IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 27, NO. 10, OCTOBER 2017

2189

SSIM-Motivated Two-Pass VBR Coding for HEVC
Shiqi Wang, Member, IEEE, Abdul Rehman, Kai Zeng, Jiheng Wang, and Zhou Wang, Fellow, IEEE

Abstract— We propose a structural similarity (SSIM)motivated two-pass variable bit rate control algorithm for High
Efficiency Video Coding. Given a bit rate budget, the available bits are optimally allocated at group of pictures (GoP),
frame, and coding unit (CU) levels by hierarchically constructing
a perceptually uniform space with an SSIM-inspired divisive
normalization mechanism. The Lagrange multiplier λ, which
controls the tradeoff between perceptual distortion and bit rate,
is adopted as the GoP level complexity measure. To derive λ,
Laplacian distribution-based rate and perceptual distortion models are established after the first pass encoding, and the target bits
are dynamically allocated by maintaining a uniform Lagrange
multiplier level for each GoP through λ equalization. Within
each GoP, rate control is further performed at frame and CU
levels based on SSIM-inspired divisive normalization, aiming to
transform the prediction residuals into a perceptually uniform
space. Experiments show that the proposed scheme achieves
high accuracy rate control and superior rate-SSIM performance,
which is further verified by subjective visual testing.
Index Terms— Divisive normalization, High Efficiency Video
Coding (HEVC), structural similarity (SSIM) index, two-pass
rate control, variable bit rate (VBR) coding.

I. I NTRODUCTION

T

HE exponentially increasing demand for highdefinition (HD) and beyond-HD videos has been
creating an ever-stronger demand for high-performance
video compression technologies. The High Efficiency Video
Coding (HEVC) standard [1], jointly developed by ITU-T
Video Coding Experts Group and ISO/IEC Moving Picture
Experts Group (MPEG), was claimed to achieve potentially
more than 50% coding gain compared with H.264/AVC [2],
thanks to many novel techniques being adopted. At the
block level, an adaptive quadtree structure based on the
coding tree unit (CTU) is employed, and three new concepts,
namely, coding unit (CU), prediction unit (PU), and transform
unit (TU), were developed to specify the basic processing
unit of coding, prediction, and transform [3]. In contrast to
the 16 × 16 macroblock (MB) in H.264/AVC, the CTU size
can be L × L, where L can be chosen from 16, 32, 64, and a
larger size usually enables higher compression performance,
especially for HD and beyond-HD video sequences. At the
frame level, the flexible reference management scheme based
Manuscript received October 19, 2015; revised January 25, 2016 and
April 27, 2016; accepted June 8, 2016. Date of publication June 13, 2016;
date of current version October 3, 2017. This paper was recommended by
Associate Editor M. Hannuksela.
S. Wang is with the Department of Computer Science, City University of
Hong Kong, Hong Kong. (e-mail: shiqwang@cityu.edu.hk).
A. Rehman, K. Zeng, J. Wang, and Z. Wang are with the Department of
Electrical and Computer Engineering, University of Waterloo, Waterloo, ON
N2L 3G1, Canada (e-mail: sqwang1986@gmail.com).
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/TCSVT.2016.2580398

on the concept of reference picture set is adopted [4], which
efficiently manages reference pictures under the constraint
of limited decoded picture buffer. To further improve the
coding efficiency, the quality of each picture, according
to the reference structure, is optimized by adjusting the
quantization parameter (QP) and Lagrangian multiplier. These
unique features bring new challenges to the design of optimal
HEVC encoders.
In practice, many digital video applications are constrained
by limited storage space or bandwidth. Therefore, rate control
schemes have been widely employed in the encoder implementation. When delivering a compressed bitstream under
a bandwidth constraint, the goal of rate control is to avoid
overflow and underflow, and meanwhile optimize the overall coding efficiency. To perform efficient and accurate rate
control, appropriate rate and distortion models should be
established [5], [6]. Previous rate control algorithms were
proposed with specific considerations of the corresponding
video coding standards (for example, TM5 for MPEG-2 [7],
TMN8 for H.263 [8], and VM8 for MPEG-4 [9]). In view of
this, several rate control algorithms were proposed for HEVC,
targeting at achieving constant bit rate (CBR) coding. The
first rate control algorithm for HEVC was described in [10],
which was previously adopted into HM software. In [11],
considering the new reference frame selection mechanism,
rate-group of pictures (GoP)-based distortion and rate models
were established and ρ domain rate control was proposed,
where ρ denotes the percentage of zero coefficients in a frame
after quantization [12]. In [13], an adaptive rate control scheme
was presented by modeling the rate-quantization relationship with frame complexity, and Laplacian distribution-based
CTU level bit allocation was further developed to improve the
coding performance. In [14] and [15], Lagrange parameter (λ)
domain rate control was proposed and adopted in HM, where
the QP value for each frame is obtained from the corresponding λ value.
Although these CBR rate control algorithms have significantly improved the control accuracy and achieved desirable
coding performance, little investigation on perceptual relevant
rate control of variable bit rate (VBR) coding of HEVC has
been done. In the literature, there have been existing studies
on VBR for H.264/AVC coding [16]–[19]. Kamran et al. [20]
proposed a novel frame-level fuzzy VBR rate control scheme
for HEVC, which satisfies the buffer constraint and reduces
the fluctuations of QP and peak signal-to-noise ratio (PSNR)
simultaneously. In contrast to CBR coding, the advantage of
VBR is that it allows for a varying amount of output data
per time segment. Regarding the video compression scenario,
the video content is usually nonstationary, such that the
compression performance can be optimized if the output size
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of the video file is allowed to change over time. For example,
we can distribute fewer bits to the easier-to-code content and
reserve bandwidth and buffer capacities for the content that is
more challenging and requires more bitrates. Regarding the
two-pass VBR coding, the basic principle is that the first
pass is performed with constant QPs or CBR to collect the
information and infer the scene complexity. This information
is subsequently employed to guide bit allocation and adjust
the coding parameters in the second pass compression so
that higher coding performance and/or more consistent video
quality can be achieved. In this scenario, the fundamental issue
of bit allocation is to obtain the best quality under bit rate
constraint by optimally distributing the coding bits. Central to
such problems is rate–distortion optimization (RDO), which
attempts to optimize the perceptual quality of the whole
sequence D subject to the constraint Rc
min{D} subject to R ≤ Rc .

