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Abstract—The accuracy of the side information (SI) is critical
in the performance of distributed video coding algorithms. The
side information is typically built at decoder based on the
reconstructed data and on channel coding parity bits transmitted
by the encoder. The optimal encoding rate is generally difficult to
compute precisely due to the dynamics of video content with vary-
ing correlation. Effective methods for the refinement of imprecise
side information are therefore important for improved decoding
quality. In this paper, we propose to exploit the intrinsic property
of channel coding algorithms in Wyner-Ziv video coding. The
side information is refined via both the information-plane and the
parity-plane bits, which rapidly increases the accuracy of refined
SI. We use extrinsic information transfer (EXIT) chart analysis
in order to estimate the variations of the mutual information
in the iterative decoding. In particular, we characterize mutual
information variations for punctured regular and irregular rate-
compatible Low-Density Parity-check (LDPC) codes. Tracking
the mutual information changes permits to decrease the coding
rate of the information and parity bitstreams, while preserving
the decoding quality. Simulations results confirm that our method
improves on the decoding quality of recent distributed video
coding algorithms, especially for high-motion sequences or at
high coding rate regime.

Index Terms—Distributed video coding, Side information,
EXIT chart, LDPC codes.

I. Introduction
Distributed video coding (DVC) has proposed a new

paradigm in image and video compression [1] where effective
and low complexity compression can be achieved if source cor-
relation is properly exploited at decoder. Constructive solutions
for distributed video coding are based on Wyner-Ziv (WZ)
coding [2] [3]. In most existing WZ video coding schemes, the
video frames are grouped into key and WZ frames [4]. The
key frame is similar to an Intra-frame and is encoded using
conventional video coding methods. The WZ frame coding
is based on the channel coding principles, e.g., Turbo [5]
[6], Low-Density Parity-Check (LDPC) [7] [8], and Fountain
[9] codes, and parity data only is sent to the decoder for
WZ frames. In the decoder side, side information (SI) is
created from the key frame and other decoded frames through
motion-compensated interpolation/extrapolation methods. The
WZ frames are then decoded by joint processing of the SI
and parity bits from the encoder. While such a process looks
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pretty attractive in many applications, WZ video coding has
still not reached the compression efficiency performance of
conventional video coding solutions despite important research
efforts.

One of the limitations of DVC resides in the suboptimal
quality of the side information used for decoding the WZ
frames [6]. This has three main causes. First, the WZ data is
composed of parity bits, which are decoded with the SI. The SI
is estimated at decoder by interpolation or extrapolation from
previously decoded key and WZ frames. The more correlation
is the side information to the source, the higher the Slepian-
Wolf [10] [11] and Wyner-Ziv compression performance.
Second, the statistical dependency between the original frame
and the SI is often seen as a virtual “correlation channel” [2]
and the parity bits are used to correct the correlation noise
through channel decoding. The efficiency of WZ coding has
thus a strong dependence on the correct estimation of the
number of parity bits, or equivalently on the accuracy of the
correlation noise model. In practice, video sources exhibit a
spatial and temporal correlation structure with highly varying
statistics, which renders variable correlation models very use-
ful but difficult to construct. Third, as video coding typically
results in variable length code design, the channel coding used
on DVC has to rely on the rate-compatible capabilities of
practical channel coding algorithms. This typically limits the
performance of DVC compared to the theoretical performance
bounds. Overall, the performance depends on the SI accuracy,
on the effective estimation of the channel rate, and on the
error correction capabilities of channel codes. In this paper,
we address the issues by refinement of the side information in
order to improve the rate-distortion performance of WZ video
coding.

Traditionally, the mechanisms for SI refinement and channel
decoding are designed separately. We propose here to study
the improvement of the side information by exploiting the
intrinsic properties of channel decoding. In particular, we
analyze the iterative operations of the LDPC channel decoder
and the convergence of the iterative WZ decoding process
with an Extrinsic Information Transfer (EXIT) chart analysis
[12]. The change in extrinsic mutual information reflects the
evolution of the correlation in the SI refinement process.
Based on this analysis, the convergence properties of the
iterative decoding can thus be explicitly taken into account
in the SI refinement process. The correlation between refined
side information and original information data can further
be used to adjust the bit rate of the parity and information
data streams. The decoding performance is finally optimized
by formulating a conditional optimization problem, which is
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solved through an interior-point method [13]. We show by
experiments that the exploitation of the intrinsic properties of
channel coding techniques leads to improved performance in
WZ video coding. In particular, our novel algorithm is able
to outperform recent DVC schemes at high coding rate or
for high motion video sequences. We finally note that our
new SI refinement method is generic, such that it can be
extended to other side information types and other channel
coding algorithms different than LDPC.

The rest of the paper is organized as follows. In Section II,
we briefly review the design of DVC algorithms with a special
attention to LDPC-based algorithms and side information
improvement methods. In Section III, we describe our new SI
refinement method. In Section IV, we solve the problem of the
side information refinement in a WZ video coding structure.
In Section V, we give the solution of rate minimization in
a WZ video coding structure. The experimental results are
provided in section VI. Finally, the conclusion and future work
are presented in Section VII.

II. Distributed Video Coding Overview

A. Distributed Video Coding Systems

We first give a quick overview of DVC systems, which are
generally implemented with a feedback channel. The overall
structure of DVC video codec is shown in Fig.1. The frame
structure typically includes key frames (i.e., I-frames) and WZ
frames. The key frames are traditionally intra-frame coded
(for example with H.264/AVC and JPEG). The coding of WZ
frames is the core of DVC, which consists of a quantizer
followed by a Slepian-Wolf encoder which encodes the raw
data [14] or the DCT coefficients [2] of the WZ image. In
more details, the most popular WZ coding algorithms operate
as follows: the raw frame undergoes a transform (such as
DCT), and the resulting DCT coefficients are quantized. The
quantized coefficients are represented with bitplanes, which
form binary sequences encoded through channel coding (such
as Turbo and LDPC). The resulting parity bits output is
the final WZ coding results. At the other end, the decoder
reconstructs the key frames, and the WZ frames with help
of side information. It generates the SI in two steps. First,
it interpolates or extrapolates the previously decoded frames.
Then, it employs the same process as the encoder to generate
the coefficient bitplanes, which are approximate versions of
the bitplanes generated at encoder. Channel decoding is then
performed with help of the transmitted parity bits and the SI
to decode the WZ frame, which is reconstructed after inverse
quantization and inverse transform. The decoder can request
additional parity bits from the encoder through a feedback
channel in order to decode the WZ frame successfully. This
is called a “request-and-decode” process [2]. Although the
feedback channel may induce high latency, it leads to easier
optimization of the encoding rate and to more accurate and
flexible SI in DVC systems.

B. WZ Video Coding Using LDPC and RC-LDPC

The first Wyner-Ziv coding schemes adopt Turbo coding [5]
or Trellis codes [15]. Turbo coding is built using a parallel con-
catenation of recursive systematic convolutional codes, whose

Fig. 1. Distributed video codec paradigm.

performance in term of BER is close to the Shannon limit
[16]. It is proved that Turbo and LDPC codes, respectively,
are used to approach arbitrary points on the SW bound [17].
The works in [18] [19] [20] show that LDPC codes might be a
powerful alternative to turbo codes for DVC. The work in [21]
proposes two classes of rate-adaptive distributed source codes
design: rate-adaptive LDPC Accumulate (LDPCA) codes and
Sum LDPC Accumulate (SLDPCA) codes, which perform
within 10% and 5% of the Slepian-Wolf bound in the moderate
and high rate regimes, respectively. And the work in [8]
presents a rate-compatible LDPC-based SW coding scheme,
which focuses on non-binary LDPC codes of moderate code
length case. However, the main drawbacks of the above codes
are the high decoding complexity and high latency, which
may make them unsuitable in practice. More researches focus
on the low complexity channel coding design while keeping
the performance of DVC. In practice, it is also desirable
to vary the rate of encoders. Then, puncturing the LDPC
codes to provide different output bitrates and thus different
error-correction ability is a common used method, which is
called rate-compatible LDPC (RC-LDPC). It is proved that
capacity-achieving codes of any rate can be constructed by
puncturing some original LDPC code with a small enough
rate [22]; this property is very suitable to variable video
coding. Besides, it is worthy to note that punctured RC-
LDPC shows advantages in low complexity rate-compatible
coding provision. Thus, recently, the works in [23] and [24]
provide a degree distribution design and puncturing method
for SW coding. Those works show great potentials in using
rate-compatible LDPC (RC-LDPC) codes to provide a flexible
WZ video coding. However, much work remains to be done
in order to construct an architecture that achieves good RD
performance in RC-LDPC-based WZ video coding.

