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BAT EX 3: Bit-Allocation for Progressive
Transmission of Textured 3D Models
Dihong Tian, Member, IEEE and Ghassan AlRegib, Member, IEEE

Abstract— The efficient progressive transmission of a textured
3D model, which has a texture image mapped on a geometric
mesh, requires careful organization of the bitstream to quickly
present high-resolution visualization on the user’s screen. Bitrates for the mesh and the texture need to be properly balanced
so that the decoded model has the best visual fidelity during
transmission. This problem is addressed in the paper, and a
bit-allocation framework is proposed. In particular, the relative
importance of the mesh geometry and the texture image on visual
fidelity is estimated using a fast quality measure (FQM). Optimal
bit distribution between the mesh and the texture is then computed under the criterion of maximizing the quality measured by
FQM. Both the quality measure and the bit-allocation algorithm
are designed with low computation complexity. Empirical studies
show that not only the bit-allocation framework maximizes the
receiving quality of the textured 3D model, but also it does not
require 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.
Index Terms— Three-dimensional (3D) graphics, progressive
compression, visual fidelity, optimization, bit allocation, multimedia streaming.

I. I NTRODUCTION
Texture mapping [1]–[3] is commonly used in 3D graphics
applications, where a geometric surface is parameterized in
one-to-one correspondence with a parameter space such as
a 2D image. Texture maps add realism to 3D models, and
they are most effective when desired surface details are
expensive to achieve by solely using geometry. Due to the
large dimensions of data, compression is usually applied when
the model is transmitted or stored in a bit-rate constrained
environment. For textured 3D models, two components that
are different in nature need to be compressed: the mesh and
the texture. Mesh compression has been investigated in the
literature, and many algorithms have been proposed. While
single resolution compression such as [4], [5] can significantly
reduce the number of bits representing a model, it is often
desired to transmit 3D data in a progressive fashion [6]–
[10]. A progressive encoder produces a coarse representation
of the model first and then a sequence of refinement layers
that gradually increase the model fidelity. Similarly, multiresolution compression methods have also been employed for
coding 2D texture images, among which wavelet transforms
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and zerotree coders [11]–[13] are well-known image coding
algorithms.
In the progressive mesh and texture compression methods,
respectively, two parameters affect the visual fidelity of the
multi-resolution representations: geometric inaccuracy in the
mesh compression and image error in the texture case. When
a simplified mesh surface is parameterized with a resolutionreduced texture, however, there is no simple way to fully
describe the distortion of the approximated textured model.
In general, the geometric inaccuracy of the mesh may either
be masked or be highlighted after texture mapping. As a result,
when the coded bits of the two components are multiplexed
into a hybrid bitstream, the inter-effect of the geometry and
texture resolution on the resulting quality of the textured model
needs to be taken into account. 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 does not
generally 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 at the client. To achieve
time efficiency in the multiplexed bitstream, it is vital for the
server to properly distribute source bits between the mesh and
the texture so that progressively decoding received portions
of the bitstream maintains the visual quality of the textured
model at a maximal level.
To provide a solution to this problem, a bit-allocation
framework is proposed in the paper. For a textured 3D
model, progressive compression is first performed to generate
multi-resolution representations for the mesh and the texture,
respectively. Then, under a computational fidelity measure,
transmitted data units are organized so that at the receiving
end, 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.
Apparently, an essential aspect of the bit-allocation framework is to effectively and efficiently predict 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 [14]–[16], which
calculates the peak signal-to-noise ratio (PSNR) of the rendered image. In contrast to the traditional screen-space error,
we recently proposed a fast quality measure (FQM) [17] 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 logarithmic errors
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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
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 the quality difference of multi-resolution textured
models.
In this paper, we generalize the fast quality measure and
utilize it to develop a bit-allocation algorithm for efficiently
streaming textured 3D models with multi-resolutions. The
algorithm divides the streaming application into two stages. In
the first stage, the algorithm selects a pair of mesh and texture
resolutions 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 the visual fidelity of the displayed model
at each instant when a data unit is received and decoded. In
the paper, these two stages are referred to as the streamed
mode and the retained mode, respectively. We study both
optimal algorithms and fast heuristics that provide optimal or
near-optimal solutions with linear-time computation. Analysis
with experimental results shows that not only the bit-allocation
algorithm maximizes the receiving quality of the textured 3D
model, but also it can avoid 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 paper is organized as follows. In the following section, we briefly summarize the relevant background
in joint mesh and texture optimization. In Section III, we
study in detail the major aspects of the proposed bit-allocation
framework. In Section IV, we empirically investigate the
effectiveness and efficiency of the algorithms in different
transmission modes, and present both objective and subjective
results. Section V concludes the paper and summarizes future
work.
II. BACKGROUND
A. Progressive Compression of Textured 3D Models
Many algorithms have been proposed in the literature to
compress 3D meshes [6]–[10] and 2D images [11]–[13], [18],
respectively, using multi-resolution techniques. For textured
3D models, one of the challenges in progressive compression
is to preserve the appearance attributes while constructing
multi-resolution hierarchies for both the mesh and texture.
In [19], Garland et al. proposed to use quadric error metrics
to handle vertex attributes. An improved quadric error metric
was presented by Hoppe [20]. In [21], Cohen et al. proposed
the texture deviation 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 [6] as the maximum

