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Abstract—Motion scalability is designed to improve the coding
efficiency of a scalable video coding framework, especially in the
medium to low range of decoding bit rates and spatial resolutions.
In order to fully benefit from the superiority of motion scalability,
a rate-distortion optimized bitstream extractor, which determines
the optimal motion quality layer for any specific decoding scenario,
is required. In this paper, the determination process first starts off
with a brute force searching algorithm. Although guaranteed by
the optimal performance within the search domain, it suffers from
high computational complexities. Two properties, i.e., the mono-
tonically nondecreasing property and the unimodal property, are
then derived to accurately describe the rate-distortion behavior
of motion scalability. Based on these two properties, modified
searching algorithms are proposed to reduce the complexity (up
to five times faster) and to achieve the global optimality, even for
those decoding scenarios outside the search domain.

Index Terms—Bitstream extractor, motion scalability, rate dis-
tortion optimization, scalable video coding.

I. INTRODUCTION

A typical scalable video coding framework (SVCF), as
shown in Fig. 1, is composed of three main building

blocks, i.e., the encoder, the decoder, and the bitstream ex-
tractor. Compared to a conventional nonscalable video codec,
the decoder in an SVCF is allowed to demand a variety of
decoding specifications, including different combinations of
spatial, temporal, and quality layers. It is the main task of
the bitstream extractor to fulfill those requests by properly
truncating the scalable bitstream.

In general, both the encoder and the bitstream extractor are
not normative. Therefore, designers keep certain freedom in de-
veloping their own implementations, which also differentiates
the performances of various codecs conforming to the same
standard. There are, however, some requirements in designing
a bitstream extractor. For example, the adapted bitstream must
remain scalable itself and can be fed back to the extractor again
for further truncations. On the other hand, the decoder should be

Manuscript received August 04, 2008; revised November 10, 2009. First pub-
lished December 28, 2009; current version published April 16, 2010. The as-
sociate editor coordinating the review of this manuscript and approving it for
publication was Prof. Kiyoharu Aizawa.

The authors are with the Department of Electrical and Computer Engineering,
University of California at San Diego, La Jolla, CA 92093-0407 USA (e-mail:
gyalpp@gmail.com; nguyent@ece.ucsd.edu).

Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TIP.2009.2039373

Fig. 1. Scalable video coding framework.

able to decode all adapted bitstreams that are legitimately gen-
erated by the extractor.

Besides these requirements, the designing criteria for a
generic bitstream extractor can be rather trivial. We now take
the SVC standard [1] for example, which is an extension,
Annex G, to H.264/MPEG-4 AVC video compression standard
[2]. Note that in order to avoid confusion, we refer SVC specif-
ically to the aforementioned SVC standard, while SVCF and
WSVC are referred respectively to the generic scalable video
coding framework and the wavelet-based scalable video coding
scheme we adopt for simulations throughout the paper. In SVC,
the elementary unit of the bitstream is a network abstraction
layer unit (NALU). Each NALU belongs to a certain temporal,
spatial, and quality layer and is tagged accordingly through
high level syntax, , , and

. In the case where a specific spatio-temporal
resolution is explicitly indicated by and ,
the extraction can be easily done by dropping all NALUs with

and [3]. A similar example based on a
wavelet-based scalable video coding framework can be found
in [4].

If there is an additional bit rate constraint imposed, which
the remaining NALUs fail to meet, some NALUs with
have to be further discarded. This is the case where different
designing principles come into effect, among which the rate-
distortion (RD) optimized extraction is the most popular one
[5], [6]. The overall idea is to retain those NALUs with higher
RD contribution and, therefore, to optimize the quality under
the rate constraint.
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There is yet another situation where only the rate constraint
is present, not the spatio-temporal resolution. For example, in
the case where the total bit rate is restricted by the applicable
channel conditions, the extractor has the freedom to select the
spatio-temporal resolution that best suits the display interest of
the end device. Some researches have demonstrated the criteria
of either optimizing the visual perception or minimizing the de-
coder complexity in this case [7]–[9].

