Volumetric Video Compression for Interactive Playback ?

Bong-Soo Sohn  Chandrajit Bajaj Vinay Siddavanahalli

Department of Computer Sciences, Center for Computational Visualization
Institute for Computational Engineering and Sciences
University of Texas, Austin, TX 78712

Abstract

We develop a volumetric video system which supports interactive brows$icgnapressed
time-varying volumetric features ( signi cant isosurfaces and intervAlmes ). Since the
size of even one volumetric frame in a time-varying 3D data set is very laggesmission
and on-line reconstruction are the main bottlenecks for interactive remaializigtion of
time-varying volume and surface data. We describe a compression scbheercbding
time-varying volumetric features in a uni ed way, which allows for on-lineaestruc-
tion and rendering. To increase the run-time decompression speed mapdession ratio,
we decompose the volume into small blocks and encode only the signi cartsbthat
contribute to the isosurfaces and interval volumes. The results showuthabmpression
scheme achieves high compression ratio with fast reconstruction, whidfedsive for
interactive client-side rendering of time-varying volumetric features.

Key words: Time-Varying Volume Visualization, 3D Video, Compression, Isocontouring ,
Hardware-Acceleration, Wavelet Transform

1 Introduction

Scienti ¢ simulations of today are increasingly genergtaensely sampled time-
varying volume data which have very large sizes. For exantpke size of an
oceanographic temperature change data set tested in thes [3a237MB/frame
(2160£ 960£ 30 oat) £ 115 frames, and the gas dynamics data set is 64MB/frame
(256£ 256£ 256 oat) £ 144 frames. To visualize such time-varying volumet-
ric data,volume rendering@ndisocontouringtechniques are performed frame by
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Fig. 1. Interactive Volumetric Video Playback of Simulated Explosion Gasabyos.

frame, so that a user can navigate and explore the data qede and time. Both
rendering techniques have their own strengths. While voltandering can display
amorphous volumetric regions speci ed by the transfer fiomcwith transparency,
isocontouring can provide the geometric shape of the sesfapeci ed by signif-

icant isovalues. Both techniques can be combined for bettgenstanding of the
overall information present in a volumetric data set. Faregle, gure 1 shows
visualization of simulated explosion during galaxy forraatthrough rendering of
time-varying volumes and isosurfaces.

While current state-of-the-art graphics hardware allowy v&st volume and sur-
face rendering, transfer of such large data between datarseand browsing clients
can become a bottleneck due to the limited bandwidth of nédsvdEf cient data
management is an important factor in the rendering perfoomaTo reduce the
size of the data set, it is natural to exploit temporal andigpbaoherence in any
compression scheme. However, since the data size of evewgla siame is very
large, run-time decompression can also be a bottleneckteractive playback.

From this motivation, we have developed a uni ed comprassoheme for en-
coding time-varying volumetric features. In most cases,use the ternfeature
to mean an isosurface and/or an interval volume speci ed byadar value range.
An interval volume can be a whole volume. The inputs for caspiron are iso-
valuesiso;i = 1::k, | value rangegra; rpli;i = 1::1 and discretized time-varying
volume dataV. The dataV, containingT time steps can be representedvas
fV1;Vo; Vg, where; = f fit;j;kji; J; kare indices ok;y; zcoordinateg is the vol-
ume at time step, containing data vadue’q‘;j;k at the indices; j;k. Our primary
goal in compression is to

2 compress time-varying isosurfaces and interval volumesuni ed way.

2 reduce the size of time-varying volumetric data with minimeage degradation.

2 allow real-time reconstruction and rendering with PC greplhardware accel-
eration.

We borrow the idea of MPEG compression to ef ciently expkpatial and tempo-
ral coherence in data sets. However, direct extension of ®RIE 2D video com-



pression to the compression of time-varying volumetri¢dess is not suitable for
satisfying our goals. Since MPEG encodes and decodes elslyin each frame
of the volumetric time-varying data, unnecessary regioitBimthe data may also
be encoded and decoded.

