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Abstract—This paper presents a joint source and channel coding
method for transmission of progressively compressed three-dimensional (3-D) models where the bit budget is allocated optimally.
The proposed system uses the Compressed Progressive Mesh (CPM)
algorithm to produce a hierarchical bitstream representing different levels of detail (LODs). In addition to optimizing the transmitted bitstream with respect to the channel characteristics, we
also choose the optimum combination of quantization and tessellation to maximize the expected decoded model quality. That is,
given a 3-D mesh, a total bit budget ( ) and a channel packet-loss
rate (
), we determine the optimum combination of: 1) the geometry coordinates quantizer step size ( -bit); 2) the number of
transmitted batches ( ); 3) the total number of channel coding bits
( ); and 4) the distribution of these channel coding bits among the
transmitted levels ( L ). Experimental results show that, with our
unequal error protection approach that uses the proposed bit-allocation algorithm, the decoded model quality degrades more gracefully (compared to either no error protection or equal error protection methods) as the packet-loss rate increases.

C

Index Terms—Bit allocation, joint source and channel coding,
packet-loss resilient transmission, streaming, three-dimensional
(3-D) graphics, 3-D graphics streaming, 3-D mesh compression,
unequal error protection (UEP), virtual reality over IP networks.

I. INTRODUCTION

I

NTERACTIVE graphics applications use three-dimensional
(3-D) meshes intensively. These 3-D meshes represent such
computer models of 3-D objects as manufacturing assemblies,
geographical databases, virtual environments for e-commerce
applications, or entertainment applications. It is expected that
Internet-based access to these 3-D models will soon be common
in fundamental areas of manufacturing, architecture, petroleum
exploration, urban planning, tourism, defense, medicine, e-commerce, and entertainment. All of these applications require access to large 3-D models over bandwidth-limited links. This creates a bottleneck. For example, a typical 3-D triangular mesh
of 60 000 faces requires 5.5 s of transmission time even over a
1.544-Mb/s T1 line assuming that each triangle is represented
by 18 bytes. A related issue is the required storage space at the
client machine.
To alleviate such limitations, one might apply a single-level
3-D mesh compression algorithm [1]–[18] to reduce the trans-
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mitted data size. However, in this case, the encoded bitstream is
not scalable. As a result, low-capability clients will suffer from
a large delay. Moreover, in a networked virtual reality application such as video gaming, high-capability clients will be subject
to latency caused by the low-capability clients. This deters the
smooth navigation required by most 3-D graphics applications.
To address this issue, 3-D graphics community researchers
have begun to develop scalable 3-D mesh compression algorithms [19]–[24]. These algorithms are designed with two
constraints in mind; namely, bandwidth limitation and client
machine capability. The common idea underlying all of these
methods is to send a coarse representation of the mesh followed
by enhancement bits that refine the mesh to its finest level. The
transmission (and equivalently the decoding) process can be
terminated at any point when either the available bit budget has
been consumed or the available storage space is fully exploited.
Even though these scalable compression algorithms improve
bandwidth utilization, they do not address other major network
considerations such as packet losses. Because of the sensitivity
and the interdependence of the encoded bitstream levels, when
a packet is lost, all following packets will be discarded [20],
[25]. As a result, packet losses result in catastrophic distortion
in the decoded 3-D model. Therefore, error-resilient preprocessing and/or postprocessing needs to be developed to reduce
the end-to-end delay and to increase the decoded model quality
while keeping the bandwidth unchanged.
The effectiveness of preprocessing methods versus postprocessing methods depends on the application as well as
the applied method.1 In this paper, we consider forward error
correction (FEC)-based preprocessing approaches since they
do not require extra processing on the client side. Generally
speaking, FEC preprocessing methods fall into two classes:
equal error protection (EEP) and unequal error protection
(UEP). EEP methods apply the same FEC code to all parts of
the bitstream regardless of the contribution of each part to the
decoded model quality. EEP is suitable when the channel has a
very low packet-loss rate. However, at higher packet-loss rates,
it is helpful to protect various parts of the encoded bitstream
according to their importance. Since losing important parts
of the bitstream results in a considerable degradation in the
decoded model quality, UEP is more suitable at these rates
since important parts of the bitstream get a higher level of error
protection than other parts.
Both the efficiency and the effectiveness of UEP methods
depend on the criterion used to classify the encoded bitstream.
Such classification may depend on source characteristics only
1For a comprehensive review of such preprocessing and postprocessing
methods in the case of video communications, the reader is referred to [26].
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[27], [28], channel characteristics only, or both source and
channel characteristics. An error-resilient 3-D model coding
method has been proposed by Yan et al. [28]. It is based on
the constructive traversal compression scheme proposed by
Li and Kuo [31]. In this scheme, the mesh is partitioned into
several segments and each segment is transmitted independently. These segments are then stitched at the decoder using
joint-boundary information. This error-resilient method classifies the joint-boundary information as the most important part
of the bitstream. However, assigning error-protection bits to the
different parts of the bitstream is achieved experimentally (i.e.,
no analytical approach has been provided for error-protection