C. SI Refinement in Wyner-Ziv Coding

In general, one of the key steps in effective WZ coding
consists in constructing accurate side information, which is
very important for the decoding of the WZ frames. The
important SI refinement step is achieved by updating and
improving the SI during decoding. We can distinguish two
main classes of methods.

The first class for SI generation and refinement uses motion
compensated interpolation/extrapolation or hash-based motion
estimation methods, which can be further classified into
two sub-classes. One is using motion compensated interpola-
tion/extrapolation at the decoder, and the other is using hash-
based motion estimation method from the encoder.

Motion compensated interpolation/extrapolation SI refine-
ment methods use the information available at decoder to
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improve the side information. Typically, the generation and re-
finement of the SI mainly depend on the motion-compensated
interpolation/extrapolation that is performed either in the tem-
poral [25], spatial [26] or transform domain [6]. First, the tem-
poral domain methods use motion compensation techniques
in order to estimate the initial SI. Then they decode the SI
and the parity data and keep on updating the SI during an
iterative decoding process [25]. Second, refinement in the
spatial domain is based on learning from previously decoding
low-resolution data in order to refine the motion estimation
at decoder, which in turn improves the quality of the SI
for higher resolution data [26]. Third, in transform domain
refinement methods, the decoder improves the SI accuracy
in the DCT domain and corrects the data in different DCT
bands through learning of the error patterns in the previously
decoded bands [6]. Most the above methods are however based
on the assumption that the motion in the video sequence
is smooth [27]. For video sequences with high motion, the
accuracy of the SI unfortunately drops quickly. Thus, some
works have proposed to estimate motion trajectories with
regressive methods [28] [7] and to use the motion trajectories
for correcting the reconstructed pixels. This results however
in high computational complexity at decoder and in low
efficiency in sequences with quick or violent motions, long
group of pictures (GoP) or noisy reference frames.

Hash-based motion estimation methods use extra informa-
tion from the encoder in order to improve the side information.
In particular, additional hash-like information is produced by
the WZ encoder in order to improve the prediction accuracy.
For example, the encoder can generate hash codewords corre-
sponding to the coordinates of reference blocks [29]. It then
sends the hash codewords and the parity bits together to the
decoder. The purpose of hash codewords is to aid the decoder
in accurately estimating the motion [30]. Common Hash-based
generation methods include i) spatial domain hash codewords,
where pixel subsampling is used to get the spatial block infor-
mation, along with edge detection to extract moving objects
and gradient direction estimation to extract block features;
ii) frequency domain hash codewords that directly exploit
information in the frequency domain (e.g., low frequency
DCT coefficients) as additional information [29]. Most hash-
based motion estimation methods are used to generate the SI
reliably, such as adopting motion-compensated interpolation
and quality enhancement [31], or using partial information to
estimate the rate-distortion characteristic [32], or incorporating
knowledge of the correlation channel statistics and extracting
additional information from the hash [33], or using overlapped
block motion estimation to create high quality SI [34]. For the
SI refinement, the work in [35] proposes side-information-
dependent (SID) model in the transform domain and gives
an efficient online SID estimation. This method enables bit
plane successive refinement, which leads to progressive im-
provement of the SI accuracy. Moreover, the work in [36]
introduces hash-based overlapped block motion estimation and
compensation (OBMEC) with hybrid subsampled matching
(SSM) and block matching to further improve the quality of
SI refinement.

The second class of methods refine the SI from the parity

Fig. 2. Side information refinement process.

information. In their seminal paper [5], Aaron and Girod have
proposed to lower the coding rates through puncturing the
parity bits. This implies that the SI quality can be refined
through additional parity bits subsets. When the channel
decoding module uses the parity bits and the SI to decode the
original frame, the decoder in fact corrects the errors due to
the virtual “correlation channel” between the side information
and the WZ frames. According to the principle of channel
coding, additional parity bits therefore can help to improve the
error correction ability of channel decoding. The methods that
use additional parity bits are regarded as feedback channel-
based DVC algorithms. If this feedback from the channel
output is provided to the encoder during the refinement stage,
it can significantly facilitate the implementation of optimum
codes [37] [38]. Thus, most WZ video coding solutions use
a feedback channel (FC) based decoder rate control strategy
in order to adjust the bitrate and correct the errors in the SI.
The feedback-based architectures are based either on pixel [2]
[14] or transform domain WZ coding [39] [40]. An evaluation
of the systems based on feedback channels is proposed in
[41]. Finally, it should be noted that the use of a feedback
channel between the encoder and the decoder defines an
interactive procedure that is not always possible in some DVC
applications. In these cases, effective encoder rate control
[42] or residual frame estimation based on machine learning
methods [43] might be used for improving side information.

Two main bottlenecks remain in the critical steps of improv-
ing the SI. First, the video signals are generally pretty complex
and hard to estimate, so that accurate SI is hard to construct at
decoder. Second, the parity bits of the WZ frame may not be
sufficient for successful decoding when the error correction
capabilities are exceeded due to the low quality of the SI.
These two problems are generally addressed independently.
However, this separation is suboptimal, as both problems are
intimately related. For example, inaccurate SI might result in
failure of the LDPC decoder when the channel coding rate
is not sufficient. We propose in this paper a novel method to
consider both problems jointly. We build on our recent work
[44] and study jointly the LDPC decoding process and the SI
refinement in WZ video coding. In particular, we exploit the
intrinsic property of channel coding for improving the WZ
decoding performance.

III. SI RefinementModel
A. SI Refinement Formulation

Let XN = {x1, ..., xN} be a binary source sequence of length
N. Let YN = {y1, ..., yN} and X̂N

= {x̂1, ..., x̂N} be the SI and
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Fig. 3. WZ video coding with EXIT chart-based side information refinement.

reconstructed sequence at decoder, respectively. Define ZP =

{z1, ..., zP} as the subset parity data from the encoder, which
is also in binary. In the WZ decoding process, the decoder
uses the side information YN and the parity bits ZP from the
encoder to form an estimate X̂N

of the source sequence XN .
Let YN

(0) be the estimated SI. The initial SI estimate YN
(0) and the

parity bits ZP are both used as the inputs of channel decoder
to form the first refined SI YN

(1), as follows,
{y1, ..., yN} × {z1, ..., zP} −→ YN

(1) (1)

The SI is further refined along the decoding process, as
illustrated in Fig.2. In particular, the SI can be refined via
either the information or the parity plane, and the choice of
the method is determined through an optimization engine. The
choice is typically oriented towards the plane that results in
the fastest channel decoding convergence through EXIT chart
analysis. We describe each method below.

Definition 1 (Information-plane SI Refinement): A refined
SI codeword for the source X is obtained by additional
information bits from the encoder. In particular, the encoder
sends the information-plane bits XRs = {q1, ..., qRs }, where Rs

is the number of original WZ bits, which is used to update the
SI. First, XRs is used for updating YN

(1) into ŶN
(1); then, joint

decoding of ŶN
(1) and the original parity bits ZP leads to the

refined SI YN
(2), as follows,

ϕ :

 YN
(1) + XRs −→ ŶN

(1)

ŶN
(1) × {ZP} −→ YN

(2)

(2)

Definition 2 (Parity-plane SI Refinement): A refined SI
codeword for the source X is obtained by refining the SI Y
with additional parity bits. The encoder sends the parity plane
ZRc , where Rc is the number of additional parity bits. The
original parity ZP, the new parity plane ZRc and the SI YN

(1)
are then jointly used to provide refined SI YN

(2) as follows,
ψ : YN

(1) × {ZRc + ZP} −→ YN
(2) (3)

The decoding performance can be improved either from
information-plane or parity-plane. The problem becomes to
determine which plane can better improve the mutual infor-
mation between X and X̂, such that the channel decoding
converges faster. Since each refinement scheme leads to dif-
ferent performance under different correlation characteristics,
we propose to optimize both schemes in next paragraphs. We
use an analysis of the correlation information to improve the
SI refinement strategies of Definitions 1 and 2.

