0.129 bpp at 42@ VIS g Hntanly | P u

i . , ! ps exhibit higher inter-map correlation than images because
gsbgt]%?;ghgtﬁg%i%n;i%is;'Zgl.lg’géepesr"g%d.ed with O'Olonly reflection properties of the object surface can cause any

Diff i ¢ mati luated to det remaining variation between texture maps generated from dif-
oirerent geometry approximations are evaluated 10 delgiq viewpoints. Texture-based coding is inspired by view-de-
mine best bit-rate allocation. Except for tBphereobject, best

endent texture mapping techniques developed in IBR research
coding performance is obtained if object geometry is appro{b R pping u veloped!

d with 8-bi itional hi 23], [8], [25].

mated with 8-bit vertex positional accuracy. This corresponds, - Progressive Texture-based CodiRTC), reconstructed

to the resolution of the reconstructed volumetric models which, object geometry is used to convert in;ages to view-de-
; s .

c_o_n3|st Of 2 .VOXElS along_or_1e side. More accurate ve_rtex PBendent texture maps. After undefined regions in the texture

sitions do not improve prediction performance but only increa;

trv bt rate. Th i mat i del aps are suitably interpolated, a wavelet coding scheme is
geometry bitrate. 1ne same approximate geometry moaetis %l?ﬁployed to encode the texture information while simultane-

:;T?ltst ht;gh afst er" asbatttvery low cctJdmg bitdgtes, |tnd|<;art]|r; usly exploiting texture correlation within as well as between
at the benetits from betler geometry accuracy outweig ture maps. The progressive coding technique continuously

bit-rate savings from using a more appragghate geglgtiry "8Rcreases attainable reconstruction quality with available bit

reTentanton ?\tle?hat h'glh corlrgjptrestmgp. 1shh - rate. Because PTC is based on texture information, only the
h contrast to the real-world test objeCTQge S@gfephere image regions within the projected geometry model silhouette

Image set shows optimal c.oc-jing results.at R bt accurale, “encoded. Decoding of the progressive bitstream can be
geometry. Because the original 8192—tr|an§kmeregeometry' interrupted at any point of time which allows trading rendering

model is available, prediction quality can be expected to i Uality for frame-rate and, thus, adapting rendering perfor-

prove with approximation accuracy until the exact rendering g fance to available computational resources
ometry is recovered at 24-bit accurate vertex positions. At low '

bit rates, 10-bit accurate sphere geometry achieves best coq&n
results, while improved prediction quality using 12- and 14-bit™ ~ ) ) )

Yrexture Map Generation

texture can be easily parameterized over each triangle sepa-
D. Reconstruction Quality rately, individual triangle-texture patches are very inefficient

Fig. 7 depicts an image of tHdouseimage set that is en- to encode as correlation across adjacent triangles cannot be

coded at different bit rates using the 8-bit accurate geome%ploited. To achieve more efficient texture coding results, a

model. At 0.136 bpp overall coding bit rate and 40.1 dB PSNRONNEctivity-preserving mapping of object surface onto a rect-

the reconstructedlouseémage shows only marginal differencedngular texture map is necessary, preserving texture correlation.

from the original image set, visible merely in the finely texIn the following, a suitable triangle mesh parameterization is

tured pants. When increasing the compression ratio, the pafgscriped for objects that exhibit sphere-like topology.

