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Multistreaming of 3-D Scenes With Optimized
Transmission and Rendering Scalability

Dihong Tian, Member, IEEE, and Ghassan AlRegib, Member, IEEE

Abstract—Three-dimensional (3-D) graphic scenes require
considerable network bandwidth to be transmitted and computing
power to be rendered on a user’s terminal. Toward high-quality
display in real time, we propose a sender-driven mechanism for
streaming 3-D scenes in a resource-constrained environment. In
doing so, objects are encoded into multiresolutions to provide
transmission and rendering scalability, and a weighted distortion
metric is developed to measure the quality of a scene rendered with
multiresolution 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 objects is performed over multiple
streams in a partially sequenced and partially reliable fashion.
A rate-distortion optimization framework is 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.

Index Terms—Multiresolution, multistreaming, partial relia-
bility, rate-distortion optimization, 3-D scene.

I. INTRODUCTION

THREE-DIMENSIONAL (3-D) graphical scenes typically
consist of a number of objects, which, when being trans-

mitted and displayed, require considerable network bandwidth
and computation resource on a user’s terminal. Many com-
puting platforms today lack sufficient support of rendering
power and/or networking capability. For such platforms,
sending objects with large data dimension 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,
objects in a 3-D scene are, in general, with unequal importance
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depending on such factors as the view perspective, object co-
ordinates, and application semantics. For example, one object
may be occluded by another in the scene, or may be outside
of the view space and will be culled away in the client’s ren-
dering pipeline, as illustrated in Fig. 1. A coarse representation
for the object would be sufficient while more bandwidth and
computation can be spent on objects for which high levels of
detail (LODs) are desired. To involve platforms with limited
networking and rendering capabilities in interactive graphics
applications, transmission and rendering scalability is desired,
and optimal treatment on the networking and computation
resource becomes important.

Previous research efforts on scalable coding and transmission
[1]–[10] focused on individual 3-D models, while the essences
of 3-D scenes have not been well addressed. As a new contribu-
tion, we address these essences in this research and propose an
application and transport cross-layer mechanism to efficiently
stream 3-D scenes toward high-quality display under limited
transmission and rendering capabilities. Incorporating a rela-
tively new IP transport protocol named SCTP (stream control
transmission protocol) [11], [12], we present a multistreaming
framework for scalably encoded 3-D scenes with rate-distortion
optimized transmission strategies. The proposed framework, as
depicted in Fig. 2, addresses three important properties of a mul-
tiresolution scene database: 1) objects in the scene have poten-
tially unequal importance regarding display; 2) LODs of an in-
dividual object have decoding dependencies, whereas 3) LODs
for different objects can be decoded independently.

After coding the scene database into multiresolutions using
existing algorithms, e.g., [6], the server executes an object
weighting process, which evaluates the interactions of the
objects and estimates their relative importance in rendering
the scene. With the estimated object weights, transmission of
objects is performed over multiple streams in a partially ordered
and partially reliable fashion. The partially ordered transport,
referred to as multistreaming, takes advantage of the decoding
independencies of the objects to relax the ordered reception of
data units on the transport layer. Thus, losing one data unit will
only corrupt or delay the decoding of a particular object, while
other objects can still be decoded and manipulated. In addition
to the multistreaming, partially reliable transmission, which
refers to a mechanism that performs selective retransmission
upon data loss, provides further scalability to the application.
Based on a rate-distortion optimization framework, the optimal
level of reliability for each batch of data in each stream is cal-
culated, accounting for the object weights, the distortion-rate
performance of the multiresolution data, and the statistics
of the network link. Simulation results show the efficacy of
the proposed framework. For a test benchmark, for example,
the proposed mechanism improves the receiving quality by
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Fig. 1. Sample 3-D scene with a demonstrated view space.

Fig. 2. Diagram of the proposed multistreaming framework: fv;Sg denote the viewpoint and the 3-D scene, fR;D;!g denote the measured rate-distortion
performance and the object weights, fM ;B g are the base meshes and the enhancement batches for the objects in the scene, and finally, fK g denotes the
maximum number of transmissions allowed for the data batches. Note thatK � 0 and whenK > 0, (K �1) is the maximum number of retransmissions
upon data loss, which is referred to as the level of reliability.

approximately 8 dB at a bit rate of 300 kB, compared to a
heuristical method that transmits all the objects with fixed
partial reliability.