When motion scalability [10]–[13] is taken into consider-
ation, the bitstream extractor has an additional requirement,
i.e., optimal bit allocation among motion and texture [12],
[14]. Since motion scalability provides an additional option to
flexibly distribute the budget bits among motion and texture,
the optimal decision in terms of RD performance becomes
another interesting topic in the extractor design. In this paper,
we focus on the case where the decoding spatio-temporal reso-
lution ( and in SVC) is prespecified and fixed. Under this
setup, one of the motion quality (MQ) layers, combining with
the corresponding texture information, will provide the best
reconstructed quality. As the target bit rate varies, however,
the optimal motion quality layer also changes accordingly.
The optimal motion quality layer as a function of decoding
bit rate, if not provided by the encoder, will be determined by
the extractor. Based on this function, the adapted bitstream
is guaranteed with the best decoding quality throughout all
possible rates, for this particular spatio-temporal resolution.

We propose three approaches for determining the optimal
motion quality layer under a varying bit rate constraint, i.e.,
brute force, model-assisted, and model-based. The brute force
method exercises an exhaustively searching algorithm among
all possible motion quality layers. Note that the optimal mo-
tion quality layer can only change on a basis of group of pic-
tures (GOP) throughout the entire sequence. Therefore, for each
testing layer, a complete decoding process is performed on the
target GOP and the peak signal-to-noise ratio (PSNR) of the re-
constructed GOP is recorded. The optimal layer is chosen as the
one that results in the highest PSNR. Note also that only a dis-
crete finite set of the possible decoding bit rates can be tested in
this approach.

The model-assisted method is based on two properties de-
rived directly from the exponential RD model in the general
source coding theory [15], [16] and from the additive distortion
model for motion scalability [12]. The first one is the mono-
tonically nondecreasing property of the optimal motion quality
layer as a function of the decoding bit rate. The second one
is the unimodal property of the decoded quality as a function
of the motion quality layer. By applying these two properties,
irrelevant testing scenarios can be omitted without sacrificing
the extractor performance. Moreover, the monotonically nonde-
creasing property can further simplify the description of the op-
timal motion quality layers by recording only the critical rates at
which the change in optimal motion quality layer occurs. One of
the blind approaching methods for determination of these crit-
ical rates is the bisection method.

Given the critical rate representation, the model-based
method aims at improving the approaching speed of a blind
method, such as the bisection method. By explicitly applying
the exponential RD model, a more accurate estimation of the

critical rate can be efficiently predicted. This estimation is in
general better than the middle point estimate of the possible
rate range, which is predicted using the bisection method.
Through parameter estimation, the resulting model can adapt
to the actual video contents. In general, if the adapted model
fits well, a reduced number of trial and errors can be expected
and the efficiency can be greatly improved.

The remainder of the paper is organized as follows. In
Section II, we give a brief review of the scalable motion model
(SMM) and the associated WSVC framework [10], on which
the following experiments will be performed. A model-based
theoretical justification of motion scalability is presented in
Section III. Through the analysis, it will be clear how and
when motion scalability can benefit the coding efficiency. In
Section IV, a detailed description of the three proposed methods
for optimal bitstream extraction is given. The properties that
facilitate more efficient extractor designs are also derived here,
based on the models introduced in the previous section. Finally,
we provide the experimental results that verify the efficiency of
our new extractor designs in Section V.

II. REVIEW OF THE SCALABLE MOTION MODEL AND THE

WAVELET-BASED SCALABLE VIDEO CODING

The study of motion scalability began with the development
of SVCF. Researchers had noticed that the lossless coding of
motion information becomes inefficient when decoding the bit-
stream at lower resolutions [17]. Later on, the importance of
scalable motion quality to low rate decoding was also well rec-
ognized [13]. In 2004, more than 20 publications addressed mo-
tion scalability in the context of different requirements and dif-
ferent SVCF’s [18]–[20].