pattern washes out and becomes blurry. At 34.0 dB PSNR, cor- i i

responding to 0.018 bpp, the fine whiskers cannot be resoh/éd Ge0ometry Model Generation for Texture Mapping
anymore. At the lowest reconstruction PSNR of 32.7 dB, the sil- To parameterize the closed surface of a volumetric object
houette of the depicted object still shows up as a crisp outlireuch that a planar two—dimensional (2-D) texture map can be
The mosquito artifacts outside the object’s silhouette are caugpggherated, the surface must be cut once or several times, de-
by the block-based DCT scheme applied to encode the residp@hding on the body’s topological genus. For objects having
error. genus 0, which are topologically equivalent to a sphere, a simple
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Fig.8. Objectgeometry is initially approximated by fitting an octahedron to the voxel model. By triangle subdivision,Pefigeihgeometry models consisting
of 32, 128, 512, and 2048 triangles are generated.
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ometry triangle area by iteratively shifting texture-map vertex
positions [25]. The resulting optimized texture-map triangles
have the same relative size as their corresponding geometry tri-
angles. Fig. 9 depicts an optimized texture map. The coding gain
achieved by optimizing texture maps depends on target bit rate
and has been found to be more pronounced for finely textured
objects.
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D. Image-to-Texture Map Conversion

=
4,(14--

A well-known problem in texture mapping is aliasing due to
Fig. 9. Texture-map triangles are subdivided equivalent to their geome@ljfferent resolutions in the image and the texture domain. To
mesh counterparts. Afterwards, the texture map is optimized to match gcumvent aliasing artifacts and to guarantee exact reconstruc-
relative triangle area to the geometry triangle size. tion, the texture domain is chosen significantly larger than the
pixel area covered by the object in the images. Since many more
rectangular surface parameterization can be obtained by startiagels are available than object pixels in the images, each texture
from the simple shape of arctahedronFig. 8. By opening the map is only sparsely filled.
octahedron along two edges from pole to pole and along twoThe object pixels in the image are inversely mapped onto
edges on the equator and only mildly distorting the shape of tii# texture plane to determine the corresponding texels’ color
individual triangles, the octahedron’s eight triangles are mappeslues. To convert multi-view images into view-dependent tex-
onto a planar square region while preserving triangle conneare maps, the geometry model is rendered, and each pixel inside
tivity for eight of the 12 octahedral edges [25]. In this mannethe projected model silhouette is assigned its corresponding ge-
an unambiguous, connected parameterization of the entire emetry triangle and the relative coordinates within the triangle.
tahedral surface is obtained, yielding a rectangular, completdlsiangle number and coordinates determine the texel to which
filled texture map. the color value of the image pixel is copied.

To approximate the volumetric geometry model, the octahe-By mapping image pixels onto the texture plane, the texture
dron is placed at the center of the voxel model. Each vertexrigaps are filled unevenly, as depicted in Fig. 10. Invisible trian-
moved along its normal direction until it lies on the voxel modejles cause empty texture map regions, triangles seen at a grazing
surface, obtaining an octahedron-based coarse approximatioamjle lead to sparsely filled areas, while for face-on triangles,
the object’s 3-D shape (Fig. 8). More accurate geometry is affifferent image pixels may be mapped onto the same texel. To
tained by subdividing the triangles, inserting new vertices at thgoid coinciding pixel mappings, the texture map is chosen suit-
edge midpoints to create four new triangles for each previoably large.
triangle. Vertex normals are inferred from the orientation of the By converting images into texture maps, substantially more
adjacenttriangles, and the new vertices are relocated to the vasgkls are introduced than there are object pixels in the orig-
model surface. By repeated triangle subdivision, increasinghal images. To avoid adverse effects from large texture maps
accurate triangle meshes are obtained (Fig. 8), so thatsaftesn compression efficiency, a wavelet coding scheme is applied

subdivisions, the mesh consistsaft2" triangles [25]. to compress the texture information. Because wavelet coding re-
S lies on texture information represented in the frequency domain,
C. Texture Map Optimization bitstream size does not have to increase with map size in the spa-

To map the refined geometry meshes onto the texture pIaH@', domain. In the following, a texture interpolation scheme is
the |n|t|a| texture_map triang'es are Subdivided in the same ngﬁsented tha.t aIIOWS f|”|ng in Undeﬁned texel Va|ueS SUCh that
as the geometry triangle mesh (Fig. 9). Each texture-map fiie wavelet coding bit rate remains minimal.
angle corresponds to one geometry triangle. The texture-map .
triangles are all identical, however, while the geometry triafr: SParse Texture Map Interpolation
gles differ in size and shape. To minimize coinciding pixel map- The undefined texel values represent a large number of de-
pings, which limits attainable reconstruction quality, relativgrees of freedom that can be exploited to keep the bitstream
texture-map triangle size is matched to their corresponding géze to a minimum by matching the texture interpolation to the
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@) (b)