bit allocation). Although this pioneering work deserves credit,
its application areas are limited since: 1) it is designed for a
specific 3-D compression algorithm [31] and 2) it encodes each
part of the mesh at full resolution instead of considering hierarchical encoding, which provides a bitstream that is scalable
with respect to the channel bandwidth.
In this paper, we propose a UEP method that depends on
both source and channel characteristics. In this case, the source
and channel codes are jointly designed to maximize the decoded model quality. A major issue in designing bit-allocation
algorithms is determining the number of bits needed to be
assigned for both source data and channel codes. In order to
keep the total number of transmitted bits the same, the number
of source coding bits needs to be reduced to accommodate the
channel coding bits, which introduces a tradeoff. In typical
progressive 3-D mesh compression algorithms, the number
of source coding bits can be reduced by either using coarser
quantizers for the geometry coordinates or by sending fewer
polygons (triangles in this case). The choice between these
two approaches is also studied in this paper, and the proposed
solution optimizes the decoded model quality by using the
best combination of both methods. To summarize, this paper
addresses the following problem:
Given: 1) the total bit budget ( bits) that consists of source
coding bits and channel coding bits; 2) the channel packet); and 3) a 3-D model, find: 1) the number of
loss rate (
triangles to send; 2) the step size of the geometry coordinates
quantizer; 3) the total number of channel coding bits ( ); and
), so
4) the FEC codes to be assigned to every level (i.e.,
that the expected distortion introduced in the decoded model is
minimum.
We compute the above four quantities jointly to maximize
the decoded model quality. First, we optimize the quantizer
step size and the number of transmitted triangles together with
the optimal ( ) that gives the best expected quality. Then,
we distribute over the transmitted levels of the bitstream so
that the more important parts get more error protection. This
is done using a statistical distortion measure that is derived in
Section III-C.
This paper is organized as follows. Section II describes the
compression algorithm, the FEC codes, and the packetization
method used in this paper. Section III presents the proposed joint
source and channel coding method for UEP as well as the bitallocation algorithm. Experimental results comparing no error
protection (NEP), EEP, and UEP approaches are presented in
Section IV. Finally, the conclusions are presented in Section V.
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II. BACKGROUND
A considerable amount of research has been recently invested
in 3-D mesh compression. Deering [3] proposed a 3-D compression algorithm where triangle strips are traversed and the
most recent traversed vertices are saved in a buffer. In this compression algorithm, normals and coordinates are predicted and
quantized. In 1998, Taubin and Rossignac proposed the topological surgery [1] compression algorithm that has been adopted
by MPEG-4 [16]. The idea of this method is to cut the model
in a peeling-orange-skin style. First, the algorithm locates the
edges to be cut. The result of cutting through these edges is
a triangulated, simply connected polygon. Since then, several
single-level compression algorithms have been proposed in the
literature [2], [4], [11]. All of these single-level compression
techniques do not account for the channel characteristics. Moreover, the received model is not displayed on the client’s screen
before the whole compressed bitstream is fully downloaded.
This introduces a delay, specially when the model is transmitted
over low-bandwidth channels. As a result, researchers investigated multilevel 3-D compression techniques to produce a bitstream that is scalable with respect to the channel bandwidth.
There is a twofold approach in this direction. The first approach
is to generate two bitstreams; one is a coarse representation of
the model and the other is the full-resolution bitstream. The
coarse bitstream is sent first and then the full-resolution bitstream is sent later. As a result, the client will have a coarse representation of the model to manipulate until the full-resolution
bitstream is fully downloaded to replace the coarse model. Even
though this method reduces the waiting time on the client side,
it uses the bandwidth inefficiently because, once the full-resolution model is received, the coarse model is discarded.
The second approach is to generate a coarse representation
and send it first to be displayed on the client’s screen. Then,
refinement information is streamed out to refine the coarse
model until the full-resolution model is thoroughly displayed
on the client’s screen. Not only is the bitstream generated by
this method scalable with respect to the channel bandwidth, but
also the client can manipulate the coarse representation of the
model while more refinements are downloaded and rendered as
they are decoded. The latter method is more efficient than the
former, and hence it has received attention from the research
community.
Several progressive compression techniques have been proposed in the literature. The first algorithm is the progressive
forest split compression algorithm [19]. Then, Kuo et al. [40]
proposed a constructive traversal compression algorithm where
a model is partitioned into segments. These segments are transmitted independently in addition to the boundary information.
Such a technique has been adopted by MPEG-4 to provide a
scalable bitstream [16]. Nevertheless, these partitions are encoded at full resolution.
Khodakovsky et al. [29] proposed a progressive compression technique that resamples the model to generate a regular
mesh. To resample the model, the authors applied the multiresolution adaptive parameterization of surfaces (MAPS) algorithm
[30] to move vertices tangentially to the model surface. Then,
the geometry information is quantized and encoded using Loop
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Fig. 1.
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Edge-collapse and vertex-split operations. Note that V

(V + V )=2.

