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Abstract. Contrary to convention, we construct dis-
tributed image compression codecs that operate in the
pixel-domain, yet exploit spatial correlation at the de-
coder only. For lossless compression of binary images of
text, we propose two novel decoders: one assumes the
image to be a one-dimensional stationary Markov pro-
cess, and the other assumes it to be a two-dimensional
stationary Markov random field. We demonstrate that
these decoders enable compression approaching their re-
spective Slepian-Wolf limits and they perform better
than the baseline pixel-domain decoder by factors of at
least 2 and 4, respectively.
Index Terms Slepian-Wolf coding, distributed source
coding, Low-Density Parity-Check codes, Baum-Welch
algorithm

1 INTRODUCTION

Conventional practice of distributed image com-
pression (just like traditional image compression)
suggests that performance is better if the encoder
applies a decorrelating transform to the data than if
it does not; consider implementations of distributed
image and video codecs such as [1]. In this paper, we
demonstrate that pixel-domain distributed coders
can compress images without loss at rates very close
to the theoretical limits by shifting the decorrelation
task to the decoder. As a toy example, we consider
binary text images as sources, such as those shown
in Fig. 1. Our novel contributions are decoding al-
gorithms that use spatial models of these images to
aid their lossless recovery.

We begin with a version of the original formula-
tion of distributed source coding and modify it to
describe our problem. A memoryless finite-alphabet
source X is to be transmitted without loss using the
least average number of bits. Statistically depen-
dent side information Y (not necessarily discrete)
is available at the decoder only. The encoder must
therefore compress X in the absence of Y , whereas
the decoder uses Y to aid the recovery of X. Slepian
and Wolf proved in 1973 that lossless compression
is achievable at rates R ≥ H(X|Y ), the conditional
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Fig. 1. Binary images of text (72 by 88 pixels)

entropy of X given Y , for X and Y finite [2]. The
difference in our setup is that the source has mem-
ory and is better represented as the random vector
X. We view the statistically dependent side infor-
mation as the random vector Y since it is observed
at the decoder in its entirety. The achievable rate
region is given by R ≥ H(X|Y), the conditional
entropy rate of X given Y [3].

2 SYSTEM DESCRIPTION

The compression performance of the systems we dis-
cuss depends on the spatial model for X assumed
at the decoder. We consider three models of in-
creasing sophistication: independent identically dis-
tributed (i.i.d.) bits, one-dimensional (1D) station-
ary Markov process and two-dimensional (2D) sta-
tionary Markov random field.

2.1 Baseline i.i.d. decoding

The baseline system assumes X consists of i.i.d.
bits. Our implementation, depicted in Fig. 2, fol-
lows the work by Liveris et al. [4]. The encoder
sends the decoder the syndrome S of X with respect
to a Low-Density Parity-Check (LDPC) code [5].
The decoder first calculates probability distribu-
tions P (Xk|Y) on each of the bits of X given the
observation of Y. Then, since it assumes an i.i.d.



model, the decoder recovers X by combining these
distributions with the syndrome S by means of be-
lief propagation iterations of LDPC decoding.

Fig. 2. The baseline system that models X as i.i.d. bits

2.2 1D Markov process decoding

Our first novel system, shown in Fig. 3, models the
raster scan of X as a stationary first-order Markov
process. Its encoder has the same lightweight struc-
ture as the baseline encoder. As before, the decoder
calculates the distributions P (Xk|Y) for each bit
of X. Since X is no longer assumed to be i.i.d.,
the decoder does not proceed with LDPC decod-
ing iterations only. Instead, alternating iterations
of the Baum-Welch algorithm [6] (without reesti-
mation) and LDPC decoding exchange information
until convergence.

Fig. 3. The system that models the raster scan of X as
a one-dimensional stationary Markov process

A Baum-Welch iteration, depicted in Fig. 4, ap-
plies the Markov model of X to create optimal ex-
trinsic information ek(s) about each bit Xk. The
Baum-Welch iteration receives as input the intrinsic

information ik(s) about each bit Xk from the pre-
ceding LDPC decoding iteration as well as the side
information Y. The 2-state Markov model is pa-
rameterized by the transition probabilities pij . Since
first-order Markovity guarantees that a bit of X is
independent of all others given its immediate raster
scan neighbors, the Baum-Welch iteration runs a
forward pass and a backward pass through a 2-state
trellis representing X. The forward propagation is
given by the recursion

αk(sj) ∝ αk−1(s0)p0j + αk−1(s1)p1j . (1)

The backward pass on βk(s) is similar due to the
reversibility of the stationary Markov process. Fi-
nally, the extrinsic information is computed as

ek(s) ∝ αk(s)βk(s), (2)

normalized so that ek(s0) + ek(s1) = 1.

