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SUMMARY

Distributed three-dimensional (3D) graphics applications exhibit both resemblance and

uniqueness in comparison with conventional streaming media applications. The resemblance

relates to the large data volume and the bandwidth-limited and error-prone transmission

channel. The uniqueness is due to the polygon-based representation of 3D geometric meshes

and their accompanying attributes such as textures. This specific data format introduces

sophisticated rendering computation to display graphics models and therefore places an

additional constraint on the streaming application.

The objective of this research is to provide scalable, error-resilient, and time-efficient

solutions for high-quality 3D graphics applications in distributed and resource-constrained

environments. Resource constraints range from rate-limited and error-prone channels to

insufficient data-reception, computing, and display capabilities of client devices. Optimal

resource treatment with transmission and rendering scalability is important under such

circumstances. The proposed research consists of three milestones. In the first milestone,

we develop a joint mesh and texture optimization framework for scalable transmission and

rendering of textured 3D models. Then, we address network behaviors and develop a hybrid

retransmission and error protection mechanism for the on-demand delivery of 3D models.

Next, we advance from individual 3D models to 3D scene databases, which contain numerous

objects interacting in one geometric space, and study joint application and transport ap-

proaches. By properly addressing the properties of 3D scenes represented in multi-resolution

hierarchies, we develop a joint source and channel coding method and a multi-streaming

framework for streaming the content-rich 3D scene databases toward optimized transmission

and rendering scalability under resource constraints.
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CHAPTER I

MOTIVATION AND OVERVIEW

Networked multimedia applications are expanding from streaming video/audio to distributed

three-dimensional (3D) graphics, driven by growing demands on various applications such as

online entertainment, e-commerce, navigation systems, virtual environments, and medical

and scientific visualization. Similar to image and video contents, 3D graphical objects have

large volumes of data. Unlike image and video, which are naturally formatted as pixel grids,

3D objects are represented by polygonal geometry parameterized with textures or attributes

such as colors and normals. This specific data format requires sophisticated rendering opera-

tions to be converted into pixel-based presentations. Consequently, distributed 3D graphics

require considerable network bandwidth to be transmitted and computing power to be dis-

played on a remote terminal. Although computing technology in the graphics industry has

advanced rapidly in the past years, many platforms today still lack sufficient support for

rendering power and/or networking capability.

In the foreseeable future, disparate computing devices and heterogenous networks will

remain a constraint for high-quality 3D applications in a distributed environment. When

disparate devices communicate through a heterogenous network, different preferences on the

complexity of 3D objects may be placed by different clients. In such a situation, sending

objects with large data dimensions to a client may not only overload the network link, but

also overload the client device when the objects are rendered. On the other hand, graphic

objects in general have unequal rendering importance depending on many factors such as

view perspectives, object interactions, and application semantics. For a certain device and

a given quality requirement, transmitting all mesh geometry with high tessellation and

all textures with high resolution to the device may be beyond the client’s actual need and

therefore become unnecessary. For example, one object may be occluded by another in a 3D

scene, or may be outside of the view space and will be culled away in the client’s rendering

1



pipeline. A coarse representation for the object would be sufficient while more bandwidth

and computation can be spent on objects for which high levels-of-details (LODs) are de-

sired. To involve platforms with limited or disparate networking and rendering capabilities

in interactive graphics applications, transmission and rendering scalability is desired, and

optimal treatment of the networking and computation resources becomes important.

The proposed research arises in such a context. It has the objective of providing scalable,

error-resilient, and time-efficient solutions for enabling high-quality 3D graphics applications

in distributed and resource-constrained environments. Resource constraints range from the

insufficient rendering power and data-reception ability of the client device to the limited

transmission rate and the error proneness of the transport link, given the timely essence of

the application. With regard to the resource constraints and the properties of 3D data, the

proposed research addresses the following challenges:

Scalable Coding: The state of the art in scalable coding of 3D graphics resides in the

multi-resolution analysis of individual mesh objects [9,28,38,39,44,52,53,60,62,68,79,80,93].

When multiple objects or graphic components, e.g., geometry meshes and texture images,

are jointly coded under a limited overall bit rate, their interactions and relative importance

need to be taken into account to achieve optimal rate-distortion performance. The proposed

research presents solutions for optimal bitstream organization in coding multiple graphic

components or objects under constrained bit rates.

Transmission Latency: One major aspect in reducing response time1 in distributed

graphics systems is to minimize the transmission latency [3,4,10,14,22–24,43]. Accounting

for the properties of 3D graphic objects and the essences of 3D applications, e.g., the view

dependency and the object interaction, the proposed research develops approaches for the

latency-minimized delivery of 3D models or apparatuses in bandwidth-limited networking

scenarios.

Error Resilience: Network links and communications channels exhibit lossy and noisy

features in addition to the limited transmission rate. Despite a few pioneering studies [2,5–7,

1Response time is defined as the latency between the user input and the response from the system, which
can be typically considered as the scene displayed on the user’s terminal.
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11,14,16,18,21,50,94,97–99], an efficient means for providing error resilience to 3D objects

has not been thoroughly addressed. The proposed research investigates the outstanding

issues and presents solutions toward more efficient and channel-adaptive error resilience for

streaming 3D graphics.

Rendering Cost: Platforms such as handheld devices place an extra constraint on the

3D application because of their limited computing power and display ability. Under such

constraints, coding and transmission of the 3D database should be designed to minimize

the amount of graphic primitives that need to be processed by the client device’s rendering

pipeline, with the least loss of application quality. The proposed research also addresses

this aspect.

The aforementioned challenges, although presented separately, often require joint con-

siderations because of the concurrent application and transport constraints. For example,

sending 3D data over an error-prone bottleneck link will promote the joint consideration

of error resilience and latency-minimized delivery in fulfilling a certain level of application

quality. Methods proposed in this research will cover both coding and transmission per-

spectives, with the ultimate goal of providing high-quality visualization for on-demand 3D

applications in the resource-constrained environment.

Specifically, this dissertation is organized as follows:

Chapter 2 presents the background of scalable coding and error-resilient streaming of

3D graphics. A brief review of the relevant work in the literature is provided, and the

outstanding challenges are stated.

Chapter 3 and Chapter 4 focus on individual 3D models. In particular, Chapter 3

addresses the scalable coding of textured 3D models and tackles the problem of joint mesh

and texture optimization. A fast quality measure is proposed to effectively captures the

visual fidelity of scalably coded textured 3D models. Based on the proposed quality measure,

a bit-allocation framework is developed, which properly selects the resolutions of the mesh

and the texture such that the best rendering quality is achieved under limited bit rates.

Chapter 4 step further to address network behaviors and study on-demand delivery of multi-

resolution 3D models over lossy networks. A latency-minimized transmission mechanism is
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presented. Regarding a lossy and rate-constrained environment, the proposed mechanism

exploits retransmission and unequal error protection jointly to minimize the transmission

latency while guaranteeing a certain level of display quality.

Chapter 5 and Chapter 6 address the properties of 3D scenes, which comprise pluralities

of objects in one geometric space with potentially unequal rendering importance. From

the source and channel coding perspective, Chapter 5 presents a multi-resolution coding

method for 3D scene databases using vector quantization and a forward error protection

mechanism, which performs rate allocation between source and parity data and protects

multiple graphic objects optimally while preserving their decoding independencies. From a

transport perspective, Chapter 6 presents a multi-streaming mechanism to transmit multiple

graphic objects in partially ordered transport sequences and with scalable partial reliability,

under a rate-distortion optimization framework. The multi-streaming framework takes into

account both the independencies and interactions of multiple graphic objects in a 3D scene

to maximize the display quality, while minimizing the amount of data that needs to be

rendered by the client’s rendering engine.

Chapter 7 concludes the dissertation with a summary of contributions and future re-

search directions.
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CHAPTER II

BACKGROUND

Before proceeding to the proposed research, we summarize in this chapter the background of

scalable coding and error-resilient streaming of 3D graphics. We briefly review the relevant

work in the literature and state the outstanding challenges.

Three-dimensional (3D) graphic objects typically consist of polygonal meshes and tex-

tures, which apply 1D, 2D, or 3D bitmaps to the mesh surface to assign colors and other

attributes such as normals. The parametrization process between the mesh surface and the

texture is referred to as texture mapping [56, 59, 64, 74]. Texture maps add realism to 3D

models and are most effective when desired surface details are impossible or expensive to

achieve by solely using geometry. Figures 1(a–c) provide an example.

(a) Mesh (b) Texture (c) Textured model

Figure 1: A sample of the triangular mesh and the texture mapping.

As shown in Figure 1(a), polygonal meshes are commonly represented by a collection of

points tessellated as triangles in the 3D space. Regarding tessellation (triangulation) there

are three different types, referred to as (i) regular: every point has degree six, (ii) irregular:

points have arbitrary degrees, and (iii) semi-regular: formulated by regular subdivision

starting from a coarse, irregular triangulation [41]. The 3D spatial coordinates of the points

are the geometry data while the tessellation topology contains the connectivity information.

In mathematical forms, a triangle mesh is denoted by a pair (G, C), where G = {pi ∈ R
3|1 ≤
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i ≤ N} is a set of N points and C is a complex containing the topological information. C is

a union of three sets defined on the index set of G: vertices V = {i}, edges E = {i, j}, and

faces F = {i, j, k}, such that C = V ∪ E ∪ F . A vertex-based 2D texture introduces another

N -point set T in R
2 and defines a one-to-one mapping function f : U 7−→ V where U is the

index set of the texture points T .

In this dissertation, a majority of research efforts are devoted to irregularly sampled

meshes as they are the most essential data format in graphics applications. Textures will

also be considered, for which we focus on 2D images. Generality will be properly addressed

during the presentation of proposed approaches.

2.1 Mesh Compression

The two components of a textured 3D model, i.e., the geometric mesh and the texture image,

differ in nature. Compression algorithms applied to these two components are therefore

different. Because image compression has been widely understood for its early development

and standardization [72, 75, 76, 95], this section summarizes the background of 3D mesh

compression, which has a relatively short history.

During the past ten years, mesh compression has undergone a considerable amount

of research. Single-resolution compression was first studied and various algorithms were

proposed, among which [30, 71, 81, 91] are several selected representatives. Generally, a

single-resolution mesh compression algorithm includes traversing through the mesh topol-

ogy, encoding the connectivity following the traversal order, and compressing the geometry

data by vertex quantization, vertex prediction, and entropy coding.

Although single-resolution compression has shown its efficacy in reducing bit rates for

representing 3D meshes, it produces single-level bitstreams that are not scalable to network

bandwidth or rendering capability, meaning that the represented object will not be displayed

on the client’s screen until the entire bitstream is fully downloaded, decoded, and rendered.

To provide scalable bitstreams for 3D data, multi-resolution compression techniques were

investigated [9, 28, 38, 39, 44, 52, 53, 60, 68, 79, 80, 93]. Using multi-resolution encoders, the

server can select the appropriate resolution for a particular client according to the quality
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requirement or initially send a coarse representation of the 3D model to the client for quick

reconstruction and rendering, and then transmit upon necessity refinement layers, which

gradually increase model fidelity toward higher resolutions.

Multi-resolution mesh coding methods can be categorized with the terminology intro-

duced at the beginning of the chapter. Wavelet-based compression algorithms, e.g., [52,53],

are not directly applicable to irregular meshes, because they require an irregular mesh to

be converted to a semi-regular mesh by re-sampling operations [31,56] before compression,

which permanently alter the connectivity. To preserve the connectivity, multi-resolution

compression for irregular meshes is generally performed by simplifying (also referred to as

downsampling) the mesh using half-edge collapse operations, predicting the coordinates of

the collapsed vertices, and coding the prediction residuals along with the cut edges that are

required to recover the connectivity [44,60,68,80]. As illustrated by Figure 2(a), a half-edge

collapse operation merges one vertex of an edge to the other and alters the neighborhood

of the collapsed vertex as a result. Among the irregular mesh compression methods, the

progressive forest split (PFS) algorithm [80] has become the core of the 3D mesh coding

(3DMC) tool in MPEG-4 [48]. With several improvements, the compressed progressive

mesh (CPM) algorithm [68] reported the higher compression ratio compared to its preced-

ing schemes. A compressed mesh stream generated by CPM is composed of a base mesh,

M0, and L enhancement batches, {Bi}i=1,...,L, each of which encodes a set of vertex split

operations, which perform the inverse of edge collapses, as shown in Figure 2(a). Sequen-

tially, batch Bi refines mesh M i−1 to a higher level-of-detail M i until the full resolution

ML is reached. Figure 2(b) gives a demonstration of the multi-resolution hierarchy. This

hierarchical representation is the basis of our discussion when referring to multi-resolution

meshes in the dissertation.

When generating a multi-resolution hierarchy, the edge collapse operations are per-

formed successively in the order of increasing error according to a certain error metric.

Such an error metric evaluates the variation of the local curvature caused by the edge col-

lapse. The most generally used local error metric is the quadric error metric proposed by

Garland et al. [38], which is also deployed by the CPM algorithm [68]. For 3D models with
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Batch1
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Batch1
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Batch2

Encoding

(b)

Figure 2: Illustrations of (a) the half-edge collapse and vertex split operations, the texture
deviation metric, and (b) the multi-resolution meshes.

appearance attributes such as colors and texture maps, one of the challenges in simplifying

the mesh surface is to preserve the appearance attributes. Garland et al. [39] proposed to

extend the quadric error metric to handle vertex attributes. An improved quadric error

metric was also presented by Hoppe [45]. In [28], Cohen et al. proposed the texture devia-

tion as a criterion to measure the surface distortion resulting from simplifying meshes with

texture maps. The texture deviation incorporates the texture domain and the geometry

through the parametric correspondence. It measures the cost of an edge collapse operation

as the maximum distance in the geometric space from points on the simplified mesh to their

correspondents on the input surface that have the same parametric locations in the texture

domain. As illustrated in Figure 2(a), Vi−1 and Vi are 3D points on the two meshes before
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and after an edge collapse, respectively, both having the same texture coordinates v; the

incremental texture deviation of this edge collapse is then defined as

max
v∈P

Ei,i−1(v) = max
v∈P
‖ F−1

i (v)− F−1
i−1(v) ‖, (1)

where Fi and Fi−1 are texture mapping functions for the two meshes.

2.2 Measuring Model Fidelity

The local error metrics such as the quadric error and the texture deviation provide fast

approximations on the resulting difference of the mesh surface from an edge collapse opera-

tion, according to which all edges are sorted and are collapsed sequentially. To capture the

quality difference between a simplified mesh and its full-resolution version more accurately,

a statistic distortion metric is needed. Essentially, the statistic distortion metric is expected

to reflect the quality degradation of the simplified model in the rendering space. In contrast

to the mean squared pixel error that is widely used in 2D imageries, measuring the quality

of 3D surfaces is relatively complex. For geometric meshes, a commonly adopted statistic

distortion metric is the root-mean-square (RMS) surface distance [27]. In particular, the

RMS distance for two given surfaces, S and S′, is defined as follows. First, a point-to-surface

distance e(v, S) is defined as

e(v, S) = min
v′∈S

d(v, v′), (2)

where d() is the Euclidean distance between two points in E
3. Then the RMS distance is

given by

Erms(S
′, S) =

(
1

S′

∫

S′

e2(v, S)ds

)1/2

. (3)

Similarly defined by the point-to-surface distance are the mean and maximum surface dis-

tances from S′ to S:

Emn(S′, S) =
1

S′

∫

S′

e(v, S)ds. (4)

Emax(S′, S) = max
v∈S′

e(v, S). (5)

In practice, these surface distances can be calculated using the Metro tool [27], which

performs fast sampling to accelerate the computation.
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A study of techniques for measuring and predicting the visual fidelity of 3D meshes

was conducted by Watson et al. in [96], where they examined experimental (subjective)

techniques as well as several automatic (computational) techniques. Judged by human rat-

ings and naming times1, both the RMS and mean surface distances were verified successful

predictors of visual fidelity for simplified mesh geometry.

Measuring model fidelity becomes more difficult when textures are mapped to 3D

meshes, as the geometric inaccuracy of the mesh may either be masked or be highlighted

after texture mapping. Conventionally, the screen-space error (SSE) was used in the litera-

ture [17,63,100] to measure the quality of a textured model by calculating the mean-square

pixel error of the image captured from the rendering space. Because a single image can-

not capture the entire appearance of a 3D object, Lindstrom et al. [63] proposed to take

virtual snapshots of the model from a number of different viewpoints around the object

and combine the image differences into a single error measure. In particular, given two sets

of images, Y = {Yk} and Y ′ = {Y ′
k}, k = 1, ...,K, with resolution M × N pixels, which

correspond to snapshots taken for two compared models respectively, the mean-square pixel

error between these two sets of images is computed by

σ2(Y,Y ′) =
1

KMN

K∑

k=1

M∑

j=1

N∑

i=1

(yijk − y′ijk)
2. (6)

The SSE evaluation is usually denoted using the peak signal-to-noise ratio (PSNR):

PSNR = 10 log10

(
2552

σ2

)
. (7)

To ensure an even coverage of image samples, the viewpoints need to be arranged to ap-

proximate a sphere of camera positions surrounding the object and be near-equidistant from

each other. There are many possible configurations in practice, and one representative is

to use the 24 vertices of the small rhombicuboctahedron as the viewpoints, as shown in

Figure 3. In this dissertation, unless otherwise noted, the computation of SSE will refer

to the definition in (6) and use the small rhombicuboctahedron. A resolution of 512 × 512

pixels will be used for images captured in the screen space.

1Human ratings and naming times are two subjective measures widely used in the experimental sciences
of visual fidelity.
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(a) (b)

Figure 3: Illustrations of the calculation of SSE: (a) An example of 12 camera views sur-
rounding a 3D object, where the viewpoints and view orientations are uniformly distributed;
(b) The 24 vertices of the small rhombicuboctahedron are used as the viewpoints in the
evaluation of SSE. These pictures are courtesy of Linstrom [63].

2.3 Joint Mesh and Texture Optimization

Because of the inter-effect between the mesh and the texture, joint considerations of the

two components become necessary when a textured model is coded, transmitted, and/or

rendered in a rate-constrained environment [1,17,67,83,100]. Although view-dependent tex-

ture coding based on the MPEG-4 visual texture coding (VTC) tool [55] partially alleviates

the resource constraint, a scalable bit-allocation framework is desired to explore the effects

of both geometry and texture on the resulting model fidelity. To the best of our knowl-

edge, the most closely related effort that addressed this challenge is that by Balmelli [17],

where he studied joint mesh and texture compression for terrain models. Both the mesh

and texture of the terrain model are simplified to generate various resolutions, and their

proper combination is determined under screen-space error evaluation. Even though this

is inspiring work, it is limited to the terrains. For a generic 3D object, computing SSE re-

quires rendering the model from various viewpoints and averaging the image errors, which

is a computationally demanding task as it requires a number of rendering operations for

each pair of mesh and texture resolutions. Beside the complexity, it has been observed that

under certain circumstances, the SSE presents a non-convex rate-distortion behavior and

fails to reflect the quality difference of textured models properly [82]. The recent research
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presented in [100] is a generalized scheme of [17], dealing with generic 3D models. In do-

ing so, a viewing mesh is constructed with its vertices selected as sampling viewpoints for

calculation of SSE, which can be considered as a sophisticated extension from using uni-

form polyhedrons with fixed numbers of vertices such as the small rhombicuboctahedron.

Because the framework in [100] sticks to the use of SSE for distortion evaluation, it also

encounters the complexity and singularity problems described above.

2.4 Error-Resilient Streaming

Compared to joint mesh and texture optimization, a larger research effort was invested

in developing time-efficient and error-resilient streaming systems for 3D meshes over rate-

constrained and/or lossy networks [2–7,10,11,14,16,18,21–24,43,50,94,97–99]. According to

the adopted error-resilient mechanism, these systems can be categorized into pre-processing,

error correction, and transport-layer protocols. In MPEG-4 [48], pre-processing-based error

resilience is achieved by data partitioning [16, 97, 98], i.e., partitioning the bitstream into

segments and decoding each segment independently. In [43], inter-dependent partitions are

included, and the partitions are ordered in a tree structure according to their interdepen-

dencies and are transmitted accordingly.

Using forward error correction (FEC) to provide error resiliency to multi-resolution 3D

meshes was first investigated by AlRegib et al. [2, 5–7, 11], where unequal error protection

(UEP) is applied to different LODs of a multi-resolution mesh according to their distortion-

rate properties. In [2,7,11], bit-allocation algorithms are developed to distribute source and

channel coding bits under a total bit budget. Given a multi-resolution hierarchy and a bit

budget, the algorithm selects the proper number of LODs to transmit and protects them

with the remaining number of bits using UEP such that the expected decoding distortion

is minimized. This joint source and channel coding framework was extended in [5,6] to find

an optimal tradeoff between the quantization parameter and the number of LODs when

selecting the multi-resolution hierarchy to transmit.

On the transport side, the transmission control protocol (TCP) and the user datagram
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protocol (UDP) are generally used for error-sensitive and delay-sensitive streams, respec-

tively. In [3, 4, 10, 22–24], hybrid TCP/UDP transport protocols have been proposed to

stream 3D models over lossy networks with reduced transmission latency, where the com-

mon idea is to send important data reliably using TCP and the remaining, less important,

data using UDP. The system presented in [22–24] is based on the relative importance of

different multi-resolution mesh hierarchies. The 3TP protocol proposed in [3,4,10] involves

another property that is specific to multi-resolution irregular meshes. In particular, this

property indicates that the connectivity information is more error sensitive than the ge-

ometry data because the vertex split process is not able to continue without knowing the

cut edges (Figure 2[a]). In contrast, it is not the case when any geometry data is missing

as geometry contains only prediction errors of vertex positions, which do not prevent the

decoding process from proceeding to the next levels, although with additional distortion.

One difficulty of using hybrid TCP and UDP is the synchronization between the two

transport associations. In addition, rate control [33,34,49] is not considered when using UDP

in the hybrid TCP/UDP protocols, which makes the application irresponsive to network

congestion and unfair to other streams that share the network link. The lack of a rate control

mechanism also results in large variation of the transmission throughput and therefore of

the receiving quality over time. All the aforementioned techniques address the efficient

transmission of 3D data separately. Yet an appropriate combination of such techniques

is desired to achieve better performance. Interaction and tradeoffs among the selected

techniques need to be investigated, taking into account the distortion-rate performance of

the 3D data and the network characteristics. Finally, only the transmission for individual 3D

objects was investigated. Three-dimensional (3D) scenes, which comprise multiple objects

interacting in one geometric space, have not been considered.

The outstanding challenges stated above have been addressed in the proposed research,

which will be detailed in the next chapters. In particular, the proposed research consists of

three milestones. As the first milestone, a joint mesh and texture optimization framework

is developed for coding textured 3D models with optimized scalability under limited bit
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rates. Then, we address network behaviors and develop a hybrid retransmission and error

protection mechanism for delivering 3D models over lossy networks with minimized latency.

In the last milestone, we advance from individual 3D models to 3D scene databases and

study joint application and transport approaches. By properly addressing the properties of

3D scenes, we develop scalable source and channel coding methods for multiple 3D objects

and a multi-streaming framework for streaming 3D scenes in a partially ordered and partially

reliable fashion.
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CHAPTER III

BIT ALLOCATION FOR TEXTURED 3D MODELS

3.1 Introduction

The first milestone of our proposed research is joint mesh and texture optimization, which

relates to the construction of an optimized scalable representation for textured 3D models.

Progressive compression methods, as reviewed in the previous chapter, provide scalability

for sole geometry or texture. To achieve optimal transmission and rendering scalability,

there lacks an effective method that takes into account the inter-effect of the geometry

and the texture on the resulting quality of the textured model and generates a multiplexed

bitstream. Apparently, sending all bits for the mesh first and then bits for the texture or

vice versa would not be efficient, as either a full-resolution mesh with a coarse texture or

a full-resolution texture with a coarse mesh will not provide high-resolution visualization

for the textured model. In a bit-rate constrained environment, such organization of the

bitstream implies large transmission latency before satisfactory visualization is obtained by

the client. To achieve time efficiency in the multiplexed bitstream, it is vital for the server

to optimally distribute source bits between the mesh and the texture so that progressively

decoding received portions of the bitstream maintains visual quality of the textured model

at a maximal level.

In this chapter, a joint mesh and texture optimization framework is presented for the

rate-constrained coding of textured 3D models [82, 83, 88]. To overcome the deficiency of

the earlier methods, we develop a fast quality measure to estimate the quality difference

of textured models with simplified meshes and resolution-reduced textures. Based on the

proposed quality measure, bit-allocation algorithms are developed to find optimal bit dis-

tributions between the mesh and the texture under constrained bit rates.

