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Abstract—Consistent video quality control is an important
and practical issue for video streaming applications. Several
algorithms have been developed in the literature that aims to
maintain consistent quality through the entire video sequence,
whereas most of them focus on non-scalable video coding. In this
paper, we propose an algorithm for consistent quality control for
H.264/AVC based scalable video coding (SVC), relying on a de-
pendent distortion-quantization (D-Q) model. Such a dependent
D-Q model is developed to capture the distortion behavior of
frames at enhancement layers (ELs) by exploring the correlation
between two successive layers. Experimental results demonstrate
that the proposed model can accurately estimate the distortion of
each frame at different layers in the quality, temporal, and spatial
scalability. The proposed model is applied in SVC where the
quantization parameter of each frame at EL is carefully selected
to achieve consistent video quality given the distortion constraint.
Meanwhile, model parameters are initialized using the content
features extracted from the underlying video sequences, and
updated using the encoded data at the frame level. Simulations
show that the proposed scheme enables more stable video quality
with the PSNR keeping close to the target value (i.e., small PSNR
variation).

Index Terms—Consistent video quality control, dependent
distortion-quantization model, scalable video coding, H.264/AVC.

I. Introduction

H .264/AVC based scalable video coding (SVC) has been
standardized [1] to enable video services for heteroge-

neous access networks and clients. In SVC, video signals can
be encoded into a single full-resolution stream including a
base layer (BL) and one or more enhancement layers (ELs) to
provide spatial, temporal, quality and combined scalabilities
[2]. The full-resolution bit stream can be adapted to meet
diverse requirements from the underlying access network and
end-user. It is therefore expected that SVC will be widely
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adopted in networked video applications without resorting
to transcoding or storage of multiple compressed copies at
different qualities for the same content.

On the other hand, subjects typically demand a constant
video quality [4]. Due to the characteristics of the human
visual system, it is annoying and unpleasant if the video being
watched has quality fluctuations over the time. To address the
problem of quality fluctuation, it is important for the encoder
to maintain a consistent video quality (or without noticeable
quality fluctuation) over the entire video sequence. There has
been several related works for non-scalable video coding in the
literature [5]–[10]. For example, in [5], a rate control scheme
producing a consistent picture quality between consecutive
frames was proposed for MPEG-2, which was achieved by a
closed-form rate-distortion (R-D) model. A sequence-based bit
allocation framework using a rate-complexity model was pre-
sented in [7] to achieve smooth video quality with less flick-
ering and motion jerkiness. Wang et al. [8] used a two-pass
encoding to achieve constant video quality with variable bit
rate (VBR) for video storage applications using MPEG-2,
whereas two-pass encoding is very computational demanding
and is unsuitable for real-time applications. More recently,
Huang et al., [9] have proposed a trellis-based framework to
alleviate temporal quality variation. Lee et al. [10] proposed
a frame-level variable bit rate (VBR) encoding method for
consistent picture quality with small buffering delay constraint
of videos on demand (VOD) system.

Scalable video encoding has the similar problem for consis-
tent quality control. For example, although the CGS (coarse-
grain quality scalability) provides quality scalability, it cannot
guarantee that the quality (e.g., the peak signal to noise ratio,
PSNR) within a particular layer is consistent. Besides, hierar-
chical B-frames (H-B) [25] are adopted to achieve temporal
scalability, which increase the quality fluctuation. On the other
hand, there are few algorithms for consistent quality control
dedicated to scalable video [11], [12], [13]. For instance, the
reference software of SVC, i.e., JSVM, provides a FixedQP
scheme which codes the video iteratively to achieve a con-
stant distortion [11]. However, the corresponding complexity
due to multiple encoding is extremely high, which makes it
inappropriate for real-time applications. A closed form distor-
tion model for spatial ELs is developed in [12], whereas it only
allows to use the reference layer signal for prediction rather
than adaptive intra and inter layer prediction. Such a restriction
will reduce the R-D performance of the SVC [2]. Meanwhile,
it also requires intensive computations because it traverses
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all possible 52 QPs to find the one producing the minimum
distance from the targeted distortion. Quality control for fine
grain scalability (FGS) in MPEG-4 has been studied in [13],
but FGS has not been adopted into SVC for the current version.

