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ABSTRACT

Distributed coding problem poses the challenge of how to
shift the exploitation of the correlation structure of source
from encoder to decoder with minimal degradation on cod-
ing efficiency. In this paper, we propose a novel convex-
set theoretic framework for distributed coding of multispec-
tral images. Alternating projection based decoding algo-
rithms are developed to exploit the correlation among differ-
ent spectral channels at the centralized decoder. Both asym-
metric and symmetric protocols are studied and compared.
Experiment results have shown that the proposed symmetric
distributed coder only falls behind standard wavelet coders
(e.g., JPEG2000) by less than 2dB at the bit rate of 1-2bpp.

1. INTRODUCTION

Due to rapid development of sensor network technologies,
distributed source coding (DSC) has attracted much atten-
tion recently. Practical limitations in sensor networks (e.g.,
power and bandwidth) determine that each distributed sen-
sor has to employ a low-complexity encoding algorithm but
relies on a centralized node (base station) to collect and
jointly process the information at the decoder. The grand
challenge with DSC is how to intelligently shift the exploita-
tion of the correlation structure of the source from encoder
to decoder with minimal coding efficiency loss. Theoreti-
cal framework of DSC was first established by Slepian and
Wolf [1] in 1973 and then extended into lossy coding case
by Wyner and Ziv [2] in 1976. Only recently, several prac-
tical DSC algorithms for binary source whose performance
is close to the fundamental limit were proposed [10, 12, 13].

However, distributed coding problem for image source
is still largely open. Due to the curse of dimensionality, the
simplified assumption with correlated binary source does
not hold in the practice of image sensing systems. Exist-
ing approaches to distributed image coding (e.g., [9, 11])
indicate significant coding efficiency loss when compared
to the traditional image/video coding algorithms. It is un-
known whether theoretically appealing results of Slepian-

Wolf Theorem (or its counterpart in the lossy scenario: Wyner-

Ziv Theorem [2]) can be achieved for image source by any
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practical distributed coding algorithms.

In this paper, we address the importance of modeling the
correlation structure of image source for distributed coding.
There are primarily two types of correlation structure with
images acquired by a sensor network: photometric (sensors
are spatially aligned and capture the same scene at different
spectral channels or with varying lighting conditions) and
geometric (an array of sensors are placed around the scene
and images are related to each other through multi-view ge-
ometry). Both types of correlation structure are nontrivial
to model; relatively speaking, geometric correlation is more
difficult to exploit because of the geometric uncertainty (i.e.,
to establish the correspondence among images). Therefore,
we choose to focus on the former case and take distributed
coding of multispectral images as the example.

One fundamental issue with distributed image coding
is the domain to exploit the correlation structure. Previous
works (e.g., Wyner-Ziv coder [10]) opt to do so in the space
of quantized pixel values or transform coefficients. We pro-
pose a novel set-theoretic framework for distributed coding
of multispectral images. Under this new framework, both
the correlation structure and observation constraint of image
source can be characterized by convex sets. It follows that
joint decoding of multispectral images can be implemented
via iterative projection-onto-convex-set (POCS) operations
at the centralized node. The convexity of constraint sets
guarantees the convergence of our iterative decoding algo-
rithms.

We also study two protocols with distributed coding of
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Fig. 1. Distributed source coding paradigm.
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multispectral images: asymmetric and symmetric [6]. In the
asymmetric protocol, one spectral channel is treated with
the highest priority for it is used as the side information to
aid the decoding of other bands at the base station (refer to
Fig. 2). In the symmetric protocol, all spectral channels (or
group of channels) are peer to each other and mutually work
as the side information at the decoder. Both protocols are of
interest in practical applications and it is not known which
one leads to better Rate-Distortion (R-D) performance. We
advocate the symmetric protocol for its simplifying mathe-
matical analysis and our experiment results also appear to
support its superiority for the chosen test images.

2. PROBLEM FORMULATION

We consider lossy coding of K images: Xi, Xo, ..., Xk,
each of which represents the acquisition of the scene at a dif-
ferent spectral channel. In the traditional coding paradigm,
source encoder has the access to all nodes and therefore can
employ a variety of mathematical tools (e.g., decorrelating
transforms) to optimize the R-D performance. However,
in the distributed coding paradigm, each X, is processed
by an individual node (distributed source encoder) without
the knowledge of others; only the centralized decoder is al-
lowed to collect the information from all nodes and attempt
to best resolve their uncertainty in the R-D sense. Formally,
we want to minimize D = Zszl Dy, subject to the rate con-
straint (i.e., Zszl Rj, < R) and the distributivity constraint
(i.e., there is no communication among the nodes).

