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ABSTRACT
Multimedia applications are becoming more and more an integral part of our daily
lives.

For

most

multimedia

applications,

high-performance

compression

and

cost-efficient communication of the multimedia data are essential. Conventional image
and video compression leverages the source statistics at the encoder side, which is not
suitable for the so-called up-link transmissions. In such emerging applications (e.g.
wireless sensor networks, video surveillance and camera arrays), the encoders usually
have limited functionalities and power supplies. Therefore it is desired to shift the burden
of exploiting source dependency to the decoder side. The resulting new coding paradigm
is called distributed source coding (DSC).
Most existing works on practical DSC only achieve good results when dealing with
ideal sources, where a priori knowledge about the source statistics is assumed. For
real-world sources such as images and videos, such knowledge is not really available in
general, and it is very difficult for the decoder to learn the source correlation accurately
because there is less information available. For example, in distributed video coding
(DVC), decoder-side motion estimation (ME) is employed to generate motion
compensated prediction (MCP) for decoding. Without access to the current frame, the
decoder has to derive the motion information through temporal-domain extrapolation.
This hurts the performance of MCP, as well as the coding efficiency of DVC.
In this dissertation, we focus on designing decoder-side learning schemes for better
- xiii -

understanding of the source statistics, based on which practical DSC systems can be built
for high-efficiency, low-cost, and secure multimedia communications. For DVC, we
propose to use multi-resolution motion refinement (MRMR) for the decoder-side motion
learning, where low-resolution versions of the current frame are progressively decoded,
based on which the motion field is refined and used for the decoding of the next
resolution level. We will present both theoretical analysis and a practical wavelet-domain
codec. It is observed that huge bit-rate saving can be achieved over motion extrapolation
based approaches. On the other hand, unlike conventional ME, decoder-side ME does not
have to transmit the overhead motion information, making it possible to further improve
MRMR by exploiting more detailed motion (e.g. describing the motion field with higher
spatial resolution and amplitude precision, using more candidate motion vectors, etc.).
Our MRMR predictor with extensive motion exploration has achieved performance
comparable to the H.264/AVC predictor.
Similar idea can be employed in compression of encrypted images or videos. In such
applications, it is assumed that the encoder does not have access to the secret key,
therefore distributed coding can be applied to enable decoder-side source dependency
exploitation. In this dissertation, we propose the use of resolution-progressive
compression, where low-resolution reconstructions are used for the learning of both
intra-frame and inter-frame correlations, without any assumption of the underlying
source/motion models. Our practical lossless codec for encrypted images/videos has
shown significant advantages in both coding efficiency improvement and complexity
- xiv -

reduction, when compared to existing approaches.
In real-world applications, power optimization is an equally important issue as
bit-rate reduction. In this dissertation, we also address the fundamental rate-allocation
problem for distributed coding of multiple correlated sources. The goal is to find the
optimal rate-point that allows lossless reconstruction of the sources, while minimizing the
overall transmission power consumption of a wireless sensor network. A novel
water-filling model is established, based on which a greedy yet optimal algorithm is
proposed for the decoder to solve the rate-allocation problem in a recursive manner. The
feasibility and optimality of the proposed solution are analyzed mathematically.
Compared to the exhaustive search approach, our algorithm achieves dramatic reduction
in computational complexity.
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Chapter 1

Introduction
Nowadays, with the development of digital technologies and the popularity of the
Internet, video applications, such as digital video disk (DVD), digital video camcorder
and Video on Demand (VoD) are becoming more and more inseparable from human lives.
In most video applications, due to the huge amount of data, compression or coding of the
video signals is an important issue.
Most conventional video coding standards are designed for the “downlink”
transmission, where there is a powerful encoder that exploits the source statistics, and
multiple light-weight decoders that work in a slave mode. It is suitable for the traditional
server-client model of video communications (e.g. broadcasting or VoD), where a video
is to be encoded once, and decoded many times.
However, there are also some application scenarios where this conventional
“complex encoding, simple decoding” structure shall be reversed. For example, in
wireless sensor networks (WSN) [14] which consist of many tiny sensors with integrated
computing and wireless communication capabilities, the energy provisioned for the
wireless sensors is not expected to be easily renewable throughout its lifetime. To
transmit video over a WSN, it is desired to shift the bulk of computation to the decoder
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side (which can be a powerful base station of the network) to save the power for
computation, but still reduce the data rate as much as possible to save the power for
communication. This is the so-called “up-link” video transmission, where “simple
encoding, complex decoding” is favored.
Distributed source coding (DSC) is a new coding paradigm that matches this
requirement perfectly. DSC encodes multiple correlated sources separately, while decodes
them jointly. It is the decoder who bears the responsibility to exploit the source
dependency. Theoretical results in the literature show that there can be no rate loss (for
lossless DSC and some special lossy DSC cases) or a very small rate loss (for general
lossy DSC cases) compared to conventional source coding [97][110][111].
Another application scenario that DSC has advantages over conventional source
coding is the compression of encrypted sources. Imaging that a third-party network
provider is asked to transmit some encrypted files for a user, while the user wants to keep
the files confidential to the network provider. In this case, it is not possible for the
encoder to exploit the source dependency because it has been masked by the encryption
function. But it is still possible for the decoder to do the job if it holds the secret key and
performs joint decoding and decryption. The scheme to compress encrypted sources is a
sub-problem of DSC – source coding with side information (in this case the side
information is the secret key) at the decoder side. Theoretical analysis shows that under
some

reasonable

assumptions,

neither

compression

performance

information-theoretic security will be sacrificed to compress the encrypted data [50].
-2-

nor

Despite the inspiring theoretical results and the advances of the coding practices for
ideal sources (the reader is referred to [118] for a literature review), when it comes to the
distributed compression of real-world sources (e.g. distributed video coding (DVC) [40]
or compression of encrypted images or videos [92]), there is still a large performance gap
when compared to conventional codecs. The problem can be explained as follows: 1) the
performance of DSC relies largely on the knowledge of the source statistics; and 2) due to
the non-stationarity of real-world sources, it’s hard to learn the statistics if the decoder
does not have access to the (decoded) sources. This chicken-and-egg dilemma has
imposed a significant challenge for the design and deployment of practical DSC schemes.
In this dissertation, significant efforts have been made to improve decoder’s learning
about the source statistics for efficient, low-complexity and secure communication of
multimedia data [63]–[73][121][123]. The major contributions are summarized as
follows:


We address the limitation of decoder-side learning and propose to enable partial
access to the current source through progressive decoding.



For DVC applications, we propose a multi-resolution motion refinement
(MRMR) scheme for decoder-side motion learning. That is, the current frame is
progressively decoded in the resolution dimension, based on which the motion
is refined to facilitate the decoding of the next resolution level. We provide a
comprehensive rate-distortion analysis on the efficiency of MRMR, and
implement a wavelet-domain DVC codec based on it. It has been shown to have
-3-

significant improvement over conventional motion learning methods that
employ temporal domain extrapolation.


Further improvement is made for MRMR by incorporating extensive motion
exploration. That is, more detailed motion is exploited at the decoder side,
including the use of fractional-pel motion search, the use of smaller block sizes
and the use of multiple-hypothesis prediction (note that decoder-side motion
estimation does not suffer from the overhead bits in transmitting the motion).
With these advanced motion estimation techniques integrated, MRMR has been
shown to have comparable prediction performance to H.264/AVC.



We analyze the limitations of existing approaches on compressing encrypted
images, and proposed progressive decoding for better learning about the local
statistics and geometric features of the image. Theoretical analysis shows that
the proposed scheme can achieve 70% to 90% possible rate saving of an
optimum intra coder. Our real-world lossless image codec has achieved both
much improved coding efficiency and reduced computational complexity than
existing approaches.



We extend our work to compression of encrypted videos, where partially
reconstructed frames are used for both intra-frame and inter-frame prediction.
They are adaptively integrated to obtain a hybrid spatial-temporal prediction.
Simulation results show that our scheme saves 1.6 bpp more than existing
solutions.
-4-



We studied the problem of power-efficient communication of multiple
correlated sources over a WSN. Sophisticated rate allocation can be performed
at the decoder side to minimize the power consumption of the entire network.
We propose a water-filling model for this problem, based on which a greedy, yet
optimum rate allocation algorithm is proposed. The algorithm has achieved
dramatic complexity reduction over the exhaustive search approach.

The dissertation is organized as follows. Some background knowledge is introduced
in Chapter 2. Chapter 3 presents the multi-resolution motion refinement scheme for DVC.
Chapter 4 studies compression of encrypted images and videos. Chapter 5 introduces our
power-efficient rate allocation algorithm. Conclusions and future works are discussed in
Chapter 6.
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Chapter 2

From Conventional Video Coding to Distributed
Video Coding
Digital video signals are captured and displayed as a sequence of two dimensional
(2D) images [80]. Each image is usually called a frame. Frame rate denotes the temporal
sampling frequency of the video. In the spatial domain, a frame is represented as a
discrete array of pixels (or pels). The size of the array characterizes the spatial resolution
of the video. For colored videos, each pixel is described using the three components in a
tri-chromatic space, such as the RGB, YUV or YCbCr spaces [105][113]. The amplitude
of each component is typically digitized into 8 ~ 16 bits of precision.
The data amount of uncompressed digital videos can be huge. For instance, the CIF
(Common Intermediate Format) is specified by ITU-T (International Telecommunications
Union - Telecommunications Sector) for video conferencing purposes over Internet. One
second of a CIF signal contains 30 frames, each of which has 352288 pixels. Each pixel
is represented in the YCbCr format, with the Cb and Cr components subsampled by one
half in both the horizontal and vertical dimensions,1 and each component is represented
with an 8-bit integer. Therefore, without compression, the data rate of a CIF video will be

1

This is called 4:2:0 sampling.
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303522881.58 = 36.5 Mbps (Mega bits per second), which is beyond the bandwidth
capability of most commercial networks. For the BT.601 format developed by ITU-R
(International Telecommunications Union - Radio Sector) for DVD, 249 Mbps or 124
Mbps of raw data rate is typical (depending on the color representation) [105], which
means that a two-hour uncompressed program will need 224 Giga Bytes (GB) or 112 GB
for storage. This has exceeded the storage capability of most entertainment devices.
Certainly with the development of material science, bandwidth and storage capabilities of
future devices will be dramatically improved. However, consumers’ anticipation to video
quality is also increasing. Today’s high definition television (HDTV) aims at providing
both enhanced spatial resolution (for example 19201280) and temporal resolution (for
example 60 fps) [47]. For digital cinema, it is 40962048 at 48 fps, with the amplitude
precision being 12 bits per component [29]. There are also 3D TV and 3D films on the
way. At least in the foreseeable future, the advances of bandwidth and storage have no
way to keep up with consumers’ explosive demand in video applications. Hence, video
compression has been such a hotspot of research over the last two decades.
Compression of video signals can be lossless or lossy. The former requires the
reconstructed signal to be perfectly identical to the original, usually for data archiving
purposes [35]. The compression ratio of lossless video coding is relatively low, ranging
from 1/5 to 1/2. For commercial video applications, lossy compression is more often
adopted to intentionally discard some visual information that human eyes can hardly
perceive. As pointed out by Shannon [96], lossy compression is a rate-distortion (R-D)
-7-

problem. A video codec needs to provide the best quality of video within a given rate
budget, or compresses the video as much as possible but still maintains a minimum
fidelity constraint.
However, R-D is not the only tradeoff that people make in practical video
compression. There are also other issues to be jointly considered, such as encoder and
decoder’s complexity, delay constraint, buffer requirement, scalability to bandwidth
variations and robustness against channel errors, etc. Different applications might have
different preferences on these issues. For example, in video broadcasting applications, a
video stream is to be encoded only once and to be decoded many times. For such a
server-client scenario, it is appropriate to design a complex encoder to improve the
coding efficiency of the video, while let the decoder be relatively simple, working in a
“slave” mode of the encoder. On the other hand, there are also a lot of emerging
applications that requires “simple encoding, complex decoding”, such as wireless sensor
networks (WSN) [14], low-complexity wireless video, video surveillance and camera
arrays. In this case people turn to distributed video coding (DVC) [40], a radically new
coding paradigm.
In the rest of this chapter, we first give a brief review of conventional video coding
techniques in Section 2.2; then in Section 2.3, distributed source coding (DSC) [118] will
be introduced as the theoretical foundation of DVC; we shall take a closer look at
existing DVC structures in Section 2.4 and discuss its performance loss when compared
to conventional video coding.
-8-

2.1

Conventional Video Coding

For uncompressed video data, redundancy exists in both the spatial domain and the
temporal domain. Video compression is achieved by removing such redundancy.
Conventional video coding schemes can be classified into two categories: intra-frame
coder – which only deals with the spatial domain redundancy, and inter-frame coder –
which seeks to remove both the spatial domain and temporal domain redundancy.

2.1.1

Intra-frame coding

One example of intra-frame video coder is motion-JPEG. The basic idea is to encode
each frame independently using the still image coding standard JPEG [1], where each
frame is divided into 88 blocks, and the blocks are transformed by the Discrete Cosine
Transform (DCT) [13]; the resulting DCT coefficients are quantized and the quantization
indices are entropy coded using variable length coding (VLC) [28]. Although the coding
efficiency of motion-JPEG is low, it is still widely used in video recording devices and
video editing systems because of the inherited nature of intra-frame coding: low encoding
complexity and random accessibility [103].
In recent years, there are new intra-frame coding standards such as motion-JPEG
2000 [7] and H.264/AVC [8] INTRA mode. The former employs Discrete Wavelet
-9-

Transform (DWT) [77] and the latter enables intra-frame prediction [104] plus DCT to
exploit spatial domain redundancy. They both provide improved coding efficiency over
motion-JPEG, and share the similar characteristics as intra-frame coding.

2.1.2

Hybrid structure

Better coding performance can be achieved if the temporal domain redundancy is
also exploited. A successful example of inter frame coding is the so-called hybrid video
coding structure.

Video
Signal

+
–

Transform
(e.g. DCT)

Quantizing

Inverse
Quantizing
Inverse
Transform

Motion
Compensation

Frame
Buffer

Motion Vectors
Motion
Estimation
Figure 2.1. General diagram of hybrid video coding.
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Entropy
Coding

Encoded
Bit-stream

Empirically, there is usually very little difference between neighboring frames in a
video sequence, except that some moving objects have their positions changed – which is
called motion. If the motion information is available, the current frame can be well
predicted from the reference frame. Based on this idea, one can come up with an efficient
video codec as illustrated in Figure 2.1, where the coder first performs motion estimation
(ME) and predicts the current frame using motion compensated prediction (MCP) to
remove the temporal redundancy; the residual frame is then coded using transform coding
to further remove the spatial redundancy. This coding structure is also known as the
hybrid coding structure, i.e., inter-frame predictive coding plus intra-frame transform
coding.
Hybrid video coding has achieved a tremendous success in the last twenty years.
Almost all existing video coding standards (MPEG-1 [3], MPEG-2 [4], MPEG-4 [5], and
H.261 [2], H.263 [6], etc.) are based on this structure. MPEG-2 and H.263 are two
successful examples: the former is widely used in applications with high bit-rates (4-30
Mbps) such as DVD and HDTV, and the latter is mainly used in real-time or interactive
applications with relatively low bit-rates (10-2048 kbps). The new international video
coding standard H.264 [8] is another milestone: the compression rate can be twice as
much as that of MPEG-2, while keeping the same objective and subjective quality of the
video signal. Considering that H.264 essentially shares the same coding structure with
MPEG-2/H.263, it is difficult to achieve another factor-of-two improvement. It is also
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noticed that hybrid video coding has some inherit drawbacks. For example, it relies on a
powerful encoder that can afford the heavy computational burden, which is not available
in the so-called “uplink” video transmissions, and the predictive nature makes the
bit-stream vulnerable to channel errors (because of the error propagation problem).

2.1.3

Block-matching motion estimation

ME plays an important role in video coding. Conceptually, the more accurate the
motion information is, the less the residual information needs to be coded, and the higher
the coding efficiency is (if the number of bits spent in encoding the motion information
are not counted). A theoretical analysis on the relationship between motion accuracy and
the efficiency of MCP is found in [37], and is reviewed in Chapter 3 of this thesis.
The motion between two frames can be estimated using optical-flow based methods
[17] or block-matching based methods. The former estimates a dense motion field and
derives MV for each individual pixel; while the latter estimates the motion field on a
block basis, i.e., it searches a displaced block in the reference frame to minimize the
prediction error. Due to complexity and bit overhead considerations, block-matching
algorithms (BMA) are more often used in video coding.
In the literature, various techniques have been proposed to improve ME accuracy.
Without exaggerating, the advances in ME techniques have made the major contribution
to the coding efficiency improvement achieved by modern video coding standards. In this
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subsection, we shall give a brief review of those techniques.

A. Fractional-pel precision motion search

In video capturing, objects are projected from a 3D dynamic scene to the image
plane of an imaging device. The movement of an object is not necessarily of integer pels
between the time instances that two adjacent frames are captured. So it is physically
meaningful to have the motion vectors (MV) taking finer than integer precision.

Figure 2.2. An illustration of half-pel motion search. Non-integer samples are
pre-interpolated before the motion search.

Fractional-pel motion search is first proposed in [21]. An illustration of half-pel
motion search is shown in Figure 2.2, where the black dots form a block in the integer
grid, the gray dots are samples interpolated from integer-grid pixels, for a candidate MV
(1, 0.5). Finer fractional-pel motion search can be employed to further improve coding
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efficiency. But both theoretical analysis [38] and coding practices show that efforts
beyond quarter-pel precision only provide marginal gain.
In the existing video coding standards, MPEG-1, MPEG-2 and H.263 support
half-pel motion search, while MPEG-4 and H.264/AVC support quarter-pel motion
search.