Theoretically speaking, distortion in video coding comes
from quantization. Thus, accurate distortion-quantization
(D-Q) model is the key for consistent quality control. In
this paper, we propose a dependent D-Q model for SVC EL
encoding, where the distortion information from the co-located
lower layer is used for accurate prediction. The proposed D-Q
model is used to estimate the distortion of each frame at
different quality, spatial and temporal ELs. It is applied to
perform the consistent quality control for EL encoding, where
accurate QP for each frame at EL is selected according to
the target distortion. Please note that the parameters of the
proposed model are first initialized using the content features
extracted from the underlying original video sequences, and
then updated using the real encoded data at the frame level.
Thus, it is a single-pass encoding which reduces the complex-
ity significantly compared with [11] and [12].

The rest of this paper is organized as follows. In Section II,
we first give a brief overview of D-Q models for video
coding, and then introduce the dependent D-Q model for
SVC EL encoding. The model accuracy is verified in the
same section. In Section III, we apply the dependent D-Q
model to perform the consistent quality control with the model
parameter initialized using the content features and frame-
level updated using the previous encoded data. Simulation
results and discussion are presented in Section IV. Section V
concludes the work in this paper.

II. Dependent D-Q Model for SVC Enhancement

Layer Encoding

A. D-Q Model for Video Coding: A Review

D-Q modeling is a challenging problem since the distor-
tion behavior is difficult to capture accurately due to the
non-stationary characteristics of the input image source and
adaptive coding tools in the encoder. Typically, D-Q behavior
is modeled through either analytical or empirical approaches,
each of which has its own advantages and drawbacks. The
analytical approach develops the D-Q models by assuming that
the transform coefficients follow certain mathematical distri-
butions, i.e., Gaussian, Cauchy, Laplacian or others. However,
the model performance is bounded because the real source dis-
tribution is not always consistent with the ideal mathematical
distribution. Empirical approach usually establishes the model
for a given encoder by extensive experimental simulations,
which usually yields better estimation of the D-Q curve.

1) D-Q Model for Non-Scalable Video Coding: There are
several D-Q models developed for non-scalable coding in the
literature [14]-[19], with different functional forms, including
quadratic [14], linear [15], power function [16], and so on.
One classic D-Q model is formulated in [14] as

D = η · Q2
s , (1)

where D denotes the distortion of a reconstructed frame in
terms of the mean squared error (MSE)1, Qs is the quantization

1D refers to MSE distortion throughout the paper.

stepsize (QS), and η is the model parameter. However, (1) has
significant prediction errors at large QSs since it is derived
under the high rate assumption. Wang et al. [15] proposed an
empirical linear D-Q model for H.264/AVC. It is recognized
as

D = γ · Qs, (2)

where γ is the model parameter. Meanwhile, a power function
model is derived under the assumption that discrete cosine
transform (DCT) coefficients follow the Cauchy distribu-
tion [16], i.e.,

D = ξ · Qα
s , (3)

where ξ and α are model parameters. As we can see, (3) is
a generalized functional form for (1) and (2) with α = 2 and
α = 1, respectively. It is demonstrated by simulations that the
linear model in (2) is already very accurate compared with
other models [20]. Meanwhile, there is only one parameter in
the linear model, requiring less complexity for its derivation.

Apart from these pixel-domain models, there are some other
distortion models in the transform-domain [18], [19]. In [18],
the distortion is modeled as an exponential function of ρ,
where ρ refers to the percentage of zero transform coefficients.
In [19], the D-Q model is written as follows:

D = θ · SATD(Qs) · Qp
s + Dskip(Qs), (4)

where θ is a content dependent parameter. Here, p = 1 for P
and B frames while p = 1.2 for I frames. SATD is the sum
of absolute transform differences (SATD) of the intra or inter
prediction residual, which depends on Qs. Dskip(Qs) is the
distortion of the skip macroblocks. Despite the high accuracy,
transform-domain models have the common drawback that it is
difficult to be used in single-pass encoding since the parameter
extraction is performed after transform and quantization. Such
multiple-pass encoding is also not favored by real-time video
applications.

According to the above analysis, in this paper, we choose
the linear D-Q model in (2) to develop the dependent D-Q
model for SVC EL encoding.