=

wavelets and a zero-tree structure. Even though this method improves the compression ratio over other progressive methods, it
requires the MAPS algorithm, which complicates the encoder
substantially.
Finally, one of the simplest and most effective multilevel
compression algorithms is the compressed progressive meshes
(CPM) algorithm that was developed by Pajarola and Rossignac
[20] in 1999. Because of its effectiveness, this method is used
in this paper, although the proposed bit-allocation algorithm is
also applicable to other progressive compression methods with
minor modifications [21], [32]. This section summarizes the
CPM algorithm to provide insight into the encoded bitstream
content and the relative importance of its components. Also, the
FEC codes that are used in this paper are briefly described later
in this section. Finally, the packetization scheme employed in
this paper is described.
A. Compressed Progressive Meshes
In this section, a brief description of the bitstream content
produced by the CPM algorithm is presented [20]. The CPM
algorithm depends on two operations: edge-collapse and vertexsplit [32], [33], which are applied at the encoder and the decoder,
respectively. These two operations are illustrated in Fig. 1. The
CPM encoder and decoder block diagrams are depicted in Fig. 2.
The encoding process is iterative. Each iteration produces a
coarser level of detail (LOD) of the model from a given level of
detail (LOD). Also, each iteration produces a batch (i.e., an encoded bitstream) that is used by the decoder to produce the fine
LOD from the coarser one. At the beginning of each iteration, a
subset of edges is chosen to be collapsed. These edges have to
satisfy certain conditions such that they can be collapsed within
the current LOD. These conditions are as follows.
• At most two vertices are collapsed into one vertex.
• Let edge
connect vertices
and , and similarly let
and . If these four vertices
edge connect vertices
form a quadrilateral, then these two edges cannot be collapsed within the same LOD.
These restrictions force the edges being collapsed to be independent of each other, and hence, the decoding process (vertexsplit operation) for a given vertex is independent of others. Nevertheless, these restrictions limit the compression rate between
consecutive LODs. Simulations show that a reduction of about
20% 30% in the number of vertices between two consecutive
LODs is achieved for a typical model.
Subject to the above restrictions, the errors that would be introduced on the model by collapsing each edge are updated after

each batch, and the edges with the smallest errors are selected
to be collapsed for the next batch. The error metric used here is
computed as the maximum of the distances between each vertex
of the simplified mesh and the planes that support the original triangles that were incident upon all of the vertices that collapsed to [33], [34].
After generating the bitstream for the collapse operations of
a certain LOD (i.e., a batch), the bitstream is appended to the
front of the bitstream being assembled for the complete mesh.
Within each batch, the bitstream is sorted according to the lexicographical order of the vertices in the coarser LOD. Both the
encoder and the decoder should have the same ordering of the
vertices at the beginning of each iteration [5], [35].
Each edge-collapse operation is represented by three fields.
These three fields contain two types of information, namely Geometry and Connectivity information. These fields are as follows.
Collapse Status: One bit specifies whether a vertex is collapsed (1) or not (0). When this bit is (1), then the decoder continues decoding the next two fields; otherwise, it assumes that
the two fields are empty and it proceeds to the next bit that corresponds to the collapse status of the next vertex.
Cut Edges: The decoder needs to decide which of the incident edges is to be split. These edges are called cut edges. For
a vertex with

incident edges,

bits can specify

any combination of two out of these edges. These bits are appended to the bitstream. Note that the decoder knows the value
of for the current vertex.
Position Error: The difference in geometric coordinates between the collapsed vertex and the vertex locations estimated by
the prediction algorithm. This difference between coordinates
is quantized and entropy coded and the resulting three variable
length codes (VLCs) are appended to the bitstream of the current batch.
The first two fields correspond to the connectivity information in the encoded bitstream while the third field is considered
geometry information.
batches in addition to the
The CPM algorithm produces
base mesh. The application of each batch yields an enhancing
LOD that further approximates the original 3-D mesh. All edgecollapse operations are encoded using the above three fields.
However, the base mesh can be compressed using any singlelevel mesh compression technique. In this paper, the base mesh
is compressed using the TG algorithm [2].
At the decoder, the base mesh is decoded first. Then, the
batches are decoded one at a time starting with the coarsest
batch. While decoding each batch, a series of vertex-split operations is performed to add new vertices to the mesh.
Although we used the CPM algorithm to generate a scalable
bitstream, our proposed method can be applied to any scalable
bitstream generated by any progressive compression algorithm
with minor modifications.
B. Reed-Solomon Codes
The FEC codes used in this paper are Reed–Solomon (RS)
codes. These block codes are perfectly suited for error protection against bursty packet losses because they are maximum
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Block diagram of CPM encoder and decoder. (a) CPM encoder. (b) CPM decoder.

distance separable codes, i.e., there are no other codes that can
reconstruct erased symbols from a smaller number of code
defined over the Galois Field
symbols [36]. An RS code
encodes information symbols where each symbol
contains bits. These symbols are combined with
additional -bit symbols into a codeword of symbols. The
. In this paper,
codeword length is restricted by
(i.e., the RS codes
we chose to be 8 b and therefore
used in here are defined over
). Moreover, we chose
255 symbols. The code rate of an
RS code is
,
which represents the fraction to which the source data rate has
to be reduced in order to maintain a constant total (source and
channel) data rate. As soon as symbols, out of each group of
, are received, all lost symbols can be reconstructed. Thus, if
we expect to lose 5% of the packets, then we roughly choose
to be able to recover these lost packets. This
number increases to 0.99 if we expect a packet-loss rate of 1%.