The rest of the paper is organized as follows. In Section II,
we present a weighted distortion metric for multiresolu-
tion 3-D scenes. Streaming mechanisms are studied in detail in
Section III, and a performance evaluation is given in Section IV.
Section V concludes the paper and summarizes future work.

II. MEASURING SCENE QUALITY

As the first step in developing the stream mechanisms, we
propose a metric for measuring distortion of 3-D scenes with
multiresolutions. The distortion metric derives from a weighted
summation of individual distortion measured for the objects in
the scene. In the following, we present several definitions toward
the development of this novel quality metric.

A. Distortion Measure

Definition 1: For two given surfaces, and , the root-
mean-square (rms) surface distance and the maximum surface
distance from to are respectively defined as

(1)

and

(2)

where is the point-to-surface distance given by

and is the Euclidean distance between two points in .
Definition 2: For a geometric mesh with multiple resolutions

, , where is the base mesh and is the
full resolution, we define the normalized distortion of an LOD

as

(3)

The maximum and rms surface distances between the corre-
sponding pairs of meshes can be calculated using the fast Metro
tool [13] in practice. The metric in (3) is further extended to
measure the distortion of a 3-D scene which has multiple meshes
with potential difference in rendering.
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Fig. 3. Illustration of the projection-map-based object weighting.

Definition 3: Given a 3-D scene with multiresolution
objects, , , we define the distor-
tion of the scene as

(4)

where denotes the measured distortion for mesh
with resolution ; are defined as normalized
weight factors to reflect the relative importance of the objects,

. Determination on the object weights will be
discussed in the next section.

Along with the distortion measure in (4), we introduces a
metric with a similar formulation to the peak signal-to-noise
ratio (PSNR) that is commonly used in imaging:

Definition 4: For the given scene , we have

(5)

B. Object Weighting

The weight factor of an object is expected to reflect the rel-
ative importance of the object in rendering the scene. In gen-
eral, 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 application.1 A thorough discussion of these
issues is beyond the scope of this work. For the completeness
of the paper, we employ here a simple view-dependent scheme
to estimate the relative importance of objects in a 3-D scene.
It should be pointed out, however, that the object weighting
method adopted in the paper 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.

Our object weighting algorithm is composed of two
passes. The first step of the algorithm is to perform a
fast view-frustum (VF) testing and its output are two
sets of objects: , and

1For example, merchandise would be more important than shelves in an on-
line virtual shop; paints and antiques would be more important than furniture in
a virtual museum.

. Appar-
ently, we have for . For the objects in

, 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 (for
objects that have equal distances to the viewpoint).

In the second pass, the image plane is uniformly divided into
grids, which will be used to evaluate the coverage of an

object’s projection on the image plane. Each grid is weighted
by the reciprocal of its distance to the viewpoint, i.e.,

(6)

where and denote the center coordinates of the grid and the
coordinates of the viewpoint, respectively. 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
generated which, as the name implies, is the projection of the
object’s BV on the image plane. The overall weight of the grids
covered by the BVPM is used to evaluate the object weight.
Once a grid is counted, it is marked as “used for weighting” and
becomes 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.

Fig. 3 gives a demonstration on the projection maps. Note
that in Fig. 3, each TEAPOT object has several partitions and
the bounding box for each partition is created, which formu-
lates an overall BV for the entire object. When computing the
object weights, the bounding boxes for the partitions can be pro-
cessed independently, and their summarized weight will be used
as the weight for the original object. Dividing objects into parti-
tions and calculating tight-fitting BVs, in general, provide more
accurate estimates on the object weights.2 In addition, compu-
tation complexity is controllable as object partitioning can be
performed flexibly following a hierarchical structure [15]. In an

2The incorporation of data partitioning with the streaming framework can also
provide higher error resilience and improved transmission performance when
each partition is coded independently [14], in which case each partition is indeed
treated as a separate object. Hereinafter we refer to an “object” as the smallest
unit regarding multiresolution coding and transmission.
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extreme case, an occlusion map [16] will be generated for each
object, which yields the most accurate coverage of visible por-
tions while requiring processing every geometry primitive.