We suggest that two issues are essential to the DSC prob-
lem: 1) the correlation structure of the source X1, Xo, ..., Xk;
2) the protocol shared by distributed encoders and central-
ized decoder. In most previous works of DSC, the correla-
tion structure is statistical dependency between two binary
sources. Despite the mathematical elegance and tractability,
such correlation model does not fit the imaging process in
practical sensor networks. We believe that there are primar-
ily two types of correlation structure in practical sensor net-
works: photometric and geometric. In the former case, each
node acquires the scene at a different sepctral channel (or
lighting condition). In the latter case, each node acquires
the scene from a different position (or angle). Relatively
speaking, geometric correlation structure is more difficult
to exploit in DSC because it involves resolving geometric
uncertainty (i.e., to estimate the correspondence among im-
ages) at the decoder; while correspondence itself is a long-
standing open problem. For this reason, we limit our dis-
cussion to the former case here.

There are two generic types of protocols shared by dis-
tributed encoders and centralized decoder:

1) Asymmetric - the protocol specifies one node (w.l.g.,
we assume it is X1) to be the prioritized source. Accord-
ingly, the majority of bits will be allocated to compress X

Fig. 2. Left: asymmetric case (K = 5); Right: symmetric
case (K =5).

to reach a relatively small distortion because the decoded
X1 will work as the side information to facilitate the decod-
ing of other nodes for k£ > 1 (see Fig. 2). For any other node
than X, a coarse representation is transmitted through the
channel for the reason of reducing the bit rate and we can
only rely on the centralized decoder to reduce its distortion
by exploiting its correlation to X.

2) Symmetric - each node in the network is treated equally
by the protocol. Consequently, at the centralized decoder,
all nodes other than X; can be used as the side informa-
tion to help the decoding of X;. For some K values, it
is also possible to group some nodes and treat them as a
“supernode” for the reason of simplifying the implementa-
tion. What distinguishes symmetric from asymmetric is the
chicken-and-egg flavor in the decoding. That is, if X; —
X denotes that X; is used as the side information to de-
code X (i.e., there is a directed edge from node X; to X),
we will find many closed loops in the graph shown in Fig. 2
(C.g., X1 — XQ — X3 — X4 — X5 — Xl)

3. SET THEORETIC DISTRIBUTED CODING
ALGORITHMS

In this section, we present a novel set theoretic framework
for distributed coding of multispectral images. The motiva-
tion behind is that both the observation constraint and the
correlation structure of multispectral image source can be
formulated into convex sets. Therefore, joint reconstruction
of the images at the centralized node boils down to identify-
ing a point at the intersection of the convex sets. It follows
that distributed decoding can be implemented by alterna-
tively projecting onto the defined convex sets. The key to
the effectiveness of such set theoretic DSC algorithms is the
appropriate definition of convex sets. We will study asym-
metric and symmetric cases respectively next.

A. Asymmetric Case

In this case, we assume that X is coded at the rate R,
and a coarse representation of Xy (k > 1) is coded at a
reduced rate r < R; by a standard wavelet codec. The
key challenge is how to exploit the side information (recon-
structed X7) at the decoder to further reduce the distortion
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of X. We propose to solve such decoding with side infor-
mation using the convex set theory.

The first constraint set is introduced to resolve the un-
certainty of X}, by exploiting its correlation to X;. Since
they are the description of the same scene at different spec-
tral channels, the correlation model in the redundant wavelet
domain introduced in [3] can be employed. The constraint
set is given by

So = {Xk : |W1(m,n) — Wk(m,n)| <T, (m,n) S Qh}

ey
where W denotes wavelet transform of X, € the high-
frequency bands in the wavelet domain and 7" a positive real
value. The proof of convexity of the above set is referred to
[3].

The second constraint set is to enforce the consistence
with the observation made with the received X}. Depend-
ing on what kind of coarse representation is transmitted to
the decoder, we can define a variety of constraint sets. For
example, if the encoder chooses to code a decimated version
of X}, then the constraint set is given by

S1 = {Xk : Xk(m7n) = Xk(m7n)vv(m’a Tl) € QD} 2

where X (m,n) is the quantized sample and §2p is the sam-
pling lattice corresponding to the decimation. Alternatively,
if the encoder simply codes X, by a standard wavelet coder,
we can then define the constraint set to be

So = { Xy : [Wi(m,n) — Wi(m,n)| < Q,¥(m,n)}. 3)

where W is the quantized wavelet coefficients and @ is the
stepsize of uniform quantizer. The convexity of S7, S> can
be easily verified [3, 5]. With more than one constraint set,
we can refine the estimate of X, by alternatively projecting
it onto the defined constraint sets. The convexity of con-
straint sets guarantees the convergence of iterative decod-
ing.

One tantalizing open question is the R-D optimization
problem in the asymmetric case, i.e., how to minimize the
total distortion D = Zszl D[X}] under the constraint R, +
(K —1)r < R? Since the distortion terms in the summation
are not independent (e.g., D[ X;] will affect D[X}] through
the constraint set Sp), existing Lagrangian-multiplier based
techniques are not appropriate for solving such nonlinear
constrained optimization problem. An approximated so-
lution is to empirically generate the look-up-table D) =
f(D1) and then exhaustively search the optimal point along
the operational R-D curve. For simplicity, we adopt the fol-
lowing ad-hoc rate-allocation strategy in our implementa-
tion: Ry = 3R, r = mR.