Fig. 3.

Typical block of packets.

C. Packetization
In our study, we adapt a packetization method known as block
of packets (BOP) [37]–[39]. In this method, the data is placed in
horizontal streams and then FEC is applied on these streams vertically. The packets, however, are transmitted horizontally. Such
a method is most appropriate for packet networks where burst
errors are common [37], [38]. Fig. 3 is an example of a typical
RS code is used to protect the transmitted
BOP where an
bitstream.
Consider a scalable encoded bitstream that consists of four
levels as shown in Fig. 4. The importance of the levels varies.
The base mesh is the most important layer while batch 3 is the
least important part of the encoded bitstream. Notice that, in
this example, the size of the layers vary but we kept them fixed
for illustration purposes. In order to reflect the variation in the
levels’ importance, we need to design the RS codes such that
is more powthe RS code assigned for the base mesh
erful than the RS codes assigned to the other layers. Similarly,
the RS code assigned for the coarsest enhancement layer
is more powerful than the RS codes assigned to the finer en-

Fig. 4. Packetization example of a model encoded into a base mesh and three
enhancement layers.

hancement layers, i.e.,
and
. We mathematically
determine the RS code rates according to a statistical distortion
measure that we derive in the following section.
III. PROPOSED METHOD
The proposed UEP method is scalable with respect to both
source and channel characteristics. Given: 1) an -level progressively compressed 3-D model; 2) the total bit budget; and 3)
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Fig. 5. Detailed block diagram of an M -level CPM encoder.

the channel packet-loss rate (
), the proposed method calculates the optimal combination of: 1) the number of transmitted
), which corresponds to the number of translevels (
mitted triangles; 2) the geometry coordinates quantizer step size
( -bit); 3) the total number of channel coding bits ( ); and 4) the
distribution of these channel coding bits over the transmitted
, for
).2 In order to achieve this,
levels (i.e.,
we need to allocate the bit budget to both codes through a joint
source and channel coding method. In order to keep the total
bandwidth unchanged, we need to reduce the number of source
coding bits. As mentioned before, the number of source coding
bits can be reduced either by using coarser geometry quantizers
or by reducing the tessellation of the transmitted mesh. In this
section, we first discuss the importance of tessellation versus geometry precision. Then, we show how we jointly optimize the
above four parameters in order to maximize the expected decoded model quality. Afterward, we explain the statistical distortion measure that we developed to measure the expected dis).
tortion at the decoded model for a given packet-loss rate (
Finally, we present the solution of the optimization problem for
a given bit budget ( ).

Fig. 6. Estimated error (using the Hausdorff distance) between the transmitted
SMALL BUNNY model and the meshes decoded at different LODs. The model has
been compressed into 10 batches and the base mesh (i.e., M = 10).

decoding each batch and the transmitted mesh. As an objective metric, we used the Hausdorff distance, which estimates the
maximum distance between any two given sets of points and
and is given by
(1)
where

A. Tessellation Versus Quantization
The detailed block diagram of the CPM encoder is depicted
in Fig. 5. Notice that quantization is applied to the geometry
residuals resulting from a prediction algorithm.
In order to keep the total bit budget unchanged when FEC is
applied, the number of source coding bits needs to be reduced
by a percentage amount equivalent to the applied FEC code rate.
As shown in Fig. 5, the size of the encoded bitstream can be controlled by either changing the quantizer or reducing the number
of transmitted batches (or, equivalently, the number of transmitted triangles). Although both operations control the size of
the transmitted bitstream, they affect the decoded mesh quality
in different ways. In order to measure the effect of each of these
two size-reduction methods on the decoded mesh quality, we
fixed the number of batches and used a spectrum of quantizers
to encode the mesh. In each case, we decode all batches and
calculate the maximum error between the mesh resulting from
2We

refer to the set of C

’s as the vector

C

.

and
denotes the Euclidean distance [40]. To get an accurate
measure, we oversample all of the faces (i.e., triangles) of the
two meshes to produce and before calculating the Hausdorff distance.
The resulting curve from these calculations is the rate-distortion (R-D) curve that estimates the distortion as a function of
the number of received bits. Fig. 6 is a typical R-D curve that
depicts the distortion at the decoded mesh as a function of the
number of received bits. An R-D curve reflects the relative importance of the different parts of the encoded bitstream.
These R-D curves reflect two major facts. First, for a given
), a
bit budget to be spent on source coding only (i.e.,
coarsely quantized bitstream with more triangles is better than
a finer quantized bitstream with fewer triangles. For example, if
the progressively compressed TRICERATOPS model is to be transmitted with a bit budget of 40 000 b, then, according to Fig. 7(a),
we have the choice of sending: 1) nine batches of the 10-b quantized stream; 2) nine batches of the 8-b quantized stream; 3) 10
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Fig. 8. Final decoded TRICERATOPS models for four different quantizers.
(a) 8-b. (b) 5-b. (c) 2-b. (d) 4-b.

