Structure-preserving properties of bilevel image compression
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ABSTRACT

We discuss a new approach for lossy compression of bilevel images based on Markov random elds (MRFs).
The goal is to preserve key structural information about the image, and then reconstruct the smoothest image
that is consistent with this information. The image is compressed by losslessly coding the pixels in a square
grid of lines and adding bits when needed to preserve structural information. The decoder uses the MRF model
to reconstruct the interior of each block bounded by the grid, based on the pixels on its boundary, plus the
extra bits provided for certain blocks. The idea is that, as long as the key structural information is preserved,
then the smooth contours of the block having highest probability with respect to the MRF provides acceptable
reconstructions. We propose and consider objective criteria for both encoding and evaluating the quality and
structure preserving properties of the coded bilevel images. These include mean-squared error, MRF energy
(smoothness), and connected components (topology). We show that overall, for comparable mean-squared error,
the new approach provides perceptually superior reconstructions than existing lossy compression techniques at
lower encoding rates.
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1. INTRODUCTION

Compression of bilevel images is an important special case of image compression, both because some images
are by their own nature bilevel (e.g., text, graphics, halftones, pen and ink sketches) and because they can be
used to represent segmentation information for a variety of applications, including object-based compression
(e.g., MPEG-4! and second generation image coding techniques?), object or region of interest speci cation, and
foreground/background detection. As in any compression application, the goal is to encode the source using as
few bits as possible, while retaining an accurate representation of the visual information present in the source.

The lossless compression of bilevel images has received a lot of attention in the literature, primarily because
of the facsimile standards. The Group 3 and 4 facsimile standards® rely on e cient text compression algorithms,
while the more recent JBIG standard?® provides ae cient lossless bilevel compression for a wide variety of image
types that include text, graphs, binary objects of various shapes, and even some (periodic) halftoning techniques.
However, the resulting bit rates are relatively high, which creates a need for lossy techniques that provide high

delity approximations of the bilevel images without substantial perceptual losses. In particular, it is well-
established in the object-based coding literature that coding of the object contours accounts for a signi cant
percentage of the overall bit rate.

The recently proposed JBIG2 standard* aims to provide much higher compression ratios with almost no
degradation in image quality. In JBIG2, the bilevel image is rst divided into di erent region types (text,
graphs, and halftones), and each region is encoded with an appropriate scheme. The rst stage of the standard
includes algorithms for encoding bilevel images of text and halftones, but cannot yet handle general bilevel
images or object outlines. However, a lossy coder for bilevel images could consist of a lossy operation, such as
morphological smoothing, followed by lossless JBIG. We will show that the proposed techniques outperform such
schemes in the rate distortion sense. There is also a substantial literature on techniques for lossy compression
of object contours (e.g., for MPEG-4%%). The applicability of such techniques is limited, however, because
they assume well-de ned binary objects. Finally, Culik and Valenta have proposed an interesting lossy coding
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technique for bilevel images based on nite-state automata.”-® We will compare our new techniques to this
method, which has a resemblance to fractal image coding.

In this paper, we discuss a new method for lossy compression of bilevel images that is based on Markov random
elds (MRFs).® The goal is to nd a speci cation that preserves the key structural information in the image, and
then to reconstruct the smoothest image that is consistent with this speci cation. One such speci cation consists
of the (original) image pixels in a square line grid, plus additional bits that may be needed to preserve structural
information in the interior of the grid cells. The pixels on the grid are compressed with a lossless encoding
technique (e.g., arithmetic or Hu man coding). We consider a xed block size for the speci cation, but the
proposed method can be easily extended to a quadtree approach that adjusts the block size to local image detail.
The decoder uses a MRF-based model to reconstruct the interior of each block bounded by the grid, based on the
pixels on its boundary, plus the extra bit(s) provided for some of the blocks. The idea is that, as long as the key
structural information is preserved, then smooth contours in the block (having highest probability with respect to
the MRF) provide acceptable reconstructions. We argue that the proposed scheme provides structurally lossless
compression, in the sense that the key image structure is preserved, even though there are obvious di erences
(in a side-by-side comparison) between the original and reconstructed images. This is in contrast to perceptually
lossless compression,1%{12 whereby the original and reconstructed images are indistinguishable.

It is interesting to compare this new approach to a more conventional one that would specify, i.e. losslessly
encode, a grid of points rather than a grid of lines. That is, consider subsampling the image by a factor N in
each dimension and then losslessly encoding these subsamples. While it might at rst seem that specifying lines
rather than points would be expensive in terms of bit rate, in fact, the high correlation between adjacent grid
pixels substantially mitigates the increased number of pixels in the speci cation, while the line grid speci cation
greatly enhances the ability of the decoder to make good reconstructions of the unspeci ed portions of the image.

We propose and consider several objective criteria for both encoding and evaluating the quality and structure
preserving properties of the coded bilevel images. These include mean-squared error, MRF energy (smoothness),
and connected components (topology). We show that overall, for comparable mean-squared error, the new
technique provides perceptually superior reconstructions than existing lossy compression techniques at lower
encoding rates.

