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Abstract— Multiple description coding (MDC) is an efficient
source coding technique for error-prone transmission over mul-
tiple channels. In this paper, we focus on the design of a new
polyphase down-sampling based MDC (NPDS-MDC) for image
signals. The encoding of our proposed NPDS-MDC consists of
three steps. First, we perform down-sampling on each N×N
image block according to the quincunx down-sampling pattern.
Second, we propose a new transform and apply it to the
down-sampled pixels to produce the side descriptions. Third,
we develop an error compensation algorithm to reduce the
compression distortion occurring on the down-sampled pixels.
In our scheme, the side decoding is performed posterior to image
interpolation with reference to the down-sampled compressed
pixels. Moreover, the central decoding is achieved by interlacing
the side descriptions. We also propose a compression-constrained
central deblocking algorithm to further improve the efficiency
of the central decoding. The experimental results indicate that
our proposed MDC scheme offers clearly superior performance,
especially at high bit rates, as compared to the state-of-the-art
methods for various types of images.

Index Terms— Multiple description coding (MDC), compres-
sion, error compression, quantization, deblocking.

I. INTRODUCTION

MULTIPLE description coding (MDC) [1] has been
recognized as an effective error-resilient source coding
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technique to overcome packet losses and transmission errors
over error-prone channels. In multiple description image cod-
ing, the source image is encoded into several descriptions to
be transmitted over multiple channels. Each description can
be utilized to reconstruct an image with low quality. The
reconstruction quality will be steadily improved when more
descriptions arrive, and the best quality is achieved when all
descriptions are received.

The MDC of images can be employed to support image
transmission over heterogeneous mobile networks, especially
for social network applications and other large-scale media
distribution services. Here, the source images are stored in
a central server and then downloaded by users via wireless
networks. Unfortunately, the downloading of an image via
wireless channels often suffers from the packet losses and
transmission errors. When MDC is adopted, these problems
can be effectively solved by delivering multiple image copies
to users via multiple channels. For example, if transmission
errors occur in one channel, users can still receive image
copies from the server through other channels. Moreover, if the
connection between the server and a user is not available, then
the user can obtain the copies from other users in a connected
neighborhood. Such data-sharing does not require each user to
be connected back to the server so that the network resources
can be exploited much more efficiently.

Another application of multiple description image coding
is in image archiving, where the source image is encoded
into multiple copies and stored at multiple locations. If a few
copies are corrupted, one can still reconstruct an approximated
version of the source image from the available copies.

To improve the efficiency of MDC, numerous techniques
have been proposed over the past two decades; most of
them are designed to produce the complementary descriptions.
To the best of our knowledge, the following four classes
represent most of the popular MDC schemes: (1) multi-
ple description scalar quantization (MDSQ) based schemes
[2]–[6]; (2) multiple description transform coding (MDTC)
based approaches [7]–[10]; (3) polyphase down-sampling
(PDS) based methods [11]–[17]; and (4) compressive sensing
(CS) based solutions [18]–[20].

Several early MDSQ-based schemes, including fixed-length
coding [2] and variable-length coding [3], aim to design an
optimal central quantizer and explore the index assignment
to create two coarse quantizers for the construction of two
descriptions. The coarse quantizers are combined to achieved
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an enhanced central reconstruction if both of the descriptions
are available. However, it is difficult to achieve the optimal
index assignment. Therefore, the practical MDSQ method
simply exploits some uniform quantizers with different step-
sizes [4] or designs the staggered quantizers [5], [6] to
implement an MDC scheme.

The MDTC-based schemes are built upon the pairwise
correlating transform (PCT) [7], [8] to combine the transform
coefficients to constrain side descriptions, which are comple-
mentary to each other. Greater flexibility has been achieved
in [9], [10] so that they can generate any number of side
descriptions. In these schemes, the linear estimation is often
exploited to reconstruct an image from available descriptions.
Unfortunately, although the optimal PCT can be designed,
the reconstruction quality is still limited due to the lack of
sufficient prior information for accurate estimation.

The polyphase down-sampling based MDC (PDS-MDC)
proposes to produce the side descriptions with several low-
resolution subimages. These subimages are generated by per-
forming the spatial down-samplings on the source image
according to some regular sampling patterns. In PDS-MDC,
each single description is encoded independently and image
interpolation is often utilized to reconstruct a full-resolution
image for the side decoding. The implementation of a typi-
cal PDS-MDC is quite simple. However, the down-sampling
employed to produce the descriptions often causes serious
quality degradations to the side decoding. In the past decade,
various methods have been proposed to solve this problem.
Zero-padding based oversampling techniques [11], [12], pre-
filtering techniques [13], [14] and high-efficiency transform
based techniques [15], [16] have been proposed to enhance the
correlations among the descriptions for better side decoding.
Meanwhile, the bilinear filter [21] has also been padopted to
design an adaptive error correction algorithm after the side
decoding.

Recently, compressive sensing (CS) [22] has been exploited
in MDC to construct the CS-MDC scheme. In CS-MDC, the
side descriptions are formed by performing the random pro-
jection on the source image. The “democratic property” of the
random projection [23] guarantees the CS-based compressions
to be more robust to the channel losses, which makes CS-MDC
applicable to the error-prone scenario. Most of the CS-MDC
schemes aim to design either a better reconstruction algorithm
for the CS-sampled image [18] or more efficient sampling
to construct highly-correlated descriptions [19]. The optimal
design of both the signal recovery algorithm and CS sampling
in [20] produces a more robust and efficient CS-MDC scheme.
Although the creation of side descriptions in CS-MDC is very
simple, recovering the CS-sampled data is quite complicated,
and the quality of the reconstructed image is obviously limited.