In our earlier work [10], a fully scalable motion model was
proposed to solve the motion scalability problem from many
aspects, along with tailored encoding techniques to minimize
the coding overhead of scalability. Moreover, the associated rate
distortion optimized estimation algorithm was also provided to
achieve optimality throughout various decoding scenarios. In
order to make this paper more self-contained, we highlight some
relevant features of the proposed SMM in this section.

A. Scalable Motion Model

The basic cell of the proposed SMM is a macroblock (MB).
Fig. 2 shows the structure of this basic cell. We explicitly imple-
ment both refining methods for motion scalability in our model,
i.e., the motion vector (MV) accuracy dimension and the vari-
able block size (VBS) dimension along horizontal and vertical
axes, respectively.

Even though the proposed model provides two dimensions to
fine tune the motion quality, the best motion for a target bit rate
remains unique. Experimental results have shown that the MV
accuracy dimension represents the gradual change of the un-
derlying motion quality better than the other. Therefore, we as-
sign a to each MV accuracy level according to its target oper-
ating bit rate. During the RD optimized motion estimation (ME)
process, refinements from higher MV accuracy levels are not al-
lowed in the current motion quality layer. Refinements from all
VBS levels, on the other hand, are possible candidates and their
values are purely determined by the estimation process.
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Fig. 2. Proposed fully scalable motion model.

Fig. 3. WSVC system diagram with proposed SMM embedded.

The idea behind choosing the MV accuracy dimension as mo-
tion quality layers is that the VBS structure is more content de-
pendent and it should be optimized to the underlying motion
via RDO ME. It is, however, not to say that VBS scalability has
no control on motion quality. Instead, it comes in great effect
in a more implicit way. An increasing bit budget for the motion
model could result in a more refined motion structure. This is the
reason why the incomplete quadtree structure keeps growing in
the example shown in Fig. 2 as the MV accuracy level increases.

B. WSVC Framework

The proposed SMM will be incorporated into a WSVC
framework [21] to provide fully motion scalability as shown in
Fig. 3. In this WSVC framework, successive temporal approx-
imation and referencing (STAR), low band correction (LBC),
and resolution scalable wavelet difference reduction (RSWDR)
are adopted for realizing temporal, spatial and quality scalabil-
ities, respectively.

The simplest way to reduce the frame rate is to drop irrelevant
frames. STAR actually borrows this simple idea and shortens
the end-to-end delay such that real time encoding/decoding be-
comes possible, which is similar to the hierarchical B-picture
decomposition in SVC. LBC, on the other hand, is designed to
merge all error frames from different resolutions into a single
error frame. In this way, no overhead will be imposed while
implementing spatial scalability. Perfect reconstruction is also
guaranteed as long as some assumptions are strictly followed.

RSWDR is a modified subband bit plane coding algorithm
from WDR [22]. It is originally designed to decouple the inter

band correlation that is inherited from WDR and to make inde-
pendent decoding of different spatial resolution sequences pos-
sible. In RSWDR, a target bit rate can be chosen for the base
resolution and different target bit rates can be chosen for higher
resolutions. During the decoding process, decoupled sub-bit-
streams representing different spatial resolutions are ordered
from small to large and are consumed sequentially until the
target bit rate is reached.

C. Modified Resolution Scalable Wavelet Difference Reduction

The original decoding algorithm in RSWDR follows a single
decoding path from the sub-bitstream representing the smallest
spatial resolution to the one representing the largest. The ad-
vantages include an easy truncation operation (specified by the
target bit rate) and the minimization of incoherent motion com-
pensation (MC) operations for smaller resolutions.

However, following this decoding rule might also result in
skewed RD curves for higher resolutions, as shown in Fig. 4,
which is not preferable to both the decoder and the extractor.
The reason for the skewed RD curve is that the single decoding
path does not properly reflect the ordered RD slopes of decoded
coefficients. In the example shown in Fig. 4, coefficients with
smaller RD slopes are decoded prior to others with larger slopes,
just because they appear in the sub-bitstream that gets decoded
first in the path. Later on when the coefficients with larger slopes
are decoded, a discontinued jump in the RD curve comes up.