III. TRANSMISSION MECHANISM

The object weighting process differentiates the objects into
several categories: 1) objects rejected by the VF test (with

, obviously); 2) objects in the view frustum but assigned ;
and 3) objects with . 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 or-
ganized into multiple streams and are transmitted with full re-
liability. 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) allocation to-
ward maximal rendering quality under rate constraints. This op-
timal PR 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).3

After the scalable PR-allocation, multistreaming is performed
for the selected batches of data with the corresponding relia-
bility 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 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.

A. Rate-Distortion Optimization

All the objects with are considered in the second
phase of transmission. Without loss of generality, we assume a
total set of objects with corresponding nonzero
weights . Each object has a number of
batches and their distortion-rate performance are denoted by

, where is the number of
data chunks (packets) for sending batch and denotes
the distortion reduction by successfully decoding batch
from the previous LOD, i.e.,

(7)

In (7), is the overall rate in chunks and is the distor-
tion measured as described in Section II. Also note that we have

3In general, these transmission decisions may be made by either a sender-
driven or a receiver-driven mechanism, and which mechanism is preferable de-
pends on particular application scenarios. Although in the present paper we
focus on developing a sender-driven mechanism, its receiver-driven counterpart
can be developed following the same logic.

. For each batch, we compute the residual error rate
as a function of and the packet-loss rate on the net-

work. In particular, for an independent error process as consid-
ered in the paper, it is obvious that we have

(8)

Using to denote the maximum number of transmis-
sions that is allocated to th batch of object , we define

as the transmission policy for object
, and define as the overall transmission

policy for all the objects. For a given transmission policy ,
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

. On the transport layer, the expected transmission rate,
, is concerned as it accounts for potential retrans-

mission 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 condi-
tions essentially transfer to a steady-state transport throughput,
denoted by .

Apparently, the above two rates can be expressed, respec-
tively, as the summation of the corresponding rates for the se-
lected batches of data. Namely

(9)

and

(10)

Without much difficulty, we can derive the expected transmis-
sion rate, , as follows:

(11)

A given transmission policy also results in an expected de-
coding distortion, , derivation on which is slightly dif-
ferent from the transmission rate. As described in Section II, we
model the overall distortion of the scene as a weighted summa-
tion of the expected distortion of all the objects. With the weight
factors, , for the objects, the overall expected distortion is
given by

(12)
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To compute for each policy , we define an event
as

Because the random error process on the link has been assumed
to be an independent process, events are inde-
pendent from each other. Therefore, the expected distortion for
policy is the summation of the expected distortion for each
event . Explicitly, we can write

(13)

Generally, we model a client with limited networking and
computing resource by a bit-rate constraint, , on the applica-
tion, and a delay requirement, , for data transport, which trans-
fers to a transport rate constraint on a steady-state
network. By summarizing (7)–(13) we can write the rate-distor-
tion formulation and the solution in the following:

(14)

where , , and are given by (9)–(13),
respectively.

To find the solution for (14), the most straightforward method
is a brute force algorithm that searches over the entire solution
space. Unfortunately, brute force minimization requires expo-
nential computation time, and is computationally infeasible for
solution spaces of even modest size.

B. Fast Heuristics

Heuristics to reduce the computation complexity of (14) are
therefore required. To do so, we notice that the distortion-rate
performance of the multiresolution objects have a common
characteristic: the data batch for a lower LOD is more impor-
tant than that for a higher 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
with distortion-rate performance , the above
heuristic stands for the following relation:

(15)
Using (15) greatly reduces the complexity of finding the op-

timal PR-allocation for individual objects as it suggests that a
gradient-based steepest decent algorithm can be employed. Note
that a steepest decent algorithm requires only linear computa-
tion time. Fig. 4 demonstrates the procedure of steepest decent
search for a single object with four batches of data, i.e.,

. The solid nodes denote the PR-allocation with the
minimum expected distortion under the rate constraint, while

Fig. 4. Simple example of the steepest decent search for a single object O
with L = 4.

the dashed branches indicate nodes that are cut off from the
brute-force optimization.