In this paper, we focus on the design of a new PDS-MDC
(NPDS-MDC) based on quincunx down-sampling. Specifi-
cally, we produce two side descriptions by applying our
proposed algorithms to each source block. If the side decoding
is carried out, we firstly reconstruct half of the pixels of an
image block and then utilize them to reproduce the other pixels
based on an interpolation method. When central decoding
is demanded, the corresponding pixels decoded from the

side descriptions will be interlaced to construct a full-sized
image block. The main contributions of this paper include the
following:

1) We propose a special transform derived from the conven-
tional DCT to compress the image signals with quincunx
down-sampling.

2) We propose an error compensation algorithm to reduce
the distortions of some specific compressed pixels of an
image block to induce high-quality interpolation for the
final reconstruction.

3) We propose a compression-constrained deblocking algo-
rithm, which effectively utilizes the received information
from both of the descriptions to reduce the boundary
artifacts in the central decoding process.

4) The extensive experimental results demonstrate the supe-
riority of the proposed method as compared with the
state-of-the-art methods with respect to both side decod-
ing and central decoding modes.

The rest of this paper is organized as follows. A brief
review of the related works is presented in Section II. Our
proposed NPDS-MDC is described in Section III. The pro-
posed compression-constrained central deblocking algorithm
for NPDS-MDC is introduced in Section IV. The experimental
results are given in Section V, and conclusions are finally
drawn in Section VI.

II. BACKGROUND

A. 1D Implementation for Conventional 2D DCT

Let us use B to denote a transformed block obtained by
performing the 2D DCT on an N × N image block b, i.e.,
B = DbDT , where D is the DCT matrix. According to matrix
theory, the 2D transform can be implemented in 1D fashion as
follows. Let x be the column vector obtained by concatenating
all columns of b and X be the coefficient vector obtained by
concatenating all columns of B. To achieve 2D DCT with
1D transforms, a larger transform matrix is computed by
calculating the Kronecker product [24], which is denoted as ⊗,
with the 1D DCT matrix as � = D⊗D, where is an N2 × N2

unitary matrix. Then, X can be calculated by utilizing x and
x and � as

X = �x. (1)

In practical applications, x can be generated by scanning
the pixels of b in any predefined order, rather than concate-
nating all columns of b. Accordingly, the columns of � are
rearranged to guarantee the correct outputs of the transform
coefficients. Additionally, if some changes are made to the
positions of X’s elements, then the corresponding row swaps
in � are also required.

B. Quincunx Down-Sampling for MDC

Polyphase down-sampling has been recognized as a sim-
ple yet effective approach to generate multiple descriptions
[15], [17], which yields the PDS-MDC scheme. In PDS-MDC,
the source image is firstly split into several low-resolution
subimages, each of which is compressed independently to pro-
duce a side description. Then, image interpolation is required
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to reconstruct a full-resolution image for each side decoding.
When the central decoding is carried out, all of the compressed
subimages from different descriptions are interlaced to con-
struct a full-sized image.

The quincunx down-sampling yields high correlations
among the side descriptions [15], which accordingly induces
a more efficient side decoding. Moreover, if more than two
descriptions are desired in MDC, then it is very flexible
for generation of more descriptions with the down-sampled
image via either further spatial partition or other advanced
techniques, such as the MDSQ, MDTC and CS-sampling
based methods. For example, based on the quincunx down-
sampling, a hybrid MDC scheme [25] is developed by jointly
considering the residual and transform domains to produce
four descriptions with better error-resilient performance.

However, if quincunx down-sampling is applied to the
block-based image coding, especially to generate the side
description for MDC, the down-sized subblock is often re-
aligned to form a rectangular-shaped block so that DCT can be
carried out. This re-alignment destroys the correlation between
different rows (columns) of the source block [16], which will
degrade the performance of DCT. The shape-adaptive DCT
(SA-DCT) [26] can offer an effective solution to this problem.
Other advanced transforms, such as the adaptive directional
lifting-based transform [15] and diamond-shape DCT [16],
were proposed to implement the transform for the down-
sampled block.

C. Deblocking for Image Coding

Image deblocking is developed to improve the quality of the
compressed image via removing the blocking artifacts from the
reconstructed image. Most image deblocking techniques [27],
[28] are proposed to be applied to the entire compressed
image, which often induces high complexity and results in
some oversmoothed image textures. A simple yet effective
solution to this problem is to only smooth the boundaries of
the image blocks, which guarantees low complexity as well
as a considerable quality gain. This mechanism has already
been employed to design the deblocking in-loop filters for both
H.264/AVC [29] and H.265/HEVC [30]. Note that introducing
more prior information to this solution usually improves the
deblocking efficiency significantly.

Adopting image deblocking in MDC aims to improve the
coding performance. Specifically, the side descriptions in an
MDC scheme usually deliver complementary information to
the central decoder. With this information, a more efficient
deblocking algorithm can be designed to achieve a high central
decoding performance.

III. OUR PROPOSED MDC

In this work, we focus on the design of a two-description
image coding scheme based on quincunx down-sampling
and propose several novel algorithms to achieve high coding
efficiency. Note that we present our proposed algorithms in 1D
vector form and all of the employed vectors can be converted
to the corresponding 2D blocks according to the predefined
down-sampling patterns or scanning orders.

Fig. 1. Scanning order for an 8 × 8 transformed block.