(1)

Such an RDO process can be converted into an unconstrained
optimization problem [21] by
min{J } where J = D + λ · R

(2)

where J is called the RD cost and λ is known as the Lagrange
multiplier that controls the tradeoff between R and D.
The way in which the distortion D is defined can have
a great impact on the perceptual quality of the encoded
video. Recently, a lot of work has been done to develop
objective quality assessment measures, which provide more
reliable predictions of perceptual image quality than mean
squared error (MSE) and PSNR [22]–[24]. In this paper,
we employ a structural similarity (SSIM) index-based quality
measure [25], [26]. SSIM has been widely applied in various
image/video processing areas due to its excellent compromise
between quality evaluation accuracy and computational efficiency. It is also proved to be more effective in quantifying
the suprathreshold compression artifacts, such as artifacts that
distort the structure of an image [27]. As a result, it has been
incorporated into key coding modules to improve the compression efficiency, including motion estimation, mode selection,
and rate control [28]–[38]. SSIM-based RDO schemes were
presented in [28]–[30] to improve the coding efficiency of
intra frames. Along this vein, perceptual RDO schemes for
inter-frame prediction and mode selection based on SSIM
were further developed in [31]–[33]. To adapt the input
video properties, SSIM-based mode selection and MB level
rate control methods were proposed in [34]–[38], which
employed a rate-SSIM curve to describe the relationship
between SSIM and rate. The Laplacian distribution-based rate
and distortion models that apply a reduced-reference quality
measure to approximate the SSIM index were established
in [39] and [40], and SSIM-based RDO coding technique
was presented. In [41], it is shown that the main difference between SSIM and MSE may be well accounted for
by a locally adaptive divisive normalization process, which
leads to a series of divisive normalization-based video coding
schemes [42]–[45] on the platforms of H.264/AVC and HEVC.
In this paper, we propose a perceptual two-pass VBR
scheme based on the SSIM-inspired divisive normalization

video coding mechanism. In particular, adaptive GoP, frame,
and CTU level rate control schemes are proposed by transforming the prediction residuals into a perceptually uniform
space. The contributions of this paper are as follows.
1) Based on the SSIM-inspired divisive normalization, the
prediction residuals are transformed into a perceptually
uniform space in HEVC, within which we perform the
GoP, frame, and CU level rate control.
2) At the GoP level, the RD performance is optimized by
dynamically balancing the λ value of each GoP, which
is derived adaptively by statistical perceptual distortion
and rate models. In this manner, the perceptually more
important GoPs are coded with more bits and vice versa,
leading to better RD performance.
3) At the frame level, the sum of absolute transformed
differences (SATD) in divisive normalization domain is
applied to model the frame complexity, and the encoding
QP for each frame is adaptively derived based on the
assigned coding bits.
II. D IVISIVE N ORMALIZATION -BASED
P ERCEPTUAL V IDEO C ODING
Following the divisive normalization framework [42]–[44],
[46]–[50], the discrete cosine transform (DCT) transform
coefficient of a residual block Ck is normalized with a positive
normalization factor f :
C(k) = C(k)/ f.

(3)

As such, the quantization process of the normalized residuals
for a given predefined Q s can be formulated as


|C(k) |

Q(k) = sign{C(k) }round
+p
Qs


|C(k)|
= sign{C(k)}round
(4)
+p
Qs · f
where p is the rounding offset in the quantization.
At the decoder, the dequantization and the reconstruction of
C(k) are performed as
R(k) = R(k) · f = Q(k) · Q s · f


|C(k)|
+ p · Q s · f.
= sign{C(k)}round
Qs · f

(5)

This implies that the QPs for each CU can be adaptively
adjusted according to the divisive normalization process. The
factor f , which accounts for the perceptual importance, is
derived from the SSIM index in the DCT domain [51]


(X (0) − Y (0))2
SSIM(x, y) = 1 −
X (0)2 + Y (0)2 + N · C1
⎞
⎛
 N−1
2
× ⎝1 −

(X (k)−Y (k))
N−1
⎠
 N−1
2
2
k=1 (X (k) +Y (k) )
+ C2
N−1
k=1

(6)

where X and Y represent the DCT coefficients of the original
and distorted blocks, respectively, N denotes the size of the
block, and C1 and C2 are constants according to the definition
of SSIM index [25]. Assuming that each CU contains l DCT
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blocks (such as 4 × 4), the normalization factors for dc and
ac coefficients are, therefore, defined as
1 l
X i (0)2 + Yi (0)2 + N · C1
fdc = l i=1
(7)
E
X (0)2 + Y (0)2 + N · C1

 N−1
2
2
1 l
k=1 (X i (k) +Yi (k) )
+ C2
i=1
l
N−1


f ac =
(8)
 N−1

E

k=1

(X (k)2 +Y (k)2 )
N−1

+ C2

where E(·) denotes the expectation operation over the whole
frame.
Following the divisive normalization process, a new distortion model that is consistent with the residual normalization process is defined to replace the conventional distortion
measures, such as SAD and MSE. In particular, the distortion
model is defined as the SSD between the normalized DCT
coefficients. Therefore, based on (2), the RDO problem is
given by
min{J } where J =

