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Abstract—For the compression of stereo images, several tech-
niques employing the concept of disparity compensation have been
developed. In this paper, we present a new method for stereo-image
compression which is based on a different paradigm. It relies on
approximate matching of multiscale recurrent patterns, which is an
extension of ordinary pattern matching, where an image block is
represented using dilated, contracted, displaced, and deformed
versions of blocks already processed. To achieve this, the input
image is segmented into variable-sized blocks. Each segment is
represented by an element in a dictionary. The segmentation is
performed according to a rate distortion criterion, and the
dictionary is updated with the concatenation, contraction, expan-
sion, displacement, and deformation of previously coded elements.
Unlike most other methods, in this approach the disparity map
is not transmitted. That is, the generation of the error images, as
well as their coding and transmission, is not necessary. In brief,
the proposed method presents high-quality results at the decoder
end, compared to other coding methods for stereo images that
transmit the disparity map.

Index Terms—Image compression, multiscale decomposition, re-
current pattern matching, stereo images.

I. INTRODUCTION

ASTEREO image system uses, at least, a stereo pair con-
sisting of two images of the same scene captured from

different points of view. Stereoscopic systems can provide
depth sensation, bringing realism to many applications such as
three-dimensional (3-D) movies, medicine surgery, video-con-
ferencing, multimedia, and remote operations, among others.
Since stereo images require the transmission of at least double
the amount of data used in monocular image coding systems,
having an efficient method to compress stereo images and
video is one of the main requirements for unconditional use of
stereoscopic systems. This is so because, up to this date, we still
have to cope with limited channel bandwidth. Despite the belief
in the networking community that in the near future sufficient
bandwidth will become available to send uncompressed video,
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thus obviating the need for video compression, it is reasonable
to assume that users will always claim for state-of-the-art
quality images of higher resolutions. For example, without
efficient compression, high-resolution multiview point-to-point
visual communications may be one application with power to
clog the networks. Therefore, bit-rate efficiency might continue
to be an important area of research in the future [1].

One of the most important issues in the study of stereo image
processing is that of disparity. The disparity estimation process
is concerned with the analysis of the geometric differences be-
tween two or more views of the same scene. Nevertheless, it is
well known that the disparity estimation is an ill-posed problem
[2].

Efficient encoding of stereo video systems requires the ex-
ploitation of the binocular redundancy between stereo images as
well as of the temporal redundancy between consecutive frames
of each view [3]. The techniques used to code binocular images
are similar to those used in monocular video coding. Usually, the
reference image (the right-view or left-view) is encoded using a
known method like MPEG-2. Next, the disparity map using both
views is estimated [4]. The remaining view (or target view) can
be either motion-estimated from the previous reference frame or
disparity-estimated from the reference view. The resultant error
images, the displaced frame difference (DFD) (stereo video),
and the disparity compensated difference (DCD) (stereo pairs)
are encoded and transmitted. The main step to obtain the DCD
is the disparity estimation process, which tackles an ill-posed
problem. The quality of the disparity map rules the amount of in-
formation carried by the DCD and the number of bits required to
encode it. Nevertheless, accurate disparity maps demand a high
bit rate to be transmitted. One solution is the use of block-based
disparity estimators [5], [6], which present the drawback of pro-
ducing inaccurate disparity maps. This is so because disparity
maps are not, in many cases, block-wise constant. Several alter-
natives to tackle this problem have been proposed in the litera-
ture. One good example can be found in [7], where a hierarchical
Markov random fields (MRF) model and selective overlapped
block disparity compensation are employed. In this paper, we
deal with this problem using a paradigm that does not rely on
the transmission of disparity maps.

The proposed method is based on the concept that, since a
stereo image pair involves two similar images, it may be a good
idea to use a recurrent patterns method [8]–[10], where the pat-
terns learned in the encoding process of the reference image
can be used to code the other image. We employ a recently
proposed class of coders referred to as multidimensional multi-
scale parsers (MMP) [11], [12], based on approximate matching
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Fig. 1. Example of contraction and expansion of patterns.

of multiscale recurrent patterns. The MMP coders use the fol-
lowing two main concepts.

1) They encode variable-sized blocks of an image using
blocks from a dictionary formed by patterns previously
occurred in the image.

2) The blocks in the dictionary can be expanded or con-
tracted prior to the match attempt. In other words, we use
a scale transformation that adjusts the dimensions of the
block in the dictionary to be equal to the ones of the block
to be coded.

Such scale transformations can be performed in many different
ways. For instance, they can be performed using a procedure
similar to the usual decimation and interpolation operations
[13]. In Fig. 1, we present an example of scale transformations:
in order to contract a pattern by two in a given direction, we use
a first-order average followed by decimation; in the expansion
case, we insert between two neighboring pixels their mean
value.