We adopt a block-based wavelet transform with temporal éingoin our com-
pression scheme. The wavelet transform is widely used foar&D3D image com-
pression. By truncating insigni cant coef cients after welet transformation, these
schemes achieve high compression ratio while keeping nainimage distortion.
However, complete transformation of each frame is a wasspate and time re-
sources, because function values not contributing to tengsosurfaces and vol-
umetric features do not need to be encoded. In addition, ah&ibuting values
which have small changes over time do not need to be updakedefbre encod-
ing and decoding only the values signi cant in space and tins¢ead of the full
volume can improve both compression ratio and decompresgieed.

Each volumetric frame is classi ed as either an intra-coftadche or a predictive

frame. The intra-coded frames can be decompressed indeqmind/hile the pre-

dictive frames are the differences from their previous fanmissuming that differ-
ent blocks have different temporal variance, we can sorblbeks based on their
temporal variance and truncate insigni cant blocks to aghihigher compression
ratios and faster decompression speeds.

In addition to ef cient compression, fast reconstructioxdaendering of the iso-

surface and volumetric features are also achieved. By atigjicdeed cells in the

compressed stream of each volume frame, the rendering er@as construct the

isosurfaces in minimal time. The fast speed comes from rémgdte search phase
for nding at least one cell intersecting with each isosagaomponent. Since the
isosurface is xed, we need to store only one seed cell peuigace component,

which hardly affects the compression ratio. We can also cesgthe selected set
of components in isosurfaces and volumes, and their evollnly using the feature

tracking method [24]. The reconstructed features can laeredl in real-time using

PC graphics hardware.

Figure 2 shows the overall architecture of our interactiokimetric video frame-
work. The algorithm requires the features to be de ned befmmpression. These
features can be identi ed manually or by automatic featwetdtion tools [18]. To
save disk storage space and to overcome the limitation di&@width in network
systems, a series of compressed frames are read from date sewers to brows-
ing clients. Once each compressed frame is read, it is de@ssgd in software.
The reconstructed image array is used for acceleratednsmming and also sent
to the texture memory in the graphics hardware for displaymwiumetric features.
This architecture can allow users to explore and interattt isosurfaces embedded
in the amorphous volumetric features in space and time,lwikiour ultimate goal.
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Fig. 2. Interactive Volumetric Video : Remote Streaming and Display Pipeline

The remainder of this paper is organized as follows. Fih&,related work is de-
scribed. Then, in section 3, an architecture for displayiolgimetric video is de-

scribed. In section 4, a volumetric video compression sehsapporting inter-

active decompression is proposed. Section 5 describeschame for interactive

browsing of compressed time-varying features. Experialgesults are described
in section 6. Finally, in section 7, we give a conclusion.

2 Related Work

Visualization of time-varying volume data has been a chgiileg problem. Com-
pression, time-based data structures, and high perfoenaraalization systems
have been introduced to cope with overwhelming data sizdshaavy computa-
tion requirements.

CompressionCompression is extremely useful for large data manipulatspe-
cially for transmission of data from servers to browsingits. Since scienti c data
tend to be very large and have lots of redundancy, peoplempi@iise compressed
data for ef cient use of the memory and 1/0 bandwidth. A numbgalgorithms
for image and surface compression have been developed.

Papers on single resolution and progressive compressitmanfulated surfaces
(e.g. isosurfaces) include those by [27,12]. A compressatreme specialized for
isosurfaces [29] utilizes the unique property of an iscseefthat only the signi -
cant edges and function values de ned on a vertex are redjtorbe encoded.

Most image compression techniques are geared towardsvaxhihe best com-
pression ratio with minimal distortion in the reconstrutitmages. JPEG and MPEG
[6] are developed for compressing still images and 2D vidsa @ith controllable



size and distortion tradeoff. Embedded coding algorithothsas embedded zero
tree wavelet (EZW) [21] and set patrtitioning in hierarchicaks (SPIHT) [19] are
useful for progressive transmission and multimedia appbos.