Fig. 2. Quincunx down-sampling pattern for an 8 × 8 image block.

A. Our Proposed Polyphase Down-Sampling Based Coding

Given an N ×N block B transformed from the source image
block b, we select the first M = N2/2 coefficients according
to the zigzag scanning order to form a vector X� and the rest
of the coefficients to form another vector X�̄. An example
regarding how to scan an 8 × 8 coefficient block is shown in
Fig. 1. Moreover, we choose M pixels of b according to the
quincunx down-sampling pattern, i.e., the gray-colored pixels
in Fig. 2, to form a vector x� and collect the remaining M
pixels to form another vector x�̄.

Based on Eq. (1), we first rearrange the columns of �

according to a predefined order, which consists of the colum-
nwise orders of x� and x�̄ in block b. An example regarding
how to define these orders for an 8 × 8 image block is shown
in Fig. 2. By rearranging the columns of �, we can obtain a
matrix �̂, such that

X = �̂

[
x�

x�̄

]
. (2)

Then, the rows of �̂ are rearranged according to the colum-
nwise orders of X� and X�̄ in the transformed block B.
An example regarding how to define these orders for an 8 × 8
transformed block is shown in Fig. 1. After rearranging the
rows of �̂ , we can obtain a matrix �S , such that[

X�

X�̄

]
= �S

[
x�

x�̄

]
. (3)

Here, �S is a unitary matrix and can be represented as

�S =
[

�00 �01
�10 �11

]
, (4)
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TABLE I

PSNR (dB) RESULTS FOR RECONSTRUCTED IMAGES

where each � i j is an M × M submatrix of �S . Then, Eq. (3)
can be rewritten as[

X�

X�̄

]
=

[
�00 �01
�10 �11

] [
x�

x�̄

]
. (5)

To reduce the bit cost in the compression, all of the coeffi-
cients in X�̄ can be forced to values of zero and then dropped
accordingly. This operation has already been used in DCT-
domain down-sampling and employed to implement the rapid
image resizing in [31]. However, removing the high-frequency
components usually causes serious quality degradation if the
reconstruction of a full-sized image is desired. Alternatively,
we can achieve X�̄ = 0 by manipulating the pixel values of
x�̄. Consequently, no quality degradation will occur on x� if
we reconstruct an image block without X�̄.

According to Eq. (5), if X�̄ = 0, x�̄ must be altered as

x̃�̄ = −�−1
11 �10x�. (6)

Then, by employing x̃�̄ to replace x�̄ in Eq. (5), the transform
vector (denoted as X̃�) of x� can be represented as

X̃� = (�00 − �01�
−1
11 �10)x�. (7)

Based on Eq. (7), we may maintain X�̄ = 0 while generating
the transform coefficients for x� as long as the inverse
transform of �11 exists. to the property of the 2D DCT
matrix and the composition of � S , a full-rank and invertible
matrix �11 can be extracted from �S . Therefore, M DCT
coefficients can be computed via Eq. (7). These coefficients
are then quantized and entropy-coded to obtain a compressed
bitstream, and then our proposed polyphase down-sampling
(PDS)-based coding process is accomplished. Note that Eq.
(7) offers a simple solution to implement the transform for
compression, where both the computational and bit-cost will
be reduced accordingly.

With �11, we can guarantee the resulting matrix of
(�00 − �01�

−1
11 �10) to be a full-rank and Therefore, if we

have obtained X̃� and intend to rebuild x� and x�̄, the inverse
transform of Eq. (7) can be firstly utilized to calculate utilized
to calculate x�. Then, x� is employed to reconstruct x�̄ via
Eq. (6). However, this reconstruction will induce a quality

Fig. 3. The interpolation scheme employed in our work.

degradation to x�̄, because the resulting x̃�̄ possesses certain
differences as compared with x�̄. When the compression is
performed, the quality degradation becomes more serious.

To solve this problem, we apply image interpolation to
x� to reconstruct x�̄. Specifically, when the quincunx down-
sampling is carried out, the interpolation method employed
in [32] is applied to achieve the interpolation. Moreover,
the interpolated pixel x�̄ is determined by exploiting a
weighted average of its 12 available neighboring pixels as
x�̄ = ωy, where ω is a row-vector composed of the
weighting coefficients {ω0, ω1, . . . , ω11} (see Fig. 3 for the
illustration) and y is a column-vector composed of 12
neighboring pixels of x�̄. In particular, ω is defined as
{−0.04775,−0.04775,−0.04775, 0.3455,−0.04775, 0.3455,
0.3455,−0.04775, 0.3455,−0.04775,−0.04775,−0.04775}.

In our proposed PDS-based coding, the above interpolation
is performed on the compressed x� to reconstruct a complete
image. To verify the performance of our interpolation-based
reconstruction, it is compared with the direct reconstruction of
x�̄, i.e., reconstruction without interpolation. The comparison
results are presented in Table I, where the JPEG codec is
employed to compress the test images (as shown in Fig. 7) and
three compression quality factors (QFs) are specified. As can
be observed from Table I, the employed interpolation for the
final reconstruction achieves a significant performance gain.

B. Error Compensation for Our Proposed PDS-Based Coding

When image interpolation is adopted in our proposed PDS-
based coding, a high reconstruction quality will certainly
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be achieved if a high-quality reconstructed x� is employed
to perform the interpolation. To achieve this goal, we pro-
pose to reduce the compression distortion occurring on x�

via controlling the quantization error of X̃�. Specifically,
we design an error compensation algorithm by considering the
distortion relationship between x� and X̃�, where the details
are presented as follows.