The system that is under consideration is diagramed in Figure 4. For a textured 3D
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model, progressive compression is first performed to generate multi-resolution representa-

tions for the mesh and the texture, respectively. Then, with a fidelity measure, the bit-

allocation block organizes bits in transmitted data units so that at the receiver, the quality

of the displayed model can be maximized by decoding the received bits for the mesh and

the texture (separately) and rendering the resulting resolutions.

Bit
Allocation

Progressive
Mesh

Compression

Progressive
Image

Compression

Fidelity
Measure

Texture

Mesh
Channel

Mesh      Texture

Media Data Unit

Figure 4: An illustration of the considered system.

3.1.1 Progressive Mesh and Texture

In this work, we are not proposing new compression algorithms but instead we study how to

distribute the source bits between the mesh and the mapped texture in order to maximize

the quality of the transmitted model. Without loss of generality, we implement the CPM

algorithm proposed by Pajarola and Rossignac in [68] for the progressive compression of

a mesh surface. Referring to Figure 2(a), instead of using the quadric error, we integrate

the texture deviation metric [28] in CPM for the better preservation of appearance. Each

vertex on the mesh is treated as a vector V ∈ R5. The first three components of V consist

of spatial coordinates, and the remaining two components are texture coordinates. We

then compress the collapsed vertices using vertex prediction followed by entropy coding of

the prediction error. Figure 5 shows the complete binary format of an encoded vertex split

operation, where five variable-length-codewords (VLC) are appended after the split status1,

1split status: a one-bit flag that specifies whether or not a vertex is to be split.
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the split direction2, and the cut edges3 are respectively encoded.� � ������ ������ ������ ����	� ����
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split
 vertex?
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direction
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predicted errors of vertex coordinates

Figure 5: The bit structure of an encoded vertex-split operation in the multi-resolution
hierarchy. The to-be-split vertex has e incident edges; (x, y, z) and (s, t) denote geometry
and texture coordinates, respectively.

For the texture, we limit our discussion to typical 2D images although the framework

can be extended to other textures such as video sequences, and apply the wavelet-based

compression algorithm known as SPIHT (Set Partitioning in Hierarchical Trees) [72] to

encode the texture into a progressive bitstream. It is worth to point out that these specific

mesh and texture codecs are selected only for the ease of discussion. The proposed bit-

allocation framework is generally applicable to any other progressive mesh and texture

compression methods.

3.1.2 Fidelity Measure and Bit Allocation

Apparently, an essential aspect of the bit-allocation framework is to properly predict the

visual fidelity when substituting resolution-reduced textures to simplified mesh surfaces. To

quantify the distortion of an approximated model from its full-resolution version, the screen-

space error (SSE) is commonly used in the literature [17, 63, 100], which has deficiencies,

as reviewed in Section 2.3. In contrast to the traditional screen-space error, we propose

a fast quality measure (FQM) to estimate the visual fidelity of multi-resolution textured

models. In FQM, the visual fidelity of a simplified textured model is predicted by a weighted

combination of errors measured in the geometric and texture domains, respectively, through

an equalization factor. For a particular model, depending on the features of the geometry

and the mapped texture, the equalization factor is estimated as a constant using error

2split direction: a one-bit flag that specifies the direction of the vertex split.

3cut edges:

�
log2

�
e

2

��
bits that specify the two cut edges among the e incident edges for a vertex.
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samples measured in the screen space. FQM works drastically faster than the traditional

screen-space error as it greatly reduces the number of rendering operations, while it properly

measures quality difference of multi-resolution textured models.

The bit-allocation algorithms are developed based on the proposed quality measure.

As the first stage, a pair of mesh and texture resolutions is selected upon an initial bit

budget, which provides the best approximated model under an initial bit budget to quickly

start display on the user’s screen. Thereafter, enhancement data is optimally organized

into (size-limited) data units, which maximally increase visual fidelity of the displayed

model at each instant when a data unit is received and decoded. These two stages are

referred to as two transmission modes: the streamed mode and the retained mode. We

study both optimal algorithms and fast heuristics that provide optimal or near-optimal

solutions with linear computation time. Our empirical analysis shows that not only the bit-

allocation algorithm maximizes the receiving quality of the textured 3D model but also it

avoids sending additional information to indicate bit boundaries between the mesh and the

texture in the multiplexed bitstream, which makes the streaming application more robust

to bit errors that may occur randomly during transmission.

The rest of the chapter is organized as follows. Section 3.2 provides details of the pro-

posed framework, the fast quality measure, and the bit-allocation algorithms. In Section 3.3,

we empirically investigate the effectiveness and efficiency of the algorithms in different trans-

mission modes. We present both objective and subjective results. Section 3.4 concludes the

chapter.

3.2 Proposed Bit-Allocation Framework

Figure 6 presents an illustration of the bit-allocation framework in transmitting a progres-

sively encoded model. At the first stage, namely the streamed mode, the user subscribing

to the application desires to quickly display the model in a limited time frame. In a rate-

constrained environment, this imposes a bit budget on sending a possibly approximated

model with certain resolutions for the mesh and the texture, respectively. With a quality

measure Q, the server searches among all combinations of mesh and texture resolutions
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and finds the optimal pair, (Mk, T l)opt, that has the best fidelity while the bit rate satisfies

the bit-budget constraint. After sending (Mk, T l)opt for initial display, enhancement data

(χG, χT ) that respectively transfer (Mk, T l) to their full resolutions (Mn, Tm) are organized

into an interleaved bitstream. The bitstream consists of a sequence of data units, each of

which conveys a certain number of vertex splits for the mesh and a portion of enhancement

bits for the texture.

������� ���� �������� !��� "#$%#&'$()$%*'+,-)./�01���023014�� !35
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Figure 6: An illustration of the bit-allocation framework. The streamed mode and the
retained mode deal with different data sets: (M i, T j)[0,0]≤(i,j)≤[n,m] are generated levels-of-
details (LODs), while (χG, χT ) denote the enhancement data that transfers a certain LOD
to the full resolution.

For a further discussion we consider the streamed mode as an example. According to the

description above, the rate-distortion framework for this problem can be mathematically

stated as: given a bit budget, C, and a quality measure, Q, the best representation of the

model obtained in the set of meshes, {M i}i=0...n, and the set of textures, {T j}j=0...m, is

given by

(Mk, T l)opt = arg max
(i,j):RG(M i)+RT (T j)≤C

Q(M i, T j), (8)

where RG(M i) and RT (T j) denote the bit rates of the compressed mesh M i and texture

T j, respectively, and Q(M i, T j) is the quality when mapping texture T j onto mesh M i.

The solution of (8) can be obtained by an exhaustive search over the space of solutions,

i.e., comparing all possible pairs of mesh and texture resolutions under the bit budget and

finding the one that maximizes the quality measure Q. It is apparent that this process has

computational complexity of O(n ×m) · O(Q), where O(Q) denotes the computation cost

19



of the quality measure. Due to this factor, using SSE as the quality measure will make

the process computationally expensive, for it requires a number of rendering operations for

calculating Q(M i, T j) and rendering is costly in most of today’s computing systems. For

a solution space that has dimensions 40× 30, for example, calculating SSE using the small

rhombicuboctahedron needs to capture a total number of 24× 40× 30 = 28, 800 displayed

images. On a computer with a Pentium IV 1.7 GHz CPU, 512 MB RAM, and an NVIDIA

VantaTMgraphics card, and using OpenGL as the API, performing this number of display

and capture operations consumes approximately 10 hours4 for a textured model that has

40,000 triangles and a 512× 512-pixel texture.

More essentially, the quality measure Q is desired to reflect the visual fidelity of the

displayed model. For multi-resolution meshes without texture mapping, SSE has been con-

firmed working successfully in evaluating visual fidelity [96]. However, it has been discovered

that when substituting simplified mesh geometry with multi-resolution texture images, SSE

may not reflect the perceptual quality properly. Figure 7 shows an example, where we gen-

erate a simplified mesh for the Map-Sphere model, and then map it with several texture

images with different resolutions. The texture resolution is represented by the number of

bits per pixel (bpp). As can be seen in Figures 7(b-d), the model with a higher resolution

texture (higher bit rate) has a lower PSNR value than the model with the same geometry

but a lower-resolution texture (lower bit rate), even though the former apparently has bet-

ter visual fidelity than the latter. This observation shows the existing inaccuracy of using

SSE as the fidelity measure for jointly simplified textured models. According to our experi-

ments, such pathologies are generally observed for textured models when mesh geometry is

substantially simplified (simplification ratio varies among different models). To guarantee

that proper solutions are obtained in (8), a meaningful while more efficient quality measure

is required.

4A dominant portion of this time measurement is the time consumption of file loading and API-call
initialization for every display. If we exclude the file loading and call initialization, rendering operations will
take roughly 20–30 minutes.

20



(a) 39600 faces, 24 bpp

SSE (PSNR) :

FQM :

(b) 1264 faces, 1.0 bpp

25.82 dB

0.7263

(c) 1264 faces, 0.3 bpp

25.97 dB

0.6170

(d) 1264 faces, 0.1 bpp

26.10 dB

0.4380

Figure 7: An example where SSE fails to capture the quality difference of simplified
textured models. For comparison, quality measures given by the fast quality measure (FQM)
(to be detailed in Section 3.2.1) are also presented.

3.2.1 The Fast Quality Measure

To effectively measure the quality of a jointly simplified textured model, we first consider

the effects of geometry and texture simplification processes separately. Watson et al. in [96]

showed that both the screen-space error and the surface distance successfully predict the per-

ceptual fidelity in the simplified geometry if no texture is mapped. On the other hand, the

mean-square pixel error is most widely used in imaging to measure the quality of compressed

2D images [32]. Driven by these observations, we propose to combine the mean-square tex-

ture deviation computed during the mesh simplification process and the mean-square pixel

error incurred by the texture coding, and construct a novel quality measure for textured

3D models. Mathematically, we define the quality (Q) of a model with texture T j mapped

on mesh M i as

Q(M i, T j) = λQG(M i) + (1− λ)QT (T j) (9)

for [0, 0] ≤ (i, j) ≤ [n,m], where λ ∈ [0, 1] is introduced as an equalization factor between

the mesh and the texture, and will be discussed later in this section. Respectively, QG and

QT are computed using errors measured in the geometric and texture domains:

QG(M i) = norm

[
log10(1−

MSEG(M i)

L2
)

]
, i ∈ [0, n], (10)
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and

QT (T j) = norm

[
log10(1−

MSET (T j)

2552
)

]
, j ∈ [0,m]. (11)

L in (10) is the diagonal of the bounding box of the mesh. Function norm[·] is defined as a

normalization operator that normalizes the scales of QG and QT into [0, 1], respectively. In

other words, the scales of QG and QT are normalized in their respective coordinate systems

so that the full resolutions of mesh and texture have measures QG(Mn) = QT (Tm) = 1,

and their coarsest versions have quality rated as QG(M0) = QT (T 0) = 0. The scaling

effect between two coordinate systems will be accounted for by the equalization factor λ

and therefore it will not affect the eventual quality measures.

In the above equations, MSEG and MSET are the mean-square errors measured in the

geometric and texture domains, respectively5. More explicitly, MSET is the mean-square

pixel error between the simplified and the full-resolution texture images, calculated using

SPIHT [72]. For MSEG , the Metro tool [27] can be employed to compute the mean-square

surface distance between two meshes. For fast computation, however, in our implemen-

tation we compute MSEG using the mean-square texture deviation (MSD) instead of the

Metro error (MetroMSE), as texture deviation has been measured during the progressive

compression process and therefore it does not require additional computation. Moreover, it

is noticed in our experiments that the mean-square texture deviation provides close scales

to the Metro error in a normalized coordinate system, as depicted in Figure 8.

Equations (10) and (11) quantify the quality of the coarser mesh and the lower-resolution

texture in their own domains, while the relative effect of the geometry inaccuracy and the

texture distortion on visual fidelity is modeled in (9) by the equalization factor λ. For

two extreme cases where the model has either sole mesh geometry or texture image, we

simply have λ = 1 and λ = 0, and (9) returns to be Q(λ=1) = QG and Q(λ=0) = QT ,

correspondingly. These results are meaningful since both MSEG and MSET are successful

measures of visual fidelity in their respective domains [32,96].

5For differentiation purpose, in the rest of the chapter we specifically use MSET to refer to the mean-
square image error measured in the texture domain, while using SSE to denote the mean-square error
computed for the displayed models in the rendering space.
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Figure 8: With normalized scales, the mean-square texture deviation (MSD) and the mean-
square surface distance measured by Metro [27] (MetroMSE) generate close distortion-rate
curves.

In general, it is natural that we expect λ for a particular model to be strongly depen-

dent on the characteristics of that model. Potential factors include the spatial and spectral

distribution of the texture image, the fineness scale of the triangular mesh, and the masking

effect of substituting the texture for the surface, etc. Unfortunately, finding a computa-

tional method for λ that fully describes all the possibilities will not be practical concerning

computational efficiency.

To explore a computationally efficient method, we take partial derivatives of (9) to get

λ =
∂Q

∂QG
=

∂Q

∂RG
/
∂QG

∂RG
, (12)

and

(1− λ) =
∂Q

∂QT
=

∂Q

∂RT
/
∂QT

∂RT
, (13)

where RG and RT are the bit rates of the mesh and texture, respectively. QG ,RG and
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QT ,RT are measured quantities in mesh and texture simplification processes. Combin-

ing (12) and (13) into a single equation, we obtain

λ

1− λ
=

ρG
ρT
⇒ λ =

ρG
ρG + ρT

, (14)

where

ρG ,
∂Q

∂RG
/
∂QG

∂RG
, and ρT ,

∂Q

∂RT
/
∂QT

∂RT
.

Based on (12)-(14), we have developed a simple but effective computational method

of estimating the equalization factor. In doing so, we estimate ∂Q in the rendering space

by carefully selecting sample pairs of the mesh and texture resolutions so as to obtain a

meaningfully quantified quality difference between them. In particular, the resolutions that

we choose to render in the screen space will fall around the turning points on the curves

of (RG ,QG) and (RT ,QT ), respectively. Figure 9(a) is a demonstration of this selection

conducted in the (RG ,QG) coordinate system. In doing so, we find an index, k, such that the

line constructed by two points, (RG
(k),QG

(k)) and (RG
(k−1),QG

(k−1)), makes a 45◦-angle

(or the nearest if not exact) with the x-axis. We denote

∆QG
(k) = QG

(k) −QG
(k−1),∆RG

(k) = RG
(k) −RG

(k−1).

Likewise, we find an index l for the texture such that (RT
(l),QT

(l)) is the turning point on

the curve of (RT ,QT ) (Figure 9[b]), and denote

∆QT
(l) = QT

(l) −QT
(l−1),∆RT

(l) = RT
(l) −RT

(l−1).

By choosing the resolutions around the turning points, we expect to attain well bounded

numerical values for ∆QG

∆RG
and ∆QT

∆RT
, the denominators in (12) and (13), hence minimizing

potential arithmetic errors in the computation. In addition, according to our observation,

rendering thus selected textured models avoids encountering singularities and provides the

meaningful measurements of the screen-space error, which lead to a good estimate of ∂Q

in (12) and (13).

Assume that we have selected Mk,Mk−1 and T l, T l−1 on respective curves. Three

pairs of mesh and texture resolutions, (Mk, T l), (Mk−1, T l), and (Mk, T l−1), as well as the
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Geometric domain Texture domain

Rendering space
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1kM −
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Figure 9: An illustration on estimating the equalization factor λ. (Mk,Mk−1) and
(T l, T l−1) are selected turning points on the (RG ,QG) and (RT ,QT ) curves, respectively,
which construct lines that have a 45◦-angle with the x-axis. The selected pairs are rendered
in the screen space for estimating the equalization factor λ.

coarsest representation, (M0, T 0), are then rendered in the screen space and their errors are

measured respectively. The corresponding numerical results are represented by σ2
k,l, σ2

k−1,l,

σ2
k,l−1, and σ2

0,0. All the quantities are computed in the screen space following Equation (6).

We then define

P = log10(1−
σ2

2552
) (15)

for the measured mean-square errors and again normalize the results so that P0,0 = 0 for the

coarsest representation, (M0, T 0), and consequently, Pn,m = 1 for the full-resolution model,

(Mn, Tm). Denoting the corresponding results for (Mk, T l), (Mk−1, T l), and (Mk, T l−1) by

Pk,l, Pk−1,l, and Pk,l−1, respectively, we estimate ∂Q in (12) and (13) by

∆Q′ = Pk,l − Pk−1,l, and ∆Q′′ = Pk,l − Pk,l−1. (16)
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Using (14), the equalization factor, λ, is finally computed by

λ =
∆Q′/∆QG

(k)

∆Q′/∆QG
(k) + ∆Q′′/∆QT

(l)
. (17)

Note that ∆RG
(k) and ∆RT

(l) have been cancelled in (17) as common factors.

The above process can be repeated by choosing more sample pairs in the screen space.

For instance, in our experiments presented in the chapter, we choose to render two more

pairs, (Mk+1, T l) and (Mk, T l+1), and follow the computation described above but using

(Mk+1, T l), (Mk, T l+1) together with (Mk, T l) and (M0, T 0). We then take the average

as the final estimate of λ. Combining (9) with (17) gives the complete expression of the

predicted visual fidelity for a simplified textured model. Clearly, FQM is computationally

efficient, as only a few measurements are required in the screen space. In addition, ex-

perimental results presented in Section 3.3 confirm that FQM properly captures the visual

fidelity of jointly simplified models, although it is not a rigorously proven metric.

3.2.2 The Boundary Search Algorithm

As discussed before, given the quality measure Q, the solution to (8) can be obtained by

an exhaustive search over the space of solutions, which has computational complexity of

O(n × m). In contrast to SSE, using FQM makes the exhaustive search affordable for

many applications as only numerical comparisons are needed after a small (and constant)

overhead for estimating the equalization factor.

For applications that deal with large 3D models or require precise bit allocation between

the mesh and the texture, the space of solutions may get substantially large. Thus the

exhaustive search becomes inefficient and heuristic methods are desirable. One of such

heuristics is the marginal analysis introduced in [17] using a resource reduction approach.

The algorithm starts from the full-resolution mesh and texture and searches in the steepest

decent direction while reducing the resolutions of the mesh and the texture. In other words,

at each step, either the mesh resolution or the texture resolution is reduced, depending on

which action results in a smaller increment of distortion, and the process is repeated until

the bit rate satisfies the constraint.
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The marginal analysis gains linear computational complexity at the price of reaching

possibly suboptimal solutions. Nevertheless, it is noted that the quality function defined

in (9) has monotonicity with both mesh and texture resolutions, which ensures that the

estimated rate-quality surface has a convex property. With this convex property, instead

of performing exhaustive search over the space of solutions, optimal bit-allocation solutions

can be found on the boundary of the feasible region, namely,

(Mk, T l)opt = arg max
(i,j):(M i,T j)∈BC

Q(M i, T j), (18)

where BC denotes the boundary of the feasible region determined by the bit budget C.

The pseudo-code algorithm of procedure Boundary(C) is presented in Appendix A.1, where

we assume m < n without loss of generality. We learn from Algorithm 1 that finding

the boundary of feasible region has computational complexity of O(n + m), and obviously,

|BC | = min(n,m). Therefore the overall complexity of (18) remains linear with respect to

the decoupled dimensions of the solution space.

3.2.3 The Retained Mode

The previous discussion on the bit-allocation framework has presented a complete solution

on finding an optimal pair of mesh and texture resolutions for a given bit budget that

provides an approximated model with maximum quality (measured by FQM). Particularly,

this solution corresponds to the streamed mode where a quick display on the user’s screen

is desired when the user first subscribes to the application. We now extend the framework

to the retained mode where having displayed a coarse version of the model, the client

accommodates longer download duration and wishes to refine the displayed model for a more

accurate interactive study. As illustrated in Figure 6, enhancement data is organized into

a sequence of data units with interleaved mesh and texture data. At the client, rendering

resolution is improved every time when a new data unit is received and decoded. The

objective of this retaining process is to optimally packetize every successive data unit such

that greatest increment of visual fidelity is attained at each instant when the displayed

model is refined. The size of the data unit is in general constrained by a maximum data

unit (MDU), which may vary among different application/networking environments but is
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considered a constant parameter in a certain environment.

Let (χ
(i)
G , χ

(i)
T ) (i ≥ 0) denote the data bits that have been decoded by the client for

the mesh and the texture, respectively, after the i-th refinement. Specifically, (χ
(0)
G , χ

(0)
T )

represents the initial model that has been viewed by the client before the retaining process

begins, which may be the lowest-resolution version of the model or a pair of mesh and

texture resolutions determined in the streamed mode. Assuming that the size of MDU is

K bits, the bit-allocation solution for the (i + 1)-th refinement level is given by




(∆χG ,∆χT )opt = arg max
∆χG+∆χT ≤K

Q(χ
(i)
G + ∆χG , χ

(i)
T + ∆χT ;λ),

(χ
(i+1)
G , χ

(i+1)
T ) = (χ

(i)
G , χ

(i)
T ) + (∆χG ,∆χT )opt,

(19)

where Q is the FQM function and λ is the equalization factor associated with a particular

model. (∆χG ,∆χT )opt denote the numbers of bits for the mesh and the texture, respectively,

according to which a new data unit will be packetized for the next transmission. Starting

from (χ
(0)
G , χ

(0)
T ), the computation in (19) is repeated until all the enhancement data is

transmitted or the retaining process is terminated by the client. The algorithm presented

by (19) is referred to as the maximum quality bit-allocation (MxQ-BA) algorithm hereafter.

For each decoding opportunity, finding the optimal bit-allocation solution of (19) has a

similar formulation as (18) while the solution space is constructed by all possible combina-

tions of a certain number of vertex splits for refining the mesh and a portion of enhancement

bits for the texture. Practically, it is neither efficient nor necessary to investigate the prob-

lem for individual vertex splits or few texture bits as they perform small and local changes,

which normally do not result in perceivable difference. For this sake, in our experimen-

tal study presented in Section 3.3, we organize the refinement data of the mesh and the

texture into small batches with a size of 100 bytes per batch. Then, at each transmission

opportunity, we apply the MxQ-BA algorithm to decide the numbers of batches that should

be allocated to the remaining mesh and texture data, respectively, and be packed into the

to-be-sent data unit.

The MxQ-BA algorithm provides the best-effort solution for maintaining receiving qual-

ity at a maximal level during transmission. Nonetheless, it should be pointed out that in

the MxQ-BA algorithm, additional information needs to be sent for each transmitted data
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unit to indicate bit boundaries between the mesh and the texture. This header information

is critical and has to be correctly received or the entire data unit will not be decodable,

which may further affect decoding successive data units because of error propagation. In

a typical network environment where bit errors may occur randomly during transmission,

error resiliency for the bit-boundary information is important. While error protection bits

can be added to provide error resiliency for the data unit, it introduces additional band-

width requirement as a tradeoff. A detailed study on error-resilient transmission of textured

3D models is beyond the scope of the present work. As an alternative method to achieve

better error resiliency, we consider a heuristical bit-allocation algorithm according to the

estimated relative importance of the mesh and the texture. More explicitly, we consider

performing constant-ratio bit allocation for every data unit using the equalization factor λ,

where the numbers of bits for the mesh and the texture are simply given by




(∆χG ,∆χT )λ = K · (λ, 1− λ),

(χ
(i+1)
G , χ

(i+1)
T ) = (χ

(i)
G , χ

(i)
T ) + (∆χG ,∆χT )λ,

(20)

This simple heuristic is referred to as the λ-based bit-allocation (λ-BA) algorithm hereafter.

Using the λ-BA algorithm avoids sending bit boundaries in every transmitted data unit,

making the retaining process more robust to random bit errors occurred during transmission.

In addition, experimental results presented in Section 3.3 show that the λ-BA algorithm

performs closely with MxQ-BA, given a good estimate on the equalization factor. Therefore,

it provides a good alternate to the optimal algorithm in the situations where error resiliency

is of importance.

3.3 Experimental Results

In this section we present experimental results for the proposed bit-allocation framework

using several test models6, as listed in Table 1. In Table 1, Tfull and Tbase denote the

numbers of polygons (faces) in the full-resolution mesh and in the base mesh, respectively.