B. Multi-frame MCP

F(t–4)

F(t–3)

F(t–2)

F(t–1)

F(t)

Figure 2.3. An illustration of multi-frame MCP. F(t) is the current frame, which is
predicted from one of the four previously reconstructed frames. A temporal tag is needed
to indicate which frame the MV is pointing to.

Multi-frame MCP is also known as long-term memory MCP [107]. As illustrated in
Figure 2.3, MCP uses more than one previously decoded frame for prediction. This
allows the motion estimator to find a good match that may be covered in some of the
reference frames.
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C. Bipredictive pictures

A bipredictive picture [45] employs both forward and backward prediction. That is,
two motion vectors (MV) are searched for an individual block, typically one from the
past pictures and the other from the future pictures. The average of the two MCP signals
is used as the prediction of the current block. Now we have three frame types: intra-coded
(I) frames, predictive-coded (P) frames and bipredictive-coded (B) frames. In Figure 2.4
we show the prediction patterns of these frame types. It is worth noting that an I frame
only allows intra-coding; a P frame allows both intra-coding and predictive-coding for
each block; while a B frame allows all three types of coding.

I

B

P

B

P

Figure 2.4. An illustration of the predictive patterns for intra-coded frames,
predictive-coded frames and bipredictive-coded frames.

Bipredictive MCP was first standardized in MPEG-1. After that, it has been adopted
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by all other video coding standards. It used to be a rule that a B frame can only be
predicted from I frames or P frames. In H.264, hierarchical B extension [93] is defined to
allow a B frame to be predicted from other B frames, which provides both higher coding
efficiency and temporal scalability.
To decode a B-picture, the decoder has to wait until its reference frames (both past
and future references) are decoded. This introduces significant end-to-end delay,
especially in real-time or interactive applications.

D. Multiple-hypothesis prediction

F(t–2)

F(t–1)

F(t)

Figure 2.5. An example of 3-hypothesis prediction. F(t) is the current frame. A block in
F(t) is predicted from three motion-compensated blocks in two previously reconstructed
frames.

Multiple-hypothesis prediction (MHP) [32][39][101] is a technique to use the linear
combination of multiple MCP signals. B-picture coding is a special case of MHP. In
Figure 2.5 we illustrate an example that the current block is predicted from three motion
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compensated blocks in two past frames. Note that two of them are from the same
reference frame. In fact, even the factional-pel motion search can fit into the MHP
architecture.

E. Variable block sizes

The intuition of using variable block sizes in MCP [36] is to trade off the motion
accuracy with the number of bits needed to represent the motion field [102]. That is, for
regions with unified motion, larger block sizes are selected to save the motion bits; while
for regions with irregular motion, smaller block sizes can be used to improve the MCP. In
H.264/AVC, a 1616 macroblock (MB) can be partitioned into 1616, 168, 816 and
88 regions. If 88 partitioning is used, each 88 sub-MB can be further partitioned into
88, 84, 48 and 44 regions (illustrated in Figure 2.6).
1616

168

816

88

88

84

48

44

MB
partitioning

sub-MB
partitioning

Figure 2.6. MB and sub-MB partitioning modes in H.264/AVC.
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F. Overlapped block motion compensation and in-loop filtering

Lossy video compression can introduce some annoying artifacts. A well known
artifact is the block artifact. Block artifact not only degrades the visual quality, but also
affects the motion search accuracy, since it introduces some non-existing geometric
features to the decoded reference frame.
B1

B4

x

B2

B0

B3
Figure 2.7. An illustration of overlapped block motion compensation using four
neighboring blocks. Each block (B0 ~ B4) has an MV, then point x has five candidate
MCPs. The prediction of x is the weighted average of them. The weighting factors are
usually inversely proportional to the distances between x and the centers of the blocks.

With overlapped block motion compensation (OBMC) [83][84], a pixel in a block is
not only predicted from the estimated MV that belongs to the block, but also from the
MVs of its neighboring blocks. Typically the predictions are weighted inversely
proportional to the distances between the pixel and the center of the blocks (see Figure
2.7). In OBMC, the predictions of two neighboring pixels that belong to different blocks
are no longer carried out in a totally separated fashion. Hence the block artifact is reduced.
Note that OBMC can also be characterized as a form of MHP, with the combination of
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multiple hypotheses are done in the pixel level.
OBMC is standardized in H.263. It effectively reduces the block artifact produced
by MCP, but does not deal with the block edge discontinuity produced by block transform.
Hence H.264/AVC instead employs an in-loop filter [61] for deblocking purpose. It is an
adaptive filter so the sharpness of true edges is still retained. The in-loop filter achieves
5%~10% bit-rate saving with the same objective quality, and greatly improves the
subjective quality [104].

G. Others

Other researches on block-matching motion estimation include the efforts to reduce
the computational complexity [48][53][43], to generate a smooth and physically
meaningful motion field [46][81][20], to use deformable blocks to adapt to the frame
geometric features [94][82][55][56] and frequency-domain ME [54][85]. For a more
complete review of ME techniques, the reader is referred to [100].
It is worth noting that although more accurate motion information generates better
MCP, it also results in a lot more overhead bits in representing the MVs. In
state-of-the-art video coding, such overhead is usually not negligible. Rate-constraint ME
[31][108] is recommended to achieve the balance between the rates spent on the
prediction residual signal and on MVs.
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2.2

Distributed Source Coding

In this section we give a review on distributed source coding (DSC). As opposed to
the conventional source coding, which targets to exploits the source redundancy before
communication, DSC is a technique to exploit the source dependency at the decoder. The
history of DSC dates back to 1970s. It did not become a hotspot of research until recently,
as applications have arisen. For example, data aggregation over wireless sensor networks
(WSN) is envisioned for a wide range of applications such as battlefield intelligence,
surveillance, reconnaissance, security monitoring, emergency response, disaster rescue,
environmental tracking, and tele-medicine. Those applications share a common feature
that the encoders are light-weight devices and do not have the capability to exploit source
statistics. Therefore it is necessary to shift this job to the decoder side, which fits in with
the architecture of DSC very well.
DSC can be classified into two categories: lossless DSC and lossy DSC. Lossless
DSC is also called Slepian-Wolf coding (SWC). Lossy DSC is an R-D problem, of which
the general bound has not been found. However, one of its sub-problems, lossy source
coding with side information (SI) at the decoder (which is also called Wyner-Ziv coding
or WZC), has been well studied. We will discuss SWC and WZC in the next two
subsections.
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2.2.1

Slepian-Wolf coding

X

Encoding X

RX
Joint
Decoding

No communication
Y

X, Y

RY

Encoding Y

Figure 2.8. An illustration of Slepian-Wolf coding. The two encoders do not communicate
with each other. The decoder jointly decodes X and Y, where the source statistics are
exploited.

The problem of lossless DSC of finite-alphabet sources goes back to Slepian and
Wolf’s 1973 paper [97] (see Figure 2.8). It is proved that there is no performance loss to
compress two statistically dependent sources even if the two encoders do not
communicate with each other. More specifically, for two sources X and Y, as long as the
two encoders work at the so-called Slepian-Wolf region:

RX  H  X Y 

RY  H Y X 


 RX  RY  H  XY 

(2.1)

X and Y can be reconstructed at the decoder with no error. Here H(·) denotes the Shannon
entropy function. An illustration of two-source Slepian-Wolf region is shown in Figure
2.9. Nowadays, SWC has been extended to arbitrary number of discrete sources with
finite entropy (the alphabet is not necessarily finite) and similar conclusion can still be
drawn. A more general form of Eq. (2.1) can be found in Chapter 5.
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Figure 2.9. Achievable rate region for two-source SWC. From [40] Fig. 2.

As many other theorems in information theory, the proof of SWC itself is not
constructive. The first constructive approach of SWC was proposed by Wyner [110] using
channel coding, which is roughly described as follows: one encoder compresses Y to the
rate of H(Y) using conventional source coding, and the other apply a systematic error
correction code (ECC) on X, but only transmit the parity bits at the rate of H(X|Y); the
decoder treats the systematic bits of Y as a noisy version of X and tries to correct them
using the ECC. This approach is usually referred to as compression with side information
at the decoder.
Twenty years after that, practical SWC design became one of the hotspots of
research. In 1999, Pradhan and Ramchandram [87] proposed a scheme called Distributed
Source Coding Using Syndromes (DISCUS). This scheme divides the codewords of X
into cosets and only transmits the syndrome of the coset instead of a real codeword. The
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decoder chooses the codeword from the given coset that is the closest to the known side
information Y to reconstruct X. Since then, state-of-the-art channel coding techniques
have been employed in SWC. For example, Zhao and Garcia-Frias [122], Mitran and
Bajcsy [78], and Aaron and Girod [9] proposed SWC schemes based on turbo codes [19].
Liveris, Xiong and Georghiades [75] used LDPC codes [33] and Varodayan, Aaron and
Girod designed rate-adaptive LDPC accumulative (LDPCA) [114] codes for SWC.
Because of the near-capacity performance of modern channel codes, state-of-the-art SWC
techniques have achieved a coding efficiency very close to the theoretical Slepian-Wolf
bound [118]. Further advances in practical SWC design make it possible to achieve any
point inside the Slepian-Wolf region [24][92][99].

2.2.2

Wyner-Ziv coding

WZ Encoder
X

Quantizing

WZ Decoder
SWC
Encoding

SWC
Decoding

Dequantizing

X̂

Y
Figure 2.10. A practical Wyner-Ziv coding system.

As we have mentioned, WZC is a sub-problem of lossy DSC. It was first studied by
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Wyner and Ziv [111][112]. The R-D bound for WZC, RWZ
X |Y ( D ) , is generally larger than
the conventional source coding with side information at the encoder RX|Y(D). However,
the rate loss RWZ
X |Y ( D )  RX |Y ( D ) is zero if X and Y are jointly-Gaussian, and the mean
square error (MSE) is used for distortion measure. In this case, the R-D bound for WZC
is
1
  X2 |Y
 log
(
)

RWZ
D
2  D
X |Y

0



 ( D   X2 |Y )


( D   X2 |Y )

(2.2)

This result has triggered lots of research interest because most of multimedia data can be
modeled as jointly Gaussian.
WZC is actually a source-channel coding problem. To design a Wyner-Ziv coder,
one can first quantize the source into a finite alphabet and use a SWC to encode the
quantization indices into syndromes (see Figure 2.10). Most of the practical designs of
WZC so far are within this framework. Fleming, Zhao and Effros [30] proposed to
quantize the source possibly with quantization index reusing. Rebello-Monedero, Zhang
and Girod [90] proposed a Lloyd algorithm to design optimal quantizers for WZC. Mitran
and Bajcsy [79] proposed a turbo-like WZC scheme by using scalar quantization
followed by parallel concatenation of Latin Square based encoders and an iterative turbo
decoder. Xiong et al. [119] designed a WZC by using nested lattice quantization [117]
followed by an LDPC based SWC, the resulting 1D and 2D Wyner-Ziv coders provide
similar R-D performance with conventional source coders [118].
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2.3

Distributed Video Coding

With the theoretical results and coding practices in DSC, people are inspired to
extend distributed coding to real-world signals such as videos. Most up-to-date DVC
schemes are based on the WZC architecture, so they are also called Wyner-Ziv video
coding (WZVC). In this section, we will first take a closer look at WZVC. Then some
practical applications of DVC are introduced.
Unlike DSC for ideal sources, today’s DVC still suffers a non-negligible
performance loss when compared to conventional hybrid video coding. We will analyze
the rate loss in WZVC, based on which we propose our solution to improve the
performance of DVC throughout the thesis.

2.3.1

Wyner-Ziv video coding

In Figure 2.11, a general diagram of WZVC is illustrated. In WZVC, a subset of the
frames is compressed as I-frames using conventional intra-frame coding. Other frames,
referred to as WZ frames, are decomposed using conditional Karhunen-Loève transform
(KLT) [34] (or approximated by DCT or DWT, or even left un-transformed in some
low-complexity WZVC), quantized and Slepian-Wolf encoded. The generated syndrome
bits are stored in a buffer in the encoder, and are sent to the decoder based on its request.
The decoder first decodes the I frames and use them as references. SI is generated for
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each WZ frame based on the I frames and possibly other previously decoded WZ frames.
We will return to the details of SI generation in the next subsection. The SI can be treated
as good approximation of the current frame, but contains some “errors”. The
Slepian-Wolf decoder serves to “correct” those errors and reconstruct the quantization
indices, based on which dequantization and inverse transform are performed, and the
whole frame is decoded.

Request bits
MCP

Conditional
KLT

Syndrome
Buffering

SWC
Decoding

Quantizing

SWC
Encoding

DequantiSide Info.
zing

Video
Signal

Inverse
KLT
Conventional
Intra Encoding

Decoded Video

Conventional
Intra Decoding

WZVC Encoder

WZVC Decoder

Figure 2.11. Diagram of Wyner-Ziv video coding.

2.3.2

Performance loss in WZVC

Unlike for ideal sources, distributed coding for real-world video signals suffers a
large performance gap with respect to conventional video coding. As pointed out in
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[57][59], WZVC suffers from three types of performance loss in comparison with
conventional hybrid video coding. The first is system loss, which is due to the rate loss
RWZ
X |Y ( D )  RX |Y ( D ) we mentioned in subsection 2.2.2. The second is source coding loss,

due to the inefficiency of practical SWC to achieve the Shannon bound. The third is video
coding loss, which is due to the imperfect MCP at the decoder side.
One significant difference between decoder-side ME and encoder-side ME is that
the decoder does not have access to the current frame. Then how do we come up with the
motion? The simplest method is to assume the motion is zero and directly use the
previously decoded frame as the SI, or to use the (weighted) average of several frames
[11].
F(t–2)

F(t–1)
MV

F(t)

F(t–1)

F(t)

F(t+1)
MVB
MVB/2

MV
MVF/2

co-located
block

MVF

(a)

(b)

Figure 2.12. 1D illustration of (a) temporal domain motion extrapolation and (b) temporal
domain motion interpolation.

More sophisticated approaches employ motion extrapolation or interpolation to
reconstruct the motion field of the current frame. In [58], several approaches for
decoder-side ME are reviewed and their performances are compared. One typical
approach of motion extrapolation is to perform forward ME from F(t–2) to F(t–1); for a
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block in F(t), the same MV of the co-located block in F(t–1) is used to find its
motion-compensated correspondence. A 1-D example of this approach is illustrated in
Figure 2.12(a). Motion interpolation is similar, but uses both forward and backward MVs
for the prediction (as shown in Figure 2.12(b)).

Figure 2.13. MCP result from motion extrapolation.

Without any knowledge about the current frame, motion extrapolation / interpolation
approaches basically assume that objects move at a constant speed and the estimated
MV’s reflect true motion, which is an over-simplification to the reality. As a result, the
estimated side information (SI) is usually not a good approximation to the current frame.
An example of the MCP result obtained from motion extrapolation is illustrated in Figure
2.13. We can see that its motion accuracy is pretty bad. Analytical results in [57][59]
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suggest that WZVC could fall 6dB or more behind conventional video coding in the
worst case due to the inaccurate MCP.
Realizing this, researchers have proposed difference approaches to facilitate
decoder-side motion search. For example, in [88], the encoder transmits the CRC (cyclic
redundancy code) of the quantized symbols to aid the decoder in the determination of the
motion through Viterbi decoding. Similar approach is also found in [10], where robust
hash codes are used instead of CRC. The drawback of such approaches is that overhead
bits are required in the transmission. Backward channel-aware WZVC is proposed in [62],
where the decoder feeds back several MVs as candidates for the encoder to choose from.
However, real-time interactive communication between the encoder and the decoder
might not be available in some WZVC applications.
Approaches involving iterative motion refinement based on partially-decoded results
can also be found in the literature. Such approaches can be further characterized into two
categories. In the first category [15][57][116], an initial estimation of the SI is first
generated by motion extrapolation / interpolation, then the first-pass Wyner-Ziv decoding
is performed on the whole frame, leaving whatever decoding error as is in the
partially-decoded frame. Then based on this result, inter-frame ME is carried out for the
second-pass Wyner-Ziv decoding. The difficulty of such approaches lies in the control of
bit-error-rate (BER) of the first-pass decoding. If the BER is too high, the ME result
based on the partially-decoded frame might be even worse than the initial SI; on the other
hand, if the BER is low, there might not be a significant rate difference when compared to
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the error-free decoding, since the BER curves for the channel codes employed in WZC
are usually very steep.
Another category of approaches is found in [16][76], as well as our own works
[67][70]. In our work, we propose to decode the current frame progressively in the
resolution or the quality dimension. Once a low-resolution or low-quality version of the
current frame is reconstructed, inter-frame ME is performed with respect to previously
decoded frames to refine the motion field, and the refined motion information is
employed in the Wyner-Ziv decoding of the next resolution or quality level of the current
frame. An in-depth analysis on this topic will be presented in Chapter 3.

