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SUMMARY
This paper proposes a parallelized DVC framework that
treats each bitplane independently to reduce the decoding time. Unfortunately, simple parallelization generates inaccurate bit probabilities because
additional side information is not available for the decoding of subsequent
bitplanes, which degrades encoding eﬃciency. Our solution is an eﬀective
estimation method that can calculate the bit probability as accurately as
possible by index assignment without recourse to side information. Moreover, we improve the coding performance of Rate-Adaptive LDPC (RALDPC), which is used in the parallelized DVC framework. This proposal
selects a fitting sparse matrix for each bitplane according to the syndrome
rate estimation results at the encoder side. Simulations show that our parallelization method reduces the decoding time by up to 35[%] and achieves
a bit rate reduction of about 10[%].
key words: distributed video coding, LDPC codes, parallelization system,
bitplane correlation, Gray code

1.

Introduction

High-performance image compression has recently become
extremely important since the number and size of digital
image data files continue to grow. One response, the international standard H.264/AVC [1], achieves the compression rate is twice as much as MPEG-2 [2]. A weakness of
H.264/AVC is that the encoder needs a high level of computing power in order to support MC (Motion Compensation) and optimization of the macro block size. A new
trend is the emergence of applications for low-complexity
encoders. Examples of such applications include mobile
camera phones and sensor network cameras. One approach
to implementing these encoders is Distributed Video Coding
(DVC) [3], [4].
One advantage of DVC systems is that they transfer the
computation overhead, which is significant, to the decoder.
One example is intraframe video coding with interframe decoding [5], [6]. In these systems, the encoder does not need
to support MC because the decoder does. This means that
the encoder is less complex. Another characteristic of DVC
systems is robustness. The encoder does not handle motion vectors since it does not support MC, which means that
DVC systems are drift-free.
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For the above reasons, DVC is attracting researchers’
attention as a new paradigm for video compression. However, the DVC decoder can be an order of magnitude
more complex than a conventional video encoder such as
H.264/AVC [7]. According to the DISCOVER project [8],
the DVC decoder requires 20–60 times much more computation time than the H.264/AVC encoder. One reason is
that the DVC decoder uses channel coding with a messagepassing algorithm. The use of this algorithm means that
DVC systems have excessive decoding times. In other
words, to realize practical systems, we need a DVC framework that oﬀers reasonable decoding times.
This paper proposes a parallel processing DVC framework that greatly reduces the decoding time. The recent
development of good error correcting codes such as LDPC
codes [9], [10] has boosted the feasibility of parallel processing; the remaining diﬃculty is bitplane processing. We,
therefore, propose a parallelized DVC framework that treats
each bitplane independently to overcome the remaining barrier to parallel processing. The simple application of parallelization generates inaccurate bit probabilities since the
parallelized framework can’t use additional side information
when decoding subsequent bitplanes and so suﬀers from low
encoding eﬃciency. Our solution is an information index
assignment method that can estimate the bit probability as
accurately as possible without any additional side information.
Note that [11]–[16] proposed index assignment methods that provide more accurate bit probabilities for DVC
framework. However, the method in [11] requires knowledge of bitplane correlation and the method in [16] introduces a Gray code [17] for joint bitplane coder, so these
methods can’t be used in the parallelized DVC framework.
Papers [12]–[15] also introduce a Gray code for the DVC
framework, but these methods simply change the Euclidean
distances between the source and side information coeﬃcients. In other words, these methods fail to consider the “error” distribution. On the other hand, we propose 3 new contributions in this paper. The first is we propose a bit probability estimation method for the parallelized DVC framework using a Gray code that considers the error distribution.
A part of its contents was discussed in Ref. [18]. The second
is we give theoretically grounds for the proposed method.
The third is we improve the coding performance uses a fitting sparse matrix for each bitplane according to the syndrome rate estimation results.
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This paper is organized as follows. Section 2 introduces the pixel domain DVC architecture. Section 3 introduce the parallelized DVC framework and describes methods for improving the coding performance of the DVC
framework. Section 4 evaluates the performance of the proposed DVC framework. Section 5 concludes this work.
2.