For all the models, the texture coordinates are quantized using 10 bits. To quantize the

geometry coordinates, we use 12 bits for all the models except for Mandrill, which has

6Thanks to Laurent Balmelli and Peter Lindstrom for providing the test models.
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the lowest-polygon-count mesh among the test models and its geometry coordinates are

quantized with 10 bits. For the texture images, we choose their coding rates in certain

ranges such that the decoded images have the meaningful variations of visual fidelity (15–

50 dB in general).

Table 1: Textured 3D models used in the experiments
Model Geometry Texture λ

Tfull Tbase n Dimension coding rate (bpp) m

Map-Sphere 39,600 784 40 512 × 512 0.05-1.0 20 0.5269
Marble-Ball 512 × 512 0.05-1.0 20 0.9127

Mandrill 25,644 1176 30 512 × 512 0.05-1.0 20 0.3977

Zebra 58,494 1050 40 1024 × 1024 0.01-0.4 30 0.6276

Salamander 71,254 1934 40 1024 × 1024 0.01-0.2 30 0.8990

(a) Map texture (b) Marble texture

Figure 10: The texture images of the Map-Sphere and the Marble-Ball models.

3.3.1 The Equalization Factor

In Table 1, the Marble-Ball model has the same mesh geometry as the Map-Sphere

model, which has been shown in Figure 7, while they have different textures as shown in

Figure 10. The equalization factors for the two models are found to be λMap = 0.5269 and

λMarble = 0.9127, respectively. Note that λ is close to 0.5 for Map-Sphere, whereas λ is

close to 1.0 for Marble-Ball. These results imply that with the give coding rates, the

distortion of the Map texture has significant impact on the resulting visual fidelity of jointly

simplified models when it is mapped to the sphere mesh. In contrast, the distortion of the

Marble texture has less impact on the model fidelity. Instead, the quality degradation of

Marble-Ball will be mostly resulted from the mesh error. Subjectively, such difference
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can be confirmed by visually comparing the two textures in Figure 10: the Map texture

conveys more appearance detail of the model than the Marble image.

Figure 11 presents sampled mesh and texture pairs of the above two models. The FQM

measures are calculated using (9) with the corresponding values of λ. Figure 11(a-d) and

Figure 11(e-h) have the same four pairs of mesh and texture resolutions, but are ordered

differently according to the estimated visual fidelity. From Figure 11(a) to Figure 11(d),

visual quality of the models drops as the texture resolution decreases. In contrast, in

Figure 11(e-h), difference of the textures is barely noticeable, and visual fidelity degrades as

the mesh geometry becomes coarse (under flat shading). These subjective results show that

the equalization factor meaningfully reflects the relative effect of the mesh and the texture.

In Figure 12(a), we plot for the Map-Sphere model the measured quality of different

mesh and texture pairs with respect to their joint bit rate. Each thin curve in the plot repre-

sents a constant texture bit rate with gradually increased mesh bit rates. One can observe in

Figure 12(a) that for the same mesh resolution, the quality is improved considerably as the

texture resolution increases. For instance, the lowest points of the thin curves correspond

to mapping the textures with different resolutions to the coarsest mesh geometry. Recall

the experiment presented in Figure 7, where SSE fails in reflecting the perceptual fidelity

when mapping textures with different resolutions to highly simplified geometry. Marked

accordingly in Figure 12(a) are the corresponding quality measures for the models shown in

Figure 7(b-d), which provide more meaningful measurements on the perceptual difference.

In addition, by eliminating the pathological cases, a convex rate-quality surface is obtained,

plotted in Figure 12(b). The X- and Y-axes in Figure 12(b) denote the bit rates of the

mesh and the texture, respectively. As discussed in Section 3.2, such a convex property

guarantees that optimal bit-allocation solutions can be found in a linear time.

3.3.2 The Streamed Mode

In the rate-quality plot shown in Figure 12(a)), the dashed (red) line denotes the optimal

envelope of the convex hull, which gives the upper bound of the model quality that could be

achieved under certain bit budgets. Similar rate-quality curves have been generated for the
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4804 faces, 0.30 bits/pixel

(a) Q = 0.8094

7328 faces, 0.20 bits/pixel

(b) Q = 0.7683

2088 faces, 0.15 bits/pixel

(c) Q = 0.5987

3744 faces, 0.05 bits/pixel

(d) Q = 0.4664

7328 faces, 0.20 bits/pixel

(e) Q = 0.9186

4804 faces, 0.30 bits/pixel

(f) Q = 0.8960

3744 faces, 0.05 bits/pixel

(g) Q = 0.8079

2088 faces, 0.15 bits/pixel

(h) Q = 0.7021

Figure 11: Rendered results of the Map-Sphere (λ = 0.5269) and the Marble-Ball (λ =
0.9127) models. (a-d) and (e-h) have the same four pairs of mesh and texture resolutions,
but are presented respectively in the order of descending FQM measures.

32



0 10 20 30 40 50 60 70 80
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Joint mesh and texture bit rate (KB)

F
Q

M

λ = 0.5269 

Q = 0.7263 (Fig. 7b) 

Q = 0.6170 
  (Fig. 7c)

Q = 0.4380 (Fig. 7d) 

(a)

0
10

20
30

40

0

10

20

30

40
0

0.2

0.4

0.6

0.8

1

R
T
 (KB)R

G
 (KB)

Q

(b)

Figure 12: The rate-quality curve and surface of the Map-Sphere model. The dashed
(red) curve in (a) plots the convex hull of the rate-quality curve.
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other models using the estimated equalization factors (as listed in Table 1), respectively.

With the rate-quality curve, the optimal pair of mesh and texture resolutions under a given

bit budget (the streamed mode) can be found using the boundary search algorithm (18).

For example, in Figure 13 we present the rate-quality curve for the Mandrill model and

under a 25 KB bit budget, several sampled results are provided for comparison. The point

associated with Figure 13(c) is on the envelope of Figure 13(a), meaning that given a bit

budget of 25KB, it provides the best approximation of the Mandrill model among all the

generated resolutions.

For another demonstration, several bit budgets are imposed on the Zebra model ranging

from 8 KB to 40 KB, and the optimal results found on the envelope of the rate-quality curve

(Figure 14(a)) are captured in Figures 14(b-e). A high-resolution model (Q = 0.8355) is

obtained when the bit budget is large (40 KB). The model fidelity decreases as the bit budget

drops from 40 KB to 8 KB. Nevertheless, by reducing both mesh and texture resolutions in a

balanced manner, visual fidelity is maintained at the maximal level under the corresponding

bit-rate constraint. Also, the quality measures properly reflect the degradation in visual

fidelity.

In Table 2, we present a comparative study on the boundary search algorithm with

the marginal analysis using the data sets of the Mandrill and Zebra models. For a

sequence of bit budgets, the quality measures found by the boundary search (QB) and the

quality measures obtained by the marginal analysis (QM ) are presented, appended with

the corresponding bit-allocation percentages of the mesh and the texture. Table 2 shows

that the boundary search algorithm always finds the maximum quality while the marginal

analysis algorithm is suboptimal even though it provides close-to-maximum results. The

difference between QM and the optima, QB , is more apparent for lower bit budgets and/or

in the Mandrill case.

Figure 15 visually compares the two algorithms. In Figure 15(a), the (blue) line with

plus signs shows the execution path of the marginal analysis for the Zebra model under

a bit budget of 15KB, while the (black) line with dots indicates the path of the boundary

search. The solutions reached by the two algorithms are marked on the contour by circles,
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Figure 13: The optimal pair of resolutions found for the Mandrill model: (a) is the rate-
quality curve; (b-e) have decreasing fidelity and are correspondingly marked in (a) under
the bit budget 25 KB.
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Figure 14: The optimal pair of resolutions found for the Zebra model: (a) is the rate-
quality curve; (b-e) correspond to the marked points along the envelope in (a), with the bit
budget varying from 40KB to 8KB.
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Table 2: Comparisons of the boundary search and the marginal analysis algorithms under
various bit rates

Mandrill

C (KB) QB QM

8 0.2051 (80%, 20%) 0.0984 (52%, 48%)
10 0.3035 (67%, 33%) 0.2222 (35%, 65%)
12 0.3887 (59%, 41%) 0.2614 (31%, 69%)
14 0.4649 (54%, 46%) 0.3458 (29%, 71%)
16 0.5168 (60%, 40%) 0.3720 (26%, 74%)
20 0.5986 (44%, 56%) 0.5140 (27%, 73%)
24 0.6630 (40%, 60%) 0.6304 (36%, 64%)
28 0.7048 (42%, 58%) 0.6989 (35%, 65%)
32 0.7465 (40%, 60%) 0.7366 (34%, 66%)
36 0.7746 (42%, 58%) 0.7681 (36%, 64%)

Zebra

C (KB) QB QM

8 0.3276 (67%, 33%) 0.2092 (49%, 51%)
10 0.4459 (73%, 27%) 0.3605 (55%, 45%)
12 0.5395 (66%, 34%) 0.5258 (56%, 44%)
14 0.6030 (71%, 29%) 0.5991 (61%, 39%)
16 0.6595 (66%, 34%) 0.6425 (58%, 42%)
20 0.7281 (60%, 40%) 0.7281 (60%, 40%)
28 0.8215 (67%, 33%) 0.8078 (70%, 30%)
32 0.8480 (71%, 29%) 0.8480 (71%, 29%)
36 0.8713 (63%, 37%) 0.8690 (70%, 30%)
40 0.8922 (67%, 33%) 0.8880 (73%, 27%)

and the corresponding quality measures are found in Table 2 to be QB = Qopt = 0.6410

and QM = 0.6209, respectively. The captured views are shown in Figure 15(b-c), where we

can see that even though the marginal analysis provides a near-optimal solution, difference

in visual fidelity is still noticeable from a certain perspective. Likewise, Figure 15(d-e)

captures the results of the two algorithms for the Mandrill model under a bit budget

20 KB. Not only is the difference between Qopt and QM larger, but also the perceptual

difference between the rendered models is more apparent. The numerical results and the

subjective observations also confirm the effectiveness of FQM in predicting visual fidelity.

3.3.3 The Retained Mode

We now present experimental results for the retained mode. In our experiments, without

loss of generality, we consider that the initial display on the user’s screen is the coarsest
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Figure 15: A comparison of the boundary search and the marginal analysis algorithms: (a)
the execution paths for the Zebra model under a bit budget 15 KB, (b-c) the corresponding
subjective results, and (d-e) the subjective results of Mandrill under a 20 KB rate budget.
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version of the progressively compressed model that has the lowest bit rate, and start the

computation of the retaining process (19) with Q(χ
(0)
G , χ

(0)
T ) = 0. The size of the maximum

data unit (MDU) is chosen to be K = 2 KB or 4 KB.

We first compare the MxQ-BA algorithm with two simplest heuristics that transmit

first all the mesh (texture) data and then the texture (mesh). These simple heuristics are

called M-first and T-first, respectively. For the Mandrill and the Map-Sphere models,

Figures 16(a-b) present the curves of increased quality obtained by gradually decoding

refining data units. As expected, the MxQ-BA algorithm significantly outperforms M-first

and T-first since the simplest heuristics constantly increase the resolution for the mesh or

the texture without refining the other, which in general is very inefficient in increasing the

resolution of the textured model. For the Mandrill model (Figure 16(a)), for example, the

quality obtained by the texture-first heuristic after receiving 10 data units is Q = 0.3841,

whereas Q = 0.7274 is achieved by MxQ-BA.

As described in Section 3.2.3, MxQ-BA is a best-effort solution which organizes bits

in the to-be-sent data unit to maximize the quality predicted by FQM. To avoid sending

additional information for bit boundaries in MxQ-BA, the λ-based bit allocation (λ-BA)

performs constant-ratio bit allocation using the equalization factor λ as the bit-allocation

ratio (λ for the mesh and (1 − λ) for the texture), given that λ estimates the relative

importance between the mesh and the texture. Next, we investigate the performance of

this heuristical method compared with MxQ-BA.

The experimental results for the test models are shown in Figure 17. In Figures 17(a-d),

respectively, we plot the rate-quality curves for the λ-BA and the MxQ-BA algorithms as

well as two other constant-ratio bit-allocation heuristics which choose bit-allocation per-

centages different from the equalization factor λ. The bit-allocation percentages for the

mesh and the texture are noted in the plots. One can see that both λ-BA and MxQ-BA

outperform the comparing constant-ratio bit allocation schemes. The performance upgrade

is especially significant when the selected bit-allocation ratio has larger difference compared

with the corresponding λ. As the ratio gets closer to λ, the bit-allocation performance
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Figure 16: A comparison of the MxQ-BA algorithm with the two simplest heuristics that
transmit all the mesh (texture) data first and then the other.

between the constant-ratio scheme and MxQ-BA is less significant. Specifically, for the λ-

based constant-ratio bit allocation, i.e., λ-BA, only a slight difference can be observed with

MxQ-BA for first transmitted data units, and the quality curves gradually merge together.

In Figure 17(d), it is noticed that at some points the λ-BA has even higher quality than

MxQ-BA. This is because MxQ-BA always finds the optimal bit allocation that maximizes

quality for the next data unit, which is the best-effort solution but possibly lose global

optimality after a certain number of iterations. Also in Figures 17(a-d), substantial per-

formance improvement is observed for the Zebra and the Salamander models and in

the cases where the data unit has the larger size (K = 4KB). This observation is antic-

ipated because the solution space becomes smaller when the size of data units decreases,

hence lowering the possible gain that could be achieved by finding the optimal bit-allocation
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Figure 17: A comparison of the MxQ-BA and λ-BA algorithms with the constant-ratio
bit allocation.

solution.

To end our discussion in this section, Figure 18 presents the rendered results of the

Salamander model after five data units are decoded, where Figures 18(b-d) correspond

to the models obtained by MxQ-BA and the two constant-ratio schemes with bit-allocation

percentages (25%, 75%) and (50%, 50%), respectively. Note, for example, how the claws be-

come substantially distorted from Figure 18(b) to Figure 18(d). Such distortion is captured

by the quality measure. Compared with the full-resolution model shown in Figure 18(a), the

MxQ-BA algorithm provides the approximation that best preserves the details of both the

mesh and texture. All the presented results verify the efficacy of the proposed bit-allocation
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Figure 18: Sample results of the Salamander model in the retaining process when five
data units are decoded.

framework.

3.4 Summary

In this chapter, we presented a bit-allocation framework for efficiently streaming textured

3D models, which manages to maximize the quality of the displayed model during progres-

sive transmission. To predict the visual fidelity, a fast quality measure (FQM) is proposed,

which combines the distortion of both the mesh geometry and texture image through an

equalization factor estimated in the rendering space. FQM provides meaningful prediction

on visual fidelity and generates a convex rate-quality surface for the progressively com-

pressed model. Using FQM, bit-allocation algorithms are developed to find the proper

distribution of mesh and texture data that maximizes the quality of the transmitted model

under a bit-rate constraint. Two transmission stages, namely the streamed mode and the

retained mode, are addressed under a rate-distortional framework. The streamed mode

corresponds to providing the best initial display on the user’s screen when the progressive

42



transmission begins, while the retained mode has the objective of maintaining the visual

fidelity of the displayed model at the maximal level during transmission. The experimental

results justified that by properly estimating the relative importance of the mesh and the

texture, the proposed bit-allocation framework quickly presents high-resolution visualiza-

tion of textured 3D models with limited bit budgets, thus achieving higher efficiency in

progressive transmission.

In the retaining process, optimal bit allocation requires sending additional and error-

sensitive information to indicate bit boundaries between the mesh and the texture in every

data unit. To resolve the problem, we presented a constant-ratio bit-allocation scheme

using the equalization factor λ estimated for the given model. This λ-based bit allocation

performs closely with the optimal bit-allocation algorithm, making it attractive for real

systems where both efficiency and error resiliency are important.

The equalization factor, which reflects the relative importance of the mesh and the

texture for a particular model, is estimated through the rendering space. In the presented

framework, it is estimated to be view independent by taking multiple virtual snapshots

surrounding the object. It is worth to point out, however, that the proposed approach

is general enough to allow an easy integration of the bit-allocation framework with view

dependent texture coding (e.g., [55]) in MPEG-4. Through the rendering space, different

equalization factors can be estimated for different views of the model, each of which will be

used in the bit-allocation algorithms following the same process presented in this chapter.

Our discussion in this chapter was focused on the scalable coding of 3D models under

rate-constrained environments. Network behaviors such as transmission delay and packet

loss, while they play an essential role in streaming graphics applications, have not been

considered. In the following chapter, we address network behaviors and develop transmis-

sion mechanisms for streaming scalably coded 3D models over lossy and rate-constrained

networks.
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CHAPTER IV

HYBRID RETRANSMISSION AND ERROR

PROTECTION

4.1 Introduction

The objective of scalable streaming graphics applications is to provide real-time display of

3D models on disparate users’ terminals with satisfactory quality. To this end, the impact

of packet losses and transmission delays on the decoding process need to be explored. Typ-

ically, reliable or error-resilient transmission can be achieved by pre-processing techniques

such as data partitioning [16,97,98], post-processing techniques such as error-concealment,

and network-oriented techniques such as forward error correction [2, 7, 11] and retransmis-

sion techniques [3, 4, 10, 22–24]. All these techniques address efficient transmission of 3D

data separately. Yet an appropriate combination of such techniques is desired to achieve

better performance. Interaction and tradeoffs among the selected techniques need to be

investigated, taking into account the distortion-rate performance of the 3D data and the

network characteristics.

As the second milestone of our proposed research, we develop in this chapter a hybrid

mechanism of unequal error protection (UEP) and selective retransmission for streaming 3D

models over lossy networks [12,84]. Hierarchal data batches of the multi-resolution 3D data

are protected preferentially according to their distortion-rate performance, network param-

eters, and channel statistics estimated by the transport layer. To minimize the response

time in interaction, the proposed mechanism is designed to have linear computational com-

plexity. In addition, by integrating TCP-friendly congestion control into the system, the

proposed mechanism achieves smooth performance over time as well as bandwidth fairness

for co-existing applications in the network. For the sake of clarity, we focus on multi-

resolution mesh geometry in our presentation. Nevertheless, the presented framework can
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be extended to include textured models without difficulty, by integrating our joint mesh

and texture optimization presented in the preceding chapter.

The presented work makes four contributions: (i) For a given distortion constraint, we

derive a simplified expression (with assumptions) of the optimal FEC code that minimizes

the expected transmission latency when combined with retransmissions; (ii) Observing a

semi-infinite space for finding the theoretical optimal solution, we propose an extended

steepest decent search algorithm, which quickly reaches the local optima in the solution

space; (iii) Based on the results for distortion-constrained scenarios, we further develop a

transmission mechanism for time-constrained scenarios, which significantly decreases the

receiving distortion under a strict delay constraint; (iv) By integrating TCP-friendly con-

gestion control into the system, the proposed mechanisms achieves smooth performance

over time and bandwidth fairness for parallel applications.

The rest of the chapter is organized as follows. The major aspects of the proposed mesh

transmission system are described in Section 4.2. In Section 4.3, we present a detailed

study of the hybrid unequal error protection and selective retransmission mechanism. Test

results in simulated network environments are also provided in Section 4.3. The chapter is

summarized in Section 4.4.

4.2 System Overview

In this section, we provide an overview on the 3D mesh transmission system that is under

consideration, and introduce the most important system parameters. As can be seen in

Figure 19, the proposed system has three major components: a 3D mesh codec, a hybrid

unequal error protection and selective retransmission mechanism at the application level

(UEP/SR), and a transport protocol integrated with TCP-friendly rate control (TFRC).

Next we briefly describe the system components and the corresponding parameters. Toward

the end of the section, we present a simulation environment which will be used to test the

performance of the proposed system.
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Figure 19: The proposed transmission system consists of three components.

4.2.1 The Codec Component

The 3D mesh codec implemented in the present work closely follows the compressed pro-

gressive mesh algorithm proposed by Pajarola and Rossignac [68], although the proposed

transmission system is general enough to incorporate other multi-resolution compression

methods, as will be discussed later in this section. A compressed mesh stream is composed

of a base mesh, M0, and L enhancement batches, {Bi}i=1,...,L, each of which encodes a set of

vertex-split operations that transfer the triangulated mesh surface to a higher resolution1.

Sequentially, batch Bi refines the resolution of mesh M i−1 to higher resolution M i until

the full resolution is reached. Each resolution M i, differs from the full resolution mesh by

certain error (distortion) with a certain bit rate. As introduced in Chapter 2, such distor-

tion can be measured by the root-mean-square surface distance between the meshes. To

facilitate our discussion, we define a PSNR-like metric to reflect the quality degradation of

a multi-resolution mesh. In particular, for a multi-resolution hierarchy {M i}i=0,...,L where

1For those methods that do not require grouping data into batches to achieve high compression ratio such
as a wavelet-based scheme [53], we still consider this “batched” organization as a general representation of
multi-resolution mesh data for two reasons: (i) isolated refinement operations in the multi-resolution mesh
perform small and localized changes which normally do not result in perceivable distortion, and (ii) the
refinement data will eventually be packetized when they are transmitted over the network.
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M0 is the base mesh and ML is the full resolution, we define the quality of mesh M i as

PSNRm = 20 log10

Emax(M0,ML)

Erms(M i,ML)
(dB), (21)

where Emax() and Erms() are the measured maximum and root-mean-square surface dis-

tances between the corresponding pairs of meshes, respectively. These distances can be

calculated using the fast Metro tool [27] in practice.

In all present multi-resolution mesh coding schemes, the base mesh M0 has both connec-

tivity and geometry information and has to be correctly received or the rendering process

will not be able to start (infinite distortion), while it in general has a fairly small fraction

(1-2% or less) of the entire bitstream. Regarding this, to simplify notation (avoid differ-

entiating the base mesh and the enhancement batches), and for the ease of performance

presentation (avoid presenting infinite distortion), in the rest of the chapter we assume that

a coarse representation has been received by the client through a reliable channel, and focus

our discussion on the transmission of enhancement data.

4.2.2 The Transmission Component

The L enhancement batches, {Bi}i=1,...,L, have different distortion-rate performance and

are treated intelligently to achieve the best quality. Herein the best quality is interpreted as

either minimized transmission latency τ under a distortion constraint Dmax or minimized de-

coding distortion Dd within a limited time frame τmax. Given network statistics reported by

the transport layer, the sending application protects the batches with unequal-rate forward

error correction (FEC) codes and/or retransmission according to their respective costs, and

determines the optimal tradeoff that minimizes the transmission delay τ under the constraint

of Dmax or vice versa. This hybrid unequal error protection and selective retransmission

mechanism (UEP/SR) is the core contribution of this work. To illustrate, consider the sit-

uation where a distortion constraint Dmax is imposed. A set of χ batches, {B1, B2, ..., Bχ},

are selected under a criterion that their overall bit rate is minimal while their resulting

resolution has a distortion level below the constraint, i.e., Dd ≤ Dmax. According to the

discussion in Section 4.2.1, these selected batches need to be reliably transmitted, or the

decoding distortion of the received mesh will not be satisfied (if any batches among the
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selected ones are not correctly received, sending higher batches would not help decreasing

the decoding distortion). Moreover, instead of solely using feedback-based retransmission

to achieve reliable transmission, unequal-rate FEC codes are concurrently used to reduce

the potential retransmission cost, and computation is performed to find the optimal FEC

codes that minimize the expected transmission delay, E(τ), with the condition that unde-

codable batches among the selected ones will be retransmitted. Detailed discussion on the

transmission mechanism is presented in Section 4.3.

The Reed-Solomon (RS) code is employed for FEC. We assume an (n, k) RS code with a

block size of n packets (i.e., n×packet-size symbols) including k (k < n) information packets

(code rate k
n). Considering a lossy channel, an RS code with (n − k) parity-check packets

will be able to recover the same number of packet losses. Hence the error probability of a

batch using RS code (n, k) is

P (n, k) = Pr{> (n− k) losses out of n}. (22)

If the random packet loss is modeled by a Bernoulli process, for example, it is easy to get

P (n, k) = 1− Pr{≤ (n− k) losses out of n}

= 1−
n−k∑

i=0




n

i


 pi(1− p)n−i (23)

where p is the packet-loss rate. Similarly, the calculation of (22) can be performed for more

sophisticated channel models, for which a few results have been found in the literature. For

a two-state Markov channel model, for example, one may refer to the derivation presented

in [46]. Such results can be easily integrated in the computation of transmission decisions,

and the simulation results show that even the simple approximation (23) performs fairly

well with the proposed algorithms.