In the remainder of this paper, Section 2 provides an overview of the bilevel encoding and decoding system
including the MRF model. Section 3 examines di erent performance metrics, and Section 4 discusses results and
conclusions.

2. LOSSY COMPRESSION OF BILEVEL IMAGES

In this section, we review a lossy bilevel compression algorithm that was proposed in Ref. 9. The encoder uses
a lossless scheme (arithmetic, Hu man) to encode a subset of the image pixels on a rectangular (square) grid,
plus a number of additional bits that provide information about image structure in the interior of the grid cells.
The decoder reconstructs the remaining pixels based on the available information, using a maximum a posteriori
(MAP) formulation with respect to a Markov random eld model of the image.

2.1 Speci cation

The image speci cation consists of a subset of the pixels of the original bilevel image, typically on a rectangular
grid. An 8 8 grid and the corresponding speci cation are shown in Fig. 1. A detail of the encoder speci cation
is shown in Fig. 2. Other regular (e.g., hexagonal) or spatially adaptive (e.g., the grid size depends on local
image detail) grids may be used. For the following discussion, we will assume that the grid consists of square
blocks of a xed size N. The value of N typically ranges from 2 to 16.

We losslessly encode the pixels in an N N square grid. More speci cally, we encode the pixels in rows 1,
N +1, 2N +1,:::;, and in columns 1, N + 1, 2N + 1, :::, as well as the rightmost column and bottom row, if
not already encoded. Note that the unencoded pixels form (N 1) (N 1) square blocks separated from each
other by the encoded grid. Figure 1 shows a portion of the pixels in an N = 8 grid.
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Figure 1. (a) Original bilevel image. (b) 8 8 grid. (c) The corresponding image speci cation. The interior pixels of each
block, which are not encoded, are shown in gray.

There are many potential ways to losslessly encode the |
pixels in the grid. For example, they might be arranged into
a sequence for arithmetic or runlength coding. However, in EREAEE
this paper, as a simple demonstration of the potential of this
method, we consider arithmetic coding in which each grid
pixel is encoded based on the rst-order conditional proba-
bility, given one previously encoded pixel that is vertically
or horizontally adjacent. Not surprisingly, we have found ‘
that the bit rate of the encoding is very close to H(X2jX1),
the conditional entropy of one pixel given a horizontally or Figure 2. Detail showing the pixels of 9 blocks and
vertically adjacent pixel. Clearly, higher-order conditioning their speci cation via the grid.
has the potential to work even better.

Another possibility would be to specify (i.e., losslessly encode) a grid of points rather than a grid of lines,
equivalently, to subsample by N in each dimension. While it may seem that specifying lines rather than points is
expensive in terms of bit rate, in fact, the high correlation between adjacent grid pixels substantially mitigates
the increased number of pixels in the speci cation, while the line grid speci cation greatly enhances the ability
of the decoder to make good reconstructions of the unspeci ed portions of the image.

As we will see below, in addition to the grid speci cation, we may also encode one or more additional bits
that provide information about the structure of the interior of the block. We now discuss the MRF model on
which the MAP reconstruction of the interior of each grid block given the pixels on its boundary will be based.

2.2 Markov Random Field Model

Recall that an MRF is speci ed by a graph G = (V; E) and a collection of clique potential functions (x). Here
V is a nite set of nodes { in our case the pixel locations of the image { and E is a set of pairs of nodes. The
members of E are considered to be (undirected) edges of the graph. Moreover, E de nes a neighborhood relation
between nodes, in the sense that two nodes are neighbors if and only if they are connected by an edge. Here
edges indicate direct interpixel dependencies. As clique c is a subset of nodes in V such that all pairs of nodes
in ¢ are neighbors, i.e. are connected by an edge. Let C denote the collection of all cliques in G. Now consider
a bilevel image x that assigns a zero (white) or one (black) to each pixel location in V. For each ¢ 2 C, a clique
potential function (X) assigns a value to x that depends only the pixel values of x in the locations speci ed
by ¢. Now, for this MRF model, the probability of a speci c bilevel image X is given by

o O

P = 2 exp ) ®
c2C
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Figure 4. (a) Block speci cation. (b) High probability reconstruction. (c) Low probability reconstruction.

where Z is a normalizing constant. A path in a graph is a sequence of vertices p1;  ;pm such that fp;; pi+19 2
E;i=1, ;m 1. By the Global Markov Property,*® if A; B, and C are subsets of nodes such that every path
from a node in A to a node in B includes a node from C, then the random variables X and Xg are conditionally
independent of each other given the values Xc.