B. Correlation Noise Model in SI Refinement
The channel decoding process starts by converting the SI

to virtual channel input information. Through tracking the

mutual information change, the convergence performance of
channel decoder (the successful decoding) can be predicted
[45] [12]. We introduce an EXIT chart to analyze the mutual
information changes due to information-plane and parity-plane
bitstreams, respectively. The mutual information is a function
of correlation noise threshold. Since the correlation between
X and Y is modeled as the input and output of a noise
channel with variance σ2

n, better side information quality
denotes a lower noise σ2

n, which in turn leads to a lower rate
for achieving a given decoding quality. In our system, each
SI refinement step leads to the update of the channel noise
variance σ2

n. In order to obtain the noise estimate, we design a
pilot-assisted correlation channel estimation algorithm, where
the pilot symbol sequence {WZ1, ...,WZη} is a binary sequence
of η symbols (a small subset of the original frame). This pilot
symbol sequence is transmitted together with the parity data.
The decoder correlates the received sequence with the pilot
symbol sequence and estimates the initial σ2

n as
σ2

0 = E
[(

WZk − S
′
k
)2
]
−

[
E
(
WZk − S

′
k
)]2

(4)

where the S
′

k, k ∈ [1, η] represents the corresponding value in
the current SI. Next, we deduce the noise variances during SI
refinement.

We first consider the information-plane SI refinement. When
the encoder sends the information-plane bits XRs = {q1, ..., qRs },
the information bits can directly be used in SI refinement. The
correlation between XN and YN is improved; accordingly, the
noise variance decreases. We denote this decrement by ∆σ2

1,
which leads to

∆σ2
1 =

1
N

[
(q1 ⊕ y1)2 + (q2 ⊕ y2)2 + ... + (qRs ⊕ yRs )

2] (5)

In this case, the noise variance directly decreases without
channel decoding process.

Now, let pe,s = Fs(r̊c, σ
2
n), where pe,s is the bit-error-rate

(BER) of the channel decoding, and r̊c = N/(N + P) is the
channel coding rate. It describes the iterative decoder’s error
probability under fixed information bitrate, which is a function
of both coding rate and noise variance. The function Fs(·, ·) has
no closed-form expression, but can be estimated empirically.
Once the correlation noise has been updated according to Eq
(5), the BER is modified as pe,s = Fs(r̊c, σ

2
n − ∆σ2

1).
The decoder then uses the updated SI and the parity bits in

order to form the refined SI. Since both Y and X̂ in WZ video
coding are computed in the Galois field GF(2) for channel
decoding, the correlation noise variance after decoding is

σ̆2
n =

1
N

(
pe,s × N

)
= pe,s = Fs(r̊c, σ

2
n − ∆σ2

1) (6)

The evaluation of the correlation noise permits to analyze
the performance of the decoder. If σ̆2

n < σ
2
th, no additional

bits are needed because the current information plane bits are
sufficient for the decoding, where σ2

th be the noise threshold
of successful channel decoding.

We now consider the SI refinement from parity-plane bits, as
given in Definition 2. When the encoder sends the parity data
ZRc , the BER decreases after channel decoding, accordingly,
the correlation between X̂ and Y is improved and the noise
variance decreases. Similarly to the above analysis, we define
pe,c = Fc(r̊c, σ

2
n) as the empirical formula that describes the

iterative decoder’s error probability under fixed parity bitrate
r̊c. Then, the noise variance decrement is

∆σ2 = σ2
n −

1
N

(
pe,c × N

)
= σ2

n − pe,c (7)

Accordingly, the current correlation noise variance after this decoding
is
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σ̆2
n = σ

2
n − ∆σ2 = pe,c = Fc(r̊c, σ

2
n) (8)

Finally, if σ̆2
n < σ

2
th, no additional bits are needed because the

parity bits are sufficient for decoding.
Obviously, the SI refinement algorithm includes two alter-

native refinement paths: one from information-plane and the
other from parity-plane. Both schemes are intimately linked
with the performance of channel decoding. In the next section,
we analyze this performance in WZ coding with LDPC codes.

IV. WZ Video Coding with Refined SI

In this section, we present the WZ video coding architecture
with the proposed SI refinement process. We present the use
of rate-compatible LDPC (RC-LDPC) to provide flexible WZ
video coding. We propose to exploit the intrinsic property of
channel coding algorithm in WZ video coding for refining the
SI. In particular, we estimate the mutual information variations
due to the SI refinement in LDPC decoding through an EXIT
chart analysis approach. Through this analysis, we can define
the rates of information and parity bits that are needed for
proper decoding. This results in better rate-distortion perfor-
mance in WZ video coding.

A. WZ Frame Codec Structure Embedded with Proposed SI
Refinement

We consider the WZ video coding architecture illustrated
in Fig.3. In the WZ frame coding stage, the DCT, quan-
tization and variable-length coding (VLC) follow the key
(intra) frame coding process. Then, the binary source sequence
is encoded as the parity output of the RC-LDPC encoder.
Let XN = {x1, ..., xN} be the binary source sequence. The
LDPC encoder, with codeword length M, is characterized by a
N × (M−N) generator matrix G. The parity bits are generated
from ZM−N = XNG. With RC-LDPC, the variable code rate
r̊c =

N
M can be achieved by puncturing techniques. It generates

the compatible output ZP = {z1, ..., zP}, where P ≤ M−N. The
output of RC-LDPC encoder is cached into two buffers, one
is for parity plane bits ZP and the other is for information
plane bits Xs (this part can also use a Hash function to further
improve compressibility).

At the decoder, the parity data ZP from the encoder and
the initial SI YN

(0) is used as the input of the LDPC decoder.
The initial SI is obtained from the key frame. After the first
LDPC decoding, the SI is updated to YN

(1). Then, the refined SI
YN

(2) can be obtained from the information part by 1) decoding
the current parity plane {ZRc +ZP} and the previous SI version
YN

(1); or 2) decoding the previous and current information plane
{YN

(1) + XRs }, and the previous parity plane bits ZP from the
encoder. The decoder is allowed to run a maximum of L
iterations, and if convergence has not been reached, decoding
is considered to have failed. In order to predict the convergence
performance of the LDPC decoding independently, an EXIT
module is introduced through keeping track of the change in
mutual information. This helps to properly adapt the bitrates
of information or parity planes sent by the encoder.

It is worth to mention that we do not use motion estimation
module in the video decoder. Instead, the initial SI YN

(0)
is a simple copy from the results of key frame. Those SI

generation algorithms such as motion-compensated interpola-
tion/extrapolation can work together with proposed structure
to further improve the accuracy of YN

(0).
Finally, we recall the major changes between the framework

(EXIT-SI-WZ) in Fig.3 and the conventional DVC architecture
(C-WZ) in Fig.1: (1) the binary source is entropy coded data in
EXIT-SI-WZ, and is DCT coded in C-WZ; (2) EXIT-SI-WZ
employs the I frame data as the initial SI such that it does
not need the motion estimation module in the decoder. These
differences have two main consequences. First, if the binary
data is DCT data, the decoder should also use the DCT data
and may need to support lower error correction ability, and
the WZ decoder needs entropy decoding or other modules.
Second, if the binary data is entropy coded, the decoder can
directly use the Intra data; the channel coding module needs
to support stronger error correction ability, however the WZ
decoder is simpler. From the viewpoint of channel coding, the
difference between the DCT and entropy coded data resides
in the correlation process, which determines the bit-length of
coding results.