For 3D image compression, Ihm et al. [11] described a waNsdsed 3D compres-
sion scheme for the visible human data and later extended3DtRGB image
compression for interactive applications such as lightt eendering and 3D tex-
ture mapping [1]. Compression ratios can be improved by caygi@and encoding
only signi cant structures and features in the data setdR,lh those compression
schemes the primary goal is fast random access to data, mhiletaining high
compression ratios. This allows interactive renderingaojé volume data sets [9].

Guthe and Straser [8] applied the MPEG algorithm to timeAvay volume data
using wavelet transformations. They compare the effectaaifon compensation
and the usage of different wavelet basis functions. Lum.dLd] exploits texture
hardware for both rendering and decompression. Since datansferred in the
compressed format between different memory systems, i@ ts signi cantly

reduced.

Time Based Data StructuresTime-Space Partitioning(TSP) Tree was introduced
and accelerated later by using 3D texture mapping hardwa}dol fast volume
rendering of time-varying elds. The ef ciency comes frorkigping insigni cant
rendering operations and reusing the rendered images pféh@®us time step.

Shen[22] proposed the Temporal Hierarchical Index (THB€eldata structure for
single resolution isocontouring of time-varying data, byextension of his ISSUE
algorithm [23]. The THI tree provides a compact search stingg while retaining

optimal search time. Hence, expensive disk operationsetoieving search struc-
tures are reduced. Sutton et al. [26] proposed Temporal BraneNeed Tree by
extending octrees for minimizing unnecessary I/O accedssapporting out-of-

core isosurface extraction in time-varying elds.

Shamir et al. [20] developed an adaptive multi-resolutiatadstructure for time
dependent polygonal meshes calleBAGTime-Direct Acyclic Graph)T-DAGis
a compact representation which supports queries of the (tnme-step,error-tol)
and returns an approximated mesh for that time step, siisfige error tolerance.

High Performance Visualization SystemsMa and Camp [15] describes a remote
visualization system under the wide area network envirarirfee visualization of
time-varying data sets. Current state-of-the-art gragacdware enables real-time
volume and isosurface rendering [28] and decompressidn [14

Isosurface Extraction A large amount of research has been devoted in the past for
fast isosurface extraction from 3D static volume data. TreedWling Cubes algo-
rithm [13] visits each cell in a volume and performs apprataiocal triangulation

for generating the isosurface. To avoid visiting unneagssalls, accelerated algo-



rithms [4] minimizing the time to search for contributinglseare developed.

The contour propagation algorithm is used for ef cient isidace extraction [3,10].
Given an initial cell that contains an isosurface compongr@ remainder of the
component can be traced by contour propagation. This prop&gni cantly re-
duces the space and time required for searching cells camgahe isosurface by
using a small number of seed cells. Multiresolution [7] arEwdependent tech-
niques [30] are useful to reduce the number of triangles iis@surface.

3 Interactive Volumetric Video

Like widely used 2D video systemsyalumetric videsystem displays a sequence
of 3D images over time, frame by frame. While in a 2D video, ssan only look
at continually updated 2D images in a passive way, a volumeitleo, or time-
varying volume visualization system allows them to explanel navigate the 3D
data in both space and time. Considering that most scientinugtions generate
dynamic volume data, volumetric video systems are espgbielpful for scienti ¢
data analysis.

A naive way for displaying time-varying 3D volume data is &ad each frame
from the data server and render the volume with the giveralisation parameters.
Since most time-varying scienti ¢ data sets are very lange laave high spatial and
temporal coherence, it is natural to apply compressiondducing storage over-
heads and transmission times. However, run-time decosipresf data encoded
by standard static and time-varying image compressionnsebemay become a
bottleneck in real-time playback of volumetric video besathey usually decom-
pose an image into blocks and decode every block during de@ssion. During
compression, we order the blocks based on their signi camzbencode only sig-
ni cantly changing blocks. This increases the run-timeatapression speed as we
have limited the number of blocks to decode.