=

l N−1



(Ci (k) − Ri (k) )2 + λc · R

i=1 k=0
l

(X i (0)
i=1

− Yi (0))2

2
fdc
l N−1


(X i (k) − Yi (k))2

+

i=1 k=1
2
f ac

+ λc · R
(9)

where λc indicates the Lagrange multiplier defined in HEVC
codec, which is usually specified by the predefined quantization step Q s and modified by the reference level. As the
distortion model calculates the SSD between the normalized
original and distorted DCT coefficients, the Lagrange multiplier defined in HEVC λc is still applied in the divisive
normalization process.
The divisive normalization process transfers the perceptual
importance to the transform coefficients so that the coefficients
with lower normalization factors correspond to higher perceptual importance, and vice versa. However, there are several
critical limitations in the previous method.
1) The previous divisive normalization scheme only considers the perceptual characteristics within one frame.
However, as the content of video sequences evolve over
time, how to achieve divisive normalization across the
whole video sequences needs to be addressed.
2) The previous divisive normalization scheme did not
consider the constraint on the permissible coding bits.
A convenient way to implement divisive normalization
is to adjust the QP values. However, the QP values
will in turn determine the coding rate. As a result,
precise rate control is difficult if the previous direct
divisive normalization method is used. Therefore, a
practical problem is how to achieve efficient VBR rate

control within the perceptually uniform space specified
by divisive normalization.
3) The previous divisive normalization scheme is not standard compatible. In other words, the decoder has to
be changed in order to decode the bitstream. This is a
very significant drawback that may hinder the practical
adoption of the divisive normalization idea.
In this paper, all of these issues have been addressed. As such,
the RD performance can be significantly improved, and also
accurate rate control can be achieved in the VBR coding
scenario.
III. T WO -PASS VBR C ODING
In practical applications, the video content is usually nonstationary, as it may frequently vary from one scene to another
or from one frame to another. Intuitively, the QPs should be
different across GoPs and frames, so that more bits can be
allocated to the frames with higher complexity or perceptual
importance. It is widely recognized that maintaining a constant
MSE/PSNR does not ensure constant visual quality, as they
perform poorly on cross-content visual quality prediction. In
Section II, the divisive normalization scheme targets at transforming the prediction residuals into a perceptually uniform
space within a frame. To extend this philosophy to a video
sequence level, a VBR coding scheme is introduced, which
aims to generate variable rate output bitstreams subject to the
constraints on the dynamic ranges of bitrate and buffer size.
Compared with CBR coding, the advantage of VBR lies in that
it can further improve the overall coding efficiency. However,
in order to optimally allocate the bit budget into different
GoPs and frames, the encoder needs access to the statistics
of each frame before the actual encoding. As a result, lookahead processing is adopted to meet this requirement [18]. In
particular, we perform actual encoding with a constant QP in
the first pass to collect the statistics.
The flowchart of the two-pass rate control algorithm is
presented in Fig. 1. The first pass encoding is performed
with a fixed QP, and the statistics are recorded for the second
pass. Before the second pass encoding, the scene complexity
model is employed for GoP bit allocation by establishing
the Laplacian distribution-based R-Q and D-Q relationships.
Subsequently, the optimal number of coding bits is assigned
to each GoP, which is further adjusted during the second
pass encoding process. When encoding each frame, the framelevel R-Q model is established by the frame complexity
estimation method in the divisive normalized domain, and the
corresponding QP is finally obtained for each frame. At the
CU level, each CU is then encoded with the derived QP and
divisive normalization factor.
To be consistent with the default HEVC settings, in
this paper, the GoP sizes in low-delay (LD) and random
access (RA) configurations are 4 and 8 frames, respectively.
Such GoP structure can also be termed as rate-GoP [11], [52],
which allows a flexible hierarchical reference structure to
improve the coding performance. In particular, the frames that
will get more referenced are better when coded with lower QP
values to ensure the overall coding performance. The reference
structures in LD and RA settings are demonstrated in Fig. 2,
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whole video sequence. In particular, the minAVG criterion is
formulated as
n

Di
(11)
min{D} where D =
i=1

where Di denotes the MSE in the divisive normalization
domain for the i th GoP. Since the statistics of the input
video can be obtained in the first pass coding, the perceptually uniform space is constructed at the scale of the whole
sequence, within which the expectation quantity E(·) in (8)
is estimated. According to the divisive normalization process,
the frames with the same MSE in the pixel domain may
produce different Di values, as smaller normalization factors
are assigned to the more important frames from a perceptual
optimization perspective.
Assume that the Lagrange multiplier of the i th GoP is λi .
Theoretically, the optimal λi is obtained by calculating the
derivative of the RD cost Ji with respect to Ri , then setting
it to zero. From (2), it is formulated as

Fig. 1.

d(Di + λRi )
d Di
d Ji
=
=
+ λi = 0
(12)
d Ri
d Ri
d Ri
which leads to
d Di
λi = −
.
(13)
d Ri
To achieve the minimization of D, the optimal strategy is
to maintain a constant level of λi for all GoPs [57]

Flowchart of the proposed two-pass rate control algorithm.

λ1 = λ2 = · · · = λi = λn .

Fig. 2.