B. SI Refinement During RC-LDPC Decoding

The RC-LDPC decoder is characterized by a P × (N + P)
parity check matrix H. The output X̂N

is decoded from the
available parity data ZP and the refined SI. The SI refinement
process is actually embedded in the LDPC decoding algorithm.
Generally, the decoding of LDPC codes can be represented
by a message passing algorithm on the bipartite graph. The
message between variable and parity check nodes represents
the Log Likelihood Ratio (LLR) of a symbol 0 or 1. The
bipartite graph has N + P variable nodes corresponding to the
codewords ŶN

and ZP along with P check nodes correspond-
ing to the codeword ZP. Let P( j) denote the set of check nodes
connected to the variable node j; P( j)\i represents the set P( j)
excluding the i-th variable node. Accordingly, let Q(i) denote
the set of variable nodes that participate in the i-th parity-
check node; Q(i)\ j represents the set Q(i) excluding the j-
th check node. Since the statistical dependency between the
source binary sequence X and the SI Ŷ can be regarded as a
virtual correlation noise channel, the channel model between X
and Ŷ complies with the Laplacian distribution [35] [46] [47],
fx|y(x) = α2 e−α|x−y|, where α is the model parameter, given by
correlation noise variance σ2

n =
2
α2 . Recall that the LLR of a

binary valued random variable can be written as

f j = ln
p
(
x j = 0|Y)

p
(
x j = 1|Y) = ln

α
2 e−α|0−y j |

α
2 e−α|1−y j |

= α(1 − 2y j) =

√
2
σ2

n
(1 − 2y j)

(9)

The LDPC decoding can typically be performed with ef-
ficient implementations such as [48]. It follows an iterative
process, after initialization where each variable node j is
assigned a posteriori LLR: L(x j) = ln

{
p(x j = 0|y j)/p(x j =

1|y j)
}
= f j. Then, after iteratively check-node update, variable-

node update, and decision processes, we can get the final
output of the decoder, X̂.

Besides, we control both information-plane and parity-plane
data request through the feedback channel. In order to reduce
the load, we design a 2-bits feedback scheme. The first bit
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represents whether the feedback data is needed. For example,
‘1’ denotes that the decoder needs the feedback data; while
‘0’ expresses that current LDPC decoding is successful and
needs no additional data. The second bit demonstrates that the
decoder needs information-plane or parity-plane data, which is
also distinguished by ‘1’ and ‘0’. In the WZ encoder, assume
there are W bits entered into the RC-LDPC encoder in a frame.
That is, the RC-LDPC encoder runs W

N times for a WZ frame.
Then, the total length of feedback is W

N ×Num× 2 bits, where
Num is the request times.

Next, we provide below details about the EXIT chart
analysis that permits to characterize the performance of the SI
refinement, and to compute the necessary rates for information
and parity bits.

C. Mutual Information Variations in RC-LDPC Decoding
In this work, we introduce an EXIT chart analysis [12]

[49] to deduce the mutual information variations in the LDPC
decoding process. It helps to estimate the match between
the information and parity planes and to predict the de-
coding performance. The sets of variable and check nodes
in the LDPC decoder are referred as the variable-node de-
coder (VND) and check-node decoder (CND), respectively.
Decoding is performed by iteratively exchanging extrinsic
information between the VND and CND [50] [12]. During
each iteration, we compute the mutual information IA

VND and
IE
VND of the input and output of VND, which represent the

mutual information changes of the variable nodes. We also
compute the mutual information IA

CND and IE
CND of the input

and output of CND, which represent the mutual information
changes of the check nodes. During iterative decoding, the
extrinsic output of the CND is fed back to the input of the
VND as a priori knowledge, that is IA

VND = IE
CND. The iterative

decoder for a LDPC code of length M can be viewed as a
Tanner graph that has M variable nodes and M − N check
nodes. A variable node is involved in dv check nodes and a
check node checks dc variable nodes. Generally, the ensemble
of regular LDPC codes is denoted by G(M,N, dv, dc, r), where
the design rate is r = N/M. For regular LDPC codes, the EXIT
function of a degree-dv variable node is given by

IE
VND(IA

VND, dv, σ
2
n, r) = J

(√(
dv − 1

)[
J−1(IA

VND)
]2
+ σ2

n

)
(10)

where σ2
n is the noise variance. The functions J(·) and

J−1(·) are given in [12], as J(σch) = 1 −
∫ ∞
−∞

e−(ξ−σ2
ch/2)2/2σ2

ch√
2πσ2

ch

·
log2[1 + e−ξ]dξ. Further details on the interpretation of the
EXIT function are given in [49] and approximate expressions
are given in the appendix in [12].

We now extend the EXIT chart analysis and the analysis of
the mutual information to RC-LDPC decoding with respec-
tively punctured regular and irregular ensembles used in WZ
coding.

Theorem 1: An ensemble of punctured regular RC-LDPC
codes is denoted by G(M,N, dv, dc, rp) , where N

M =
dc
dv

. Then
the mutual information function of inner VND IE

VND is

IE
VND(IA

VND, dv, σ
2
n, rp) =(1 − r

rp
) · J

(√(
dv − 1

)[
J−1(IA

VND)
]2
)

+
r
rp
· J

(√(
dv − 1

)[
J−1(IA

VND)
]2
+ σ2

n

)
(11)

Proof: The proof is given in Appendix A. �

We now propose two corollaries that define the mutual
information in the output and input CND functions IE

CND and
IA
CND.

Corollary 1.1: An ensemble of punctured regular RC-
LDPC codes is denoted by G(M,N, dv, dc, rp). Then the mutual
information function of output CND function is

IE
CND(IA

CND, dc, σ
2
n, rp) = 1 − J

[ √
dc − 1 · J−1(1 − IA

CND)
]

(12)

Corollary 1.2: An ensemble of punctured regular RC-
LDPC codes is denoted by G(M,N, dv, dc, rp). Then the mutual
information function of input CND function is

IA
CND(IE

CND, dc, σ
2
n, rp) = 1 − J

[
J−1(1 − IE

CND)
√

dc − 1

]
(13)

The proofs of the corollaries are similar to the proof of
Theorem 1 given in Appendix A.

We illustrate the above results in an example with a regular
LDPC mother code of block length 2048 and rate 0.5. The
degree pair is dv = 3 and dc = 6. This mother code is used
to construct the RC-LDPC coder in WZ video coding. We
show both the EXIT analysis curves as well as the simulation
results for this RC-LDPC code. First, we implement half
rate mother LDPC codes with a regular structure. Then, we
can accurately predict the convergence threshold under each
code rate through tracking the mutual information changes.
We calculate the EXIT analysis curves using the results of
Theorem 1 and Corollary 1.2. Since IA

VND = IE
CND, we show

the EXIT analysis curves of Eq.(13) and Eq.(11) visually in
one figure, as illustrated in Fig.4. The blue line is the CND
curve of Eq.(13) and the red line is the VND curve Eq.(11)
under rates r̊c=0.5, 0.65, 0.8, respectively. We can observe that
with the regular LDPC mother code of length 2048 and rate
0.5, when Eb/N0 = 1.2dB, the two curves match closely. This
shows that the decoder can keep an open convergence tunnel
when the SNR is greater than 1.2. Thus, the noise threshold
is 1.2dB for rate r̊c=0.5. This means that, when the noise is
below the thresholds, the LDPC decoding can be successful
in the WZ video decoding process. Furthermore, we see that,
when r̊c=0.65 and 0.8, the noise thresholds rise to 2.5dB and
4dB, respectively.
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Fig. 4. EXIT chart analysis for differ-
ent rate r̊c under regular LDPC.
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Fig. 5. EXIT chart analysis for differ-
ent rate r̊c under irregular LDPC.

Although the puncturing scheme is tailored to regular codes,
it is also directly applicable to irregular parent ensembles. In
the case of an irregular LDPC code, its Tanner graph G has
varying variable node degrees and varying check node degrees.
The degree distributions of these two types of nodes can be
represented as two polynomials, λ(x) =

∑
i λixi−1, where λi

indicates the fraction of edges that are connected to variable
nodes of degree i; and polynomial ρ(x) =

∑
i ρixi−1, where ρi

is the fraction of edges incident to check nodes of degree i.
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The evaluation of the mutual information in irregular LDPC
codes is given by the following theorem.