2.3.3

Applications of DVC

Besides low-complexity video encoding and multi-terminal data aggregation such as
multi-view video coding [41], there are many other interesting applications using
DVC/DSC. Just to name a few: since DVC encodes a frame itself instead of prediction
residual, it can be used to provide better error resiliency over conventional hybrid video
coding [12][120][89]; for the similar reason, in SP frame switching [51], one can encode
the primary SP frames using WZVC [23][42], without the necessity to encode any
secondary SP frames; in addition to improve the coding efficiency of DSC/DVC, people
also start to consider power-efficient communications over WSNs [27], including our
work [68] to be presented in Chapter 5; there are also security-related applications of
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DVC, e.g. tempering proof [60], secure collaboration [44] and compression of encrypted
data [50]. Our work on compression of encrypted images and videos [73][121] is going to
be presented in Chapter 4.
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Chapter 3

Wyner-Ziv Video Coding with Multi-Resolution
Motion Refinement
3.1

Introduction

In Chapter 2 we have mentioned that the major performance loss in WZVC is the
video coding loss, which is due to the inaccurate motion estimation (ME) at the decoder
side. One significant difference between decoder-side ME and encoder-side ME is that
the decoder does not have access to the current frame. This hurts the accuracy of the
estimated motion vectors (MV), and consequently, more bits (syndromes) are needed to
reconstruct the current frame.
Because motion is a highly non-stationary signal, both spatially and temporally, it is
always helpful to have a partial observation of the current frame in ME. As reviewed in
Chapter 2, all existing approaches on improving decoder-side ME rely on partial access
to current frames in different ways. However, most of them are somewhat ad hoc. An
in-depth understanding of their theoretical performance is warranted. In this chapter, we
will focus on the multi-resolution motion refinement (MRMR) approach, where
low-resolution version of the current frame is iteratively decoded and based on which
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refined motion information is learned. Our theoretical analysis shows that MRMR
significantly outperforms motion extrapolation, and falls only about 1.5 dB behind
conventional ME.
On the other hand, it is noted that unlike encoder-side ME, decoder-side ME does
not suffer from the overhead in transmitting the motion information. Hence, a natural
question to ask is: can we improve the side information (SI) quality of MRMR by
providing a more detailed description of the motion field? Conventionally, if a
block-matching algorithm (BMA) is used for ME, greater details of the motion can be
provided by fractional-pel motion search, using smaller block sizes, or using multiple
MVs for one block. In this chapter, we also study the performance of MRMR with these
advanced ME techniques integrated.
The rest of the chapter is organized as follows. Section 3.2 provides a review on
related works on the efficiency of MCP coding and the efficiency of WZVC using motion
extrapolation. In Section 3.3, the efficiency of WZVC with MRMR is modeled and
compared with conventional inter-frame coding and WZVC with motion extrapolation. In
Section 3.4, we provide analysis on the performance of MRMR when combined with
advanced ME techniques. Section 3.5 presents a wavelet-domain codec of WZVC with
MRMR. Section 3.6 concludes the chapter.

3.2

Related Works
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In this section, we first review some results in the rate-distortion theory [18], then
introduce the important model proposed by Girod [37][38][39] for the efficiency of
motion-compensated prediction, and end up with the use of this model in analyzing the
efficiency of decoder-side motion extrapolation [59].

3.2.1

Rate saving of predictive coding

According to the rate-distortion (R-D) theory, if s is a 2-D colored signal, which is
zero-mean Gaussian and wide-sense stationary, then for a given distortion constraint

1

D   

4 2

 min  ,    d
ss

(3.1)

the minimum coding rate for s is
R   

 1

1
4

2

 max 0, 2 log

2

 ss   
 d
 

(3.2)

where ss is the power spectrum density (PSD) of s,  = (x, y)T is the spatial
frequencies in radius (superscript

T

denotes the transpose),  is an arbitrary positive

number that generates the R-D bound.
In predictive coding, we encode the prediction residual e instead of the original
signal. The R-D bound in this case is obtained by replacing ss with ee (the PSD of the
residual) in (3.1) and (3.2), respectively. If  is small, the overall distortion will almost
keep unchanged, while the necessary rate will be approximately reduced by
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Efficiency of motion-compensated prediction
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Figure 3.1. (a) Illustration of a typical motion-compensated prediction loop and (b) a
simplified version.

Now we consider motion compensated prediction (MCP). In Figure 3.1(a) we
illustrate a typical MCP loop. We assume the reference frame r is a shifted and noisy
version of the current frame, where d = (dx, dy)T is the “true motion” between s and r,
noise n is introduced during imaging and the encoding of r. In motion compensation, we
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first perform ME to get an estimate dˆ  dˆx , dˆ y



T

of the true motion, and shift the

reference frame “back” to get the MCP signal c. The MCP signal is then filtered by an
in-loop filter F() to produce the prediction residual.
A simplified version of the MCP loop is illustrated in Figure 3.1(b). Compared to
Figure 3.1(a), we have switched the noise adding module and the motion compensation
module,2 and combined the two shifting operations together, with
d  d  dˆ

(3.4)

denoting the error between the estimated motion and the true motion.
Girod [37] proves that for the MCP loop illustrated in Figure 3.1(b), the following
relationship holds:



 ee     ss   1  2 Re  F   P     F  

2



nn

  F  

2

(3.5)

where nn represents the PSD of the noise, P() is the characteristic function of Δd, or
the Fourier transform of the probability density function (p.d.f.) p(Δd), and Re[] denotes
the real part of a complex number.
Substitute (3.5) into (3.3) and suppose nn<<ss, we get the rate saving performance
of MCP:
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(3.6)

To maximize the rate saving in (3.6), the in-loop filter can be selected to be the
Wiener filter:
F    P*  
2

After the switching, the PSD of the noise does not change.
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(3.7)

where the asterisk denotes the conjugate of a complex number. Throughout this chapter,
we always assume the in-loop filter takes the form in (3.7). In this case, (3.6) can be
simplified as
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1  P ( ) 2  d  .



(3.8)

In reality, the rate saving performance of MCP depends more on the variance of Δd
rather than the exact shape of p(Δd). In the literature, a zero-mean isotropic Gaussian
distribution of Δd is usually assumed:
p (d ) 

 d T d 
exp  
.
2
 2 d 

(3.9)

1  exp   T  2d   d  .



(3.10)

1
2 2d

Thus (3.8) can be further written as
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8

2

 log
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The fundamental equation in (3.10) suggests that the coding gain of MCP depends
exclusively on  2d , the accuracy of motion estimation. This conclusion applies to both
inter-frame video coding and WZVC.
It should be notified that this model, the data rate to encode the MVs has been
ignored. The early video coding standards sample the motion field sparsely (e.g., in
MPEG-1, only one or two MVs are transmitted for a 16x16 macroblock), thus the overall
data rate spent on motion is small. However, in recent video coding standards such as
H.264/AVC, with the use of smaller block sizes, multiple-frame motion compensation
and fractional-pel motion representation, the MVs occupy a significantly larger portion of
the entire bit-stream. In this case, (3.10) becomes less accurate. Moreover, this model
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only considers object translation and neglects “any other effects like rotation, zoom,
covered or uncovered background, illumination changes, etc” [37], which are usually
encountered in real-world video coding.
Despite the potential weaknesses, (3.10) captures the essence of MCP with
mathematical conciseness, and has proved to be a powerful tool in designing video
coding schemes. In [38] and [39], Girod extends the rate-distortion analysis to
fractional-pel motion search and multiple-hypothesis prediction (MHP), respectively. In
[107], Wiegand et al. design long-term memory MCP and in [32], Flierl et al. propose
rate-constrained MHP based on Girod’s theoretical contributions. The model is also used
in analyzing the efficiency of scalable video coding [25][86], multiple description video
coding and leaky prediction [74], and switching P frames [95]. In [59], Li et al. employ
this model to analyze the efficiency of WZVC with motion extrapolation, which will be
reviewed in the next subsection.

3.2.3

Efficiency of WZVC with motion-extrapolation

Li et al. [59] exploit an autoregressive model and measure the accuracy of temporal
domain motion extrapolation as

 2d ext  1  t2   d2

(3.11)

where ρt is the correlation between the motion fields in adjacent frames, and  d2 is the
variance of the MVs. Substituting (3.11) into (3.10) we get the rate saving of WZVC
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using motion extrapolated side estimation:
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(3.12)

The temporal motion correlation t is estimated in [59] for several QCIF sequences
at 30 frames per second (fps), of which the value ranges from 0.31 to 0.85. The results in
[59] show that the rate-saving performance of WZVC with motion extrapolation drops
quickly as ρt decreases. For sequences with low ρt, WZVC with motion extrapolation
could fall 6 dB or more behind conventional inter-frame coding.
It is also worth noting that (3.11) assumes that the decoder knows the true motion
field between the previous two reconstructed frames. In fact, this assumption is not true,
because additional motion error will be introduced due to the inefficiency of practical ME
algorithms such as block matching (as we will show in the next section). So (3.12) can be
seen as an upper bound of the performance of WZVC with motion extrapolation.

3.3

Performance Analysis of Multi-Resolution Motion Refinement

To better use Eq. (3.10), the measure of motion error  2d needs to be carefully
modeled. A lot of works in the literature simply model  2d as a function of the
pel-precision in the motion search with

 2d 

q2
12

(3.13)

where q denotes the pel-precision, with q = 1 for integer-pel motion search, q = 1/2 for
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half-pel motion search, etc.. This model is not very realistic in the sense that in (3.13),

 2d will approach zero with very fine pel-precision; when it is substituted into (3.10), it
turns out that we can achieve arbitrary rate saving by employing fine fractional-pel
motion search. However, it is usually not the case in our coding practices. A more
accurate model is needed for practical ME methods.
In this section, we consider the motion accuracy of block-matching algorithms
(BMA), because they are the most widely-used in today’s video codecs. We have built a
concise model for estimating the accuracy of decoder-side ME based on Buschmann’s
work [22]. We also apply this model to analyze the efficiency of the proposed MRMR
algorithm, and show its superior performance over motion extrapolation, as well as the
gap to the conventional inter-frame ME.

3.3.1

Motion accuracy of block-matching algorithms

Buschmann [22] proposes an excellent model in estimating the accuracy for
block-matching based motion search. In this model, a BMA can be described analytically
by a series of data processing applied to the true motion field, namely estimation filtering,
sampling, quantization and reconstruction filtering. The estimation filtering is introduced
because a local neighborhood is usually used for the matching (which is similar to an
averaging function). The larger the block size is, the smaller the bandwidth of the
low-pass filter is. Sampling and quantization operations account for the fact that the
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estimated motion field has limited spatial resolution and amplitude precision. The
sampling rate is also determined by the block size, and the quantization depends on
whether or not fractional-pel accuracy motion search is used. The reconstruction filter is
also a low-pass filter, representing the spatial interpolation (e.g. nearest-neighbor
interpolation) of the estimated motion field.
In this case, the noise introduced to the original motion field consists of three parts:
the low-pass filtering noise, the aliasing noise due to sampling and the quantization noise.
For a decoder-side BMA, without the necessity to consider the overhead in transmitting
the MVs, the motion field can be very densely sampled (e.g. using overlapped motion
compensation) and finely quantized (e.g. using fractional-pel accuracy search), such that
the only operation that contribute to the motion displacement is the low-pass estimation
filtering.
Now we estimate the low-pass filtering noise in a BMA. Similar as in [22], we
characterize the autocorrelation function of a true motion field d as isotropic and
exponentially-decreasing:



Rdd  x, y    d2 exp 0 x 2  y 2



(3.14)

where ω0 is a small constant, Δx and Δy are the difference in the coordinates for any two
pixels.
The corresponding PSD of the motion field is written as
 dd ( ) 
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20 d2
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3/ 2

.

(3.15)

If we model the estimation filter as an ideal low-pass one, with the frequency
response being
0
H lp ( )  
1

     
b

(3.16)

 otherwise 

where ωb is the cut-off frequency of the estimation filter, and () denotes the frequency
band



 



 ( )   x ,  y  : max  x ,  y   ,

(3.17)

then the PSD of the low-pass filtering noise is
 dd ( )
2
 d d ( )   dd ( ) 1  H lp    
 0

      .
b

 otherwise 

(3.18)

According to the Parseval’s relation,
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(3.19)

where the approximation is made because for relatively small block sizes, the cut-off
frequency ωb for the estimation filter is much greater than ω0, hence in the frequency
band Λ(ωb), we have max(|x|, |y|) >> ω0, and correspondingly,  x2   y2  02 .
On the other hand, according to the autocorrelation function in (3.14), the spatial
motion correlation between two neighboring pixels is

 s  exp(0 ) .

(3.20)

So we can replace ω0 with ln  s1 in (3.19). An estimate of ρs is given in [22] that ρs 

0.983 for CIF sequences. As for the cut-off frequency ωb, we can assume ωb = π/B, where
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B is the 1-D block size used for matching. Hence (3.19) can be rewritten as

 2d lp 

2 2 B ln  s1



2

 d2  kB d2

(3.21)

where k  0.005 for CIF sequences, and k  0.01 for QCIF sequences.
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Figure 3.2. Low-pass filtering noise introduced by a BMA with different block sizes.
Here we can see (3.21) is a good approximation, especially for smaller block sizes.

It might be an oversimplification to model the estimation filter as ideally low-pass.
In fact, we also tested the numerical results when Hlp(ω) is modeled as the Fourier
transform of the rectangular window and the raised cosine window. The corresponding
curves, together with the ideal low-pass filtering case, are plotted in Figure 3.2. We can
see that in either case,  2d lp is nearly linear for a large range of block sizes, but with a
slightly different slope. Since for the rectangular window and the raised cosine window,
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 2d lp cannot be expressed in a closed form, we will consider (3.21) as a good
approximation.
Now we have modeled the motion accuracy of decoder-side BMA as a linear
function of the block size. As for encoder-side BMA, there are additional types of motion
error (aliasing noise, quantization noise, etc.). However, we can still use (3.21) as a lower
bound of the motion error. In this case, the rate saving performance of inter-frame ME is
written as

Rinter 
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(3.22)

We will use (3.22) for inter-frame ME throughout this section if not specifically
mentioned otherwise.
The motion accuracy model we have derived in (3.21) is more realistic than the one
in (3.13). For example, in our coding practices, it has been proved that reducing the block
size is an efficient way to improve the coding efficiency. The state-of-the-art video
coding standard H.264/AVC allows the minimum block size of 4x4. On the other hand,
for some sequences with very dynamic scenes, using fractional-pel motion search does
not provide much gain. This is because the low-pass filtering noise is large due to the
high motion intensity  d2 in (3.21).

3.3.2

Efficiency of decoder-side MRMR

Now we are in the position to derive the efficiency of MRMR. Let’s consider the
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following coding paradigm of WZVC. Suppose the frames are infinitely large and are
sampled at the integer grid. The discrete time Fourier transform (DTFT) of the frame
creates a periodic frequency spectrum. Due to the periodicity, we only have to transmit
the spectrum in one period |x| < π, |ωy| < π.
ωy
π

–π

ωx

π

–π

ωn-1

ωn

Figure 3.3. Illustration of the filter bank employed in MRMR. The shaded area denotes
the frequency band of the nth ideal band-pass filter.

Let 0 = 0 < 1 < … < N = π be a series of frequency points, and we construct N
ideal band-pass filters based on them, so that the nth filter encompasses the frequency
band {Λ(n–1)\Λ(n)} for n = 1, …, N, where the definition of () is found in (3.17),
and “\” denotes the set difference. An illustration of the filter bank is shown in Figure 3.3.
To encode the current frame, we apply the N filters to the frame and get N band-pass
images without overlapping with each other in the frequency domain. The rate to transmit
the whole image equals the total rate to transmit the N band-pass images.
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At the decoder side, suppose at time n, the first n band-pass images have been
received, based on which a low-pass version of the current frame is reconstructed. We
assume this partially reconstructed image is critically sampled according to the Nyquist
sampling theorem. Thus at a certain time instance, a low-resolution version of the current
frame is available at the decoder. Now the decoder can use this low-resolution frame to
get a refined estimation of the motion field and do the MCP for the next higher band-pass
image.3 We are interested in how much we can benefit from this MRMR approach.
We assume the decoder employs a BMA to refine the motion field. The BMA is
carried out using the same parameters (block size, pel-precision, etc.) at different
resolution levels. To estimate the efficiency of MRMR, it is necessary to understand the
motion search accuracy of a BMA, when there is only a low-resolution version of the
current frame available. It is analyzed as follows.
At time n, since the currently-available frequency band is |x|<n, |y|<n, the
partially reconstructed image can be critically sampled at the rate of n/π. If the decoder
applies a BMA with block size B to the low-resolution image, the “effective block size” is
π/n times of that in the full-resolution image space (or the bandwidth of the estimation
filter is n/π times of the original). Hence we can replace B with πB/n in (3.21) and get
the motion search accuracy in the (n+1)th level in MRMR as



3

2
d  MRMR ( n 1)



 kB d2
.
n

There is an implicit assumption here that all of the band-pass images share the same motion field
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(3.23)

In an ideal case, if the number of resolution levels N approaches infinite and for
arbitrary n, n and n+1 are close enough, for any frequency point  = (x, y)T in the
(n+1)th subband, we have n ≈ max(|x|, |y|). Then the motion accuracy in (3.23) can be
replaced with:



2
d  MRMR

 kB d2
.
  
max x ,  y



(3.24)



Note that unlike the cases in inter-frame ME or motion extrapolation, the motion
accuracy in WZVC with MRMR is a function of . This can be interpreted as when
higher resolution image is used for motion search, the estimated motion is also more
accurate. Thus the total rate saving achieved by using MRMR is

RMRMR 

3.3.3
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(3.25)

Performance comparison

In this subsection, performance will be compared among inter-frame ME, motion
extrapolation and MRMR. From the variance of MV displacement in (3.11), (3.21) and
(3.24), we can see that all of them are essentially content dependent. The difference is
whether the rate saving will depend on spatial motion correlation ρs or the temporal
motion correlation ρt. In general, one can expect better prediction performance from
motion extrapolation if the temporal motion correlation is high. However, many factors
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may result in the reduction of ρt: scene change, frame dropping, lens vibration, object
moving in / out, and object moving with acceleration. As for the spatial motion
correlation, except for the pixel pairs that belong to different moving objects, ρs is often
more stable and higher, which is good for improving the coding efficiency and for rate
control. It is worth noting that typically when the spatial resolution of the sequence gets
higher, ρs also gets higher.