Fig. 10. Mapping image pixels to the texture plane leads to unevenly distributed texture information. Missing texture information is intenqolged!§
within the texture map as well as from other maps. (a) Sparse texture map. (b) Interpolated texture map.

wavelet coding scheme that follows. Because the four—dimeseefficient coding bit rate at a minimum since they represent
sional (4-D) SPIHT wavelet coding method (Section V-F) peenly low frequencies.

forms best if high-frequency coefficients are small relative to For image compression purposes, more efficient basis func-
low frequency coefficients, undefined texels must be interptiens than the Haar wavelet are known [46]. Unfortunately, no
lated subject to the constraint that the applied wavelet tramptimal interpolation scheme could be derived for these more
form results in minimal high-frequency coefficient values andomplex wavelet basis functions because of their overlapping
maximum low-frequency coefficients. For the 4-D Haar waveleggion of support. The PTC codec therefore employs the simple
used, it can be shown that the mean value of the defined texdsar wavelet.

within the region of support must be assigned to the undefined

texel positions in order to minimize the overall energy of thE. 4-D Wavelet Decomposition

high-frequency cogfﬁcieqts [45]. Texture interpola’[io'n is per- Texture maps exhibit statistical properties very similar to con-
formed in all four dimensions. 2 2 texels from 2x 2 adjacent yentional images. In addition, texels at the same coordinates in
texture maps are considered, corresponding to the 4-D Hagferent texture maps display high correlation as they corre-
basis function’s region of support af texels. Those texels syonq to the same object surface point. The 4-D texture-map
within the 24—Fexel region which have been assigned a colfray allows exploiting intra-map as well as inter-map similar-
value during image-to-texture mapping (Section V-D) are ayies by applying the one-dimensional Haar wavelet kernel sep-
eraged, and the so-far undefined texels among the 16 texels gigely along all four dimensions. After the entire texture-map
aSS|gne_d this average value. To mte_rpolate larger undefined tSﬁ'ay has been transformed, the resulting low-frequency coef-
ture regions, the texture-map array is downsampled by a facffents, representing 1/16 of the original texture information,
of 2 along all four directions, assigning to each downsamplegle again wavelet-transformed along all four dimensions. By re-
texel the previously determinezt-texel region average value. peated transformation of the low-frequency coefficients, a hier-
Undefined texels in the downsampled texture-map array are thghy of octave subbands is created. The resulting 4-D array of
again interpolated from locat'-texel regions by taking again ayelet coefficients constitutes a joint multiresolution represen-
the average of the defined texels. Downsampling and interpolgsion of all texture maps [45].

tion continues until all blank texture regions are filled. Fig. 10 14 compress the wavelet coefficient array, t8et Parti-
depicts the sparse and the corresponding interpolated texiyiging in Hierarchical Trees (SPIHTjodec [46] is modified to
map for one frontal image of tféenguin The blocky structures pe appjicable to the 4-D coefficient field [47]. In the modified

in the interpolated map result from the Haar wavelet's square p|qT codec, wavelet coefficients are considered in order
gion of support which for large undefined regions (such as th¢ importance, with large-magnitude coefficients encoded
penguin’s back in the example) shows up as blocks of uniforgyy o, and small coefficient values considered later in
intensity, interpolated from texture maps that actually show thge hitstream. Reconstructed coefficients are at first coarsely
back side. Note, however, that these structures never becor@}?resented and then gradually refined as bitstream decoding
visible during rendering, since they are always on the invisiblgntinues. Higher order statistical dependencies between
far side of the object. Instead, uniformly colored square aréggyelet coefficients in different subbands of the 4-D coefficient
which are aligned with the Haar basis functions keep wavek%tray are exploited to encode the positional arrangement of
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Fig. 11. Rate-distortion curves of progressive texture-based coding (PTC) for different geometry approximations: Reconstruction quatajeafibbyft) are
expressed in relation to the number of reconstructed object pixels.