Fig. 7. R-D curves for the TRICERATOPS model that is compressed into 10
batches using different quantizers. The maximum error is measured using the
Hausdorff distance between overly sampled meshes. (a) R-D curves for the
quantizers 10, 8, 7, 6, and 5 b. (b) R-D curves for the quantizers 5, 4, 3, 2, and
1 b.

batches of the 7-b quantized stream; or 4) 10 batches of the 6-b
quantized stream. The best choice among these is the one that
gives the minimum distortion.3 In this particular example, the
best bitstream is the 6-b quantized one as shown in Fig. 7(a).
Notice that in this discussion we study the effect of only source
coding on the decoded model quality and, therefore, we assume
that the channel is error-free. We incorporate the channel effects
in the following section.
As another example, consider the case when the bit budget is
70 000 b. In this case, the best choice is to send 10 batches of
the 10-b quantized bitstream. Therefore, based on the examples
presented until now, we conclude that, for a given bit budget, the
best encoded bitstream4 is the coarsest-quantized one. In other
words, using a coarser quantizer allows us to add more triangles
than a finer quantizer for the same bit budget and hence tessellation is more important than the precision of the coordinates.
This is true, however, only for a certain range of quantizers. As
shown in Fig. 7(b), the performance of the 4-b quantizer is worse
3Notice that the Hausdorff distance measures the maximum distance between
two sets of points and, therefore, for two different encoding methods, the measured maximum distortion might be identical.
4The best in here is interpreted in terms of the Hausdorff distance.

)-bit quantizer
than that of the 5-b quantizer. Similarly, an (
1, 2, 3, 4 for the mesh
is worse than an -bit quantizer for
under consideration. Thus, if the bit budget is 18 000 b, then the
5-b quantized bitstream performs better than all coarser and all
finer quantized bitstreams in the Hausdorff distance sense. In
other words, when a very coarse quantizer is used, tessellation
will not improve the mesh quality. Thus, a second major conclusion from these R-D curves is that there exists a minimum
quantization precision to be used to quantize the geometry coordinates residuals. In this paper, we determine this quantizer
experimentally using R-D curves similar to the ones shown in
Fig. 7.
In summary, given a 3-D model and a source coding bit
budget, we need to follow the following steps in order to choose
the best combination of geometry precision and number of
transmitted batches.
• Determine the minimum quantizer after which tessellation
does not improve the mesh quality.
• Determine all encoded bitstreams that can meet the given
bit budget.
• Choose the coarsest quantized bitstream among these as
the optimum bitstream.
Fig. 7 depicts the R-D curves for the TRICERATOPS model when
-bit quantizers (where
) were used
and the number of batches ( ) is fixed to 10. For clarity, we
split R-D curves into two plots.
These claims are supported by subjective measures as shown
in Fig. 8. In these figures, the TRICERATOPS model has been progressively compressed into 10 batches, and each time a different
quantizer is applied to the geometry coordinates residuals. In
this figure, the final decoded model is shown when the 8-b, 5-b,
4-b, and 2-b quantizers are used. It can be seen from these figures that there is a significant drop in the decoded model quality
when quantizers coarser than 5 b are used. Such a coarsest usable quantizer depends on the model under consideration; for
most 3-D models we tested, this quantizer is found to have a
step size between 4 and 6 b.
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So far, we have not included the channel coding bits into
the bit budget. The next section combines FEC codes together
with the R-D curves in order to get the best combination of the
number of channel coding bits ( ), geometry coordinates precision ( -bit quantizer), and the number of transmitted batches
( ).
B. Joint Source and Channel Coding
Incorporating FEC codes within the analysis in Section III-A
leads to the optimal solution we are after. For convenience, we
restate the problem this paper addresses. Given a 3-D model and
a total bit budget ,5 determine an optimal combination of the
following parameters to maximize the expected decoded model
quality:
1) the geometry coordinates precision (i.e., what needs to
be for the -bit quntizer used in quantizing the geometry
coordinates prediction error);
2) the number of transmitted batches (i.e., ), which corresponds to the number of transmitted triangles;
3) the total number of channel coding bits (i.e., );
4) the vector of FEC codes to be applied on the transmitted
). In other
batches (i.e.,
words, the distribution of bits over the transmitted
batches.
In the previous section, we showed how to find the optimal
combination of the first two parameters (i.e., and ) for a given
number of source coding bits ( ). In order to incorporate and
to solve the above problem, we run a search algorithm that
finds the best combination of the first three parameters
as well as a local search algorithm that determines the fourth parameter ( ). At every step, we increase the number of channel
coding bits by a predetermined increment and we find the best
from R-D curves for the corresponding number of
pair
together with the
source coding bits ( ). Then, using
packet-loss rate (
), we search for the best distribution of the
bits over the transmitted batches.
For clarity, the main algorithm is highlighted in Fig. 9. As
shown in the figure, we used a distortion measure that estimates
the distortion introduced at the decoded model for a given
-bit quantizer,
batches, channel coding bits ( ) and the
). The result of optimizing this
channel packet-loss rate (
and
is an optimum
distortion measure with respect to
set of RS code rates to be applied on the transmitted levels, i.e.,
. The following two sections discuss this distortion
measure followed by the solution of the bit-allocation algorithm
for typical 3-D models.
C. Statistical Distortion Measure
All UEP methods regardless of their application area rely on
a distortion measure that quantifies the relative importance of
bits. Therefore, the success of our method naturally depends
on how accurately and effectively the proposed measure characterizes the distortion that is introduced when certain bits are

5B

consists of S bits for source coding and C bits for channel coding.