A. Equivalent transfer function

Eq. (3.5) shows that the effect of MCP can be considered as applying an equivalent
spatial transfer function [37] to the original frame. When the in-loop filter is a Wiener
filter as in (3.7), the transfer function can be written as
H MCP    1  P    1  exp   T    2d  .
2

(3.26)

Note that for MRMR,  2d is replaced by  2d   . A smaller amplitude of HMCP(ω)
means the prediction of the current frame is better because there is less energy remaining
in the prediction residual.
We assume B = 4,  d2  1 , k = 0.01 and let ρt take values from {0.3, 0.6, 0.9}. The
frequency responses of the corresponding transfer functions are plotted in 1-D in Figure
3.4. We can see that inter-frame ME always provides the best prediction. MRMR falls
behind motion extrapolation in low frequency bands due to the insufficient available
information. However, as more and more information is available at the decoder, the
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performance of MRMR will approach that of the inter-frame ME. This means that in
WZVC with MRMR, the coding efficiency of the high frequency components will be
closer to inter-frame coding than the low frequency components. This is an attractive
property in coding of 2-D signals, because high frequency coefficients considerably
outnumber low frequency coefficients.

Equivalent Transfer Function

1
0.8
0.6
Inter-frame ME
MRMR

0.4

Moton extrapolation, t=0.9
Moton extrapolation, t=0.6

0.2

Moton extrapolation, t=0.3
0

0

0.2

0.4
0.6
Spatial Frequency ()

0.8

1

Figure 3.4. 1-D equivalent transfer functions for inter-frame ME, MRMR and motion
extrapolation.

B. Critical frequency

It is also observed that for each motion extrapolation curve, there is a “critical
frequency” at which it intersects with the curve for MRMR. This critical frequency
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denotes the time when there is enough information available at the decoder such that
refinement of the motion field is worthwhile. A “smart” decoder should be able to switch
the prediction mode between MRMR and motion extrapolation based on ω*. The critical
frequency can be calculated from (3.11) and (3.24) as

* 

kB
.
1  t2

(3.27)

The critical frequency ω* is less than π/4 even when ρt is as high as 0.9, meaning
that it is usually safe to perform motion refinement when a quarter-resolution image (of
QCIF) is decoded. Note that ω* drops quickly as ρt decreases. For sequences with
medium or low ρt, switching between MRMR and motion extrapolation seems not
necessary, since motion extrapolation does not provide significant gain at low-frequency
bands.

C. Rate saving performance

Next, comparison will be made on the rate saving performance (over intra-frame
coding) of the three approaches. We still assume B = 4, k = 0.01 and let ρt take values
from {0.3, 0.6, 0.9}. Numerical results are generated for ΔRinter, ΔRMRMR and ΔRext, and
the corresponding curves are plotted in Figure 3.5. A curve with a lower position means
better rate saving performance.
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Rate Saving over Intra-frame Coding (bpp)
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Figure 3.5. Comparison of the rate saving performance among inter-frame ME, motion
extrapolation and MRMR.

From Figure 3.5 we can see, for any approach among the three, the rate saved over
intra-frame coding is more significant for more static video sequences with smaller  d2 .
When  d2 varies from 10 to 1, WZVC with MRMR can save 0.07 to 0.97 bits per pixel
(bpp) over intra-frame coding. When compared with motion extrapolation, MRMR shows
significant improvement. Even when ρt is as high as 0.9, WZVC with MRMR can save
0.02 to 0.51 bpp more than WZVC with motion extrapolation. It should be noted that
ΔRext drops quickly as ρt decreases. For sequences with medium or low ρt, the coding gain
of motion extrapolation is marginal. When  d2 is as low as 1, a maximum possible
saving of 0.83 bpp is observed. It is well known that for high rate coding, the rate
difference at 1 bpp can be translated into 6.02 dB PSNR difference. So it can be
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concluded that WZVC with MRMR can outperform WZVC with motion extrapolation by
up to 5 dB.
The comparison between inter-frame coding and WZVC with MRMR shows an
almost constant gap, which is averaged at 0.25 bpp when  d2 varies from1 to 10. The
corresponding performance gap in terms of PSNR is 1.5 dB.

3.4

MRMR with Extensive Motion Exploration

In the previous section we have shown that MRMR significant outperforms motion
extrapolation, but falls 1.5 dB behind inter-frame ME. We are interested in if it is possible
to make up with the 1.5 dB gap.
The analysis in the previous section is based on the assumption that both inter-frame
ME and MRMR use the same settings in the BMA. However, since MRMR is performed
at the decoder side, it has the advantage that the motion information does not have to be
transmitted. Without this overhead, it is possible to exploit more advanced ME techniques
to extensively explore the dependency between the current frame and the reference
frame(s). In the literature, better MCP can be achieved through finer fractional-pel motion
search [38], using smaller block sizes or multiple hypothesis prediction [39][32]. In this
section, we will analyze the performance of MRMR with these techniques.
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3.4.1

MRMR with fractional-pel motion search

BMAs introduce quantization noise to the true motion field because the reference
frame(s) is sampled on a discrete grid. In (3.21) and (3.24), the quantization noise is not
considered. In this subsection, we model the quantization error in BMAs as an additive
white noise with variance  2d q , thus (3.21) and (3.24) are adjusted as

 2d inter  kB d2   2d q

(3.28)

and

 2d  MRMR   

 kB d2
  2d  q
max  x ,  y 

(3.29)

respectively. According to [22],  2d q is derived by applying uniform scalar
quantization with the step size q to a random MV with the p.d.f. pd(d). We use the same
settings as in [22], where pd(d) is assumed to be a generalized Gaussian distribution with
the shape factor being 0.3.
Still assume B = 4 and k = 0.01, we plot the rate saving curves in Figure 3.6 for
integer-pel, half-pel, quarter-pel accuracy search for both inter-frame ME and MRMR. It
can be seen that the rate saving using fractional-pel accuracy search in MRMR is less
significant than in inter-frame ME. This can be explained from (3.29) that the impact of
low-pass filtering noise is more significant in the MRMR case. We also conclude that in
MRMR, it is more effective to perform fractional-pel motion search at the high frequency
subbands where the low-pass filtering noise is less dominant.
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Figure 3.6. Rate saving performance of MRMR and inter-frame ME using different
pel-precision search.

It is also observed that when using fractional-pel search in MRMR or inter-frame
ME, we can expect more gain on sequences with low motion (smaller  d2 ). This is
explained as follows.  2d q is related to both q and  d2 . For larger  d2 , pd(d) becomes
flatter and  2d q approaches q2/12, which is a constant and less significant than the
low-pass filtering noise. While for a smaller  d2 , pd(d) becomes more impulsive and

 2d q will approach  d2 , which could be more significant than the low-pass filtering
noise. Consequently, we can see the curve for ΔRinter with q = 1 intersects with the curves
of ΔRMRMR with q = 0.5 and q = 0.25 when  d2 is around 1.5 and 1, respectively. This
means under certain complexity constraints of the encoder, WZVC with MRMR might be
able to outperform inter-frame coding.
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The results in [59] show that improving the pel-precision does not help much in
motion extrapolation. However, it is usually worthwhile to perform fractional-pel motion
search in MRMR. The possible rate saving is up to 0.25 bpp if an integer-pel search is
substituted by a quarter-pel search, which can be translated into 1.5 dB in PSNR gain. On
the other hand, by comparing Figure 3.5 and Figure 3.6 we can see, the extra gain is
marginal by employing motion search that is finer than quarter-pel.

MRMR with smaller block sizes

Rate Saving over Intra-frame Coding (bpp)
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Figure 3.7. Rate saving performance of MRMR with different block sizes.

The motivation to use smaller block sizes in MRMR is natural. By comparing (3.21)
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and (3.24) we know MRMR is less accurate then inter-frame ME because there is a
penalty factor


in its low-pass filtering noise, and the factor is always
max  x ,  y 

greater than 1. To compensate the penalty factor, an efficient way is to use a smaller B in
MRMR. In fact, For very accurate ME with small  2d , using a Taylor series expansion,
(3.25) can be approximated as
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(3.30)

where C is independent of B. Hence reducing B by half means an extra 0.5 bpp saving, or
3 dB gain in PSNR. This encourages the use of smaller block sizes. Certainly this
conclusion also applies to encoder-side ME. However, halving the block sizes also means
quadrupling the number of MVs, which greatly increases the transmission overhead.
For more practical settings, we assume k = 0.01 and substitute different B values into
(3.25). The corresponding rate-saving curves of MRMR are plotted in Figure 3.7. We can
see that reducing the block size in BMA is effective in improving the rate-saving
performance of MRMR. The B = 2 curve saves 0.26 bpp more than the B = 4 curve,
which has already made up with the 1.5 dB gap with respect to inter-frame ME.
It is worth noting that block matching with a very small B is an ill-posed problem.
People usually impose some smoothness constraint to make sure the derived motion field
is physically meaningful. This is equivalent to applying additional inter-block low-pass
filtering to the motion field, which somewhat limits the gain of reducing the block size.
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3.4.3

MRMR with multiple-hypothesis prediction

Another efficient way to improve the prediction performance in BMAs is through
multiple-hypothesis prediction (MHP) [39][32]. One typical example is the bi-directional
prediction (B pictures), where two motion vectors are assigned to the same block, with
one pointing to a previous frame and the other pointing to a future frame. Each of the two
motion-compensated blocks is called a hypothesis, and their weighted average is used for
the prediction of the current block.
s
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Figure 3.8. Illustration of multiple-hypothesis motion-compensated prediction.

In this chapter, we will not consider B pictures. In stead, the prediction of the current
block is the weighted average of M motion-compensated blocks from previously decoded
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frame(s). It provides several advantages over B-picture coding. First, there is no extra
delay in decoding a future picture. Second, more than two MVs can be employed to make
the prediction more accurate.
The diagram of multiple-hypothesis motion-compensated prediction is illustrated in
Figure 3.8, where there are M hypotheses in total, each hypothesis ci is a shifted (by the
motion error di) and noisy (by adding ni) version of the current frame. According to the
results in [39], if  ni ni   ss for each ni, and the in-loop filters all take the optimum
form, the rate saving using MHP is

RMHP 
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and

with Pi() being the characteristic function of di, and the superscript

H

denoting the

transposed conjugate of a complex vector.
Following the same assumptions as in [32], we now let the motion displacements
d1, …, dM be jointly Gaussian, each of which is zero-mean and has the same variance
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 2 , and the correlation between any two displacements are the same (denoted in ρ).4 In
this case we have

P  P  ,  2  1

(3.34)

and
E  DD H 
 exp   j T  d1  d1   exp   j T  d1  d 2    exp   j T  d1  d M   


 exp   j T  d 2  d1   exp   j T  d 2  d 2    exp   j T  d 2  d M   
 E









T
T
T
exp   j  d M  d1   exp   j  d M  d 2    exp   j  d M  d M   

P  , 2(1    ) 2   P  , 2(1    ) 2  
1


2
 P  , 2(1    ) 2 
 P  , 2(1   d )   
1










2
2
1
 P  , 2(1    )   P  , 2(1    )   

(3.35)
where
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(3.36)

is the Fourier transform of a zero-mean Gaussian p.d.f. with variance 2, and 1 = [1, …,
1]T.
On the other hand, if an MM matrix is in the form
a b  b 
b a  b 
,
C
    


b b  a 

4

This is true if the N hypotheses are searched using the same method, and there is no preference among them.
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(3.37)

then its inverse can be written as
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(3.38)

Substitute a with 1, b with P  , 2(1    ) 2  , and insert (3.34) – (3.38) into (3.31)
we get

RMHP
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 2   log 2 1 
T
2
8  
 1  ( M  1) exp   1         
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(3.39)

Note that in (3.39), if we set M = 1, same result is obtained as in (3.10). Similar
work has been done in [32], under the assumption that the M hypotheses are simply
averaged, while (3.39) is the optimum case where the M hypotheses are Wiener filtered.
Eq. (3.39) is for inter-frame ME, but we can simply replace  2 with  2 ( ) to extend
it to the MRMR case. In the meantime, we would like to point out that using MHP at the
encoder side will produce a lot of overhead bits – doubling the number of hypotheses also
doubles the number of MVs. Therefore MHP is not widely used in state-of-the-art video
coding standards. For example, in H.264/AVC P slices, only one hypothesis is allowed
for each inter-predictive block.
For very accurate ME with small  2 , (3.39) can be approximated using a Taylor
series expansion

RMHP 
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8
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 M 1  1
 T
2
 M  M  1         d  .





(3.40)

We can see that for a large number of hypotheses (large M), reducing ρ is equally
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important as reducing  2 ; if the displacements are mutually independent (ρ=0), 5
doubling the number of hypotheses is equivalent to reducing  2 by half (which means a
3 dB gain in prediction performance); however, if ρ>0, no significant gain can be

Rate Saving over Intra-frame Coding (bpp)

obtained by increasing M when M >>1/ρ.
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Figure 3.9. Rate saving performance of MRMR with MHP.

Let B=4, k=0.01 and assume there is no quantization noise in the ME. We plot the
rate-saving curves for MRMR in Figure 2.10. Our discussions above can be well
confirmed.

5

ρ can certainly take negative values, but as proved in [32], ρ ≥ (1–N)–1, so here we use 0 as the lower bound of ρ for large Ns.
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3.5

Case Study

From the previous analysis, we have known that MRMR is much better than motion
extrapolation, and it is possible to make up the gap between MRMR and inter-frame by
extensive motion exploration. In this section, we will integrate the advanced ME
techniques into a practical MRMR framework to improve the decoder-side MCP
performance, and compare it with motion-extrapolation and inter-frame ME.

3.5.1 System description

WZ Encoder

t-th
frame

WZ Decoder

DWT

Redundant
DWT

Q

Motion
Refinement

Reference
frame(s)

Frame
Buffer
Decoded
t-th frame

LLn(t)

Level 1 … N
SWC
SI in Level n
Syndrome
Buffer

SWC–1

Q–1

Request bits
Figure 3.10. Illustration of WZVC with MRMR at the decoder side.
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DWT–1

The diagram of a wavelet domain WZVC codec with MRMR is illustrated in Figure
3.10. The encoder applies an N-level wavelet decomposition to each of the frames. For
each frame, (3N+1) subbands are produced, namely, HLn, LHn, HHn, (n = 1, 2, …, N), and

LLN.6 For the sake of convenience, let LLn–1denote the reconstructed subband from LLn,
HLn, LHn and HHn, (n = 1, 2, …, N). Each of these subbands is Wyner-Ziv encoded and
transmitted to the decoder at the necessary rate. To distinguish the subbands in different
frames, we use notations such as LLn(t), where t is the frame index.
At the decoder side, supposed F(t–1) is available,7 the decoding process of F(t) can
be described as follows:
1) Estimate LLN(t) from LLN(t–1) by applying MCP based on an initial motion field.
The initial motion field could be the same one as F(t–1), or could be set to zero
if it is not available;
2) Reconstruct LLN(t) by applying Wyner-Ziv decoding;
3) Set n = N;
4) Refine the motion field by performing ME between LLn(t) and LLn(t–1);
5) Predict

HLn(t),

LHn(t)

and

HHn(t)

by

copying

the

corresponding

motion-compensated coefficients in HLn(t–1), LHn(t–1) and HHn(t–1);
6) Apply Wyner-Ziv decoding to reconstruct HLn(t), LHn(t) and HHn(t);
7) Reconstruct LLn–1(t) based on LLn(t), HLn(t), LHn(t) and HHn(t) ;
6

To accommodate the conventional notation in wavelet decomposition, here LLN denotes the lowest frequency
subband, which is different from what is used in Section 3.3.
7
Although we only describe the case of using one reference frame, it can be easily extended to multiple-frame
prediction.
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8) Reduce n by 1. If n reaches zero, the decoding is finished; otherwise go to step
4).
In the following simulations, WZVC encoder decomposes each frame into 3 levels
using the Daubechies 9/7 bi-orthogonal filter bank. Referring to the discussions about the
“critical frequency”, 3 levels of decomposition is usually “safe” for most sequences.
More decomposition levels only lead to marginal gain. Uniform quantization is employed
to quantize the wavelet coefficients.
At the decoder side, to overcome the shift-variance problem in the critically-sampled
wavelet domain, F(t–1) needs to be transformed to the over-complete wavelet domain.
Therefore, the subbands of F(t–1) are all in an over-complete form, derived from
non-subsampled DWT. This approach significantly improves the efficiency of MCP, at
the cost of extra memory consumption in the decoder. However this strategy still fits the
“simple-encoding, complex-decoding” principle of WZVC.
It should be noted that although iterative motion refinement is employed in our
scheme, the computational complexity is even lighter than motion extrapolation, if the
same BMA is used in both approaches. For example, when the motion refinement is
carried out based on a half-resolution image, the number of MVs for estimation is 1/4 of
that of a full-size image. For an N-level refinement, the overall complexity is (1/4 + 1/16
+ … + 1/4N) < 1/3 of the complexity of the full-resolution motion extrapolation, if the
derivation of the initial motion is not considered.
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Figure 3.11. Rate loss with dyadic resolution progression.

Meanwhile, it is also worth noting that we actually sacrificed some performance to
achieve the complexity reduction. In Section 3.3, the performance is analyzed based on
the assumption that infinite levels of motion refinement are carried out. But in this codec
we only allow dyadic resolution progression. Numerical results are illustrated in Figure
3.11 and we can see that the additional rate loss is averaged at around 0.17 bpp.