Hierarchical reference structures for (a) LD and (b) RA.

where L1 and L3/L4 refer to the most and the least important
layers, respectively.
A. GoP Level Bit Allocation
First, we treat a GoP as an individual time segment for
bit allocation. In this paper, we formulate the optimal bit
allocation for perceptual VBR coding as
min{D} subject to

n


Ri ≤ Rc

(10)

i=1

where Ri represents the coding rate for each GoP, and Rc is
the constraint on the total permissible rate.
In the literature, the distortion criteria can be classified into
two categories: minimum distortion variance [53]–[55] and
minimum average distortion (minAVG) [56]–[58]. In general,
most minAVG methods can allocate more coding bits to frames
with higher complexity. However, perceptual cues are not
considered. Here, the overall quality of the whole video is
defined as the average distortion in terms of the SSIM-based
divisive normalized MSE for each GoP. As such, the CU
level divisive normalization principle is naturally extended to
GoP level, resulting in a perceptually uniform space over the

(14)

A brief proof of this solution in the scenario of VBR coding is
shown in the Appendix. The philosophy behind this approach
is that for all GoPs, regardless of the content, the slope of the
R-D curve should be the same. In other words, on the same
variation of bit rate, the change of distortion for each GoP
should be approximately equal to each other.
To find the optimal λ value, we start with an initial guess
∗
and iteratively
n adjust ∗it until the best λ is obtained with the
constraint i=1 Ri (λ ) = Rc [59]. It is noted that λ here is
not λHEVC as specified by the encoder. For example, in HM
codec, λ is only determined by the frame type, QP, and frame
level, regardless of the properties of the video content. In view
of various video contents, the λ derivation should be adapted
to the properties of the input sequences (statistical properties
of residuals, structural information, and so on) [39], [60].
For the same QP value with different residual energies, the
optimal λ spans a wide range [42].
To derive λ-Q and R-Q relationship for each GoP, statistical
models of both rate and distortion should be established.
In video coding, Laplace distribution, which is a special case
of the Generalized Gaussian distribution, shows a good tradeoff between model precision and computational complexity.
The density of the transformed residuals x in divisive normalization domain that is modeled with Laplace distribution is
given by
 −·|x|
·e
2
where  is called the Laplacian parameter.
f Lap (x) =

(15)
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Considering the quantization process with quantization
step Q 1 and rounding offset γ , the distortion and rate can
be modeled as [39], [60]

(Q−γ Q)
D = α·
x 2 f Lap (x)d x
−(Q−γ Q)
∞  (n+1)Q−γ Q


+2




(x − n Q)2 f Lap (x)d x

n=1 n Q−γ Q

R = β · −P0 · log2 P0 − 2

∞



Pn · log2 Pn

(16)

n=1

where α and β are control parameters to ensure the accuracy
of the estimation, which are estimated by the true coding
bits and distortion in the first pass. The probabilities of the
transformed residuals that are quantized to the zeroth and
nth quantization levels P0 and Pn are computed based on the
Laplace distribution
 (Q−γ Q)
P0 =
f Lap (x)d x

Pn =

−(Q−γ Q)
(n+1)Q−γ Q

f Lap (x)d x.

Fig. 3. Variations of laplapian distribution parameter. (a) RaceH orses@
WQVGA. (b) PartyScene@WVGA. (c) K imono@1080P. (d) Park Scene
@1080P. Frame number is in coding order.

(17)

n Q−γ Q

Finally, closed-form solutions for (16) are derived as
follows:
αQ · eγ Q (2 + Q − 2γ Q) + 2 − 2eQ
2 (1 − eQ )
β
R=
ln2

D=

· − 1 − e−(1−r)Q ln 1 − e−(1−r)Q + e−(1−γ )Q


γQ
Q
× ln 2 − ln(1 − e ) − γ Q +
.
1 − e−Q
(18)

The final Lagrange multiplier can be determined by incorporating the closed-form solutions of R and D into (13).
Therefore, the efficient bit allocation is based upon the
statistics collected from the first pass compression, including
the following.
1) The number of coding bits of each frame.
2) The coding distortion of each frame, which is evaluated
in terms of the divisively normalized MSE
κb  N−1 (X i (k)−Yi (k))2
D̃ =

i=1

k=0

f i2

(19)
κb · N
where κb denotes the total number of blocks in each
frame, and f i denotes the locally adaptive divisive normalization factor to establish the perceptually uniform
space across the whole sequence.
3) The QP of each frame.
4) The frame-level Laplacian parameter  that models
the transformed residuals in the divisive normalization
domain.
1 Here, Q specifies the quantization step of the entire GoP, and frame-level
quantization step is obtained by altering it based on the reference level [4].

As the Laplacian parameter is computed in divisive normalized domain, this implies that the derivation of λ automatically
considers the perceptual factors by computing it with the
residual distribution in a perceptually uniform space. For
example, there are two GoPs with the same prediction residual
distribution but different perceptual importance, in which the
first GoP is more important with a smaller normalization
factor. This results in different Laplacian distributions, and
finally leads to variations on encoding QPs.
It is observed that the distribution of the normalized transform coefficients in different scenes has different shapes.
Moreover, the content of the same scene may also evolve over
time. As a result, the variations of the Laplacian parameter 
are very significant, as shown in Fig. 3. In general, a lower 
value implies a more complex frame with larger energy of
residuals. As different scenes represent different activities and
motion features, the parameter  will vary from one scene
or one GoP to another. The optimal Lagrangian multiplier
derived from (13) is shown in Fig. 4, which confirms that
λopt increases monotonically with Q but decreases with .
It should be noted that the same λopt but different  values
correspond to different Q values.
Assuming that for GoP i and j , we have i >  j at QP
values Q i and Q j . When Q i =Q j , the Lagrangian multiplier
relationship for the low complexity GoP i and high complexity
GoP j is then λi < λ j . This indicates that for the same change
of bit rate R, we have Di < D j , where D denotes the
change of distortion. To achieve the optimal solution on the
minimization of the overall distortion, more bits should be
allocated to GoP j than GoP i , so that the overall distortion
can be minimized. One feasible way of achieving this is to
decrease Q j and increase Q i . As λ increases monotonically
with Q, decreasing Q j and increasing Q i will narrow the
gap between λi and λ j , until the convergence point λi = λ j .
Otherwise, it is always beneficial to perform bit allocation to
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time instance t (in frames) is described as

 −t0
t · Ravg − ti=1
Ri , if t ≥ t0
Bt =
t · Ravg ,
otherwise.

