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Abstract: The complexity in 3D virtual environment over thelwis growing rapidly every day. This
3D virtual environment comprises a set of struauseenes and each scene has multiple 3D
objects/meshes. Therefore the granular level obtbek in a virtual environment is the object. In a
virtual environment, it is required to give useteiractions for every 3D object and at any point of
time, it is enough if the system streams and bringsnly the visible portion of the object from the
server to the client by utilizing the limited netskdbandwidth and the limited client memory space.
This streaming would reduce the time to presentehdered object to the requested clients. Futther
reduce the time and effectively utilize the bandtvidnd memory space, in the proposed study, an
attempt is made to exploit the user interactiorBbnobject and built a predictive agent which would
minimize the latency in the rendering of the 3D mé#sat is being streamed. The experiment result
shows that the rendering time and cache miss aagesignificantly reduced with the predictive agent

Keywords. 3D virtual environment, Predictive Modeling (PrMdP streaming, 3D rendering, 3D
mesh, visibility culler, user profiling, operatigmnofiling

INTRODUCTION ranging from a few KBs to few MBs are considered
with various shapes. The PA contains the typical ke
In recent times, 3D modeling and rendering hagpress and patterns of all users which will be used
gained attention over the internet and most of thdurther to predict their navigation. This in turelps to
multiuser virtual environment renders the entirerldio  optimize the 3D streaming and rendering over web by
once it is fully downloaded from the server. Theref reducing the time delay between user request and
to get the first response from the server, theresponse.
clients/users ought to wait till the entire model i
downloaded and rendered. Due to the increaseRelated works:
complexity of the 3D model, even with the high Progressve Mesh (PM): Progressive Mesh (PM), a
bandwidth user has to wait for a longer time towitee  method proposed by Hoppe (1996) and Chengl.
model. To reduce the waiting time of the user 3D(2011), shows how an arbitrary mesh is stored as a
streaming technique is made available to the usergnych coarser mesh together with a sequence ofail det
Based on the user camera/eye position and orieniati yocords that indicate how to incrementally refine
the visible portion of the model is made availailéhe exactly back into the original mesh. Each of these

user by culling the invisible portions. In this an . . . .
attemp)t/ is ma%e towards recr;ucing the Waitircltgutirﬁe Orecords stores the information associated withréexe

the user further by predicting the operation thauld  SPlit, an elementary mesh transformation that aius

be performed by the users. A Predictive Agent (®A) additional vertex to the mesh. The PM represergativ
built after successful offline analysis carried art  thus defines a continuous sequence of meshes of
profiles collected from 50 different users (aged2P8 increasing accuracy, from which Level of Details
from engineering institutions with good visual and (LOD) approximations of any desired complexity can
computer senses). As part of the analysis, thedspée pe efficiently retrieved.

the key press and the pattern of the keys pressed a

taken for analysis across various 3D models. FoDecimation of triangular meshes. The goal of the
experimentation purpose, 3D models of various sizeglecimation algorithm (Schroedet al., 1992) is to

Corresponding Author: Vani V., Department of Information Technology, DX.G.P Institute of Technology,
Anna University of Technology, Coimbatore, 64104flia
1123



J. Computer i, 8 (7): 1123-1133, 2012

reduce the total number of triangles in a triangleis transparent to the user who can treat remoteetaod
(polygon) mesh, preserving the original topologg @ just like local ones. The streaming system autarahyi
good approximation to the original geometry. adapts to the rendering capabilities, network badtw
and latency of the client and transmits an optichize

Streaming of 3D progressive meshes: Streaming of model (Deb and Narayanan, 2004).

progressive meshes (Cheng, 2008) enable userswo vi
3D meshes with increasing level of details, by semnd
coarse version of a mesh initially, followed by aGeneral and Automated Polygon Simplification
sequence of refinements to incrementally improve th (GAPS): The method uses an adaptive distance
quality. This study concentrates on how to sendhreshold and surface area preservation (Eriksah an
refinements to quickly improve the quality. An Manocha, 1998) along with a quadric error metric to
analytical model is developed to investigate tfea@$  join unconnected regions of an object. Its nameeamom
of dependency when the progressive meshes are sefgm this ability to “fill in the gaps” of an objécThe
over a lossy network and also proposed a receivejjgorithm combines approximations of geometric and

driven protocol to stream progressive meshes based gyrface attribute error to produce a unified object
the user viewpoint in a scalable way. space error metric.