3.5.2 Benchmark performance

In this section, we compare the performance of motion extrapolation, MRMR and
inter-frame ME under the basic BMA settings. That is, sequences are encoded in IPPP
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fashion, each frame is divided into 88 blocks, one MV is searched for each block at the
integer-pel precision, and only one reference frame is used. Full search is employed and
the search range is [–8, 8]  [–8, 8].
In the literature, prediction performance is usually measured by the PSNR of the SI.
However, we notice that the motion accuracy in MRMR is progressive (see (3.24)) and
the SI quality is higher for high-frequency components. For the same PSNR level, the
residual energy is more “compact” in the frequency domain. Therefore we do not directly
count on the PSNR values; instead we will take a closer look at the “MSE reduction”
performance. More specifically, we treat the residual samples in each subband as i.i.d.,
and calculate the rate saving of the prediction by
R 

1
MSE1
.
log 2
MSE0
2

(3.41)

where MSE1 is the mean-square-error (MSE) of the MCP, MSE0 is the MSE of all-zero
prediction (or if intra-frame coding is employed). Finally, the overall rate saving is
calculated from the weighted sum of the rate saving at each resolution levels, where the
weighting factors for level 1, 2 and 3 are 3/4, 3/16 and 3/64, respectively, accounting for
the number of samples in each level.
Four QCIF sequences at 15 fps are used for testing: Foreman, Carphone,
Mother&Daughter and News, each of which is 10 sec in length. We choose very fine
quantization step sizes such that the frames are coded at very high quality (PSNR around
60dB). Thus there is no quantization error propagation and the prediction residual is
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almost purely due to motion mismatch. The results are shown in Table 3.1, from which
we have the following observations.

Bits per
Foreman
CarPhone
a
sample Lv1
Lv2
Lv3
Overall Lv1
Lv2
Lv3
–0.04
–0.53
–1.16
–0.18
+0.06
–0.51
–1.20
Rext
–0.87
–1.31
–0.60
–0.55
–1.04
–1.52
Rmrmr –0.51
–0.62
–1.34
–2.22
–0.82
–0.64
–1.47
–2.35
Rint
Bits per
Mother&Daughter
News
sample Lv1
Lv2
Lv3
Overall Lv1
Lv2
Lv3
–1.10
–1.80
–2.58
–1.28
–1.38
–1.67
–2.01
Rext
–1.86
–2.54
–1.39
–1.64
–1.70
–1.98
Rmrmr –1.23
–1.29
–2.09
–2.97
–1.50
–1.72
–2.25
–2.84
Rint
a
Negative values with a greater absolute value means better prediction.

Overall
–0.10
–0.68
–0.86
Overall
–1.44
–1.65
–1.85

Table 3.1. Comparison of prediction performance among motion extrapolation, MRMR
and inter-frame ME using basic BMA settings (88 blocks, interger-pel search, one
hypothesis for each block).

For sequences with irregular motion (small t), MRMR achieves dramatic
improvement over motion extrapolation. For example, 0.42 bpp more rate saving is
observed for the Foreman sequence and 0.58 bpp is observed for the CarPhone sequence.
While for sequences with more consistent motion (large t) such as Mother&Daughter
and News, the improvement is less significant. But MRMR is still outperforms by 0.11
bpp and 0.21 bpp, respectively. At high rates, the corresponding rate savings obtained by
MRMR can be translated into 0.66 to 3.49 dB in PSNR gain over motion extrapolation.
When compared to inter-frame ME, MRMR suffers a small amount of rate loss,
which ranges from 0.11 bpp to 0.22 bpp.
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It is also observed that all of the three methods achieve more rate saving for lower
frequency components. This can be explained from Figure 3.4, where it is shown that the
transfer functions of the three methods are essentially high-pass. They attenuate the
amplitudes of low-frequency components more effectively.
However, considering the number of samples in each level, the rate saving at
high-frequency bands are more important for the overall prediction performance. Thus
MRMR is favorable in the sense that its motion accuracy gets refined at high-frequency
bands. From Table 3.1 we can see, even for the Mother&Daughter and News sequences,
MRMR is worse than motion extrapolation in level three,8 it still outperforms in the rest
two levels. At the highest frequency bands, MRMR falls only 0.06 to 0.09 bpp behind
inter-frame ME.
On the contrary, motion extrapolation is poor in predicting high-frequency
components, especially for sequences with irregular motion. For the CarPhone sequence,
the MCP results using motion extrapolation is even worse than the original signal in the
highest subbands. As for the overall prediction performance, motion extrapolation falls as
much as 0.76 bpp behind inter-frame ME, or is 4.6 dB worse in PSNR.
For a visual comparison, sample residual frames from the CarPhone sequence are
shown in Figure 3.12. Significant improvement is observed by using MRMR.

8

Meaning that the critical frequency here is greater than /8.
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(a)

(b)

Figure 3.12. Residual frame of the side information using (a) motion extrapolation and (b)
MRMR.

3.5.3 Extensive motion exploration

The previous section considers the prediction performance with basic BMA settings.
Now we employ extensive motion exploration in MRMR. Details are discussed in the
following.

A. Fractional-pel motion search

We enable quarter-pel search in MRMR. Pixel values at non-integer sample
positions are interpolated using the same method as in H.264/AVC. Half-pel samples are
derived by a six-tap finite-impulse-response (FIR) filter ([1, –5, 20, 20, –5, 1] / 32), and
quarter-pel samples are generated from bilinear interpolation of both integer- and
half-sample pixels. Hierarchical motion search is employed to reduce the computation:
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full-search is first made on the integer-pel samples, and the best candidate MV is
compared with its 8 neighbors in the half-pel samples, then in the quarter-pel samples.

B. Smaller block sizes

We use 22 blocks in the BMA. A smoothness constraint should be imposed to the
motion field. For this purpose, a smoothing term is added to the matching criteria [105]:

E = EDFD + wsEs,

(3.42)

where DFD means “displaced frame difference”, EDFD, in our case, is the sum of absolute
difference (SAD) between the current block and the reference block, ws is the weighting
factor, and the motion smoothness term Es is defined as

Es 

  d  b   d  n 

nN b

x

p

x

p
 d y  b   d y  n   .


(3.43)

where b is the current block, n is one of b’s four neighboring blocks, dx and dy denote the

x and y components of an MV, p can be 1 or 2. Since Es is calculated based on all of its
neighbors, iterative refinement is needed in searching for the final MV.
In our simulations, we let p = 1, ws = 4 and use SAD to calculate EDFD. The initial
motion field is assumed to be zero. At most 8 iterations are allowed.

C. Multiple-hypothesis prediction
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The MHP algorithm is first proposed in [31] and is summarized as follows: The
current block first searches for the best matching block in the reference frame. This
particular block is used as the initial position of all N hypotheses. The joint optimization
process fixes (N–1) hypotheses and searches for a new position for the remaining one.
The criterion is to minimize the SAD between the current block and the average of the N
hypotheses. After that, joint optimization is repeated on the rest of the hypotheses until
the SAD converges (note that in each round the SAD value will be decreased, hence the
convergence is guaranteed).

F(t–1)

F(t)

F(t–1)

(a)

F(t–1)

(b)

F(t)

(d)

F(t)

F(t–1)

F(t–1)

F(t)

(c)

F(t)

(e)

Figure 3.13. Illustration of the modified MHP algorithm. (a) best matching is searched for
the 1st hypothesis; (b) set the initial position of the 2nd hypothesis to the same place of the
1st one; (c) jointly optimize the first two hypotheses; (d) the 3rd and the 4th hypotheses
join, initialized to the current positions of the 1st and the 2nd hypotheses, respectively; (e)
joint optimization of the first four hypotheses.
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According to our analysis in Section 3.4, it is desired to have the multiple
hypotheses less correlated to each other. Hence we have modified the algorithm as
illustrated in Figure 3.13. We use 8 hypotheses in total, but we do not initialize all of
them to the same place. Instead, only two of them are jointly optimize using the
algorithm in the first stage. Then two more candidates will join, each of which is
initialized at one of the resulting places in the first stage. Next, the second stage of
optimization is carried out on the four hypotheses. Finally, the process is repeated with
the joining of another four hypotheses. Such modification introduces diversity into the
joint optimization process to make the MVs less correlated. Simulation shows that it is
about 0.15 bpp better than the original approach.
Another important aspect is how to enable MHP with the smoothness constraint in
(3.43) imposed. Eq. (3.43) considers the motion difference between neighboring blocks.
However, in MHP, there are multiple MVs assigned to the same block, without any
preferences among them. Consequently one might have to consider the motion difference
of the current MV with respect to all the hypotheses of neighboring blocks, which is
computationally expensive.
For such purpose, we further modify the MHP algorithm as follows. The 1st
hypothesis of each block is searched for under the motion smoothness constraint (with
respect to the 1st hypothesis of neighboring blocks). The resulting position is stored as the
“search center” for the block. Then the multiple hypotheses are only searched around this
search center.
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D. Results

Saved Rates (bpp) over
intra-frame coding
Akiyo
Car Phone
Container
Football
Foreman
Miss America
Mother & Daughter
News
Suzie
Salesman
Average

MRMR

H.264/AVC

–2.89
–1.70
–3.48
–0.42
–1.88
–1.46
–2.09
–2.80
–1.10
–2.44
–2.03

–2.58
–1.88
–3.04
–0.75
–2.03
–1.53
–2.12
–2.82
–1.31
–2.54
–2.06

Table 3.2. Comparison of the prediction performance between MRMR and H.264/AVC

We will compare MRMR with extensive motion exploration with the prediction
performance of H.264/AVC. For H.264/AVC, the prediction results are generated by the
reference software JM13.2 using the baseline profile (quarter-pel motion search, variable
block size with the minimum being 44, at most one hypothesis for each block), and are
wavelet decomposed for comparison. The first 100 frames of ten QCIF sequences at 30
fps are tested. Results are shown in Table 3.2
We can see that with extensive motion exploration, the prediction performance of
MRMR can be very close to that of state-of-the-art inter-frame coding (only 0.03 bpp
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difference on average), without any overhead in transmitting the motion information. We
can also see that typically, if MCP is effective for the sequence, where the achievable rate
saving is higher than 2 bpp for both methods, MRMR is as good as, or even better than
H.264/AVC; otherwise MRMR still suffers a performance gap (except for the Miss
America sequence). This is partly because in MRMR, we simply set the prediction to be
zero if no match is found in the ME, while in H.264/AVC, the intra-prediction mode will
be triggered in this case, which also provides good prediction.

3.6

Conclusions

The bottleneck in improving the coding efficiency of WZVC is the performance of
ME at the decoder side. The ME accuracy can be improved if the decoder has partial
access to the current frame. In this chapter, we provide an analytical study on the
rate-distortion performance of WZVC in a particular structure, where low-resolution
images are progressively decoded and used for the motion refinement. Theoretical
analysis shows that MRMR outperforms motion extrapolation dramatically for most
practical sequences with medium or low temporal motion correlation. Even for sequences
with very high ρt, refining the motion field is usually worthwhile when the resolution of
the partially reconstructed frame is higher than a particular threshold (determined by the
critical frequency). We also show that MRMR falls 1.5 dB behind conventional
inter-frame ME, if the same BMA is used for both cases.
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Realizing that decoder-side ME can benefit from more detailed motion information,
which, if generated and transmitted by the encoder, incurs non-negligible bit overhead,
we also provide theoretical analysis of the performance achieved by integrating MRMR
with advanced ME techniques, including fractional-pel motion search, ME with smaller
block sizes and multiple-hypothesis prediction. Results show that the gap between
MRMR and inter-frame ME is not insurmountable.
In addition, we present a wavelet domain practical implementation of WZVC with
MRMR. Simulation results show its superior performance over the simple motion
extrapolation approaches. When combined with advanced ME techniques, MRMR shows
comparable prediction performance as H.264/AVC.
Future researches will be carried out on estimating the efficiency of iterative motion
refinement based on partially decoded frames with quality progression. We believe better
understanding of the motion accuracy is the key to improve the performance of WZVC,
and also has a significant impact on conventional video coding.
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Chapter 4

Compression of Encrypted Images and Videos
4.1

Introduction

Conventionally in secure transmission of redundant data, as illustrated in Figure
4.1(a), the data is usually first compressed9 and then encrypted at the sender side. At the
receiver side, decryption is performed prior to decompression to recover the data.
However, in some application scenarios, this conventional diagram needs to be revisited.
Let us consider the following case (illustrated in Figure 4.1(b)). Suppose Alice needs
to transmit some data to Bob, while Charlie is the network provider. Alice wants to keep
the data confidential to Charlie, however the resources that she has is too limited to
compress the data. So Alice just gets the data encrypted using simple cipher and
forwarded to Charlie. Charlie, as the network provider, always has the interest to reduce
the data rate. That is, it is desirable for Charlie to compress the encrypted data even if he
does not have access to the secret key. Johnson et al. prove in [50] that in this case, if
stream cipher [98] is used and the data receiver (Bob) holds the secret key and performs
joint decryption and decompression, the overall system performance can be as good as

9

In this chapter, only lossless compression is considered.
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the conventional approach. That is, neither the security nor the compression efficiency
will be sacrificed by performing compression on the encrypted data.
Compression

Decompression

Encryption

Decryption

Secret key
(a)
Secret key
Alice

Bob
Joint decryption
& decompression

Encryption

Charlie
Compression
(b)
Figure 4.1. (a) Illustration of the conventional approach in which data is first compressed
and then encrypted; (b) Illustration of compressing encrypted data. Here solid arrows
represent secure channels and dashed arrows denote public channels.

A practical system to compress encrypted data is also proposed in [50]. For example,
suppose the plaintext X is an i.i.d. source, and Alice uses a stream cipher (e.g. RC4 or
DES in CFB mode [98]) as the encryption function:
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Y=XK

(4.1)

where  denotes the bit-wise exclusive OR (XOR) operation, K is the key stream, and Y
is the ciphertext.
Charlie gets Y without knowing K. He will encode Y through random binning: each
sequence of n samples (denoted in Yn) is randomly thrown into one of the bins that are
indexed as {1, 2, …, 2nR}. Only the bin indices are transmitted by Charlie. So the actual
sending rate for Y is R. Bob, upon receiving the bin index as well as the secret key, will
treat Kn as the side information and look for its joint typical sequence Yˆ n inside the
given bin. According to the Slepian-Wolf theorem, if and only if

R  H(Y|K) = H(XK|K) = H(X)

(4.2)

the reconstruction of Yn can be asymptotically error-free. Finally the plaintext is
reconstructed as
Xˆ  Yˆ  K .

(4.3)

Eq. (4.2) basically suggests that by employing SWC, the compression efficiency of
the ciphertext can be just as good as compressing the plaintext. Other applications of
compressing encrypted data include a third-party company providing storage to secured
contents (online emails, surveillance videos), where the clients usually do not have the
motivation to compress the data.
Although it has been shown that theoretically there is no performance loss in
compressing encrypted data, we might still face challenges when it comes to practical
applications. Considering real-world sources such as images or videos, which are
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typically highly correlated, a critical issue in improving the coding efficiency is how to
exploit the source dependency. Conventional encoder-side decorrelation methods such as
transform or prediction are not applicable here because the encryption function has
masked the source dependency. In the literature, image or video data is usually modeled
as a Markov source and the Markovian property is exploited in the Slepian-Wolf decoder
[50][92]. Similar approach is also found in [115] for non-encrypted colored sources.
Some good results have been reported for binary images. However, there are some
limitations with this approach: first, Markov decoding in a Slepian-Wolf decoder is very
expensive, especially in dealing with sources with non-binary alphabets; second,
bit-plane based Markov decoding certainly reduces the complexity, but the source
dependency that originally defined in the symbol domain is usually not fully utilized
when translated to bit-planes (see Figure 4.2 for an example); third, since image or video
data is known to be highly non-stationary, a global Markov model cannot describe its
local statistics precisely. As reported in [92], for 8-bit grayscale images, only the first 2
most significant bit-planes (MSB) are compressible by employing a bit-plane based 2-D
Markov model. How to effectively exploit the correlation of encrypted image data
remains a challenging issue.
In this chapter, we propose an efficient way to compress encrypted images and
videos through resolution-progressive compression (RPC). The encoder starts by sending
a downsampled version of the ciphertext. At the decoder, the corresponding
low-resolution image is decoded and decrypted, from which a higher-resolution image is
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obtained by inter- or intra-frame prediction. The predicted image, together with the secret
encryption key, is used as the SI to decode the next resolution level. This process is
iterated until the whole image is decoded. By doing so, the task of de-correlating the
pixels, which is not possible for the encoder, is shifted to the decoder side. In addition, by
having access to a low-resolution image, the decoder is able to learn the local statistics,
doing much better than “blind” decoding. Moreover, by avoiding exploiting the
Markovian property in the SWC, the complexity is significantly reduced.

00

11
0

01

1

10
(a)

(b)

Figure 4.2. (a) Illustration of a four-state Markov process, where we have P(xi+1=xi+1) = 1,
(here “+” is defined in GF(4)) hence by exploiting symbol-domain dependency, we have
H(xi+1|xi) = 0 bit. (b) Illustration of the Markov property in the MSB. We have P(bi+1=bi)
= 0.5, hence the necessary bit-rate in the MSB (without looking at the LSB) is H(bi+1|bi) =
1 bit. This shows that a bit-plane based Markov model cannot fully exploit
symbol-domain source dependency.

The rest of the chapter is organized as follows. Compression of encrypted images
and videos are discussed in Section 4.2 and 4.3, respectively. Section 4.4 concludes the
chapter.
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4.2

Compression of Encrypted Images

In this section, we will present the proposed RPC algorithm, analyze its performance
and provide simulation results for compression of encrypted still images.

4.2.1 System description

003
101

012

011

111

Figure 4.3. Illustration of three-level decomposition of the Lena image.