Basic Distributed Video Coding Framework

In this paper, we consider the basic DVC framework called
the pixel domain Wyner-Ziv codec [6] and we treat the case
of GOP (group of pictures) = 2 for ease of explanation without any loss of generality.
2.1 Pixel Domain Wyner-Ziv Codec
Figure 1 illustrates a pixel domain Wyner-Ziv codec [6];
note that we replace Turbo codes with RA-LDPC codes because that latter are more suitable for parallel processing
than the former and oﬀer better coding performance [19].
In the architecture considered, every odd-frame of the
video sequence is mapped as a key frame X2i±1 which is
compressed losslessly; these frames are assumed to be available to the decoder. Every even-frame of the video sequence is mapped as a Wyner-Ziv frame X2n . These frames
are compressed by a scalar quantizer and the Slepian-Wolf
codec based on LDPC codes. First, Wyner-Ziv frames are
quantized by a uniform scalar quantizer with 2 M , and each
Wyner-Ziv frame is divided into (B − M) bitplanes (where
B is the total number of image bitplanes). These bitplanes
are fed one by one into the RA-LDPC encoder [19]. In the
RA-LDPC encoder, a sequence of input bits, K l , is mapped
into the corresponding Cl syndrome bits. The encoder sends
syndrome bits until the decoder can correctly decode the sequence.
At the decoder side, for each Wyner-Ziv frame, the decoder generates side information Y2i from the key frames
X2i±1 by motion compensated interpolation. A block of side
information Y2i,b is computed by
Y2i,b


1
=
X2i−1,b {MV/2} + X2i+1,b {MV/2}
2

(1)

where MV is the estimated motion vector between key
frames X2i±1 . For a more eﬃcient approach to generating
the side information, see Ref. [21].
Next, we compute bit probabilities using the “error”

correlation model between the side information Y2i and the
original Wyner-Ziv frame X2i . The residual between WynerZiv frames and side information is modeled as a Laplacian distribution. Details of the bit probability computation method are described in the next subsection. The rateadaptive LDPC decoder recovers the Wyner-Ziv frames using the bit probabilities and received syndrome bits.
Finally, the decoded symbol is reconstructed using the
side information. The reconstruction operation for each
pixel is given by

= E(X2i,n |q2i,n , Y2i,n ).
X2i,n

(2)

The operation of reconstruction falls into 2 cases. Case 1:
if the side information Y2i,n is within decoded quantized bin

is made equal to the
q2i,n , the reconstructed pixel value X2i,n
side information. Case 2: if the side information Y2i,n is
outside bin q2i,n , the reconstructed pixel value takes the high
(or low) boundary of the bin’s closest value.
2.2 Estimating Bit Probability of Basic DVC Framework
In the Wyner-Ziv codec, the decoder needs to accurately
estimate the bit probabilities using “error” distribution and
side information. The “error” distribution between WynerZiv frames and side information is modeled as a Laplacian
distribution and the conditional probability of the original
Wyner-Ziv frame pixelX2i,n being equal to x is evaluated as
Pr{X2i,n = x|Y2i,n } =

α −α|x−Y2i,n |
e
2

(3)

where α is the Laplacian distribution parameter, which can
be estimated at the decoder.
Next, bit conditional probability for each bitplane is
l
is the l-th bitplane value of
computed. Assume that X2i,n
l
X2i,n and Z is the set of x values whose l-th bit equals 1.
l
equaling 1 is
The conditional probability of each bit X2i,n
evaluated as
j−1
l
= 1|X2i,n
, Y2i,n }
Pr{X2i,n

j−1
Pr{X2i,n = x|X2i,n
, Y2i,n }

=

x∈Z l

1−



j−1
Pr{X2i,n = x|X2i,n
, Y2i,n }

(4)

x{0,1...2B −1}
j−1
where X2i,n
denotes the
 previous (all those decoded) bitplanes of X2i,n and x{0,1...2B −1} Pr{X2i,n = x|Y2i,n } is the
probability that x exceeds the image range. Z l is given by

⎧ 0
⎪
Z
⎪
⎪
⎪
⎪
⎨Z 1
⎪
⎪
⎪
⎪
⎪
⎩...