In order to avoid this undesired jump, we break the single
decoding path and rearrange the priority of coefficients to be
decoded by their RD slopes, or simply their bit planes. As ob-
served in Fig. 4, the new RD curve becomes smoother and the
possible MC incoherent problem from smaller resolutions is so
subtle that only a slight decrease is observed around the target bit
rate of QCIF sized sequence, which is 512 kbps in this example.

III. THEORETICAL JUSTIFICATION OF MOTION SCALABILITY

Motion information has traditionally been coded losslessly
due to the complicated impacts that a corrupted motion may
bring to the reconstructed quality. In a decoding scenario where
a reduced target bit rate is requested, it is intuitively easier to
discard the extra texture bits than to quantize the motion param-
eters. One reason is that the quantization effect of texture bits
is easily predicted and quantified. On the contrary, quantization
of motion bits might result in a nonpredictable behavior that is
highly correlated to the individual video content. The second
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Fig. 4. Comparison of two RSWDR algorithms.

reason is that, even though motion information can be quantized,
the corresponding texture that reflects the actual difference be-
tween the current picture and the new motion-predicted picture
can not be re-encoded/transmitted. Only the unique version of
texture that corresponds to the highest fidelity motion prediction
is available for decoding. The mismatch between the quantized
motion parameters and the original texture information prevents
further investigation of the feasibility of motion scalability.

In this section, the aforementioned two doubts on motion
scalability will be justified via simplified mathematical models,
which are built based on some simplification assumptions.
These models provide a clear insight to motion scalability
and explain the question how an SVCF system can benefit
from motion scalability. They are also the theoretical bases for
designing a better bitstream extractor, as will be detailed in
Section IV.

A. Linear Motion Distortion Model

The first work analyzing the distortion introduced by MV
quantization is done by Secker [12]. We will briefly review his
efforts here with some notation modifications in accordance
with the remaining equations throughout this paper.

The motion distortion (or the distortion introduced by MV
quantization) is defined as the mean squared error (MSE) be-
tween the motion compensated picture using the best motion
information, which is used to generate the residual picture at
the encoder, and the one using the quantized motion informa-
tion. For simplicity, the following derivations are based on the
assumptions that only a globally translational motion error is
considered, i.e., a constant displacement MV error is applied
for the entire picture, and that the picture boundary effect is ig-
nored. Note also that the error propagation due to the MV quan-
tization is not considered here as the perfect reference picture is
assumed to be available.

Consider the perfect reference picture, , and
the motion warping operation, , which corresponds to the
best, nonquantized motion. The motion compensated picture
can be expressed as . Suppose now is
affected by MV quantization, resulting in the quantized oper-

ator , which produces . Under the as-
sumption, , or in the frequency domain,

. By Parseval’s theorem, the motion dis-
tortion is given by

(1)

where is the energy spectral density of
. For small , (1) can be approximated by applying the

Taylor series expansion on and retaining the
second order term only

(2)

In (2), we have made a further assumption that and
have similar energy spectral density, i.e., .
Equation (2) can be expressed in the following form:

(3)

where

(4)

(5)

(6)

and denotes the angle of in polar form. By taking average
over all on both sides of (3), we get

(7)

where is the isotropic motion sensitivity factor of the refer-
ence picture over all MV errors with magnitude . Strictly
speaking, is now also an averaged motion distortion over
all MV errors with magnitude . Note that is a function of

, which is highly content dependent.
To summarize, under a series of assumptions and approxi-

mations, we come up with a linear motion distortion model as
shown in (7), which describes the linear relationship (with slope

) between the MSE of MV errors and the corresponding MSE
of MC errors, or simply known as the motion distortion.

B. Additive Distortion Model

In a generic video coding framework, the MC operation is
followed by the texture/residual transform coding and quanti-
zation. The texture picture is defined as ,
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where is the current picture under encoding. The super-
script, , again represents the nonquantized texture picture,
which differentiates from the texture picture after quantization,
i.e., . Note that the forward and the inverse
transforms can be omitted here without confusion.