In this paper, we propose a variation of the MMP algorithm
that includes displacements and deformations of previously
coded blocks in the dictionary, efficiently exploiting the redun-
dancy between the two views of the stereo pair, while avoiding
the transmission of disparity maps.

The organization of this paper is as follows. Section II starts
with a brief overview of stereo coding schemes, followed by
Section III, which describes the MMP for monocular images.
Next, in Section IV, we describe the basic modifications imple-
mented to MMP focusing the exploitation of stereo image pairs
characteristics by the use of displaced elements. In Section V,
we introduce the use of deformed elements in the stereo version
of the MMP. Sections VI and VII present, respectively, the ex-
perimental results and conclusions.

II. STEREO CODING SCHEMES

Stereo video coding involves two separate sequences, one
corresponding to the left view and the other to the right view,
requiring a larger bandwidth than monocular video coding.
MPEG-2 tools, like the temporal scalability profile, can be

used to code stereoscopic video [14]. The simplest solution for
stereo video coding is simulcast stereoscopic coding [14]. The
two views are independently coded using any monocular video
codec like MPEG-2. One obvious drawback, other than the base
bandwidth, is the nonexploitation of the spatial redundancies
between the left and right views. In compatible stereoscopic
coding or stereo compensation coding, one view is coded as a
monocular sequence, along with the disparity map and residual
information resulting either from motion compensation or
disparity compensation.

Therefore, disparity estimation is a key issue for most modern
stereo video/image coding schemes. Unfortunately, several fac-
tors make the disparity estimation problem difficult [4]. In the
attempt to overcome these problems, many schemes have been
proposed and the results employed in intermediate view syn-
thesis, image segmentation, and stereo compression. In the re-
mainder of this section, we make a brief overview of selected
stereo image/video compression schemes, as well as of their so-
lutions to the disparity estimation problem.

Block-based disparity estimation methods are far more
simple. However, the lack of precision of the disparity maps
may result in a poor reconstruction of the target view. The
raw disparity map can be interpolated improving its quality.
Methods that make use of different block sizes according to
the image region (larger blocks for homogeneous regions, and
smaller ones for high textured regions) produce, in general,
reliable and accurate disparity estimations [15].

In [5], a block-based disparity estimator is used in conjunc-
tion with a stereo compression scheme. A coding system is
proposed making use of the temporal scalability feature of
MPEG-2. It also proposes a perceptual adaptive quantization
scheme based on the human visual perception of a stereo pair.
Other stereo codecs have been proposed based on the temporal
scalability tool of MPEG-2 [16].

An object-based coding scheme is proposed in [17] for the
coding of stereoscopic image sequences using motion and dis-
parity data. The disparity maps are obtained using a pixel-based
hierarchical dynamic programming algorithm. In [18], another
object-based stereo coding is proposed. The method consists
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Fig. 2. MMP algorithm using the target distortion criterion.

of a complex segmentation phase, generating an accurate yet
sparse disparity map.

More recently, other techniques presenting solutions for
stereo coding were proposed. One of them is a stereo image
coder based on the discrete wavelet transform (DWT) that
estimates the disparity by overlapping bilinear windows. The
method codes stereo images making use of interpolation,
disparity estimation and compensation, downsampling, trans-
formation, and coding phases [19]. In [20], an embedded
wavelet-based stereoscopic image coding method based on the
hierarchical decomposition of stereo information is presented.
A methodology is proposed for the efficient exploitation of ze-
rotrees [21] in stereo image coding applications. The proposed
algorithm uses pyramidal decomposition in combination with
classical disparity estimation/compensation. Another recent
method is presented in [22] for the coding of stereo images.
The algorithm grants a special treatment to occluded blocks
and to the coding of residual images as well.

In this paper, the performance of the proposed method is com-
pared to the ones of [19], [20], and [22].

III. MONOCULAR MMP

The MMP represents a new class of compression algorithms
based on approximate matching of multiscale recurrent patterns.
In it, an input block is represented using contracted or expanded
versions of previously processed blocks that are stored in a dic-
tionary. The dictionary is adaptive, as it learns patterns occurred
in image blocks already processed.

In the MMP algorithm, the image is initially divided into
blocks of dimensions . Each block can be further seg-
mented in smaller variable-sized blocks. Each smaller block is
then approximated by a contracted/expanded version of a matrix
belonging to a dictionary . There are two basic ways to decide
if an input block must be further segmented in smaller blocks.
The simplest one leads to a version of the MMP that is con-
trolled by a target distortion parameter . We call it D-MMP.