4.2.3 The Transport Layer

UDP streams suffer from the lack of congestion control mechanism that prevents them

from being reasonably fair2 when competing for bandwidth with TCP-based traffic, as

2A flow is “reasonably fair” if its sending rate is generally within a factor of two of the sending rate of a
TCP flow under the same condition [42].
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TCP throttles its transmission rate against the network congestion. A TCP-friendly system

should regulate its data sending rate according to the network condition, typically expressed

in terms of the packet size s, the round-trip time r, and the packet-loss rate p. Ideally, the

TCP throughput equation is suitable in describing the steady-state sending rate of a TCP-

friendly flow [34]:

T =
s

r
√

2p
3 + 4r(3

√
3p
8 )p(1 + 32p2)

, (24)

where a recommended choice of the retransmission timeout, tRTO = 4r, has already been

integrated.

A TCP-friendly rate control protocol (TFRC) based on Equation (24) has been specified

in [42]. TFRC is a receiver-based mechanism designed for applications that use a fixed

packet size and vary their sending rate in packets per second in response to congestion.

The receiver periodically (once per round-trip time) sends feedback reports to the sender,

containing the information that allows the sender to adjust its sending rate. Rate control

using TFRC provides bandwidth fairness for parallel flows in the network as well as network

stability, thus avoiding congestion collapse. In addition, TFRC’s rate fluctuation is much

lower than TCP, making it more appropriate for streaming applications that desire constant

receiving quality. The TFRC implemented in the proposed mesh transmission system is

slightly modified so that each data packet is acknowledged by the receiver [69]. The ACKs

are used to infer the round-trip time and detect packet losses in order to perform selective

retransmission for undecodable batches.

4.2.4 Simulation Environment

In this section, we present a simulation environment on which all our reported results will

be based.

4.2.4.1 Network Environment

The simulation of the system is performed using ns-2 [92]. Figure 20 shows the simulated

topology. The link between R1 and R2 is the bottleneck and the bandwidth is shared by

f parallel flows. Random Early Detection (RED) [35] gateways are deployed at R1 and
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R2 to improve both fairness and performance of the flows. All the parameters are listed in

Table 3.
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Figure 20: The simulation topology in ns-2. There are totally f parallel flows sharing the
bottleneck bandwidth. All the background traffic is FTP traffic transmitted over TCP.

Table 3: A summary of the simulation parameters
Packet size 1000/500 bytes

ACK size 40 bytes

Bottleneck delay 40 ms

Bottleneck bandwidth 1 Mbps

Bandwidth of side links 10 Mbps

Delay of side links 10 ms

Simulation duration 100–200 sec

TCP window 20

RED parameters

Min threshold 5 packets

Max threshold 0.5*Buffer size

Buffer size 1000 packets

q weight 0.002

4.2.4.2 Test Models

Simulation results, unless otherwise noted, are obtained using the following models (courtesy

of Cyberware, Inc): Horse (39,698 faces), Dinosaur (28,096 faces), Venus Head (67,170

faces), and Balljoint (68,530 faces). All the models are quantized with 12 bits3 and are

encoded to generate 10 enhancement batches. Their distortion-rate performance is plotted

in Figure 21.

3In general, using 12-14 bits for quantizing 3D models with moderate dimensions introduces invisible
distortion [68]. It is worthwhile to be pointed out, however, that the test models and the quantization
parameter herein are selected for the illustration purpose. Our proposed transmission mechanism has no
dependency on these parameters.
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Figure 21: The distortion-rate performance of four test models.

4.3 Proposed Transmission Mechanism

In a hybrid TCP/UDP protocol as reviewed in Section 2.4, transmission latency is reduced

by using UDP while distortion is reduced by TCP, i.e., feedback-based retransmission. Er-

ror control coding is an alternative to retransmission to improve the channel utilization and

provide quality control. Although information theory has shown that sole use of feedback

or error control coding can achieve the channel capacity, real systems often have constraints

that invalidate ideal assumptions and call for joint considerations on both approaches. Typ-

ically, there are many situations where the receiving application has a maximally allowed

level on either the transmission latency or the rendering distortion. In such cases, retrans-

mission and error control coding should be treated intelligently so that the lowest distortion

level or the minimum transmission latency is obtained while satisfying the corresponding

constraint. In this section, we study in detail the hybrid unequal error protection and

selective retransmission mechanism for multi-resolution meshes. This proposed mesh trans-

mission mechanism is referred to as REP (retransmission and error protection) hereafter.
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4.3.1 Distortion-Constrained Transmission

We first look at the problem of minimizing the transmission latency with a given distortion

constraint, Dmax. For a multi-resolution mesh stream, if a lower batch is not decoded

correctly, perceptual quality cannot be improved by decoding higher batches. Henceforth,

satisfying Dmax is equivalent to selecting the least number of batches that need to be

transmitted reliably. Denoted by χ, this least number of batches is expressed as

χ = min{x|Dd(x) ≤ Dmax}, (25)

where Dd(x) denotes the decoding distortion of the first x batches.

Once the number of selected batches is determined, the challenge is to find the optimal

tradeoff between forward error protection and retransmission such that the user-requested

distortion level can be satisfied with minimum transmission latency. To do so, an optimal

distribution of parity-check packets for the selected batches is computed, taking into account

their unequal distortion-rate performance and potential retransmission costs. The selected

data is then protected with the corresponding parity-check packets, and is transmitted (with

possible retransmissions) until the batches are correctly decoded. A simple illustration of

this transmission mechanism is presented in Figure 22, where χ batches are selected to be

reliably transmitted with a calculated distribution of the parity-check packets (noted with

‘RS’). Packets marked with ‘∗’ indicate the losses occurred during transmission. As depicted

in Figure 22, Batch 2 is not decodable due to packet losses and is retransmitted in order to

satisfy the distortion constraint. After the χ batches are correctly received, the remaining

data is transmitted (with or without error resilience, provided that the requested distortion

level has been met).

Using sχ and cχ to represent the vectors (with length χ) of source and parity-check

packets, respectively, for the selected χ batches, the expectation of the transmission latency

τ is given as

E(τ |sχ, cχ) = E(τsχ + τcχ + τR|sχ, cχ)

= E(τsχ + τcχ |sχ, cχ) + E(τR|sχ, cχ), (26)
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Figure 22: A simple demonstration on the proposed hybrid UEP/SR method, where the
packets marked with ‘RS’ are parity-check packets and ‘*’ indicates packet losses during
transmission. Batch 2 is retransmitted because it is among the selected χ batches and has
not been correctly received.

where E() represents the probabilistic expectation, and τR denotes the total latency incurred

by retransmission; τsχ , τcχ denote the transmission costs for all the source and parity-check

packets, respectively, in the selected batches, i.e.,

τsχ = |τ sχ | =

χ∑

i=1

τ sχ(i), and τcχ = |τ cχ | =

χ∑

i=1

τ cχ(i),

where τ sχ(i) and τ cχ(i) correspond to the transmission cost for the i-th batch. Given the RS

codes (sχ, cχ), the packet-loss rate p and the round-trip time r, the steady-state transmission

throughput T is described by Equation (24), and τ sχ , τ cχ can be considered as constant-

value vectors. With the notations τ 0 = (τ sχ + τ cχ) and τ0 = τsχ + τcχ = |τ 0| = 1 · τ 0, we

have E(τsχ + τcχ |sχ, cχ) = E(τ0), and Equation (26) is further expressed as

E(τ |sχ, cχ) = E(τ0) + E(τR|sχ, cχ)

= |τ 0|+ P(sχ + cχ, cχ) · [τ 0 + E(τ R|sχ, cχ)]

= 1 · τ 0 + P(sχ + cχ, cχ) · τ 0 + P2(sχ + cχ, cχ) · τ 0

+ · · ·+ Pn(sχ + cχ, cχ) · τ 0 + · · ·

=
1

1−P(sχ + cχ, cχ)
· τ 0. (27)

Note that in (27), E(τR|sχ, cχ) was expanded as a summation of recursive retransmission

costs multiplied by the corresponding probabilities, with an assumption that all processing

cost upon data loss is ignorable. P(sχ + cχ, cχ) is the vector of batch error probabilities
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with each element computed according to (22), and Pn(sχ + cχ, cχ) is defined as

Pn(sχ + cχ, cχ) = P(n−1)(sχ + cχ, cχ) ·P(sχ + cχ, cχ), n > 1.

The optimal distribution of parity-check packets, cχopt, is then given by

cχopt = arg min
cχ

E(τ |sχ, cχ). (28)

Equations (27-28) with (25) provide the theoretical solution to the problem. Yet an

operational solution should also take into account the computation complexity as exhaustive

search will not be feasible (the choice of cχ in (28) is arbitrary and therefore the solution

space is not a close space). To accommodate real-time applications, a generalized steepest

decent algorithm is used in this work to find the optimal (or a possibly suboptimal) solution.

This fast algorithm starts with cχ = ∅, i.e., no parity-check packets are added at the initial

point. At each iteration, the algorithm adds one more parity-check packet to either one

of the χ batches, which results in χ possibilities. It then finds amongst the one that

decreases the expected delay E(τ |sχ, cχ) the most, or stops the computation if E(τ |sχ, cχ)

increases for all cases, where E(τ |sχ, cχ) is calculated using (27). Figure 23 presents a

simple illustration on this fast algorithm. The double-circled nodes indicate the searching

path of the steepest decent algorithm, which have smaller expected transmission delays

than their parents and siblings; the solid one represents the optimal operating point that

has the minimum expected transmission delay, meaning that all its descendants (skipped in

the plot) have larger expected delays. To simplify notation, the source vector sχ is ignored

in Figure 23 and only the vector of parity-check packets is indicated. From Figure 23, it is

apparent that the steepest decent algorithm has a linear computational complexity O(K ·χ),

or more generally, O(K · L), where K is the total number of parity-check packets that are

added (the depth of the tree) and L is the number of generated batches (the maximum

width of the tree).

Figure 24 presents a further illustration of the algorithm. For the Horse model (with

10 batches), it shows the computed minimum expected transmission delay with respect to

the total number of parity-check packets that are added to the batches. In the computation,
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Figure 23: An illustration of the steepest decent algorithm for finding cχopt. The double-
circled nodes indicate the searching path of the steepest decent algorithm, and the solid
one represents the optimal operating point which has the minimum expected transmission
delay.

the packet size, the packet-loss rate, and the round-trip time are set to be s = 500 bytes,

p = 2%, and r = 100 ms, respectively. As can be seen in Figure 24, adding parity-check

packets at the beginning quickly decreases the expected transmission delay, which reaches

a minimal at a certain point (K = 9 in this case). Thereafter, adding more parity-check

packets gradually increases the expected transmission latency, implying that the additional

transmission for sending parity-check packets has exceeded the potential retransmission

cost.

To study the performance of the algorithm for different network conditions, we compute

the optimal number of parity-check packets with respect to various packet-loss rates4 and

for different models. The results are shown in Figure 25. The total number of parity-check

packets that are needed for the minimum expected transmission delay is plotted with the

packet-loss rate varying from 1% to 15%. As one may expect, when the network becomes

heavily congested (higher packet-loss rates), the retransmission cost increases, and Figure 25

shows that more parity-check packets are needed to minimize the expected transmission

latency. An approximately linear relation is observed between the number of parity-check

4We keep the same round-trip time in all the computations based on the following fact: although the
packet-loss rate increases quickly as the network becomes more congested, the round-trip time is observed
with slight variation in all cases because of the regulation by RED gateways and the rate control mechanism.
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Figure 24: The computed minimum expected delay versus the number of parity-check
packets that are added. The computation is performed for the Horse model with a setting
of these parameters: packet size s = 500 bytes, packet-loss rate p = 2%, and round-trip
time r = 100 ms.

packets (K) and the packet-loss rate (p), which implies that the computation complexity

is linearly increased as the packet-loss rate gradually increases, according to the expression

O(K · L). In Figure 25, it is noted that the Venus Head model requires more parity-

check packets (larger K) than the Horse and Dinosaur models with the same packet-loss

rate, simply because its batches are encoded with larger sizes. In general, batch sizes

can be reduced while a higher number of resolutions (larger L) will occur with potential

loss/reduction in compression efficiency [79].

We now present simulation results of the proposed hybrid mechanism (REP) for distortion-

constrained transmission, and compare it with the 3TP [10]. For fair comparison, in 3TP,

we replace UDP with TFRC so the transport layer of 3TP is also TCP-friendly. Thus,

in both REP and 3TP, the remaining data other than the selected batches is transmitted

under the same mechanism, i.e., sole TFRC-UDP without FEC or retransmission. For this

sake, in our presented results, we compare only the transmission delays for the batches that
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Figure 25: The number of parity-check packets versus the packet-loss rate. The packet
size and the round-trip time in the computation are set to be s = 500 bytes and r = 100
ms, respectively.

are selected to be transmitted reliably under a given distortion constraint, and are treated

differently in 3TP and REP (in particular, 3TP uses TCP and REP uses hybrid UEP/SR).

Figures 26(a-d) plot the transmission delay with respect to different numbers of batches

that are selected to be reliably transmitted, determined upon the distortion constraint. The

delay results have been averaged over all received meshes during the simulation period. The

number of parallel flows in the network is set to be f = 12, which results in a moderate

network congestion situation as reflected by the measured packet-loss rate (p ≈ 6-7%). The

packet sizes are s = 1000 bytes for Figures 26(a-b) and s = 500 bytes for Figures 26(c-d),

respectively. As can be seen from these plots, REP considerably reduces the transmission

latency compared to 3TP. Specifically, when the full resolution model is required by the

receiving application, all the enhancement batches need to be reliably transmitted (χ = 10).

Simply, 3TP returns to be sole TCP in this case. In contrast, REP still achieves substantial

delay reduction by using hybrid UEP/SR. For example, in Figures 26(a-b) where the packet

size is s = 1000 bytes, 27% reduction in the average delay is observed for the Horse model

57



0

1

2

3

4

5

6

7

8

10 9 8 7 6 5 4

Number of reliably transmitted batches (X )

A
ve

ra
g

e 
d

el
ay

 (s
ec

)

3TP

REP

(a)

0

2

4

6

8

10

12

10 9 8 7 6 5 4

Number of reliably transmitted batches (X )

A
ve

ra
g

e 
d

el
ay

 (s
ec

)

3TP

REP

(b)

0

2

4

6

8

10

10 9 8 7 6 5 4

Number of reliably transmitted batches (X )

A
ve

ra
g

e 
d

el
ay

 (s
ec

)

3TP

REP

(c)

0

5

10

15

20

25

10 9 8 7 6 5 4

Number of reliably transmitted batches (X )

A
ve

ra
g

e 
d

el
ay

 (s
ec

)

3TP

REP

(d)

Figure 26: Average transmission delays for sending various portions of data reliably using
REP and 3TP, respectively. The number of parallel flows in the network is f = 12, and the
packet sizes are s = 1000 bytes in (a-b) and s = 500 bytes in (c-d).

and 25% is observed for the Venus Head model.

In Figure 26(a-d), it is observed that as the portion of reliably transmitted data becomes

smaller (i.e., smaller χ), which corresponds to a lower constraint on decoding distortion, the

performance of REP gradually merges to 3TP. This behavior is anticipated because as the

distortion constraint is lowered, both mechanisms transmit most of the data using TFRC-

UDP without FEC or retransmission. Yet, considering a distributed online presentation of

3D scenes, a small reduction in the average delay provided by REP may still result in sig-

nificant improvement on overall performance when a number of 3D meshes are transmitted

on demand.

In Figure 27, the variation of the average delay under different network congestion

situations is investigated. Suppose an upper bound of the decoding distortion, Dmax ≥ 36

dB, is requested for the models to be rendered. To satisfy Dmax, χ = 7 to 9 enhancement
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batches5 are selected to be reliably transmitted according to Equation (28) and Figure 21.

Figures 27(a-d) present the delay results of REP and 3TP for the selected batches for the test

models. It is shown that REP outperforms 3TP under most of the network conditions, and

the gain is especially significant when the network encounters moderate or heavy congestion

(f ≥ 6 in the figures). For the network with light traffic load (f ≤ 4), REP and 3TP perform

similarly. When only two flows exist in the network and the packet size is s = 1000 bytes

(Figure 27(c-d)), one may notice that 3TP provides slightly better results than REP. This

is resulted from TCP’s advantage of quick adaptation to the changes in available bandwidth

compared with TFRC [42]. A more complete numerical comparison of REP with 3TP in

various network situations and with different parameters is presented in Table 4, which

confirms our conclusions obtained from Figure 26 and Figure 27.

5This number depends on the distortion-rate curve of the model.

59



0

2

4

6

8

10

2 3 4 6 8 10 12 15 20

Number of parallel flows (f )

A
ve

ra
g

e 
d

el
ay

 (s
ec

)

3TP

REP

(a) χ = 8

0

2

4

6

8

10

12

2 3 4 6 8 10 12 15 20

Number of parallel flows (f )

A
ve

ra
g

e 
d

el
ay

 (s
ec

)

3TP

REP

(b) χ = 7

0

1

2

3

4

5

6

2 3 4 6 8 10 12 15 20

Number of parallel flows (f )

A
ve

ra
g

e 
d

el
ay

 (s
ec

)

3TP

REP

(c) χ = 9

0

1

2

3

4

5

6

7

8

9

2 3 4 6 8 10 12 15 20

Number of parallel flows (f )

A
ve

ra
g

e 
d

el
ay

 (s
ec

)

3TP

REP

(d) χ = 8

Figure 27: Delay results when the distortion constraint Dmax is 36 dB. The packet sizes
are s = 500 bytes in (a-b) and s = 1000 bytes in (c-d).

60



Table 4: Comparative delay results (in seconds) for the selected batches of the Venus
Head model

Packet size: s = 1000 bytes

f χ = 10 χ = 9 χ = 8 χ = 7 χ = 6 χ = 5
3TP REP 3TP REP 3TP REP 3TP REP 3TP REP 3TP REP

2 1.78 2.12 1.26 1.48 0.89 1.05 0.64 0.74 0.47 0.53 0.34 0.37
3 2.78 2.84 1.95 1.98 1.37 1.38 0.97 0.98 0.69 0.69 0.49 0.48
4 3.72 3.60 2.59 2.51 1.81 1.75 1.27 1.22 0.89 0.86 0.62 1.59
6 5.81 4.28 4.04 2.96 2.81 2.07 1.95 1.45 1.36 1.02 0.93 0.69
8 7.66 5.36 5.32 3.72 3.68 2.56 2.55 1.78 1.76 1.24 1.19 0.85
10 9.22 7.43 6.39 5.23 4.42 3.65 3.04 2.56 2.10 1.72 1.41 1.18
12 11.2 8.44 7.73 5.95 5.34 3.98 3.67 2.79 2.52 1.88 1.69 1.23
15 13.8 9.99 9.57 6.54 6.59 4.78 4.52 3.40 3.09 2.28 2.06 1.51
20 18.0 13.6 12.5 9.81 8.56 6.72 5.86 4.64 4.00 3.18 2.65 2.20

Packet size: s = 500 bytes

f χ = 10 χ = 9 χ = 8 χ = 7 χ = 6 χ = 5
3TP REP 3TP REP 3TP REP 3TP REP 3TP REP 3TP REP

2 3.04 2.57 2.12 1.78 1.46 1.24 1.01 0.85 0.70 0.58 0.48 0.40
3 4.53 4.38 3.14 3.09 2.16 2.13 1.47 1.45 1.00 0.98 0.68 0.66
4 6.29 5.67 4.35 3.99 2.97 2.73 2.02 1.86 1.36 1.26 0.92 0.84
6 9.99 6.98 6.89 4.85 4.70 3.39 3.17 2.28 2.12 1.54 1.40 1.02
8 13.5 9.35 9.27 6.65 6.30 4.51 4.24 3.04 2.83 2.03 1.86 1.34
10 16.7 13.4 11.5 9.21 7.83 6.40 5.26 4.37 3.50 2.96 2.29 1.94
12 20.7 16.4 14.2 11.4 9.65 7.99 6.48 5.32 4.29 3.53 2.80 2.35
15 25.4 20.1 17.5 14.0 11.9 9.96 7.94 6.58 5.25 4.62 3.42 2.99
20 34.1 26.6 23.4 18.6 15.9 12.3 10.6 8.28 7.00 5.73 4.54 3.77
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4.3.2 Delay-Constrained Transmission

So far, we detailed the proposed mechanism for distortion-constraint applications. In this

part, we consider a time-critical situation where a delay constraint τmax is imposed by the

application and a minimum decoding distortion is desired. A hybrid TCP/UDP protocol

is not suitable for this problem because of the automatic retransmission behavior of TCP.

Although having the application conservatively send a small portion of data via TCP and

the remainder via UDP may possibly satisfy the delay constraint, it is difficult to perform

the conservative selection in TCP because it halves the transmission rate in response to a

single packet drop, which results in frequent abrupt changes in throughput. In contrast,

TFRC has lower variation of throughput over time [42], making it favorable in the delay-

constraint application that is under consideration.

Utilizing the smooth sending rate variations in TFRC, we have developed in REP an

operational algorithm with low computation complexity for delay-constrained transmission.

In particular, for a given time frame, the algorithm selects the maximum number of batches

to transmit provided that their minimum expected transmission latency does not exceed

the allowable time frame. The minimum expected transmission latency is achieved by

finding the optimal tradeoff between UEP and retransmission, and is computed using the

proposed steepest decent algorithm as shown in the previous subsection. We consider the

selected data (with the corresponding RS codes) as a greedy conservative solution at each

transmission opportunity. After sending the selected source data and the corresponding

parity-check packets, the server updates its sending buffer according to the feedback. The

same procedure is repeated before all the batches are correctly received or the deadline has

been reached.

We denote the source bit rate of the L batches by vector s, and use s(i), τ (i) to represent

the source vector and the time instant for i-th transmission opportunity, respectively. Major

steps of the algorithm are then presented as follows.

Note that in step (iii), χ ∈ [1, L] is the maximum number of batches with corresponding

RS codes (s
(i)
χ , c

(i)
χopt) whose expected transmission latency falls within the remaining time

frame, (τmax−τ (i−1)), multiplied by a fraction factor α. Ideally, we have α = 1.0 given that
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(i) i = 0, s(0) = s, τ (0) = 0;
(ii) i = i + 1;
(iii) update s(i−1) to s(i) by removing those batches that have been acknowledged;

(iv) if τ (i−1) < τmax, find (χ, c
(i)
χopt) such that the following conditions are satisfied:





1 ≤ χ ≤ L,

E(τ (i)|s
(i)
χ , c

(i)
χopt) < α · (τmax − τ (i−1)), 0 < α ≤ 1,

if χ < L, then E(τ (i)|s
(i)
χ+1, c

(i)
χ+1,opt) > α · (τmax − τ (i−1)),

(29)

where c
(i)
χopt = arg min

c
(i)
χ

E(τ |s
(i)
χ , c

(i)
χ ) is given by Equations (27-28);

(v) send (s
(i)
χ + c

(i)
χopt) using TFRC;

(vi) if τmax has not been reached, set τ (i) with the current time; REDO (ii).

smooth transmission throughput is provided by TFRC, in which case satisfaction of (29) can

be considered as the greediest conservative selection of data that is to be sent. In practice,

α may be chosen to be close (but not equal) to 1.0 for first few transmissions in order for

the application to be more robust to abrupt drops of data sending rate occurred during

transmission, thus avoiding large variation of the decoding distortion among received 3D

models. The particular choice of the factor α is a design issue. In our simulation, we have

found that a simple choice with α = 0.8 for the initial transmission (i = 1) and α = 1.0 for

the rest transmissions (i > 1) works fairly well.

Performance of the above algorithm has been investigated compared with a heuristic

mechanism that is also based on TFRC. It utilizes the time frame maximally by performing

a simple scheme: the maximum number of batches that satisfy the timing condition are first

selected based on the transmission throughput; the remaining time slot (if any) is then filled

with the first few batches that have the least bit rate but are generally most important.

Pseudo-code of this simple Filling Algorithm (FA) is shown in the following, where T is the

transmission throughput and R(χ) denotes the total bit rate of χ batches, {B1, B2, ..., Bχ}.

while τ < τmax and sχ 6= ∅ do

find the maximum χ ∈ [1, L] s.t. R(χ)
T ≤ τmax − τ ;

send sχ = {B1, B2, ..., Bχ} using TFRC;

τ = τ + R(χ)
T ;

end while
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Figure 28: Average decoding distortion of received meshes for various delay constraint
in a typical network situation: the number of parallel flows is f = 12, the packet size is
s = 500 bytes, and the resulting packet-loss rate is p = 5.5%.