In the case where motion is nonscalable, the total distortion
of the reconstructed picture, , can be simply described by the
texture distortion, , defined as the MSE between and

(8)

However, if motion scalability is taken into consideration, the
motion distortion may also contribute to the total distortion. The
additive distortion model [12] states that the total distortion is
the summation of the motion distortion and the texture distor-
tion. The assumption behind this model is that the motion error,

, and the texture error, , are orthog-
onal to each other

(9)

C. Beneficial Condition for Motion Scalability

Although the true distortion-rate model is data dependent and
complicated, a simpler model has been derived and used for
video texture coding [15], [16], [23]

(10)

where is the texture bit rate and and are content de-
pendent parameters. Note that this exponential model is derived
by applying the high-rate assumption, i.e., the quantization step
size is small enough such that the quantization noise is almost
uniformly distributed. This model provides an explicit way to
quantify the texture distortion, , according to the texture bit
rate, .

A similar exponential model can also be applied on MV
coding, making the MV error, , an exponential function
of the motion bit rate, . Therefore, (7) can be expressed as
follows:

(11)

Applying the additive distortion model in (9), the total distor-
tion-rate model becomes

(12)

where is the total decoding bit rate.
Knowing the above distortion-rate relationships, we are able

to derive a quantitative description of the beneficial condition
of motion scalability. First of all, a video codec is said to be
better than the other if its total distortion is smaller at the same

TABLE I
EXTRACTOR RD TABLE FOR THE BRUTE FORCE METHOD

(FOREMAN @ CIF 30 fps)

decoding bit rate. Consider the following two cases where the
first one is coded with lossless motion, i.e.,

, and the second one is coded with scalable motion (with
MQ layer ), i.e., . The
condition for scalable motion to outperform lossless motion is
simply , or

(13)

where . In other words, if the motion distortion is
less than the texture distortion difference resulting from the ap-
plicable texture bit rate difference, i.e., , the scalable
motion case can achieve a better decoding quality. As can be
derived from (10), the right hand side of (13) is a monotonically
decreasing function of . As a consequence, the satisfaction of
(13) can be expected for a relatively smaller , when is
fixed.

IV. OPTIMAL BITSTREAM EXTRACTOR DESIGN

FOR MOTION SCALABILITY

We propose three approaches to realize the optimal bitstream
extractor for motion scalability in this section. As mentioned
earlier, the purpose is to determine the best motion quality layer
for all possible target bit rates, as the decoding spatio-temporal
resolution is fixed.

A. Brute Force Method

In the brute force method, the same video bitstream is de-
coded multiple times at the same bit rate, during each time a
different motion quality layer is applied. The same process is
repeated for all decoding bit rates of interest, resulting in an ex-
tractor RD table. An example for the first GOP (8 pictures) of
the FOREMAN sequence is shown in Table I, with the fixed
spatio-temporal resolution at CIF, 30 fps. Note that the entry
marked with “ ” indicates that the target bit rate is too low to
be decodable. The entry marked with a bold face number reflects
the best motion quality layer at its decoding bit rate.

A simplified table, as shown in Table II, records the effective
bit rate range for each motion quality layer. A such table, one
for each spatio-temporal resolution and GOP, contains all the re-
quired information for optimal bitstream adaptation. These ta-
bles are not large and can be efficiently compressed for trans-
mission.

The accuracy of the recorded effective rate range is seriously
affected by the number of testing bit rate in the brute force
method. As observed in Table II, the range boundary is chosen
as the average of two contiguous testing rates. The more testing
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TABLE II
EXTRACTOR INFORMATION FOR THE BRUTE FORCE METHOD

(FOREMAN @ CIF 30 fps)

bit rates, the better extractor performance, and, of course, the
more computational burdens.