= {2B−1 , ..., 2B − 1}
= {2B−2 , ..., 2B−1 − 1} or {3 · 2B−2 , ..., 2B − 1} .
..
=
.
(5)

Fig. 1

Schematic diagram of pixel domain Wyner-Ziv codec.

j−1
These ranges of each Z l depend on decoded bitplanes X2i,n
.
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The input to the RA-LDPC decoder is the loglikelihood ratio (LLR), which is defined by
Lln

= log
= log

j−1
l
= 0|X2i,n
, Y2i,n }
Pr{X2i,n
j−1
l
Pr{X2i,n
= 1|X2i,n
, Y2i,n }
j−1
l
= 1|X2i,n
, Y2i,n }
1 − Pr{X2i,n
j−1
l
Pr{X2i,n
= 1|X2i,n
, Y2i,n }

.

(6)
Fig. 2 Schematic diagram of Parallel Processing Framework for
Wyner-Ziv codec.

These LLRs are fed one by one into the rate-adaptive LDPC
decoder and the q-ary sources are decompressed. This multilevel coding method for q-ary sources is basically similar
to the method in [22].
2.3 Syndrome Rate Estimation for Basic DVC Framework
To avoid feedback channel complexity, syndrome rate estimation methods are proposed in [14], [20], [23]. In this
paper, we amend the work in Refs. [20], [23], the mismatch
l
l
and Y2i,n
is comprobability of each bitplane between X2i,n
puted from
1 
j−1
l
l
Pr{X2i,n
 Y2i,n
|Y2i,n , X2i,n
}
(7)
N n
1 
j−1
l
l
=
Pr{X2i,n
= 1|Y2i,n
= 0, Y2i,n , X2i,n
}
N n
1 
j−1
l
l
Pr{X2i,n
= 0|Y2i,n
= 1, Y2i,n , X2i,n
}. (8)
+
N n

Ple =

Moreover, the l-th bitplane’s syndrome rate is estimated as
follows
C ≈
l

Ple

× log2

1
1
l
.
l + [1 − Pe ] × log2
Pe
1 − Ple

(9)

In the parallelized DVC framework, the bitplanes are processed independently; we can not use the estimation method
j−1
described in Sect. 2.2 because the decoded bitplanes X2i,n
are not available at the decoder side. First, we extend the
estimation method described above to suit the parallelized
DVC, we call this the“simple method.” Next, we propose
a more eﬀective estimation method with index assignment
called “Gray Code” for the parallelized DVC.
3.1.1 Simple Method
Simply, the probabilities are estimated without using inforj−1
mation about any other bitplane X2i,n
, as

Pr{X2i,n = x|Y2i,n }
l
Pr{X2i,n
= 1|Y2i,n } =

x∈Z l

1−



Pr{X2i,n = x|Y2i,n }

, (10)

x{0,1...2B −1}

where each Z l is given by
⎧ 0
⎪
Z
⎪
⎪
⎪
⎪
⎨Z 1
⎪
⎪
⎪
⎪
⎪
⎩...

= {2B−1 , ..., 2B − 1}
= {2B−2 , ..., 2B−1 − 1} and {3 · 2B−2 , ..., 2B − 1} .
..
=
.
(11)

The estimated rate given by Eq. (7) and Eq. (9) would appear
to be completely consistent with the channel capacity but
this is not so in reality. One reason is the estimated rate
is the entropy of the crossover-like probability assuming a
binary symmetric channel (BSC). Thus, the estimated rate
has an inherent level of error.

Since these ranges of each Z l do not depend on decoded
j−1
, Eq. (10) supports parallel decoding for each
bitplanes X2i,n
bitplane independently.

3.

3.1.2 Proposed Method

Parallelized Distributed Video Coding Framework

The basic DVC framework fails to treat each bitplane independently, which hinders parallelization of the RA-LDPC
codes. In this section, we introduce a parallelized DVC
framework that computes each bit probability independently. Moreover, we propose coding performance enhancement methods for the parallelized DVC framework.
3.1 Estimating Bit Probabilities in Parallelized DVC
Framework
In this subsection, we describe two methods for estimating the bit probabilities in the parallelized DVC framework.