Simulation results are presented in Figure 28 and Figure 29, where the number of parallel

flows in the simulated network is set to be f = 12 (moderate traffic load) and the packet

size is s = 500 bytes. Figures 28(a-d) plot the decoding distortion averaged over all received

meshes with respect to various delay constraints, i.e., different τmax. One can see that REP

greatly improves the decoding quality within the same time frame compared to the FA

algorithm. In addition, as τmax increases, the decoding quality provided by REP quickly

arises, whereas for FA, the resulting effect is observed to be unpredictable. It is a natural

consequence of random losses as in the heuristic scheme, all the enhancement batches,

except those few ones that are used to fill the the remaining time slot, are treated equally

without error resilience.

In Figure 29, we trace the decoding distortion of every received Horse or Venus Head
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(c) Horse, τmax = 7 sec
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(d) Venus Head, τmax = 7 sec

Figure 29: Traces of the decoding distortion for each received mesh: (a-b) τmax = 2 sec;
(c-d) τmax = 7 sec.

mesh for two individual cases: (a-b) τmax = 2 seconds, and (c-d) τmax = 7 seconds. The

(blue) triangles-marked curve denotes the PSNRm values of decoded meshes in REP, while

the (red) circles-marked corresponds to the FA mechanism. As expected, REP has much

lower variation of the decoding quality in addition to a lower average distortion level (higher

PSNRm) than FA. Difference in the average quality is especially significant when larger

transmission latency is allowed. For example, in Figures 29(c-d), REP provides a median-

level quality of 39.68 dB (for Horse) or 37.76 dB (for Venus Head), whereas FA has

only 29.07 dB or 28.35 dB, correspondingly. Such difference in the average quality has

actually been shown in Figure 28. For the test models, average quality near to 40 dB is
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(a) REP: 39.68 dB (b) FA: 29.07 dB

(c) REP: 37.76 dB (d) FA: 28.35 dB

(e) REP: 38.49 dB (f) FA: 26.98 dB

(g) REP: 38.43 dB (h) FA: 26.20 dB

Figure 30: Rendering quality near to 40 dB is obtained by REP when τmax = 7 to 10
seconds, with a 10 dB or higher gain compared to the simple heuristic (FA) under the same
situation.
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typically observed for REP when τmax = 7 to 10 seconds, with a 10 dB or higher gain

over the comparing heuristic. The perceptual quality difference of the rendered models is as

significant as reflected by the quantities, captured by Figures 30(a-d). All the above results,

along with those presented in Section 4.3.1, have verified REP a successful transmission

mechanism for streaming 3D meshes over a lossy network.

4.4 Summary

In this chapter, we developed a hybrid unequal error protection and selective retransmis-

sion mechanism (REP) for streaming scalably coded 3D models over lossy networks. We

considered both distortion- and time-constrained scenarios. To minimize the transmission

latency under a distortion constraint, a portion of multi-resolution mesh data is selected

to be reliably transmitted. Then, the best tradeoff between forward packet-loss resilience

and retransmission is calculated in linear time, using a steepest decent algorithm. For time-

constrained applications, we developed an operational algorithm based on the proposed

steepest decent algorithm to maximize the model quality. The proposed algorithms have

low computational complexity, making them attractive for distributed graphics applications.

TCP-friendly rate control (TFRC) is integrated in REP, which regulates the data send-

ing rate in response to network congestion so that REP fairly competes for bandwidth with

co-existing applications in the network. In addition, because TFRC has much lower vari-

ations of throughput over time than TCP, it is a favorable mechanism for REP to achieve

smooth performance in interactive and time-critical situations.

During the development of REP, packet losses are assumed to be primarily caused by

buffer overflow (congestion). For wireless links, where packets can be corrupted by channel

errors at the physical layer, packet losses caused by bit errors should be considered. Not only

rate control needs to be elaborated accordingly, but also an accurate model of the packet-loss

process becomes important. Furthermore, the feedback channel is also error-prone because

of the fading effect, which complicates the process of finding optimal transmission decisions.

All these features need to be addressed to improve the performance of streaming 3D data

over wireless channels.
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Our research efforts so far have been focused on the scalable coding and transmission of

individual 3D models. Three-dimensional graphical scenes, which contain numerous objects

interacting in one geometric space, present several unique properties. Taking into account

those properties can improve the transmission and rendering scalability for the streaming

application. In the next chapters, we advance from individual 3D models to 3D scene

databases and explore coding and transmission mechanisms that address the properties of

3D scenes.
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CHAPTER V

MULTI-OBJECT SOURCE AND CHANNEL CODING

5.1 Introduction

We begin our exploration with scalable source and channel coding. A 3D scene database,

as aforementioned, synthesizes various objects in one geometric space, which have poten-

tially unequal contributions to the display quality depending on such factors as the objects’

geometric complexities, interactions, and the application’s semantics. When coding a scene

database under limited bit rates, objects’ unequal display importance should be considered

to present the best scene quality. To do so, one may apply the conventional algorithms

to code all objects separately into multiple resolutions and then select proper LODs for

different objects such that the rate constraint is satisfied. This straightforward solution,

however, assumes a fixed quantization precision for all the objects and for the entire LOD

hierarchy of each object. Intuitively, with the same overall bit rate, higher scene quality

may be achieved by coding more important objects or more important LODs of an object

with higher quantization precisions and less important portions with lower quantization

precisions. In general, an adaptive coding scheme should intelligently determine the quan-

tization precisions for different objects and different LODs of each object regarding their

unequal decoding importance.

Adaptive quantization aims to properly distribute source bits among various LOD hier-

archies to obtain improved distortion-rate performance. When channel coding is involved in

a lossy environment, two aspects regarding transmission efficiency and error resilience need

to be addressed concurrently. In one aspect, multiple objects are coded independently and

therefore are desired to be delivered in respective packet sequences. Thus, at the receiving

end, losing one packet will only corrupt or delay the decoding of a particular object, while

other objects can still be decoded and manipulated. In the other aspect, unequal error

resilience is desired for multi-resolution objects to provide preferential error protection for
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more important objects as well as for more important layers of each object. Convention-

ally, unequal error protection (UEP) schemes were devised for single mesh or image object,

e.g., [5, 11, 46, 54, 66], or multiple image objects in a separate fashion [37, 65]. Joint while

preferential error protection for various multi-resolution graphic objects has not been well

addressed in the literature.

The joint source and channel coding system presented in this chapter properly accounts

for the above aspects [61,85,90]. The presented work makes three contributions. First, we

propose an adaptive vector-quantization (VQ) scheme for coding a 3D scene database into

multi-resolution hierarchies. Second, we propose an object-oriented streaming mechanism,

which treats graphic objects jointly in error protection while preserving their independencies

in transport. In doing so, we novelly generate parity data as additional objects embedded

in the stream of graphic objects. Finally, we develop a rate-distortion framework that

allocates bit rates between source and parity objects and generates parity data optimally.

Our experimental results demonstrate that the proposed system improves the quality of

decoded 3D databases significantly compared to conventional methods.

The rest of the chapter is organized as follows. The next section provides an overview

of the proposed coding system. Section 5.3 describes the adaptive vector quantization for

3D scene databases. In Section 5.4, we address joint unequal error protection for multiple

scalably coded objects with independent transport. In Section 5.5, we present the joint

source and channel coding scheme under a rate-distortion optimization framework. We

provide experimental results in Section 5.6 and conclude the chapter in Section 5.7.

5.2 System Overview

A diagram of the proposed joint source and channel coding system is depicted in Figure 31.

We exploit vector quantization (VQ) to perform adaptive quantization in multi-resolution

scene compression. In doing so, we generate the VQ codebook using all mesh objects

contained in the input scene database. Each training vector, which is a geometry predic-

tion residual produced by progressive mesh simplification [68], is assigned a weight factor to
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Figure 31: A diagram of the presented joint source and channel coding system.

reflect its relative importance in decoding the scene. This weight factor is determined by in-

corporating application-dependent object importance with measured distortion in the mesh

simplification process. A weighted codebook training algorithm is then executed toward

higher quantization precisions for more important vectors. Using thus produced codebook,

multiple objects are coded into LOD hierarchies separately and are organized into respec-

tive packet sequences to preserve their manipulation independency during packet delivery.

In contrast to the independent transport, for error resilience, the packets of graphic objects

are protected concurrently while also preferentially by a plurality of FEC codes. The parity

data of each FEC code is treated as a separate object parallel to graphic objects. Based

on weighted distortion-rate properties, an optimization framework performs rate allocation

between graphic objects and parity objects and generates parity data correspondingly. Fi-

nally, all the objects are transmitted in an interleaved manner to allow equally fast access

to each object at the receiving end.

71



5.2.1 Object Weighting

As the first component of the presented coding system, object weighting assigns a weight

factor to each object that is expected to reflect the relative importance of the object in

the displayed 3D scene. To this end, a straightforward heuristic is to assign object weights

according to the relative volumes of the objects. More sophisticatedly, weights assigned

to objects need to reflect objects’ geometric complexities and/or their inherent importance

determined upon the semantics of the application. For example, merchandizes should be

more important than shelves in a virtual shop, and paints would be more important than

walls in a virtual gallery. In general, modeling the relative importance of the objects is

application specific. For this reason, we do not intend to specify an object weighting process

in this chapter. Rather, we assume that each object κ in a given scene database, S, has

been assigned a weight factor, ωk ∈ [0, 1], to reflect its application-specific importance. All

the weight factors are normalized so that their summation is equal to 1, i.e.,

∑

κ∈S

ωκ = 1. (30)

In the rest of the chapter, we discuss the other components of the proposed coding system

based on given object weights.

5.2.2 LOD Hierarchies

In parallel to the object weighting, a multi-resolution hierarchy is constructed for each mesh

object in the input scene database. To be explicit, Figure 32 shows a diagram of the VQ-

based multi-resolution coding procedure for a single object, which can be summarized in

three steps: (i) The full-resolution mesh ML is downsampled to generate a sequence of

LODs, ML−1, · · · ,M0, by performing successive half-edge collapse operations [44] at each

level. Every half-edge collapse operation merges one vertex of an edge to the other, which

alters the neighborhood of the collapsed vertex. The corresponding connectivity information

of the collapsed vertices, CL, CL−1, · · · , C1, are encoded [68] following a traverse order, while

the geometry data, GL, GL−1, · · · , G1, are buffered; (ii) The base mesh is encoded using

single-resolution mesh compression algorithms, e.g., [91]; (iii) Starting from the decoded
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Figure 32: A diagram of the LOD-hierarchy construction/reconstruction process and the
VQ-based multi-resolution coding for one mesh object.

base mesh, the enhancement geometry data, G1, G2, · · · , GL, are sequentially predicted

based on previous reconstructed LODs, and the prediction residuals are compressed by

vector quantization. Different from the existing algorithms, in this chapter we exploit a

scene-adaptive vector quantization scheme to compress the geometry residuals, which is

detailed in Section 5.3.

For a single object, the normalized distortion of an LOD M i in the constructed LOD

hierarchy is measured following the definition in Chapter 4. In particular, we define the

normalized distortion of an LOD M i as

D(M i) =
Erms(M

i,ML)

Emax(M0,ML)
. (31)

In (31), Erms(M
i,ML) and Emax(M0,ML) are the root-mean-square and maximum dis-

tances, respectively, as specified by (3) and (5) in Chapter 2. Given a scene database with

N multi-resolution objects, {M i
κ}, κ = 1...N, i = 0...Lk, and the object weights, {ωκ}, we

define the distortion of a decoded scene as:

Ds({M
iκ
κ }) =

N∑

κ=1

ωκ · D(M iκ
κ ), 0 ≤ ωκ ≤ 1,

N∑

κ=1

ωκ = 1, (32)
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where D(M iκ
κ ) denotes the measured distortion for mesh Mκ decoded at a resolution iκ.

5.3 Vector Quantization

Entropy coding was commonly used in coding coordinate residuals in separate spatial di-

mensions. Vector quantization (VQ) was first introduced in single-resolution mesh compres-

sion [26,57] to code the vertex geometry jointly. Recently, Li et al. studied the incorporation

of vector quantization with a multi-resolution hierarchy and proposed a VQM algorithm [62]

for multi-resolution mesh compression, which showed improved compression efficiency com-

pared to its preceding algorithms that use scalar quantization and entropy coding.

In [62], vector quantization was adopted for the multi-resolution compression of single

mesh objects, where the VQ codebook is generated by using a separate set of training mod-

els and the codebook training algorithm is independent from the coding process. Such a

codebook independency is necessary for coding a single mesh object as otherwise the code-

book must be transmitted with the object, which can incur a considerable overhead to the

bitstream. When coding a scene database comprising a number of mesh objects, however,

the overhead of the codebook is small compared to the entire bitstream. Meanwhile, using

prediction residual vectors generated from all mesh objects in the scene database as the

training set of the codebook is expected to yield improved compression efficiency. Fur-

thermore, by partitioning the training vectors into various sets in accordance with their

decoding importance, adaptive quantization precisions can be allocated to different objects

as well as different LODs of each object.

Based on the discussion above, we develop a weighted training algorithm to produce

the VQ codebook for compressing the geometry data of a scene database. The algorithm is

adaptive in three senses: (i) it is adaptive to the contents of the input 3D scene database, as

the training set is taken from all objects in database, (ii) it is adaptive to the application-

specified object importance, and (iii) it is adaptive to the decoding importance of the

different LODs of each object.
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5.3.1 Weights of Training Vectors

The proposed codebook training process takes prediction residuals from all mesh objects in

the input scene database as training vectors. We denote the entire set of training vectors by

a union of subsets,
⋃

κ,iκ

{xiκ
κ,j|j = 1, 2, ..., niκ

κ }, where each subset {xiκ
κ,j} is a batch of j residual

vectors for decoding mesh M iκ
κ toward its higher LOD M iκ+1

κ . To account for the unequal

importance of different objects and different LODs of each object in vector quantization, we

assign each training vector xiκ
κ,j a weight factor, γ(xiκ

κ,j), which incorporates both the object

weight and the measured distortion of the corresponding LOD. In particular, we have

γ(xiκ
κ,j) = ωκ ·

∆Diκ
κ

niκ
κ

, (33)

where ωκ is the weight of the object and

∆Diκ
κ = D(M iκ

κ )−D(M iκ+1
κ ) (34)

denotes the reduction of normalized distortion when the higher LOD M iκ+1
κ is successfully

decoded.

Two heuristics are implied by the weight allocation given in (33). First, vectors of lower

LODs are allocated larger weights than those of higher LODs for the same object. This

is because decoding lower LODs in general results in more significant distortion reduction

(larger ∆Diκ
κ ) than decoding higher LODs. Second, within each batch, all training vectors

have the same weight. In other words, they will be treated equally importantly in minimizing

quantization errors in the codebook training process.

5.3.2 Codebook Training Algorithm

By introducing vector weights we aim to quantize various batches of geometry data with

different precisions to attain higher distortion-rate performance. To this end, we develop

a weighted codebook training algorithm based on the stochastic relaxation (SR) algorithm

proposed in [102]. In the following, we present a complete description of the weighted

codebook training algorithm. In our presentation, we consider a q-bit vector quantizer.

Therefore the codebook contains 2q code vectors. We use {xi, γi}, i = 1, 2, ...,K, to denote

the entire set of training vectors and their corresponding weights allocated by (33).
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(i) Code vector initialization:

y
(1)
1 , · · · , y

(1)
2q ,m = 1.

(ii) Nearest neighbor repartition (1 ≤ i ≤ K):

j = arg min
1≤l≤2q

∥∥∥xi − y
(m)
l

∥∥∥ ,

Put xi →R
(m)
j ,

(35)

Dm = Dm + γi ·
∥∥∥xi − y

(m)
j

∥∥∥
2
. (36)

(iii) Centroid computation (1 ≤ l ≤ 2q):

y
(m)
l =

∑

i:xi∈R
(m)
l

γi · xi

/
∑

i:xi∈R
(m)
l

γi. (37)

(iv) Code vector jiggling (1 ≤ l ≤ 2q):

Tm = σ2
x(1−

m
I )3,

y
(m)
l = y

(m)
l + ξl(Tm).

(38)

(v) Stopping condition:

If m ≥ I, Stop,
Otherwise, m = m + 1, Goto (ii).

Figure 33: The weighted codebook training algorithm.

The major steps of the codebook training algorithm are shown in Figure 33, which are

performed in an iterative fashion. In the algorithm, R
(m)
j , y

(m)
j , and Dm denote the j-th

partition region, the j-th code vector, and the calculated distortion, respectively, at the

m-th iteration. The procedure of code vector jiggling, as given in (38), is used to prevent

the algorithm from staying in poor local optimal results [102]. In particular, ξl(Tm) denotes

a perturbation noise added to the code vector, and the noise variance is dictated by the so-

called temperature Tm, which gradually decreases as m increases. σ2
x indicates the variance

of the code vector components, and finally, I defines the number of iterations to be run.

More detailed discussions on these parameters can be found in [102].

The presented codebook training algorithm accounts for vector weights in discrepancy

evaluation (36) and centroid computation (37). As a result, the algorithm tends to enclose

more important vectors in smaller partitions to reduce their quantization errors. Although
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this weighted training process is not theoretically justified to yield optimal results, its

effectiveness is confirmed by empirical success, as will be shown in Section 5.6.

5.4 Embedded Parity Objects

One essence of the adaptive vector quantization is the preferential treatment on coding the

LOD hierarchies of various mesh objects with respect to their unequal importance. When

we consider error-resilient delivery of the scalably coded scene database under a lossy and

rate-constrained environment, it is natural to embrace the same spirit and devise unequal

error protection (UEP) schemes. Unlike conventional UEP schemes designed for single

mesh or image objects [5,11,46,54,66], the change from a single-object context to a multi-

object one invokes two fundamental aspects that need to be properly addressed together

with UEP. In one aspect, because multiple mesh objects are coded independently, they are

desired to be delivered in respective transport sequences to preserve the independence at

the receiving application. In the other, with the same amount of parity redundancy, the

highest error-protection efficiency is expected to be accomplished by joint considerations on

multiple objects. We address these issues with UEP in this section.

Because the VQ codebook and the compressed base meshes in general correspond to a

small fraction of the entire bitstream, the network and the receiver are mainly loaded by

the transmission and processing of the enhancement layers of the scene database. For this

sake, throughout our discussion we assume that the VQ codebook and the compressed base

meshes are delivered via a reliable channel. We focus our discussion on the error-prone

transmission of the enhancement layers of the scene database.

5.4.1 Partially Ordered Packetization

Earlier transmission schemes proposed for multi-object media applications organize the

bitstream of multiple objects into a strictly ordered packet sequence, where each packet

contains various numbers of bytes for the objects [37, 65]. In those cases, packetization

is essentially byte-oriented, and one lost packet may corrupt or delay (if retransmission is

allowed) the decoding of multiple objects. To address the coding independency properly,

a partially ordered packetization scheme is employed. As shown in Figure 34, instead
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Figure 34: An illustration of the chunk-based transmission and the use of parity objects for
joint unequal error protection. Note that the transmission of multiple objects is interleaved
to allow equally fast access to the objects.

of packetizing the entire bitstream into a strict sequence, the bitstream of each object is

respectively organized into a sequence of chunks. At the sending side, chunks of multiple

objects are transmitted in an interleaved or round-robin fashion. At the receiving end,

multiple chunks from different objects may be received in arbitrary orders, as far as the

respective sequence of each object is maintained.

The respective order of each object ensures that the manipulation independency of

multiple objects is well preserved in packet delivery under random network behaviors, as

in this case, one lost or delayed packet will only affect the sequenced data reception and

decoding of a particular object, leaving no impact on the reception or decoding of other

objects.

5.4.2 Joint Unequal Error Protection

We now study chunk-level forward error correction (FEC) for the error resilience of multiple

objects. To this end, we consider common FEC codes such as Reed-Solomon codes, where

for every block of k data chunks h = (n−k) parity chunks are generated to form an n-chunk

FEC block. Such an (n, k) systematic code can recover up to h chunk losses (erasures), as

positions of the lost chunks in the chunk sequence are known. Principles and implementation

issues of such block erasure codes can be found in many literatures, e.g., reference [70].
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One natural implementation of the chunk-level FEC is to append parity chunks to

data chunks for different objects (streams)1, respectively, similar to the schemes in [37,65].

Although such in-stream FEC can easily distribute unequal parity redundancies to multiple

objects as well as multiple layers of each object, it is not efficient as one parity chunk only

provides error resilience to a certain object while it introduces redundancy to all the objects.

In this work, we propose to use “parity objects” to overcome the deficiency. Each parity

object with a size of h chunks refers to an (n, k) systematic code where k data chunks from

one or many objects are protected by h = n−k parity chunks. Upon transmission, this parity

object is assigned a separate object identification number (OID), as shown in Figure 34.

Since both data and parity chunks are uniquely indexed, the receiving end can recognize the

locations of lost chunks and recover the code block under the code’s correcting capability.

Meanwhile, partially ordered transport are still preserved for all the streams. In addition,

with parity objects, unequal error protection can be implemented for arbitrary sets of data

chunks by generating multiple parity objects. In Figure 34, for example, chunks (Si,j, P1,j),

i, j = 1, 2, form a (10, 8) FEC code, and (Si,j, P2,j), i, j = 1, 2, ..., 5 form a (25, 20) code.

Same as source objects, parity objects are respectively ordered, and are embedded into the

chunk stream through interleaving.

It is evident that, with the same amount of redundance, using parity objects can present

concurrent and hence improved error resilience to multiple source objects compared to in-

stream FEC. We use a scenario of equal error protection to clarify this statement, where for

a number of s source objects, in-stream FEC appends h parity chunks for every block of k

data chunks in each object, respectively, while a parity object generates hs parity chunks for

the total number of ks data chunks concurrently. In both cases, the entire FEC block under

consideration has a total number of ns chunks. Let γI(s), γP (s) denote the probabilities

that the entire block is correctly decoded in the separate-FEC and the parity-object cases,

respectively. We have γI(s) = Pr{≤ h losses out of n chunks in each of s objects}, and

γP (s) = Pr{≤ hs losses out of ns chunks}.

1Regarding each object as a chunk stream from the transport perspective, we refer to objects and streams
interchangeably in our presentation.
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Proposition 1. Independent from the random loss process in the transmission of the ns-

chunk block, γI(s) ≤ γP (s) for s ≥ 1.

Proof. Divide the ns-chunk block into s groups according to the transmission sequence,

where chunks with index i (mod n) belong to the same group. Suppose that there are

ν1, ν2, ..., νs (0 ≤ νi ≤ n, i = 1, 2, ..., s) losses out of n chunks in each group. In the separate

FEC case, the event that the ns-chunk block is recoverable is equivalent to νi ≤ h for

i = 1, 2, ..., s. Hence
∑s

i=1 νi ≤ hs, which means that the entire block is also recoverable

with an hs-chunk parity object regardless of the loss pattern in each group. The inverse of

the above reasoning is not true. Therefore γI(s) ≤ γP (s).

Proposition 1 provides a loose though general comparison between the loss-recovery

probabilities of the two FEC schemes. As a supplementary result, more analytical compar-

isons are given in Appendix B.1, where explicit loss-recovery probabilities are derived for

particular channel models.

It should be mentioned that using a larger FEC block will require increased coding

complexity, which may be upper bounded by resource limitations in a real implementation.

Beside that, in both FEC schemes, certain side information needs to be transmitted for the

receiver to decode the FEC codes correctly. Efficient coding of such side information is not

studied in this chapter. Instead, we assume that overhead for sending the side information

is negligible compared to the entire bitstream. In the rest of the chapter, we use triple

(n, k, I) to represent an (n, k)-code parity object, with I denoting the indices of the k data

chunks. Apparently, k = |I| is the size of set I.

5.5 Joint Source and Channel Coding

While the larger FEC block in general provides the higher error-correcting ability, data

chunks of graphic objects have unequal decoding importance and hence desire preferential

error resilience to achieve optimized rate-distortion performance. Next, we study in detail

how parity objects should be generated for a set of scalably coded graphic objects and how a

given rate budget should be distributed amongst all the source and parity objects, with the
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goal of providing maximized expected receiving quality. More explicitly, we aim to tackle

the following problem:

Given a set of N scalably coded mesh objects with pre-assigned object weights {ωκ}
N
κ=1,

an index set IN for all data chunks, a chunk-erasure channel, and a rate constraint C

measured in chunks, find a rate allocation Ψ = {kt, ht; It}, It ⊆ IN , and a set of χ FEC

codes,

F = {(n1, k1, I1), (n2, k2, I2), ..., (nχ, kχ, Iχ)}, (39)

such that the following conditions are satisfied:

(a) kt + ht ≤ C, where kt = |It|,

(b) Ii ⊆ It, for i = 1, ..., χ,

(c)

χ∑

i=1

(ni − ki) ≤ ht, and

(d) the expected receiving distortion E[D|F ] is minimized.