Theorem 2: An ensemble of punctured irregular RC-LDPC
codes is denoted by G(M,N, λ(x), ρ(x), rp). The mutual infor-
mation function of inner VND is

IE
VND(IA

VND, λ, σ
2
n, rp) =

dv∑
i=1

{
λi(δi) · J

(√
(i − 1)

[
J−1(IA

VND)
]2
)

+λi(1 − δi) · J
(√

(i − 1)
[
J−1(IA

VND)
]2
+ σ2

n

)}
(14)

where δ(x) is the puncturing distribution of the irregular LDPC
code, and δ(x) = δ1 + δ2x + ... + δdv xdv−1.

Proof: The proof of Theorem 2 is given in Appendix B. �
We further have the following corollaries that define the

mutual information in the CND functions for irregular LDPC
codes.

Corollary 2.1: An ensemble of punctured irregular RC-
LDPC codes is denoted by G(M,N, λ(x), ρ(x), rp). Then the
mutual information function of the output CND function is

IE
CND(IA

CND, ρ, σ
2
n, rp) = 1 −

dc∑
j=1

ρ j · J
[ √

j − 1 · J−1(1 − IA
CND)

]
(15)

Corollary 2.2: An ensemble of punctured irregular RC-
LDPC codes is denoted by G(M,N, λ(x), ρ(x), rp). Then the
mutual information function of the input CND function is

IA
CND(IE

CND, ρ, σ
2
n, rp) = 1 − J

[
J−1(1 − IE

CND)∑dc
j=1 ρ j ·

√
j − 1

]
(16)

The proof of the corollaries 2.1 and 2.2 are similar to the
proof of Theorem 2 given in Appendix B.

We now illustrate the above results with an irregular LDPC
mother code of block length 8100 and rate 0.5. The degree
distribution pair is λ(x) = 0.5x + 0.3x2 + 0.2x7 and ρ(x) = x6.
We will use this mother code to construct RC-LDPC in perfor-
mance analysis of proposed WZ video coding. We show both
the EXIT curves as well as simulation results for RC-LDPC
codes in Fig.5. First, we implement half rate mother LDPC
codes with an irregular structure. Then, we can accurately
predict the convergence threshold under each code rate through
tracking the mutual information changes. We calculate the
EXIT curves using the results of Theorem 2 and Corollary
2.2. Fig.5 shows pairs of EXIT curves for RC-LDPC codes
at rates r̊c=0.5, 0.55, 0.6, respectively. The blue line is the
CND curve in Eq.(16) and the red line is the VND curve in
Eq.(14) under different rates. We can observe that with the
irregular LDPC mother code of length 8100 and rate 0.5,
when Eb/N0 = 2.8dB, the two curves match closely. This
demonstrates that the decoder can keep an open convergence
tunnel when the SNR is greater than 2.8dB. Thus, the noise
threshold is 2.8dB for a rate r̊c=0.5. When r̊c=0.55 and 0.6,
the noise thresholds increase to 3.5dB and 4.2dB, respectively.

The above results are used to predict the performance of
the LDPC decoder, and thus to choose proper channel rates.
The performance of LDPC codes typically exhibits a threshold
phenomenon under iterative decoding. The LDPC decoding
over various channels is successful only when the noise level
is below some threshold. Conventionally, the convergence
behavior of the decoder is analyzed through using density
evolution (DE) techniques. The EXIT chart analysis that we
propose to use in WZ video coding is a simpler method than
the DE algorithm; it also provides better accuracy in prediction
of the convergence threshold [51]. In this work, the objective

of the EXIT functions is to determine the noise thresholds of
the RC-LDPC codes under different rates. The noise threshold
for successful decoding is finally computed by

σ2
th = inf

σn

{
σ2

n

∣∣∣∣∣IE
VND > IA

CND

}
(17)

where the condition IE
VND > IA

CND is determined with the EXIT
chart analysis.

In order to lower the complexity, the EXIT chart analysis
results are computed off-line and are stored in a lookup
table, noted as EXIT-lookup-table. This lookup table stores
the relations between noise threshold σ2

th for successful de-
coding and rate r̊c (such as the points in Fig.4 and Fig.5).
For example, for irregular LDPC codes, the σ2

th at r̊c =

{0.9, 0.8, 0.72, 0.66, 0.56, 0.55, 0.53, 0.5}.
V. RateMinimization inWZ Video Coding

In WZ video coding architectures with SI refinement
through feedback channel, the decoder helps the encoder to
obtain lower coding rate. We thus address here the typical
problem of determining the minimal number of bits, as mea-
sured by the rate R, in order to reach a certain video quality.
We cast this problem in our DVC system as minimizing the
rate while achieving successful LDPC decoding. Based on the
EXIT chart analysis of Section IV, this problem can be further
interpreted as minimizing the number of bits while maintaining
the opening of the convergence tunnel. This is equivalent to
setting the condition that the output mutual information IE

VND
of the VND is always larger than the input mutual information
IA
CND of the CND. Thus, we can express the condition for an

open convergence tunnel as IE
VND ≥ IA

CND + ε, where ε is a
small positive value, which controls the gap between the two
EXIT function curves. Through Definition 1 and 2, the rate R is
composed of two parts, the information-plane and parity-plane
bitrates, noted as Rs and Rc. Then, the optimization problem
for minimizing the number of coding bits in the WZ frame is
expressed as min Rs + Rc (18)

s.t. IE
VND ≥ IA

CND + ε (19)

We now solve the optimization problem for irregular LDPC
codes. The regular codes can be regarded as a special case.
By substituting Eq. (14) and Eq. (16) in Eq. (19), we obtain

dv∑
i=1

λi · J
[√

(i − 1)(J−1(IA
VND))2 +

4
σ2

n

]
≥ 1 − J

[ J−1(1 − IE
CND)∑dc

j=1 ρ j ·
√

j − 1

]
+ ε

(20)

As shown in Fig.3, the mutual information at the input of
the VND is equal to the mutual information at the output
of CND, that is, IA

VND = IE
CND. Let (IA,target

VND , I
E,target
CND ) be the

target convergence point in EXIT curves, which corresponds
to the noise threshold σ2

th of the LDPC decoder. Then, using an
interior-point method1, the EXIT functions can be sampled at
a set of discrete points IE

CND,k ∈ [0, IE,target
CND ], where k ∈ [1,K]

indexes the discrete points and IE
CND,K = IE,target

CND . Then, the
continuous convergence condition in Eq.(20) can be replaced
by dv∑

i=1

λi · J
[√

(i − 1)(J−1(IE
CND,k))2 +

4
σ2

n

]
≥ 1 − J

[ J−1(1 − IE
CND,k)∑dc

j=1 ρ j ·
√

j − 1

]
+ εk, k ∈ [1,K] (21)

where εk = ε,∀k. These samples are separated by small steps
τ (e.g., τ = 0.001), such that they can reflect the shape and

1It shows good performance in iterative equalization [52].
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Fig. 6. The relations between rates and correlation noise variances.

trajectory of the original EXIT function curve. This condition
relates the mutual information to the noise variance on the
virtual correlation channel.

Next, the rates Rs and Rc in Eq.(18) are functions of the
correlation noise variance σ2

n. The accurate expressions of
Rs(σ2

n) and Rc(σ2
n), which are also the inverse functions of

Fs(·, ·) and Fc(·, ·) in Section III, depend on the performance
of a given LDPC codec. Their estimation is dependent on
the prediction of the convergence threshold of a code with
given check and variable node degree profiles. In this work,
we use a curve fitting algorithm in order to rapidly deduce the
performance of a given LDPC decoder:

Rs(σ2
n) = arg⟨R̂s ,σ̂

2
n⟩ inf

{∣∣∣R̂s(σ̂2
n) −∑m

i=0

(
m
i

) (σ2
n,0−σ̂

2
n

σ2
n,0

)m−i( σ̂2
n
σ2

n,0

)iRs,i

∣∣∣}
Rc(σ2

n) = arg⟨R̂c ,σ̂
2
n⟩ inf

{∣∣∣R̂c(σ̂2
n) −∑m

i=0

(
m
i

) (σ2
n,0−σ̂

2
n

σ2
n,0

)m−i( σ̂2
n
σ2

n,0

)iRc,i

∣∣∣}
(22)

where σ̂2
n,Rs,i and Rc,i are the values of the discrete points on

noise variance, information bitrate, and channel coding rate by
simulation, respectively.