distance in the geometric space from points on the simplified
mesh to their correspondents on the input surface, which have
the same parametric locations in the texture domain.
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 adopt the compressed progressive mesh (CPM) scheme
proposed by Pajarola and Rossignac in [10] for progressive
compression of the 3D mesh while integrating the texture
deviation metric [21] for 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 edge-collapses using vertex prediction
followed by entropy coding of the prediction error. For the
texture, we limit our discussion on 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) [12]
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, and the proposed bitallocation framework is applicable to other progressive mesh
and texture compression methods with minor modifications.
B. Measuring Visual Fidelity
The aforementioned error metrics, i.e., the quadric error
and the texture deviation, provide fast approximations on the
resulting difference of the mesh surface from an edge-collapse
operation, according to which all edges are sorted and are
collapsed sequentially. More essentially, a distortion measure
is desired to reflect the visual fidelity of the simplified model
in a rendering space. In contrast to the peak signal-to-noise
ratio (PSNR) that is widely used in 2D imageries, measuring
visual fidelity of 3D surfaces is relatively complex. A study
of techniques for measuring and predicting visual fidelity of
3D surfaces was conducted by Watson et al. in [22], where
they examined experimental (subjective) techniques as well
as several automatic (computational) techniques including the
Metro tool [23] and the mean square image error (MSE).
Both Metro and MSE were evaluated successful predictors of
visual fidelity as judged by human ratings and naming times1 .
However, the experimental study in [22] was performed on
models with geometry only.
Measuring visual fidelity becomes more difficult when
textures are mapped to 3D meshes as geometric inaccuracy
of the mesh may either be masked or be highlighted after
texture mapping. The screen-space error (SSE) is traditionally
used in the literature [14]–[16], which calculates the mean
squared error of the image captured from the rendering space.
Because a single image cannot capture the entire appearance
of a 3D object, Lindstrom et al. in [15] proposed to take virtual
snapshots of the model from a number of different viewpoints
around the object and combine the image differences into a
1 Human ratings and naming times are two subjective measures widely used
in the experimental sciences of visual fidelity.
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single error measure. In particular, given two sets of images,
Y = {Yk } and Y ′ = {Yk′ }, k = 1, ..., K, with resolution
M × N pixels, which correspond to snapshots taken for two
compared models respectively, the mean squared difference
between these two sets of images is computed by
σ 2 (Y, Y ′ ) =

K M N
1 XXX
′
(yijk − yijk
)2 .
KM N
j=1 i=1

(1)

k=1

The SSE evaluation is usually denoted using the peak signalto-noise ratio (PSNR):
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PSNR = 10 log10
.
(2)
σ2
To ensure even coverage of image samples, the viewpoints
need to be arranged to approximate 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 the small rhombicuboctahedron [15],
which is a uniform polyhedron with 24 vertices. Unless otherwise noted, the computation of SSE in this paper will refer to
the definition in (1) and the small rhombicuboctahedron, with
a resolution of 512 × 512 pixels for images captured in the
screen space.
When both the mesh and texture have multiple resolutions
and each pair of the resolutions presents an approximated
textured model, calculating SSE for all the combinations
becomes a computationally demanding task as it requires a
large number of rendering operations. Besides, it is noticed in
our experiments that SSE may not reflect the visual fidelity
properly when substituting coarse mesh geometry with multiresolution texture images. We proposed in [17] a fast quality
measure, referred to as FQM, to estimate the visual fidelity
of simplified textured models. In this paper, FQM is further
investigated in comparison with SSE under the bit-allocation
framework. The details are presented in Section III.
C. Joint Mesh and Texture Optimization
Joint consideration of the geometry and the texture is
necessary when transmitting a textured model in a resource
constrained environment [14], [16], [24]–[26]. Although viewdependent texture coding (e.g., [27]) based on the MPEG4 [18] visual texture coding (VTC) tool partially alleviates the
resource constraint, a more scalable bit-allocation framework
is desired by exploring the effects of both geometry and
texture on the resulting model fidelity. To the best of our
knowledge, the most closely related effort that addressed
this challenge is that of Balmelli [14], where he studied
joint mesh and texture compression for terrain models. Both
geometry 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 a pioneering work, it is limited to the terrain which
is a specific type of 3D models. Also, computing SSE for
all rendered images is costly and has singularities as shown
in [17]. The recent research presented in [16] is a generalized
scheme of [14], dealing with generic 3D models. In doing
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 uniform
polyhedrons with fixed numbers of vertices such as the small
rhombicuboctahedron. Although the singularities of using SSE
in evaluating multi-resolution textured models is also noted
in [16], no solutions are presented.
In contrast to the aforementioned research, we present in
this paper a bit-allocation framework using the fast quality
measure (FQM). The singularities in SSE are eliminated and
a convex rate-distortion surface is generated, which facilitates
the design of an algorithm with linear-time computational
complexity. We address respectively two stages in progressive
transmission, i.e., the streamed mode and the retained mode,
as introduced in Section I. Error resiliency in the multiplexed
bitstream is also taken into account, which is important for a
transmission system to be robust to random bit errors.