(21)

To avoid underflow and overflow at the decoder, the buffer
occupancy should satisfy
0 ≤ Bt ≤ Bc

(22)

where Bc is the buffer capacity. This would generate the upper
and lower bounds of the coding bits for each frame. In practice,
to meet this constraint, the number of target bits is clipped as
follows:
Rn = min{RUB , max{ R̄n , RLB }}

Fig. 4.

Optimal λ as a function of  and Q [42].

achieve better overall quality. Therefore, with λ equalization,
more coding bits can be automatically allocated to the GoP
with higher priority, so that the perceptual quality of these
frames and the whole video sequence are finally improved.
B. Frame-Level Rate Control
Given the bit rate distribution for each GoP, the task of the
frame-level rate control is to derive an appropriate QP value
for each frame. To maintain the hierarchical reference structure
within each GoP, we adopt a similar strategy as in [14], such
that more important frames according to the reference structure
in each GoP can be allocated more bits. In particular, the
frame-level bit allocation is performed as
R̄n =

RGoP − RCGoP

· ωn
i∈ NC ωi

(20)

where ωn denotes the weight for the current nth frame and
NC is the frame set of uncoded frames in the current GoP.
RGoP is the target bits for the current GoP and RCGoP is the
consumed bits for the already coded frames. The weights ω
for each frame are defined as in [14]. It is worth noting that
although the weights ω are the same as that defined in [14],
because the derived RGoP values for each GoP are different
in [14] and the proposed rate control methods, the resulting
R̄n values are not identical. For example, for a sequence
with 1000 frames, we may have 125 GoPs in RA setting,
and the allocated bits for each GoP between the two schemes
may be different. In particular, as the RGoP value in the
proposed scheme is obtained by considering the perceptual and
the residual characteristics, more bits will be allocated into
the perceptually more important GoPs so that better coding
performance can be achieved.
In practice, a buffer constraint has to be applied to ensure
that any burst-of-data are limited to a controllable degree [61].
In particular, assume that t0 is the decoding delay in terms of
the frame number and Ravg is the average bits allocated to each
frame, and then the occupancy status of the decoder buffer at

(23)

where RUB and RLB are the upper and lower bounds that
are derived from (21) and (22). In this process, the buffer
model may revise the target bits at the frame level, such that
the number of the target coding bits may deviate from the
desired amount. Fortunately, the buffer constraint is in effect
only when buffer overflow or underflow occurs. If RLB ≤
R̄n ≤ RUB , then the buffer constraint is ineffective, and we
have Rn = R̄n . In words, as long as the number of allocated
bits is within a certain range, the buffer status would be safe.
After obtaining Rn , accurate and feasible rate model is
required to automatically compute the QP given a target
bit rate. Though (18) provides a solution in modeling the
R-Q relationship, it is difficult to directly compute the QP
from the input R. In this approach, both the frame complexity and perceptual importance should be considered in the
R-Q model. Following the RD analysis in H.264/AVC [62],
HEVC [6], [13], and TM5 [7], we apply SATD in divisive
normalization domain for complexity modeling, which can be
formulated as
R = ξ · χ/Q

(24)

where ξ is the model parameter and χ denotes the relative
complexity computed by


n η

· Rn−1
· Q n−1 .
(25)
χ=
n−1
Here, n denotes the frame number of the currently to be

encoded frame and Rn−1
is the actual number of coding bits
of the previously encoded frame. n denotes the accumulated
complexity obtained from the first to the current nth frames
n
0.5n−i · DN_SATDi
(26)
n = i=0 n
n−i
i=0 0.5
where DN_SATDi denotes the SATD in the divisive normalization domain. The parameter η is a constant and 
set to be 0.4.
The relative weight of each frame μi = 0.5n−i / ni=0 0.5n−i
ensures that it decreases exponentially as the distance between
the i th to the currently encoded nth frame increases. In Fig. 5,
we plot the trend of μi when n − i ranges from 0 to 10
for n = 100 000. It is observed that the first few frames that
are close to the nth frame play a key role in n , whereas the
influences of the frames with long distances are negligible.
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Relationship between u i and n − i.

In practice, the accumulated complexity can be obtained
iteratively in the following fashion:
n
n−i · DN_SATD
i
i=0 0.5
n
n =
n−i
0.5
i=0
n−1
n−i · DN_SATD + DN_SATD
0.5
i
n
i=0
=
. (27)
n−1
n−i
+1
i=0 0.5
Therefore,
after encoding the (n
− 1)th frame, the values of
n−1
n−1
n−i · DN_SATD and
n−i are stored for the
0.5
i
i=0
i=0 0.5
computation of n , such that n can be calculated iteratively
with low complexity.
The parameter DN_SATDi estimates the perceptual complexity at the frame level by computing the SATD in the
divisive normalization domain. As such, the residuals with
more perceptual importance are amplified because of the
lower divisive normalization factors. In Fig. 6, the mismatch
of the generated bits and estimated bits with the divisive
normalization domain SATD is demonstrated. It shows that
the discrepancy per frame is relatively small, which verifies
the accuracy of the rate model.
Finally, given the target bit rate Rn for the current frame,
the corresponding quantization step is calculated as
ξ ·χ
.
(28)
Qn =
Rn
C. CU Level QP Adjustment
The CU level QP adjustment is performed by dynamically
assigning each CU an appropriate QP value according to
its relative importance. Since the frame-level coding bits are
derived in the perceptually uniform domain, it becomes natural
to perform divisive normalization for each CU. In particular,
the divisive normalization factor for each CU is given by

 N−1
2
1 l
k=1 2X i (k)
+ C2
i=1
l
N−1
 .