In (39), one should note that in principle Ii ∩ Ij 6= ∅, i 6= j, as one data chunk may be

protected by more than one FEC code. The index set It indicates the distribution of all kt

data chunks among the N multi-resolution objects.

Suppose that there are Lκ chunks for each object κ. The expected receiving distortion

E[D|F ] is given by

E[D|F ] =
N∑

κ=1

ωκ

(
Lκ∑

l=0

r(κ, l|F )Dκ(l)

)
, (40)

where Dκ(l) is the resulting distortion from decoding the first l chunks of object κ, and

r(κ, l|F ) is the probability that up to l chunks are recovered given the FEC codes F .

Considering that a chunk is decodable if and only if all its preceding chunks in the same

object are successfully decoded, we have

r(κ, l|F ) =





ε(κ, l + 1|F )
∏l

i=1 [1− ε(κ, i|F )] , l < Lκ,

∏Lκ

i=1 [1− ε(κ, i|F )] , l = Lκ,
(41)

where ε(κ, i|F ) is the error probability of chunk i in object κ, with given F and the chunk-

erasure channel. For simplicity, we assume that the channel has an independent chunk loss
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process with a loss probability p. Then ε(κ, i|F ) can be easily calculated for given FEC

codes [70].

To avoid overwhelming computation in finding a globally optimal solution, we solve the

described problem by an iterative search consisting in two major steps. As one step, we

conduct a parity-object generation algorithm that finds, for a certain rate allocation Ψ =

{kt, ht; It}, a set of FEC codes that satisfies conditions (b–d). As another step, a steepest

decent search algorithm is performed, which finds the proper rate distribution between

source and parity objects under the rate constraint. The detailed solution is presented

below.

5.5.1 Parity-Object Generation

To find the parity-object solution for given {kt, ht; It} that satisfies conditions (b–d), we

develop a heuristic algorithm based on a fact revealed by Proposition 1. Namely, a joint

FEC code is generally more efficient than separate FEC codes with the same proportion of

redundancy. This fact inspires us to perform a search starting from a single parity object

and gradually “split” the parity objects toward decreasing expected receiving distortion

until an optimal point is reached.

Several notations are used in our presentation of the algorithm: (i) πκ,l: importance of

chunk l in object κ, initially assigned to be

πκ,l = ωκDκ(l) · p, (42)

(ii) Π: the sequence of kt data chunks in a decreasing order of πκ,l, and (iii) f(χ, h,Π): the

optimal FEC solution for a fixed number of χ parity objects, a number of h parity chunks,

and a data chunk sequence Π. For χ = 1, we have f(1, 0,Π) = ∅ and

f(1, j,Π) = arg min
k=1,2,...,kt

E[D|(k + j, k,Ik)], j = 1, 2, ..., ht, (43)

where Ik denots data chunks 0, 1, ..., k−1 in sequence Π. For χ > 1, we recursively compute

f(χ, h,Π), χ ≤ h ≤ ht, by




f(χ, h,Π) = arg min
Fj :j=1,2,...,h−χ+1

E[D|Fj ],

Fj = f(χ− 1, h− j,Π) ∪ f(1, j,Π′),

(44)
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where Π′ denotes the reordered chunk sequence with updated chunk importance after ap-

plying FEC codes f(χ− 1, h− j,Π).

The algorithm then finds the optimal FEC solution by performing the following iteration,

F
(1)
opt = f(1, ht,Π), (45)

F
(χ+1)
opt = arg min

F∈{F
(χ)
opt ,f(χ+1,ht,Π)}

E[D|F ], (46)

πκ,l = ωκDκ(l) · ε(κ, l|F
(χ+1)
opt ), (47)

until for a certain χ there exists

F
(χ+1)
opt = F

(χ)
opt .

Without much difficulty, the foregoing algorithm can be implemented using dynamic

programming. It has a worst-case computation complexity of O(htkt) · O(kt log kt), ac-

counting for the reordering operations of the chunk sequence needed in (44). In practice,

the algorithm reaches optima in a faster computation time, as we expected from Proposi-

tion 1.

5.5.2 Rate Allocation

We use ParityObject(·) to denote the parity-object generation algorithm described above,

which returns the optimal FEC solution FΨ and the corresponding expected distortion

E[D|FΨ] for a given rate distribution Ψ = {kt, ht; It}. The optimal rate-allocation solution,

Ψopt, under the rate constraint C is then given by

Ψopt = arg min
Ψ:kt+ht≤C

E[D|FΨ] (48)

The solution to (48) is found by a steepest decent search algorithm starting from the

lowest resolution for each object. The steepest decent search is performed in an incremen-

tal manner. At each step, the resolution of either one of the N objects is increased; the

remaining bit rate is allocated to parity redundancy, and the corresponding optimal FEC

solution is computed using the parity-object generation algorithm. Among N possibilities,

the one that results in the maximum ratio of expected distortion reduction over rate in-

crement is selected. The resolution of the corresponding object is then increased. This
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(i) Initialization: m = 1, iκ = 0, 1 ≤ κ ≤ N,

k
(1)
t =

N∑

κ=1

R(M0
κ), h

(1)
t = C − k

(1)
t ; I

(1)
t =

N⋃

κ=1

I(M (1)
κ ),

{F (1), E[D|F (1)]} ← ParityObject(k
(1)
t , h

(1)
t ; I

(1)
t ).

(ii) Incremental allocation (1 ≤ κ ≤ N):

δκ = R(M iκ+1
κ ),

kt,κ = k
(m)
t + δκ, ht,κ = h

(m)
t − δκ;

It,κ = I
(m)
t ∪ I(M iκ+1

κ ),

{Fκ, E[D|Fκ]} ← ParityObject(kt,κ, ht,κ; It,κ).

(iii) Steepest decent search:

κopt = arg max
κ=1,2,··· ,N

(
E[D|F (m)]− E[D|Fκ]

)
/δκ,

iκopt = iκopt + 1,

{E[D|F (m+1)], F (m+1)} = {E[D|Fκopt ], Fκopt},

{k
(m+1)
t , h

(m+1)
t ; I

(m+1)
t } = {kt,κopt , ht,κopt ; It,κopt}.

(iv) Stopping condition:

If E[D|F (m+1)] > E[D|F (m)], Stop,

Otherwise, m = m + 1, Goto (ii).

Figure 35: Rate allocation using the parity-object generation algorithm, where R(·) de-
notes the bit rate of a particular LOD of an object measured in chunks and I(·) gives the
indices of corresponding data chunks in the entire sequence.

procedure is repeated until no distortion reduction is attained by any of the N possibilities.

We summarize the major steps of the rate-allocation algorithm in Figure 35.

One special case of the rate-allocation in (48) is ht ≡ 0, which corresponds to scenarios

where there is no data loss or the rate constraint is solely imposed on the source coding. In

such cases, parity object is not generated, and the rate-allocation algorithm returns to be

distributing bits among all source objects toward the best distortion-rate performance.

5.6 Experimental Results

In this section, we present empirical results for evaluating the performance of the proposed

joint coding system. A 3D database containing 10 mesh models (courtesy of Cyberware,
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Inc.) is used in our tests, which have pre-assigned object weights ranging from 0.02 to 0.25

as listed in Table 5. Each model is progressively simplified to generate various LODs, and

the compressed LOD hierarchy is packetized with a chunk size of 500 bytes. We use 13 bits

for vector quantization.

Table 5: The test 3D database

Model # Faces ωκ Model # Faces ωκ

Eyeball 39,600 0.05 Horse 39,698 0.25

Screwdriver 54,300 0.05 Dinosaur 56,192 0.02

Teeth 58,300 0.06 Venus Head 67,170 0.15

Ball Joint 68,530 0.10 Santa 75,778 0.20

Isis 93,820 0.08 Shell 97,928 0.04

As the first study, we consider an error-free environment and investigate the distortion-

rate performance of the proposed coding system compared with a conventional method that

generates the VQ codebook using a training model set independent from the test database.

This independent training set has a comparable size with the test database and is generated

using the same parameters in the mesh simplification process.

Figure 36(a) presents the obtained distortion-rate performance for the two comparing

methods (the solid lines), where the x-axis is the overall bit-rate constraint2 for all the

objects and the y-axis gives the PSNR value. Herein we calculate

PSNR = −20 log10D (dB)

with D given by (31) and (32). It is shown that the distortion-rate performance of the scene

database is significantly improved by using adaptive vector quantization. At an overall rate

of 300 KB, for example, adaptive VQ increases the quality of the database by 3 dB compared

to independent VQ. Respectively, Figure 36(b) plots the distortion of several objects in the

database for an individual comparison. As can be seen in the plots, although both schemes

effectively distribute bit rates among the objects according to their weights, adaptive VQ

greatly outperforms its independent counterpart. For the objects with higher weights, e.g.,

2The overall rate budget here does not include the bit rate of base meshes, which are compressed by the
same algorithm in all coding schemes. The overall bit rate of adaptive VQ includes the bit rate of the VQ
codebook, as it is required to be transmitted with the compressed bitstream.
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Horse and Venus Head, adaptive VQ quickly reaches a close-to-full resolution as the

overall bit rate increases. Subjectively, this significant quality difference is confirmed by

visually comparing the two pairs of models shown in Figures 37(a-d), where the Horse and

Venus Head models decoded under the rate of 300 KB are captured.

In Figure 36(a), we further compare the proposed coding scheme with a method that

treats multiple objects and their various LODs equally importantly (the dashed line). Same

as the proposed scheme, the equal-weight method uses prediction residuals from all mesh

objects in the input database as training vectors. Nevertheless, the VQ codebook is trained

by the original SR algorithm [102] instead of the weighted training, and equal weights

are deployed in the rate allocation for all the objects under given rate constraints. From

the plots in Figure 36(a), one can observe that the proposed scheme also outperforms the

equal-weight method considerably, especially at low bit rates. A typical gain of 0.5–1.5 dB

is achieved for the investigated bit-rate range. This improvement comes from two parts: (i)

the weighted codebook training which allocates higher quantization precisions to higher-

weight objects and lower LODs of each object, and (ii) preferential rate allocation among

the weighted objects.

To study the performance of the proposed coding system under a lossy environment,

we compare our parity-object based transmission mechanism with the conventional object-

oriented UEP scheme, which implements UEP for multiple objects respectively and appends

parity data to the stream of each object. For a given parity budget, the algorithm incre-

mentally distributes parity chunks among source objects until the maximum redundancy

is reached. At each time, the assignment of one additional parity chunk to either of the

multiple objects is determined by minimizing the expected receiving distortion. We refer

to this comparing mechanism as separate UEP in our presentation.

We conduct the performance evaluation following the two stages presented in Section 5.5.

In the first stage, we apply the parity-generation algorithm for a fixed source-rate allocation

obtained under 300 KB but with different budgets on parity redundancies or various chunk

loss rates. The results of averaged receiving distortion are presented in Figures 38(a-b).

In particular, Figure 38(a) plots the averaged receiving distortion of the two UEP schemes
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with gradually increased parity redundancy budgets under chunk loss rates p = 0.05 and

p = 0.10, while Figure 38(b) shows the receiving distortion for various loss rates under a

fixed parity redundancy ratio of 5%. As we anticipate, the parity-object method stably

outperforms separate UEP under all conditions. An approximately 2-dB improvement is

quickly reached as the chunk loss rate and/or the parity redundancy ratio increase.

We then place overall bit-rate constraints on source and channel coding and perform

joint rate allocation following the algorithm described in Figure 35. Figure 39(a) presents

the receiving distortion of the scene database under different rate constraints. Similar to

what we have perceived in the preceding results, using parity objects improves the receiving

distortion by roughly 2 dB compared to separate UEP. The performance difference between

the two comparing schemes reaches a stable level with an overall rate C ≥ 300 KB. In

Figure 39(a), the proportion of bit rate allocated to parity under the corresponding rate

constraint is also marked. It is shown that, for a certain chunk loss rate, the parity-

allocation ratio gradually decreases and converges to a constant as the overall bit rate

increases. Figure 39(b) provides, for two individual cases: C = 300 KB and C = 500 KB,

the distortion of each mesh object. The results confirm the effectiveness of both schemes in

protecting objects with higher weights, whereas the proposed joint coding method provides

more efficient error recovery for the transmitted data chunks, hence resulting in higher

receiving quality for every object in the database.
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Figure 36: Distortion-rate performance of different coding schemes in an error-free envi-
ronment: (a) Distortion of the database; (b) Distortion of selected objects.
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Figure 37: Subjective comparison of decoded Horse and Venus Head models under an
overall bit rate of 300 KB.
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Figure 38: Receiving distortion of the test database for the data-chunk distribution under
300 KB: (a) Distortion vs. parity redundancy for p = 0.05 and p = 0.10; (b) Distortion vs.
chunk loss rates with 5% parity redundancy.
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Figure 39: Receiving distortion of the test database with rate allocation between source
and parity objects under a chunk loss rate p = 0.05: (a) The overall distortion; (b) Two
individual cases under C = 300 KB and C = 500 KB. Objects are indexed in accordance
with Table 5 from left to right, top down.
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5.7 Summary

The coding system presented in this chapter consist of three major components: adaptive

vector quantization, embedded parity objects, and joint source and channel coding. Adap-

tive vector quantization constructs a multi-resolution hierarchy for each object in the 3D

scene database. For the best distortion-rate performance, variable quantization precisions

are allocated to different objects and different layers of each object based on a weighted

distortion model. For packet loss resilience, a plurality of FEC codes are generated as parity

objects parallel to graphic objects, which protect the graphic objects concurrently and also

preferentially in regard to their unequal decoding importance. A rate-distortion optimiza-

tion framework is then developed, which performs rate allocation between graphic objects

and parity objects and generates the parity data accordingly.

The presented system addressed the properties of 3D scenes from a point of view of

source and channel coding. It is natural to also consider these properties from a transport

perspective. In addition, in this work we assumed pre-determined object weights for a given

3D scene database. It is desired to have a computational model that estimates the relative

importance of the objects in rendering the scene. To do so, interactions of the objects with

and within the view space need to be taken into account. Depending on factors such as

the object coordinates and the view space, the objects may require different LODs to be

displayed with desired quality, or may not need to be rendered at all if, for example, the

object falls outside of the view space. We study these issues in the next chapter.
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CHAPTER VI

MULTI-STREAMING WITH SCALABLE PARTIAL

RELIABILITY

6.1 Introduction

We have observed that scalably coded 3D scenes have three essential properties: (i) objects

in a scene have potentially unequal importance regarding display; (ii) LODs of an individual

object have decoding dependencies, while (iii) LODs for different objects can be decoded

independently. From the transport perspective, these properties suggest that a strictly

sequenced delivery for the multiple objects is not necessary. Instead, transmission efficiency

may be improved by relaxing the packet-reception order on the transport level. Furthermore,

reliable transfer is necessary for the lower LODs of more important objects, by decoding

which a significant increment on the scene quality will be obtained. On the other end,

unreliable transfer for the higher LODs of less important objects is preferred for improved

time efficiency. Between the two ends, a continuous spectrum of partial reliability levels

are desired, which refer to selective and differentiated retransmission schemes for various

portions of data upon their importance.

In this chapter, we develop an application and transport cross-layer mechanism for

streaming 3D scenes in a partially ordered and partially reliable fashion [13, 86, 87, 89].

Incorporating a relatively new IP transport protocol named the stream control transmission

protocol (SCTP) [77, 78], we present a multi-streaming framework for scalably encoded

3D scenes with rate-distortion optimized transmission strategies. In doing so, we first

present a weighted distortion metric to measure the quality of a scene rendered with multi-

resolution objects, modeling objects’ unequal importance regarding display. To preserve the

manipulation independency of multiple objects in data delivery while provide preferential

treatment for different objects as well as different layers of each object, transmission of the
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objects is performed over respectively sequenced streams. A rate-distortion optimization

framework is then developed, which determines an optimal level of reliability for every

chunk of data in each stream, taking into account the rendering importance of the object,

the distortion-rate performance of the data chunks, and the statistics of the network link.

Compared with heuristical methods, simulation results show that the proposed framework

maximizes the display quality of the scene while minimizing the amount of data that needs

to be processed by the client’s rendering engine.

6.1.1 The Stream Control Transmission Protocol

The stream control transmission protocol (SCTP) [78] is a state-of-the-art IP transport

protocol, which embeds ordered and unordered delivery in one connection (called association

in SCTP) and always retains TCP-friendly congestion control and congestion avoidance1.

SCTP allows separated data streams from the upper-layer application to be multiplexed

into one association, and maintains respectively the order of data units on different streams.

Thus, if one data unit belonging to a certain stream is lost, succeeding data units from that

stream will be stored in the receiver’s stream buffer until the lost data is retransmitted

from the source. In the meantime, data from other streams can still be passed to upper-

layer applications. This partially ordered multi-streaming mechanism avoids the head of line

(HOL) blocking in TCP due to the strictly sequenced delivery. Because SCTP is a relatively

new protocol, research results on multi-streaming are preliminary [15]. Particularly, joint

considerations on the transport mechanism and the graphical media application, although

being desirable, have not received research attention.

Partial reliability has been introduced as an extension of SCTP (PR-SCTP) [77], which

allows the sender to specify the retransmission behavior for different streams, in a continuous

spectrum from TCP-like reliability with multiple retransmissions to UDP-like unreliability

with no retransmission at all. The selection of the reliability level, however, has been

considered as an application behavior and not been addressed in the previous efforts. In

addition, in the traditional SCTP implementation, the reliability level is fixed within one

1For a good overview on SCTP the readers are referred to [19,36].
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stream, which is not optimal for scalable in-order transmission. In contrast to the traditional

SCTP, a transport layer with scalable in-stream partial reliability is included in the proposed

transmission mechanism, which allows different chunks of data in a stream to have different

reliability levels while they are delivered in sequence.

The rest of the chapter is organized as follows. Section 6.2 provides an overview on the

proposed multi-streaming framework. In Section 6.3, a distortion measure for 3D scenes is

presented, followed by a fast algorithm for estimating the relative weights of the objects.

Streaming mechanisms are studied in detail in Section 6.4, where the partially reliable

transfer is addressed by a rate-distortion optimization framework. Test results in a simulated

network environment are given in Section 6.5. Finally, Section 6.6 concludes the chapter.

6.2 Multi-Streaming Framework

The proposed streaming method for 3D scenes is a joint application and transport mecha-

nism and is composed of the following major components: multi-resolution object coding,

object weighting, rate-distortion optimized reliability allocation, and multi-streaming. A

block diagram of the framework is presented in Figure 40. Below we briefly describe the

major components, leaving algorithm details to the next sections.

{ , }v S { , , }R D ω

0{ , }ik kM B

LOD

dependency

Object

independency

Object

Weighting

Multi-

Resolution

Coding

Scene

Database

Partial

Reliability

Allocation

Multi-

Streaming

LODs

{ }TXK

Figure 40: The block diagram of the proposed multi-streaming framework. Notations are
explained as follows: {v,S} denote the viewpoint and the 3D scene, {R,D,ω} denote the
measured rate-distortion performance and the object weights, {M0

k , Bi
k} are the base meshes

and the enhancement batches for the objects in the scene, and finally, {KTX} denotes the
maximum number of transmissions allowed for the data batches. Note that (KTX − 1) is
the maximum number of retransmissions upon data losses.
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Objects in the 3D scene are first encoded as multiple resolutions to provide transmis-

sion and rendering scalability. Although 3D objects in general include both mesh surfaces

(polygons) and attributes such as textures, throughout the discussion we focus on geometric

data for the simplicity of presentation. Nonetheless, the proposed multi-streaming frame-

work and the algorithms are general enough to integrate the attribute data. Same as the

previous chapters, the 3D mesh codec employed in the presented work closely follows the

CPM algorithm [68].

As introduced at the beginning of this chapter, objects in a 3D scene interact with the

view space and with each other as well. In addition, different coordinates of the objects

result in potentially unequal importance in visualization. To account for these factors in

the rate-distortional streaming framework, an object weighting algorithm is performed by

the server before transmission. Note that, the object weighting algorithm does not target

at a complete model of the perceptual quality, which is a subjective issue and therefore is

out of the scope of this work. Instead, it is designed to provide an estimate on the relative

importance of the objects regarding display. A light weight algorithm is desired as complex

computation may not be affordable by the server for a real-time application. The algorithm

consists in two passes. It first performs a fast test to detect the objects that are not in

the current view space. Then, for the objects inside or intersected with the view space, the

algorithm creates a bounding volume projection map (BVPM) for the objects and estimates

the weight factors based on that. Finally, the distortion for a certain resolution of the scene

is evaluated as a weighted sum of the distortion for the individual objects that construct

the scene. Detailed description on the algorithm is presented in Section 6.3.

In addition to the interactions between objects, LODs of each object have strong depen-

dencies. A lower LOD of an object is more important than a higher LOD because decoding

the latter requires successful decoding of the former. This property is noticed as the core

of the prior art on scalable transmission of 3D models, e.g, the hybrid TCP/UDP protocol

developed in [24], where reliable transport (by TCP) is applied to more important LODs

while unreliable transport (by UDP) is used for the rest. The present work steps further in

accounting for the dependencies between LODs. A rate-distortion optimization algorithm is
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performed to assign for each LOD of every object a level of reliability (LOR), which ranges

in a continuous spectrum from full reliability to unreliability.

In contrast to the interactions and dependencies, respective objects in the scene have

decoding independencies. In other words, the LODs of one object can be decoded indepen-

dently regardless of the status of other objects. This property implies that more efficient

transport could be achieved by using unordered delivery for separate objects while preserv-

ing ordered delivery for each object. To do so, the multi-streaming feature from SCTP is

incorporated. Objects are organized into multiple streams according to their weights and

based on the network conditions. We discuss on the detailed strategy in Section 6.4.

When performing multi-streaming, every batch of data from the upper-layer application

is fragmented into multiple transport data units, which are referred to as chunks according

to the taxonomy of SCTP [78]. A round-robin scheduling scheme is used to deal with the

transmission of multiple streams. In the original design of SCTP, depending on the size of

the data chunk and the path MTU (maximum transmission unit) on the network, chunks

from multiple streams may be multiplexed into one IP packet for transmission. Although the

multiplexing mechanism provides certain flexibility to the transport, it somewhat cancels the

impact of having multiple streams as on packet loss in this case is equivalent to simultaneous

losses in the corresponding streams. As a result, partially ordered delivery is invalidated.

For this reason, chunk bundling is not considered in this work and we persist on one chunk

per packet in the analysis and the performance evaluation as well.

Throughout the rest of our discussion on the streaming mechanisms, we refer to a

simplified network model consisting in two SCTP endpoints. An error-prone channel with

an average packet error rate p is assumed, and we consider an independent error process in

our analysis for simplicity. Extension of the results to correlated link-error models such as

Markov models will be briefly discussed at the end of the chapter.

6.3 Measuring Scene Quality

In Chapter 5, we have introduced the normalized distortion for a mesh with multiple reso-

lutions {M i}i=0,...,L where M0 is the base mesh and ML is the full resolution. We rewrite
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the definition here for the presentation convenience:

D(M i) =
Erms(M

i,ML)

Emax(M0,ML)
, (49)

where Erms() and Emax() are the measured maximum and root-mean-square surface dis-

tances between the corresponding pairs of meshes.

The metric in (49) is further extended to measure the distortion of a 3D scene that has

multiple meshes with potential difference in rendering.

Definition 1. Given a 3D scene S with N multi-resolution objects, {M i
k}, k = 1...N, i = 1...Lk,

we define the distortion of the scene S as

Ds =
∑

M
ik
k

∈S

ωk · D(M ik
k ), 0 ≤ ωk ≤ 1, (50)

where D(M ik
k ) denotes the measured distortion for mesh Mk with resolution ik; {ωk}k=1...N

are defined as normalized weight factors to reflect the relative importance of the objects,

∑N
k=1 ωk = 1.

Along with the distortion measure, we introduced a metric with a similar formulation

to the peak signal-to-noise ratio (PSNR) that is commonly used in imaging:

Definition 2. For the given scene S we have

PSNR = −20 log10DS(dB). (51)

The weight factor of an object is expected to reflect the relative importance of the

object in rendering the scene. In general, the rendering importance may depend on many

factors such as the object coordinates, the view space, the user’s operating focus, and/or the

inherent importance of the model according to the semantics of the application2. A thorough

discussion on these issues is beyond the scope of this dissertation. For the completeness

of this work, we employ here a simple view-dependent scheme to estimate the relative

importance of objects in a 3D scene. It should be pointed out, however, that the object

2For example, merchandizes would be more important than shelves in an online virtual shop; paints and
antiques would be more important than furniture in a virtual museum.
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weighting method adopted in the chapter serves as a sample procedure. The weighted

distortion metric presented above and the streaming mechanism proposed in the next section

are general enough to incorporate other weighting schemes without difficulty.