In the D-MMP algorithm, we start by trying to represent a
block of the image by an element of the dictionary expanded or
contracted so that it has the same dimensions as the ones of the
original block . The dictionary element that results in
the smallest mean square error is chosen to represent the block
in that scale. If the mean square error is greater or equal to the
target distortion , then the block is segmented in two blocks,
as shown in Fig. 2.

An one-bit flag is used to indicate that the block has been
segmented. Each new block, of dimensions , is then
processed in a similar way to the original block. That is, the
algorithm searches in the dictionary (each element expanded
or contracted so that it matches the dimensions of the blocks)
for the best representations of each new block. If it fails to find
an approximation within mean distortion to any of the sub-
blocks, that subblock is further segmented. This process is re-
peated recursively until the algorithm finds a representation that
either meets the target distortion criterion or the block dimen-
sions reach 1 1. At the end of the process, the segmentation
of the block can be represented by a binary tree. An example is
shown in Fig. 3.

Referring to Fig. 3, each block corresponding to a leaf (a node
without a child) is represented by an index denoting an element
of the dictionary. The dictionary elements can be expanded or
contracted using a scale transformation [13] so that they become
with the same dimensions of the target block. Note that this is
equivalent to having one dictionary for each scale, with the el-
ements of the dictionary from one scale being derived by ex-
pansions or contractions of the elements of a dictionary at an-
other scale. Considering this multiple-dictionary approach, we
can say that a dictionary is at a given scale, meaning that all
of its elements are at this same scale. In the remainder of this
text, we use the expression “level of a dictionary” to specify its
scale considering that all its elements could be used to represent
input blocks at the same level in a binary segmentation tree. Re-
ferring to Figs. 3 and 5, the dictionary for level 1 contains the
elements expanded/contracted to dimensions 2 1, the dictio-
nary for level 5 contains the elements expanded contracted to
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Fig. 3. Example of a binary tree representing the segmentation of an 8 � 8 block.

dimensions 8 4, and so on. It is important to point out that the
choice of the dictionary of which level to use is automatically
given by the dimensions of the block to be encoded.

The root of the tree corresponds to the largest element (of size
, corresponding to level 6 of the dictionary in Fig. 3). Each

node of the tree, if divided, can generate two children nodes
(levels below level 6). The first division can be made either ver-
tically (as in Fig. 3) or horizontally. The output of MMP is com-
posed by the dictionary indexes corresponding to each block as-
sociated with each leaf node, as well as information regarding
the segmentation. This segmentation is specified by a binary tree
that is encoded using a sequence of binary flags, in a top-down
fashion. For example, if we use the binary flag “1” to indicate
splitting and the binary flag “0” to indicate a leaf node, then the
sequence of binary flags representing the tree in Fig. 3 is 1, 1,
1, 1, 0, 0, 0, 0, 0 (note that the children of a node are visited
before the nodes on the same level and to the right of ; also,
the left child is visited before the right one). The sequence of
dictionary indexes and the sequence of binary flags are encoded
by an adaptive arithmetic coder [23]. The arithmetic coder uses

an independent model for the dictionary indexes at each level,
as well as for the binary flags.

The dictionary of MMP is adaptively built while the input
data are encoded. The MMP algorithm starts with a small ini-
tial dictionary that is updated as the input data are encoded by
the inclusion of concatenations of previously coded blocks (see
Fig. 4).

Whenever two leafs of the tree corresponding to two children
of the same node are encoded, an element resulting from their
concatenation is included in the dictionary. The dictionaries at
the other levels are also updated with contractions and expan-
sions of such concatenated blocks. These transformations can
be performed using a procedure similar to the usual decimation
and interpolation operations [13].

As the dictionary grows, it is expected that it should con-
tain elements more alike the blocks to be coded, decreasing the
number of tree splittings. Consequently, despite the increase in
the cardinality of the dictionary, a smaller number of indexes
and flags are generated; this in general produces the net effect
of lowering the bit rate and improving the compression.
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Fig. 4. Dictionary update.

The dictionary is initialized with 1 1 matrices containing
all pixel values in the range , where

is the smallest pixel value found in the input image
and is the greatest.

The decoder starts with the same initial dictionary as the en-
coder. As it receives the flags defining the tree and the elements
corresponding to the tree leafs, it starts reconstructing the re-
ceived image. The dictionary updating process at the decoder
should be equivalent to the one at the encoder, that is, whenever
the decoder receives two terminal nodes, they are concatenated
and the resulting node is included in the dictionary. The con-
tractions and expansions of this concatenated element are also
included in the other dictionary levels. The decoding is a much
faster operation than the encoding process, as the determination
of the segmentation tree is not necessary.