C

Fig. 9. Search algorithm for finding the best combination of l, L, C , and
.
= [C
;...;C
], where C
is the number of channel coding bits
dedicated to the j th layer of the encoded bitstream.

C

lost. In general, mesh distortion estimation depends on the decoding strategy. Because of the sensitivity of connectivity information within batches, the decoding process terminates whenever a connectivity packet is lost, and therefore all succeeding
packets are discarded.
Referring to Fig. 9, the developed distortion measure ( )
estimates the distortion at the decoded mesh for a given packet) when an -bit quantizer is used to quantize the
loss rate (
geometry coordinates residuals, batches are sent, and a total of
bits are dedicated for error protection. The local minimization
algorithm searches for the best6 distribution of the bits over
levels.
the transmitted
The expected distortion at the received mesh is the sum of
, where is the level index,
is the distorthe products
tion that would result when the decoding stops at level- , and
is the probability of having an irrecoverable packet loss at
level- . We compute
from the R-D curves. For simplicity,
we associate connectivity and geometry to the same distortion
level even though geometry is slightly less important than connectivity since losing geometry does not necessarily terminate
the decoding process.
, the probability of discontinuing the decoding operation at
level- , is a conditional probability. It is equal to the products of
the probabilities of correctly decoding all data before level- , but
not being able to decode level- . Mathematically, the expected
mesh distortion at the decoder can be written as shown in (2),
the bottom of the next page, where is the total number of
,
transmitted levels, which is limited to
is the number of encoded levels including the base mesh,
is
the probability of having irrecoverable packets in the th level,
is the error between the transmitted mesh and the mesh
and
).
produced by decoding the bitstream of level-(
In (2), can also be defined as the probability of losing more
packets in the th layer, since the RS code
than
6“Best” here is understood in terms of the derived distortion measure calculation.
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be the probability of having a gap greater
Similarly, let
packets. Then,
is given by
than
(5)

Fig. 10.

Furthermore, let
denote the probability of having
packet losses within the
packets following a lost
is given by
packet. Then,

G-E two-state Markovian channel model.

applied at this layer will recover from a fewer number of packet
losses. This quantity can be calculated in terms of the block error
density function as
(3)

where
denotes the block error density function, i.e., the
probability of losing packets within a block of packets.
So far, the only quantity in (2) that has not yet been calculated
, which depends
yet is the block error density function
on the channel model used. This computation is detailed in the
following section.
D. Determination of the Block Error Density Function
The bit error rate (BER) in (2) depends on the channel model
under consideration. The underlying processes that lead to
packet losses in networks are quite complex. However, even
a simple and analytically tractable Markov model with only
two states approximates the network packet loss behavior fairly
well for our purpose. This model is illustrated in Fig. 10. The
two-state Markovian Gilbert–Elliot (G-E) model has been
thoroughly investigated in the literature [38], [37]. Here, we
briefly restate the main results. Of particular interest within the
errors in
scope of this paper is the probability of having
symbols when an RS code defined over
with rate
is used. The G-E model possesses a characteristic distribution
of error-free intervals, which are also called gaps. To be precise,
packets between
the gap is defined as the interval of length
two consecutive erroneously received packets. Let
be the
probability of having a gap of received packets between two
is given by
lost packets. Then,
(4)
where
represents the transition probability from the bad
state to the good state while
represents the transition probability from the good state to the bad state.

Finally, the probability of losing
packets can be written as

(6)
packets within a block of

(7)
is the packet-loss rate.
where
Now, after estimating the quantities in (2), we move to solve
the main bit-allocation algorithm highlighted in Section III-B
to maximize the decoded model quality. This is detailed in the
following section.
E. Solving for an Optimal Bit Allocation
In this section, we solve the local optimization problem that
levels. Then, we
distributes bits over the transmitted
solve the global optimization problem, as illustrated in Fig. 9,
).
to determine ( , , , and
Equation (2) estimates the expected distortion introduced at
the decoded mesh in a statistical sense. Now, the objective is to
levels
optimally distribute bits among the transmitted
(i.e.,
) in order to minimize the distortion at
the decoded mesh. Intuitively, the base mesh is usually regarded
as the most important layer in the encoded bitstream, followed
by the coarsest level, and so on, up to the finest level. Therefore,
we expect the optimization process to allocate more error-protection bits to the base mesh and the first few coarse layers.
quantities, , in (2) and (3) must satisfy two conThe
ditions. First, the error protection bit budget is upper-bounded
by , the maximum number of available error protection bits.
cannot be greater than . Combining (2) together
Second,
with these two conditions results in a constrained optimization
problem given as follows:

(2)
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TABLE I
OPTIMIZATION SOLUTION FOR A SPECTRUM OF PACKET-LOSS RATES AND TWO
TOTAL BIT BUDGETS FOR THE TRICERATOPS MODEL.