III. T HE B IT-A LLOCATION F RAMEWORK
In this section, we study in detail the major aspects of
the bit-allocation framework. We assume that for a given
model, a number of levels-of-details, {Mi }i=0...n , have been
generated for the 3D mesh, where the resolution decreases
from the original surface M0 to the base mesh Mn as the
subscript increases. Generated along with {Mi }i=0...n are n
enhancement layers, which encode vertex-split operations [6]
and sequentially refine the resolution of mesh Mi to higher
level-of-detail Mi−1 until the full resolution M0 is reached.
Likewise, a family of texture images with varying resolutions, denoted by {Tj }j=0...m , have also been generated
using the SPIHT algorithm. Each mesh and texture pair,
(Mi , Tj )[0,0]≤(i,j)≤[n,m] presents an approximated representation of the original textured 3D model with certain fidelity
degradation.
Figure 1 presents an illustration on the bit-allocation framework in transmitting a progressively encoded model. At the
first stage (the streamed mode), the user subscribing to the
application desires to quickly display the model in a limited
time frame. In a bit-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 and finds the
optimal pair, (Mk , Tl )opt , that has the best fidelity while
the bit-rate satisfies the bit-budget constraint. After sending
(Mk , Tl )opt for initial display, enhancement data (χG , χT ) that
respectively transfer (Mk , Tl ) to their full resolutions (M0 , T0 )
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.
To further discuss the framework, we consider the streamed
mode as an example. According to the above description, the
rate-distortion framework for this problem can be mathematically stated as follows: give a bit budget, C, and a quality
measure, Q, the best representation of the model obtained
in the set of meshes, {Mi }i=0...n , and the set of textures,
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Fig. 1. Illustration on the bit-allocation framework. Please note that the streamed mode and the retained mode deal with different data sets, where
(Mi , Tj )[0,0]≤(i,j)≤[n,m] are generated levels-of-details while (χG , χT ) generally denote the enhancement data that transfers a certain level-of-detail to the
full resolution.

{Tj }j=0...m , is given by
(Mk , Tl )opt =

arg max

Q(Mi , Tj ),

(3)

(i,j):RG (Mi )+RT (Tj )≤C

where RG (Mi ) and RT (Tj ) denote the bit-rates of the compressed mesh Mi and texture Tj , respectively; Q(Mi , Tj ) is
the measured quality when mapping texture Tj onto mesh Mi .
The solution of (3) can be obtained by 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 of the quality
measure. Therefore, using SSE as the quality measure will
make the process computationally expensive as it requires a
number of rendering operations for calculating Q(Mi , Tj ) 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 a
total number of 24 × 40 × 30 = 28, 800 rendering operations2.
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 confirmed
working successfully in evaluating visual fidelity [22]. 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 2 shows
an example, where we generate a simplified mesh for the
M AP -S PHERE model and then map it with several texture
images with different resolutions, represented by the number
of bits per pixel (bpp). As can be seen in Figures 2(b-d), the
model with a higher resolution texture (higher bit-rate) has
lower PSNR value than the model with the same geometry
but a lower resolution texture (lower bit-rate), even though the
former apparently has better visual fidelity than the latter. This
2 On a computer with 1.7 GHz Pentium IV CPU, 512 MB RAM, and
NVIDIA VantaTM graphics processor, performing this number of rendering
operations consumes roughly 30 minutes for the M AP -S PHERE model (39,600
faces, 512 × 512-pixels texture), excluding the time of file loading and API
call initialization.

observation shows the existing inaccuracy of using SSE as the
fidelity measure for jointly simplified textured models3 . To
ensure that proper solutions are obtained in (3), a meaningful
while more efficient quality measure is crucial.

(a) 39600 faces, 24 bpp

(b) 1264 faces, 1.0 bpp

Original

PSNR = 25.82 dB, FQM = 0.73

(c) 1264 faces, 0.3 bpp

(d) 1264 faces, 0.1 bpp

PSNR = 25.97 dB, FQM = 0.62

PSNR = 26.10 dB, FQM = 0.44

Fig. 2. An example where SSE fails to capture visual fidelity of simplified
textured models. For comparison, quality measures given by the fast quality
measure (FQM) (described in Section III-A) are also presented.

