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ABSTRACT 

 
In this paper, we propose a simple and effective rate-
distortion model of fine-granular SNR scalable (FGS) layer 
in JVT scalable video coding (SVC). First, we introduce 
generalized Gaussian distributions (GGD) to model the 
distributions of the 16 (4*4) integer transform coefficients 
of the SVC FGS residue picture. Then we analyze the 
quantization scheme of SVC FGS coding, under which we 
analyze the distortion-rate function of generalized Gaussian 
model and conclude that the derivative of the distortion-rate 
function usually decreases to the traditional number 6.02 
dB/bit as the coding rate increases. For some special cases 
where the shape of GGD is smooth, the derivative of the 
distortion-rate function increases to 6.02 dB/bit as the rate 
increases in the actual coding rate range. Guided by the 
observations, an effective and flexible rate-distortion model 
is proposed to approximate the actual rate-distortion 
function of SVC FGS layer. The average estimation error is 
only 0.07 dB in our extensive experiments. And our 
analysis and models bring us much insight into the SVC 
FGS coding and its rate-distortion function. 
 

1. INTRODUCTION 
 
The Internet is experiencing explosive growth of video 
streaming. Since the Internet is a shared environment, it has 
been commonly accepted that video streaming should react 
to network congestion and match video rate with available 
network bandwidth. Therefore, it is desirable to encode 
video with fine-granular SNR scalable (FGS) technologies, 
so that it can be encoded once, but transmitted and 
reconstructed many times at different targeting rates. The 
scalability of MPEG-4 FGS coding [1] is achieved by bit-
plane coding of DCT coefficients in the FGS enhancement 
layer. The developing scalable video coding (SVC) 
standardization project [2] chooses scalable extension of 
H.264/AVC as a start point, which realizes the fine-granular 
SNR scalability through sub-bitplane-based progressive 
refinement (PR) of the FGS enhancement layer (EL). 

Usually, regardless of the actual techniques that are 
used to encode FGS refinement signals, the prediction loop 
of FGS coding should be carefully designed because it 
determines the trade-off between coding efficiency and drift 

in scalable EL. The drift is defined here as the encoder-
decoder mismatch of reference picture. For the MPEG-4 
FGS coding, the motion-compensated prediction (MCP) 
only utilizes the base layer reconstruction as reference, and 
thus any truncation of an FGS refinement packet has no 
impact on the motion compensation loop, that is, the drift is 
completely removed. However, since the FGS EL is not 
employed for encoding the following pictures, the 
prediction structure of MPEG-4 FGS has a significant loss 
of coding efficiency. For the SVC FGS coding, except for 
key pictures, the highest quality reference available is 
employed for MCP to improve coding efficiency. And key 
pictures that only use base layer for MCP are employed to 
control the propagation of prediction drift. Since the gap 
between SVC FGS scheme and single-layer coding can be 
quite small, the coding scheme gained significant interest. 

To best utilize SVC FGS videos, a bit-stream 
extraction (rate allocation) algorithm should be employed to 
optimally transfer the targeting bit rate into the rate 
assigned to each FGS picture. Usually, the extraction 
should consider two different factors. The first factor is the 
rate-distortion (R-D) function of the FGS EL in each picture. 
The second factor is the drift influence of a picture on the 
following pictures.  Amonou et al. [3] described similar 
concepts using independent rate-distortion information and 
dependent rate-distortion information respectively, which 
was acquired through actual time-consuming decoding. In 
order to reduce calculation and optimally allocate bit rate 
among different frames, it may be favorable to analyze and 
model the R-D function and drift influence of FGS frames 
theoretically.  

In this paper, with a similar process of our prior work 
in MPEG-4 FGS coding [4], we investigate the R-D 
function of SVC FGS layer. In Section 2, we decompose an 
SVC FGS frame into 16 (4*4 integer transform) 
independent components and employ generalized Gaussian 
distributions to model each transform coefficient. Then in 
Section 3, we analyze the quantization scheme of SVC FGS 
coding, with which we analyze the R-D function of the 
generalized Gaussian model. Guided by the analysis and 
observations of SVC FGS coding, we design an R-D model 
with three control parameters to approximate the actual R-D 
function. The three control parameters can also be reduced 
to two or one for a rough approximation. Section 4 gives 
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our extensive experiments. The conclusions are provided in 
the last section. 
 