In Eq. (3), due to the existence of the unitary transform
matrix �S , the compression distortion of {x�, x�̄}, which
is measured by the sum-of-squared-error (SSE), is exactly
equal to the compression distortion of {X�, X�̄}. Let us
focus on the compression distortion of x�. By defining A =
[ai, j ]M×M = (�00 − �01�

−1
11 �10)

−1 and employing X̂� to
denote the quantized X�, the compressed x� can be computed
by x̂� = AX̂�. Then, the reconstruction distortion of x� is
calculated as

SSE� = �x� − x̂��2
2

= (X� − X̂�)T (AT A)(X� − X̂�)

= �XT
�(AT A)�X�

=
M−1∑
i=0

( M−1∑
j=0

ai, j �X j

)2
, (8)

where X� = [X0, . . . , X M−1]T , and �X� represents the
quantization error of X�, i.e., �X� = [�X0, . . . ,�X M−1]T .
Since A is not a unitary matrix, the reconstruction distortions
of x� and X� are not identical. Typically, SSE� is determined
by the quantization errors occurring in the transform domain
via a very complicated weighting process.

If the error item Ei is defined as

Ei =
( M−1∑

j=0

ai, j �X j

)2
, (9)

then Eq. (8) can be simplified as

SSE� =
M−1∑
i=0

Ei . (10)

Therefore, the minimum SSE� can be achieved by separately
minimizing each Ei . Unfortunately, Ei cannot be directly
minimized by simply taking the partial derivatives of �X j ,
because the quantization is a nonlinear operation. In fact,
�X j and ai, j �X j can randomly be positive or negative in
practical image coding. If �X j can be effectively controlled,
the reconstruction distortion occurring on x� may possibly
be reduced. A straightforward method to obtain the minimal
Ei is to exhaustedly search for all of the possible distortion
combinations of �X j . However, this strategy is inapplicable
in practical applications, and it is necessary to develop a more
efficient approach to reduce the reconstruction distortion of
x�. In this work, we firstly simplify the representation of Ei

by performing factorization on AT A and then perform an error
compensation on Ei to achieve a small SSE�.

Let W = AT A, where the product AT A maintains W as
a symmetric matrix [24]. Additionally, W can be factorized
as W = VT V according to the Cholesky decomposition [24],

Fig. 4. Performance verification of the proposed error compensation
algorithm: (a) R-D results for pixels employed to implement interpolation
and (b) R-D results for all of the pixels.

where V is an upper triangular matrix, i.e.,

V =

⎡
⎢⎢⎢⎢⎢⎣

v0,0 v0,1 · · · v0,M−2 v0,M−1
0 v1,1 · · · v1,M−2 v1,M−1
...

...
. . .

...
...

0 0 · · · vM−2,M−2 vM−2,M−1
0 0 · · · 0 vM−1,M−1

⎤
⎥⎥⎥⎥⎥⎦ . (11)

Then, Eq. (8) can be reformed to

SSE� = �XT
� VT V �X�

=
M−1∑
i=0

( M−1∑
j=i

vi, j �X j

)2
, (12)

and Eq. (9) can be accordingly rewritten as

Ei =
( M−1∑

j=i

vi, j �X j

)2
. (13)

For 0 ≤ i ≤ M − 1, Eq. (13) can be represented as

Ei = v2
i,i

(
�Xi +

M−1∑
j=i+1

(vi, j /vi,i )�X j

)2
. (14)

Let us define

δi =
M−1∑

j=i+1

(vi, j /vi,i )�X j . (15)

Then, with Eq. (14), we can obtain

Ei = v2
i,i

(
�Xi + δi

)2

= v2
i,i

(
Xi − Q(Xi ) + δi

)2

= v2
i,i

(
(Xi + δi ) − Q(Xi )

)2
, (16)

where Q(·) represents the quantization operation.
According to Eq. (16), Xi can be modified by compensating

δi to itself as X̃i = Xi + δi . Then, the quantization is carried
out on X̃i , and Ei is ultimately revised to

Ẽi = v2
i,i

(
(Xi + δi ) − Q(Xi + δi )

)2

= v2
i,i

(
X̃i − Q(X̃i )

)2

= v2
i,i (�X̃i )

2, (17)

where �X̃i represents the quantization error of X̃i . Comparing
Eq. (17) with Eq. (16), if δi �= 0, then Ẽi should be statistically
smaller than Ei .
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Fig. 5. The framework of our proposed NPDS-MDC.

Algorithm 1 Error Compensation

The error compensation is necessary to reduce the recon-
struction distortion of x�, and it should be performed on each
Xi for 0 ≤ i ≤ M − 1. After the error compensation for each
Xi is accomplished, a smaller SSE� can be achieved easily
by combining all of the Ẽi s together.

When the error compensation algorithm is adopted in our
proposed PDS-based coding, it will improve the compres-
sion quality for x�. The well-compressed x� will induce
a high-quality interpolation for the final reconstruction. Our
PDS-based coding coupled with the error compensation algo-
rithm for image compression is summarized in Algorithm 1.
Moreover, our proposed error compensation algorithm can
be exploited to improve the quality of x� as long as it
contains quantization distortions. This algorithm is indepen-
dent of the employed quantization strategy, such as Lloyd
quantization.