The segmentation tree generated by the D-MMP is not op-
timum in a rate distortion sense, since it relies only on local
decisions based solely on distortion calculations. However, the
segmentation tree can be optimized in a rate-distortion sense by
the use of a pruning algorithm operating from the bottom (leafs)
of the tree to the top (root). We refer to this version of the MMP
algorithm as RD-MMP.

The RD-MMP algorithm has basically four stages:

• obtaining the Lagrangian costs for each segment of the
block;

• obtaining the optimal segmentation tree;
• encoding flags and indexes of the optimal segmentation

tree;
• updating the dictionary.

As in the D-MMP, the image is initially divided in blocks of
size . Each block is processed in order to find the best
approximation for it.

The optimal segmentation tree is obtained by an iterative pro-
cedure that attempts to minimize the Lagrangian cost [24]
given by

where is the distortion, is the rate, and is a constant (La-
grange multiplier). The value of the parameter controls the
operating point of this version of the MMP (rate distortion).
The distortion is given by the mean square error between the
original and decoded image blocks. The rate is the number of
bits per pixel used to transmit the indexes of the elements of the

dictionary as well as the segmentation tree. This rate is evalu-
ated taking into account the estimation of the probabilities of
occurrence of each dictionary index and each flag. The proce-
dure to minimize the Lagrangian cost is described next.

The segmentation tree is initialized as a full binary tree with
leafs corresponding to blocks of size 1 1. Fig. 5 shows an
example of a full binary tree.

We then associate with each node of this tree an element of
the dictionary that is used to represent the corresponding input
subblock. The elements in the dictionary are chosen in order to
minimize the Lagrangian costs associated with each node, in-
dependently (it is important to point out that, in order to com-
pute the costs of one node independently of what happens to the
other nodes, we make the approximation that the dictionary is
not updated during the encoding of the whole input block—see
the next paragraph). Let be the cost of a parent node whose
children nodes costs are and , where and correspond,
respectively, to the nodes on the left and on the right of the parent
node of the binary tree. We compare the cost to the sum of
the costs . If the sum of the costs of the chil-
dren nodes is smaller than the cost of the parent node , then
the tree should not be pruned. This means that, in this case, it is
better to use the two smaller blocks than the larger one to rep-
resent the input. If we decide not to prune, the cost associated
with the parent node must be replaced by the smaller value

before we resume the optimization procedure of the
tree. The pruning procedure runs until the whole tree has been
traversed.

This optimization procedure assumes that the Lagranian costs
associated with each node of the segmentation tree are decou-
pled, that is, the pruning of a pair of leaf nodes does not af-
fect the Lagrangian costs associated with the remaining nodes.
This is not strictly true due to the dictionary updating proce-
dure. However, for small enough blocks (e.g., 8 8), the dic-
tionary can grow only to a limited extent while processing an
input block. This is so because the maximum number of ele-
ments will be added to the dictionary when a block is decom-
posed to a full tree, as in Fig. 5. Considering input blocks,
a full tree has nodes. All nodes except the leaf
nodes will correspond to a new element added to the dictionary,
which gives a maximum of new elements. Thus, if the
dictionary is considerably larger than this before the MMP pro-
cesses a given input block, the effect of this coupling becomes
negligible. Since the dictionary on MMP grows steadily during
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Fig. 5. Example of a full binary tree, representing the segmentation of a block 8 � 8 in 64 1 � 1 subblocks.

the encoding process, such effect decreases as the encoding pro-
ceeds.

For complexity computation purposes, the bound on the dic-
tionary growing rate given above is not tight enough. For ex-
ample, Fig. 6 illustrates the variation of the size of the multiple
dictionaries of MMP as the encoding of the image fruit pro-
ceeds, for . We can see that the rate of growth varies,
depending on the region of the image being encoded. The same
behavior is observed for all other values of , that is, the shape
of the curve is approximately the same (for a given input image)
except that the values of the dictionary sizes are proportionally
changed (smaller values of leading to larger dictionaries).

From Fig. 6, we see that the rate at which the dictionaries
grow is never greater than 0.06 new vectors for each pixel pro-
cessed, that is, 3.84 new vectors for each input block of size 8

8 pixels. This is well below the bound .
The actual size of the dictionaries depends on the input image,

the value of and the dictionary scale (8 8, 8 4, and so on).
Fig. 7 illustrates the size of the dictionary for the larger scale (8

8) at the end of the coding process, normalized to the size of
the input image in pixels, as a function of the encoding rate, in
bits per pixel. We can see that, for all images tested, the size of
the dictionary at an 8 8 scale is approximately linearly related
to the encoding rate.

Fig. 6. Dictionaries sizes variation for the image fruit encoded with � = 128.