the magnitude-ordered coefficients. The extended 4D-SPIK¥o a 4-D pyramid of frequency subbands using the Haar
algorithm makes use of dependencies between subbands aleagelet (Section V-F). The coefficients are grouped into sets
all four dimensions. During decoding, all texture maps amccording to the 4-D SPIHT coding scheme, and the array
jointly and progressively reconstructed. Bitstream decoding progressively encoded starting with the highest-magnitude
can be terminated at any arbitrary point to access a (lowavefficient. As many bits are written out to the bitstream as the
quality) version of any texture map. Also, texture informatiopreset bit rate allows. Coding ends after all three color channels
is progressively reconstructed which allows continuous adjusiave been encoded.
ment of reconstruction quality versus decoding speed. Fig. 11 depicts PTC performance for different object geom-
etry approximations, denoted by the number of triangles. Since
texture-based coding can encode only those image regions that
fall within the geometry model’s outline, reconstruction quality
Progressive texture coding starts out by compressing tisemeasured as the average PSNR of the reconstructed object
octahedron-based object geometry using the EMC algoixels only. Consequently, bit rate is measured with regard to
rithm (Section III-C). Object surface parameterization anithe number of reconstructed object pixels only, expressbitsn
texture-map optimization can be deduced from the encodpér object pixel(bpop). In the examples, the object silhouette
geometry model, so no additional mapping information needsvers no more thasy 15% of the total image size, i.e., approx-
to be encoded. For coder evaluation, x38 images of the imately 1.5x10* pixels per silhouette. Note that this is consid-
Garfield, Mouse Penguin andSpheredata sets are transformederably smaller than the texture map size2tf texels.
into 256x 256-texel texture maps. For encoding, the texture At 25.1-dB reconstruction PSNR, ti@arfieldimages are en-
maps are converted t&¥C,,C, color space, and the chromi-coded at 0.0066 bpop, whereas 0.174 bpop allow reconstructing
nance components are downsampled by a factor of 2 in bakie images at 31.3 dB mean object-pixel PSNR. FoMbese
dimensions. Each color channel is hierarchically decomposiethges, bit rate ranges from 0.007 bpop at 24.3 dB up to 0.192

G. Progressive Texture-Based Coding Performance
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(@
Image from th&arfield image set, PTC encoded at different bit rates using the 2048-triangle geometry model. (a) Original image. (b) 0.173 bpop at

(b) © (d)

Fig. 12.
31.3 dB. (c) 0.059 bpop at 29.2 dB. (d) 0.016 bpop at 26.9 dB.

bpop at 29.9 dB. Th@enguinimages are encoded with 0.0076 PTC vs. MAC
bpop at 28.6 dB and 0.212 bpop at 36.6 dB. Coding bit rate for ‘ . A .
the Spheredata set ranges from 0.0087 bpop at24.5dBt00.338 o . . .. . . = . . o--x "
bpop at 38.4 dB. = AT et o
Kok A REE

H. Reconstruction Quality % wl ,;9’06

Fig. 12 depicts decoded images of Barfield data set. The 2 ,Abé:" ........... Vo e a
applied 2048-triangle geometry approximation clips the original G *'| ﬁ&/ \\\\\\\\\\\ :,:\v,‘«.-v*"‘v ]
object along the projected model silhouette. At 31.3-dB recon—%zgf 14 C,%Y;:»"“ﬂ G- & : |
struction PSNR and 0.173 bits per object pixel, only very fine O Ap‘Vf |- ARGt idvd
detail of the fur texture is lost. With increasing compression, g, 'Vvuﬁ'ﬂ TE Mouse ﬂ\%
blurriness increases and the Haar wavelet's nonoverlapping rett | 7 ;Fz :2—” gengu!n (;;%
gion of support causes a checkerboard effect of the textured sur 25-% -e- s?,ﬂi?;“(ém) )
face. At0.016 bpop and 26.9 dB PSNR, the reconstructed objec O Sphere (MAC)
texture is composed of irregularly shaped patches of uniform > 005 01 om 0z = 03
color. Bit Rate [bpop]