A two-stage strategy is adopted to enable interactive &g and exploration of
very large time dependent volume data. In the rst stage ersdver side, the large
time-dependent volume is analyzed and processed on a hifgripance server
so that results of this volumetric processing is an intetiatedmulti-resolution,
time-dependent volumetric representation of interesfigagures (isosurface, vol-
ume within a range) of the data, generated and stored in aressgd format. The
intermediate multi-resolution representation permasd#offs between interactivity
and visual delity for the second, interactive browsinggsaln the second stage on
the client side, the volumetric video is decoded and playsetk by an interactive
visualization browser that can be made available on a stdratsktop worksta-
tion equipped with a 3D graphics card. In contrast to a stahd@aeo player, the
visualization browser can allow certain levels of interatt such as dynamically



changing viewing parameters, modifying lighting condiSpand adjusting color-
opacity transfer functions, in addition to timed playbadklee volumetric video
along with some user-speci ed y-path in space and time.

4 Compression Scheme

In this section, we describe a uni ed scheme for compresbimity time-varying
isosurfaces and volumetric features at the same time. Bydamgonly signi cant
function values based on associated weights using a wavaletform, we can
achieve high compression ratios. However, simple funaiocoding requires on-
line isosurface extraction in the client side. To accekethts surface extraction
process, we insert seed cells into the compressed volume$ta
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Fig. 3. Overall compression algorithm

4.1 Compression

The input data set is a time dependent volume datd/setf V1;Vo; :::; Vrg with k

isovaluessoy;::;;isoc andl value ranges; = [ra;rp]a; 51 =[ra; rp)i. Each frame
of the volume is classi ed as either an intra-coded frame prealictive frame. For
each isovalue and range, the reconstructed quality candme e as a threshold
value for wavelet coef cients and another threshold valuetfie blocks in predic-
tive frames, such that wavelet coef cients or blocks nots$gihg that value are



truncated. The criteria for truncation is given in the stepthe compression algo-
rithm below. The whole data set is represente¥ as ff 11;P11;P12, ... Pip,0; ...
FIn; Pz Pazs - s Pupy@gwherel; is an intra-coded frame in th& temporal group
andp; is the " predictive frame in thé" temporal group.

Assuming that there are only small changes between comgedtmes, wavelet
transformation of changes instead of the entire frameslyibigher compression
ratios and lower decompression times. The compression ofteaframe is inde-
pendent of other frames while compression of a predictiaen® is dependent on
previous frames in the same temporal group. The overall cesson algorithm is
shown in gure 3. Note that compression is performed on easbrae and only
signi cant values contributing to the features are encoddt3D frames are de-
composed into € 4£ 4 blocks and wavelet transformation is performed on each
block contributing to the speci ed features in the voluméeTsteps of the com-
pression algorithm are as follows:

(1) difference volume DV = Vi Vk 1» whereV is original image ok-th frame
ande 1 Is the reconstructed image of the compressed volgme. If V is
an intra-coded frame, we assuM% 1=

(2) wavelet transformation: WDV = wavelet transformation ddVk. Compute
coef cients c1;:::; ¢y representingddV in a three-dimensional Haar wavelet
basis.

(3) classi cation Each wavelet coef cient and blockb is classi ed as either
insigni cant or signi cant. c andb are further classi ed based on which fea-
tures they contribute tac and/orb can belong to more than one feature. In
such cases, the survival obr b is dependent on the highest weighted feature
that contains them.

(4) truncation of blocks A block which does not contribute to the features or
has very small changes over time is considered as an insigmi block. By
truncating insigni cant blocks, we can achieve higher coegsion ratios and
can control the time for the volume reconstruction. To idgrilocks con-
tributing to thei-th feature and having insigni cant changes, the sum of the
square of coef cients is compared with a threshold vdludf the sum is less
thanl j, the block is truncated. For encoding the truncated blook; one bit
is assigned in the block signi cance map.