Therefore, the size of the dictionary at 8 8 scale can be
approximated by the equation

(1)

where is the size of the initial dictionary, is the number
of lines of the input image, is its number of columns, and
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Fig. 7. Dictionaries sizes at the end of the encoding process � encoding rate
for the 8 � 8 scale.

is the encoding rate in bits/pixel (bpp). At all of the other scales,
the same equation can be used, except for the 2 1 scale, which
must have the constant 0.07 replaced by 0.035, and for the 1
1 scale, which has the size limited to 256.

When attempting to optimize the segmentation tree, a given
input block of size 8 8 will be processed by MMP using
the elements of the dictionary at 8 8 scale in a full-search
vector-quantization scheme using as the metric. Also,
the two 8 4 child subblocks will be quantized by MMP using
the elements of the dictionary at 8 7 4 scale, and so on. We will
denote the dictionary at scale, corre-
sponding to the level at the segmentation tree, by . Con-
sidering that, for each 8 8 input block, one has to compute
the cost for all nodes of the full tree, then at level one has to
execute approximately multiplications and adds, as well
as evaluations of the function (required to estimate
the rate ). For the first input block, the size of the dictionaries
are all equal to . For simplicity, we assume .
Each encoded block adds, on an average, a rate in bpp equal to

. Then, for the second input block, the equation
can be used to estimate the size of the dictionaries as

, for 0, 1, 2,
3, and 4. Likewise,

and . Therefore, since the image has
blocks, the complexity for the whole image in terms

of additions or multiplications is approximately given by (the
number of operations is 64 times smaller)

(2)

Since is equal to the compressed file size, we
have that

(3)

Fig. 8. Displaced blocks are obtained from two neighbor blocks of the
reconstructed ROB of the left view.

Equation (3) shows us that the computational complexity of
MMP, measured in operations per input pixel, is linearly related
to the compressed file size.

IV. STEREO-MMP: AN IMPLEMENTATION BASED ON MMP,
EXPLOITING THE CHARACTERISTICS OF STEREO IMAGE PAIRS

The stereo MMP is an algorithm based on MMP, whose pur-
pose is to directly encode a stereo image pair, composed by
a reference image and a target image. The version described
in this section (version 1) exploits the stereo characteristics of
the stereo pair without explicitly evaluating disparity maps. The
version described in Section V (version 2) uses an algorithm to
estimate the disparity map to enhance the performance, but still
avoids the transmission of the map. In our implementations we
used the left-view as the reference image, and the right-view as
the target image.

Version 1 of stereo MMP is based on two main pillars:

1) the inclusion in the dictionary of elements corresponding
to the displacement of previously coded blocks of the ref-
erence image;

2) the usage of variable-sized blocks, a basic property of
MMP. If the cost of using a large block is greater than the
cost of using two smaller blocks, a segmentation is per-
formed. This implies that a block in the target image can
be represented as accurately as needed.

In this version of the stereo MMP, the inclusion of displaced el-
ements in the dictionary corresponds to the disparity estimation
process. These displaced elements are obtained directly from
the reconstructed reference image, which is composed by con-
catenations, expansions and contractions of previously encoded
blocks. For example, for blocks, a displaced element
generated from a block whose upper-leftmost pixel is at position
( , ), with and integers, corresponds to a block whose
upper-leftmost pixel is at position ( , ), where the
amount of horizontal displacement. These displaced elements
can be regarded as being obtainable from a window sliding hor-
izontally over two neighboring blocks, as shown in Fig. 8. They
are generated and inserted into the dictionary before processing
the corresponding row of blocks (ROB) of the target image.

When the choice of an element results in a high cost, the deci-
sion process that specifies the best segmentation tree decides to
split the block in two halves. This implies that
the matches for these two halves will be performed using a dic-
tionary having blocks of dimensions . This
dictionary, besides being composed by contracted versions of
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Fig. 9. Frequency distribution by type, CORRIDOR, lambda = 32: (a) target image and (b) reference image.

the one, will contain displaced elements generated from
a window over the corresponding ROB in the ref-
erence image. Note that this roughly corresponds to, in DCD-
based methods, obtaining a denser disparity map using smaller
blocks, yielding more accurate disparity estimates. Elements
corresponding to half-pixel displacements were also included to
improve the resolution of the estimation. Parallel-camera con-
ditions are assumed so that disparities are purely horizontal, de-
creasing the number of displaced elements to generate. In ad-
dition, this number is further limited by a search window given
by the minimum and maximum disparity values for the whole
image (given by the block-based matching algorithm used by
the MMP version described in Section V). These two disparity
values can be determined prior to coding and sent as side infor-
mation to the decoder.