The simple method can not provide accurate conditional
probabilities because, from Eq. (10), the parallelized framej−1
work does not use decoded bitplane information X2i,n
. The
diﬀerence between the non − parallelized f ramework and
the simple method is seen in the range of each Z l . From
Eq. (5), the range of each Z l is limited to half that of the upper level bitplane. For the simple method, however, Eq. (11)
shows that the range of each Z l has no limit.
For the above reasons, the simple method generates inaccurate bit probabilities. To solve this problem, we introduce the index assignment method called the “Gray Code”
[17] to change the range of each Z l . Figure 2 illustrates the
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Table 1
ep
Pr{e p }

Example of error probabilities for 3-bits.

−4
0

−3
0

−2
0.1

−1
0.2

0
0.35

1
0.2

(a) Binary code
Fig. 3
Table 2

Example of Binary code and Gray code for 3-bits.

0

1

2

Ll (Non-parallelized)

−0.9(0)

− inf(1)

−0.7(1)

Ll (Simple method)

−0.9(0)

0.2(1)

0.2(1)

Ll (Proposed method)

−0.9(0)

−1.7(1)

0.4(0)

proposed parallelized framework. In the proposed method,
binary codewords X2i are transformed into Gray codewords
X̂2i by
X̂2i = X2i ⊕ X2i  1.

3
0.05

(b) Gray code

Log-likelihood ratio in each case (Original value).

l

2
0.1

(12)

⊕ and  represent eXclusive OR and bit shift operations,
respectively, and binary codewords X2i are given by
0
1
(MS B), X2i
, ..., X2iB (LS B)]
X2i = [X2i

(13)

l
X2i
∈ {0, 1}.

(14)

The conditional probabilities of Gray codewords X̂ l 2i are derived in the same way as Eq. (10) by replacing X with X̂,
where Z l is given by
⎧
⎪
⎪
= {2B−1 , ..., 2B − 1}
Z0
⎪
⎪
⎪
⎪
1
⎪
⎪
= {2B−2 , ..., 3 · 2B−2 − 1}
Z
⎪
⎪
⎪
⎪
⎨Z 2
= {2B−3 , ..., 3 · 2B−3 − 1}...
.
(15)
⎪
⎪
⎪
⎪
B−3
B−3
⎪
{5
·
2
,
...,
7
·
2
−
1}
and
⎪
⎪
⎪
⎪
⎪
.
..
⎪
⎪
⎩..
=
.
These ranges of each Z l fit the error model given by Eq. (3).
We consider the example of 3-bits (B = 3) to clarify
why the bit exchange of “Gray code” yields accurate bit
probabilities in the parallelized DVC framework. When the
parameters are given as X = 3, Y = 4 and Pr{e p }, as shown
in Table 1, Fig. 3 illustrates the relationships. From Eqs. (4),
(5) and substituting Eqs. (10), (11), (12) into Eq. (6), the
LLR of each case is given in Table 2. From Eq. (6), if Lln <
l
= 1. From Table 2,
0, the LDPC decoder assumes that X2i

we can verify that the proposed method yields a bit probability close to that provided by the non − parallelized method.
If the simple method is used, the LDPC decoder is misled
by all bits, and a lot of syndrome bits are required to correct
these “errors.”
Next, we generalize the previous example. The memoryless sources X is independent and identically distributed
and the side information Y is given as the memoryless
sources X to which is added random Laplacian additional
noise given by Eq. (3). We evaluate each H(Ple ) using Eq. (7)
and Eq. (16) as described in the next subsection. The result
is shown in Fig. 4. As shown in Fig. 4, we confirm that our
proposed method very closely approaches non-parallelized
performance.
3.2 Syndrome Rate Estimation for Parallelized DVC
Framework
In this subsection, we introduce a syndrome rate estimation
method to improve the coding performance of the parallelized DVC. The improvement in coding performance is
described in the next subsection.
In the parallelized DVC system, syndrome rate estimation is easier to perform than is true with the nonparallelized DVC framework. The mismatch probability of
l
l
and Y2i,n
is computed from
each bitplane between X2i,n
1 
l
l
Pr{X2i,n
 Y2i,n
|Y2i,n }
N n
1 
l
l
Pr{X2i,n
= 1|Y2i,n
= 0, Y2i,n }
=
N n
1 
l
l
+
Pr{X2i,n
= 0|Y2i,n
= 1, Y2i,n }.
N n

Ple =

(16)

(17)

We estimate the l-th bitplane’s syndrome rate in the parallelized framework by substituting Eq. (16) for Eq. (9).
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Fig. 4
Table 3

Theoretical relationship between H(Pe ) and α.