B. Symmetric Case

In the symmetric case, all nodes have the same priority.
Let us consider the baseline case K = 2 first. Due to the

symmetry, source encoder will code the coarse representa-
tions of both X; and X and rely on the decoder to decode
them in a joint fashion for the purpose of lowing the distor-
tion. As mentioned above, we need to handle the “chicken-
and-egg” problem caused by symmetric treatment of two
nodes (when K = 2, the closed loop is X1 — X9 — Xj).

To overcome such difficulty, we propose to consider the
following constraint set

Sz ={d:d(m,n) = % Z dm’',n')}. (@)

(m/,n")EN (m,n)

where d(m,n) = X;(m,n) — Xa(m,n) denotes the color-
difference signal and N (m,n) indicates a local neighbor-
hood of (m, n) with the size of N. Roughly speaking, the
above constraint set specifies the color-difference signal can
be characterized by an N-th order linear interpolative model.
The convexity of S3 can be readily justified [4] and it is
symmetric about X, X5 (invariant to swapping).

In the symmetric case, we also need to be more careful
about the definition of observation constraint sets. For ex-
ample, if the encoder chooses to code decimated versions of
X1, Xo, then the observation constraint sets can be written
as

Sy = {Xk: : Xk(man) = Xk(man)7
V(m,n) € Qpr; k=1, 2}. 5)

where X1 5(m,n) still denote the quantized samples; but
Qp1,p2 (the sampling lattices on which decimation is per-
formed at nodes 1 and 2 respectively) need to be comple-
ment to each other for the reason of symmetry. For example,
we suggest to choose €25 » to be the two quincunx-sampled
lattices with different phases.

Due to the symmetry of nodes X; and Xo, it is reason-
able to assume that POCS-based decoding effectively re-
duces the distortion of both nodes by the same factor a > 1.
For example, if we model X; ~ N(0,0%), X2 ~ N(0,03),
then D = 1(o%272f 4 53272F2) Then we can revoke
the classical Lagrangian multiplier based technique to solve
the R-D optimization problem in symmetric DSC. One way
of generalizing into arbitrary K > 2 is to consider pairwise
relationship among the nodes. However, such strategy re-
quires the inspection of K (K + 1)/2 constraint sets (i.e., a
complete graph with K vertices and K (K + 1)/2 edges),
which increases at the order of O(K?). Instead, we propose
to only consider the correlation in a cyclic order (i.e., only
consider one directed and closed loop in the graph shown
in Fig. 2), which will keep the size of constraint sets to be
O(K).

4. EXPERIMENT RESULTS

In this section, we use some preliminary experiment results
to demonstrate the performance of the proposed distributed
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Fig. 3. Kodak test image satl used in this work (dimension
1536 x 1024).

coding algorithms. The color image (three spectral channels
- R/G/B) used in our experiments is shown in Fig. 3. We
have implemented two distributed image coders (DIC): 1)
Coder I - asymmetric case, where the G channel is treated as
prioritized node X; and the constraint sets are chosen to be
Egs. (2) and (3)). The G channel is coded at full-resolution
and R/B channels are coded at half-resolution by standard
wavelet codec (e.g., JPEG2000) with the ad-hoc rate alloca-
tion strategy (R, = %R, Ry =R3 = %R). The implemen-
tation details of projection operators can be found in [3]; 2)
Coder II - symmetric case, where four decimated channels,
namely Ry 2,G1 1, G2,2, Ba 1 (subscripts denote the phases
of decimated sampling lattices), are coded by JPEG2000 at
an equal bit rate (%). We note that such Bayer-pattern sam-
pling strategy is a mixture of symmetric protocol of K = 3
and K = 2 for the reason of simplifying the implementa-
tion (i.e., R/B channels are treated as the supernode and we
ignore the correlation between R and B). The constraint sets
are chosen to be Egs. (4) and (5)), whose projection opera-
tors are referred to [4].

Table 1 shows the R-D performance comparison between
three coders: JPEG2000 and our two DICs. It can be seen
from Table I that on the average symmetric protocol achieves
higher PSNR than asymmetric one. At the middle bit rate
(1-2bpp), the PSNR performance of DIC-II falls behind that
of JPEG2000 by less than 2dB. When compared with the
dramatic coding efficiency loss in the previous DSC works,
the performance of the proposed set theoretic DSCs appears
to be promising.
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Rate | channel | JPEG2000 | DIC-I | DIC-II
R 41.1 38.3 394

1bpp G 41.5 39.8 39.9
B 40.8 38.3 394
R 44.5 39.7 42.3

2bpp G 45.4 44.0 433
B 44.1 39.7 42.3

Table 1. PSNR (dB) comparison among JPEG2000, DIC-I
(asymmetric case) and DIC-II (symmetric case) for the sazl
image.
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