The encoder gets the ciphertext Y and decomposes it into four sub-images, namely,
the 00, 01, 10 and 11 sub-images. Each sub-image is a downsampled-by-two version of
the encrypted image. The name of a sub-image denotes the horizontal and vertical offsets
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of the downsampling. The 00 sub-image is further downsampled to create multiple
resolution levels. We use 00n to represent the 00 sub-image in the n-th resolution level.
The 00n sub-image can be losslessly synthesized from the 00n+1, 01n+1, 10n+1 and 11n+1
sub-images. An example of the decomposition is illustrated in Figure 4.3. Here the image
is supposed to be an encrypted one. We use plaintext just for a better illustration. We
would like to point out that the stream cipher function in (4.1) only scrambles the pixel
values, but not shuffles the pixel locations. This means some geometric information of
the pixels is still preserved, which is leveraged by the downsampling operation.
After the downsampling, each sub-image is encoded independently using SWC, and
the resulting syndrome bits are transmitted from the lowest resolution to the highest.
Channel
estimating
Conditional p.d.f.
Interpolation

SI for 11n

SW decoding

Decoded 00n

Decoded 11n
Syndromes, key

Figure 4.4. The decoder diagram.

Decoding starts from the 00 sub-image of the lowest-resolution level, say, level N.
We suggest transmitting the uncompressed 00N sub-image as the doped bits [92]. Thus the
00N sub-image can be known without ambiguity, and some knowledge about the local
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statistics will be derived based on it. Next, other sub-images of the same resolution level
are interpolated from 00N. The interpolation result is used as the SI of the target
sub-images. Meanwhile, a channel estimation module is employed to estimate the
conditional p.d.f. of the original pixel values, given the SI. The SI, the estimated p.d.f.,
and the corresponding part of the key stream are fed into the Slepian-Wolf decoding
module to decode the target sub-image. The decoder diagram is illustrated in Figure 4.4.
When the 01, 10 and 11 sub-images of the same resolution level are all decoded, the 00
sub-image of the higher resolution level can be synthesized, then the decoding iterates
until the full-resolution image is reconstructed.
It is worth noting that if the SI is a good approximation of the target sub-image, the
pixels in the target sub-image can be considered as conditionally independent of each
other (given the SI). In this case it is not necessary for the SW decoder to exploit the
Markovian property of the source, which greatly reduces the computational complexity.
A feedback channel is needed for the encoder to know how many bits to transmit for
each sub-image, which generally increases the transmission delay. However, this cost is
reasonable because the decoder has no idea about the source statistics at the very
beginning, and has to learn about it gradually during the decoding process.

4.2.2 Context-adaptive interpolation

The SI generation in our scheme is through interpolation. For the sake of simplicity,
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for any pixel in the target sub-image, we only use the 4 horizontal and vertical neighbors
or the 4 diagonal neighbors in the known sub-image(s) for the interpolation. Intuitively,
the SI quality will be better, if the neighbors are closer in geometric locations. Hence we
use a two-step interpolation in each resolution level to improve the SI estimation. First,
the 11 sub-image is interpolated from 00; after 11 is decoded, we use both 00 and 11 to
interpolate 01 and 10. The interpolation pattern is illustrated in Figure 4.5, from which we
can see another benefit of the two-step interpolation: the interpolation patterns of the two
steps are isomorphic up to a scaling factor of

2 and a rotation of /4. This simplifies

the interpolator design.

00

10

01

11

t3
t2

s

t1

t4

00
10
01
11

Figure 4.5. Illustration of the two-step interpolation at the decoder side. The dashed arrow
denotes the first step interpolation, and the solid arrow denotes the second step.

Real-world image data is highly non-stationary, hence it is desired to have the
interpolation adapted to the local context. For example, for a pixel on an edge, it is
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preferable to interpolate along the edge orientation. Similar efforts can be found in
conventional lossless image compression, where the median edge detector (MED) [106]
and the gradient adaptive predictor (GAP) [109] are two successful context adaptive
predictors. However, they process the pixels in a raster-scanning order, thus cannot be
directly applied to our scheme.
In this subsection, a simple, yet effective context adaptive interpolator (CAI) is
proposed for our scheme. Due to the isomorphism, we only describe the
horizontal-vertical interpolator illustrated in Figure 4.5.
Let s be the pixel value to be interpolated, t = [t1, t2, t3, t4]T be the vector of
neighboring pixels. The interpolator classifies the local region into four types: smooth,
horizontally-edged, vertically-edged and other. In smooth regions, a mean filter is applied;
in edged regions, the interpolation is done along the edge; otherwise we use a median
filter. More specifically, the proposed CAI is formulated as
mean(t )
 max  t   min  t   20 

 t  t  2  t3  t4  t1  t2  20 
.
sˆ   1 2
t
t
2
t
t
t
t
20









 3 4
1
2
3
4

median(t ) (otherwise)

(4.4)

In (4.4) it can be verified that the first condition contradicts the second (or the third)
condition, thus a “smooth” region will never be estimated as “edged” again. The second
and the third conditions are adapted from GAP, with an ad hoc threshold. It is also
possible that the region is diagonally-edged, but there is no clue about on which side of
the edge s lies. Therefore we simply adopt a median filter in this case.
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4.2.3 Localized channel estimation

Figure 4.6. Illustration of the localized channel estimator.

SWC treats the SI as a noisy version of the source to be decoded. We can consider
there is a virtual channel between the source and the SI [118]. To perform channel
decoding, it is also necessary for the SW decoder to estimate the statistics of the virtual
channel. In this work, we model the conditional p.d.f. of a pixel s to be Laplacian,
centered at the given side information ŝ :
p  s sˆ  


2

exp   s  sˆ 

(4.5)

where   2  s2sˆ , and  s2sˆ is the variance of p  s sˆ  . Hence it is necessary for the

- 86 -

channel estimator to estimate  s2sˆ .
Due to the non- stationarity of image data, the accuracy of the SI could vary a lot in
different areas. Generally  s2sˆ at smooth areas will be much smaller than that at textured
areas. Hence it is desired to have a localized channel estimator. In this work,  s2sˆ is
estimated from the neighboring prediction (interpolation) residual of the previously
decoded level. As illustrated in Figure 4.6, Let s be a pixel in the 10n sub-image, the
channel estimator observes several geometrical neighbors of s in the 10n+1 sub-image.
The neighborhood is chosen to be a 55 window. The mean square error (MSE) of the
CAI results for these pixels is scaled to be used as  s2sˆ . The scaling is needed because
for interpolation at higher-resolution levels, the correlation between the neighboring
pixels is higher, which usually means smaller prediction residual. In this work, we adopt
an empirical scaling factor of 0.75.
It can be seen that, both the CAI and the localized channel estimation are based on
the assumption that the decoder can have an access to a lower-resolution reconstruction
of the image. In other words, they are both enabled by the resolution-progressive
decoding.

4.2.4 Performance analysis

In this subsection, theoretical analysis will be provided for RPC. Compared to the
state-of-the-art conventional lossless image coding schemes such as JPEG-LS [106], RPC
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may suffer from two types of rate loss. The first type is the source coding loss, which is
caused by the inefficiency of channel codes in achieving the Shannon limit. The second
type is the image coding loss, caused by the inefficiency in removing the redundancy
among the pixels. In this subsection we focus on the second type of loss. We will use an
ideal source model to analyze the performance gap. Although real image data are not that
simple, the analysis will still provide useful insights and help us understand the
performance limit of RPC.
Suppose image X is a zero-mean, wide-sense stationary Gaussian source, with an
isotropic autocorrelation function
rxx  d    x2 exp  0 d



(4.6)

where x is the standard deviation of X, 0 is a constant, and |d| represents the Euclidean
distance between any pair of pixels. In the following, we also use

 = exp(–0)

(4.7)

to represent the correlation between any two horizontally or vertically neighboring pixels
in the full resolution. Thus the correlation between any pair of pixels that are |d| pixels
away from each other is |d|.
The power spectrum density of X can be derived as
 xx ( ) 



20 x2
2
0

 T 

3/ 2

(4.8)

where  is the vector of spatial frequency (in radius). At high rates, the optimum encoder
reaches the R-D bound:
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Ropt ( D ) 

1
8



2



    log




2

 xx ( )
d
D

(4.9)

where D is the distortion level (suppose D is small).
On the other hand, if the decoder does not exploit any source dependency of X, the
memoryless encoding has the R-D function

 x2
1
.
Rml ( D )  log 2
2
D

(4.10)

In RPC, the rate saving actually comes from the inter sub-image interpolation,
because the variance of the residual is expected to be smaller than the original signal.
According to the linear prediction theory [49], the optimum prediction produces the
residual variance as



E  s  sˆ 

2

 

2
x

 rstT R tt1rst

(4.11)

where t is the vector of (known) neighbors, Rtt = E{ttT}, rst = E{stT}. In different
sub-images, we can estimate the element values of Rtt and rst from Figure 4.5. Therefore,
through some simple calculation, we can get the variances of the interpolation residuals
in level n as:
2
2
2
 rpc (01n )   rpc (10n )  F  2n  1  x
,

2
 rpc
(11n )  F  2n   x2


(4.12)

where the facilitating function F(k) is defined as
F (k ) 

1  2
1  2

2

k

2

 3
k



2
2

k 1

k 1

.

(4.13)

The overall R-D function for the proposed scheme can be derived by summing-up
the bit rates in all sub-images:
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1
Rrpc ( D)   2 n
n 1 2

2
 rpc
(ijn )
1
log 2

D
( i , j ){(0,1)(1,0),(1,1)} 2

2  1
1
 log 2 x   k log 2 F  k 
2
D k 1 2

.

(4.14)

Here the weighting factor 1/22n accounts for the fact that the number of pixels in each
sub-images in level n is 1/22n of the full-scale image, and we assume there are infinite
resolution levels.
Since in memoryless coding, the source dependency is not exploited, the image
pixels are encoded as i.i.d.; while in optimum coding and in RPC, the source dependency
is fully or partially exploited. Thus both optimum coding and RPC will provide some rate
saving over memoryless coding. From (4.9), (4.10) and (4.14) we obtain the rate saving
over the memoryless coding by using RPC


1
log 2 F  k 
k
k 1 2

Rrpc  Rrpc ( D )  Rml ( D )  

(4.15)

and by using optimum coding

Ropt  Ropt ( D)  Rml ( D) 

1
8

2









    log

2



2
0

20

 
T

3/ 2

d .

(4.16)

We can see that both ΔRopt and ΔRrpc are functions of  (or equivalently, functions of

0). In Figure 4.7 ΔRopt and ΔRrpc are compared with respect to different  values. We can
see that both of them become more significant when  increases, and the gap between
RPC and the optimum coder is almost a constant at 0.43 bpp for a large range of  values.
For natural images, the correlation between neighboring pixels is usually high. In Table
4.1, the  values are estimated for “Baboon”, “Lena”, “Peppers”, “Boats” and “Goldhill”.
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We can see that  typically ranges from 0.8 to 0.99. In this case, the proposed scheme
saves 1.0 to 3.2 bpp over memoryless coding, which is as much as 70% to 90% of what
the optimal conventional encoder can do. This suggests the inter sub-image interpolator

Rate saving over memoryless coding (bpp)

can effectively remove the pixel redundancy.
0

 Rrpc

-1

 Ropt
-2

-3

-4
0.8

0.9
0.95
Correlaton between neighboring pixels

0.99

Figure 4.7. Comparison of ΔRopt and ΔRrpc.

 value

Baboon
0.81

Lena
0.97

Peppers
0.98

Boats
0.97

Goldhill
0.99

Table 4.1. Correlation between neighboring pixels, where  is calculated as  = (x+y)/2,
with x and y being the horizontal and vertical pixel correlation, respectively.

It is also observed that on the right hand side of (4.15), the terms to be summed up
decrease quickly with respect to k, even for very high  values. This suggests we only
need a few resolution levels to saturate the decomposition gain. For most images, a 3- or
4-level decomposition is sufficient.
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More over, the result in (4.12) helps the design of our channel estimating module. If
the wide-sense stationary model is assumed, the scaling factor for estimating  s2sˆ should
be F(2n)/F(2n+2) for the 11n sub-image, or be F(2n–1)/F(2n+1) for the 10n and the 01n
sub-images. Numerical results show that F(k)/F(k+2) typically ranges from 0.5 to 1,
depending on the  value. So we adopt 0.75 as the scaling factor. More sophisticated
modeling might further improve the coding performance.

4.2.5 Simulation results

The images listed in Table 4.1 are used for testing. The encoder decomposes each
encrypted image into 4 resolution levels. The sub-images in the lowest-resolution level
are sent without compression. But the decoder still performs inter sub-image interpolation
on them. The results will be used to estimate the p.d.f. of the pixels in the next level. For
the other sub-images, we transmit the four least significant bit-planes (LSB) as raw bits,
because there is not much gain to employ SWC on them. The four LSBs are sent prior to
the MSBs, such that the decoder can have better knowledge about the pixels before
starting decoding the MSBs. The four MSBs, on the other hand, are Slepian-Wolf
encoded using rate-compatible punctured turbo codes [91] in a bit-plane based fashion.
The sending rate of each Slepian-Wolf coded bit-plane is determined by the decoder’s
feedback.
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(bpp)
MED
GAP
CAI

Baboon
6.28
6.22
6.25

Lena
4.90
4.75
4.68

Peppers
4.95
4.78
4.60

Boats
4.31
4.29
4.36

Goldhill
4.72
4.70
4.75

average
5.03
4.95
4.93

Table 4.2. Comparison of the residual entropy among MED, GAP and CAI

Firstly, we focus on the performance of the inter sub-image interpolation. The
Shannon entropy of the residual is used as the criterion, and the results of MED, GAP and
CAI are listed in Table 4.2. For CAI, what we are interested in is the conditional entropy

H  s sˆ  . However, we will calculate H  s   sˆ  as an upper bound, where [·] denotes
rounding to the nearest integer. From Table 3.2 we can see that CAI provides similar or
better performance than MED and GAP.

CALIC
RPCG
RPCL

Baboon
5.88
6.65
6.55

Lena
4.48
5.05
4.88

Peppers
4.42
5.05
4.85

Boats
3.83
4.91
4.74

Goldhill
4.39
5.10
4.99

average
4.60
5.35
5.20

Table 4.3. Comparison of the compression performance among CALIC,
resolution-progressive compression using globally estimated variance (RPCG) and using
locally estimated variance (RPCL).

Secondly, let’s study the coding performance of the resolution-progressive
compression (RPC) scheme. In RPCL, we estimate the local variance of prediction
residual using the method described in Section 4.2. In RPCG, we assume the decoder
knows the global variance of the prediction residual in each subband (although this is
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practically not possible). The results are shown in Table 4.3, from which we can see,
RPCL outperforms RPCG by 0.1 to 0.2 bpp. This means localized channel estimation is
more effective than a global one, and this localization is enabled by the resolution
progressive compression.

Data Rate (bpp)

1
Rate of the Actual Coder

0.8

Entropy

0.6
0.4
0.2
0

1

2

3

4
5
Bitplane Index

6

7

8

Figure 4.8. Coding result for the “Lena” image. Entropy is calculated from the LSB to the
MSB.

There is no numerical results reported in [92] for grayscale images. The authors just
mention that only the first two MSBs are compressible. As a comparison, the average
code length for each bit-plane (across different sub-images) for “Lena” is plotted in
Figure 4.8. Significant compression is observed in the first 4 MSBs, which is superior to
the result reported in [92]. In Figure 4.8, the entropy for each bit-plane is also plotted.
The difference between the entropy and the actual coding rate is the source coding loss,
which is summed up to 0.29 bpp for the Lena image.
For comparison purpose, we also list the actual coding rate of CALIC, a very good
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conventional lossless image codec. The gap between RPCL and CALIC is 0.60 bpp on
average, which consists of both the source coding loss (0.31 bpp on average) and the
image coding loss. The image coding loss is due to that the codec is still not able to
remove the redundancy as efficiently as CALIC. For example, CALIC uses bias
cancellation and run length coding to further deal with the redundancy among the
prediction residual. These techniques can not be directly applied to our scheme.

4.3

Compression of Encrypted Videos

To compress a video signal, the source dependency needs to be exploited both in the
temporal domain and the spatial domain. In the previous section, we have discussed how
to exploit the spatial domain redundancy at the decoder side. In this section, we will
further exploit the temporal domain redundancy in an integrated framework.

4.3.1 System description

We still use stream cipher to encrypt the video, and employ resolution progressive
compression. Each frame is encoded independently using the method described in 3.2.1
for still images. In fact, there is not much difference here from the system used in Chapter
3, if we treat the downsampling operation as equivalent to performing a 2-D analysis
filter bank on a frame, with H0(z)=1, H1(z)=z. (The corresponding synthesis filter bank is
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G0(z)=1, H1(z)=z–1.)
At the decoder side, multi-resolution motion refinement (MRMR) is used to exploit
the temporal domain redundancy. The motion compensated prediction (MCP) is treated
as the temporal SI (SIs). In the meantime, the intra-frame interpolation result is treated as
the spatial SI (SIt). The overall prediction is the linear combination of them:
SI =   SIt + (1 – )  SIs

(4.17)

and the weighting factor  is chosen to be



MSEs
MSEs  MSEt

(4.18)

where MSEs and MSEt are the spatial and temporal mean square error in the co-located
block of the reference frame.
The frames are supposed to be encoded in an “IIPPPP…” structure. That is, except
for the first two frames, all others will use previously decoded frames as references; the
first two frames are encoded in the intra mode, but MCP is still performed for the second
frame for the decoder to learn the source statistics.

4.3.2 Performance analysis

According to [37], the PSD relationship between the original signal s and the MCP
residual e is
 ee     ss   1  exp   T  2d   .
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(4.19)

Details about (4.19) can be found in Section 3.2.
In our algorithm, ME is based on the 00n sub-image, while MCP is performed for the
01n, 10n and 11n sub-images. If block matching motion search is employed for ME,
according to our analysis in Chapter 3, the variance of motion errors will be

 2d  n   2n kB d2 .