It simplifies the estimations of Rs(σ2
n) and Rc(σ2

n). It still has
no closed-form expression, and the performance of RC-LDPC
codes depends on the degree distribution of the mother code
for given rates Rc and Rs. We illustrate the curve fitting process
with the RC-LDPC of Section IV. We test two cases with σ2

0 =

{0.1, 0.8} and r̊c = {0.9, 0.8, 0.72, 0.66, 0.56, 0.55, 0.53, 0.5}.
Fig.6 plots the variance σ2

n as the functions of two coding
bitrates Rs and Rc, respectively. The blue lines correspond
to the results of the information-based refinement (Definition
1, with different Rs, and corresponding to Eq.(6)). The red
lines correspond to the parity-based refinement (Definition 2,
with different Rc, and corresponding to Eq.(8)). Based on the
fitting algorithm for Eq. (22) , the simulation results suggest
that it is reasonable to model log(σ2

n) with the simple relation
log(σ2

n) =
∑6

i=0 as,i(σ2
0)Ri

s and log(σ2
n) =

∑6
j=0 ac, j(σ2

0)R j
c,

where as,i and ac,i are fitting coefficients estimated with a
Monte Carlo method. As a result, both Rs(σ2

n) and Rc(σ2
n)

are convex.
Fig.6 also demonstrates that, when the correlation between

the SI and the WZ is weak, the information-plane SI can
provide better performance alternatively, when the correlation
is strong, the parity-plane SI provides better performance. For
example, when σ2

0 = 0.1, the correlation is strong, a few
parity bits are sufficient to correct this correlation noise. When
σ2

0 = 0.8, the correlation is weak, the information bits are more
efficient because they are able to directly decrease the noise.
Thus, we can adjust the error correction results of LDPC codes

through suitable bit-plane selection.
We build a lookup table with more accurate rate rela-

tions to speed up our rate administration processing, noted
as performance-lookup-table. In more detail, this lookup
table stores the relations between rates and correlation
noise variances (such as the points in Fig.6). For exam-
ple, when the initial correlation noise variance is in a set
of discrete points σ2

0 ∈ [0.1, 0.8] in step-size 0.1, the
lookup table records the (σ2

n,Rc) and (σ2
n,Rs) pairs for

all r̊c = {0.9, 0.8, 0.72, 0.66, 0.56, 0.55, 0.53, 0.5} in irregular
LDPC codes.

We can now rewrite the optimization of Eqs (18) and (19),
by substituting Eqs (22) and (21), as

min Rs(σ2
n) + Rc(σ2

n) (23)

s.t.
dv∑
i=1

λi · J
[√

(i − 1)(J−1(IE
CND,k))2 +

4
σ2

n

]
≥ 1 − J

[ J−1(1 − IE
CND,k)∑dc

j=1 ρ j ·
√

j − 1

]
+ εk, k ∈ [1,K] (24)

Since the objective function (23) is a convex function of
the noise variance, it can be solved efficiently by using
optimization tools such as interior-point methods. Since it is
difficult to compare the two continuous functions IE

VND and
IA
CND in Eq. (19), we can use a simpler condition through

the discrete sampling operation [52] in Eq. (24). Furthermore,
under the same bitrate budget, the above lookup table is used to
compare the noise variance decrements due to the information-
plane and parity-plane SI refinements.

Let us denote the estimate refined noise variance in Eq. (6)
by σ̆2

s , and denote the noise variance in Eq. (8) by σ̆2
c . If

σ̆2
s < σ̆

2
c , we select the information plane bits send to the

decoder; otherwise, we select parity plane bits, until the noise
threshold σ2

th is reached.

Algorithm 1: Rate minimization
1: Off-line EXIT analysis:

Compute the EXIT functions of RC-LDPC codes.
For regular codes: follow Theorem 1 and Corollary 1.2.
For irregular codes: follow Theorem 2 and Corollary 2.2.

2: Determine the noise threshold σ2
th with Eq. (17).

3: Input:
The first refined SI YN

(1).
4: Estimate the current correlation noise variance σ2

n,0 with
Eq. (4) through a pilot-assisted correlation channel
estimation algorithm.

5: Solve the optimization problem in Eqs (18) and (19) to
get the optimal information plane rate Rs and parity
plane rate Rc.

6: if σ̆2
s < σ̆

2
c , then

Send Rs information plane bits from encoder.
Updating the SI with Definition 1.

else
Send Rc parity plane bits from encoder.
Updating the SI with Definition 2.

end if
7: LDPC decoding. Get the refined SI YN

(2).
if σn

2 ≤ σ2
th, then

Decoding successfully, stop.
else

Go to step (4).
end if

8: Output:
The reconstructed binary sequence X̂N

.
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Finally, the proposed rate optimization algorithms are em-
bedded in the WZ video decoder, as shown in Fig.3. We briefly
summarize in Algorithm 1, the minimization of the WZ video
coding bitrate through EXIT chart-based SI refinement.

VI. Experimental results

In this section, we present the experimental results that
illustrate the various features of our novel EXIT-chart based
SI refinement algorithm. The experiments include three parts.
First, we present coding performance comparisons with most
relevant DVC coding schemes, which is the key performance
in WZ video coding structures. Second, since the major
performance increase of this work is to lower the coding rate,
we give the rate analysis of the rate components. Third, we
present the computational complexity analysis of the proposed
method.

A. Experiment Setup

The test sequences include foreman, hall, coastguard, and
soccer, in QCIF resolution at 15 fps. The RD performance
results are given for different Group of Pictures (GOP) sizes,
respectively when GOP=2, 4, 8. We implement a simple WZ
video coding architecture according to the scheme in Fig.3.
The key (I) frame uses H.264/AVC intra coding (JM18.3) [53].
The intra coding process follows the main profile properties,
with intra prediction and rate-distortion-optimization switched
on, and use CABAC entropy coding. The quantization param-
eters (QP) for each RD point are given in Table I.

TABLE I
Quantization parameters

QP
foreman 25 29 32 34 36 38 39 40

hall 24 29 31 33 35 36 37 39
coastguard 26 30 31 33 34 36 37 38

soccer 25 31 34 36 38 41 43 44

The WZ frame uses a RC-LDPC encoder to generate parity
bits. We also consider using the RC-LDPC codes with regular
and irregular LDPC structure cases. We use the EXIT chart
analysis and the algorithm of Section V for adapting the
rate in the WZ frame. It is worthy to mention that we do
not use any motion estimation module in the video decoder,
instead, the initial SI YN

(0) is simple copy of the key frame.
Other SI construction algorithms such as motion-compensated
interpolation/extrapolation [7], can also work together with
our system and further improve the accuracy of YN

(0). Besides,
the rate control algorithms with feedback channel-based WZ
coding structure [2] can also work together with our novel
method to further reduce the coding rate.

We investigate the compression performance in the follow-
ing codecs:

(i) H.264/AVC Intra codec: This is a widely used Intra
coding solution, which has been listed as the basic
comparison for most DVC solutions. The results have
been produced by JM18.3 [53].

(ii) H.264/AVC no motion codec: The video sequences are
encoded in H.264/AVC codec when no motion vector
component prediction is used in encoder. This mode is

also employed as one of comparison algorithms such as
in [6] [31] [54]. Herein, we refer the results presented
in [54].

(iii) DISCOVER WZ video codec [54]: This codec is designed
by the DISCOVER EU-project [40], which is a baseline
codec used for benchmarking for most DVC codecs.

(iv) IST-TDWZ with SIR video codec [6]: A typical side
information refinement (SIR) algorithm for a transform
domain WZ video codec. This work shows better per-
formance than the transform domain WZ video codec
without any refinement case.

(v) SID-CC hash-based WZ video codec [35]: A latest hash-
based WZ video coding framework. This work proposes
a SID model to improve the WZ coding performance. It
generates high quality SI at the decoder through hash-
based motion estimation technique, and then enables
bit plane successive refinement through the correlation
channel (CC) estimation. This work shows good per-
formance compared with the other revelent hash-based
solutions in [30] [55] [56] [31].

(vi) Proposed EXIT-based WZ video codec: The proposed
WZ video coding in Fig.3, where the initial SI is a
simple copy of the key frame (H.264/AVC Intra frame).
Then, the coding process follows the previous sections.