2) D-Q Model for Scalable Video Coding: For SVC, on
the other hand, there are only few D-Q models [20], [22],
[23]. Hu et al. [20] proposed to use the linear model in (2)
with different model parameters to express the relationship
between distortion and quantization at each temporal layer for
temporal scalability. In [22], a logarithm distortion model at
ELs for CGS is introduced as

PSNR = b1 log10(MADβ + 1) · Qp + b2, (5)

where b1, b2 and β are model parameters, Qp stands for
QP, and MAD is the mean absolute difference (MAD) of
motion-compensated residual, which is predicted from the
BL. However, MAD is not capturing the distortion very well.
Besides, it can not be accurately predicted. These draw-
backs will reduce the accuracy of the D-Q model in (5).
Liu et al. [23] developed a dependent D-Q model for ELs
regarding the spatial scalability by exploring the distribution
of DCT coefficients. However, it is not appropriate for one-
pass encoding since it requires off-line processing to derive
the model parameters.
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Fig. 1. Illustration of the linear relationship between D and QP for BL and
EL, respectively, (a) BL, (b) EL.

B. Dependent D-Q Model for ELs in SVC

SVC provides the quality, temporal, spatial and combined
scalability. Specifically, temporal scalability is implemented
by the H-B structure [25], either dyadic or non-dyadic, where
frames are partitioned into a temporal BL and one or more
temporal ELs. Spatial scalability, on the other hand, encodes
the video with the lowest spatial resolution into the BL and
those with the higher resolutions into ELs. At ELs, in addition
to the normal prediction modes enabled by the non-scalable
H.264/AVC, adaptive inter-layer prediction [2] is employed
to further reduce the redundancy and improve the coding
efficiency. Quality scalability, which can be seen as a special
example of the spatial scalability, has the identical video frame
size at each layer and typically uses a smaller quantizer at
a higher layer to achieve signal amplitude granularity. There
are two types of quality scalability referred to as CGS and
medium-grain-quality (MGS), respectively. In this paper, we
focus on CGS. More details regarding SVC can be found in
[2] [3].

Based on our analysis in Sec. II-A and the illustration in
Fig. 1, for a typical two-layer SVC encoding structure, i.e.,
one BL and one EL in quality or spatial scalability, the BL
and EL distortion can be respectively expressed as

Db = γb · Qs,b, (6)

De = γe · Qs,e, (7)

where Db, γb and Qs,b are the distortion in terms of the MSE,
content-dependent parameter and QS at BL, respectively; De,
γe and Qs,e stand for the respective information for co-located
frame at the EL.

Because of the inter-layer prediction mechanism, the quality
of the BL reconstruction will influence the EL encoding. For
instance, if we choose a smaller QP for the BL, successive EL
picture quality will be much better compared with the case
where we choose a larger QP for the BL, under the condition
that the EL uses the same QP, as illustrated in Fig. 2. These
observations suggest that the EL distortion behavior is closely
dependent on the BL reconstruction. Therefore, Eq. (7) can be
rewritten as

De = γe(Qs,b) · Qs,e, (8)

Fig. 2. Illustration of the impact of Qp,b on the quality of EL.

where γe(Qs,b) is a function of Qs,b, which reflects the impact
of the reconstructed BL frames on the corresponding EL
encoding.

For a typical SVC encoder, video frames at the BL are first
encoded with appropriate information buffered for EL frame
encoding such as intra reconstructed blocks, coding modes,
motion information, as well as residual signals. Also, we have
the complete distortion and rate information of the BL frame
before encoding the EL. Therefore, BL encoding can be seen
as the pre-encoding for the corresponding EL coding where
BL information can be re-used. Combining Eqs. (6) and (8)
with the relationship between QP and QS, i.e., Qs = 2(Qp−4)/6,
we have

De = f (Qp,b) · 2	/6Db, (9)

with f (Qp,b) = γe(Qs,b)/γb and 	 = Qp,e − Qp,b.
It is difficult to find a closed form for f (Qp,b) from theo-

retical analysis since complex prediction modes are involved.
Hence, we choose to model f (Qp,b) numerically. Videos were
encoded using different BL QSs and different 	. BL and EL
distortions were collected and shown in Fig. 3. It is observed
that 2	/6Db and De are linearly correlated, and the slope of
the linear function is nearly constant for different 	 .