(29)
f =
E

 N−1

2X (k)2
N−1

k=1

+ C2

Fig. 6.
Actual versus estimated coding bits. (a) HEVC test sequences
(Class D in CTC). (b) HEVC test sequences (Class E in CTC).

Again, as in (8), l denotes the number of DCT blocks in
each CU, N denotes the size of the block, and X represents
the DCT coefficients of the original blocks from the input
frame. It is worth mentioning that to be compatible with the
HEVC standard, only ac coefficients are applied to derive the
divisive normalization factor. Moreover, the applied divisive
normalization factor is slightly different from the one directly
derived from the SSIM index because before coding the
current frame, the distorted frame is not available. Therefore,
the distorted signal Y is replaced by the original signal X in
the calculation of the divisive normalization factors.
From (29), it is observed that the spatially adaptive divisive
normalization factor is highly dependent on the content of
the local CU, and further determines its relative perceptual
importance. To make the scheme fully standard compatible,
as specified by HEVC, the QP at CU level is signaled
into the bitstream. In particular, assuming that the derived QP
from the target coding bits for the current nth frame is QPn ,
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TABLE I
P ERFORMANCE C OMPARISON BASED ON THE R-λ M ETHOD [14] (LDB_M AIN )

it is given by

A. Performance Evaluation of the Proposed Algorithm

QP = Qstep2QP(QP2Qstep(QPn ) · f ) − QPn

(30)

where Qstep2QP(·) and QP2Qstep(·) refer to the mapping
function between QP and the quantization step. This implies
that the CUs that are less important are quantized more
coarsely as compared to the more important CUs. In this
manner, the bits from the regions that are perceptually less
important, are borrowed and assigned to the regions with
more perceptual relevance, leading to the perceptually uniform
space within each frame. This provides the foundation of the
proposed rate control algorithm, such that the optimization
in GoP, frame, and CU levels is all achieved in the divisive
normalization domain.
IV. VALIDATIONS
To validate the proposed scheme, we integrate it into
the HEVC reference software HM13.0 [63]. All test video
sequences are in the YCbCr 4:2:0 format. Two categorizes
of video sequences are used in the experiment. First, we
verify the proposed scheme to encode the video sequences
that are concatenated by different video shots, which can
better reflect the cross-content quality prediction ability of
the employed measure. Subsequently, the performance of the
proposed algorithm is evaluated on test sequences in HEVC
common test condition (CTC) to further demonstrate the rate
control performance.

The performance is evaluated in terms of Bjontegaard (BD)Rate [64] and rate control accuracy. In particular, the rate
control accuracy is measured in terms of the bit rate error
BitErr =

|Rtarget − Ractual |
× 100%.
Rtarget

(31)

The performance of the proposed scheme in terms of
the BD-Rate and rate control accuracy is summarized
in Tables I and II, where coding configurations RA Main
(RA_Main) and LD_B Main (LDB_Main) are tested. Each test
video is generated by concatenating three or four video shots
with different statistical properties but the same frame rate.
The test sequences cover various resolutions from WQVGA
to 1080P. The names of these sequences are simplified as
Seq1∼Seq7, following the order of Tables I and II. In these
experiments, the rate control performance of the CBR R-λ
model (anchor) in the HM software [14] and the proposed
SSIM-motivated rate control strategy (proposed) are compared. Moreover, the CTU level rate control in HM software
is also applied. Both SSIM and MS-SSIM [65] are used as
distortion measures when calculating the BD-Rate. It can be
observed that the proposed scheme can significantly improve
the SSIM and Multi-scale SSIM (MS-SSIM) indices at the
similar bit rate. When evaluating the performance with BDRate, on average in terms of SSIM, 24.7% bit rate reduction
for LDB_Main and 21.7% bit rate reduction for RA_Main
are observed. This is because of the unified construction of
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TABLE II
P ERFORMANCE C OMPARISON BASED ON THE R-λ M ETHOD [14] (RA_M AIN )

Fig. 7.

RD performance comparison in terms of SSIM and MS-SSIM for sequences in Tables I and II. (a)–(d) LDB_Main. (e)–(h) RA_Main.

the perceptually uniform space at GoP, frame, and CU levels,
which jointly improve the coding performance at the expense
of two-pass encoding. The bit rate errors for LDB_Main and
RA_Main cases are all within 1%, enabling its applications in
real scenarios.
The RD curves for the sequences in Tables I and II are
provided in Fig. 7. It can be observed that the proposed
algorithm has better R-D performance for both high and
low bit rate coding. Moreover, the RD performance of the

constant QP coding strategy is also illustrated, which usually
lies between the proposed and R-λ methods. This further
demonstrates the superior performance of the proposed scheme
over both R-λ and the constant QP coding strategies.
To further study the perceptual video quality-ofexperience (QoE) of the proposed algorithm, an experiment
is conducted to evaluate the RD performance in terms of the
recently proposed SSIMplus index [66], [67]. The unique
feature of SSIMplus is that it can provide device-adaptive,
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TABLE III
R ATE -D ISTORTION P ERFORMANCE E VALUATED IN T ERMS OF SSIMplus

Fig. 8. Demonstration of the bit consumption, buffer status, QP, and SSIM
indices for Seq4 (RA_Main, target bitrate: 2179.1 kb/s). (a) Coding bits. (b)
QP. (c) SSIM. (d) Buffer occupancy of CBR. (e) Buffer occupancy of constant
QP. (f) Buffer occupancy of the proposed scheme.