To verify the performance of our proposed error compen-
sation algorithm, a comparison is performed between two
different compression strategies for our proposed PDS-based
coding: 1) coding without error compensation (EC) and 2)
coding with EC. Additionally, both compression strategies are
implemented based on the JPEG codec, and the simulations
are conducted on all of the test images in Fig. 7. Both the

Fig. 6. Deblocking for the central decoding of our proposed MDC.

rate-distortion (R-D) results (on average) for those pixels used
in the interpolation and the R-D results (on average) for
all pixels are shown in Fig. 4. As can be observed from
Fig. 4, the error compensation employed in our PDS-based
coding has significantly improved the quality of the pixels
employed in the interpolation. Therefore, an overall coding
gain can be achieved based on the interpolation with these
pixels.

C. A New PDS-MDC

Coupled with the error compensation algorithm, our pro-
posed PDS-based coding can be applied to construct an
MDC scheme. Specifically, collecting different pixels from
the same block will construct different x� and X̃�, and thus
produce different descriptions. According to the quincunx
down-sampling pattern shown in Fig. 2, we construct a new
PDS-MDC scheme (NPDS-MDC), whose framework is pre-
sented in Fig. 5. As shown in Fig. 5, the production of the side
descriptions starts with the splitting of the source image block.
According to the quincunx down-sampling pattern, the source
block is firstly split into two subblocks. Then, each subblock is
transformed and our proposed error compensation algorithm
is performed on the transform coefficients. Finally, the later
compression steps, i.e., quantization and entropy coding, are
carried out to finish the encoding of the side descriptions. Note
that both of the descriptions can be separately decoded and
they are equally important.
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Fig. 7. Test images. From left to right and from top to bottom: Parrot (256 × 256), Airplane (256 × 256), Cap (256 × 256), Butterfly (256 × 256), Fence
(512×512), Man (512×512), Boat (512×512), Goldhill (512×512), Traffic (1024×1024), People (1024×1024), Terrace (1024×1024), Cafe (1152×1152),
City (1152 × 1152), Bike (1152 × 1152), and Car (1152 × 1152).

TABLE II

SIDE PERFORMANCES OF DIFFERENT MDC METHODS

In our proposed NPDS-MDC, if only one description is
received, either description-1 (D-1) or description-2 (D-2),
then the decoded pixels of x̂(k)

� are determined by the M
received transform coefficients of X̂(k)

� as

x̂(k)
� = AX̂(k)

� , (18)

where k = 1 or 2 to represent the received D-1 or D-2. Then,
image interpolation is carried out with x̂(k)

� to reconstruct a
complete image block. If both of the descriptions are available,
then x̂(1)

� and x̂(2)
� are interlaced together to form the desired

image block.

IV. COMPRESSION-CONSTRAINED CENTRAL

DEBLOCKING FOR OUR PROPOSED NPDS-MDC

In our proposed NPDS-MDC, we interlace two descriptions
to implement the central decoding. Although the proposed
error compensation algorithm can be exploited to improve the
central performance, the reconstructed image still suffers from
the blocking artifacts which are caused by the block-based
compression mechanism.

In this section, we propose a compression-constrained cen-
tral deblocking algorithm (CCCD), which smooths the bound-
aries of the adjacent blocks and preserves the image textures to
improve the central performance of our NPDS-MDC. In par-
ticular, the proposed deblocking algorithm is only activated
by the joint decoding mode when there exist two available
descriptions: it cannot be initiated by any single description.

TABLE III

AVERAGE BD-RATE SAVINGS(%) OF CENTRAL PERFORMANCE
COMPARED WITH DSDC

Fig. 8. Side decoding with D-1 for “Parrot” image (0.40 bpp). From left to
right and top to bottom: source image, DDP-MDC, SMLSR-MDC, DSDCT-
MDC, LRS-MDC, and NPDS-MDC.

A. Formulation

In [33], an image restoration based estimation algorithm is
proposed to recover the image blocks whose DC coefficients
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Fig. 9. Side decoding with D-2 for “Cap” image (0.45 bpp). From left to right
and top to bottom: source image, DDP-MDC, SMLSR-MDC, DSDCT-MDC,
LRS-MDC, and NPDS-MDC.

are lost. This estimation method, which has demonstrated
some very impressive performances, is implemented by mini-
mizing the second-order gradients of the boundaries of neigh-
boring blocks. Inspired by [33], we propose a new deblock-
ing algorithm by minimizing the second-order gradients of
the block boundaries. This deblocking is constrained by the
information extracted from both of the received descriptions,
where the additional constraints prevent the extra distortions
caused by deblocking.

Our proposed deblocking approach is designed to smooth
both the horizontal and vertical boundaries for each N × N
block, where N = 8 is specified in this work. For convenience,
we only present the detailed deblocking steps for smoothing
a vertical boundary between two adjacent blocks, which are
denoted as bL and bR , respectively. Note that those steps can
be easily applied to process the horizontal boundaries.

As shown in Fig. 6, four columns of pixels near the
boundary are selected for deblocking, and these pixels are
employed to generate four column vectors, α1, α2, α3 and
α4. Then, we define two second-order gradient vectors along
the horizontal direction as

∇1 = α1 − 2α2 + α3 (19)

and

∇2 = α2 − 2α3 + α4. (20)

Fig. 10. Side decoding with D-1 for “Butterfly” image (0.45 bpp). From
left to right and top to bottom: source image, DDP-MDC, SMLSR-MDC,
DSDCT-MDC, LRS-MDC, and NPDS-MDC.