A. The Fast Quality Measure
We recently proposed a fast quality measure (FQM) in [17]
to estimate visual fidelity of jointly simplified textured 3D
3 Such singularity of SSE is typically observed when the mesh is simplified
considerably. Due to texture mapping, the significant change of the mesh
geometry may cause pixel deviation in the screen space. Consequently,
mapping a higher-resolution texture to such a mesh surface may result in
higher SSE evaluation than a lower-resolution texture.
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models. In this work, we generalize FQM and utilize it to
develop the bit-allocation framework. In our experimental
study presented in Section IV, the efficacy of FQM will be
further investigated along with the proposed algorithms.
In particular, the quality (Q) of a model with texture Tj
mapped on mesh Mi is defined as
Q(Mi , Tj ) = λQG (Mi ) + (1 − λ)QT (Tj )

(4)

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 (Mi ) = norm[log10 (1 −

MSEG (Mi )
)], i ∈ [0, n], (5)
L2

and
QT (Tj ) = norm[log10 (1 −

MSET (Tj )
)], j ∈ [0, m]. (6)
2552

L in (5) is the diagonal of the bounding box of the mesh.
Function norm[·] is defined as a normalization operator which
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 (M0 ) = QT (T0 ) = 1,
and their coarsest versions have quality rated as QG (Mn ) =
QT (Tm ) = 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
squared errors measured in the geometric and texture domains,
respectively4. More explicitly, MSET is the mean squared
pixel error between the simplified and the full-resolution
texture images, calculated using SPIHT [12]. For MSEG , the
Metro tool [23] can be employed to compute the mean squared
surface distance between two meshes. For fast computation,
however, in our implementation we compute MSEG using the
mean squared 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. Empirically, it is observed that MSD provides close measurements to MetroMSE
in a normalized scale, as demonstrated in Figure 3.
Equations (5) and (6) 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 (4) 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 Equation (4) returns to be
Q(λ=1) = QG and Q(λ=0) = QT , respectively. These results
are meaningful since both MSEG and MSET are successful
measures of visual fidelity in their respective domains [22].
4 For differentiation, in the rest of the paper we specifically use MSE
T
to refer to the mean squared image error measured in the texture domain,
while using SSE to denote the mean squared error computed for the displayed
models in the rendering space.

Fig. 3. Mean square texture deviation (MSD) generates a close rate-distortion
curve with mean square surface distance measured by Metro (MetroMSE) in
normalized scales. The plots are generated for the M ANDRILL model using
parameters specified in Section IV.

It is natural to expect the equalization factor for a particular
model to be strongly dependent on the characteristics of
the model. Such characteristics may include the spatial and
spectral distribution of the texture image, the tessellation of
the triangular mesh, and the masking effect of substituting
the texture for the surface, etc. In general, the equalization
factor may have variation for different pairs of mesh and texture resolutions. Unfortunately, finding the distribution of the
equalization factor that fully describes all the possibilities will
be computationally exhaustive. To explore a computationally
efficient method, in this work, we predict the equalization
factor as a constant based on sampled errors in the screen
space. We carefully select the sampling points such that a
reliable estimate is obtained, and we confirm the effectiveness
of the resulting quality measure and bit-allocation solutions
through experimental studies.
In doing so, we take partial derivatives of (4) to get
λ=

∂Q
∂Q ∂QG
=
/
,
∂QG
∂RG ∂RG

and
(1 − λ) =

∂Q
∂Q ∂QT
=
/
,
∂QT
∂RT ∂RT

(7)

(8)

where RG and RT are the bit-rates of the mesh and texture,
respectively. QG , RG and QT , RT are measured quantities in
mesh and texture simplification processes. Combining (7) and
(8) into a single equation, we obtain
λ
ρG
ρG
=
⇒λ=
,
1−λ
ρT
ρG + ρT

(9)

where
ρG ,

∂Q ∂QG
∂Q ∂QT
/
, and ρT ,
/
.
∂RG ∂RG
∂RT ∂RT

Based on (7)-(9), 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 meaningfully quantified quality difference between
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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. The upperleft plot in Figure 4 is a demonstration of this selection
conducted in (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

for the measured mean squared errors and again normalize
the results so that Pn,m = 0 for the coarsest representation,
(Mn , Tm ), and consequently, P0,0 = 1 for the full resolution model, (M0 , T0 ). Denoting the corresponding results for
(Mk , Tl ), (Mk+1 , Tl ), and (Mk , Tl+1 ) by Pk,l , Pk+1,l , and
Pk,l+1 , respectively, we estimate ∂Q in (7) and (8) by

∆QG (k) = QG (k) − QG (k+1) , ∆RG (k) = RG (k) − RG (k+1) .

Using (9), the equalization factor, λ, is finally computed by

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 )
(the upper-right plot in Figure 4), 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 de∆QG
∆QT
sire to attain well bounded numerical values of ∆R
and ∆R
G
T
for the denominators of the right hand sides in (7) and (8),
hence minimizing potential arithmetic error in computation. In
addition, according to our observation, rendering thus selected
textured models avoids encountering singularities and provides
meaningful measurements of the screen-space error, which
lead to a successful and reliable estimate of the equalization
factor.
Geometric domain

Texture domain

∆Q′ = Pk,l − Pk+1,l , and ∆Q′′ = Pk,l − Pk,l+1 .