Fig. 4. A Baum-Welch iteration for the one-dimensional
decoder

Based on this output of the Baum-Welch itera-
tion, the side information Y and the syndrome S,
the subsequent LDPC iteration generates its own
extrinsic information about X. In this way, the com-
ponent decoders exchange information from itera-
tion to iteration, until X is recovered. Similar one-
dimensional decoders have been used to address re-
lated problems in source coding [7], channel cod-
ing [8] and encryption [9].

2.3 2D Markov random field decoding

Our second system extends the modeling to two di-
mensions, treating X as a stationary Markov ran-
dom field. Under this assumption, a pixel of X is



independent of all others given its four immediate
neighbors in the image. Therefore, directly extend-
ing the 1D decoder of Section 2.2 would require re-
placing the first-order Markov model with a wth-
order Markov model, where w is the width of the
image. Consequently, each Baum-Welch iteration
would operate on a trellis of 2w states, which is un-
acceptable in terms of computation.

Instead, we propose the system shown in Fig. 5
that employs a modified suboptimal Baum-Welch
iteration at the decoder of roughly the same com-
plexity as the Baum-Welch iteration of Section 2.2.
Once again, the simple encoder structure is un-
changed and the decoder begins by calculating the
distributions P (Xk|Y) for each bit of X. Then de-
coding proceeds with alternating iterations of the
modified Baum-Welch algorithm and LDPC decod-
ing. The modified Baum-Welch forward recursion is
given by

αk(sj) ∝
∑

h,i∈{0,1}

αk−w(sh)αk−1(si)phij , (3)

where phij are the corresponding transition proba-
bilities, and the backward recursion is similar. As
before, the component decoders pass extrinsic in-
formation to each other from iteration to iteration,
until X is recovered.

Fig. 5. The system that models X as a two-dimensional
stationary Markov random field

3 SIMULATION RESULTS

We now compare the distributed compression per-
formance and performance bounds of these three
systems for different source images. We implement

each system using sequences of rate-adaptive LDPC
Accumulate codes [10] and apply rate control via
feedback from the decoder. Every code is 6336 bits
long and is regular of degree 3. Figs. 6, 7, 8 and 9
show these plots for the 6336 bit source images
X, shown in Figs. 1(a), (b), (c) and (d), respec-
tively. The solid curves depict the average rate re-
quired over 50 trials for each system using random
realizations of side information Y, which are gen-
erated by the modulo 2 addition of i.i.d. binary
noise of entropy H(p) to X. We denote the three
average rate curves Ri.i.d., R1D and R2D accord-
ing to the decoder model for X. The dashed curves
represent the corresponding Slepian-Wolf perfor-
mance bounds for each system, which we denote
Hi.i.d.(X|Y), H1D(X|Y) and H2D(X|Y). Note that
evaluating H1D(X|Y) and H2D(X|Y) is an open
problem, so instead we calculate a good lower bound
for H1D(X|Y) and empirically estimate a good
lower bound for H2D(X|Y).

Fig. 6. Distributed compression performance and
bounds when the source X is the image in Fig. 1(a)

These experimental results show that pixel-
domain distributed source compression of text im-
ages can improve by factors of at least 2 and 4
by modeling the images as one-dimensional Markov
processes and two-dimensional Markov random
fields, respectively. Moreover, the systems endowed
with spatial models are proportionally more efficient
with respect to their Slepian-Wolf bounds than the
baseline i.i.d. system, when the side information Y
is very dependent on X (i.e. for 0.1 ≤ H(p) ≤ 0.4).



Fig. 7. Distributed compression performance and
bounds when the source X is the image in Fig. 1(b)

Fig. 8. Distributed compression performance and
bounds when the source X is the image in Fig. 1(c)

4 CONCLUSION

We develop novel pixel-domain distributed source
compression algorithms for binary text images. The
proposed encoders are lightweight and the decoders
model the images as either one-dimensional station-
ary Markov processes or two-dimensional station-
ary Markov random fields. These two systems com-
press the images without loss with at most half and
quarter the rate, respectively, of the baseline pixel-
domain system that does not model the images spa-
tially. In fact, when the side information is good,
the proposed systems are proportionally more effi-
cient with respect to their bounds than their base-
line counterpart.

Fig. 9. Distributed compression performance and
bounds when the source X is the image in Fig. 1(d)
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