As shown in Figure 41, given a view perspective, a view frustum (VF) is defined by six

planes where two are parallel to each other. Intuitively, determined upon the coordinates,

objects falling outside of the view frustum will not be visible and hence have no contribution

to the display quality. Also, some objects may be partially or completely occluded by other

objects that are “in front of” them. In general, an object closer to the viewpoint and with

a smaller view angle is subject to a higher weight of importance than an object located

farther or with a larger angle to the viewpoint.

Viewpoint
Image plane

Figure 41: A view frustum is defined by six planes, πV F,i : ni · x + di = 0, i = 0...5, where
ni is the normal and di is the offset of plane πV F,i, and x is an arbitrary point on the plane.
If x is outside πV F,i, then ni · x + di > 0 and vice versa.

Determination on the object weights, therefore, shares closely the heuristics with the

fundamental visibility culling problem [29] in computer graphics, which aims at quickly

rejecting invisible geometry before more expensive rendering operations are performed.

Nonetheless, there are still essential issues that differ the object weighting (OW) in our

streaming context from the visibility culling (VC), as detailed in the following.

The first essential difference between OW and VC is the application target. In particular,

the object weighting is performed on the server side to provide an estimate on the scene

quality and for efficiently streaming the 3D database. The object weights may be updated

dynamically during streaming using feedback from the client. Expensive computations

toward accurate decisions are therefore not the key but prompt decisions and operating
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flexibility are. For instance, considering the increasing size of database in 3D scenes while

many objects may be with small dimensions, the server may organize closely located objects

into object sets and consider each object set as a “hyper-object” for the weighting and the

streaming processes. The visibility culling, on the other hand, is incurred by the client when

the 3D scene is actually being rendered to a frame. Visibility culling needs to be accurate

in the sense that visible portions should never be discarded from rendering. It may tolerate

relatively sophisticated computation as far as the rendering process can be accelerated. For

this sake, visibility culling operates not only on objects but mainly on geometry primitives,

and is executed at multiple stages in the rendering pipeline.

Beside the preference on light-weight computation to accuracy, the object weighting

needs to account for some perspectives that are not in the interests of visibility culling. Ex-

plicitly, it needs to quantify the relative importance of the objects instead of solely selecting

them into a visible set. For example, objects (or object sets) with different dimensions or

coordinates should be differentiated from each other, although they may be all visible to

the viewpoint. From a mathematical point of view, the object weighting function should

therefore be defined as a map from the set of objects, S, to a continuous set of output [0, 1],

i.e., OW : S 7−→ [0, 1]. In contrast, the visibility culling is a binary function defined as

V C : G 7−→ {0, 1} where G denotes the set of geometry primitives.

Driven by the above discussion, our object weighting algorithm is composed of two

passes. The first step of the algorithm is to perform a fast view-frustum testing and its

output are two sets of objects: S1 ≡ {Objects outside of VF}, and S2 ≡ {Objects within

or intersected with VF}. Apparently, we have ω(Oj) = 0 for Oj ∈ S1. For the objects in

S2, three actions are taken prior to the estimate of the weight factors: First, the bounding

volume (BV) of each object is constructed and the center of the BV is calculated. Then,

the distance between the viewpoint and the center of the BV is calculated and used as

an estimate of the distance from the viewpoint to the object. Finally, these distances are

sorted with the nearest objects first and the centering objects first, if any objects have equal

distances to the viewpoint.

The remaining challenge is to evaluate the sorted objects with a meaningful estimate of
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the weights. To do so, we uniformly divide the image plane into h×w grids. The weight of

a grid is defined by the reciprocal of its distance to the viewpoint, i.e.,

ωv ∝
1

‖ v − v0 ‖
(52)

where v and v0 denote the center coordinates of the grid and the coordinates of the view-

point, respectively (Figure 42). Initially, all the grids are marked as “unused for weighting”.

Then, for each object in the sorted list, a bounding volume projection map (BVPM) is gen-

erated which, as the name implies, is the projection of the object’s bounding volume on the

image plane. The overall weight of the grids covered by the BVPM is used for evaluation

of the object weight. Once a grid is counted, it is marked as “used for weighting” and be-

comes no longer usable for the succeeding objects. At the end of the process, normalization

is performed so the summation of the object weights is equal to 1.

d

Viewpoint

Image plane
1

w
d

∝

v

0v

Figure 42: A 2D illustration on defining the grid weight by the distance from the grid to
the viewpoint.

Figure 43 gives a demonstration on the projection maps. Note that in Figure 43, each

Teapot object has several partitions and the bounding box for each partition is created,

which formulates an overall bounding volume for the entire object. When computing the

object weights, the bounding boxes for the partitions can be processed independently, and

their summarized weight will be used as the weight for the original object. Dividing objects

into partitions and calculating tight-fitting bounding volumes in general provide more accu-

rate estimates on the object weights3. In addition, computation complexity is controllable

3The incorporation of data partitioning with the streaming framework can also provide higher error
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as object partitioning can be performed flexibly following a hierarchical structure [40]. In

an extreme case, an occlusion map [103] will be generated for each object, which yields

the most accurate coverage of visible portions while requires processing every geometry

primitive.

(a) (b)

Figure 43: An illustration on the projection-map based object weighting.

6.4 Transmission Mechanism

The object weighting process differentiates the objects into several categories: (i) objects

rejected by the view-frustum test (with ω = 0, obviously), (ii) objects in the view frustum

but assigned ω = 0, and (iii) objects with 0 < ω < 1. Transmission for objects in the first

category will be skipped and the base representations will be sent for objects in the second

category. For the objects in the third category, enhancement batches will be properly chosen

to be sent in addition to the base layers.

The transmission procedure therefore consists in two phases. During the first phase base

layers of the selected objects are organized into multiple streams and are transmitted with

full reliability. Because the base layers in general have a fairly small fraction (1-2% or less) of

the entire bitstream, the network is mainly loaded by the transmission of the remaining data,

which is the focus of our discussion in this section. In particular, we study a rate-distortion

optimization algorithm which performs selective transmission and partial-reliability (PR)

resilience and improved transmission performance when each partition is coded independently [98], in which
case each partition is indeed treated as a separate object. Hereinafter we refer to an “object” as the smallest
unit regarding multi-resolution coding and transmission.
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allocation toward maximal rendering quality under rate constraints. This optimal partial-

reliability allocation algorithm is referred to as PROpt hereafter. Based on the distortion-

rate performance of the objects, their weight factors, and the link error statistics, PROpt

determines which enhancement batches of the objects are to be transmitted, and assigns for

each selected batch a proper level of reliability (i.e., a maximum number of retransmissions

upon data loss). After the scalable PR-allocation, multi-streaming is performed for the

selected batches of data with the corresponding reliability levels.

Throughout the rest of our discussion, we refer to a simplified network model consisting

in two endpoints. An error-prone link with an average packet loss rate p is assumed, and we

consider an independent error process for simplicity. Extension of the results to correlated

link-error models such as Markov models will be investigated in our future work.

6.4.1 Rate-Distortion Optimization

All the objects with ω > 0 are considered in the second phase of transmission. Without loss

of generality, we assume a total set of N objects {Ok}k=1...N with corresponding non-zero

weights {ωk}k=1...N . Each object Ok has a number of Lk batches and their distortion-rate

performance are denoted by {∆Dkj,∆Rkj}k=1...N,j=1...Lk
, where ∆Rkj is the number of

data chunks (packets) for sending batch Bkj and ∆Dkj denotes the distortion reduction by

successfully decoding batch Bkj from the previous LOD, i.e.,

∆Rkj = Rkj −Rk,j−1, and ∆Dkj = Dkj −Dk,j−1. (53)

In (53), Rkj is the overall rate in chunks and Dkj is the distortion measured as described

in Section 6.3. Also note that we have ∆Dkj < 0. For each batch, we compute the residual

error rate ǫkj as a function of ∆Rkj and the packet loss rate p on the network. In particular,

for an independent error process as considered in the chapter, it is obvious that we have

ǫkj = 1− (1− p)∆Rkj . (54)

Using ρkj to denote the maximum number of transmissions that is allocated to j-th

batch of object Ok, we define πk ≡ {ρkj}j=1...Lk
as the transmission policy for object Ok,

and define Π ≡ {πk}k=1...N as the overall transmission policy for all the objects. For a

103



given transmission policy Π, two bit-rate results are observed from the application and the

transport points of view, respectively. The bit rate seen by the application is an effective rate

that represents the amount of data needed to be processed by the decoding and rendering

pipeline, and consequently, the level of quality. We denote the rate by Re(Π). On the

transport layer, the expected transmission rate, E(R|Π), is concerned as it accounts for

potential retransmission cost in addition to the effective rate. The expected transmission

rate reflects the latency of successful delivery of the data under given network conditions, as

the network conditions essentially transfer to a steady-state transport throughput, denoted

by G.

Apparently, the above two rates can be expressed, respectively, as the summation of the

corresponding rates for the selected batches of data. Namely,

Re(Π) =

N∑

k=1

Re(πk) =

N∑

k=1

Lk∑

j=1

∆Rkj, (55)

and

E(R|Π) =

N∑

k=1

E(R|πk) =

N∑

k=1

Lk∑

j=1

E(R|ρkj). (56)

Without much difficulty, we can derive the expected transmission rate, E(R|ρkj), as follows.

E(R|ρkj) = ∆Rkj [(1− ǫkj) + 2(1 − ǫkj)ǫkj + · · ·

+(ρkj − 1)(1 − ǫkj)ǫ
(ρkj−2)
kj

+ρkj(1− ǫkj)ǫ
(ρkj−1)
kj + ρkjǫ

ρkj

kj

]

= ∆Rkj


(1− ǫkj)

ρkj−1∑

n=1

nǫ
(n−1)
kj + ρkjǫ

(ρkj−1)
kj


 . (57)

A given transmission policy Π also results in an expected decoding distortion, E(D|Π),

derivation on which is slightly different from the transmission rate. As described in Sec-

tion 6.3, we model the overall distortion of the scene as a weighted summation of the

expected distortion of all the objects. With the weight factors, {ωk}, for the objects, the

overall expected distortion is given by

E(D|Π) =

N∑

k=1

ωkE(D|πk). (58)
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To compute E(D|πk) for each policy πk, we define an event Γkj as

Γkj
∆
={delivery of j-th batch for object Ok fails while all

preceding batches have been successfully received}.

Because the random error process on the link has been assumed to be an independent

process, events {Γkj}j=1...Lk
are independent from each other. Therefore, the expected

distortion for policy πk is the summation of the expected distortion for each event Γkj.

Explicitly, we can write

E(D|πk) =

Lk∑

j=1

E(D|Γkj)

=

Lk∑

j=1

Dkjǫ
ρkj

kj

j−1∏

l=0

(1− ǫρkl

kl ). (59)

Generally, we model a client with limited networking and computing resource by a bit-

rate constraint, Rc, on the application, and a delay requirement, τ , for data transport,

which transfers to a transport rate constraint RT = τ · G on a steady-state network. By

summarizing (53)-(59) we can write the rate-distortion formulation and the solution in the

following:

Πopt = arg min
Re(Π)≤Rc&E(R|Π)≤RT

E(D|Π), (60)

where Re(Π), E(R|Π), and E(D|Π) are given by the equations (55), (56-57), and (58-59),

respectively.

To find the solution for (60), the most straightforward method is a brute force algorithm

that searches over the entire solution space. Unfortunately, brute force minimization re-

quires exponential computation time, and is computationally infeasible for solution spaces

of even modest size.

6.4.2 Fast Heuristics

Heuristics to reduce the computation complexity of (60) are therefore required. To do so, we

notice that the distortion-rate performance of the multi-resolution objects have a common

characteristic: the data batch for a lower LOD is more important than that for a higher
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LOD while the former has also a lower bit-rate. In other words, decoding the batch for

a lower LOD results in more significant reduction in distortion with less increment on the

bit-rate. Mathematically, for object Ok with distortion-rate performance (∆Dkj,∆Rkj),

the above heuristic stands for the following relation:

∆Rkj ≥ ∆Rk,j−1 and |∆Dkj| ≤ |∆Dk,j−1| , 1 ≤ j ≤ Lk. (61)

Using (61) greatly reduces the complexity of finding the optimal PR-allocation for in-

dividual objects as it suggests that a gradient-based steepest decent algorithm can be em-

ployed. Note that a steepest decent algorithm requires only linear computation time. Fig-

ure 44 demonstrates the procedure of steepest decent search for a single object Ok with four

batches of data, i.e., Lk = 4. The solid nodes denote the PR-allocation with the minimum

expected distortion under the rate constraint, while the dashed branches indicate nodes

that are cut off from the brute force optimization.
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Figure 44: A simple example of the steepest decent search for a single object Ok with
Lk = 4.

We use π̃
(i)
k = {ρk1, ρk2, ..., ρkLk

} to denote the determined PR-allocation for object Ok

at stage i, and define

π
(i)
k (j) = π̃

(i−1)
k ∪ {ρkj = 1}

= {ρk1, ρk2, ..., ρkj + 1, ..., ρkLk
}, j = 1, ..., Lk , (62)

which denote the Lk nodes (possibilities) for the next stage. At each stage, the steepest

algorithm calculates for each node the gradient of the expected distortion,

δ
(i)
k (j) ≡

∣∣∣∣∣
∆E(D|π

(i)
k (j))

∆Rkj

∣∣∣∣∣ =

∣∣∣∣∣
E(D|π

(i)
k (j)) − E(D|π̃

(i−1)
k )

∆Rkj

∣∣∣∣∣ , (63)
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and then finds among the Lk nodes the one that maximizes δ
(i)
k (j):

π̃
(i)
k = arg max

1≤j≤Lk

δ
(i)
k (j). (64)

Applying the relation defined in (62), we can substitute the quantities in (63) with the

results that we have obtained in (57) and (59), and reach the following result through simple

derivations:

δ
(i)
k (j) =

∣∣∣∣∣
αDkj

∏j−1
l=0 γkl + β

∑Lk

t=j+1Dktǫ
ρkt

kt

∏t−1
l=0 γkl

∆Rkj

∣∣∣∣∣ , (65)

where

α = ǫ
ρkj

kj (ǫkj − 1), and β = ǫ
ρkj

kj

1− ǫkj

1− ǫ
ρkj

kj

.

The derivation to the above results is simple and has been skipped in (63). Interested

readers are referred to Appendix C.1 for further details.

The computation of (63) and (64) is performed iteratively and follows a cumulative

fashion. In other words, if the rate constraint on sending the object is increased, the

algorithm does not need to restart from the initial point where no transmission has been

assigned to the batches of the object, and calculate again the optimal PR-allocation for the

object. Instead, it can start with the prior optimal point that was computed with the lower

rate constraint, and continue the steepest decent search toward a new optimum.

With the fast PR-allocation for individual objects, the optimal PR-allocation denoted

by (60) can be decoupled. Namely, a gradient search is performed in the LOD plane for each

object wile a brute force optimization is conducted among the objects. This decomposition

reduces the complexity of the problem and makes the computation feasible for 3D scenes

with a small number of objects. For relatively complex scenes or servers with limited

computing power, however, light-weight computation is still desired.

Under such situations, we extend the steepest decent search in the LOD plane of each

object to the object space. In an iterative fashion, the algorithm performs steepest decent

search vertically in each LOD plane while horizontally among the objects. As one step for

a particular object, PR-allocation for the object proceeds one stage further to find the new

“optimal” allocation for that object. The resulting reduction in expected distortion for

each object is properly weighted, and the object with the maximum reduction of weighted
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distortion is selected and its PR-allocation is updated. Note that, except for the first step,

at each time the steepest decent search proceeds only for the selected object, leaving the

remaining objects unchanged (until one of them is selected in next steps). This procedure

is repeated until the rate constraint is reached. The algorithm attains computing complex-

ity linear to the space dimension at the cost of reaching a possibly local-optimal solution.

Nonetheless, according to our empirical study, such a suboptimal solution is indeed suffi-

cient in fulfilling our main goal of developing an intelligent transmission mechanism with

differential reliability for 3D objects, while it favors light-weight computation.

6.5 Performance Evaluation

We present a performance evaluation in this section on the multi-streaming framework de-

scribed in the previous sections. The ns-2 network simulator [92] is employed for simulation.

We consider a simple topology with two SCTP endpoints connected by a bottleneck link

with transmission rate r = 384 kbps, maximum segment size s = 1000 bytes, and propaga-

tion delay d = 120 msec. Unless otherwise noted, the size of the receiving buffer is chosen

to be χ = 20 KB, and the packet error rate is p = 0.05. For transport, the sending buffer is

assumed to be sufficiently large while the receiver buffer has a limited size of χ bytes. We

perform the simulation over a sufficiently long period and present the averaged statistics.

The sample scene shown in Figure 45, which contains 10 objects overall, is used as a

benchmark for our performance evaluation. Each object in the scene is encoded to generate

10 enhancement batches using multi-resolution coding [68]. The full-resolution objects

have 39,698 polygons for the Horse model and 56,192 polygons for the Dinosaur while

their lowest-resolution counterparts have 710 and 1022 polygons, respectively. With the

benchmark, following the object weighting process described in Section 6.3 produces a

result where 3 objects are rejected by the view-frustum test. The remaining objects and

their estimated weights are shown in Figure 46, where for simplicity object partitioning is

not performed and a single bounding box is used for each object.

We compare PROpt with two heuristical methods that also perform multi-streaming

after discarding objects by a view-frustum test. In particular, the first heuristic transmits
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Figure 45: A sample 3D scene with a demonstrated view space. Objects outside the
view space will not be displayed on the user’s terminal while other objects may be partially
visible due to occlusion.
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Figure 46: The objects within the view frustum and their estimated weights. These objects
are selected to be transmitted in PROpt and the two comparing heuristical methods.
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data batches of the selected objects in a round-robin fashion. A fixed one-time retransmis-

sion opportunity is allocated to each data chunk to provide partial reliability. The second

heuristic performs scalable PR-allocation independently for the selected objects. In other

words, it assigns equal weights to every object in the view space. These two heuristical

methods are referred to as Round-Robin and Equal-Weight, respectively.
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Figure 47: Comparisons of the receiving quality with respect to bit-rate constraints on
the rendering application.

6.5.1 On the Receiving Quality

In the first study, we use a relaxed delay requirement on the transport and focus on the

receiving quality for different bit-rate constraints on the client application. The results

are plotted in Figure 47. From the plots, it can be seen that PROpt outperforms the

comparing heuristical methods over the entire bit-rate range. The quality improvement

is especially significant at moderate and relatively large bit rates. At very low bit rates

(Rc ≤ 100 KB), Round-Robin performs closely with PROpt while Equal-Weight presents

the lowest quality. Both heuristics and PROpt increase the receiving quality stably as

the bit rate increases. Comparatively, Equal-Weight improves the quality more quickly

than Round-Robin, resulting from its rate-distortion preferential treatment for LODs of

each object. By performing partial-reliability allocation jointly among objects based upon

their proper weights, PROpt further increases the receiving quality drastically and quickly

approaches a level close to the full resolution (PSNRs > 45 dB). At the rate of 300 KB,

for example, PROpt outperforms Equal-Weight by approximately 7.7 dB in the measured

quality. Figures 48 presents two rendered results that confirm such a significant quality
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difference in a subjective comparison. In Figures 48, please note how PROpt preserves full

or close-to-full resolutions for the objects that are likely receiving the most visual attention

while presents the lowest resolution for the object that is hardly visible, in accordance with

the provided object weights (Figure 46).

In Figure 49(a), we relax the bit-rate constraint on the application and study the receiv-

ing quality with different delay requirements on transport. Similar results to Figure 47 are

observed in Figure 49(a), which is anticipated as the delay requirement essentially transfers

to a bit-rate constraint for overall transmission. Different from Figure 47, where PROpt

outperforms the heuristical methods slightly at very low bit rates whereas significantly as

the rate increases, a considerable and relatively constant quality improvement by PROpt

is observed in Figure 49(a) under various delay constraints. This is because in the delay-

constrained situation, different transport decisions made by the comparing mechanisms

result in substantial differences on data reception at the upper-layer application.

Both Figure 47 and Figure 49(a) correspond to a packet loss rate p = 0.05. In Fig-

ure 49(b), we conduct a study on the receiving quality under different packet loss rates

with a fixed delay requirement τ = 20 sec. For all the three methods, increasing packet

loss rates degrades the receiving quality, which is straightforward since a higher loss rate

results in a lower throughput, and consequentially, places a stricter bit-rate constraint on

the transport. Again, the results in Figure 49(b) confirm our prior observations. Namely,

the Equal-Weight and Round-Robin heuristics perform similarly in most situations, while

PROpt greatly outperforms both heuristics over entire investigated ranges.
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(a) PROpt

(b) Equal-Weight

Figure 48: Comparisons of the rendered results between PROpt and the Equal-Weight
heuristic with the same bit rate (300 KB). Flat shading is used to enhance the facet effect
of the displayed models.
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Figure 49: Comparisons of the receiving quality with constraints on the transport: (a)
Quality versus delay requirements with a fixed packet loss rate p = 0.05; (b) Quality versus
packet loss rates with a fixed delay requirement τ = 20 sec.
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6.5.2 On the Rendering Cost

We have compared the performance of the mechanisms from a quality point of view. From

another perspective, in the following study we evaluate the processing load placed on the

client’s application by the different mechanisms. The processing load is evaluated by the

selected number of polygons sent to the client, which will be decoded and rendered by

the client’s application. We perform the comparison between PROpt and Equal-Weight

to illustrate the efficacy of PROpt with proper object weighting on saving the amount of

3D data that needs to be processed by the application. Such savings are meaningful, as

processing a larger number of polygons implies a larger consumption on the computation

power of the client, and hence an increased time response for the overall process involving

data delivery and rendering.

Figure 50(a) shows the numbers of polygons selected by the two mechanisms for given

delay requirements. It is observed that both methods have approximately linear slopes on

increasing the number of polygons transmitted when a larger transport latency is allowed.

Although, the Equal-Weight heuristic performs closely with PROpt (or even slightly better)

when the transmission latency is relatively small, it grows more quickly once the delay

requirement is relaxed. This is because as the transport rate increases, the Equal-Weight

heuristic tends to select higher LODs for all the objects in the view space approximately

equally. In contrast, PROpt spares the increased bit rate to provide further protection

on the lower LODs of the more important objects, which reduces the expected receiving

distortion while not increasing the maximum amount of 3D data that needs to be rendered.

Figure 50(b) shows the performance difference between the two methods more clearly,

where we plot the number of polygons with respect to the level of quality that can be

achieved by rendering all the selected polygons. One can see that with the same level of

quality, PROpt significantly reduces the number of rendered polygons compared to Equal-

Weight. For example, at a quality level of 35 dB, the heuristic transmits 144,932 polygons

to the client while PROpt requires solely 91,612 polygons, which implies a saving of ap-

proximately 37% on the client’s process.

115



4 8 12 16 20 24 28 32
0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2
x 10

5

Delay (sec)

N
um

be
r 

of
 p

ol
yg

on
s

PROpt
Equal−Weight

(a)

24 26 28 30 32 34 36 38 40 42
0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8
x 10

5

PSNR
s
 (dB)

N
um

be
r 

of
 p

ol
yg

on
s

PROpt
Equal−Weight

(b)

Figure 50: A performance evaluation on the processing load at the client: (a) Number of
polygons selected for given transport latency; (b) Number of polygons versus the level of
quality.

116



6.5.3 Multi-Streaming versus Single-Streaming

Multi-streaming has always been enabled in the previous studies. Toward the end of our

performance evaluation, we present a comparison between PROpt using multi-streaming,

as the default mechanism, and a variation that sends all objects through a single stream.

For differentiation purpose we refer to them as PROpt-MS and PROpt-SS, respectively.

Figure 51(a) shows the receiving quality of the two schemes under different packet

loss rates, where the receiving buffer has a fixed size of 20 KB. As one can see, multi-

streaming always outperforms single-streaming and the gain is fairly significant when the

packet loss rate is relatively low. This phenomenon is because the partially order delivery

in multi-streaming provides a more efficient use on the receiving buffer, which results in

higher throughput than single-streaming. When the packet loss rate increases, more streams

are likely to be affected by packet losses and the throughput decreases. Therefore, the

performance of two schemes gradually merges.