Fig. 13. Comparison of model-aided and progressive-texture coding

erformance.
VI. CobER COMPARISON y

To objectively compare model-aided and progressive tex-To investigate the performance differences of PTC and MAC
ture-based coding performance, in the following coding bibr real-world and synthetic images, additional experiments are
rate as well as reconstruction quality are restricted to tleenducted. For a broader experimental basis and to investigate
pixels within the projected geometry silhouette. In Fig. 13he influence of object shape, tBeartest data set are introduced
which depicts rate-distortion performance of the PTC arab a second synthetic image set, Fig. 2. The same texture map
MAC coding schemes, reconstruction PSNR is measured omly for theSphereimages is used to texture ti8tar geometry.
with respect to pixels that lie inside the model silhouette, ats these experiments focus on image-data coding performance,
coding bit rate is expressed Iits per reconstructed objectthe following coding results do not include geometry coding
pixel (bpop), corresponding to Section V-G. The image sets dvi rate. Again, 256« 256-texel maps are used for progressive-
encoded using the same octahedral geometry models for M#&&ture coding.
and PTC. The MAC rate-distortion curves in Fig. 13 therefore Fig. 14 illustrates that if exact geometry is used for PTC and
differ from Fig. 6. MAC coding, the progressive texture-based coder performs sig-

The results depicted in Fig. 13 indicate that real-world objecatsficantly better than model-aided coding for both test data sets.
whose geometry models exhibit only limited accuracy are mo@oding gains are especially impressive for8tarimage set for
efficiently encoded using model-aided compression. At high reshich PTC achieves up to 80% better compression at medium
construction quality, the model-aided codec requires about 4@&thigh reconstruction quality. At low bit rates, MAC performs
less bit rate to encode tiarfield, Mouseor Penguindata set only slightly better than PTC for th8phereobject.
than the progressive texture codec does. Only at the lowest bifo systematically examine the influence of small geometry
rates does PTC perform equally well as MAC. For the synthefitaccuracies on PTC and MAC coding performance, the exact
Sphereimage set, however, progressive-texture coding yiel@&phereand Star geometry models are gradually distorted.
better coding results at medium to high reconstruction qualipue to the volumetric reconstruction algorithm’s implicit
and model-aided coding performs only slightly better at low bghape-from-silhouette approach, the reconstructed geometry
rates. models tend to be slightly too small. Therefore, the vertices
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Fig. 14. Coding performance of MAC and PTC for two synthetis image data sets using different geometry approximations. Geometry accuracy is denoted as
mean radial deviation of vertex positions, expressed in pixels.