Efficient and feature preserving:

Triangular mesh decimation: The method proposed by
(Hussairet al., 2004) deals with a new automatic method
for the decimation of triangular meshes in whichoat
levels of detail the system preserves visually irgt

Quadric based polygon surface simplification:

Automatic simplification (Garland, 1999) of highly
detailed polygonal surface models into faithful
approximations containing fewer polygons. The syste

parts of the mesh and thus keeps the semanticgr hi examines the hierarchical structure that is induced
level meaning of the model. The algorithm followied the surface as a result of simplification. Thisufgsg
based on greedy approach and exploits a new method hierarchy can be used as a multi-resolution model-a
measuring geometric error employing a form of verte Surface  representation  which  supports  the
visual importance that helps to keep visually inpor ~ reconstruction of a wide range of approximationtht
vertices even at low levels of detail and causesrmve  Original surface model.

other kinds of vertices, which do not profoundly Proposed M ethod:

influence the overall shape of the model. Predictive Model (PrM): The proposed predictive

3D model streaming based on JPEG 2000: 3D mesh model is based on understanding user navigatidhen
(El-Leithy and Sheta, 2009) streaming method based Virtual world. It is built based on the current czna
JPEG 2000 standard was proposed with the integratioposition and orientation. Therefore only the vigibl
into an existed multimedia streaming server (&iml.,  vertices and faces of the selected triangular ngeahe
2007). In this method, the mesh data of a 3D maget  brought to the client. Simultaneously, based on the
first converted into a JPEG 2000 image and theachas  previous history collated from various user inpuitss
the JPEG 2000 streaming technique, the mesh daea wenext set of predicted vertices and faces are aisheul
then transmitted over the Internet as a mesh singam to the client with the help of the Predictive AgéRA).
This would reduce the time delay between the user
View dependent mesh streaming with minimal  yequest and response.
latency: The study proposed by (Kingt al., 2004)
presents a framework for view-dependent streamfng oAnalytical model: The main objective of the proposed
multi-resolution meshes. Here, the server dynatyical study is to develop an analytical model based @n th
adjusts the transmission order of the detail dath W user interaction while viewing the 3D models ovee t
respect to the client’s current viewpoint. By ext#®y  network. The central idea is to predict the user
the truly selective refinement scheme for progwessi navigation and construct an analytical model foergv
meshes to client-server architecture, it accomgdisan 3D object (3D meshes) using the PA. This predictive
efficient view-dependent streaming framework thatmodel hence would be useful in bringing the neagssa
predictive model (Predictive Agent: PA), the folliony
Design of geometric streaming systems. A system potations have been used: Lef IS a set of mesh
was designed to stream large graphics environmenigertices in the server and I a set of corresponding
from a central server to multiple clients. The asining  mesh faces in the server for the selected 3D megh a
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Let C, be the set of mesh vertices in the client whereJable 1: Notations