The above explanation also applies to the results presented in Figure 51(b), where the

receiving quality is plotted for different sizes of the receiving buffer with a fixed packet

loss rate (p = 0.02). Again, due to the more efficient use of the receiving buffer, PROpt

with multi-streaming attains a relaxed bit-rate constraint on the transport with the same

delay requirement, hence improving the streaming quality. All the presented results have

verified the optimal PR-allocation (with multi-streaming) a preferable mechanism under

the environment with low bit rate and limited computation resource.
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Figure 51: Comparisons of receiving quality between multi-streaming and single-streaming
under a delay requirement τ = 10 sec: (a) quality versus packet loss rate with a fixed buffer
size χ = 20 KB; (b) quality versus size of the receiving buffer with a fixed packet loss rate
p = 0.02.
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6.6 Summary

The multi-streaming framework proposed in this chapter is an application and transport

cross-layer design, with a joint consideration on multi-resolution coding, scene-quality mod-

eling, and partially sequenced and partially reliable transport. The presented work makes

two main contributions. First, we proposed a computational and meaningful distortion met-

ric, which evaluates the quality degradation of a multi-resolution 3D scene by a weighted

summation of the distortion of individual objects that construct the scene. Second, more

importantly, we proposed a multi-streaming mechanism with scalable partial-reliability allo-

cation (PROpt) for transmitting 3D scene databases. This rate-distortion optimized frame-

work greatly improves both streaming efficiency and application quality while providing

transmission and rendering scalability, making it preferable in resource-constrained envi-

ronments.

Although a view-dependent algorithm was employed to capture the relative weights of

different objects in our presentation, the proposed framework is general and can incorporate

different object weighting schemes depending upon particular applications. Our evaluation

so far focused on 3D scenes with certain view perspectives and fixed object weights. Further

investigations involving real-time updates of object weights will be conducted to accommo-

date adaptive 3D applications.

In PROpt, data chunks from the upper-layer application are treated preferentially by as-

signing unequal numbers of transmission opportunities, and retransmissions are performed

at the transport level through the automatic repeat request (ARQ) mechanism [77]. During

our presentation, we assumed an independent error process on the end-to-end network link.

As another extension of the framework, correlated link-error models, e.g., Markov mod-

els, will be considered, which is important for evaluating the framework on wireless links.

When a correlated link is considered, an application-level mechanism that schedules the

transmission of multiple streams at each transmission opportunity may become desirable.

Incorporating such application-level scheduling with partially reliable transport is another

research topic to be investigated in our future work.
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CHAPTER VII

CONCLUSIONS

In this chapter, we conclude the thesis with a summary of contributions and future research

directions. In particular, in Section 7.1, we summarize how the proposed approaches fit

within a general framework of providing scalable, error-resilient, and time-efficient solutions

for streaming graphics applications. In Section 7.2, we outline two future research topics

that expand the scopes of our proposed technologies.

7.1 Summarized Contributions

The proposed research followed three milestones. First, we tackled the problem of joint

mesh and texture optimization. Then, we provided a solution for latency-minimized deliv-

ery of multi-resolution 3D models by developing a joint retransmission and unequal error

protection system. Finally, we advanced from individual 3D models to 3D scene databases

and proposed two object-based application and transport approaches. A detailed summary

of the proposed approaches is given below.

7.1.1 Joint Mesh and Texture Optimization

In Chapter 3, we developed a bit-allocation framework for efficiently streaming textured

3D models in rate-constrained environment with maximal display quality. A novel and fast

quality measure (FQM) was proposed to predict the visual fidelity of textured 3D models,

which combines the distortion of both mesh geometry and texture image through an equal-

ization factor estimated in the rendering space. FQM provides meaningful prediction on

visual fidelity and generates a convex rate-quality surface for the progressively compressed

model. Using FQM, bit-allocation algorithms were developed to find the proper distribu-

tion of mesh and texture data that maximizes the quality of the transmitted model under a

bit-rate constraint. Two transmission stages, namely the streamed mode and the retained

mode, are addressed under a rate-distortional framework. The streamed mode corresponds
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to providing the best initial display on the user’s screen when the progressive transmis-

sion begins, while the retained mode has the objective of maintaining the visual fidelity of

the displayed model at the maximal level during transmission. The experimental results

justified that by properly estimating the relative importance of the mesh and the texture,

the proposed bit-allocation framework quickly presents high-resolution visualization of tex-

tured 3D models with limited bit budgets, thus achieving higher efficiency in progressive

transmission.

7.1.2 Latency-Minimized Delivery

In Chapter 4, we addressed the latency-minimized delivery of scalable 3D data by devel-

oping a hybrid retransmission and unequal error protection mechanism (named REP). The

presented work made several contributions: (i) We analyzed intensively the property of

multi-resolution 3D meshes and presented a TCP-friendly transmission system for multi-

resolution meshes including a novel and meaningful quality measure; (ii) Given a distortion

constraint, we derived a simplified expression (with assumptions) of the optimal FEC code

that minimizes the expected transmission latency when combined with retransmissions; (iii)

Observing a semi-infinite space for finding the theoretical optimal solution, we proposed an

extended steepest decent search algorithm which quickly reaches the local optima in the

solution space; (iv) Based on the above results for quality-critical scenarios, we further

developed a time-critical streaming algorithm which significantly decreases the receiving

distortion upon a strict delay constraint.

7.1.3 Streaming Content-Rich 3D Scenes

When moving from individual 3D models to content-rich 3D scene databases, we addressed

three important properties in regard to the rendering and transmission scalability: (i)

multiple objects in a 3D scene have unequal display importance; (ii) LODs of each individual

object have decoding dependencies, and (iii) LODs for different objects have manipulation

independencies.
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Multi-Object Coding: The joint coding system presented in Chapter 5 addresses the

properties of 3D scene databases by three components: adaptive vector quantization, em-

bedded parity objects, and joint source and channel coding. Modeling the unequal decoding

importance of mesh objects in a scene database, the proposed coding system provides pref-

erential treatments among multiple objects and among various LODs of each object while

preserving their decoding independencies in packet delivery. We showed that, by treating

graphic objects jointly and preferentially in source and channel coding while preserving

their decoding independencies, the proposed system reduces the receiving distortion of the

3D database significantly compared to conventional methods.

Multi-Streaming: The multi-streaming framework developed in Chapter 6 is an ap-

plication and transport cross-layer design, with a joint consideration on multi-resolution

coding, scene-quality modeling, and partially sequenced and partially reliable transport.

The presented work made two main contributions. First, we proposed a computational and

meaningful distortion metric, which evaluates the quality degradation of a multi-resolution

3D scene by a weighted summation of the distortion of individual objects that construct

the scene. Second, more importantly, we proposed a multi-streaming mechanism with scal-

able partial-reliability allocation for transmitting 3D scene databases. This rate-distortion

optimized framework greatly improves both streaming efficiency and application quality

while providing transmission and rendering scalability, making it preferable in resource-

constrained environments.

It should be noted that, by incorporating the fast quality measure (FQM) and the

equalization factor presented in Chapter 3, the weighted distortion metric used for multi-

resolution 3D scene databases and the multi-streaming framework can be extended to in-

volve textured 3D models. In addition, following a similar philosophy as in Chapter 4, the

multi-streaming framework can be further integrated with the joint coding system presented

in Chapter 5 to obtain a hybrid retransmission and forward error correction system.
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7.2 Future Research Directions

For all the proposed techniques, we have summarized possible improvements or extensions

at the end of the corresponding chapters, which are not replicated here. At the end of

this thesis, we present two future research topics that are relatively independent and desire

advanced techniques to be built atop our proposed technologies.

7.2.1 Joint Application-Transport Scheduling for Virtual Navigation

View-dependent 3D streaming allows the navigation of large virtual environments with-

out replicating the entire database at the client, which in general has limited computing

power and storage. In the proposed research, we introduced multi-streaming to account for

the decoding independencies of different objects, and used scalable partial reliability and

joint source-channel coding to reflect the unequal rendering importance of the objects and

their multi-resolution hierarchies. Implicitly, the streaming process was assumed to follow

a round-robin fashion in the presented systems. In other words, transmission slots are al-

located equally among multiple streams. Nevertheless, because of the continuous change of

the viewpoint during navigation, objects in the virtual scenes have different decoding and

rendering time lines, depending on their relative locations to the viewpoint and the user’s

interaction. As such, at a certain time instance, some objects may require more prompt

delivery in order to be rendered on time, for which a larger number of transmission slots

need to be allocated such that those objects can be displayed with a satisfactory quality.

Optimal scheduling of transmission is therefore desired for high-quality virtual naviga-

tion. With known or predicted motion of the viewpoint, the scheduling mechanism will

infer the display time lines of the objects, and allocate the transmission slots accordingly

under a certain optimization criterion. Apparently, implementing the scheduling mech-

anism requires joint actions of both application and transport layers, as a proprietary

treatment should also be followed between multiple retransmission requests and between

retransmission and newly issued transmission. This joint application-transport scheduling

mechanism may further coordinate with the recently developed prefetching and caching

techniques [20,25] to provide the optimal use of the client device’s computing resource.
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7.2.2 Scalable Coding and Transmission for Animated Geometry

Animations exist in many 3D applications such as computer games and films, where relative

vertex positions change over time while connectivity remains constant. Simple animations,

e.g. rigid-body motion, can be described by equations that model the trajectories of the

vertices. To provide realism, life-like soft-body animations are often needed, which involve

human animators and physical simulation to build highly complex motions. Although it is

possible to use all static compression and transmission schemes also on a frame-by-frame

basis for such animations, temporal and spatial coherence should be explored to achieve

higher compression efficiency as well as transmission and rendering scalability.

With the constant connectivity, the animated geometry can be described by a matrix,

GT , which stores the vertex positions of each frame in its columns [73]. The compression of

the animated geometry can be achieved by several ways, with a common goal of reducing the

dimension of the animation matrix. In the spatial domain, the geometry may be segmented

into partitions and the animation of each partition can be approximated by rigid-body

motion [58]. In the temporal domain, linear predictors or linear projections with princi-

pal component analysis (PCA) were used to exploit the inter-frame coherence [8, 47, 51].

Naturally, a synthesis of the two spirits provides higher compression efficiency [73].

The principal component analysis resembles vector quantization in the sense of regard-

ing the animation matrix as a vector space and representing it with a small number of

basis functions (or codewords in the vector quantization case). From the streaming per-

spective, it can be foreseen that the basis functions must be transmitted reliably or artifacts

will be incurred in the decoded animation sequence. To provide transmission and render-

ing scalability, a progressive coding scheme is desirable to represent the basis functions

in coarse-to-fine scales. Furthermore, in both spatial and temporal domains, a preferen-

tial treatment may be applied by taking into account the possibly unequal importance of

different partitions and different frames, respectively, based upon the application proper-

ties. Our proposed approaches in this dissertation will serve as initial technologies toward

the development of advanced techniques for streaming animation geometry with optimized

transmission and rendering scalability.
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APPENDIX A

SUPPLEMENTARY FOR CHAPTER III

A.1 Pseudo-Code of Finding the Boundary of a Feasible

Region

Algorithm 1 BC = Boundary(C)

BC ← Φ, i← 0, j ← m
while i ≤ n and RG

(i) +RT
(j) > C do

i← i + 1
end while

if i ≤ n then

while j > 0 and RG
(i) +RT

(j−1) ≤ C do

j ← j − 1
end while

BC ← BC ∪ (M i, T j)
while i ≤ n and j > 0 do

j ← j − 1
while i ≤ n and RG

(i) +RT
(j) > C do

i← i + 1
end while

if i ≤ n then

while j > 0 and RG
(i) +RT

(j−1) ≤ C do

j ← j − 1
end while

BC ← BC ∪ (M i, T j)
end if

end while

end if
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APPENDIX B

SUPPLEMENTARY FOR CHAPTER V

B.1 Loss Recovery Probabilities

Proposition 1 in Chapter 5 presented a loose comparison of recovery probabilities between

the parity-object-based joint FEC and the conventional FEC scheme that generates parity

data for each source object separately. More analytically, in this appendix we derive recovery

probabilities of the two FEC schemes for particular channel models. For simplicity, we refer

to an equal error protection case. Nonetheless, the derivation can be easily applied to

unequal error protection with modifications. We consider common FEC codes such as

Reed-Solomon codes, where for every block of k data chunks h = (n− k) parity chunks are

generated to form an n-chunk FEC block. Such an (n, k) systematic code can recover up to

h chunk losses (erasures) as positions of the lost chunks in the chunk sequence are known.

Figure 52 recaps the considered scenario where equal error protection is applied to

s data streams. The conventional FEC appends h parity chunks for every block of k

data chunks in each stream, respectively, which is referred to as in-stream FEC hereafter.

Comparatively, a parity object generates hs parity chunks for the total number of ks data

chunks concurrently. The solid and dashed arrows indicate chunk transmission orders in

the two cases, respectively, following a round-robin scheme. In both cases, the entire FEC

block under consideration has a total number of ns chunks. Let γI(s), γP (s) denote the

probabilities that the entire block is correctly decoded in the separate-FEC and the parity-

stream cases, respectively. Then γI(s) = Pr{≤ h losses out of n chunks in each of s streams},

and γP (s) = Pr{≤ hs losses out of ns chunks}.
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Figure 52: Equal error protection for four data streams using parity objects (streams)
and separate FEC, comparatively.

B.1.1 Bernoulli Channel

If chunk losses in the ns-chunk block are modeled by a Bernoulli process with a mean chunk

loss rate p, we have

γI(s) =




h∑
j=0




n

j


 pj(1− p)n−j




s

,

γP (s) =
hs∑

j=0




ns

j


 pj(1− p)ns−j.

(66)

It is easy to show that γP (s) is monotonically increasing with the variable s, using the well

known equality: 


m

ν


 =




m− 1

ν


+




m− 1

ν − 1


 , 2 ≤ ν ≤ m.

Therefore the following inequality holds:

γI(s) < γI(1) = γP (1) < γP (s), s > 1, (67)

which means that a higher recovering probability is attained with the parity object compared

to separate FEC.

B.1.2 Gilbert Channel

For burst chunk losses, reaching a similar conclusion as (67) is not straightforward because

of the interleaved transmission of each stream. Consider a simplified Gilbert model, which
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is a two-state Markov model with transition probability matrix P =




β 1− β

1− α α


where

α and β are the probabilities that chunk reception remains in failure and success states,

respectively. The mean chunk loss rate p, the average burst-loss length r, and the correlation

of two consecutive losses ρ are

p =
1− β

1− α + 1− β
, r =

1

1− α
, and ρ = α + β − 1. (68)

Let P (ν,m) be the probability of ν losses in a sequence of m chunks, PG(ν,m) be

the probability of ν losses in m chunks ending with a successfully received chunk, and

PB(ν,m) be the probability of ν losses in m chunks ending with a lost chunk. Following

the literature [101], we have

P (ν,m) = PG(ν,m) + PB(ν,m). (69)

For m = 1, 2, 3, ... and ν = 0, 1, 2, ...,m,

PG(ν,m) = βPG(ν,m− 1) + (1− α)PB(ν,m− 1), (70)

PB(ν,m) = αPB(ν − 1,m− 1) + (1− β)PG(ν − 1,m− 1). (71)

The initial conditions for the recursion are

PG(0, 0) =
1− α

1− α + 1− β
, PB(0, 0) =

1− β

1− α + 1− β
, (72)

and PG(ν, 0) = PB(ν, 0) = PB(0,m) = 0 for ν 6= 0, m 6= 0.

In the parity-stream case, since all the ns chunks form one FEC block, the recovering

probability can be calculated by

γP (s) =
hs∑

ν=0

P (ν, ns). (73)

The calculation of γI(s), i.e., the recovering probability of the ns-chunk block in the

case of in-stream FEC, is a bit complex as multiple streams are transmitted interleavingly

(Figure 52) and chunk losses among the interleaved streams are inter-dependent. To account

for the interleaving degree, it is necessary to know transition probabilities for two chunks
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that are spaced apart by an arbitrary d-chunk time in transmission, which are shown in [101]

to be

αd = p + ρd(1− p), and βd = (1− p) + ρdp. (74)

Now, let Q̃I(s;κ1, κ2, ..., κl) be the probability that streams κ1, κ2, ..., κl are correctly

decoded among all s streams, and Q̃I(s;κi|κ1, κ2, ..., κl) be the conditional probability that

stream κi is recoverable given streams κ1, κ2, ..., κl are all recoverable. Herein we assume

κ1 < κ2 < · · · < κl without loss of generality. With the renewal property of a Markov

process, it is easy to show that the following equality holds:

Q̃I(s;κi|κ1, κ2, ..., κl) = Q̃I(s;κi|κ1, κl), κl < κi ≤ s. (75)

Applying (75), the probability γI(s) can be expressed as

γI(s) = Q̃I(s; 1)

s∏

κ=2

Q̃I(s;κ|1, κ − 1)

= Q̃I(s; 1)
s∏

κ=2

Q̃I(s; 1, κ − 1)Q̃I(s; 1, κ− 1, κ). (76)

To evaluate (76) we need to calculate three types of probabilities: Q̃I(s; 1), Q̃I(s; 1, κ−1)

and Q̃I(s; 1, κ− 1, κ) for 3 ≤ κ ≤ s. Q̃I(s; 1) can be calculated using (69)–(73) by replacing

the transition probabilities with αs and βs, as given in (74), and setting s = 1 in (73).

Similarly, the latter two quantities can be evaluated if joint-loss probabilities of multiple

streams are known. Generally denoting such probabilities by P̃s(νκ1, νκ2 , ..., νκl
, n) where

νκj
, j = 1, ..., l, is the number of losses in stream κj and n is the total number of chunks in

each stream, we can rewrite γI(s) as

γI(s) =

h∑

ν1=0

P̃s(ν1, n)

s∏

κ=2




h∑

ν1=0

h∑

νκ−1=0

P̃s(ν1, νκ−1, n)

×
h∑

ν1=0

h∑

νκ−1=0

h∑

νκ=0

P̃s(ν1, νκ−1, νκ, n)


 . (77)

P̃s(ν1, n) in (77) is given by (69)–(72) with properly replaced transition probabilities. Fol-

lowing a similar logic as (69)–(72), and using the results in (74), one can also derive recursive

expressions for P̃s(ν1, νκ−1, n) and P̃s(ν1, νκ−1, νκ, n) by listing all possible ending states of

the last chunks in the considered streams.
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The evaluation of (77) needs to calculate probabilities P̃ (ν1, νκ,m) and P̃ (ν1, νκ, νκ+1,m)

for 2 ≤ κ ≤ s − 1. As an example, we show how a recursive expression is acquired for

P̃ (ν1, νκ,m). Using P̃GG(ν1, νκ,m), P̃GB(ν1, νκ,m), P̃BG(ν1, νκ,m), and P̃BB(ν1, νκ,m) to

denote the probabilities of ν1, νκ out of m losses in the two streams, respectively, with

different ending states of the last two chunks, we have

P̃ (νν1,κ,m) = P̃GG(ν1, νκ,m) + P̃GB(ν1, νκ,m) + P̃BG(ν1, νκ,m) + P̃BB(ν1, νκ,m). (78)

For m = 1, 2, 3, ... and ν1, νκ = 0, 1, 2, ...,m,

P̃GG(ν1, νκ,m) = P̃GG(ν1, νκ,m− 1)βs+1−κβκ−1

+ P̃BG(ν1, νκ,m− 1)βs+1−κβκ−1

+ P̃GB(ν1, νκ,m− 1)(1 − αs+1−κ)βκ−1

+ P̃BB(ν1, νκ,m− 1)(1− αs+1−κ)βκ−1, (79)

P̃GB(ν1, νκ,m) = P̃GG(ν1, νκ − 1,m− 1)βs+1−κ(1− βκ−1)

+ P̃BG(ν1, νκ − 1,m− 1)βs+1−κ(1− βκ−1)

+ P̃GB(ν1, νκ − 1,m− 1)(1 − αs+1−κ)(1− βκ−1)

+ P̃BB(ν1, νκ − 1,m− 1)(1 − αs+1−κ)(1− βκ−1), (80)

P̃BG(ν1, νκ,m) = P̃GG(ν1 − 1, νκ,m− 1)(1 − βs+1−κ)(1− ακ−1)

+ P̃BG(ν1 − 1, νκ,m− 1)(1 − βs+1−κ)(1 − ακ−1)

+ P̃GB(ν1 − 1, νκ,m− 1)αs+1−κ(1− ακ−1)

+ P̃BB(ν1 − 1, νκ,m− 1)αs+1−κ(1− ακ−1), (81)

P̃BB(ν1, νκ,m) = P̃GG(ν1 − 1, νκ − 1,m− 1)(1 − βs+1−κ)ακ−1

+ P̃BG(ν1 − 1, νκ − 1,m− 1)(1 − βs+1−κ)ακ−1

+ P̃GB(ν1 − 1, νκ − 1,m− 1)αs+1−κακ−1

+ P̃BB(ν1 − 1, νκ − 1,m− 1)αs+1−κακ−1. (82)
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The initial conditions for the recursion are

P̃GG(0, 0, 0) = (1−α)βκ−1

1−α+1−β ,

P̃GB(0, 0, 0) = (1−α)(1−βκ−1)
1−α+1−β ,

P̃BG(0, 0, 0) = (1−β)(1−ακ−1)
1−α+1−β ,

P̃BB(0, 0, 0) = (1−β)ακ−1

1−α+1−β ,

(83)

and P̃NN (ν1, νκ,m) = 0 for all other selections of (ν1, νκ,m) that are not included in (79)–

(83), with N being replaced by G or B accordingly.

Using (73) and (77), we perform numerical comparisons between γI(s) and γP (s) and

present the results in Figure 53, where decoded error probabilities, 1 − Qz(s) with z = P

or I, are plotted for different parameters. In particular, Figure 53(a) shows the variation of

decoded error probability with respect to the average burst-loss length, while Figure 53(b)

shows the variation of decoded error probability with respect to the number of data streams.

Interestingly, it is observed that γP (s) and γI(s) may exhibit non-monotonicity upon differ-

ent selection of parameters, particularly when the average burst-loss length increases or the

FEC code has lower error-correcting ability. Nevertheless, under same conditions, using par-

ity streams always achieves much lower error probabilities than in-stream FEC, confirming

the efficacy of parity streams in providing error resilience for multiple data streams.

131



2 3 4 5 6 7 8 9 10
10

−4

10
−3

10
−2

10
−1

10
0

Burst−loss length (r)

D
ec

od
ed

 e
rr

or
 p

ro
ba

bi
lit

y

(  5,   4), parity stream
(  5,   4), in−stream FEC
(10,   8), parity stream 
(10,   8), in−stream FEC 
(20, 16), parity stream  
(20, 16), in−stream FEC

(a) s = 4, p = 0.02

2 3 4 5 6 7 8 9 10
10

−5

10
−4

10
−3

10
−2

10
−1

10
0

Number of data streams (s)

D
ec

od
ed

 e
rr

or
 p

ro
ba

bi
lit

y

r = 2, parity stream
r = 2, in−stream FEC
r = 4, parity stream
r = 4, in−stream FEC
r = 8, parity stream
r = 8, in−stream FEC

(b) (n, k) = (10, 8), p = 0.02

Figure 53: Numerical comparisons of decoded error probabilities between in-stream FEC
and parity streams in the burst-loss case.
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APPENDIX C

SUPPLEMENTARY FOR CHAPTER VI

C.1 Proof of Equality (63)

π̃
(i−1)
k = {ρk1, ρk2, ..., ρkj , ..., ρkLk

}, and π
(i)
k (j) = {ρ′k1, ρ

′
k2, ..., ρ

′
kj , ..., ρ

′
kLk
}, where

ρ′kl = ρkl, l 6= j, and ρ′kj = ρkj + 1.

∆E(R|π
(i)
k (j)) = E(R|π

(i)
k (j)) − E(R|π̃

(i−1)
k )

=


E(R|(ρkj + 1)) +

Lk∑

l=1,l 6=j

E(R|ρkl)


−


E(R|ρkj) +

Lk∑

l=1,l 6=j

E(R|ρkl)




= E(R|(ρkj + 1))− E(R|ρkj)

= ∆Rkj

[
(ρkj + 1)(1 − ǫkj)ǫ

ρkj + (ρkj + 1)ǫ(ρkj+1) − ρkjǫ
ρkj

]
(Eqn. [57])

= ǫ
ρkj

kj ∆Rkj,

∆E(D|π
(i)
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(i)
k (j)) − E(D|π̃
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k )

=
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