Assuming that xF is a column-vector composed by inter-
lacing the pixels in {α1,α2,α3,α4}, the optimal xF for the
proposed deblocking approach is determined as

x̂F = arg min
xF

(�∇1�2
2 + �∇2�2

2). (21)

The pixels calculated by solving Eq. (21) are exploited to
smooth the boundary of bL and bR to achieve the deblock-
ing. Unfortunately, this simple smoothing operation will also
introduce some unexpected distortions. To solve this problem,
an additional constraint, which is based on the decoded
transform coefficients from both descriptions, is proposed to
control the extra distortions caused by deblocking.

Let X̂(k)
L and X̂(k)

R (k = 1, 2) represent the coefficients
decoded from D-k for bL and bR , respectively. With these
coefficients, a coefficient vector X̂Q = [

X̂(1)
L X̂(2)

L X̂(1)
R X̂(2)

R

]T

is constructed. If the deblocking algorithm is carried out, then
the updated coefficients X̂(k)

F L and X̂(k)
F R can be obtained by

performing the transform defined in Eq. (7) on the deblocked
bL and bR , respectively. Consequently, an updated coefficient
vector is formed as X̂F = [

X̂(1)
F L X̂(2)

F L X̂(1)
F R X̂(2)

F R

]T . Then, our
proposed deblocking approach is formulated as

x̂F = arg min
xF

(�∇1�2
2 + �∇2�2

2),

s.t. �X̂F − X̂Q�2
2 < ε. (22)
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Fig. 11. R-D results for central decoding.

Since X̂F is correlated to αi (i = 1, 2, 3, 4), ∇1 and ∇2, the
deblocking cost function can be formulated with respect to
X̂F as

f (X̂F ) = (�∇1�2
2 + �∇2�2

2) + λ�X̂F − X̂Q�2
2, (23)

where λ is adaptively determined by the compression quality
of the practical image coding scheme. Then, the optimal X̂F

for our proposed deblocking method can be calculated by
solving the minimization problem in Eq. (23). The detailed
optimization derivations will be presented in Section IV-B.

B. Optimal Solution for Central Deblocking

Let x̂(k)
F L = {x̂ (k)

F L j
} ( j = 0, 1, . . . , 7) represent the pixels

belonging to D-k which are located at the left side of the

boundary. Similarly, let x̂(k)
F R = {x̂ (k)

F R j
} ( j = 0, 1, . . . , 7)

denote the pixels belonging to D-k which are located at
the right side of the boundary. According to Eq. (18), after
removing 24 corresponding rows from A, which is a 32 × 32
matrix for N = 8, we can obtain

x̂(k)
F L = A(k)

L X̂(k)
F L (24)

and

x̂(k)
F R = A(k)

R X̂(k)
F R, (25)

where each of A(k)
L and A(k)

R consists of 8 specific rows of A,
and these rows are selected according to the positions of x̂ (k)

F L j

and x̂ (k)
F R j

in the deblocked x̂(k)
� , respectively.
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Fig. 12. Central decoding for “Parrot” image (0.80 bpp). From left to right
and top to bottom: DDP-MDC, SMLSR-MDC, DSDCT-MDC, LRS-MDC,
NPDS-MDC, and NPDS-MDC+.

Let x̂F be x̂F = [
x̂(1)

F L x̂(2)
F L x̂(1)

F R x̂(2)
F R

]T . According to Eqs.
(24) and (25), x̂F can be represented as

x̂F = UX̂F , (26)

where

U =

⎡
⎢⎢⎢⎣

A(1)
L

A(2)
L

A(1)
R

A(2)
R

⎤
⎥⎥⎥⎦ . (27)

Moreover, when the deblocking is performed, α1 can be
represented as

α1 = S1x̂F , (28)

where S1 = [
1 01 
2 01 02]. In S1, 01 is an 8×4 zero matrix,
02 is an 8 × 16 zero matrix,


1 =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 0 0 0
0 0 0 0
0 1 0 0
0 0 0 0
0 0 1 0
0 0 0 0
0 0 0 1
0 0 0 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Fig. 13. Central decoding for “Cap” image (0.90 bpp). From left to right
and top to bottom: DDP-MDC, SMLSR-MDC, DSDCT-MDC, LRS-MDC,
NPDS-MDC, and NPDS-MDC+.

and


2 =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0 0 0 0
1 0 0 0
0 0 0 0
0 1 0 0
0 0 0 0
0 0 1 0
0 0 0 0
0 0 0 1

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

.

Similarly, α2 = S2x̂F , α3 = S3x̂F and α4 = S4x̂F , where
S2 = [
2 01 
1 01 02], S3 = [02 
1 01 
2 01] and S4 =
[02 
2 01 
1 01] can be easily obtained. Then, Eqs. (19) and
(20) can be revised to ∇1 = (S1 − 2S2 + S3)x̂F and ∇2 =
(S2 − 2S3 + S4)x̂F , respectively. If we further define P1 =
S1 − 2S2 + S3 and P2 = S2 − 2S3 + S4, then Eq. (23) can be
represented as

f (X̂F ) = �P1x̂F�2
2 + �P2x̂F�2

2 + λ�X̂F − X̂Q�2
2

= �P1UX̂F�2
2 + �P2UX̂F�2

2 + λ�X̂F − X̂Q�2
2. (29)

Let us define �1 = P1U and �2 = P2U. Then, the optimal
solution to Eq. (29) is determined as

X̂F = λ
(
�T

1 �1 + �T
2 �2 + λI

)−1X̂Q, (30)

where I is the identity matrix. The closed-form solution in
Eq. (30), which can be applied to both the horizontal and
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Fig. 14. Central decoding for “Butterfly” image (0.90 bpp). From left to right
and top to bottom: DDP-MDC, SMLSR-MDC, DSDCT-MDC, LRS-MDC,
NPDS-MDC, and NPDS-MDC+.

vertical boundaries, offers low complexity when it is employed
in practice. At last, the processed pixels of x̂F can be obtained
via Eq. (26).