B. Model-Assisted Method

Two properties can be observed from the example shown in
Table I. First, the optimal motion quality layer is a monotoni-
cally nondecreasing function of the decoding bit rate. Second,
the decoding PSNR at a fixed bit rate is an unimodal function of
the motion quality layer. With the help of those models built in
Section III, we will now prove that these two properties follows
directly as long as those models are assumed. The advantage of
knowing these properties is to efficiently save some trials that
are irrelevant to the final extractor table, as shown in Table II.

1) Monotonically Nondecreasing Property: Suppose at a cer-
tain decoding bit rate , the minimal distortion is achieved
with motion quality layer , which occupies a motion bit rate

. By plugging in (10), (11), and (12), we have

(14)

and after some simplification yields

(15)

Given an extra bit rate , the difference between the
total distortion using motion quality layers and becomes

(16)

Note that the inequality in (16) comes from plugging in (15).
Since both and , we have .
In addition, for those motion quality layers , the corre-
sponding motion bit rates are smaller, i.e., . There-
fore, we have . In summary,

TABLE III
EXTRACTOR INFORMATION FOR THE MODEL-ASSISTED METHOD

(FOREMAN @ CIF 30 fps)

the right hand side of (16) is negative whenever . In other
words

(17)

if , .
Here, we have proven that when bit rate increases, the best

motion quality layer never decreases, i.e., the monotonically
nondecreasing property. By applying this property, many testing
scenarios can be omitted without sacrificing the extractor per-
formance. In Table I, for example, the MQ layer need not
be tested for decoding bit rates greater than 384 kbps, once we
know the best MQ layer at 384 kbps is .

Moreover, the monotonically nondecreasing property also
provides an even simpler way to describe the extractor infor-
mation table than the one shown in Table II. A series of critical
rates, ,
can be found and recorded instead. An example is shown in
Table III. Note that the monotonically nondecreasing property
limits the total number of critical rates to , where
denotes the total number of motion quality layers.

The critical rate, , is defined as the total decoding bit rate
at which both motion quality layers and produce the same
total distortion. Theoretically, is unique for each motion
quality layer , and can be gradually approached by closing the
possible range defined by a lower bound and a upper bound

. The lower bound is the largest tested bit rate at which
the optimal motion quality layer is . Similarly, the upper bound

is the smallest tested bit rate at which the optimal motion
quality layer is .

Given and , where ,
the determination of can be approached using the
bisection method. For each iteration, the middle bit rate,

, is tested and the optimal motion
quality layer is found among . The lower bound

is replaced by if the optimal MQ layer is , and
the other way around. In theory, the process ends whenever

is found. In practice, the iterative algorithm can be ter-
minated whenever , where
is a stopping threshold and is an approximation to .
Finally, is stored and transmitted as
the optimal extractor information.

2) Unimodal Property: The property states that at a fixed de-
coding bit rate, the decoding PSNR as a function of the motion
quality layer is unimodal, i.e., the decoding PSNR is monoton-
ically decreasing on both sides of the optimal motion quality
layer. This property is especially useful at finding the maximal
decoding PSNR (or minimal decoding distortion). Once a de-
crease in decoding PSNR is identified, further decreasing with
the following MQ layers can be expected, and, thus, the actual
decoding processes can be saved.
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The unimodal property can be proved as follows. First, from
(10) and (11), we know that the first derivatives of both motion
and texture distortion functions are monotonically increasing
functions (of motion and texture bit rates)

(18)

(19)

We focus on one side of the total distortion function (of MQ
layers) in the direction of increasing motion quality layers. The
other side (decreasing MQ layers) can be proved in a similar
manner. Again, suppose at a certain decoding bit rate , the
minimal distortion is achieved with motion quality layer

(20)
According to the mean value theorem, there exist

and such that

(21)

and

(22)

where . By taking the
difference of (21) and (22) and plugging back into (20), we have
the following relationship:

(23)

Similarly, for another MQ layer

(24)

Note that the first and the last inequalities in (24) result directly
from (18) and (19), along with the fact that and

. The second inequality comes from (23).
The following relationship can now be concluded:

(25)

if , .
In other words, the decoding distortion is monotonically

increasing (decreasing) on the increasing (decreasing) side of
the optimal motion quality layer. This proves the unimodal
property.