We use to denote the determined
PR-allocation for object at stage , and define

(16)

which denote the nodes (possibilities) for the next stage. At
each stage, the steepest algorithm calculates for each node the
gradient of the expected distortion

(17)

and then finds among the nodes the one that maximizes

(18)

Applying the relation defined in (16), we can substitute the
quantities in (17) with the results that we have obtained in
(11) and (13), and reach the following result through simple
derivations:

(19)

where

The derivation to the above results is simple and has been
skipped in (17).

The computation of (17) and (18) is performed iteratively and
follows a cumulative fashion. In other words, if the rate con-
straint 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
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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 op-
timal PR-allocation denoted by (14) 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 3-D 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 itera-
tive fashion, the algorithm performs steepest decent search ver-
tically 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 max-
imum reduction of weighted distortion is selected and its PR-al-
location 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
complexity 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 sufficient
in fulfilling our main goal of developing an intelligent trans-
mission mechanism with differential reliability for 3-D objects,
while it favors light-weight computation.

IV. PERFORMANCE EVALUATION

We present a performance evaluation in this section on the
multistreaming framework described in the previous sections.
The ns-2 network simulator [17] is employed for simulation. We
consider a simple topology with two SCTP endpoints connected
by a bottleneck link with transmission rate , max-
imum segment size , and propagation delay

. Unless otherwise noted, the size of the receiving
buffer is chosen to be , and the packet error rate is

. For transport, the sending buffer is assumed to be suf-
ficiently large while the receiver buffer has a limited size of
bytes. We perform the simulation over a sufficiently long period
and present the averaged statistics.

The sample scene shown in Fig. 1, which contains ten objects
overall, is used as a benchmark for our performance evaluation.
Each object in the scene is encoded to generate 10 enhance-
ment batches using multiresolution coding [6]. The full-reso-
lution objects have 39 698 polygons for the HORSE model and
56 192 polygons for the DINOSAUR while their lowest-resolu-
tion counterparts have 710 and 1022 polygons, respectively.
With the benchmark, following the object weighting process de-
scribed in Section II-B produces a result where three objects are
rejected by the VF test. The remaining objects and their esti-
mated weights are shown in Fig. 5, where for simplicity object

Fig. 5. Objects within the view frustum and their estimated weights. These ob-
jects are selected to be transmitted in PROpt and the two comparing heuristical
methods.

Fig. 6. Comparison of the receiving quality with respect to bit-rate constraints
on the rendering application.

partitioning is not performed and a single bounding box is used
for each object.

We compare PROpt with two heuristical methods that also
perform multistreaming after discarding objects by a VF test.
In particular, the first heuristic transmits data batches of the se-
lected objects in a round-robin fashion. A fixed one-time re-
transmission opportunity is allocated to each data chunk to pro-
vide 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.

A. 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 Fig. 6. 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 signif-
icant at moderate and relatively large bit rates. At very low
bit rates , Round-Robin performs closely with
PROpt , while Equal-Weight presents the lowest quality. Both
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Fig. 7. Comparison 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. (a) PROpt. (b) Equal-Weight.

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 ob-
jects based upon their proper weights, PROpt further increases
the receiving quality drastically and quickly approaches a level
close to the full resolution . At the rate
of 300 kB, for example, PROpt outperforms Equal-Weight by
approximately 7.7 dB in the measured quality. Figs. 7 presents
two rendered results that confirm such a significant quality
difference in a subjective comparison. In Figs. 7, 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 (Fig. 5).

In Fig. 8(a), we relax the bit-rate constraint on the applica-
tion and study the receiving quality with different delay require-
ments on transport. Similar results to Fig. 6 are observed in
Fig. 8(a), which is anticipated as the delay requirement essen-
tially transfers to a bit-rate constraint for overall transmission.
Different from Fig. 6, 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 Fig. 8(a) under various
delay constraints. This is because in the delay-constrained situa-
tion, different transport decisions made by the comparing mech-
anisms result in substantial differences on data reception at the
upper layer application.