In early experiments, we used the same dictionary to encode
both the left and the right views. Figs. 9(a) and (b) presents the
statistics of the usage of the dictionary elements by type, for
the target (right) and reference (left) images, respectively. These
statistics show that, when the target image is being coded, the
displaced elements tend to be used more often than the others
(initial, concatenated, contracted or expanded). On the other
hand, when the reference image is being coded, the statistics
of the usage of the dictionary elements by type show that the
displaced elements, despite being also used, are much less fre-
quent than in the case of the target image.

Based on the above, we conclude that it might be useful to
use different dictionaries for the reference and target images.
In addition, in the target image the displaced blocks are used a
great deal, justifying the use of a separate dictionary containing
only displaced blocks. Indeed, our dictionary was split into three
separate entities:

1) a dictionary containing the initial, concatenated, con-
tracted and expanded elements;

2) a dictionary containing displaced elements accumulated
from past ROBs;

3) a dictionary containing only the displaced elements re-
sulted from the left correspondent ROB.

For encoding the reference image, we used dictionaries 1 and 2.
For encoding the target image we used dictionaries 1 or 3, de-
pending on witch one has the element that produced the lower
cost. A flag was used to indicate witch dictionary was chosen.
This approach leads to a better estimation of the probability of

the dictionary indexes, improving the coding efficiency. Simu-
lation results for this version 1 of the stereo MMP are given in
Section VI

V. STEREO-MMP WITH DEFORMED BLOCKS

The use of displaced elements of the reference image to en-
code the target image is best suited to the particular case where
all points of a 3-D object are at the same distance from the two
cameras. This can be assumed when the object is sufficiently
distant from the two stereo cameras. In many practical cases,
this does not occur, implying that the distance from a 3-D scene
point to the left camera is different from the distance of the same
3-D scene point to the right camera. This difference of distances
leads to perspective deformations in two corresponding blocks
in the two views. Such difference of distances can be estimated
by the disparity map. In order to make an estimate that is precise
enough so that it leads to a better quality of the reconstructed
image in most DCD-based stereo-image compression methods,
many restrictions must be attended, demanding a complex pro-
cessing. In this section we propose the inclusion of deformed
blocks in the MMP encoder in order to deal with this problem.

In order to generate the deformed blocks to be included in
the dictionary, we need a dense (pixel-by-pixel) and consistent
disparity map. Having this map, we displace the pixels of the
reference image, interpolate and resample them in order to gen-
erate the deformed blocks. Note that the disparity map can be
found using subpixel accuracy. In order to obtain it, we employ
the following block matching-based algorithm:

I. We build a 17 3 block around the pixel at position
( , ) in the reconstructed target image.

II. We search in the reconstructed reference image for
the best 17 3 block to match the target block, in
a squared error sense (See Fig. 10). This search is
performed with 0.25 pixel accuracy.

III. From the position of the central pixel of the optimum
block found, ( , ), we can calculate the dis-
parity value at position ( , ) in the disparity
map.

The main disadvantage of the above technique to generate the
deformed blocks is the need to send the disparity map to the de-
coder. The more precise is the map, greater is the overhead to
transmit it. In order to avoid such transmission of the disparity
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Fig. 10. Obtaining a dense pixel-based disparity map.

Fig. 11. Avoiding the transmission of the disparity map information to the
decoder.

map we propose to estimate the dense disparity map based on
already reconstructed blocks, because they are available to both
the encoder and decoder. In this way, both encoder and decoder
can compute the same disparity map. This is done as follows: to
generate a deformed block to be included in a dictionary corre-
sponding to a given ROB, we use the above algorithm (I to III)
on the reconstructed ROBs in the reference and target image that
are immediately above the current ROB (see Fig. 11).

The inclusion of such deformed elements in the dictionary
can generate better matches when the stereo pair presents ef-
fects like perspective distortion caused by the distance between
the two stereo cameras and by the distance from the 3-D ob-
ject to the two cameras. So, by inserting these elements in the
dictionary, we expect to improve the performance of the target
image compression, due to the presence of more representative
elements in the dictionary. Note that to encode the first ROB
of the target image we do not use the distorted elements, we
use only the initial, concatenated, contracted, and expanded el-
ements of the dictionary, which are of course available to the
decoder. After the reconstruction of this first ROB, the decoder
calculates the disparity map between the reconstructed ROBs of
the reference and target images that are immediately above the
current one, and uses this information to generate the deformed
elements (see Fig. 12). These elements will be used to encode
the current ROB of the target image.

Simulation results (see Section VI) have shown that the use of
deformed elements improves the results of compression for the
right view. In fact, using these elements, we obtained a rate
distortion performance comparable to that of the state-of-the-art
stereo coding algorithm HQBM [7].