C. Model-Based Method

The bisection method for approaching the critical rates is
based on the monotonically nondecreasing property. Despite
of being more efficient and more accurate than the brute force
method, it does not explicitly make full appreciation of the dis-
tortion-rate model. In fact, with the help of the distortion-rate
model as shown in (10), during each iteration, a better predic-
tion for the critical rate is possible (compared to the middle rate
prediction).

Experimental results have shown that, for simplicity, the
total distortion function in (12) can be well approximated by
removing the motion contributions (both motion distortion and
motion rate), i.e.,

(26)

Since the distortion-rate plot is usually depicted in a logarithmic
scale using PSNR representations, we have

(27)

Note that can be estimated to reflect the individual char-
acteristic of the video content from at least two tested points
on the PSNR-rate curve. For example, the segment within

of the PSNR-rate plot using MQ layer , i.e.,
, can be approximated by the line passing through

and . Similarly,
can be approximated by the line passing through

and . In
order to fast approach the critical rate , a better estimate
would be the bit rate at which two approximated lines intersect.

Because the actual PSNR-rate curve is approximated using a
line with slope and offset , this approach is also called the
linear model method. In the linear model method, each iteration
for determining an estimate of requires at least four op-
erating points. From one iteration to the next, two of these op-
erating points should be updated with
and , where is the linear model
estimate of .

V. EXPERIMENTAL RESULTS

The evaluation of the proposed bitstream extractors for mo-
tion scalability will be performed on the WSVC framework
mentioned earlier in Section II. Test video sequences include
BUS, FOOTBALL, FOREMAN, and MOBILE. The format of
these input sequences is CIF at 30 fps. WSVC will generate a
scalable bitstream with maximum bit rate supports, as shown
in Table IV, for various spatio-temporal resolutions. The total
number of MQ layers is limited to . The nice feature
of scalability usually comes with a slight sacrifice of coding
efficiency. This is also true for motion scalability. As a con-
sequence, the number of MQ layers needs to be carefully de-
signed in order to maintain a balance between scalability and
efficiency. For more detailed information, please refer to [10].
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TABLE IV
MAXIMUM BIT RATE ALLOCATION FOR THE WSVC ENCODER (kbps)

For each decoding spatio-temporal resolution, two experi-
ments will be performed.

A. Discrete Testing Rates

In the first experiment, a discrete set of (equally spaced) bit
rates is tested and the effective range of each MQ layer will be
determined, as shown in Table II. The possible range of the de-
coding bit rate is uniformly divided into segments, which
are indexed from 1 to . We compare the brute force (BF)
method with the model assisted (MA) method that uses two
searching methods, i.e., progressive search (MAPR) and bisec-
tion search (MABI). It is worth noting that MA tries to save
irrelevant decoding operations based on the derived two proper-
ties. The omitted decoding scenarios depend highly on the actual
testing order. As a consequence, different searching algorithms
might result in different complexities, as well as different per-
formances. The searching order of MAPR is from the lowest bit
rate to the highest one. On the other hand, the order of MABI
starts from the middle bit rate and recursively bisects the lower
and upper halves.

The results are shown in Table V for . Note that this
experiment is designed to evaluate how the BF method is com-
pared with other methods, since the BF method is not applicable
in the following experiment using the critical rate representa-
tion.

In Table V, the columns labeled with “ ” denote the index
(from 1 to ) of the rate segment in which the optimal motion
quality layer switches from to . Those entries marked with
“ ” indicate that the transition never happens. For example, de-
coding a QCIF sequence can never utilize the highest MQ layer,
i.e., . Therefore, the columns are always “ ” for QCIF
decoding. The columns labeled with “#” denote the number of
decoding times required to complete the extractor information
table, as shown in Table II. This is a measure of the extractor
complexity where a lower value indicates better performance.
Note that the number of decoding times for the BF method is
always .