Fig. 11. Expected distortion as a function of the channel coding bits for two
different total bit budgets and three packet-loss rates for the TRICERATOPS model.
(a) Total bit budget (B ) is 70 000 bits. (b) Total bit budget (B ) is 50 000 bits.

subject to
and
where
(8)
Replacing the local search algorithm in Fig. 9 with (2) and
(8) completes the setup for the search algorithm highlighted in
Section III-B. Now, we solve the global optimization algorithm
).
to find the optimum combination of ( , , , and
As an example, we solved the proposed optimum bit allocation algorithm for the TRICERATOPS model for two different bit
budgets and a spectrum of packet-loss rates. In Fig. 11(a), we
plot the estimated distortion ( ) as a function of the number
). In
of channel coding bits ( ) for three packet-loss rates (
these plots, the step size (see the algorithm in Fig. 9) is chosen
to be 1000 b. The total bit budget ( ) in this case is set to 70 000
b. As shown in this plot, when the channel is error-free (i.e.,
0%), the optimization algorithm dedicates zero bits to
channel coding. However, when the packet-loss rate increases
to 15%, the optimal number of channel coding bits is computed
to be 31 000 b. Similarly, when the channel is subject to severe
40%), is computed to be 53 000. Anpacket losses (
other noticeable feature of the curves in Fig. 11(a) is that after
a certain channel coding bit budget ( 50 000 b) all three curves
converge. At such high channel coding bits ( 70% of the total
bit budget), only the coarse batches of the 5-b quantized bit
stream are transmitted and there are enough channel coding bits
for error protection at the three packet-loss rates.

The optimum number of channel coding bits (
)
together with the optimal quantizer step size ( -bit), the optimal number batches to be sent (
), and the resulting
) are listed in Table I(a) for
minimum distortion (
the TRICERATOPS model when the total bit budget ( ) is set
to 70 000 b. As expected, at the high packet-loss rate, the
coarsest-quantized bitstream is used. When the packet-loss rate
increases, more channel coding bits will be assigned and hence
fewer batches will be sent from the 5-b quantized bitstream.
The same optimization problem has been solved for the
TRICERATOPS model when the total bit budget ( ) is 50 000
b. The resulting plot and table are shown in Fig. 11(b) and
Table I(b), respectively.
Another interesting observation of the bit-allocation solution
is the difference between the estimated distortions for the same
packet-loss rate but for different bit budgets. This difference is
depicted in Fig. 12 for three packet-loss rates. When the channel
is error-free, the difference between the two estimated distortions for the two bit budgets (50 000 and 70 000) is large. This
difference shrinks as the packet-loss rate increases as shown in
Fig. 12(b) and (c), respectively, especially at low channel coding
bits. This is anticipated with a low number of channel coding
bits and a high packet-loss rate, the transmitted data is subject
to high losses. Hence, the accuracy of the source coding bits
does not improve the decoded model quality.
Finally, Fig. 13 depicts the computed number of optimal
) as a function of the
channel coding bits (i.e.,
) for the cases when the total bit-budget
packet-loss rate (
( ) is 70 000 and 50 000 b, respectively. As shown at any
packet-loss rate, the channel coding bit budget of the former
case is higher than the latter. This is expected since in the
former case, more bits are available for both error protection
and source coding accuracy.
Now, the optimum parameters from the bit-allocation algorithm are used to send the encoded bitstream. In the following
section, we run simulations to compare our proposed UEP
method that uses the proposed bit-allocation algorithm with the
methods of EEP and NEP.
IV. EXPERIMENTAL RESULTS
To demonstrate the effectiveness of the proposed UEP algorithm, we used both subjective and objective methods of com-
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Fig. 13. The computed optimal channel coding bit budget (C
) for a
spectrum of packet-loss rates for the TRICERATOPS model. Two total bit budgets
are used: 70 000 and 50 000 b.

Fig. 12. Expected distortion as a function of the number of channel coding bits
for two different total bit budgets and three packet-loss rates for the TRICERATOPS
model. (a) P
= 0:00. (b) P = 0:10. (c) P = 0:40.

parison. In particular, we used the Hausdorff distance between
densely sampled points on the original (transmitted mesh) and
the decoded mesh as an objective comparison metric. In the following experiments, the total bit budget is assumed to be given.
For fair comparison between the three methods (i.e., NEP, EEP,
and UEP), the total number of bits is kept the same.
We applied the proposed UEP method on the TRICERATOPS
model. First we compressed it progressively using the CPM algorithm. In all experiments discussed in this section, the average
, is set to 5 and the RS packet size is set to 100
burst length,
).
(i.e.,
Fig. 14(a) depicts the maximum error between the transmitted
and the decoded meshes as a function of the packet-loss rate
) for the TRICERATOPS model. Three curves are shown for
(
the UEP, EEP, and NEP methods. The total bit budget is chosen

Fig. 14. Simulation results when UEP, EEP, and NEP methods are applied on
the TRICERATOPS model for two total bit budgets. (L = 5:0). (a) Total bit
budget (B ) is 70 000 b. (b) Total bit budget (B ) is 50 000 b.

to be 70 000 b. As can be seen from these curves, when the
channel is error-free, all three methods experience the same
distortion, which results primarily from quantization. However,
when the packet-loss rate increases, the proposed UEP method
shows a more graceful degradation compared to the other two
methods. An important observation from these curves is that
after a packet-loss rate of 20%, the experienced degradation for
any method does not change considerably. This is because at
such high packet-loss rates a major part of the connectivity as
well as geometry is lost and hence the decoded mesh is far from
the transmitted one in the Hausdorff distance sense. The parameters used in the UEP case are tabulated in Table I(a) for a set of
packet-loss rates. The corresponding subjective results are also
shown in Fig. 16. These results show that the proposed UEP
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Fig. 15. Simulation results when UEP methods is applied on the TRICERATOPS
model for two total bit budgets: 70 000 and 50 000 b. (L = 5:0).