Fig. 12. Generation of the deformed elements to encode the right ROB.

An interesting behavior has been observed in the encoding
of the reference image: the introduction of displaced elements
accumulated from past ROBs in the dictionary used for coding
the reference image yielded better compression results for it.
An explanation to this fact is as follows: it has been observed
that, whenever the maximum dictionary size is limited, there
is a drop in the rate distortion performance of the monoc-
ular MMP [25]; therefore, there is a strong indication that the
better compression results described above happened due to the
faster increase in the cardinality of the dictionary provided by
the inclusion of the displaced elements. Based on this fact, we
decided to introduce more elements in the dictionary, in order to
further improve the compression results of the reference image.
Then, elements representing rotations and symmetry transfor-
mations of blocks already processed were inserted in the dictio-
nary used for coding the left view. These elements were obtained
from transformations of elements of the dictionary that better
represented a block of the left view. The transformations were
rotations of 90 , 180 , and 270 (see Fig. 13), their horizontal
and vertical symmetries, as well as principal and secondary di-
agonal symmetries (see Fig. 14). Indeed, we have observed an
improvement in the rate distortion performance for the refer-
ence image.

VI. EXPERIMENTAL RESULTS

In this section, we show the results comparing the perfor-
mance of the original MMP (originalMMP), the stereo MMP
using displaced elements (stereoMMP1—see Section IV) and
the stereo MMP using distorted elements (stereoMMP2—see
Section V), for the reference (left view) and target (right view)
images separately. Note that, in the case of stereoMMP2,
the dictionary for the reference image contains the displaced
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Fig. 13. How to generate the rotated elements.

Fig. 14. How to generate the symmetric elements.

elements as well as the rotated ones. We also show the re-
sults comparing the best performer of these three algorithms,
the stereoMMP2, to the HQBM algorithm [7], the algorithm
in [22] and the algorithm in [19], for both left and right views,
jointly.

The image pairs used here are CORRIDOR1 and AQUA.2 It
is important to emphasize that we are compressing stereo image
pairs and not stereo image sequences. Hence, we are only ex-

1Computer Vision and Pattern Recognition Group, University of Bonn, Bonn,
Germany.

2CCETT: Centre Commun d’Etudes de Télédiffusion et Télécommunications
(test sequence shot and distributed under the European projects RACE-DIS-
TIMA and ACTS-Panorama), France.

ploiting the binocular similarities between the two views. The
synthetic stereo pair CORRIDOR presents low disparity differ-
ences and very few textured areas. The image pair AQUA, with
moderate occluded areas, is composed of the first left and right
frames (frame 0) of the natural textured stereo sequence AQUA.

In these versions of the stereo MMP, the images were ini-
tially divided in blocks of 8 8 pixels that were sequentially
processed by the algorithm. The initial dictionary in all cases is
composed of the impulses having the integer amplitudes from
0 to 255. In a multiple-dictionary implementation, this would
correspond to the dictionary at level 0, the other dictionaries at
levels 1–6 being obtained from this one by upsampling of its el-
ements.
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Fig. 15. Original MMP results compared to stereo MMP using displaced elements and stereo MMP using deformed elements. Target image (right view) of (a)
CORRIDOR and (b) AQUA.

Fig. 16. Original MMP results compared to stereo MMP using displaced elements and stereo MMP using deformed elements. Reference image (left view) of (a)
CORRIDOR and (b) AQUA.

Fig. 17. Rate � PSNR for stereo MMP and others for (a) the stereo pair CORRIDOR (ROOM in [7]) and (b) the stereo pair AQUA.

In Fig. 15, we see that the stereo version of the MMP algo-
rithm using displaced elements clearly outperforms the original
MMP for the target image. This supports the assumption that
the use of displaced elements enhances the coding performance
for the target image. Also, as expected from the discussion in
Section VI, the inclusion of distorted elements in the dictionary
further improves the coding performance for the target image,
for both image pairs.

In Fig. 16, we see that the inclusion of displaced, rotated, and
symmetric elements in the dictionary for the reference image
enhances the coding performance for both image pairs, further
confirming the conjecture made in Section VI.

It is important to note that, in all versions of MMP used here,
the rate and PSNR depend only on the parameter (see Sec-
tion III), that must be the same for both views. In fact, the bit
allocation between the left and right views is automatically per-
formed by the Lagrangian optimization process when the same
value of is used for both.