C, <€ S, and G be the set of corresponding mesh faces> Server vertex set
in the client where = S. S Server face set
. . . C Client vertex set
On an Operation Qwhich can be an arbitrary ¢y Client face set
rotation @y, 6y, 6,), C, and G can undergo changé\+ o ith operation
{V i} and #A{F}. AMVi} Vertices changes
1 A{F} Faces changes
For #{V i}: RO Rotation
. Ox Rotation about x axis
+A{Vi} €8S, -AVi} cCv. 0y Rotation about y axis
0, Rotation about z axis
Where:
+A{V } = The set of vertices chosen from S Table 2: User key press
- MV} = The set of vertices chosen out from C S. No Key pressed Operation performed
1 Up Rotate +Y
. 2 Down Rotate —Y
For +A{F}: 3 Left Rotate +X
4 Right Rotate —X
+ A{Fi} €S, 'A{Fi} cG 5 Pg up Rotate +Z
Where: 6 Pg down Rotate -Z
1= 7 Plus (+) Zoom In
+A{F;} = The set of faces chosen from S 8 Minus () Zoom Out

- A{F;} = The set of faces chosen out from C

. _ . Once trained, the users would be able to get the
Table 1 summarizes the notations used in our model ygngered 3D models with a better response timesacro

Operation profiling: To profile the interaction the network while interacting with the 3D web.

performed by the user, basically the Rotation dpmEma Representation of 3D streaming system: The proposed

Re in any one of the directions:6%/- 6, +6,/- ©,,  predictive model is used to stream the 3D data fiiaen

+0,/- 0, is considered. server to the requested clients in an effective maan
For every key press during the rotation, a fixedThe implementation details of streaming system are

angle of rotation is applied to the 3D object anddiscussed here. Figure 1 and 2 shows the 3D simgami

outcome of the rotation generates updated eyeigosit System and its components as schematic diagram.

and eye orientation (eye refers to the cameraiposit Client module: The client module comprises of 3

which is the yiewpoint .Of the user in the 3D quld).components namely Client Cache, Renderer and
Ba_sed on th|s operation, the speed of rotation I%/isibility Culler. Also, the module receives a kpyess
estimated which directly depends on the numberegf k .and the name of the 3D object to be viewed as tieatC
pressed per second. T_he key presses would determlﬂgput_ The key pressed and the operation performed
the amount of angle being rotated per second. based on the key press is specified in the Table 2.
_Based on the rotation output, the amount of change 1 gperation performed as indicated in Table 2
in the vertices and faces AV} and + MF}) that oy ogate the client's eye posiion and eye

ought to be transmitted to the client is predictéde ) . . L
predicted faces and vertices only are transmitethé orientation for every key press during navigatioto ithe

client. The prediction, hence, would reduce theVirtual world.

response time taken for rendering the visible partf . )
the 3D mesh based on the client input. Client cache: Inspired by the cache memory model

(Hennessy and Patterson, 2007), a cache is buthen
User profiling: To construct the predictive agent, an client side during the rendering. Initially, a cite
offline analysis has been carried out by consideEi  module receives the 3D mesh data from the server
user profiles taken from a range of novice tobased on the current client's eye position and
professionals in interacting with 3D virtual worlhe  navigation. Once the 3D mesh data is brought to the
user profiles include, rate at which the key isspesl  client, it is set as referred data at the servelr émthe
and the actual key that is pressed per user session client side, the data are stored in the Client @ach
various 3D meshes considered for analysis. Usieg thFurther, based on the client input, the 3D mesh dat
collated user profiles, operation patterns arerdeteed  received only when it is referred for the first &m
and predictive model is built. This process is idaed  Otherwise, data will be fetched from the Client Bac
to be a training session for the users before thein this case, retrieval is made from local and tthes
actually navigate the virtual world. transmission time and bandwidth is saved.
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Fig. 2: Server module

Visbility culler (for client): The Visibility Culler is Renderer: The Renderer (Molleret al., 2008) is
implemented using back face culling algorithm (Moll implemented to render the 3D data which is visiole

et al., 2008). Initially, based on the user key preys, e the user at that particular eye position and oaitan.
position and eye orientation are calculated. Whh t The rendering speed is maintained with the help of
updated eye position and orientation, visible portof ~ Predictive agent that rests in the server.