Optimized LDPC degree distributions for BSC [25].

degree
λ2
λ3
λ4
λ5
λ7
λ16
λ17
λ18
λ20
λ23
λ28
λ38
λ42
λ48
λ67
Avgrd

Rate=0.15
0.0903419
0.1760760

Rate=0.50
0.1527930
0.2823500
0.0062193

Rate=0.85
0.3151270
0.1902840
0.0449124
0.1705930

0.3044350
0.1356970
0.0127703

Fig. 5 Experiment’s model for evaluation of compression with side
information.

0.1405970
0.5586370
0.0764734
0.1680910
0.0081261
0.0440236
0.0361156
40

10

0.0863369
4.5

3.3 Improving Coding Performance of Parallelized DVC
Framework
In this subsection, we propose a coding performance enhancement method that uses rate estimation. In general,
LDPC codes have good distributions for each target rate as
do RA-LDPC codes. Table 3 shows optimized degree distributions for the BSC channel [25]. In the table, “Rate”
represents the ratio of information bits to syndrome bits.
Note that these degree distributions are not optimal for the
RA-LDPC codes. The reason is that RA-LDPC codes, such
as [19], are a class of Irregular Repeat-Accumulate (IRA)
Codes [24]. Basically, the optimal sparse matrix of IRA
codes is not the same as that of LDPC codes. However,
we propose to use these degree distributions as a suboptimal
way.
We evaluated the impact of LDPC degree distribution
on coding performance. The experiment’s model is shown
in Fig. 5. The simulation considered a memoryless random
binary signal, X, all sources have length of 6336 bits, and
correlated signal Y follows i.i.d. BSC. At the encoder side,
X is compressed using four RA-LDPC codes of diﬀering

Fig. 6
BSC.

Performance of RA-LDPC codes of lengths 6336 bits over i.i.d.

degree distribution, and X is recovered at the joint decoder
using the reception syndrome and LLR (Ln ). LLR is given
by
⎧
1− p
⎪
⎪
⎪
, Yn = 0
log
⎪
⎪
⎪
p
⎨
Lln = ⎪
.
(18)
⎪
⎪
p
⎪
⎪
⎪
,
Y
=
1
log
n
⎩ 1− p
We changed the crossover probability p in BSC and measured the syndrome bits required. The result is shown in
Fig. 6.
As shown in Fig. 6, for the optimized rate of 0.15,
the best performance is achieved at high compression ratios
(range of 0.00 to 0.34), for the optimized rate of 0.50, the
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best performance is achieved at medium compression ratios
(range of 0.34 to 0.72), and for the optimized rate of 0.85,
the best performance is achieved at low compression ratios
(range of 0.72 to 1.00).
Given the above simulation results, we propose to select the degree distribution according to the estimated syndrome rate. In our proposed method, if the estimated syndrome rate is small (high), we select a degree distribution
that is optimum at low (high) syndrome rates. Our approach ensures the use of the near-optimal distribution and
so improves coding performance if syndrome rate estimation is eﬀective. We evaluate in the next section the extent
to which coding performance can be improved if we apply
this method in the DVC framework.
4.

Simulation Results

This section discusses the simulations conducted to compare
the performance of the proposed parallelized DVC framework to that of the existing non-parallelized DVC framework.

Fig. 7 Compression performance of parallel DVC framework (Foreman
sequence, α = 0.24).