In Fig. 17, we compare the results obtained with stereo MMP
with other results available from the literature. For the stereo
pair CORRIDOR [see Fig. 17(a)], the stereo MMP with de-
formed elements (stereoMMP2) and the wavelet based algo-
rithms in [22] and [19] have similar performances. The HQBM
in [7] has better PSNR for rates below 0.5 bpp but poorer per-



DUARTE et al.: MULTISCALE RECURRENT PATTERNS APPLIED TO STEREO IMAGE CODING 1445

TABLE I
RATE � PSNR FOR STEREOMMP2 WITH THE STEREO PAIRS CORRIDOR,

AQUA, SAXO, TRAIN, MAN, AND FRUIT, FOR THE LEFT AND RIGHT VIEWS

ALONE, AS WELL AS FOR BOTH CONSIDERED AS A WHOLE (THE PSNR IS

COMPUTED BASED ON THE AVERAGE MSE OF THE PAIR)

formance for all rates above this point. Note that, whenever the
results refer to the stereo pair, the PSNR values correspond to the
computed mean squared error for both the reference and target
images.

For the stereo pair AQUA [Fig. 17(b)], we can see that, for
rates above 0.5 bps, the stereoMMP2 outperforms the MRF-
based hierarchical block matching (HQBM) of [7]. Although
for rates below 0.5 bps, HQBM performs better, note that, for
those rates, the quality of the reconstructed pair AQUA is very
poor PSNR dB . One should note that for this pair we
could not perform a comparison with the methods in [22] and

Fig. 18. CORRIDOR (256 � 256).

Fig. 19. CORRIDOR (256� 256). Left view: Rate = 0:701 PSNR = 37:01;
right view: Rate = 0:246 PSNR = 36:94; size of the compacted image: 7765
bytes.

[19]. This is so because the work in [22] presents full results
just for the CORRIDOR pair; for the AQUA pair, it presents
results only for the right residual image and not full results for
both views. In addition, the work in [19] has results only for the
CORRIDOR pair.

In order to make future comparisons with the proposed
method easier, we include in Table I results for the stere-
oMMP2 algorithm for the image pairs SAXO, TRAIN, MAN
and FRUIT.3 We include results for the left view and the right
view, as well as for both views together. The PSNR for the
two views considered as a whole was computed based on the
average MSE. The natural stereo pairs SAXO, TRAIN and
MAN are the first left and right frames of the known stereo
sequences SAXO,4 TRAIN and MAN. The image pair SAXO
has homogeneous areas within objects and is part of a nat-
ural stereoscopic sequence with moderate occluded regions.
TRAIN has moderate occluded areas and small objects. MAN
is a head-and-shoulders, mainly low textured, scene with large
occluded areas. Finally, the natural stereo pair FRUIT is a
natural scene with low to moderate occluded regions. Thus,
a set of stereopairs presenting different levels of perspective
distortion and mixing low- and high-textured areas is used to
test the algorithm.

Fig. 18 shows the original stereo pair CORRIDOR. Fig. 19
shows the reconstructed stereo pair CORRIDOR, for a rate

3[Online]. Available: http://vasc.ri.cmu.edu//idb/html/stereo/fruit/
index.html.

4CCETT: Centre Commun d’Etudes de Télédiffusion et Télécommunications
(test sequences shot and distributed under the European projects RACE-DIS-
TIMA and ACTS-Panorama), France.
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Fig. 20. AQUA (360 � 288).

Fig. 21. AQUA (360� 288). Left view: Rate = 1:870 PSNR = 33:25; right
view: Rate = 1:587 PSNR = 32:29; size of the compacted image: 44 811
bytes.

of 0.474 bpp. Fig. 20 shows the original stereo pair AQUA.
Fig. 21 shows the reconstructed stereo pair AQUA for a rate of
1.729 bpp.

VII. CONCLUSION

In this paper we have presented a new method for com-
pressing stereo image pairs, based on multiscale recurrent
patterns. The two views are encoded taking into account the
similarity between them, without the necessity of transmitting a
precise disparity map. The algorithm avoids several well-known
drawbacks of stereo codecs, presenting efficient alternatives
and producing high-quality reconstructed images.

We have developed an efficient coder based on this principle.
The analysis of its performance has shown that the inclusion
of displaced and deformed elements in the dictionary is an ef-
fective way of encoding the target images, and the inclusion of
displaced elements accumulated from past ROBs, as well as ro-
tated and symmetric elements is an effective way of encoding
the reference images. The algorithm performed very well for
image pairs obtained using parallel camera conditions. In ad-
dition, its structure allows its adaptation to nonparallel camera
geometries. For example, besides the dictionary of displaced
blocks used to encode the target frame, one could add dictio-
naries of elements displaced and distorted taking into account
the nonparallel geometry, thus increasing the match probabili-
ties. In brief, the proposed method is quite promising, opening
a new avenue in stereo image coding.
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