the object is determined with the help of back facesgryer module The server module comprises of 3
culling/hidden surface elimination algorithm. THeot  components namely Server Agent, Predictive Agent
side visibility culler algorithm is activated whehe  and Visibility Culler. Also, the module retrieveset 3D
required vertices and faces are already bringinthéo mesh data based on the client input from the uyicer!
client. 3D Mesh database.
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Fig. 3: Thumbnails of actual and Rotated/Zoomed33hes (#http://www1l.cs.columbia.edu/~cs4162/mpdels
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Fig. 4: Average Number of Vertices Cached for MuéiAccess

Visibility culler (for server): Visibility Culler the client. Also, the server agent keeps trackefrio. of
implements Back face culling algorithm (Molleral.,  times each vertices and faces have been referred.
2008) that determines the set of vertices and fttas
has to be sent to the client whenever there izjaest  Predictive agent: The Predictive Agent in parallel with
corresponding to those faces and vertices throwgh U the server agent also receives the client input taed
navigation. output from the visibility culler. Based on the wbse
Server agent: The Server Agent receives the client inputProfiling analysis carried out offline by collatinthe
and output from the visibility culler and storecdinthe  User interactions of 50 users across various mothes
dynamic data structure with the reference bit isagainst next key press is predicted and the corresponding 3
the corresponding vertices and faces that have sebtto  data are retrieved.
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Table 3: 3D mesh objects and its attributes

Total No. Total No.

Model vertices of faces File size
Ico 12 20 1KB
Plane 121 200 4 KB
Cone 301 570 15 KB
Sphere 482 960 27 KB
Mug 1088 572 33 KB
Teapot 726 1452 37 KB
Torus 1200 2400 69 KB
Cow 2903 5804 161 KB
Moomoo 3890 7776 218 KB
Fandisk 6475 12946 369 KB
Hand 7609 15214 437 KB
Mountains 10201 20000 523 KB
Rocker-arm 10000 20000 603 KB
Heptoroid 17878 35840 1.15 MB
Horse 19851 39698 1.36 MB
Elephant 78792 157160 5.21 MB

Table 4Average no. Of vertices and faces stored in cadre f
multiple Accesses across models

Average number

Average number

Model of vertices of faces

Ico 11 16
Plane 37 61
Cone 229 420
Sphere 410 794
Mug 891 463
Teapot 636 1180
Torus 999 1900
Cow 2670 4551
Moomoo 1992 3624
Fandisk 2585 4907
Hand 7027 12783
Mountains 7219 9470
Rocker-arm 9100 16000
Heptoroid 10011 20070
Horse 14268 27788
Elephant 56730 114240

These 3D data’s reference bits are also set andsént

to the client along with the requested data. This
prediction would minimize the rendering latency and
increase the cache hits. The 3D meShesed are
tabulated in Fig. 3. This table also shows theteotar
zoomed (in/out) 3D meshes. In each row, top one
shows the actual and bottom one shows one of the
screen shots of 3D mesh during the user interaction
The attributes of the 3D objects are given in Table

Experimental Results and Discussions. To conduct
the experiment and affirm that the predictive mddel

3D mesh streaming and rendering would lessen the
response time in rendering and reduce the cachg mis
rate, 16 standard 3D mesh models with various
numbers of vertices and faces starting from sin3e
mesh model to the complex one are considered. Table
4-10 and Fig. 4-12 illustrates the various expeniak
results which indicate that the streaming using
predictive agent is advantageous than downloading
entire 3D model of the client.