Fig. 9. Demonstration of the bit consumption, buffer status, QP, and SSIM
indices for KristenAndSara (LDB_Main, target bitrate: 111.8 kb/s). (a) Coding
bits. (b) QP. (c) SSIM. (d) Buffer occupancy of CBR. (e) Buffer occupancy
of constant QP. (f) Buffer occupancy of the proposed scheme.

cross-resolution, and cross-content predictions of the
perceptual quality in real-time, and therefore, the properties
of display devices and viewing conditions are fully considered.
In Table III, we demonstrate the RD performance of the
proposed method in terms of different devices, including the
default, iPhone, iPad, TV, monitor, and laptop. The results
indicate that our method consistently improves the coding
performance in different viewing environments.
To further demonstrate the performance of the proposed
method, in Fig. 8, we provide the variations of the coding bits,
QP, SSIM indices, and buffer status when the middle portion
of the video is more complicated and perceptually important.
In this scenario, if CBR coding is applied, the quality of the
middle portion will be significantly decreased, as shown in
Fig. 8(c) (anchor case). This may lead to perceptual quality
variations and poor QoE. By contrast, the proposed VBR strategy improves the quality of the middle portion by allocating
more coding bits. This is achieved by decreasing the QP values
of corresponding GoPs, as shown in Fig. 8(b). Due to the
constraint on the total permissible coding bits, the first and

last portions, which are less complicated are hence allocated
with fewer coding bits, as shown in Fig. 8(a). In Fig. 8(d)–(f),
the corresponding buffer occupancies of the CBR, constant
QP, and VBR strategies are demonstrated, and we can observe
that both the anchor and proposed algorithms maintain that the
buffer status is at a secure level. Moreover, for the proposed
scheme, the low bit rate encoding of the first portion allows
one to reduce the probability of rebuffing and stalling at the
future complex portions such that the quality of the second
video portion can be significantly improved. The SSIM indices
as a function of the frame index are shown in Fig. 8(c).
To quantitatively evaluate the variations, the standard deviations of the anchor and proposed schemes in terms of SSIM
indices are computed, which are 0.0990 and 0.0443, respectively. As SSIM is able to efficiently predict the visual quality
across different contents, lower SSIM difference between
different scenes indicates lower video quality fluctuation. One
can also discern that although our approach does not impose a
smooth term in the quality evaluation, more bits are allocated
into the middle portion, so that the reconstructed video is much
smoother in quality with low SSIM variance. This originates
from the divisive normalization-based rate control approach,
which automatically allocates more bits to the areas that may
create more perceptual distortion and therefore results in more
consistent video quality over time.
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TABLE IV
P ERFORMANCE C OMPARISON ON HEVC CTC S EQUENCES BASED ON THE R-λ M ETHOD [14]

TABLE V
P ERFORMANCE C OMPARISONS W ITH C ONSTANT QP E NCODING (LDB_M AIN )

TABLE VI
P ERFORMANCE C OMPARISONS W ITH C ONSTANT QP E NCODING (RA_M AIN )

For another example, which has low variation in content, we
compare the VBR and CBR coding results in Fig. 9. As the
content of the video does not show significant variation over
time, the proposed method behaves similarly to the anchor
approach. As such, the SSIM improvement mainly originates
from the CU level divisive normalization approach, as the
allocated bits for each GoP are quite similar. It is also observed
that because the GoPs are coded with similar number of bits,
the SSIM indices versus frame index is also very smooth for
both the anchor and the proposed methods.
The rate control performances on test sequences in HEVC
CTC are demonstrated in Table IV. In this experiment, the test
video sequences are much simpler, as only one or two scenes
are included. The bit rate reductions in Table IV illustrate
that, on average, the proposed scheme achieves rate reductions
of 11.4% for LDB_Main and 5.3% for RA_Main in terms
of SSIM indices. For fixed MS-SSIM, the rate reductions
for LDB and RA cases are 14.7% and 7.6%, respectively.
The performance comparisons between constant QP coding
and the rate control approaches including R − λ and the
proposed methods are demonstrated in Tables V and VI.
It is observed that for HEVC CTC sequences, the R − λ
scheme cannot improve the coding performance in terms of

either SSIM or MS-SSIM. By contrast, the proposed method
significantly improves the performance compared with the
constant QP coding configuration. Moreover, it is also noted
that the bit rate reduction is not as significant as the test case
when the video sequences contain large variations of content.
In general, the two-pass rate control schemes work better
for video sequences that include both simple and complex
scenes.
B. Subjective Performance Evaluation
We further carried out two subjective quality evaluation tests
based on a two-alternative-forced-choice method to verify this
scheme. This method is widely adopted in psychophysical
studies, where in each trial a subject is forced to choose the
one he/she thinks to have better quality from a pair of video
sequences. For each subjective test, we selected six pairs of
sequences with different resolutions. Each pair is repeated
four times in a random order. In the first test, the sequences
are compressed by R-λ and the proposed methods at the
same bit rate but with different SSIM levels. In the second
test, the sequences were coded to achieve the similar SSIM
levels (where the proposed scheme uses much lower bit rates).
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TABLE VII

TABLE IX

SSIM I NDICES AND B IT R ATES OF T ESTING S EQUENCES U SED
IN THE S UBJECTIVE T EST (S IMILAR B IT R ATE
B UT D IFFERENT SSIM I NDICES )

C OMPLEXITY E VALUATION OF THE P ROPOSED S CHEME

C. Encoding Complexity Evaluation
TABLE VIII
SSIM I NDICES AND B IT R ATES OF T ESTING S EQUENCES U SED
IN THE S UBJECTIVE T EST (S IMILAR SSIM I NDICES
B UT D IFFERENT B IT R ATES )