Both Fig. 6 and Fig. 8(a) correspond to a packet-loss rate
. In Fig. 8(b), we conduct a study on the receiving quality

under different packet-loss rates with a fixed delay requirement
. 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 conse-
quentially, places a stricter bit-rate constraint on the transport.
Again, the results in Fig. 8(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.

B. 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 poly-
gons sent to the client, which will be decoded and rendered by
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Fig. 8. Comparison 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 � = 20 sec.

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 3-D 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.

Fig. 9(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 per-
forms 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

Fig. 9. 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.

select higher LODs for all the objects in the view space ap-
proximately 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 3-D
data that needs to be rendered.

Fig. 9(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 ren-
dering all the selected polygons. One can see that with the same
level of quality, PROpt significantly reduces the number of ren-
dered polygons compared to Equal-Weight. For example, at a
quality level of 35 dB, the heuristic transmits 144 932 poly-
gons to the client while PROpt requires solely 91 612 polygons,
which implies a saving of approximately 37% on the client’s
process.
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Fig. 10. Comparison of receiving quality between multistreaming and single-
streaming under a delay requirement � = 10 sec: (a) quality versus packet-loss
rate with a fixed buffer size � = 20 kB and (b) quality versus size of the
receiving buffer with a fixed packet-loss rate p = 0:02.

C. Multistreaming Versus Single-Streaming

Multistreaming has always been enabled in the previous
studies. Toward the end of our performance evaluation, we
present a comparison between PROpt using multistreaming, as
the default mechanism, and a variation that sends all objects
through a single stream. For differentiation purposes, we refer
to them as PROpt-MS and PROpt-SS, respectively.

Fig. 10(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, multistreaming 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 multistreaming 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 Fig. 10(b), where the receiving quality is plotted for dif-
ferent sizes of the receiving buffer with a fixed packet-loss rate

. Again, due to the more efficient use of the re-
ceiving buffer, PROpt with multistreaming 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 multistreaming) a
preferable mechanism under the environment with low bit rate
and limited computation resource.

V. CONCLUSIONS AND FUTURE WORK

The multistreaming framework proposed in this paper is an
application and transport cross-layer design, with a joint con-
sideration on multiresolution coding, scene-quality modeling,
and partially sequenced and partially reliable transport. The pre-
sented work makes two main contributions. First, we proposed
a computational and meaningful distortion metric, which evalu-
ates the quality degradation of a multiresolution 3-D scene by a
weighted summation of the distortion of individual objects that
construct the scene. Second, more importantly, we proposed a
multistreaming mechanism with scalable PROpt for transmit-
ting 3-D 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 environments.

Although a view-dependent algorithm was employed to cap-
ture the relative weights of different objects in the paper, the
proposed framework is general and can incorporate different ob-
ject weighting schemes depending upon particular applications.
Our evaluation so far focused on 3-D scenes with certain view
perspectives and fixed object weights. Further investigations in-
volving real-time updates of object weights will be conducted
to accommodate adaptive 3-D applications.

In PROpt, data chunks from the upper-layer application
are treated preferentially by assigning unequal numbers of
transmission opportunities. Retransmissions are performed at
the transport level through the automatic repeat request (ARQ)
mechanism [12], with a higher priority than newly issued
transmissions. Such a transmission priority is meaningful, as
otherwise the receiver’s ACK pointer will not move ahead and
data reception will be blocked. Furthermore, this means that
even though a round-robin scheduling scheme is adopted at
the upper-layer application, different partial-reliability levels,
which are determined using the R-D optimization framework,
will provide unequal numbers of transmission opportunities to
data chunks. Although it is envisioned that scheduling between
new transmissions and retransmissions at every transmission
opportunity may achieve further optimality, it causes difficul-
ties to the ARQ mechanism and consequentially the partially
reliable transport. This will be addressed in our future work.
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