(4.20)

where k = 0.005 for CIF sequences, B is the block size used for matching, and  d2
denotes the motion intensity with respect to the reference frame (see Chapter 3 for more
details).
On the other hand, for the 01n, 10n and 11n sub-images, the autocorrelation functions
can still be characterized using (4.6), by just replacing 0 with 2n0. Therefore, the PSD
for the three sub-images is
 ss   

2 n 10 x2

 22n 02   T  

3/ 2

.

(4.21)

Substituting (4.20) and (4.21) into (4.19), and according to Parseval’s relation, we
derive the variance of the prediction residuals in level n as

 e2  n  

1
4

2











2

2n 10 x2
2n

  
2
0

T

3/ 2

1  exp   T   2n kB d2   d  .



(4.22)

The overall rate for inter-frame predicted RPC is

 e2 (n)
3 1
log

2
2n
2
D
n 1 2


Rrpc inter ( D)  
where

(4.23)

3
accounts for the ratio of pixel number in the n-th level with respect to the
22 n

whole frame.
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In Figure 4.9, we plot the rate saving performance of inter-frame RPC over
memoryless coding. For comparison purpose, results for intra-frame RPC and optimum
intra coding are also plotted. We have assumed k = 0.005 and B = 4, and let  d2 take
values from {1, 2, 4, 8}. We can see from the figure that the performance of inter-frame
RPC is critically related to the motion intensity. Whenever  d2 doubles, the rate saving
is roughly reduced by 0.5 bpp.

Rate saving over memoryless coding (bpp)

-0.5
RPC-intra
OPT-intra

-1

RPC-inter,  2d=1
RPC-inter,  2d=2
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RPC-inter,  2d=4
RPC-inter,  2d=8

-2

-2.5

-3

-3.5
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Correlaton between neighboring pixels

0.99

Figure 4.9. Rate saving performance of inter- or intra-frame RPC over memoryless
coding.

When compared to intra-frame coding, RPC-inter is better for frames with smaller
inter-pixel correlation. That is because RPC-inter does not further exploit the spatial
redundancy among the prediction residual, while the corresponding rate loss becomes
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more significant if the original pixels are highly correlated in the spatial domain.
For low-motion sequences, RPC-inter outperforms RPC-intra a lot; for medium
motion sequences, RPC-inter and RPC-intra perform similarly; while for high motion
sequences, RPC-inter is less efficient than RPC-intra. So we have integrated the spatial
and temporal prediction in (4.17). We call it RPC-hybrid.

4.3.3 Simulation results

We test three CIF sequences: Foreman, Football and FlowerGarden, each of which is
at 30 fps. In Table 3.4, we have shown the results of RPC-intra, RPC-inter and
RPC-hybrid, and compare them to Berkeley’s result in [92].

(bpp)
Berkeley’s
RPC-intra
RPC-inter
RPC-hybrid

Foreman
5.36
4.80
4.46
4.15

Football
7.43
5.73
6.07
5.35

FlowerGarden
6.59
6.12
5.19
5.09

average
6.46
5.55
5.24
4.86

Table 4.4. Comparison of the compression performance among Berkeley’s approach in
[92], resolution-progressive compression using spatial prediction only (RPC-intra), using
temporal prediction only (RPC-inter) and using hybrid prediction (RPC-hybrid).

From Table 4.4 we can see that the RPC approach achieves much better results than
Berkeley’s approach. Even if we do not exploit any temporal domain dependency,
RPC-intra saves about 0.9 bpp more. RPC-inter generally outperforms RPC-intra, except
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for sequences with very irregular motion such as Football. The integration of the spatial
and temporal SI further improves the compression efficiency. RPC-hybrid achieves 1.6
bpp more saving over Berkeley’s results on average.

4.4

Conclusions

Compression of encrypted sources is another application of DSC. For compression
of encrypted real-world sources such as images or videos, efficient exploration of the
source dependency is the key to improve the coding performance. Conventional
approaches that exploit Markov properties in the SWC decoder do not work well for
encrypted grayscale images and videos. We propose resolution progressive compression
for this problem, which has been shown to have much better coding efficiency and less
computational complexity than existing approaches. The success of RPC is based on
enabling partial access to the current source at the decoder side and improving the
decoder’s learning of the source statistics. Our approach can also be extended to
low-complexity pixel-domain DVC without considering encryption, where the DVC
encoder does not exploit any spatial/temporal dependency of the video signal. Future
research involves improving spatial/temporal prediction (for example, incorporating
extensive motion exploration is an effective way to improve the temporal prediction) and
better modeling of the virtual channel between the SI and true pixel values.
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Chapter 5

Power-optimized Rate-allocation for Slepian-Wolf
Coding over Wireless Sensor Networks
5.1

Introduction

We have mentioned that power consumption is the most concerned issue in the
designing of communication systems over a WSN. For multi-terminal data aggregation in
a WSN, we are interested in power-aware DSC, because the data gathered by the sensor
nodes are typically highly correlated, and the “simple encoding, complex decoding”
principle of DSC is very suitable for WSNs.
To minimize the power consumption in transmitting the encoded bits and maximize
the operational lifetime of the battery-powered sensor nodes, careful rate-allocation (RA)
is needed among the sources. In [27], separable cost functions with the linear and the
exponential cost models are considered, and the RA problem is solved for the linear
model. However, in wireless communications, the exponential model is more appropriate
as suggested by Shannon’s channel capacity formula. Solution for the exponential cost
model has only been given for the two-source case in [27]. In this chapter, we address the
problem for a general N-source case and propose a fast algorithm to search for the
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optimal rate point recursively. Compared to the exhaustive search approach, the proposed
scheme reduces the computational complexity significantly.
The rest of the chapter is organized as follows. The power-efficient RA problem is
formulated in Section 5.2. A water-filling model is established, based on which a fast RA
algorithm is proposed with its feasibility and optimality proved in Section 5.3. Simulation
results are shown in Section 5.5 and conclusions are drawn in Section 5.4.

5.2

Problem Formulation

Let’s consider a set of discrete-time sources X1, …, XN, each of which is independent
and identically distributed (i.i.d.) over time, takes values from a discrete alphabet and has
a finite entropy. The sources are encoded separately in N different source nodes at rates
R1, …, RN, respectively. The encoded bits are transmitted over a WSN to a sink node,

where joint decoding is performed. Lossless reconstruction10 is possible if and only if the
rate point (R1, …, RN) lies in the Slepian-Wolf region defined by [26]:





R     H X    X   c  ,   I N

(5.1)

where R      k Rk , X      X k : k   , IN = {1, …, N}, and Φc denotes the
complementary set of Φ (with the universal set being IN).
As mentioned above, one of the most essential cost metric in a WSN is the power

10

It is worth noting that practical SWC schemes based on channel coding are not strictly lossless. It only means the
decoding error probability can be arbitrarily small. However, we will use “lossless” in this chapter for simplicity.
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consumption. During the transmission, power consumption is needed not only at the
source nodes but also at the intermediate nodes (see Figure 5.1). We are interested in
minimizing the overall cost of the entire WSN.

Figure 5.1. Illustration of data gathering in a wireless sensor network. In this scenario the
shaded area denotes the region of interest. The gray nodes are sources nodes that sense
data from the region. The data might be temperature, moisture, pressure or surveillance
video gathered from the region. The data is to be transmitted through some intermediate
nodes (white ones) to the sink node (the black one). Note some source nodes can also
serve as intermediate nodes. During the transmission, power is needed for both source
nodes and the intermediate nodes. We are interested in minimizing the overall power
consumption of the network.

In this chapter, we assume the encoded bits are transmitted over a packet switching
network using unicast, and packets are routed along the shortest path. That is, a data flow
is formed between each sensor and the sink. We also assume that the transmissions of
different data flows do not interact with each other. For example, two packets arriving at
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an intermediate node are neither assembled together, nor subject to any data processing
such as network coding. This is typically the case in WSNs as the sensor nodes are not
designed to be so powerful in functionality. In this scenario, the cost function can be
modeled as the sum of costs to communicate between the sensors and the sink
C   k 1 ck  Rk 
N

(5.2)

where ck is a topology-dependent cost function for the k-th data flow. It is non-negative
and non-decreasing in general.
A good model for the cost functions is established in [27] and summarized as
follows. Let wk>0 be the weighting factor (which, e.g., may reflect the noise level or the
fading factor of a wireless link) assigned to the shortest path from Xk to the receiver, then
the multiple cost functions are unified in the form of

ck  R   wk  c  R  , k  I N

(5.3)

where c(·) depends only on the rate value. Two typical examples for c(R) are the linear
cost model with c(R) = R for wired networks, and the exponential model with c(R) =
exp(R) for wireless networks. With the linear cost model, the min-cost rate point can be
easily found and the result is presented in [27]. However, with the exponential cost model,
which is more typical in WSNs, the problem has not been completely solved and will be
addressed in this chapter. The problem is formulated as: given the Slepian-Wolf region
defined in (5.1), find the rate point R* in the Slepian-Wolf region that minimizes the
overall cost of the WSN:
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C   k 1 wk  exp  Rk 
N

(5.4)

A better illustration of the model is shown in Figure 5.2
1
2

3

 data flow from source 1
 data flow from source 2
 data flow from source 3

Sink

Figure 5.2. Modeling the power consumption of a WSN. Suppose that one data flow is
formed for each source. Each data flow is transmitted along the shortest path. For each
single link in the data flow, we have the Shannon theorem R 


P 
1
log  1  S  , where R
PN 
2


is the data rate, PS is the transmission power, and PN is the noise power. Then we
approximately have PS = PN  exp(R). For the entire data flow, the total power
consumption is PS = (PN1 + PN2 +… )  exp(R) = wexp(R), where w is the weight of the
shortest path. Then the overall power consumption of the network is the summation of all
data flows, which leads to (5.4).

When N = 2, a closed-form solution is given in [27] using Lagrangian multipliers.
Note that the approach in [27] searches the problem space exhaustively. When it comes to
the more general case of N sources, the computational complexity increases rapidly (see
the beginning of Section 5.3 for more detailed discussions). On the other hand, for many
optimization problems, it is a common practice to develop greedy algorithms, which
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might be much more efficient. In the next section, a greedy approach is proposed to find
the min-cost point in a recursive manner, based on a novel water-filling model.

5.3

Low-complexity Rate-allocation

The Slepian-Wolf region defined in (5.1) is the intersection of multiple half-spaces,
therefore it is convex (not strictly). On the other hand, (5.4) defines a strictly-concave
surface. Thus there is one and only one min-cost rate point R* in the Slepian-Wolf region,
and R* must lie on the boundary the Slepian-Wolf region. That is, R* must satisfy at least
one of the equalities in (5.1). The main idea of the proposed algorithm is summarized as
follows. According to Corollary 1 presented in Subsection 5.3.1, the equality R(IN) =
H(X(IN)) must hold for R*. If none of the other equalities in (5.1) holds for R*, it is
straightforward to apply Lagrangian multipliers and the complexity is low. However, that
is not always the case: R* might satisfy some other equalities in (5.1). If this happens, R*
can be achieved by first applying SWC to a subset of the sources independent of others,
then using them as side information to decode other sources. In other words, we can treat
the N-source RA problem recursively and reduce the number of sources in each recursion.
Now the problem is how to find a suitable subset of the sources while still being able to
achieve the minimum cost.
If the receiver does not know how to choose the suitable subset to reduce the
problem, it might have to traverse every non-empty subset Φ of IN, perform the
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Lagrangian on X(Φ), solve the sub-problem of RA for the rest (N–||Φ||) sources X(Φc)
(||Φ|| denotes the cardinality of Φ), combines the result and checks if it satisfies (5.1).
Denote the complexity of this approach for n sources as F(n). It is straightforward to
derive the recurrence
F  n     F  n      k 1 C nk F  n  k  ,
n

(5.5)

using F(0) = F(1) = 1 as the initial condition. The first few F(n) values are given in Table
5.1. We can see that F(n) grows rapidly as n increases. A conservative estimate of F(n) is
F(n) > nF(n–1) for n  2. Thus we conclude F(n) grows as Ω(n!) – an unacceptable
complexity in most applications.
n
1
2
3
4
5

F(n)
1
3
13
75
541

n
6
7
8
9
10

F(n)
4,683
47,293
545,835
7,087,261
102,247,563

Table 5.1. Complexity growth of the exhaustive search

In the following we will present a fast yet optimal algorithm which makes greedy
choices in each recursion to reduce the problem. A water-filling model is introduced for
this purpose.

- 107 -

5.3.1 Water-filling model for power-efficient rate-allocation

Water-filling models have been used in conventional source coding of multiple
correlated sources [18]. Extensions and modifications are needed to fit the model for our
problem.
We use N tubes to represent the rate space of the N sources. We also introduce
another (2N–1–N) virtual tubes, each of which holds the sum of the rates of a certain
subset of sources. The total 2N–1 tubes represent the 2N–1 inequalities in (5.1). Now we
can symbolize each tube by using a subset Φ of IN, and a lower bound on rate is marked
at tube Φ as in (5.1). Besides this lower bound, an upper bound is also defined for tube Φ
as
R(Φ) ≤ H(X(Φ)).

(5.6)

If the amount of water in a tube is less than the lower bound, we say there is an
underflow; on the other hand if the amount of water in a tube is more than the upper
bound, there is an overflow; when the amount of water equals the lower/upper bound, we
say the tube is about to be underflowed/overflowed. A rate point is inside the
Slepian-Wolf region if and only if none of the tubes is underflowed.
With the above water-filling model defined, we have the following proposition:
Proposition 1: if a rate point is inside the Slepian-Wolf region, and two tubes Φ1 and
Φ2 are about to be underflowed simultaneously, then the two tubes Φ1ÇΦ2 and Φ1ÈΦ2 are
both about to be underflowed.
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Proof: By definition we have









R   1   H X   1  | X   1c  , R   2   H X   2  | X   c2  .

(5.7)

On the other hand, we also have
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(5.8)

2

2

1

c
2

 R  1   R   2 

where in the third line, the inequality is because none of the tubes is underflowed, in the
fourth line, the equality is from the chain rule of conditional entropy (where “\” denotes
the set difference), in the sixth line, the equality is from (5.7), and in the last line, the
inequality is because (Φ1ÈΦ2)c  (Φ1)c (also from the chain rule of conditional entropy).
Based on (5.8), we conclude that the equality always holds in the second line of
(5.8). This only happens when Φ1ÇΦ2 and Φ1ÈΦ2 are both about to be underflowed.
Proposition 1 holds for any rate point in the Slepian-Wolf region. Now we switch the
discussion to the min-cost rate point R*. For R*, we can find all the tubes that are about to
be underflowed and derive the union of them, denoted as Φu. If Φu ≠ IN, we can always
find a source from X(IN\Φu) (so that none of the tubes containing this source is about to be
underflowed), decrease its bitrate by a small amount and still keep the rate point inside
the Slepian-Wolf region, however the overall cost in (5.4) is reduced. Hence the
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following two corollaries are in place:
Corollary 1: The min-cost point R* must have R(IN) = H(X(IN)).
Proof: As shown above. Note that in this case, the tube IN is about to be underflowed,
and also about to be overflowed.
Corollary 2: The min-cost point R* must have none of its tubes overflowed.
Proof: If a tube is overflowed, according to Corollary 1, its complementary tube is
underflowed, meaning that R* is out of the Slepian-Wolf region.
Then the dual of Proposition 1 is stated as:
Proposition 2: If R* is the min-cost rate point, and there are two tubes Φ1 and Φ2 that
are about to be overflowed simultaneously, then the tubes Φ1ÇΦ2 and Φ1ÈΦ2 are both
about to be overflowed.
Proof: Similar to that of Proposition 1.

5.3.2 Greedy rate-allocation algorithm

Now that we have established a water-filling model, we are in a position to describe
a greedy RA algorithm based on this model. The algorithm will be performed by the
receiver node which is assumed to be less constrained by power than the source sensor
nodes, and the results of the optimal rate allocation will be fed back to each source node
for compression.
According to Corollary 1, the total amount of water (rate budget) is R(IN) = H(X(IN)).
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We fill the water into the tubes as if the bit-rates are allocated. It is desirable that when
the water is completely filled into the tubes, the obtained rate point is in the Slepian-Wolf
region with the minimum possible cost.
Supposedly, at some point, we have allocated Ri to Xi and Rj to Xj. To increase one of
them by an arbitrarily small amount of bit-rate ΔR, one might introduce a cost increment
of wiexp(Ri)ΔR or wjexp(Rj)ΔR, respectively. The allocation scheme should pick the
smaller of them, until the cost increments being the same, i.e., when the following
relationship holds:
lnwi + Ri = lnwj + Rj.