λ=

∆Q′ /∆QG (k)
∆Q′ /∆QG (k) + ∆Q′′ /∆QT (l)

.

(11)

Note that ∆RG (k) and ∆RT (l) have been cancelled in (11)
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 Section IV, we choose to render two more pairs,
(Mk−1 , Tl ) and (Mk , Tl−1 ), and follow the computation but
using (Mk−1 , Tl ), (Mk , Tl−1 ) together with (Mk , Tl ) and
(Mn , Tm ). We then take the average as the final estimate
of λ. Combining (4) with (11) gives the complete expression of the predicted visual fidelity for a simplified textured
model. Clearly, FQM is computationally efficient as only few
measurements are required in the screen space. In addition,
experimental results confirm that FQM properly captures the
visual fidelity of jointly simplified models, although it is not
a rigorously proven metric.
B. The Boundary Search Algorithm

Rendering space
M k +1

Mk

Tl

Tl +1

Fig. 4. Illustration on estimating the equalization factor λ. (Mk , Mk+1 )
and (Tl , Tl+1 ) are selected turning points on the (RG , QG ) and (RT , QT )
curves, respectively, which construct lines that have a 45◦ -angle with the xaxis. The selected pairs are rendered in the screen space for estimating the
equalization factor λ.

Assume we have selected Mk , Mk+1 and Tl , Tl+1 on respective curves. Three pairs of mesh and texture resolutions,
(Mk , Tl ), (Mk+1 , Tl ), and (Mk , Tl+1 ), as well as the coarsest
representation, (Mn , Tm ), are then rendered in the screen
space and their errors are measured respectively. The corre2
2
sponding numerical results are represented by σk,l
, σk+1,l
,
2
2
σk,l+1 , and σn,m . All the quantities are computed in the screen
space following Equation (1).
We then define
P = log10 (1 −

σ2
)
2552

(10)

Given the quality measure Q, the solution to (3) can be
obtained by 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 [14] 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 smaller increase
of distortion, and the process is repeated until the bit-rate
satisfies the constraint.
The marginal analysis gains linear computational complexity at the price of providing suboptimal solutions. Nevertheless, it is noted that the quality function defined in (4) 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
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exhaustive search over the space of solutions, optimal bitallocation solutions can be found on the boundary of the
feasible region, namely,
(Mk , Tl )opt =

arg max

Q(Mi , Tj ),

(12)

(i,j):(Mi ,Tj )∈BC

where BC denotes the boundary of the feasible region determined by the bit budget C. It is not difficult to see that
finding the boundary of the feasible region has a computational
complexity of O(n + m), and |BC | = min(n, m). Therefore
the overall complexity of (12) remains linear with respect to
the decoupled dimensions of the solution space.

For each decoding opportunity, finding the optimal bitallocation solution of (13) has a similar formulation as (12)
while the solution space is constructed by all possible combinations 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 problem 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
experimental study presented in Section IV, 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 quality 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 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 bitboundary information is important. While error protection bits
can be added to provide error resiliency for the data unit,
it introduces additional bandwidth 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
alternate method to achieve better error resiliency, we consider
in this paper 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),
(14)
(i+1)
(i+1)
(i)
(i)
(χG , χT
) = (χG , χT ) + (∆χG , ∆χT )λ ,

C. 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 1, 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 considered as a
constant parameter in a certain environment.
(i)
(i)
Let (χG , χT ) (i ≥ 0) denote the data bits that have
been decoded by the client for the mesh and the texture,
(0)
(0)
respectively, after i-th refinement. Specifically, (χG , χT )
represents the initial model that has been viewed by the client
before the retaining process begins, which may be the lowestresolution version of the model or a pair of mesh and texture
resolutions determined in the streamed mode. Assuming that
This simple heuristic is referred to as the λ-based bitthe size of MDU is K bits, the bit-allocation solution for
allocation (λ-BA) algorithm hereafter.
(i + 1)-th refinement level is given by
Using the λ-BA algorithm avoids sending bit boundaries in