(5) truncation of wavelet coef cients: Thei-th feature to be compressed has its
own weight represented as a threshold va|uBy setting the threshold value,
the reconstructed quality of a speci ¢ feature can be cdiettlo If a wavelet
coef cient ¢ associated with theth feature is less than, the coef cient is
truncated into zero.

(6) encoding The overall encoding scheme is shown in gure 4. Once wavele
coef cient truncation is performed based on each featureight, we take the
surviving coef cients and encode them. The encoding isqrened on each
block, resulting in a sequence of encoded blocks. We cla6difcoef cients
in a block as one level-0 coef cient, 7 level-1 coef cientadh8£ 7 level-2



coef cients to take advantage of the hierarchical struetifra block.

In the header of a frame, a bit stream representing each'dlsigki cance
is stored to indicate whether the block corresponding td daicis a zero-
block or not. This avoids additional storage overhead fsigini cant blocks.
One bit is assigned to each block in a sequence. Then, for sguohcant
blocks, we store an 8bit map representing whether the ord0Geand seven
level-1 coef cients are zero or not. Next, we have anotheit &lap represent-
ing whether each eightf2 2£ 2 subblock has non-zero wavelet coef cients
followed by a signi cance map for representing non-zereele¥ coef cients.
After storing the level-2 coef cient signi cance maps, tlaetual values of
non-zero wavelet coef cients are stored in order. We usealliytes for stor-
ing each coef cient value. Lossless compression is furéipglied to improve
compression.

a seque of o
encoded block significant coefficients encoded block n

i it | Qbit-
0010000100...010| 8bit | 8bit 64bit

block significance maq”

01-level coefficient
significance map

subblock significance map

2-level coefficient
significance map

Fig. 4. Suggested encoding scheme for supporting fast decompressldrigh compres-
sion ratios

4.2 Seed Cells Insertion

To allow browsing clients to quickly extract isosurfaceseated in a volume, seed
cells are attached to the compressed stream of each franeedicsll is guaranteed
to intersect with a connected component of the isosurfaceefprming surface
propagation from the given seed cells, we can avoid visitimgecessary cells and
save extraction time. Since only one seed cell per isoseidamponent is neces-
sary, the size of the seed cells is negligible and searcbktstes such as octrees
and interval trees are not required. Therefore, the isasaréxtraction time is only
dependent on the number of triangles regardless of the \@hire.



(@) (b)

Fig. 5. Performance comparison of different encoding schemes. Ajthiine compression
ratio of (a) and (b) is same (181:1), the quality of the reconstructed iméawgg (@ is better

than (b). RMSE of (a) is 0.110 and (b) is 0.131. (a) Only the values conitniipto features

are encoded. (b) Every value in the volume is encoded.

4.3 Run-Time Decompression

Since we have a sequence of wavelet encoded volWigg, we can get an ap-
proximated imagwk0 by decoding and performing an inverse wavelet transforma-
tion. More speci cally,Dv,/'= mverse trans formatiofwDVi) andVv,?= VkO 1+ DVk.

For the intra-coded framé, V% ; = 0 and we can ge¢.° directly from D\/OWIth

no dependency on other frames Onas reconstructed, succeeding predlctlve
frames can be decoded frame by frame until the next intred¢dme is reached.

The decompression is based on block-wise decoding. In-cuded frames, every
block needs to be decompressed with complete inverse wakaahsformation. On
the other hand, in predictive frames, only signi cantly olgang blocks are updated
so that it can approximate the actual image as accuratelpssie while mini-
mizing decompression time. The speci ¢ decoding algoritbras follows. Using
the block signi cance map, we can identify every signi caslock and its corre-
sponding encoded blocks. For each encoded block, perfoenfiottowing steps:
Read 8bith7; :::;bg to decide whether one level-0 coef cient and seven leveb-l ¢
ef cient are zero or not. Next, read 8hi;:::;b3 to decide whether each eight
subblocks has non-zero value or notbff wherek = 1;:::;8, is set as 1, read 8bit
ck; 1 ¢k to determine which coef cients of thieth subblock are non-zero. From
the signi cance maps read above, we can read the actual eanepef cients in
order. When all values of the coef cients are determinedeise transformation is
performed to get the actual data values and the corresppbtbiok is updated.