B. Compression Performance Experiments

The objective of our first experiment is to assess the rate-
distortion (RD) performance of the different DVC algorithms.
The proposed EXIT-chart based WZ video codec employs the
regular rate compatible LDPC structure, where dv = 3 and
dc = 6 with a rate of 0.5 and a block length of 2048. Fig.
7 shows the RD performance results for Foreman and Soccer
sequences under different GoP sizes 2, 4, and 8, respectively.
Fig. 8 respectively shows the RD performance results for
Coastguard and Hall sequences.

The experimental results show that the exploitation of the
intrinsic property of channel coding in DVC bring an effective
contribution in compression performance improvement. In par-
ticular, we see in Fig.7 that for Foreman and Soccer sequences
with high motions, the proposed EXIT-chart based WZ video
codec in red line provides better performance than the other
five benchmarks encoders in most cases. The proposed EXIT-
based WZ video codec presents better performance in larger
GOP size, which is reflected in Fig.7 and Fig.8. Only for
the Hall sequence with small motion, the proposed codec is
worse than the conventional motion-based WZ video coding
schemes. For low coding rates in GoP=2, the proposed codec
is slightly less than the other DVC encoders. And we should
keep in mind that the side information does not use any motion
compensated in our scheme.

As shown in Fig.7 and Fig.8, the results show six conclu-
sions:

À In the complex motion scenario, the proposed method
is more effective. Most conventional SI refinement methods
are based on an assumption that the motion is smooth and
flat. For the video sequences with high motion, the accuracy
of SI drops down quickly, which results in the poor coding
performance (see the results in sequence soccer in Fig. 7).
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0 100 200 300 400 500 600
26

28

30

32

34

36

38

40

42

P
S

N
R

(d
B

)

rate(kbps)

 

 

H.264/AVC No Motion
H.264/AVC Intra
Discover
SID−CC hash−based WZ
IST−TDWZ with SIR
proposed EXIT−based WZ

(b) foreman, GOP=4
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(c) foreman, GOP=8
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Fig. 7. Compression performance of the proposed and comparison algorithms for the Foreman (top) and Soccer (bottom) sequences (QCIF, 15Hz): (a) and
(d) GOP=2; (b) and (e) GOP=4; (c) and (f) GOP=8.
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(a) coastguard, GOP=2
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(c) coastguard, GOP=8

0 100 200 300 400 500
30

32

34

36

38

40

42

P
S

N
R

(d
B

)

rate(kbps)

 

 

H.264/AVC No Motion
H.264/AVC Intra
Discover
IST−TDWZ with SIR
proposed EXIT−based WZ
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Fig. 8. Compression performance of the proposed and comparison algorithms for the Costguard (top) and Hall (bottom) sequences (QCIF, 15Hz): (a) and
(d) GOP=2; (b) and (e) GOP=4; (c) and (f) GOP=8.

0 50 100 150
0

5

10

15

20

25

30

 frame number

ra
te

(K
bi

t)

 

 

information bit
parity bit
pilot bit

(a) foreman (QP=25)
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Fig. 9. The rates of information-plane, parity-plane and pilot bits.
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Motion-based SI refinement shows poor performance in this
case because it is very difficult to estimate the scene motion.
The results of proposed EXIT-chart based WZ video codec still
show good performance. This result reflects the robustness of
the proposed method to high motion sequences.

Á In case of moderate and high coding rates, the proposed
method shows better performance. In Fig.7 and Fig.8, for
the sequences foreman, coastguard and soccer, the results
of proposed method are better in a large bitrate range. And
the advantage is broadened when the bitrate increases. The
reason is that the performance of DVC has close relation of
the error correction capability of LDPC coding. Improving the
error correction performance of LDPC decoder is an efficient
method.

Â In the small objective motion scenario, the original SI
refinement methods based motion estimation and compensa-
tion are more effective. We observe that for the sequence hall,
shown in Fig.8(d)(e)(f), the results of (iii)(iv) video codecs
are better; the reason is that the hall sequence has small
objective motion with moderate contrast and noise and in a
uniform background. It is easier to extract the motion in-
formation. Thus, conventional motion compensated interpola-
tion/extrapolation and hash-based motion estimation methods
provide good performance. However, for the proposed method,
the WZ coded data of this sequence is mainly composed by
parity-plane data. To adaptively adjust the information-plane
and parity-plane data plays little role in this case.

Ã The proposed method does not generate error propa-
gation. We can observe the following phenomena. First, the
PSNR values of the proposed WZ method (vi) and H.264 Intra
(i) are in same level. The differences of these two algorithms
are in the bitrates. That is in the same PSNR level, the bitrates
of the two algorithms are different. The reason is that the
proposed method focus on exploiting the intrinsic property of
channel coding module. A successful channel encoder/decoder
design should show better error correction capability. Thus,
a principle of our framework is the successful decoding.
The LDPC module will not lower the video quality under
successful decoding condition. Consequently, the proposed
method will not result in any error propagation, which is
reflected in Fig.7 and 8.

Ä In case of low coding rates in smooth motion scenario,
motion-based method shows effective. We observe that for
the sequence coastguard, shown in Fig.8(a), when QP is
above 31 and GOP=2, the results of (iii)(iv) video codecs
are better than the proposed method. The reasons are (1) the
quantization level still affects the error correction capability
of LDPC. And (2) the motions of coastguard sequence are
somewhat smooth, in this case, motion-compensated based
method shows advantage. The ¬,  and ¯ show that in high-
motion sequences or for moderate and high coding rates, the
proposed method has better performance. And ® shows that
the motion-based methods show advantage in low coding rates
or low-motion sequences. However, the error propagation of
conventional methods will affect the compression efficiency for
larger GOP size. The proposed method shows more effective
in this case for coastguard sequence when GOP=8, which is
reflected in Fig.8(c).

Å In case of large GOP size, the proposed method shows
good performance. As shown in Fig.7 and Fig.8, the proposed
method is efficient in overall R-D performance under different
GOP sizes. In most conventional WZ coding methods, the R-
D efficiency decreases with long GOP intervals because the
accuracy of SI drops progressively. Fig.7 and Fig.8 show that
the proposed WZ video codec keeps steady performance in
long GOP intervals. One reason is that the correction ability
is better estimated with the EXIT chart analysis. The second
reason is that the proposed method does not generate error
propagation to the following frames in the same GOP. The
third reason is that the encoder sends information-plane bits
together with parity-plane bits, which will compensate the
correlation decay in the SI for larger GOP sizes.

C. The rates analysis of information-plane, parity-plane and
pilot bits

As mentioned above, WZ frame includes both information-
plane and parity-plane bits. Besides, we use pilot-assisted
algorithm to make the decoder estimate current correlation
noise. The final WZ frame consists of information-plane,
parity-plane and pilot bits. In this experiment, we give how
the WZ frame rate is distributed among these three parts.
We implement half rate mother LDPC codes with a regular
structure at block lengths of 2048. The degree pair is dv = 3
and dc = 6. The pilot symbol sequence is in η = 32 bits for a
LDPC block. We respective test two cases, foreman sequence
in QP=25, 40; and soccer sequence in QP=25, 41. All the
two sequences are in QCIF format, 15fps and GOP=2. As
shown in Fig. 9, the blue line and the red line are the parity-
plane bitrate and information-plane bitrate of each frame. The
final WZ frame is composed by about 78% parity-plane, 19%
information-plane, and 3% pilot bits1. The proportion of pilot
bits is relative fixed. We can observe two phenomena. First, the
proportion of parity-plane decreases when the original video
frames with high motion, which is shown in the inflection
points. The reason is that the correlation between adjacent
frames decrease for the high motion sequence. Information-
plane bits show more effective in this case. Second, the
quantization level affects the distribution of information-plane
and parity-plane bits. The shapes of the information-plane and
parity-plane curves change with the QP. The reason is that
the correlation noise variation between the initial SI and WZ
frame increases in larger QP. Accordingly, the constitution of
information and parity planes changes with the correlation
noise. When the correlation between the SI and the WZ
is weak, the information-plane SI improves the performance
alternatively, when the correlation is strong, the parity-plane
SI provides better performance.