Then, Eq.(9) can be formulated as

De = X1 · 2	/6Db + X0, (10)

where X1 and X0 are both model parameters, which can be
refined (or updated) along with the frame encoding using least-
square-error (LSE) criteria.

Model (10) can be easily extended to support multiple EL
encoding since the same encoding technologies, i.e., intra or
inter-layer prediction, are employed in all ELs. For each pair
of the two successive layers, the lower layer can be seen as
the virtual BL while the higher layer is the virtual EL. Then,
the extended model can be expressed as

Dk = X1,k · 2	k/6Dk−1 + X0,k, k = 1, 2, ... (11)

where the k is the layer number, and 	k = Qp,k − Qp,k−1.

C. Prediction Accuracy Verification in Real-time Coding

We conducted experiments to evaluate the model per-
formance under both quality and spatial scalabilities with
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TABLE I

Prediction Accuracy Comparison of Distortion Models Under Quality Scalability. QP={38(BL), 32(EL-1), 26(EL-2)}

Fig. 3. Illustration of linear approximation between De and 2	/6Db (Four
different sequences at CIF resolution with 30 frames per second (fps) were
encoded with two quality layers).

different coding structures, i.e., low-delay IPPP and high
efficiency H-B structures.

First, videos were encoded using quality scalability. Video
sequences at the CIF resolution with 30 frames per second
(fps) were encoded to a BL with QP = 38 and two ELs
with QPs of 32 and 26. Model parameters were refined frame
by frame along with the encoding using the actual encoded
data of previous frames through LSE. For the IPPP structure,
only the first frame is encoded as I frame, and the rest are
all P frames. For the dyadic H-B structure, GOP (group of
picture) length (denoted as GOPL) is 16. We have verified
the performance of the proposed model in comparison to
the work reported in [22] for EL encoding regarding quality
scalability. Experimental results are plotted in Fig. 4(a)(b) at
the frame basis. Meanwhile, Table I summarizes the root mean
squared error (RMSE) between the actual distortion and the
estimated values. These results show that the proposed model
outperforms the model in [22] with smaller RMSE.

Moreover, Fig. 4(c)(d) and Table II also show the model’s
performance for spatial scalability, where sequences with
QCIF and CIF resolutions were encoded with corresponding
QPs of 26 and 31, respectively. As we can see, the proposed

Fig. 4. Performance of the proposed distortion model for EL encoding,
(a) Quality scalability, IPPP, (b) Quality scalability, H-B, (c) Spatial scalability,
IPPP, (d) Spatial scalability, H-B.

TABLE II

Prediction Accuracy of the Proposed Model Under Spatial

Scalability. QP={26(BL),31(EL-1)}

model still provides high accuracy for distortion estimation at
the spatial EL.

III. Consistent Quality Control for SVC EL

Encoding

In streaming applications, it is annoying for humans to
watch video with flickering. Therefore, one of the goals for
streaming servers is to provide videos with smooth quality to
end-users. In this section, we present a model-based quality



IEEE TRANSACTIONS ON BROADCASTING, VOL. 59, NO. 4, DECEMBER 2013 721

control algorithm for SVC EL encoder to keep a constant
quality throughout the entire sequence, where the distortion of
each frame at the EL is controlled by adjusting the QP using
the proposed dependent D-Q model. The proposed scheme
mainly includes two steps, i.e., calculating QP for the EL and
updating model parameters frame by frame.

A. QP Derivation for EL Encoding

Given the target distortion at the EL and the available BL
QP information, the QP value of the EL Qp,e can be calculated
using (10) as

Qp,e = Qp,b + 6 · log2(
DT − X0

X1Db

), (12)

where DT is the target distortion in terms of the MSE. It is
noted that sometimes rough QPs will be derived for successive
frames due to the inaccurate estimation of model parameters.
To avoid visual quality flickering among successive frames,
Qp,e for current frame is bounded using

Q′
p,e = max{min{Qp,e, Q

n−1
p,e + 2}, Qn−1

p,e − 2}, (13)

Qp,e = max{min{Q′
p,e, 51}, 0}, (14)

where Qn−1
p,e is the QP of previous encoded frame.