Once signi cant function values are decoded, we performusface extraction. For
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each signi cant isovalue, we have a seed set, and hence weetorm the above
extraction quickly.

5 Interactive Browsing

While compression ratio is an important factor for improvif@ performance in
the memory and network systems, it is equally important thatvisualization
browser can read and interactively display compressedras®f multiresolution,
time-varying data sets.

5.1 Multi-Resolution Isosurface Rendering

Since an isosurface often contains a lot of triangles, masitilution techniques are
necessary for saving both extraction and rendering time teesdaoff with visual
delity. One strength of wavelet transforms is that it prdgs multiresolution and
compressed representations in a consistent format.

Fig. 6. Three different levels of an isosurface. The number of isaseitriangles and ex-
traction time for level O (left), level 1 (middle), and level 2 (right) are ( 188204ms ), (
41624 ,625ms ), and (207894 , 3110ms).

In our block-based wavelet transform, there are 3 levelsisting of one 0-th level,
seven 1-st level, and fty six 2-nd level coef cients. Thetldlevel coef cient pro-
vides low-pass Itered average value oE4 £ 4 cells. 0-th level and 1-st level
coef cients together provide approximated intermediaikies averagingf 2£ 2
cells. When fast extraction and rendering of isosurfacesrames important than
accuracy, the client can take only the 0-th level and/or I&atl coef cients, and
reconstruct a volume of lower resolution. Since the recacgtd low resolution
volume is a good approximation of the original volume, nolyas the extracted
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isosurface a good approximation of original isosurface e number of triangles
extracted is also reduced. This process has the effect epéss Itering the vol-

ume, which can remove noise and artifacts incurred by loesypcession. Figure
6 shows three images rendered using the same volumetridddt@ifferent levels
of an isosurface.

Fig. 7. The visualization of the oceanographic temperature change datdpperleft :
Isosurface Rendering , Lowerleft : Volume Rendering , Right : ComtbiRendering of
Isosurface and Volume.

5.2 Combined Rendering of Isosurface and Volumetric Data

We combine isosurface and volume rendering to take advestaf both tech-

niques. We take an isosurface as the region we need to sesaitegdetail, with an

opaque or translucent volume in the object space. The regngdessults are shown
and compared in gure 7. In this data set, isosurface extagirovides a shaded
surface representing a speci c temperature value. Voluemglering shows tem-
peratures around the isosurface. By combining both tecksiquasual information

contained in the rendering is enhanced.

We tested our work on an implementation based on OpenGL. Glipgives us
the ability to perform depth tests and maintain a depth map.tdke advantage
of this to render the isosurface and volume in a consisteminera So we set the
isosurface to be completely opaque and render it using Olpewi#h the depth
test on. Then, we render a set of 3D textured polygons slieed & volume from
back to front ordering. This is consistent with what is recoemded in the OpenGL
documentation [17].

During the rendering of the isosurface, we build up a depth,méich is used dur-
ing volume rendering. While isocontouring in general nedldsge amount of time,
we already have the seeds required to perform the seed senhtsaring. Hence,
we achieve fast isosurface reconstruction. When we perfalome rendering, to
obtain correct transparency results, we render the polygoa sorted order. While
it is generally time consuming to perform polygon sort, N&id graphics card's 3d
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Data Res. type | #frm | 1 frm size

Gas 256£ 256£ 256 | oat | 144 | 64MB
Ocean(decim)| 512£ 256£ 32 | oat | 39 16MB
Hemoglobin || 128£ 128£ 128 | oat | 30 8MB

Table 1. Information on time-varying data sets

texture mapping capability helps overcome this. The volula is stored in the
graphics card texture memory. We create polygons througmples incremental
algorithm, making slices through the volume. These polggare rendered with
the corresponding texture values in the 3D memory. An ictera transfer func-
tion map to control color and opacity values is used to olta#required images.
If the user rotates a volume, we need to update the slicirgtion. To get slightly
better performance, we turn off building the depth buffesifg glDepthMask(0) )
when we render the volume, as we are sure of rendering thg@adyin order, and
since all polygons previously rendered are opaque.