V. EXPERIMENTAL RESULTS

A. Experimental Setups

Four baseline methods, i.e., the data-dependent processing
based MDC (DDP-MDC) [13], the spatial multiplexing and
least squares restoration based MDC (SMLSR-MDC) [14],
the diamond-shape DCT based MDC (DSDCT-MDC [16],
and the local random sampling (LRS) based MDC (LRS-
MDC) [20], are compared with our proposed MDC scheme
in the experiments.

In this work, all methods, including the proposed and
baseline methods, are utilized to generate two descriptions
and the JPEG codec is adopted as the third party codec to
compress the side descriptions for each method. The image
block size is specified as 8 × 8, i.e., N = 8, for our proposed
method. We verify the performance of the CCCD algorithm
by integrating it into our NPDS-MDC and denote the resulting
method as NPDS-MDC+, where λ is empirically defined as
λ = QF/10 + 4. Our simulations are performed on the
classical test images as shown in Fig. 7.

B. Decoding With Single Description

The side performances (on average) of all of the com-
pared methods are presented in Table II, where every method
produces two descriptions with approximately equal qualities.
As can be observed from Table II, our proposed NPDS-MDC
outperforms the baseline methods when the bit rate becomes
relatively high. LRS-MDC fails to perform efficiently at high
bit rates because of its limited ability to recover the image
from the randomly sampled data. The other down-sampling
based methods cannot perform well in this scenario due to the
lack of high-efficiency compression algorithms to produce the
high-quality side descriptions.

Note that when the bit rate is lower than 0.30 bpp, our
proposed NPDS-MDC fails to compete with the other MDC
schemes. In this scenario, the performance degradation of
NPDS-MDC is primarily caused by the spatial down-sampling
of the source image and the direct removal of many high-
frequency components during the construction of the side
descriptions. Additionally, in the case of low bit-rate com-
pression, most of the remaining high-frequency components
will also be quantized to values of zero, which causes the
further damage to the compressed image quality. Since image
interpolation cannot effectively recover the lost information,
the side performance of our proposed NPDS-MDC is thus
limited when the low bit-rate setting is applied.

Visual comparisons of the Parrot, Cap and Butterfly images
are presented in Figs. 8−10, to enable further comparison.
According to the results shown in Figs. 8−10, the serious
compression artifacts tend to occur in the images compressed
by DDP-MDC, SMLSR-MDC and DSDCT-MDC. In contrast,
the images reconstructed by the side decoder of LRS-MDC
are usually oversmoothed and a large amount of textural
details disappear, especially in the Parrot and Cap images.
These oversmoothing artifacts are induced by the restoration
algorithm used to recover the images from the randomly
sampled data. Compared with the other methods, our proposed
NPDS-MDC offers obviously superior visual results for the
Parrot and Cap images, as proven by the clear details and sharp
edges in the reconstructed images. For the Butterfly image,
although our proposed method performs better than DDP-
MDC, SMLSR-MDC and DSDCT-MDC, it still performs
worse than LRS-MDC. Since this image contains numerous
fine edges, especially the diagonal ones, our proposed method
usually destroys these edges due to the spatial down-sampling
of the source image and the removal of the high-frequency
components. Unfortunately, image interpolation in our pro-
posed method can hardly recover these edges but introduces
some blocking artifacts. On the contrary, the adopted image
restoration algorithm in LRS-MDC can effectively remove
these blocking artifacts at the expense of the oversmoothing
effects, and thus offers better quality.

C. Decoding With Multiple Descriptions

The R-D results for the central performances of all MDC
methods are introduced in Fig. 11, where the error-free sin-
gle description coding (SDC) and the error-free double-SDC
(DSDC) are also included as the upper and lower bounds
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Fig. 15. Error-resilient performances for ρ = 0.05.

for better comparisons. Moreover, compared with DSDC, the
average BD-rate savings over all of the test images for the six
MDC methods are presented in Table III for comprehensive
comparison in different bit-rate scenarios.

It can be deduced from Fig. 11 that SDC achieves the
best R-D performance, as expected. However, SDC cannot be
applied to error-resilient image coding. Moreover, based on the
results presented in both Fig. 11 and Table III, our proposed
NPDS-MDC can offer better performance at high bit rates,
even when CCCD is not carried out. These excellent perfor-
mances are obtained via interlacing the well-compressed pixels
of two descriptions to construct the final outputs. Additionally,
the CCCD algorithm also guarantees a consistent performance
gain for the central decoding of our NPDS-MDC+.

We can also observe from Fig. 11 that DDP-MDC, SMLSR-
MDC, DSDCT-MDC and LRS-MDC often perform even
worse than DSDC at high bit rates. The higher rate-redundancy
induces performance decrease of the first three MDC meth-
ods. The image restoration algorithm in LRS-MDC seriously
limits its performance, as proven by the slight quality
increment when the bit rate increases. Moreover, due to
the loss of most high-frequency components, our proposed
NPDS-MDC and NPDS-MDC+ perform less convincingly
at low bit rates, which is found according to the results
presented in both Fig. 11 and Table III. Moreover, it is
deduced from Fig. 11 that our proposed methods cannot
effectively process the Butterfly image over most of the bit
rates.
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Fig. 16. Error-resilient performances for ρ = 0.15.