2. STATISTICAL ANALYSIS OF SVC FGS CODING 

WITH GGD 
 
2.1 Zero-Mean Generalized Gaussian Distributions 
 
Generalized Gaussian distribution [5] is a nice model for 
the transform coefficients. The probability density function 
(PDF) of zero-mean GGDs can be described as follows:  

 ( , )( ) exp{ [ ( , ) | |] }
2 (1/ )

p x x ααη α β η α β
α

= −
Γ

 (1a) 

with 
 

1/ 2(3 / )1
(1/ )( , ) α

αη α β β Γ−
Γ=  (1b) 

where 0α >  is the shape parameter describing the 
exponential rate of decay, β  is a positive quantity 
representing a scale parameter, and ( )Γ •  is the gamma 
function. The variance of the random variable is 2 2σ β= . 
For simplicity of denotation, zero-mean generalized 
Gaussian distribution is also called generalized Gaussian 
distribution in this paper. 
 
2.2 Generalized Gaussian Model for the Integer 
Transform Coefficients of SVC FGS EL 
 
The 4*4 integer transform of SVC is an approximate 
version of DCT with some scaling [6]. To illustrate the 
distribution of the integer transform coefficients, we present 
here some simulation results for the “Foreman” CIF 
sequence. The test sequence is coded with the SVC 
reference software (Joint Scalable Video Model, version 
JSVM_5_12_1) [7]. The SNR scalable configure file of 
JVT-Q009 [8] is used with three parameter changed: the 
GOP size is 8, the FREXT mode is off for only using 4*4 
transform, and the number of FGS Layers is set as 3. All the 
integer transform data including Y, Cb and Cr in an EL 
picture are considered together. And the DC coefficients 
with a second Hadamard transform in intra 16*16 mode is 
normalized and considered together as one DC coefficient. 

Fig. 1 shows the estimates of α  and β  for all the 4*4 
integer transform coefficients respectively in the IDR 
picture 0, key picture 8, B picture 4, B picture 2, and B 
picture 1 in the “Foreman” sequence. The root variance β  
is normalized with the transform scaling factor [6]. It can be 
seen from Fig. 1 that not only the root variance decreases 
typically, but also the shape parameter shows the same 
trend of decrease in the zigzag order. And most integer 
transform coefficients have the shape value in the range 
0.5-1.0. 
 

3. RATE-DISTORTION ANALYSIS OF SVC FGS 
LAYER 

 

3.1 Quantization Scheme of the SVC FGS coding system 
 

As with H.264/AVC, the main principle of the SVC 
quantization scheme can be expressed as [9]: 

 ( )int si gn
W f

Z W
+ • Δ

= ⋅
Δ

 (2a) 

and 
 W Z′ = Δ ⋅ , (2b) 
where equation (2a) describes the quantization, equation 
(2b) describes the inverse quantization. In equation (2a), the 
input signal W is mapped to a quantization level Z , Δ is the 
quantization step size, f is the rounding control parameter, 
the function int() rounds float data to the nearest integer 
towards minus infinity. The mapping of the quantization 
level Z to the reconstructed signal W' is described in the 
inverse quantization step of equation (2b). 

The progressive refinement slice of SVC FGS coding 
basically corresponds to a bisection of the quantization step 
size of the lower layer. The quantization and inverse 
quantization can also be represented by equation (2a) and 
(2b). In the reference model of SVC the rounding control 
parameter is f=1/3 for Intra mode and f=1/6 for Inter mode. 
Fig. 2 shows the two quantization scheme. 
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Fig. 2 The quantization and inverse quantization in SVC FGS coding with 
two different parameters f. 

 
3.2 Rate-Distortion Analysis of GGD under 
Quantization Scheme of SVC FGS Coding 
 
It’s important to analyze the R-D function of generalized 
Gaussian distributions under the above quantization scheme 
of SVC FGS coding. For simplicity of deduction, we 
rewrite the PDF of GGD (equation (1)) as following: 
 1 ( ) | |

2( ) exp( [ ( ) ] )k xp x kα α
β βα= −  (3) 
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Fig. 1.  GGDs' Parameter Estimation of 16 Integer Transform Coefficients in the 
Frame 0, 8, 4, 2, 1 of the Foreman Sequence 
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where 1/ 2 3/ 2
1( ) [ (3/ )] /2[ (1/ )]k α α α α= Γ Γ  and 

1/ 2(3 / )
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For an arbitrary variable 0δ > , let the quantization step size 
β βδΔ = . If the probability at the reconstruction level k βΔ  

is ( )kP βΔ , then we can have 
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For a specific shape parameter α  and constant f, it’s easy to 
see that ( )kP βΔ  is just determined by the variable δ . The 
entropy rate of the quantization can be calculated by 

 2( ) ( )log ( )k k
k

H P Pβ β β

∞

= −∞

Δ = − Δ Δ . (5) 

So the entropy rate is also just determined by δ . That is 
( ) ( )H fβ α δΔ = , which is a decreasing function of δ .  