D. Computational complexity analysis

This work is implemented in Matlab. The core is to add the
EXIT chart based SI refinement and rate estimate method.
Thus, we analyze the computational complexity from the
view of algorithm. To reduce the prohibitive computational

1The length of feedback channel is about 100-110 bits per frame in irregular
LDPC codes, and is about 400-440 bits in regular LDPC codes in the
experiments.
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complexity of the WZ video decoding, hierarchical lookup
tables are used in two stages. First, we employ off-line EXIT
functions computation scheme, and store the noise thresholds
in the EXIT-lookup-table, which is off-line computed through
the mutual information variable functions. In the WZ video
decoding process, the complex and time consuming calculation
of the EXIT-chart analysis is thus replaced by a table lookup
based on the proposed model2. Second, we also build the
performance-lookup-table for RC-LDPC codes. This table
stores two relations, one is between the information-plane rate
and correlation noise variance, the other is between the parity-
plane rate and correlation noise variance. This table provides
the basic data to the rate optimization module. The overall
complexity of the proposed algorithm is composed of three
main parts.

First, the initial correlation noise has to be computed. Let
C f (σ2

n,0) be the complexity of the function f (σ2
n,0), which

is implemented by a pilot algorithm. According to Eq.(4),
C f (σ2

n,0) = O(K2
0 ) where K0 is the length of pilot symbol

sequence.
Second, the noise thresholds are determined under different

coding rates from the off-line EXIT-lookup-table. Let C f (σ2
th)

be the complexity cost of the function f (σ2
th). From the lookup

table operation, C f (σ2
th) = O(log K1), where K1 is the size of

table. According to the choice of τ in Eq. (21), K1 ≈ 1/τ.
Third, the optimization module of (23) determines the rates.

Let C fopt(Rs,Rc) be the complexity of optimization operation
fopt(Rs,Rc). Since in each SI refinement, the encoder can either
send P information-plane bits or parity-plane bits, the key
point of the optimization is that the decoder can determine
which plane bits can make the quick gradient descent of
correlation noise variation through query the performance-
lookup-table. Thus, the complexity concentrates in two lookup
table operations. One is for the information plane, the other
is for the parity plane. We use a bisection method. Assuming
that the complexity of each lookup table is O(log K2 · log K3),
where K2 is the number of correlation noise values and K3 is
the number of bitrates. Then, C fopt(Rs,Rc) = 2 ·O(log K2 · log K3).

Overall, the computational complexity of proposed method
can be approximated as

CProWZ = C f (σ2
n,0) + NRSI (C f (σ2

th) +C fopt(Rs ,Rc)) (25)

= O(K2
0 ) + NRSI (O(log K1) + 2 · O(log K2 · log K3))

where NRSI represents the number of SI refinement iterations.
Comparing with the key (Intra) frame coding, the proposed
WZ fame coding corresponds to adding two major modules.
The first one is the proposed EXIT-based SI refinement
process, in which the computational complexity is estimated
by Eq.(25). The second one is LDPC codec, where the
computational complexities are roughly O(N2) at encoder and
linear at decoder in terms of code length N. In conclusion,
the additional complexities are roughly O(N2) at encoder and
CProWZ+O(N) at decoder comparing with the key frame codec.

2This off-line computation is independent with the WZ coding process
because it can be determined for a given RC-LDPC codec.

VII. Conclusion and FutureWork

In this paper, we propose a framework for SI refinement
and rate minimization in WZ video coding. We use an EXIT
chart analysis to deduce the mutual information variations in
LDPC decoding with SI refinement. In the case of general
and complex motion video, the proposed method provides
significant benefits over previous solutions from the literatures,
notably lower coding rate and, at the same time, a lower decod-
ing complexity. These advantages have been analyzed through
bitrate deductions, EXIT charts and complexity analysis, and
finally corroborated by simulation results. The proposed refine-
ment solution can be extended to other SI refinement methods
and other DVC algorithms. Finally, it would be necessary to
take into account the basic LDPC structure in the analysis.
Extension to LDPC codes design, as used in WZ video coding,
would be interesting. In the future, we will focus on deploying
this method in other video codecs and exploit more channel
coding structures to video compression.

Appendix A
Proof of Theorem 1: the mutual information function of

inner VND in punctured regular LDPC codes

A variable node with dv degree, has dv + 1 incoming
messages. The variable node decodes by computing

Li,out = Lch +

dv∑
j,i

L j,in

where L j,in is the jth LLR value going into the variable node,
Li,out is the ith extrinsic LLR value coming out of the variable
node, Lch is the channel LLR value, and i = 1, ..., dv indexes
the degree.

Then, from Eq. (10), for the unpunctured variable node with
degree dv, the mutual information function of inner VND IE

VND
is

IE
VND,C(IA

VND, dv, σ
2
n, rp) = J

(√(
dv − 1

)[
J−1(IA

VND)
]2
+ σ2

n

)
(26)

When a variable node is punctured, the channel LLR value
Lch = 0. The LLR value going into the punctured variable
node, is

Li,out =

dv∑
j,i

L j,in

Then, for the punctured variable node, the IE
VND function is

IE
VND,P(IA

VND, dv, σ
2
n, rp) = J

(√(
dv − 1

)[
J−1(IA

VND)
]2
)

(27)

By combining Eqs.(26) and (27), the average mutual infor-
mation IE

VND of the output of VND becomes

IE
VND(IA

VND, dv, σ
2
n, rp)

= α · IE
VND,P(IA, dv, σ

2
n, rp) + β · IE

VND,C(IA
VND, dv, σ

2
n, rp) (28)

When the punctured rate is rp, there is α = 1− r
rp

and β = r
rp

.
This completes the proof. �
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Appendix B
Proof of Theorem 2: the mutual information function of
inner VND in punctured irregular LDPC codes

For the irregular LDPC codes with design rate r, there is

r = 1 −
∑dc

i=1 ρi/i∑dv
i=1 λi/i

In a rate-compatible fashion, higher rate rp is obtained by
some puncturing patterns, indexed by puncturing distribution
δ(x). After the puncturing operation, the fraction of edges
incident to variable nodes of degree j is changed to λ

′

j.
Under given puncturing distribution δ(x), there is λ

′

j = δ jλ j.
Let the updating degree distribution be

(
λ(x)

′
, ρ(x)

)
, where

{λ′1, λ
′

2, ..., λ
′

dv
}. The punctured rate is computed as

rp =
r

1 − p
, where p =

∑dv
j=1 δ jλ j/ j∑dv

j=1 λ j/ j

A variable node with degree dv, has dv + 1 incoming
messages. The variable node decodes by computing Li,out =

Lch +
∑dv

j,i L j,in. With degree distributions (λ, ρ), the average
mutual information IE

VND of the variable node is

IE
VND,C(IA

VND, λ, σ
2
n, rp) =

dv∑
i=1

λ · J
(√(

i − 1
)[

J−1(IA
VND)

]2
+ σ2

n

)
(29)

Then, for the unpunctured variable node, the EXIT function
is
IE

VND,C(IA
VND, λ, σ

2
n, rp) =

dv∑
i=1

λi(1 − δi) · J
(√(

dv − 1
)[

J−1(IA
VND)

]2
+ σ2

n

)
(30)

And for the punctured variable node, since Lch = 0, there
is Li,out =

∑dv
j,i L j,in. The mutual information function is

IE
VND,P(IA

VND, λ, σ
2
n, rp) =

dv∑
i=1

λi(δi) · J
(√(

dv − 1
)[

J−1(IA
VND)

]2
)

(31)

By combining Eqs.(30) and (31), the average mutual in-
formation IE

VND of the output of VND under irregular LDPC
codes becomes
IE

VND(IA
VND, λ, σ

2
n, rp) =IE

VND,C(IA
VND, λ, σ

2
n, rp) + IE

VND,P(IA
VND, λ, σ

2
n, rp)

=

dv∑
i=1

λi(δi) · J
(√

(i − 1)
[
J−1(IA

VND)
]2
)

+

dv∑
i=1

λi(1 − δi) · J
(√

(i − 1)
[
J−1(IA

VND)
]2
+ σ2

n

)
(32)

This completes the proof. �
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