With an MRF model, the probability of an image is a product of functions de ned over the cliques in the graph,
and the cliques C are determined by the edge set E. Therefore the edges in a graphical model in uence what
images and patterns are more probable under that model. We initially considered two di erent edge sets for our
model. The rstis the Ising or 4-point model of statistical physics, in which edges connect horizontally and verti-
cally adjacent nodes. The second we refer to as the diagonal or 8-point model. Its edge set connects horizontally,
vertically, and diagonally adjacent nodes. The nodes and edges for the two types of grids are shown in Fig. 3. The
only cliques in the Ising model are singletons or pairs of adjacent horizontal or vertical nodes, whereas in the diag-
onal model the cliques are singletons, pairs of adjacent nodes, triplets of adjacent nodes forming a right triangle,
and quadruples forming a square. For cliques consisting of a single pair of nodes, the potential function we choose
assigns if the nodes have the same value, and assigns + if they have di erent values. For cliques consisting
of one, three or four nodes, the potential function always assigns 0. Under this model, homogeneous regions and
continuous contours are favored, i.e., assigned higher probability, over noisy regions and discontinuous contours.

The theory of Markov random elds'* > has been used exten-
sively in image processing, especially in segmentation, texture anal-
ysis and synthesis, restoration, and other applications, including
image compression.'® One of the attractive properties of MRFs is
their ability to impose some degree of structural coherence (spa-
tial continuity constraints) to an image or image region. While the
use of MRFs in image compression is not new, the proposed ap-
proach is unique in using MRFs solely for image reconstruction in (a) (b)
the decoder.

Figure 3. The nodes and edges between nodes
2.3 Decoding/Reconstruction (r)rl‘ozijnelfi 8 block (a) Ising model. (b) Diagonal
The decoder rst reconstructs the pixels on the grid, which have
been losslessly encoded. Then it nds a MAP estimate of the pixels
in the interior of each block given the values on the grid, and any additional information about the interior
pixels. From the Global Markov Property, the interior of a block can be reconstructed using only the pixels on
the boundary of that block. Thus, the decoding of each block is independent of the decoding of all the other

blocks in the image.

As mentioned previously, based on an MRF model, the conditional (on the boundary speci cation) probability
of a block decreases monotonically with the number of pairs of adjacent nodes in the block having di erent values,
which we call dissimilar pairs. Therefore, a block has maximum probability given the boundary if and only if it
has fewest dissimilar pairs. This is illustrated in Fig. 4 It should be obvious that the fewer the dissimilar pairs,
the smoother the resulting reconstruction.

There are several cases to consider, illustrated in Figs. 5 and 8. First, if the boundary consists entirely of 0’s
(respectively 1's), as in Fig. 5 (a), then it is easy to see that the MAP reconstruction is entirely 0’s (respectively
1’s).
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Figure 5. (a) \Zero" run. (b) One 1-siderun. (c) One 2-side run. (d) One 3-side run.
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Figure 6. (a) Boundary speci cation. (b), (c), (d) Three equiprobable reconstructions, basedon the Ising model.
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Figure 7. (a) Boundary speci cation. (b), (c), (d) Three equiprobable reconstructions, basedon the diagonal model.

Second,supposethe boundary cortains onerun of consecutive 1's, and all other boundary pixels are 0. Denote
the rst and last pixels of the run by P1 and P2. If P1 and P2 are on the sameside of the block, asin Fig. 5 (b),
then it is easyto seethat the MAP reconstruction lls the interior with all 1's or all O's, depending on which is
more prevalent on the boundary. If P1 and P2 are on di erent sides,asillustrated in Fig. 5 (c) and (d), then it
is easyto show that a MAP reconstruction is determined by a path of pixels from P1 to P2 through the interior
of the block. (A path is a sequenceof distinct neighboring pixels.) The pixels on the path, and those between
the path and the run of 1's on the boundary, are reconstructed as 1; all others as 0. It can be shown that if the
vertical distance betweenP1 and P2 exceedsthe horizontal distance, then a path is optimal, i.e., it determines
a MAP reconstruction, if and only if it is a shortest path from P1 to P2. In the Ising model, this equivalent to
saying that on a MAP path from P1 to P2, eadh step must decreasethe distanceto P2. In the 8-point model,
this meansthat a MAP path consistsertirely of vertical and diagonal stepsin the direction of P2. A similar
rule applies when the horizontal distance exceedsthe vertical distance. It is now evidert that there are usually
a number of MAP reconstructions. As we can seein Fig. 6, the MAP reconstructionsin the Ising model exhibit
a great deal of variability. As illustrated in Fig. 7, in the 8-point model, the diagonal edgesenforce greater
cortinuity in the contours of the MAP reconstructions, and moreover, the entire range of reconstructionsis more
acceptablethan that of the Ising model. For that reasonwe adopt the diagonal model for our implementation,
and selectone of the MAP reconstructions at random.

Third, the boundary contains two runs of 1's separatedby zeros, as illustrated in Fig. 8. Then it can be
shown that the MAP reconstruction is obtained by selectingtwo paths, ead connecting a pair of run endpoints,
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Figure 8. (a,d) Boundary speci cations. (b,c) and (e,f) Structurally dierent reconstructions.