The quantization scheme in (2) is symmetric about 
zero, so the MSE of the quantization can be computed as 
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That is, 2 2 1( ) ( ) ( ( ( )))D g g f Hβ α α α ββ βδ −=Δ = Δ . Then if we use 
PSNR as the distortion criteria, we can obtain 

 10 10

1
10 10

( ) 20log 255 10log ( )

20log (255/ ) 10log ( ( ( ( ))))

PSNR D

g f H
β β

α α ββ −

Δ = − Δ

= − Δ
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From (8) It’s easy to see that ( ) ( )/PSNR Hd d
β βΔ Δ  is not relative 

to root variance β . 
We have done some computer simulations of (8) with 

different shape parameter α . Fig. 3 shows the derivative 
comparison of the distortion-rate (D-R) functions with the 
GGD shape parameter 0.5, 0.8, 1.0 (Laplacian) and 2.0 
(Gaussian). Fig. 3(a) shows the Intra quantization scheme 
(f=1/3). Fig. 3(b) shows the Inter quantization scheme 
(f=1/6). Generally, the derivative of the D-R functions 
decreases to the traditional number 6.02 dB/bit. For some 
large shape parameters such as 2.0, the derivative of the D-
R functions increases as the bit rate increases in the actual 
coding rate range (Below 1.0 bit/sample). 
 
3.3 Rate-Distortion Model of SVC FGS Layer 

 
Most integer transform coefficients have the shape value 
less than 1.0 in actual SVC FGS frames (see Fig. 1), thus 
we can assert that the derivative of D-R function usually 
decreases to 6.02 as the coding rate increases. For some 
special cases that the GGD shape parameters α  of FGS EL 
residue are large, the derivative of D-R function increases 
to 6.02 in the actual coding rate range. Heuristically we can 
suppose that the D-R function have an asymptote a*R+A, 
where R is the bit rate per sample, A  and a  are the 
asymptote parameters. Since the derivative of D-R function 
decreases to a  as the bit rate increases, we can use a simple 
power function k/R to model the property ( ' 2( / ) /k R k R= −  
approach zero as R increases). And since the enhancement 
bit rate of only base layer extraction is zero, we change k/R 
to k/(1+b*R), where b is a parameter controlling the 
approach of the actual D-R function to the asymptote. 
Finally, our model can be described as follows: 
 ( ) * /(1 * )PSNR R a R A k b R= + + + . (9) 
When the bit rate R=0, the PSNR(0) is the PSNR of the 
SVC BL coding B. Then we can obtain k=-(A-B). So the 
complete formula of the proposed R-D model can be 
described as follows: 
 ( ) * ( ) /(1 * )PSNR R a R A A B b R= + − − +  (10) 

In the approximation of the actual distortion-rate 
function, a and b could also be constants for a coarse 
approximation. Within the context of video coding, the 
parameters can also be estimated through the parameters of 
the previous frames.  

 
4. EXPERIMENTAL RESULTS 

 
The proposed R-D Model has three parameters (a, b and A) 
that need to be estimated through the actual R-D data of the 
coded video frame. In this section, we also use the SVC 
reference software to obtain the actual R-D information as 
in Section 2.2. The SNR scalable configure file of JVT-
Q009 [8] is used with three parameter changed: the GOP 
size is 8, the FREXT mode is off, and FGS Layers is 3. The 
four standard test videos are “Foreman”, “Mobile”, “Bus” 
and “Football” CIF sequences. Ten R-D pairs of each frame 
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Fig. 3. Derivative comparison of the distortion-rate functions with the GGD
shape parameter 0.5, 0.8, 1.0 (Laplacian) and 2.0 (Gaussian). 
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are obtained with the adding step 0.02 bits/sample (about 
91.2 kbits/s for 30fps CIF video) if there is enough data in 
the FGS frame, and the header information and quantization 
parameter of SVC FGS EL is excluded during the 
extraction. One important point to emphasize is that there is 
no drift in our extraction process. The R-D samples of SVC 
FGS frames in temporal level n are extracted with full FGS 
EL of the lower temporal level (0..n-1) decoded. 

To verify our R-D model, we design three experiments. 
In the first experiment, we set a as the constant 5.5 and b as 
the constant 1.5. The parameter A is gained by nonlinear 
least-squares data fitting. In the second experiment, we set b 
as the constant 1.5. The other two parameters (a and A) of 
the asymptote are calculated using nonlinear least-squares 
data fitting. In the third experiment, all the three parameters 
(a, b and A) of the R-D model are acquired through 
nonlinear least-squares data fitting. 