of the synthetic data sets are displaced randomly by a snedktion. The main ideas and results of the analysis are summa-
amount along the radial direction toward the object’s centeized here. The reader is referred to the Appendix for more de-
Vertex displacements parallel to the object’s surface do niails.
significantly alter overall model geometry and are not consid- In this analysis, a simple planar geometry is considered, pic-
ered. Geometry distortion is expressed as mean radial vertesed in Fig. 15. With certain camera model assumptions, the
displacement in unit pixels when projected into the imagaulti-view image data set can be considered equivalent to a set
plane. The radial displacement steps are chosen such thataheiew-dependent texture maps, allowing for easy comparison
depicted curves in Fig. 14 correspond to a mean silhouetiEthe texture-based and prediction-based schemes.
mismatch of 1/16th, 1/8th, 1/4th, 1/2th, and 1 pixel. The set of texture maps is treated as a random process, with
Fig. 14 shows that PTC and MAC react differently to in€orrelation both within a texture, and between textures of dif-
creasing geometry error. While at medium to high bit ratefgrent views. The correlation between view-dependent texture
PTC coding suffers a 1-2-dB decrease in reconstruction qualinaps depends upon the geometry error, which is modeled as
from one geometry approximation level to the next coarser leval,random quantity. The texture-based and prediction-based
the MAC encoder shows only marginal loss in reconstructia@oding schemes are modeled as different transformations that
guality for small geometry deviations. Even at the greatest geeek to de-correlate the set of texture maps, allowing them
ometry distortion level, MAC performance degrades only bl be encoded efficiently. The two schemes are compared by
about 2 dB when compared to exact geometry. The experimertahsidering the optimal independent encoding efficiency of the
results indicate that the progressive-texture coding schemesdsulting set of transformed images.
very sensitive even to small errors in object geometry. Fig. 16 shows the numerical results from the analysis for an
To summarize, the texture-based coding scheme PTC is abrangement similar to that in the previous sections. The coding
served to yield superior compression results if exact 3-D scegiiciency, described by rate difference, is plotted against ge-
geometry is available. For approximate geometry, howevernetry accuracy. For rate difference, in bits per pixel, a more
coding efficiency drops quickly, and predictive MAC codingnegative number indicates better coding efficiency. For geom-
attains better compression performance. In the next section, #iiy accuracy, described by the logarithm of the variance of the
empirical result is investigated on a signal-theoretical basis. geometry error, a smaller number indicates a more accurate ge-
ometry.
When the geometry model is approximate and not very ac-
VII. THEORETICAL ANALYSIS curate, the prediction-based scheme out-performs the texture-
based scheme. Here, coding performance is mainly affected by
The effect of geometry inaccuracy on the efficiency of the twihhe amount of correlation between the texture maps, and the
geometry-based coding schemes can be analyzed theoreticpligdiction-based scheme is better able to encode the texture
A statistical signal processing framework for this analysis hasaps. For high geometry accuracy, the texture maps are highly
been developed [48], similar to that for motion-compensatiaorrelated, therefore, image noise dominates the analysis in-
errors in video compression [49], [50]. The theoretical analysi¢ead. The prediction-based scheme is not as efficient as the tex-
qualitatively explains the experimental results from the previotisre-based scheme in the presence of uncorrelated noise. These
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Fig. 15. Object geometry is modeled as a planar surface in th@lane, with vertical error\z. Parallel projection is assumed. The projection of the texture
from the accurate geometry surface onto the model geometry surface results in a texture shiff By, §. This shift is dependent on the geometry error as well
as the camera direction.

1.5 T VIIl. CONCLUSION
ol - ;‘;’;‘éliléﬁ;gaggged ir] In this paper, two different coding schemes for multi-view
— = ! image data were presented that rely on reconstructed, actively
2 o5l |~ acquired, ora-priori known 3-D geometry of the depicted
& scene. Both coding strategies apply 3-D scene geometry in
3 different ways to either successively predict images and encode
8 -3 | the prediction error, or to convert multi-view imagery into
] view-dependent texture maps prior to progressive wavelet
£‘3'5’ | coding. Compression ratios exceeding 2000:1 are observed
o for both coding schemes. In direct comparison, model-aided
% -4r 1 predictive coding is found to be more efficient for real-world
T« images. For computer-generated image sets, however, progres-
-4.5¢ 1 sive texture coding achieves significantly better compression
. than model-aided compression. Experiments with synthetic
B — "_'g""‘_‘é‘""_1""_'5"—_é T o ] > images show that texture-based coding is more susceptible