First, we evaluate coding performances of the parallelized and non-parallelized DVC frameworks. The results
for 30 frames of the Foreman and News Gray-scale QCIF
sequences are shown in Fig. 7 and Fig. 8. In this simulation,
the Wyner-Ziv frames were divided into four tiles; each tile
was compressed using the regular RA-LDPC (deg = 3, k =
6336) codec [19] and optimal α was computed using the
original version of the Wyner-Ziv frame. Side information
was made by the method of [21]. The four sequences had average α values of 0.24 and 0.34, respectively. Figure 7 and
Fig. 8 show that the proposed method equals the compression performance of the non-parallelized DVC framework
and yields about 3 [dB] better compression than the “simple method” at the same bitrate of 1.5 [bpp]. Our proposed
method works well if α is large because the distribution of
the“Gray code” is excellent with a Laplacian distribution.
Next, we measured the decoding time of each method
for the Foreman sequence with PSNR values of 40 [dB] and
43 [dB] on a Mac Pro (2 × 3 GHz Dual Core Intel Xeon).
The result, shown in Table 4, confirms that the parallelized
DVC scheme reduces the decoding times by up to 35[%].
We also measured the encoding time of each method; all
methods were run under parallel processing. The results are
shown in Table 5. The encoding methods of each method
are completely same. Therefore, the encoding times were
the same. Note that the encoding/decoding time includes
only RA-LDPC decoding time. However, the proposed parallelized DVC framework also reduces complexity. To calculate each LLR, look-up table (LUT) access is frequent;
our proposed parallelized DVC framework, however, reduces the cost of making the LUT compared to the nonparallelized DVC framework. For example, in the case of
8-bits, the LUT needs only 2048 elements in our framework
to calculate all LLR whereas 65280 elements are needed in
the non-parallelized framework. This suggests that our proposal may reduce the overall decoding time, but this is an
issue for a later paper.
We evaluated the estimation method proposed in 3.2
and the result, shown in Fig. 9 and Fig. 10, indicates that
the diﬀerence between the estimated rate and the measured
Table 4

Average decoding time per frame.

Foreman sequence (PSNR = 40 [dB])
Existing Method (non-parallelized)
1.55 [sec]
Simple Method (parallelized)
0.59 [sec]
Proposed method (parallelized)
0.45 [sec]
Foreman sequence (PSNR = 43 [dB])
Existing Method (non-parallelized)
1.79 [sec]
Simple Method (parallelized)
0.69 [sec]
Proposed method (parallelized)
0.68 [sec]

Table 5

Fig. 8 Compression performance of parallel DVC framework (News
sequence, α = 0.34).

Average encoding time per frame.

Foreman sequence (all bitplanes)
Existing Method (non-parallelized dec.)
12 [msec]
Simple Method (parallelized dec.)
12 [msec]
Proposed method (parallelized dec.)
12 [msec]
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Fig. 9 Evaluation of proposed syndrome rate estimation method
(Foreman sequence, α = 0.24).

Fig. 12 Compression performance of parallel DVC framework (use of
variable degree, News sequence)).

ment method proposed in 3.3. For this simulation, we used 3
distributions, see Table 3. Distribution selection proceeded
as follows: if the estimated rate was between 0 and 0.34, we
selected the optimized distribution for Rate = 0.15, if the estimated rate was between 0.34 and 0.72, we selected the optimized distribution for Rate = 0.50 and if the estimated rate
was between 0.72 and 1.00, we selected the optimized distribution for Rate = 0.85. We plot the characteristics of the
PSNR-Bitrate of Wyner-Ziv frames in Fig. 11 and Fig. 12.
As shown, the proposed method reduces the bit rate by about
10[%] for all sequences.
5.
Fig. 10 Evaluation of proposed syndrome rate estimation method (News
sequence, α = 0.34).

Conclusion

In this paper, we proposed a parallelized DVC framework.
To realize a practical DVC system, we proposed an accurate bit probability estimation method with an index assignment method that we call the “Gray Code.” We also gave
the theoretical grounds for the proposed method. Moreover,
we also proposed the approach in which the rate estimation
method uses the derived bit probabilities to improve the coding performance. Simulation results show that the proposed
framework can reduce the decode time by up to 35[%] with
minimal parallelization loss and our proposal to increase the
coding performance of the parallelized DVC framework reduces the bit rate by about 10[%].
Evaluating the circuit size of the proposed parallelized
DVC system is future work.
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