Average Compression Ratio - 148:1, RMSE - 0.108

Frame#| Recon. time] RMSE* | Comp. ratio
1(1) 687ms 0.105 40:1
2(P) 177ms 0.131 378:1
3(P) 271ms 0.101 182:1
4(P) 235ms 0.103 234:1

Average Compression Ratio - 301:1, RMSE - 0.139

Frame#| Recon.time| RMSE* | Comp. ratio
1(1) 489ms | 0.127 70:1
2(P) 141ms 0.156 988:1
3(P) 207ms 0.130 422:1
4(P) 188ms | 0.134 516:1

Table 2. Compression performance on gas dynamics data set ( * : orilginaity range
[0:;8065299 )

6 Experimental Results

Compression and rendering results were computed on a PCpeglngth a Pen-
tium 111 800MHz processor, 512MB main memory, and a NVidiaFBece 3 graph-
ics card which has 128MB texture memory. We used standaraGipéunctions
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Fig. 8. Gas dynamics data set. Original volume (left), reconstructed volitheempres-
sion ratio 148:1 (middle), and compression ratio 301:1 (right).

Fig. 9. Gas dynamics data set. Zoomed images from gure 8.
for 3D texture-mapping based volume rendering.

Table 1 provides information about our test data sets. Thedata set is generated
from a computational cosmology simulation for the formatas large-scale struc-
tures in the universe. Since the functions in the data set hagligible changes
in the last few frames, we have given all our compressionltedor this data set,
based on the rst 100 frames. The second data set is gendrmatatdoceanographic
simulation and represents temperature changes in the ovearime. The origi-
nal model has an approximate resolution of 1/6 degree (2%686D) in latitude
and longitude and carries information at 30 depth levelsc&the original reso-
lution of the data is too high for hardware volume renderimg,decimated it into
512£ 256£ 32 by subsampling and took every third frame. The third datass
obtained from hemoglobin dynamics simulation. The simotagenerated a se-
guence of hemoglobin pdb les with thirty time steps and #&let density volumes
are computed from each pdb le.

For testing the performance of our compression scheme, weded only high
temperature regions ranging between 21.47 and 36.0 (selsgree) in the oceano-
graphic temperature data set and high density regionsngihgtween 0.23917 and
3.26161 in gas dynamics data set as shown in Figure 8 and 14). éicoding
wavelet coef cients, we usegzipfor lossless compression.

Table 2 and 3 show the reconstruction time, root mean squeared(RMSE), and

the compression ratio changes over time in gas dynamics e@ahography data
sets. The reconstruction time includes the time for disklyganzip and decoding
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Fig. 10. Oceanographic temperature change data set. Original volurfjeafidf recon-
structed volume with compression ratio 183:1 (right).

Fig. 11. Oceanographic temperature change data set. Zoomed imagegureniO.

of wavelet coef cients. The RMSE was calculated using onbsiiafunction values
which contributed to the features. The compression ratie e@culated by com-
paring the size of original time-varying volume data anddeabased compressed
data encoded by applying our lossy compression and gzip.oAsgn see in the
tables, the reconstruction time of a P frame is much less ti@nof an | frame
while the compression ratio of P frame is much higher thahdghan | frame. The
reason for this is that our compression scheme only encagi@scantly changing
blocks in P frames.