(i)
(∆χG , ∆χT )opt = arg max Q(χ(i)
+
∆χ
,
χ
+
∆χ
),
every
transmitted data unit, making the retaining process more
G
T
G
T
∆χG +∆χT ≤K
robust
to random bit errors occurred during transmission. In
(i)
(i)
 (i+1) (i+1)
(χG , χT
) = (χG , χT ) + (∆χG , ∆χT )opt ,
addition, experimental results presented in Section IV show
(13) that the λ-BA algorithm performs closely with MxQ-BA
where Q is the FQM function and λ is the equalization factor given a good estimate on the equalization factor. Therefore
associated with a particular model. (∆χG , ∆χT )opt denote the it provides a good alternate to the optimal algorithm in the
numbers of bits for the mesh and the texture, respectively, situations where error resiliency is of importance.
according to which a new data unit will be packetized for
(0)
(0)
next transmission. Starting from (χG , χT ), the computation
IV. E XPERIMENTAL R ESULTS
in (13) is repeated until all the enhancement data is transmitted
In this section, we present experimental results for the
or the retaining process is terminated by the client. The
algorithm presented by (13) is referred to as the maximum proposed bit-allocation framework, which are organized in
three subsections. In the first subsection, we demonstrate
quality bit-allocation (MxQ-BA) algorithm hereafter.
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the effectiveness of FQM in capturing the visual fidelity of
textured 3D models with the predicted equalization factor. In
the following subsections, we provide various results to show
the efficacy of the bit-allocation algorithms, for the streamed
mode and the retained mode, respectively.
Several test models are used, as listed in Table I. In Table I,
Tf ull 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 M ANDRILL, which has
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 decoded images have meaningful variation of visual
fidelity (15-50 dB in PSNR).
TABLE I
T HE MODELS USED IN THE EXPERIMENTS .
Model name
M AP -S PHERE
M ARBLE -BALL
M ANDRILL
Z EBRA
S ALAMANDER

Tf ull
39,600

Mesh
Tbase
784

n
40

25,644
58,494
71,254

1176
1050
1934

30
40
40

(a) M AP texture

Texture
coding rate
0.05-1.0
0.05-1.0
0.05-1.0
0.01-0.4
0.01-0.2

λ
m
20
20
20
30
30

0.5269
0.9127
0.3977
0.6276
0.8990

(b) M ARBLE texture

texture conveys more appearance detail of the model than the
M ARBLE image.
Figure 6 presents sampled mesh and texture pairs of the
above two models, where for each model the number of
bits per pixel indicates the resolution of the texture while
the number of faces shows the resolution of the mesh. The
FQM measures are calculated using (4) with the corresponding
values of λ. Figure 6(a-d) and Figure 6(e-h) have the same
four pairs of mesh and texture resolutions, but are ordered
differently according to the estimated visual fidelity. Please
note that, from Figure 6(a) to Figure 6(d), the visual quality
of the models drops as the texture resolution decreases. In
contrast, in Figure 6(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 7(a), we plot for the M AP -S PHERE model the
measured quality of different mesh and texture pairs with
respect to their joint bit-rate. Each thin curve in the plot
represents a constant texture bit-rate/resolution with increasing mesh bit-rate/resolution. One can observe in Figure 7(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 2, where
SSE fails in reflecting the perceptual fidelity when mapping
textures with different resolutions to highly simplified geometry. Marked accordingly in Figure 7(a) are the corresponding
quality measures for the models shown in Figure 2(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 7(b).
The X- and Y-axes in Figure 7(b) denote the bit-rates for the
mesh and the texture, respectively. As discussed in Section III,
such convex property guarantees that optimal bit-allocation
solutions can be found in linear time.

Fig. 5. The texture images used for the M AP -S PHERE and the M ARBLE BALL models.
1

0.8

1

Q = 0.6170
(Fig. 2c)

0.8

0.6

0.6

Q = 0.7263 (Fig. 2b)

Q

FQM

A. The Equalization Factor
In Tabel I, the M ARBLE -BALL model has the same mesh
geometry as the M AP -S PHERE model, which has been shown
in Figure 2, while they have different textures as shown
in Figure 5. 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 M AP -S PHERE
whereas λ is close to 1.0 for M ARBLE -BALL. These results
imply that with the given 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 M ARBLE -BALL will be mostly resulted from
the mesh error. Subjectively, such difference can be confirmed
by visually comparing the two textures in Figure 5: the M AP

0.4

0.4
0.2

Q = 0.4380 (Fig. 2d)
0
40

0.2
λ = 0.5269
0
0

40

30

30
20

20
40
60
Joint mesh and texture bitrate (KB)

(a)

80

RG (KB)

20
10

10
0

0

R (KB)
T

(b)

Fig. 7. Rate-quality curve and surface for the M AP -S PHERE model. The
dashed (red) curve in (a) plots the convex hull of the rate-quality curve.

B. The Streamed Mode
In the rate-quality plot shown in Figure 7(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
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4804 faces, 0.30 bits/pixel

7328 faces, 0.20 bits/pixel

2088 faces, 0.15 bits/pixel

3744 faces, 0.05 bits/pixel

Q = 0.8094

Q = 0.7683

Q = 0.5987

Q = 0.4664

(a)

(b)

(c)

(d)

7328 faces, 0.20 bits/pixel

4804 faces, 0.30 bits/pixel

3744 faces, 0.05 bits/pixel

2088 faces, 0.15 bits/pixel

Q = 0.9186
(e)

Q = 0.8960
(f)

Q = 0.8079
(g)

Q = 0.7021
(h)

Fig. 6. Rendered results of the M AP -S PHERE (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.