Geometry Accuracy to small errors in object geometry than the prediction-based
scheme. A rate-distortion theoretical analysis is presented,
Fig. 16. Rate-difference (bits/pixel) versus geometry accuragy,(v120)  explaining the relationship between geometry accuracy and

for the pred|ct_|0n-based scheme and the texture_z-based schemthe square cgding efficiency for both schemes. The analysis confirms
root of the variance of the geometry error. For high geometry accuracy, towa

the left of the plot, the curve for the texture-based scheme is below the cud?l,ﬁt for accurate geometry, the texture-based scheme is more
of the prediction-based scheme, indicating greater efficiency. Conversely, &fficient than the prediction-based approach, whereas for

less accurate geometry, on the right side, the prediction-based scheme perfqggg accurate geometry, the prediction-based scheme is more
better. In this graph, the ratio of noise variance to signal varianee=s0.001. efficient !

results qualitatively agree with the observations from the exper-
imental results.
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Fig. 17. Signalsc; are produced by shifting the original texture signaby (A..., A,.) (described by the transfer functiaB;(w.,w,)) and adding
signal-independent noise . The signals:; are linearly transformed (matrik) to give the signals;. Each signat; is then independently encoded.

APPENDIX The set of texture images, given in vector form
c = [c1 ez --- cn]¥, represents the image data that is to
A. Signal and Encoding Model be encoded. Both the prediction-based and the texture-based

In this analysis [48], a simplified model for the geometry Ofcheme take a linear t;ansggrrlrj ofto prO(f:iuce the set 9f
the object is employed: a planar surface. A 2-D texture signgi29¢se = [_61 eﬁ oen] f. This lineghgns or_matlon mﬁtrlx
u(x,y) exists on this surface, viewed by cameras that have . aPPears in the transformation equatien = T'c. This

direction vectorsy, rz, . .. , rn. This arrangement is illustrated M0de! assumes that the componeaisc;,...,cy are then
in Fig. 15. independently encoded.

In addition, the surface is assumed to be Lambertian. All non-USing the transforrf’, the correlation between images can be

Lambertian view-dependent effects are modeled as noise. fﬁguced and therefore the entire image data set can be encoded

camerathatimages the scene uses parallel projection and suffepse efficiently. The analysis centers on the effects of using dif-

no band-limitation restriction due to imaging resolution limits€7€Nt transformation matrices. For the texture-based scheme,

As a result of these assumptions, the image signal is essg]xF_transform matrix describes a 2-D Haar wavelet subband de-
tially the same whether in the texture or image plane. TherefoFé’,mpoi't'o,n' In the prediction-based sclheme, the dllffer.enceft.)e—
prediction between images can be performed in the texture pl enthe Image tf? be Erec.hcrt]ed andfa Inear cqmgmau%n 0 'r:fs
instead of the image plane, making the comparison between tf dr_en_ce images fgggken; the ignsform matrix describes this
texture-based and prediction-based approaches simpler. ~ Prediction structure. = _ o

As illustrated in Fig. 15, the geometry error is modeled as The block diagram in Fig. 17 illustrates the relationship be-
an offsetA of the planar surface from its true position. WhefVe€N: ¢, ande.
the image is back—pro_Jected from wea_mnto t_hls macc_urate B. Statistical Model
geometry, this results in a texturethat is a shifted version of

the original texture signal given by the equation The texture signab is assumed to be wide-sense sta-

tionary random process witlpower spectral density (PSD)
iz, y) = v(@ — Ay, y — Ay,) + ni(z, y) (1) Pun(ws,w,). If the set of transfer functions that represent the
' ' shift in the texture map is denoted by the column vector
wheren; is the additive noise component that represents all non- D, o= (wa AutFwy Ayr)
Lambertian view-dependent effects. D, =3 (wo Apatwy Ayo)
The shift, which depends only upon the camera’s viewing D= . = . 4)
directionr; = [riy iy 7:-]7 and the geometry erraiz, is : . :
. . —jwe Dy v Fwy Ay
described by the equation Dy oI (WeBan by Bun)

then the power spectrum of signals

A,
Tl =Az . 2
|:Ayi } : [,—y} @ Vee = D @y D + @ppy = @0y DD + @y (5)