As observed from Table V (columns ), both MAPR and
MABI provide exactly the same results as BF, which is guaran-
teed the best one in the discrete testing rate experiment. At the
same time, both MAPR and MABI save a tremendous amount of
computations over BF (from columns #). This result verifies the
effectiveness of the models built in Section III, from which the
monotonically nonincreasing property and the unimodal prop-
erty are derived. Moreover, the advantage of MABI over MAPR
on reducing the complexity is also verified throughout various
testing sequences and decoding scenarios.

B. Critical Rates

In the second experiment, a search is conducted for the critical
rates, i.e., . For practical reasons, the

TABLE V
EXTRACTOR COMPARISON WITH DISCRETE TESTING RATES

TABLE VI
EXTRACTOR COMPARISON WITH CRITICAL RATES

search stops whenever
. The approximate critical rates are recorded in

the extractor information table. We compare the model-assisted
method using bisection search (MABI) with the model-based
method using the linear model (MBLM). The results are shown
in Table VI. Note that the columns marked with now denote
the approximated critical rates (in kbps) at which MQ layers

and produce the same PSNR.
It is worth noting that the critical rates representation pro-

vides a more accurate decision boundary than the discrete
testing rates representation does. Therefore, a decoder that is
based on the critical rates bitstream extractor always performs
equally or better than that based on the discrete testing rates,
especially for those decoding bit rates that fall within the transi-
tion segments, e.g., and columns in Table VI. That being
said, the discrete testing rates representation should only be
adopted when the critical rates representation is not applicable
to the derivation algorithms, e.g., BF and MAPR. For MABI,
both representations are applicable and produce virtually the
same results as approaches infinity. As for MBLM, since
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Fig. 5. FOREMAN reconstructed PSNR-rate plots. (a) CIF 30 fps. (b) QCIF
30 fps.

the testing rates are generated on the fly from each iteration
to the next, the discrete testing rates representation (with a
predetermined set of equally spaced testing rates) is in general
not applicable. The nature of adaptively generated testing rates
in MBLM provides the potential to outperform MABI, as long
as the underlying linearity model is applicable.

Some observations can be drawn from Table VI. MBLM
demonstrates better or equal performances than MABI in about
85% of the cases. Note that here we refer the performance to the
computational complexity required for deriving the complete
set of critical rates, which leads to the optimal decoding for all
possible scenarios. Therefore, smaller complexity implies better
performance. On the other hand, the linear model assumption
seems to work better for the QCIF than the CIF sequences. This
observation can be justified by the reconstructed PSNR-rate
plots for the FOREMAN sequence, as shown in Fig. 5. In
the QCIF plot, the overall curve (convex hull curve) is more
linear than that from the CIF plot. Since MBLM is derived
based on the linearity assumption of the PSNR-rate curve, it is
reasonable to expect better performances for the QCIF than the
CIF sequences.

Although MBLM provides better or equal performance than
MABI in 85% of the testing scenarios, it is not always better.
The reason is that the performance of MBLM depends highly

on the linearity assumption of the PSNR-rate curve. As observed
from Fig. 5, the actual curve is not perfectly linear and the de-
viation from the perfect linearity also varies from sequences to
sequences, which results in the variation of the MBLM perfor-
mances. As a final note, while the overall curve might not be
perfectly linear, it can still be accurately approximated as linear
locally within a smaller rate range. In the experiments, we do ob-
serve a better performance for MBLM in latter iterations, which
operates on smaller rate ranges.

VI. CONCLUSION

With the rapid development of SVCF and motion scalability,
a bitstream extractor aiming at determining the optimal mo-
tion quality layer in the rate-distortion sense is essential. In
this paper, several algorithms have been proposed to solve this
problem, with the designing principle to reduce the complexity.
In particular, the linear model based approach using the critical
rate representation achieves the lowest complexity, without sac-
rificing the optimality. Experimental results have verified the
effectiveness of the proposed methods, which are mainly based
on some mathematical models on the rate-distortion character-
istics of a compressed video bitstream.
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