Fig. 4 shows the average and maximum absolute estimate 
error of the R-D model for each frame of “Foreman” 
sequence. Table 1 shows the mean of the average and 
maximum absolute estimate error across all coded frames 
for the “Foreman”, “Mobile”, “Bus” and “Football” CIF 
sequences respectively. It is observed that the average 
absolute estimate error of our complete model on all the test 
videos is just about 0.07 dB in the third experiment. It’s 
accurate enough for almost all R-D related application. It 
also can be noted that the maximum absolute estimate error 
of the model in all the three experiments is just about 2.5 
times than the average absolute estimate error. From the 
experimental results, we can also see that usually, the two-
control-parameter model is good enough to balance the 
accuracy and complexity of the R-D model. 
 

5. CONCLUSION 
 
In this paper, we analyze the rate-distortion function of 
SVC FGS coding and present an approximation model of 
the rate-distortion function. There are three main 
contributions in our work. First, we analyze the distribution 
of SVC integer transform coefficients with generalized 
Gaussian model. Second, we obtain some properties of 
actual rate-distortion function of SVC FGS EL through a 
thorough rate-distortion analysis of the generalized 
Gaussian model. Third, we present an efficient and flexible 
R-D model for approximating the actual rate-distortion 
function of SVC FGS EL. All the above analysis and 
models bring us much insight into SVC FGS coding and its 
rate-distortion function. 
 

6. REFERENCES 
 
[1] W. Li, “Overview of fine granularity scalability in MPEG-4 
video standard,” IEEE Trans. Circuits Syst. Video Technol., vol. 
11, no. 3, pp. 301-317, Mar. 2001. 
[2] H. Schwarz, D. Marpe, and T. Wiegand, “Overview of the 
scalable extension of the H.264 / MPEG-4 AVC Video coding 
standard,” in Joint Video Team (JVT), Docs. JVT-U145, Oct. 
2006. 
[3] I. Amonou, N. Cammas, S. Kervadec, S. Pateux, “Optimized 
rate distortion extraction with quality layers,” in Joint Video Team 
(JVT), Docs. JVT-U144, Oct. 2006. 
[4] J. Sun, W. Gao, D. Zhao, and Q. Huang, “Statistical model, 
analysis and approximation of rate-distortion function in MPEG-4 
FGS videos,” IEEE Trans. Circuits Syst. Video Technol., Vol. 16, 
No. 4, pp. 535-539, Apr. 2006. 
[5] K. Sharifi and A. Garcia, "Estimation of shape parameter for 
generalized Gaussian distribution in subband decomposition of 
video," IEEE Trans. Circuits Syst. Video Technol., vol 5, no. 1, pp. 
52-56, Feb. 1995. 
[6] A. Hallapuro, M. Karczewicz, and H. Malvar, “Low 
complexity transform and quantization,” in Joint Video Team 
(JVT), Docs. JVT-B038 and JVT-B039, Jan. 2002. 
[7] J. Vieron, M. Wien, and H. Schwarz, “JSVM 6 software,” in 
Joint Video Team (JVT), Docs. JVT-S203, Apr. 2006. 
[8] M. Wien, and H. Schwarz, “AHG on Coding eff & JSVM 
coding efficiency testing conditions,” in Joint Video Team (JVT), 
Docs. JVT-Q009, Oct. 2005. 
[9] T. Wedi and S. Wittmann, “Rate-distortion constrained 
estimation of quantization offsets,” in Joint Video Team (JVT), 
Docs. JVT-O066, Apr. 2005. 

 
Foreman_average_absol ute_error

0
0.05
0.1

0.15
0.2

0.25
0.3

0.35
0.4

0.45
0.5

0 30 60 90 120 150 180 210 240 270

Frame number

PS
NR

 e
rr

or
 (

dB
)

one_para_A
two_para_A_a
three para A a b

 
Foreman_max_absol ute_error

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

0 30 60 90 120 150 180 210 240 270

Frame number

PS
NR

 e
rr

or
 (

dB
)

one_para_A
two_para_A_a
three para A a b

(a) Average absolute estimate error         (b) Maximum absolute estimate error 
Fig. 4. The average and maximum absolute estimate error of our model in the 
three experiments of the SVC-coded Foreman CIF sequence. 

 

Table 1. The Average of Average and Maximum Absolute Estimate Error across All Coded Frames 
Foreman Mobile Bus Football Average across all 

frames (dB) Exp1 Exp2 Exp3 Exp1 Exp2 Exp3 Exp1 Exp2 Exp3 Exp1 Exp2 Exp3 
Average error 0.20 0.09 0.05 0.20 0.10 0.07 0.24 0.09 0.08 0.15 0.08 0.08 

Maximum error  0.42 0.22 0.11 0.43 0.23 0.16 0.47 0.25 0.18 0.33 0.18 0.18 
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