B. Model Parameters Initialization and Refinement

1) Model Parameter Initialization: X0 and X1 have to
be estimated prior to using (12) for QP derivation. However,
encoded information is not available for parameter prediction
before encoding the first frame. Intuitively, for a given dis-
tortion requirement, a smaller QP is preferable for a video
sequence with complex spatial contents. On the other hand,
a video sequence with simple spatial textures may require a
larger QP. This indicates that model parameters are content
dependent. Inspired by this observation, we propose to predict
the parameters using the content features from the original
video signal.

Let P = [X1 X0]T , F be the parameter and content
feature vector, and W be the associated weighting matrix
for prediction. The model parameters can be calculated as
P = WF.

By analyzing the coding technologies for the I frame, e.g.,
prediction modes, through extensive simulations, we find that
that four content features are sufficient to provide the excellent
prediction performance. That is, F = [1 V M G S]T ,
where V denotes the averaged variances of 4x4 luminance
blocks in the first frame; M is the mean of luminance values
of all pixels; G =

∑h−2
i=0

∑w−2
j=0 g(Ii,j)/(3(h − 2)(w − 2)) is

the mean of the differences between adjacent pixels with
g(Ii,j) = (|Ii,j − Ii+1,j| + |Ii,j − Ii,j+1| + |Ii,j − Ii+1,j+1|), and

S =
(∑nMB

k=1

∑15
i=0

∑15
j=0 |Ik

i,j − Ik
dc|

)
/(1000nMB) denotes the

complexity measure of the first frame [21]. Here, w and h

stand for the image width and height, respectively. I(i, j)
represents the pixel value at the (i,j)-th location within the
frame, k means the order of MB, nMB is the total macroblock
number in a frame, and Ik

dc is the predicted value resulted from
the INTRA16 DC mode. All these four features are calculated
by analyzing the first frame from the original video sequence.

Fig. 5. The performance of proposed initial model parameters decision
method to derive the initial QP.

We also have found that the weighting coefficient matrix

W =

[
0.991 0.039 −0.07 −0.055 0.028

−0.837 −0.301 0.204 0.300 −0.799

]
(15)

is consistent for all video contents, which is derived us-
ing training sequences with different characteristics. These
training sequences are different from the sequences used for
performance evaluation.

Experimental results with regard to different target PSNRs
and Qp,b are shown in Fig. 5 to verify the performance of
the proposed model parameter initialization for EL initial QP
derivation. It is noted that the proposed scheme can estimate
the initial QP for the EL efficiently.

2) Model Parameter Refinement: Model parameters in
(12) should be updated frame by frame using the actual data
of previously encoded frames under the least squared error
criterion.

X1 =
nw

∑
χiDi

b

∑
Di

e − ∑
χiDi

b

∑
Di

e

nw

∑
(χiDi

b)2 − (
∑

χiDi
b)2

, (16)

X0 =
1

nw

(∑
Di

e − X1

∑
χiDi

b

)
, (17)

where χi = 2(Qi
p,e−Qi

p,b)/6, and nw denotes the number of
previous frames before the current frame. nw is 20 in this
paper as suggested by [26].

Please note that the sliding-window and outlier removal
scheme proposed in [26] can be integrated in this paper to
further improve refinement efficiency.

IV. Performance Evaluation of the Proposed

Consistent Quality Control

To evaluate the performance of the proposed algorithm
for consistent quality control, it was implemented in the
SVC reference software JSVM 9.19.13 [11]. To maximize the
coding efficiency, the inter-layer prediction modes were set to
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Fig. 6. Frame level EL PSNR of “FixedQP”, “FS” (full search) and “Proposed” for CGS, (a) IPPP structure, (b) H-B structure.

“adaptive”. The algorithm was tested under the regular IPPP
and dyadic H-B coding structures, respectively. In both cases ,
test sequences were encoded with two quality layers. Similar
experiments can be carried out for spatial scalability. Seven
sequences with the CIF resolution at 30 fps were tested with
various target PSNR PSNRT , i.e., 41, 38, 35 and 32 in dB. For
the ease of discussion, the BL was encoded with a constant
QP. It is worthwhile to point out that the proposed scheme is
still effective when the BL is controlled with existing constant
quality control algorithms. To make QP difference between
successive layers reasonable [3], different BL QPs were used
for sequences with different contents.