have been generated for the other models using the estimated
equalization factors (as listed in Table I), 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 (12).
For example, in Figure 8 we present the rate-quality curve
for the M ANDRILL model and under a 25 KB bit budget,
several sampled results are provided for comparison. The point
associated with Figure 8(b) is on the envelope of Figure 8(a),
meaning that given a bit budget of 25KB, it provides the
best approximation of the M ANDRILL model among all the
generated resolutions.
For another demonstration, several bit budgets ranging from
8 KB to 40 KB are imposed on the Z EBRA model, and the
optimal results found on the envelope of the rate-quality curve
(Figure 9[a]) are captured in Figures 9(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 bitrate constraint. Again, the quality measures properly reflect
the degradation of visual fidelity.
In Table II, we present a comparative study on the boundary
search algorithm with the marginal analysis using the data
sets of the M ANDRILL and Z EBRA 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 II
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 M ANDRILL case.
TABLE II
C OMPARISON OF BOUNDARY SEARCH AND MARGINAL ANALYSIS
( BIT- ALLOCATION RATIOS ARE LISTED IN THE PARENTHESES )

C (KB)
8
10
12
14
16
20
24
28
32
36

0.2051
0.3035
0.3887
0.4649
0.5168
0.5986
0.6630
0.7048
0.7465
0.7746

C (KB)
8
10
12
14
16
20
28
32
36
40

0.3276
0.4459
0.5395
0.6030
0.6595
0.7281
0.8215
0.8480
0.8713
0.8922

M ANDRILL
QB
(80%, 20%)
(67%, 33%)
(59%, 41%)
(54%, 46%)
(60%, 40%)
(44%, 56%)
(40%, 60%)
(42%, 58%)
(40%, 60%)
(42%, 58%)
Z EBRA
QB
(67%, 33%)
(73%, 27%)
(66%, 34%)
(71%, 29%)
(66%, 34%)
(60%, 40%)
(67%, 33%)
(71%, 29%)
(63%, 37%)
(67%, 33%)

0.0984
0.2222
0.2614
0.3458
0.3720
0.5140
0.6304
0.6989
0.7366
0.7681

QM
(52%,
(35%,
(31%,
(29%,
(26%,
(27%,
(36%,
(35%,
(34%,
(36%,

48%)
65%)
69%)
71%)
74%)
73%)
64%)
65%)
66%)
64%)

0.2092
0.3605
0.5258
0.5991
0.6425
0.7281
0.8078
0.8480
0.8690
0.8880

QM
(49%,
(55%,
(56%,
(61%,
(58%,
(60%,
(70%,
(71%,
(70%,
(73%,

51%)
45%)
44%)
39%)
42%)
40%)
30%)
29%)
30%)
27%)

1

1

0.9

0.9

0.8

0.8

0.7

0.7

0.6

0.6

Q

Q

10

0.5

0.5

0.4

0.4

0.3

0.3
0.2

0.2

0
0

10

20

30

40

50

60

0
0

70

20

40

60

80

100

120

140

Joint mesh and texture bitrate (KB)

Joint mesh and texture bitrate (KB)

(a) Rate-quality curve

λ = 0.6272

0.1

λ = 0.3977

0.1

25644 faces, 24 bits/pixel

(a) Rate-quality curve

58494 faces, 24 bits/pixel

11806 faces, 0.09 bits/pixel
(RG , RT ) = (20.40, 9.18) KB

3370 faces, 0.04 bits/pixel
(RG , RT ) = (9.64, 5.24) KB

Q = 0.8355

Q = 0.6410

(b)

(c)

5132 faces, 0.45 bits/pixel

8820 faces, 0.25 bits/pixel

(RG , RT ) = (10.48, 14.40) KB
Q = 0.6758

(RG , RT ) = (16.63, 8.00) KB
Q = 0.6142

(b)

(c)

10932 faces, 0.15bits/pixel

12168 faces, 0.10 bits/pixel

2330 faces, 0.02 bits/pixel

1586 faces, 0.02 bits/pixel

(RG , RT ) = (20.04, 4.79) KB

(RG , RT ) = (21.80, 3.20) KB

Q = 0.5319
(d)

Q = 0.4693
(e)

(RG , RT ) = (7.16, 2.62) KB
Q = 0.4459

(RG , RT ) = (5.27, 2.62) KB
Q = 0.3276

(d)

(e)

Fig. 8. The optimal pair of resolutions found for the M ANDRILL model: (a) is
the rate-quality curve; (b-e) have decreasing fidelity and are correspondingly
marked in (a) under the bit budget 25 KB.

Fig. 9. The optimal pair of resolutions found for the Z EBRA 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.

Figure 10 visually compares the two algorithms. In Figure 10(a), the (blue) line with plus signs shows the execution
path of the marginal analysis for the Z EBRA 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, and
the corresponding quality measures are found in Table II to
be QB = Qopt = 0.6410 and QM = 0.6209, respectively.
The captured views are shown in Figure 10(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 certain perspective when we zoom in the
rendered models. Likewise, Figure 10(d-e) captures the results
of the two algorithms for the M ANDRILL 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
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FQM in predicting visual fidelity.
25
0.9

Bit−rate of the texture (KB)

0.8

20
0.7

0.6

15
0.5

0.4

10
0.3

0.2

M-first and T-first, respectively. For the M ANDRILL and the
M AP -S PHERE models, Figures 11(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
M ANDRILL model (Figure 11[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.