We evaluate the complexity of the proposed scheme in terms
of the actual encoding time. In particular, the computational
complexity T is evaluated as
T =

Tpro
× 100%
Torg

(32)

where Torg is the encoding time of the one-pass constant QP
coding. Tpro is the encoding time of the proposed two-pass
method with the target bit rate generated by the one-pass
constant QP coding.
The computational complexity comparison is reported in
Table IX in which both high bit rate and low bit rate
coding are tested. The sequences from WQVGA to 1080P
are evaluated in both RA and LDB cases. The test was
carried out on an Intel 3.40-GHz Core processor with
12-GB RA memory. Compared with constant QP coding, on
average the computation complexity of the proposed method is
211.2% for LDB and 214.1% for RA cases. In addition to the
two-pass encoding, the added complexity overhead is mainly
due to the calculation of the divisive normalization factor, GoP
level bit allocation, and the frame/CU level QP values.
V. C ONCLUSION

Fig. 10. Subjective test results (in terms of the percentage in favor of the
anchor). (a) Mean of preference for individual subject (1–20: subject number).
(b) Mean of preference for individual sequence (1–6: sequence number).

Tables VII and VIII list all the test sequences as well as their
SSIM indices and bit rates. In total, 20 subjects participated
in the experiments.
The results of the subjective tests are reported in Fig. 10.
In each figure, the percentage by which the subjects are in
favor of the anchor against the proposed scheme is demonstrated. As can be observed, when the sequences are compressed with a similar bit rate, the subjects are inclined to
select the proposed method for better video quality. On the
contrary, for the similar quality case, it turns out that for almost
all cases, the percentage is close to 50%. These results provide
useful evidence that the proposed method improves the coding
performance in terms of a better compromise between bit rate
and subjective quality.

We propose an SSIM-motivated perceptual two-pass VBR
rate control scheme for HEVC, aiming to optimize the overall
quality of video sequences under the bit rate budget. The
novelty of our approach lies in the hierarchical construction of a perceptually uniform space at GoP, frame, and
CU levels based on the SSIM-inspired divisive normalization
mechanism. The superior performance of the proposed scheme
is demonstrated using the reference software HM whereby
the proposed method achieves significantly higher coding
efficiency. Visual quality improvement is also observed when
compared with the conventional schemes.
A PPENDIX
From (10) and (11), the constrained optimization problem
for GoP level bit allocation can be formulated as follows:
min

n

i=1

n


Di (Ri ) subject to
Ri ≤ Rc

(33)

i=1

where i indicates the position of each GoP. This can be
converted into an unconstrained problem by considering the
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RD cost Jv and Lagrange multiplier λv of the whole video
sequence


n
n


(34)
Di (Ri ) + λv Rc −
Ri .
Jv =
i=1

i=1

Differentiating Jv with respect to Ri and λv , the optimal
solution of the constrained problem is given by


d ni=1 Di (Ri )
d ni=1 Ri
− λv
=0
∀i,
d Ri
Ri
n

Rc −
Ri = 0
(35)
i=1

leading to [59]
d D1
d D2
d Dn
=
= ··· =
= λv
d R1
d R2
d Rn
with constraint
n

Ri = Rc .

(36)

(37)

i=1

ACKNOWLEDGMENT
The authors would like to thank the Associate Editor
and anonymous reviewers for their valuable comments that
significantly helped improve the quality of this paper.
R EFERENCES
[1] G. J. Sullivan, J.-R. Ohm, W.-J. Han, and T. Wiegand, “Overview of the
High Efficiency Video Coding (HEVC) standard,” IEEE Trans. Circuits
Syst. Video Technol., vol. 22, no. 12, pp. 1649–1668, Dec. 2012.
[2] T. Wiegand, G. J. Sullivan, G. Bjøntegaard, and A. Luthra, “Overview
of the H.264/AVC video coding standard,” IEEE Trans. Circuits Syst.
Video Technol., vol. 13, no. 7, pp. 560–576, Jul. 2003.
[3] I.-K. Kim, J. Min, T. Lee, W.-J. Han, and J. Park, “Block partitioning
structure in the HEVC standard,” IEEE Trans. Circuits Syst. Video
Technol., vol. 22, no. 12, pp. 1697–1706, Dec. 2012.
[4] H. Li, B. Li, and J. Xu, “Rate-distortion optimized reference picture
management for High Efficiency Video Coding,” IEEE Trans. Circuits
Syst. Video Technol., vol. 22, no. 12, pp. 1844–1857, Dec. 2012.
[5] S. Ma, W. Gao, and Y. Lu, “Rate-distortion analysis for H.264/AVC
video coding and its application to rate control,” IEEE Trans. Circuits
Syst. Video Technol., vol. 15, no. 12, pp. 1533–1544, Dec. 2005.
[6] S. Ma, J. Si, and S. Wang, “A study on the rate distortion modeling
for High Efficiency Video Coding,” in Proc. IEEE Int. Conf. Image
Process. (ICIP), Sep./Oct. 2012, pp. 181–184.
[7] MPEG. TM5, accessed on May 2016. [Online]. Available:
http://www.mpeg.org/MPEG/MSSG/tm5
[8] J. Ribas-Corbera and S. Lei, Rate Control for Low-Delay Video Communications, document TMN8, ITU-T, Video Codec Test Model, ITUT/SG15, Portland, OR, USA, Jun. 1997.
[9] T. Chiang and Y.-Q. Zhang, “A new rate control scheme using quadratic
rate distortion model,” IEEE Trans. Circuits Syst. Video Technol., vol. 7,
no. 1, pp. 246–250, Feb. 1997.
[10] H. Choi, J. Nam, J. Yoo, D. Sim, and I. Bajić, “Rate control based on
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