It is found from these results that, by exploitthg
viewpoint of the client, the visible portion of 3D
meshes are streamed and rendered, instead of
downloading the entire object to the client. Thigids
the initial waiting time of the client. The clieman
quickly view the first response received from thever
without much delay. Also, before the client reqadst
the next chunk of data by changing his viewpoihg t
predictive agent would determine the probable move
the client might make and client cache is upddtédd
the demanded data.
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Fig. 6: Average number of vertices never rendeoedriultiple accesses by multiple users

Table 5: User interaction analysis of various mediet multiple accesses by various users
Rendered Vertices and Faces (RVF)

Model /Never Rendered Vertices and Faces (NRVF) r Use User 2 User 3 User 4 User 5 Avg.
Ico RVF 12 10 12 11 11 11
16 12 17 13 14 14
NRVF 0 2 0 1 1 1
4 8 3 7 6 6
Mug RVF 891 704 892 716 800 801
459 380 460 372 428 420
NRVF 197 384 196 372 288 287
113 192 112 200 144 152
Teapot RVF 701 407 685 550 491 567
1246 658 1196 852 773 945
NRVF 25 319 41 176 235 159
206 794 256 599 679 507
Torus RVF 979 797 1012 840 881 902
1814 1442 1900 1526 1610 1658
NRVF 221 403 188 360 319 298
586 958 500 874 790 742
Cow RVF 2303 2116 2465 2327 2184 2279
3851 3434 4335 3055 3621 3659
NRVF 600 787 438 576 719 624
1953 2370 1469 1849 2183 1965
Heptoroid RVF 14183 13032 15181 14331 13451 14036
23781 21206 26769 24423 22360 23708
NRVF 3695 4846 2697 3547 4427 3842
12059 14634 9071 11417 13480 13480

This prediction reduces the cache miss rate amdthés  that mesh saving and bandwidth reduction is passibl

rendering time as the future data is made available through streaming.

the cache before it is requested. Table 6 and Fig. 8 shows that number of meshes
Table 4, Fig. 4 and 5 highlights the average numbeprought to the client initially and the result steothat

accesses across various models. It clearly shoats thi, the server end itself and is not brought to dfient.

none of the instances all the vertices and faces is .
h able 8 and Fig. 10 shows the results of average us
referred by the client. Therefore, we shall coneltitht g ge

mesh saving and bandwidth saving can be achieveztDeed across various modgls in se_.\conds for multiple
through streaming. egrees or key presses. This resul? is useq tcmiene_ _

Table 5, Fig. 6 and 7 shows the results for migtip the time gap between the user interactions. This is
user interactions across various models after pielti studied for pushing the predicted 3D data to thentl
simultaneous accesses. Once again the results probefore it is requested.
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Fig. 8: Server Initial Mesh Saving

Table 7: Server mesh saving after multiple accesses

Mesh savings initially (%)

Mesh savings after multiple accesses

Model name % of faces saved %. of vertices Model name % of faces saved %.of vertices saved
saved Ico 20.00 16.67

Ico 45.00 16.67 Cone 50.00 46,51

Cone 50.00 46.51 Sphere 17.60 39.83

Sphere 44.79 39.83 Mug 19.76 40.81

Mug 41.26 40.81 Teapot 14.19 45.32

Teapot 56.20 45.32 T

Torus 48.17 4150 orus 24.42 41.50

Cow 43.69 29.25 Cow 2121 29.25

Heptoroid 49.31 44.08 Heptoroid 44.87 44.08
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Fig. 12: Client cache hit with prediction for mplg accesses

Table 9 and Fig. 11 show the client cache hit/misghat predictive agent could bring in the probable
without including predictive agent. It clearly vertices. and faces that Woult_j be referred by tlemtin
highlights when the complex model is accessed fronfomparison with nonproductive approach.

multiple viewpoints, all the vertices and faces

viewed already are not referred as a whole aftéequ CONCLUSION

a large number of accesses.

Table 10 and Fig. 12 show the client cache higmis ~ The proposed study addresses the need for
with predictive agent. Since the next move is eedi ~ Streaming with predictive agent. The system attsrtipt
and the corresponding faces and vertices are btaagh Stream the 3D data from the server to the clieseda
the client well in advance before it is requestgdtie  on the viewpoint of the client bypredicting
client, it is considered as a cache hit. The rgadves the user’'s next move.
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referred 3D data are transmitted to the client fittwm 10.1109/SM1.2004.1314508
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