Fig. 17.

Subjective results of applying NEP, EEP, and UEP methods on the
= 0:06.
= 0:06. (c) UEP P = 0:06. (d) NEP P = 0:10. (e) EEP
(b) EEP P
P
= 0:10. (f) UEP P = 0:10. (g) NEP P = 0:20. (h) EEP P =
= 0:40. (l)
0:20. (i) UEP P = 0:20. (j) NEP P = 0:40 (k) EEP P
UEP P
= 0:40.
TRICERATOPS model where the total bit budget is 50 000 b. (a) NEP P

Fig. 16.

Subjective results of applying NEP, EEP, and UEP methods on the
=
model where the total bit budget is 70 000 b. (a) NEP P
0:06. (b) EEP P = 0:06. (c) UEP P = 0:06. (d) NEP - P = 0:10.
(e) EEP - P
= 0:10. (f) UEP P
= 0:10. (g) NEP P
= 0:20. (h)
= 0:20. (i) UEP P
= 0:20. (j) NEP P
= 0:40. (k) EEP
EEP P
= 0:40. (l) UEP P = 0:40.
P
TRICERATOPS

method kept a considerable quality level of the decoded mesh
compared to both EEP and NEP.
The same experiments have been repeated on the same mesh
but with different total bit budgets. In this case, the total bit
budget was chosen to be 50 000 b. The resulting maximum error
curves for the three methods, UEP, EEP and NEP, are depicted
in Fig. 14(b). The corresponding subjective results are shown in
Fig. 17. The trend in these results is similar to the previous case
that used a total bit budget of 70 000 b. However, there is a difference in the distortion levels between the curves in Fig. 14(a)
and the ones in Fig. 14(b). Fig. 15 depicts this difference for

the UEP method. As shown, when the channel is error-free, the
UEP case with a total bit budget of 70 000 b performs better than
when the total bit budget is 50 000 b. This is expected since no
channel coding bits are used and hence all bits are utilized by
source coding. Thereafter, the former case uses more bits, which
corresponds to finer quantizers and results in less distortion at
the decoded mesh. As the channel packet-loss rate increases,
the UEP case with a total bit budget of 70 000 b continues to
outperform the case when the total bit budget is 50 000 b. Nevertheless, when the packet-loss rate increases considerably (i.e.,
larger than 40%), the two cases show very similar performance.
This is because, at such a high loss rate, all transmitted levels
are subject to high loss and increasing the bit budget by 20 000
b does not improve the decoded mesh quality.
V. CONCLUSION
In this paper, we proposed a bit-allocation algorithm that provides optimal source and channel code rates to maximize the
expected decoded model quality. We used this algorithm in our
proposed UEP method. The problem that is addressed can be
stated as follows. Given a 3-D model and a total bit budget ,
determine an optimal combination of the following parameters
to maximize the decoded mesh quality:
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1) The precision of the geometry coordinates (i.e., ).
2) The number of transmitted batches (i.e., ), which also
defines to the number of transmitted triangles.
3) The total number of channel coding bits (i.e., ).
4) The vector of FEC codes to be applied on the transmitted
).
batch (i.e.,
In order to quantify the distortion introduced at the decoded
mesh for any given set of the aforementioned parameters, we
developed a statistical distortion measure. Then, we optimize
this distortion measure to estimate the optimal combination
of these parameters. The resulting UEP solution provides
a graceful degradation in the decoded mesh quality as the
packet-loss rate increases. In the following, we will comment
on a few features of the proposed 3-D mesh transmission
system.
• The applicability of the proposed UEP method does not
depend on a particular 3-D mesh compression algorithm,
although we used CPM in this paper. It is applicable wherever the proposed statistical distortion measure is calculable. Thus, the proposed framework can be used with
other progressive 3-D mesh compression methods as well.
• The applicability of the proposed UEP method does not
depend on a particular channel model, although we used
the G-E model in this paper. The block error density function can be calculated for any channel model.
• The proposed 3-D mesh transmission system is more complicated than a standard system with no error protection
since, for every 3-D model to be transmitted, we have to
run the optimization algorithm highlighted in Fig. 9. However, this increase in complexity can be justified (for some
applications) by the increase in the decoded mesh quality
as illustrated by the experimental results. Furthermore,
these preprocessing operations can be performed off-line,
tabulated in look-up tables, and stored along with the 3-D
graphics data. Also, in this paper, we determined the relation between quantization and tessellation using the R-D
curves. The authors are currently working on developing
a more efficient ways of producing these R-D curves.
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