In gure 5, we compare our feature based encoding (FBE) scheitirethe full
volume encoding (FVE) scheme. Since FBE encodes only thesalontributing
to the speci ed features, both the decompression time aadctmpression ratio
are signi cantly improved with respect to schemes encodulgvolumes. While
transmission and reconstruction times of volumetric andusface features are re-
duced by FBE encoding, client-side rendering is signi cpiattcelerated by using
PC graphics hardware.

Figures 8 and 9 show a typical frame of the gas dynamics dat@ms®ressed with
different compression ratios. Figures 10 and 11 show the ofwwo isosurfaces
of speci c temperatures. Figure 9 shows a zoomed view of #maesset of vol-
umes rendered in gure 8. We notice that good visual quasitynaintained even at
such zoom factors and high compression ratios. While a zoomagde of a vol-
ume compressed at a ratio of 148:1 is visually almost the sestlee original, we
get only a few artifacts at compression ratios of 301:1. Fegul0 and 11 show
that similar results were obtained when our compressionamiering scheme was
applied to the oceanographic data set. We have used isossitfiatrack the move-
ment of water with a speci ¢ temperature and a translucehinaetric region to
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Average Compression Ratio - 183:1, RMSE - 0.090

Frame#| Recon. time| RMSE** | Comp. ratio
1(1) 124ms 0.076 72:1
2(P) 76ms 0.087 273:1
3(P) 96ms 0.089 226:1
4(P) 86ms 0.091 223:1

Average Compression Ratio - 348:1, RMSE - 0.177

Frame#| Recon. time] RMSE** | Comp. Ratio
1(1) 106ms 0.157 103:1
2(P) 57ms 0.169 615:1
3(P) 65ms 0.175 493:1
4(P) 64ms 0.178 482:1

Table 3. Compression performance on oceanographic data set ( ifinartemperature
range[j 2:0;36:0])

represent the surrounding temperatures. These gures uiinade the strength of
our scheme in being able to interactively render speci doeg of interest with
high quality isosurfaces, surrounded by related voluroetata. Timing results of
rendering are presented in table 4.

Figure 12 shows the compression result of hemoglobin dycssimulation. \Vol-
ume rendering was applied to each compressed volumetnefeand we measured
the frame rate. We achieved high compression ratio (110d)hegh frame rate
(6.3frame/sec) with reasonable reconstruction quality.

Generally, the frame rate of volumetric video playback isstiyodependent on
the resolution of volumes and the number of triangles in Kimeted isosurfaces.
The size of rendering is also an important factor becauseettere based volume
rendering relies on per pixel operations.

Although wavelet based encoding can generate some lossetimes as well as
the topology in the reconstructed isosurfaces, we canaehery high compres-
sion ratios with acceptable degradation.

7 Conclusion

We describe a lossy compression scheme for encoding timy@gaisosurfaces
with amorphous volumetric features speci ed by scalar galanges. Since large
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Data set| Load | Ext. Time| Tri# Isosurface| Volume
Gas 701lms| 1703ms | 135362 312ms 422ms
Ocean || 156ms| 1640ms | 104900, 235ms 281ms

Table 4. Timing results of rendering isosurfaces with amorphous volumegdiaries in one
frame:(the data set name, 3D texture loading time, isosurface extraction timbgnof
triangles in the isosurfaces, isosurface rendering time, volume rendinag

Fig. 12. Hemoglobin Dynamics Simulation. Left : Original Volume , Middle : Zoomed
Original Volume , Right Zoomed Reconstructed Volume with Compression Rafid L1

time-varying volume data has signi cant coherence, corsgign is necessary for
saving storage space, reducing transmission time, andinmg the performance
of visualizing the time-varying data. We have achieved s®vef our goals : (i)
high compression ratio with minimal image degradatioffé&st decompression, by
truncating insigni cant blocks and wavelet coef cients)da(iii) interactive client-
side rendering of compressed multiresolution isosurfacesvolumetric features.
Therefore, our compression scheme is useful for the inigeacavigation and ex-
ploration of time-varying isosurfaces with amorphous wodiric features residing
in local and/or remote data servers.
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