5
1

0.1

5
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15
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25

0.8

Bit−rate of the mesh (KB)
0.6

(a)

Q
0.4

M-first
T-first
MxQ-BA

0.2
0
0

5

10

15

20

25

30

35
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45

50

MDU index (size = 4 KB)

(a) M ANDRILL (λ = 0.3977)
1
0.8

QB = Qopt = 0.6410

QM = 0.6209

(b)

(c)

0.6

Q
0.4

M-first
T-first
MxQ-BA

0.2
0
0

5

10

15

20

25

30

MDU index (size = 4 KB)

(b) M AP -S PHERE (λ = 0.5269)

Fig. 11. Comparison of the MxQ-BA algorithm with two simplest heuristics
that transmit all the mesh (texture) data first and then the other.
QB = Qopt = 0.5986

QM = 0.5140

(d)

(e)

Fig. 10. Comparison of the boundary search and the marginal analysis
algorithms: (a) execution paths for the Z EBRA model under a bit budget 15
KB. The black line with dots denotes the boundary search and the blue one
with plus signs stands for the marginal analysis; (b-c) corresponding subjective
results; (d-e) subjective results for M ANDRILL under a 20 KB bit budget.

C. 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 version
of the progressively compressed model which has the lowest
bit-rate, and start the computation of the retaining process (13)
(0)
(0)
with Q(χG , χT ) = 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

As described in Section III-C, 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 λbased 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 12. In Figures 12(a-d), respectively, we plot the ratequality curves for the λ-BA and the MxQ-BA algorithms
as well as two other constant-ratio bit-allocation heuristics
which choose bit-allocation percentages 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 constantratio bit allocation schemes. The performance upgrade is
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(d) S ALAMANDER (λ = 0.8990)

Fig. 13. Sampled results of the S ALAMANDER model in the retaining process
when five data units are decoded.

Fig. 12. Comparison of the MxQ-BA and λ-BA algorithms with constantratio bit allocation.

V. C ONCLUSIONS
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 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 slight difference can be observed with MxQBA for first transmitted data units, and the quality curves
gradually merge together. In Figure 12(d), it is noticed that
at some points the λ-BA has even higher quality than MxQBA. 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 12(ad), substantial performance improvement is observed for the
Z EBRA and the S ALAMANDER models and in the cases where
the data unit has the larger size (K = 4KB). This observation
is anticipated 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 solution.
To end our discussion in this section, Figure 13 presents
the rendered results of the S ALAMANDER model after five
data units are decoded, where Figures 13(b-d) correspond
to the models obtained by MxQ-BA and the two constantratio schemes with bit-allocation percentages (25%, 75%)
and (50%, 50%), respectively. Notice, for example, how the
claws become substantially distorted from Figure 13(b) to
Figure 13(d). Such distortion is captured by the quality measure, and compared with the full-resolution model shown in
Figure 13(a), the MxQ-BA algorithm provides the approximation that best preserves details of both mesh and texture.
All the presented results verify the efficacy of the proposed
bit-allocation framework.

In this paper, a bit-allocation framework was developed
for efficiently streaming textured 3D models. In doing so,
a fast quality measure (FQM) was utilized to predict the
visual fidelity of progressively compressed textured models.
FQM combines the errors of both the mesh and texture in
the logarithm domain, and models the inter-effect of the mesh
and the texture by an equalization factor, which is estimated
through the rendering space. Although it is not a rigorously
proven metric, FQM provides meaningful prediction of the
visual fidelity and is computationally efficient, which makes
it a suitable solution for performing efficient bit-allocation in
the streaming application.
Using FQM, bit-allocation algorithms were developed to
find the proper distribution of mesh and texture data that
maximizes the quality of the transmitted model under a bitrate constraint. Two transmission stages, the streamed mode
and the retained mode, were addressed respectively under a
rate-distortional framework. The streamed mode corresponds
to providing the best initial display on the user’s screen when
the progressive transmission begins, while the retained mode
maintains the visual fidelity of the displayed model at the
maximal level during transmission. The experimental results
verified that by properly estimating the relative importance
of the mesh and the texture, the proposed bit-allocation
framework quickly presents high-resolution visualization of
textured 3D models with limited bit budgets, thus achieving
higher efficiency in progressive transmission.
In this paper, the equalization factor was estimated to be
view independent by taking multiple virtual snapshots surrounding the object in the rendering space. 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., [27]) in MPEG-4.
Through the rendering space, different equalization factors can
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be estimated for different views of the model, each of which
will be used in the bit-allocation algorithms following the same
process as presented in the paper.
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