The shift is a linear operation that can be represented in tbere,,,, represents the power spectrum of the noise vector
frequency domain as the transfer function n = [n; na --- ny]? and the superscrigi denotes the com-
plex-conjugate transpose of the matrix. Note that kibthand
Di(wy,wy) = eI @Bt du) (3) @, are matrices of siz& x N.
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1 P(QT(al — az))
P(QT(ag — al)) 1

P(Q;(al —an))
E{DD"} = P(§¥" (22 = an)) @

PO (an —a1)) PO (an — a2)) 1

The shift amount of each texture map can be considereetay errorAz. There are two main regions of the curve that are
stochastic quantity based on the random varigbleresulting interesting: the high geometry accuracy regime to the left and
in the following expression: the low geometry accuracy regime to the right.

- In the low geometry accuracy region, the misalignment be-
Do = oy E{DD} + P (6)  tween textures due to the texture-map shifts dictates the perfor-

whereE{D D"} is defined by (7), shown at the top of the pagdnance of the coding schemes. The prediction-based scheme pre-

P(w) represents the one—dimensional (1-D) Fourier trandicts from views that have similar viewing direction, therefore
form of the continuous pdf of the random varialler, Q = the relative misalignment is smaller than in the texture-based

[we wy]T anday = [rip/7iz 73y /7i2]7- sche.me which en.codes a]l views simultqneously. A s:imilar geo-
The power spectrum of the transformed sigais metric argument is used in [52] to explain the experimental re-
sults. A bit-rate difference of approximately 1/2 bits/pixel is ob-
served between the prediction- and texture-based approaches.
This corresponds to approximately a 3-dB difference in image
quality.
o For very high geometry accuracy, there is very little misalign-
To compare the texture-based and prediction-based @Rent due to geometry error, so, instead, noise dominates the
proaches, the rate difference equation analysis. The texture-based coding scheme employs an orthog-

1 [~ 7 B ) onal transform that preserves the noise variance. In the case of
AR; = — log, [ =Y Y)Y gy dwy,  (9)
872 J_.J_. G i (W, wy) &

the prediction-based scheme, subtracting two or more indepen-

dent noise signals increases the noise variance, and therefore
which represents the savings in bits per sample from encodifiggrades performance. This is why the texture-based scheme
the signale; instead of the signad;, is used. This formula is outperforms the prediction-based scheme by 1/4 bits/pixel, cor-
based on optimal encoding of a stationary, Gaussian signat@ponding to 1.5 dB in image quality.
high rate [51]. It should be noted that the analysis makes several assump-

The bit-rate savings is averaged over the entire set of imagishs about the formation of the light field images, and further

to obtain the overall rate difference assumes that these signals are Gaussian and are encoded at high
1 rate. In light of these assumptions, comparisons between the the-
N oretical and empirical results can only be qualitative, and apply
only to the higher bit rates of the experimental results. How-
ever, for synthetic as well as real-world data sets with approx-
imate geometry, the experimental and theoretical results agree

. : . ; 1at the prediction-based scheme is more efficient. For the syn-
etry accuracies, 256 views arranged in a regular fashion over{ &tic multi-view data sets. with high geometry accuracy, both

hemisphere, similar to the arrangement in the experlment_s, ﬁ{gory and experiments suggest that the texture-based scheme
used. For the random geometry erfor, a zero-mean Gaussian

probability density function (pdf) with variane€® is assumed. Ry~ mcient
All noise components are considered to be independent of

one another. In addition, the noise signal spectrum is assumed

to have the same shape as the image signal spectrum. The r&J S: E. Chen, “Quicktime VR — An image-based approach to virtual en-

sults do not change significantly even if a flat noise spectrum vironment navigation,” irroc. ACM Conf. Computer Graphics (SIG-

¢, =7%.,.7T" =%,, T E{DD*}T" +T®,, T". (8)

C. Performance Measure

AR = =% R, (10)

D. Numerical Results
In evaluating the rate-difference equation for various geo
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