It is noted that the techniques proposed in [8]–[9] can-
not be properly applied to H.264/AVC based SVC since
they are proposed specifically for non-scalable H.264/AVC,
MPEG-2 or FGS. Therefore, for fair comparison, we choose
the FixedQP scheme in JSVM and full search (FS) method as
the benchmark. In the FixedQP scheme, a logarithmic search
algorithm is adopted to find a QP for the entire sequence
generating an average PSNR which is closest to the target
PSNR. It is usually assumed that a constant QP for the entire

video sequence typically yields good coding performance and
uniform visual quality [7], [9]. As with the FS method, for
each frame, a QP generating a PSNR which is closest to
the target PSNR is decided by multiple encoding using all
possible 52 QPs. Such FS method can provide the optimal
result. The same encoding configurations were applied for
comparison.

Fig. 6 provides frame by frame PSNRs for different se-
quences for both IPPP and H-B coding structures. Average
performance of different algorithms are quantitatively sum-
marized in Table III and IV where the average absolute
difference μPSNR between target and actual PSNRs, and the
variance of the absolute differences σ2

PSNR are used as the
measurement, i.e., μPSNR = 1

N

∑N
i=1 |PSNRi

e − PSNRT | and
σ2
PSNR = 1

N

∑N
i=1 |PSNRi

e − PSNRT |2 − μ2
PSNR.

Meanwhile, R-D performance is presented using both av-
erage PSNR decrease (Bjφntegaard Delta-PSNR; in deci-
bels), denoted as BD-PSNR, and average bit rate increase
(Bjφntegaard Delta-BR; in percentage), denoted as BD-BR
[24]. The FixdedQP scheme serves as the reference. The re-
sults are listed in Table III, IV and V, respectively. Also, Fig. 7
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TABLE III

Averaged μPSNR and σ2
PSNR Under IPPP Coding Structure. {PSNRT = {41 dB, 38 dB, 35 dB, 32 dB}, Qp,b={28,32,36,40 for Soccer,

Football, Crew; 31,35,39,43 for Ice; 26, 30, 34, 38 for Vintage−Car, Night;}}

TABLE IV

Averaged μPSNR and σ2
PSNR Under H-B Coding Structure. {PSNRT ={41 dB, 38 dB, 35 dB, 32 dB}, Qp,b={26,30,34,38 for Soccer, Football,

Vintage−Car; 28, 32, 36,40 for Crew; 31,35,39,43 for Ice; 24, 28, 32, 36 for Flower;}, GOPL =16}

Fig. 7. Rate distortion curves comparison for both IPPP and H-B structures
under different schemes.

plots the average PSNRs of the encoded frames evaluated at
different bit rates.

From above extensive experimental results, we can derive
some conclusions as follows:

(1) For sequences with intensity motion, scene change or
encoded using the H-B structure, using the constant QP
for the entire sequence is not suitable for consistent
video quality control.

(2) Compared with the FixedQP scheme, the proposed al-
gorithm decreases the PSNR variation over the overall
sequence remarkably under the both coding structures,
and the PSNR values of each frame is closer to the

TABLE V

Performance Comparison Between Proposed Algorithm and

Method in [12] in Terms of Average RD Gain Over FixedQP

PSNRT , with μPSNR reduced by 57.26%, and σPSNR re-
duced by 78.03%. On the other hand, the performance of
the proposed method is very close to FS, which provides
the optimal results relying on exhaustive search.

(3) Prior to encoding the first frame, the proposed method
for model parameters prediction can give a suitable QP
for the first I frame to approach the PSNRT .

(4) The proposed algorithm has similar or superior R-D
performance to the other schemes. In other words, it
does not decrease the coding efficiency.

(5) Furthermore, the proposed method requires single-pass
process, which significantly reduces the complexity
compared with existing solutions. Thus, it is useful for
practical applications.

V. Conclusion

This paper presents an efficient algorithm for consistent
video quality control for enhancement layer encoding of
H.264/AVC based scalable video coding. With the knowledge
of coded frames at the co-located lower layer, such as the
distortion and quantization parameters, a dependent distortion-
quantization model is employed for enhancement layer en-
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coding which can well capture the distortion-quantization
behavior. Model parameters are initialized using four content
features extracted from the first frame before encoding, and
then they are refined and updated frame by frame using en-
coded data from previous frames. Experimental results demon-
strate that the proposed method yields consistent video quality
comparable to that using the optimal full search method, with
a significantly reduced complexity.
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