As mentioned before, the spatial down-sampling of the
source image and the removal of the high-frequency transform
coefficients tend to destroy the objects’ edges in the image.
Although some specific pixels in each description can be effec-
tively compressed, interlacing the side descriptions still can-
not effectively reconstruct those damaged edges. A potential
solution to this problem is to design an adaptive spatial down-
sampling algorithm to preserve the high-frequency information
as much as possible in the side descriptions. We might explore
this potential solution in our future work.

Visual comparisons are also presented in Figs. 12−14 to
further demonstrate the performance of the central decoding
of our proposed MDC method. As shown in Figs. 12−13,
our proposed NPDS-MDC and NPDS-MDC+ provide clearer

reconstructed results even when the deblocking is not carried
out. Conversely, the output images from the central decoder
of LRS-MDC are apparently oversmoothed, and the images
compressed by the other down-sampling based MDC methods
contain large amounts of unpleasant artifacts or lose clear
details. Moreover, applying CCCD to the central decoding
of our proposed MDC scheme can remove some blocking
artifacts from the compressed images and improve the visual
qualities of the reconstructed images. The results shown in
Fig.14 indicates that LRS-MDC offer the best central decoding
result for the Butterfly image. As mentioned before, this image
contains a large amount of diagonal edges, which cannot be
effectively preserved in the side descriptions of the spatial
down-sampling based MDC methods, such as DDP-MDC,
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SMLSR-MDC, DSDCT-MDC and our proposed MDC meth-
ods. Unfortunately, the central decoding algorithms of these
MDC methods cannot effectively recover the damaged edges,
and thus, their coding performances is limited. Furthermore,
the edge information is well preserved by the random sampling
in LRS-MDC, while the restoration algorithm adopted in LRS-
MDC can remove the blocking artifacts occurring along the
objects’ edges.

D. Comparisons of Error-Resilient Performance

The error-resilient performance of an MDC scheme is
related to the redundancy allocation between descriptions.
A high error resilience usually relies on an effective redun-
dancy allocation. Therefore, an average distortion function
D̄(ρ) is introduced based on the side distortion Ds and central
distortion Dc to guide the allocation of the redundancy [17].
Specifically, D̄(ρ) is defined as

D̄(ρ) = (1 − ρ)2 Dc + 2ρ(1 − ρ)Ds , (31)

where ρ is the channel failure probability. This average
distortion measurement is also employed to evaluate the error-
resilient ability of MDC [20], where the PSNR is adopted as
the distortion metric for both Dc and Ds . In our simulations,
the same settings of [20] are applied. The error-resilient results
of two failure cases, i.e., ρ = 0.05 and 0.15, are presented
in Figs. 15−16, respectively, to compare the error-resilient
performances of all MDC methods with DSDC. The results
presented in Figs. 15−16 demonstrate that our proposed MDC
methods have achieved excellent error-resilient performance
for the high bit-rate coding scenarios. In contrast, the other
methods offer lower performances, even lower than DSDC,
at high bit rates. Although the removal of the high-frequency
information limits the error-resilient performance of our pro-
posed MDC methods, it still outperforms DSDC over all tested
bit rates for most of the test images.

E. Discussions About Applying Our Proposed Algorithms to
MDC of Video Signals

Currently, our proposed error compensation algorithm and
deblocking algorithm are designed for image coding with fixed
block size, e.g., 8 × 8, which limits our proposed MDC to be
only suitable for JPEG. Both algorithms can be upgraded to
adapt to various block-sizes, especially to the partition strategy
of H.265/HEVC, such that the H.265/HEVC intra-coding can
be utilized to implement our MDC.

When most of the MDC schemes are applied to video
signals, they nearly always suffer from the error propagations
caused by the mismatched reference frames at the encoder
and decoder sides. This is still an open problem to be studied
in MDC of videos. If we apply our proposed MDC to video
signals, an effective method to solve this mismatching problem
must first be designed. If this crucial problem can be solved,
the proposed error compensation algorithm and the deblocking
algorithm can then be applied to multiple description video
coding with the adaptation of variable block sizes.

F. Discussions About the Complexity of Our Proposed
Method

In our proposed MDC scheme, applying the error com-
pensation algorithm to produce the side description induces
some additional calculations to the encoder. However, we can
directly apply a small-sized 2D transform to some specific
pixels without any additional operations, which saves compu-
tational cost of encoding. The image interpolation technique
has been used very frequently in the polyphase down-sampling
based MDC schemes, and its complexity can be effectively
controlled to achieve the side decoding. Moreover, the closed-
form solution to implement our proposed deblocking algorithm
guarantees a low complexity for the central decoding. Based
on the above discussions, we believe that the complexity of
our proposed MDC method is acceptable and this scheme can
be used in practice.

VI. CONCLUDING REMARKS

In this paper, we propose a new polyphase down-sampling
based MDC for image signals. The generation of the side
descriptions is built upon the quincunx down-sampling, and
the compression of the side descriptions is achieved via
employing a new transform with our proposed error compen-
sation algorithm. Each side description can be independently
decoded based on image interpolation, while the central decod-
ing is achieved by interlacing the two received descriptions.
Additionally, a compression-constrained deblocking algorithm
is proposed to achieve higher efficiency for the central decod-
ing. The experimental results demonstrate that our proposed
MDC performs more efficiently, especially at high bit rates,
as compared with state-of-the-art methods.
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