(5.9)

After that, Ri and Rj should be increased evenly until some tube is about to be
overflowed.
So the algorithm shall pre-fill the tubes to –lnw1, …, –lnwN, respectively (without
loss of generality, suppose none of the tubes is overflowed at this time). After that we still
have H  X  I N     k 1 ln wk rate budget in hand. Then we start to fill all the “real”
N

tubes evenly, and we also keep a close watch on both the real and the virtual tubes. The
filling continues until an overflow is about to occur in a tube Φ0 (Φ0 can always be found
because eventually the upper bound of IN will be reached). Now we can separate the
N-source SWC into two phases: X(Φ0) are encoded and decoded among themselves first,
and then used as side information to decode others (others are encoded as if they knew
X(Φ0)). This essentially reduces the problem to an (N – ||Φ0||)-source case. The algorithm
can be executed recursively until finally all the sources are coded.
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Before we present the algorithm in a more rigorous way, a function η is defined as

   , 1  

H  X    X  1     j ln w j


(5.10)

for any Φ≠, Φ∩Φ1= ( denotes the empty set). Here Φ1 represents the set of
sources that are decoded in advance and used as side information for others. In the
right-hand side of (5.10), the numerator represents the remaining capacity of tube Φ, and
the denominator is the speed of filling water into tube Φ (assuming unit speed in filling
water to each of the real tubes). So η(Φ, Φ1) has the physical meaning: with Φ1 as the side
information, the time needed to overflow Φ. We would pick the Φ with the minimum η
value in each recursion. Note that this is why the algorithm is “greedy”: we make the
choice seemingly the best at the moment without looking ahead into any sub-problems
generated by picking other Φs.
The algorithm is summarized formally as follows:
1) Let n = N, Φ1 = .
2) Calculate the 2n – 1 entropy values H[X(Φ)|X(Φ1)], where Φ is any non-empty
subset of IN\Φ1.
3) Find Φ with the minimum η(Φ, Φ1), denote it as Φ0. Ties are broken arbitrarily.
4) Set Rk = η(Φ0, Φ1) – lnwk to each Xk for all kΦ0.
5) Set n  n–||Φ0||, Φ1  Φ1ÈΦ0. If n = 0, end the program; otherwise go to 2) and
continue.
In this algorithm, each recursion runs at most O(2n) time. In the worst case the size
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of n is reduced by 1 every time. That gives us a maximum overall complexity of O(2N +
2N–1 + … + 21) = O(2N), which is in the same order of the problem input (we need (2N–1)
arguments to specify an N-source Slepian-Wolf region). Compared to the Ω(N!)
complexity of using exhaustive search, it is a huge saving.

5.3.3 Proof of feasibility

We first show that the algorithm is feasible. That is, by running the algorithm, we
eventually come up with a rate point that is inside the Slepian-Wolf region. For this
purpose, we will show that at each recursion, the selected sources X(Φ0) can be
Slepian-Wolf coded using the allocated rates. Or equivalently, we should have:



R     H X    X   0 \    X  1 



(5.11)

for any Φ  Φ0, Φ0 ∩ Φ1 = .
Eq. (5.11) is adapted from (5.1), with X(Φ1) as the side information. When Φ = Φ0, it
is easy to verify that the equality in (5.11) holds; when Φ ≠ Φ0, we have the following
inequality:
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R      k Rk       0 , 1    k ln wk

  0     0 , 1     0        0 , 1    k ln wk

 H  X   0  X  1     j \  ln w j    0        0 , 1 
0
 H  X   0  X  1     j \  ln w j    0        0 \  , 1 
0

(5.12)

 H  X   0  X  1    H  X   0 \   X  1  



 H X    X   0 \    X  1 



where in the fourth line of (5.12), the inequality is because Φ is a subset of Φ0 and Φ0 is
the set with the minimum η value in the current recursion (hence ||Φ|| ≤ ||Φ0|| and η(Φ0, Φ1)
≤ η(Φ0\Φ, Φ1)).
Then, the following theorem holds.
Theorem 1 (feasibility): The greedy RA algorithm ends up with a rate point inside
the Slepian-Wolf region.
Proof: Immediately from (5.11).

5.3.4 Proof of optimality

Now we will prove the rate point found by the proposed algorithm is actually the
min-cost point R*. For the sake of brevity and without loss of generality, we assume
w1=w2=…=wN=1 in this subsection. First we prove the following proposition:
Proposition 3: The min-cost point R* must have each of its component rates Rk ≥ η*,
where
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 *  min

H  X  

IN
 



.

(5.13)

Proof: If this is not true, without loss of generality, let R1 ≤ …≤ RM < η* ≤ RM+1 ≤ …
≤ RN, where 1 ≤ M < N (the case M=N is ignored because otherwise the tube IN is
underflowed and R* is outside the Slepian-Wolf region).
Now let’s consider the component rate RM+1. If we can reduce RM+1 by an arbitrarily
small amount while still keeping the rate point inside the Slepian-Wolf region, then R*
cannot be the min-cost point. So some tube(s) containing XM+1 is about to be underflowed.
Let ΦM+1 be the intersection of all those tubes. We have the following observations about
ΦM+1:
1) (M+1)ΦM+1.
2) ΦM+1 is about to be underflowed (Proposition 1).
3) ΦM+1ÇIM = , where IM = {1, …, M}. Otherwise, for example, if 1ΦM+1, let’s
consider replacing the pair (R1, RM+1) with (R1+ΔR, RM+1–ΔR), where ΔR is an
arbitrarily small positive number. This operation still keeps the rate point inside
the Slepian-Wolf region11, but the overall cost is decreased according to the
Jensen’s inequality (see (5.14)). This contradicts that R* is the min-cost point. So
none of the sources in IM is in ΦM+1.
exp(R1)+exp(RM+1) > exp(R1+ΔR)+exp(RM+1–ΔR).

(5.14)

In the same way we define ΦM+2, …, ΦN. Now we consider the union of them: Φ =
11

Increasing R1 does not affect any inequality in (5.1); and decreasing RM+1 may cause an about-to-underflow tube to
be actually underflowed, but those tubes all contain R1, so the amount of water of each of those tubes is not changed.
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ΦM+1È…ÈΦN. Firstly, ΦÇIM =  because none of ΦM+1,…,ΦN has a non-empty
intersection with IM; secondly, {M+1, …, N}  Φ because (M+1)ΦM+1, etc. Combining
the above two points we conclude that
Φ = {M+1, …, N}.

(5.15)

According to Proposition 1, Φ is about to be underflowed, so its complementary, Φc
= IM, is about to be overflowed. Thus
M *  R  I M   H  X  I M   I M  *  M *

(5.16)

where the first inequality is because R1 ≤ …≤ RM < η*, the first equality is because IM (or
Φc) is about to be overflowed, and the second inequality is from (5.13). Now we can see
the contradiction, by which Proposition 3 is proved.
Now the optimality of our algorithm is stated in the following Theorem:
Theorem 2 (optimality): The greedy RA algorithm results in the min-cost rate point
R*.
Proof: This can be proved by mathematical induction. If there is only one source, the
statement is trivially true. If we assume that it is true for arbitrary n sources where 1 ≤ n <
N, then for the N-source case, suppose the min-cost rate point is R *   R1* ,  , RN*  , and
the rate point found by the greedy algorithm is R    R1,  , RN  .
In the greedy algorithm, the first tube to be overflowed, Φ0, achieves the minimum
in (5.13). At this time, for any k  Φ0, we have Rk  H  X   0    0   * .
The optimal rate point R* must have each of the component rates Rk*   *
(Proposition 3). On the other hand, according to Corollary 2, this point should also satisfy
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k  0

Rk*  H  X   0     0  * . Consequently, R* must have Rk = η, for any k  Φ0,

which is the same as the result in the greedy algorithm.
Now X(Φ0) can be Slepian-Wolf coded by themselves. After that the problem is
reduced to an (N – ||Φ0||)-source case. According the induction hypothesis, the greedy
algorithm is able to find the optimal rate point for the rest (N – ||Φ0||) sources X(IN\Φ0).
On the other hand, the corresponding (N – ||Φ0||) component rates of R* also forms a point
in the Slepian-Wolf-region for X(IN\Φ0) (given the coded X(Φ0) as side information),
hence



we

k I N



have

k  c0

 

exp  Rk    k c exp Rk*
0

and

accordingly,

 

exp  Rk    kI exp Rk* . Since R* is the only min-cost rate point (see the
N

Section 5.3), we safely conclude that R' = R*.

5.4

Simulation

Let Y = [Y1, …, YN]T be N jointly Gaussian sources, with zero-mean and the
covariance matrix Cov. Then its joint p.d.f. is written as
fY  y  

 1

exp   y T Cov 1 y 
 2

det  Cov 
1

 2 

N

(5.17)

where y = [y1, …, yN]T is any instance of Y, and det() denotes the determinant of a matrix.
Suppose discrete sources X = [X1, …, XN]T is generated by performing uniform scalar
quantization on Y with a small step size . According to the results in [26], we have
H  X      h  X       log 2 
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(5.18)

where h() denotes the differential entropy. For jointly Gaussian sources,
1

h  X      log 2  2 e  det  Cov     


2

(5.19)

where Cov() denotes covariance matrix of X(). Hence the right hand side of (5.1) can
be calculated as







H X   X c   H  X   H X  c 







 h  X   h X   c    log 2 

det  X 
1

 log 2   2 e 
2

det X   c 






.

(5.20)


   log 2 



(b)

(a)

Figure 5.3. (a) The SW rate region of 3 sources. The white hexagon is the minimum
sum-of-rate plane; and (b) the hexagon is projected to the R1R2 plane, with the cost
contours illustrated. The min-cost rate-point is marked with a circle.

We now illustrate the algorithm using a toy example. Let the covariance matrix be:
 1 0.9 0.9 
Cov   0.9 1 0.9  .
 0.9 0.9 1 
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(5.21)

and the quantization step size is 0.1. The test set contains 106 samples. The path weights
are assumed to be w1 = 1, w2 = exp(1) and w3 = exp(2).
We calculate the entropies / conditional entropies using (5.20). Then the 3-D SW
region is illustrated in Figure 5.3(a). We can see that the minimum sum-of-rate plane

R1+R2+R3 = H(X1X2X3) is a hexagon in the SW region. We are particularly interested in
the cost performance of the rate-points in the hexagon given Corollary 1. The hexagon is
projected to the R1R2 plane in Figure 5.3(b) (the rectangular region sliced by two oblique
lines). The cost
C  w1 exp  R1   w2 exp  R2   w3 exp  H ( X 1 X 2 X 3 )  R1  R2 

(5.22)

is densely sampled inside the region and the contour lines are drawn. The min-cost rate
point is found numerically at R1 = 5.27, R2 = 4.27 (and R3 = 3.96).
On the other hand, if we apply the water-filling algorithm, the tube (R1 + R2) is the
1st to be overflowed, then R1 = ( H(X1X2) + lnw1 + lnw2 ) / 2 – lnw1 = 5.27, R2 = ( H(X1X2)
+ lnw1 + lnw2 ) / 2 – lnw2 = 4.27 are found; the only remaining source X3 is coded at the
rate R3 = H(X3|X1X2) = 3.96. This result matches the numerical result and supports the
optimality of our algorithm.
At the optimal rate point, the cost is 7.76102. As a comparison, the mean cost
inside the hexagon is 1.08103. This means, instead of randomly picking a point in the
SW region with the minimum sum-of-rate constraint, working at the optimal rate point
achieves roughly 30% saving in power consumption on average.
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5.5

Conclusions

We consider the transmission of multiple Slepian-Wolf coded sources over a WSN.
The goal is to minimize the overall transmission power consumption of the entire
network. We show that this can be done through careful rate allocation according to the
sources statistics and the network topology. The optimum rate allocation algorithm, when
the cost metric is modeled as the weighted sum of exp(rate) of the multiple sources, is an
open problem in the literature.
For SWC of multiple sources, we can first organize a “coding chain” X(1)  X(2)
 …, and allocate rates among X(k) using Lagrangian, with X(1…k–1) being the

side information, without considering the rest of the sources. The difficulty is how to
arrange the coding chain to optimize the power efficiency. Exhaustive search leads to
unacceptable complexity. We have constructed a water-filling model for this problem, and
proposed a greedy, yet optimum algorithm based on the model. Significant reduction is
obtained in computational complexity. Future work will include jointly considering the
quantizer design and the rate-allocation to achieve the best cost-distortion tradeoff.
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Chapter 6

Conclusions and Future Works
Besides the fundamental rate-distortion tradeoff, there are a lot of other practical
constraints to be considered in designing real-world image/video compression codecs. In
recent years, with the growing popularity of wireless sensor networks, low-complexity
image/video encoding for up-link transmissions has drawn increasing research interests.
In this dissertation, we have studied the design of high-efficiency, low-cost and secure
multimedia communication systems [63]–[73][121][123]. Our researches have been
focused on facilitating the decoder’s learning of the source statistics to achieve better
coding efficiency and optimizing the power consumption of the system.

6.1

Summarization of the Contributions



Multi-resolution motion refinement for Wyner-Ziv video coding

The accuracy of motion estimation plays an important role in improving the coding
efficiency of Wyner-Ziv video coding. Most existing WZVC schemes perform ME at the
decoder. The unavailability of the current frame at the decoder side typically limits the
accuracy of ME, which results in the degradation of the coding efficiency of WZVC. To
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improve the accuracy of ME at the decoder, we propose to progressively decode the
current frame in the resolution dimension, and iteratively refine the motion learning
based on each partially-decoded frame.
In this dissertation, we presented an analytical model to estimate the potential gain
by employing multi-resolution motion refinement (MRMR). Our theoretical results show
that at high rates, WZVC with MRMR outperforms WZVC with motion extrapolation by
as much as 5 dB, while the gap between MRMR and conventional ME is only about 1.5
dB, if the same motion search method is used.
We also showed that MRMR can benefit from extensive motion exploration, without
spending any overhead bits to represent the motion field. We studied the performance of
MRMR with fractional-pel motion search, with smaller block sizes and with
multiple-hypothesis prediction. Our theoretical results show that the performance of
MRMR can be greatly enhanced by incorporating these advanced ME techniques. The
practical system we designed achieves prediction performance comparable to
H.264/AVC.



Slepian-Wolf compression of encrypted images and videos

Compression of encrypted data can be achieved by employing Slepian-Wolf coding.
However, how to efficiently exploit the source dependency in an encrypted image or
video remains a challenging issue. Previous works incorporate 2-D Markov models in the
SWC, which is not accurate enough for natural grayscale images; as a result, the
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compression performance is usually poor.
In this dissertation, we propose to compress encrypted images/videos progressively,
such that the decoder can observe a low-resolution version of the image or the current
frame, from which local statistics/motion information is learned and used for the
decoding of the next resolution level. Another benefit is that we do not have to exploit
Markovian properties in the SWC decoder, which greatly reduces the complexity. Our
real-world lossless codec has achieved significant coding efficiency improvements over
existing approaches for both images and videos.



Power-optimized rate allocation for SWC over wireless sensor networks.

Power consumption is one of the most critical concerns in communications over
wireless sensor networks. Depending on the network topology, the cost to transmit one
bit from one source node might be different from another. On the other hand, for multiple
correlated sources, to increase the coding rate for one source may reduce the necessary
rate(s) for other source(s). Thus it is possible to minimize the overall transmission power
consumption of the network through sophisticated rate allocation. However, fast
rate-allocation algorithms are only found in the literature for linear cost models. For
wireless communications, exponential cost models are more appropriate. In this case, an
exhaustive search based approach produces unacceptable complexity for optimum rate
allocation.
In this dissertation, we established a novel water-filling model for this rate allocation
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problem. Based on this model, we proposed a greedy rate allocation algorithm to search
for a rate point that allows lossless reconstruction of the sources, while minimizing the
power consumption of the entire network. The feasibility and optimality of the proposed
solution are mathematically proved. Compared to the exhaustive search based approach,
our algorithm dramatically reduces the computational complexity.

6.2

Future works

Future researches can be carried out from the following perspectives.


For WZVC with decoder-side ME, efforts shall be made to complete the design
and analysis of the rate-distortion models. The key is to estimate the motion
accuracy when the (partially reconstructed) current frame and the reference
frame(s) are in various forms, including the case that the partially reconstructed
frame is a low-quality version of the current frame, that the reference frame is
several frames away from the current frame, that the reference frame(s) is also a
corrupted version. Those are all typical scenarios in video communications over
error-prone channels. In particular, we are aiming at constructing a model to
estimate the motion accuracy using phase-based motion estimation [54], where
the partially reconstructed image is an arbitrary noisy version of the original one.
With this model, it is possible for the encoder to packetize the bit-stream in a
more efficient way in terms of decoder-side motion estimation accuracy. In
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other words, we can encode into the base or lower layer(s) the information that
is most critical for the motion learning at the decoder side. Thus we can
minimize the video coding loss, with almost no overhead in the bitstream. This
is a promising approach and is expected to achieve results not possibly
achievable by other ad hoc approaches.


Practical implementations of WZVC with progressive motion refinement will be
another important work. We need to incorporate the extensive motion
exploration into a practical WZVC codec. The key issue is to model the virtual
channel between the MCP results and the true pixel/coefficient values. This is
also important to compression of encrypted videos. We also plan to develop a
fine-grained scalable (FGS) DVC paradigm, where the video signal is
partitioned into a base layer and multiple enhancement layers, with the
enhancement layers WZ coded. This way, we keep the nice property of
conventional FGS coding, i.e., better error resiliency if information gets lost in
the enhancement layers, while the coding efficiency of the enhancement layers
is improved because inter-frame correlation can be exploited flexibly by the
decoder.



We also need to study power-efficient multi-terminal image/video compression.
The joint correlation of multiple frames needs to be modeled for the scenarios
where there is only the base layer information available. Another important
issue is the modeling of the cost function. In Chapter 4 we only consider the
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power consumption for communication/transmission, but sometimes the power
consumption for signal processing is not negligible. We plan to extend our
algorithm to fit in arbitrary cost model with potentially multiple-path
transmission. Even an approximated algorithm for these challenging problems
will be very helpful in practice.


The decoder-side learning approach can also benefit conventional source coding
paradigms. For example, in state-of-the-art video coding standards, the
overhead bits for motion/mode information occupy a large portion of the entire
bitstream, especially for low bit-rate encoding. If we enable (even very limited)
decoder-side learning in conventional video coding, the encoder will be able to
skip some overhead information that are already known by the decoder, and
save the overall bit-rate.

To conclude, we expect that our work will spur greater research efforts into
low-complexity image/video coding. We also hope the methods we developed for
decoder-side learning can also benefit conventional encoder-driven image/video codecs.
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