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Abstract—In this work, we further develop the multidimensional
multiscale parser (MMP) algorithm, a recently proposed universal
lossy compression method which has been successfully applied to
images as well as other types of data, as video and ECG signals.
The MMP is based on approximate multiscale pattern matching,
encoding blocks of an input signal using expanded and contracted
versions of patterns stored in a dictionary. The dictionary is up-
dated using expanded and contracted versions of concatenations of
previously encoded blocks. This implies that MMP builds its own
dictionary while the input data is being encoded, using segments
of the input itself, which lends it a universal flavor. It presents
a flexible structure, which allows for easily adding data-specific
extensions to the base algorithm. Often, the signals to be encoded
belong to a narrow class, as the one of smooth images. In these
cases, one expects that some improvement can be achieved by
introducing some knowledge about the source to be encoded. In
this paper, we use the assumption about the smoothness of the
source in order to create good context models for the probability
of blocks in the dictionary. Such probability models are esti-
mated by considering smoothness constraints around causal block
boundaries. In addition, we refine the obtained probability models
by also exploiting the existing knowledge about the original scale
of the included blocks during the dictionary updating process.
Simulation results have shown that these developments allow sig-
nificant improvements over the original MMP for smooth images,
while keeping its state-of-the-art performance for more complex,
less smooth ones, thus improving MMP’s universal character.

Index Terms—Adaptive probability model, image compression,
multiscale recurrent patterns, side-match, vector quantization.

I. INTRODUCTION

MOST OF the current communication networks transmit
video signals and images, since they tend to improve

user experience and to attract potential consumers. However,
many networks present band restriction problems, which claim
for good compression schemes in order to provide this kind of
service. Most current video and image compression standards
are transform-based, as the ones in [1]–[4]; they rely on the
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assumption that the visual data is essentially of a low-pass
nature, which is exploited by the transformation-quantiza-
tion-entropy coding paradigm. Such a stratagem produces good
results for natural images; however, when text or graphics
are present, or the data is composed of motion-compensated
residual frames, the transforms may not enjoy good energy
compaction properties. Such problems can be overcome by
method switching [5]. The handling of image discontinuities
has also been performed by using piecewise polynomial ap-
proximations along with efficient tree-based segmentation
schemes [6]. Recently, practical ways of dealing with image
edges in wavelet-based encoders using wavelet footprints have
been proposed [7]. Nevertheless, the development of schemes
with universal behavior, which could adapt to the input data
and, thus, be used in a variety of systems, could also lead to
elegant solutions. Indeed, universal schemes may avoid having
a variety of different methods or encoders, each suitable for a
specific type of data. In schemes based on method switching,
there is an additional step for classifying and separating data
components, e.g., the Foreground, Background, and Mask
elements present in [5], which requires more computation.
It is also worth noticing that universal schemes may easy the
deployment of data compression schemes, due to the reusability
of the previously developed hardware, requiring in most cases
a few adaptations. For example, in biological signal compres-
sion, when dealing with electrocardiograms (ECG), which are
a graphical representation of the electrical activity of the heart-
beat, electromyograms (EMG), which represent the electrical
activity of muscles during contractions, and electroencephalo-
grams (EEG), which measure the electrical activity produced
by the human brain, collected from a patient, instead of having
different devices for each signal, only one universal method
could be used, implemented in a unified hardware for remote or
in-office monitoring. This would cheapen the implementation
of such schemes, directly benefiting patients and doctors.

As stated above, many of the state-of-the-art compres-
sion schemes developed so far [1], [2] are transform-based
and rely on the three-step encoding paradigm: a first step of
transformation is followed by a quantization step and then an
entropy coding step. Differently from those, the compression
scheme presented in this work does not rely on the three-step
paradigm. It is an extension of the multidimensional mul-
tiscale parser (MMP) algorithm, a lossy data compression
scheme, based on approximate multiscale pattern matching,
which has been recently introduced in [8]. In ordinary pattern
matching, two signals and of equal lengths are said to
match if they are closer, according to some metric, than a
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Fig. 1. Approximate pattern matching with scales.

predefined threshold. On the other hand, in multiscale pattern
matching the two signals to be matched can have different
lengths, that is, . In order to match them, we first
change the lengths of the vectors using a scale transformation

. Matching with scales is graphically
illustrated in Fig. 1, where a vector of length 2 is dilated to
length 5 in order to be compared to vector of length 5.

Simulation results have shown that MMP is very effective
in compressing a wide variety of image sources, specially im-
ages containing text or graphics, as well as compound images
with text, graphics and other grayscale images. In those cases,
the MMP algorithm outperforms other encoders representing
the state-of-the-art in image compression [8]. However, when
compressing pure grayscale images, MMP does not perform as
well as encoders based on the DWT, such as SPIHT [2] and
JPEG2000 [1]. Such a behavior is due to the fact that the trans-
form-based schemes rely on the supposition that the image data
is essentially smooth, of a low-pass nature (in other words, they
tend to contain large regions with a slow rate of intensity varia-
tion). This makes a great amount of information to be clustered
in the low frequency transform coefficients, leading to efficient
encoding schemes. However, this kind of smoothness assump-
tion is not valid for a large class of image data, like text and
graphics.

The above discussion suggests that a natural approach to im-
prove the performance of MMP with grayscale images would
be to assume some model for this type of source and adapt the
algorithm accordingly. However, it is desirable that this be done
in such a way that the good performance of the MMP algorithm
with text, graphics, and mixed image sources is not impaired.

In the first versions of the MMP algorithm [8], a signal is
encoded by first segmenting it into variable-size blocks. Each
block is encoded using expansions and contractions of blocks
stored in a dictionary, which is updated as the data is being en-
coded, with expanded and contracted versions of concatenations
of previously encoded blocks. Indeed, the encoding method pre-
sented by MMP resembles traditional adaptive vector-quanti-
zation schemes [9]–[12]. However, it has some unique charac-
teristics, like the binary-tree segmentation allied to the multi-
scale approach and the updating procedure. The last one is the
key factor in adapting to the input signal and was inspired by
the Lempel–Ziv algorithms [13]. In this paper, we propose to
modify the basic algorithm by adopting an underlying model
for the source. This is accomplished by, when attempting to en-
code a given block, first measuring the behavior of the image
in a causal neighborhood of the block. Using this measurement,
we then modify the probability model of the dictionary elements

by increasing the probability of those blocks which meet some
smoothness criterion relative to the causal neighborhood, while
decreasing the probability of the ones that do not. By doing so,
the algorithm will favor the choice of those blocks that yield a
smooth representation of the image. Note that this is equivalent
to encoding the blocks using context models [14]–[16] dictated
by a smoothness criterion relative to their causal neighborhood.

By closely analyzing the dictionary construction process in
MMP, one can notice that both encoder and decoder have access
to information that is not exploited in the basic algorithm. For
example, when an element is introduced in the dictionary, both
encoder and decoder know the original scale of this element,
but this knowledge is not used during the encoding process. We
propose to employ such a knowledge to further refine the proba-
bility model used to encode the dictionary elements. We do so by
dividing the dictionary into several partitions, each one with its
own probability context. Such a division takes into account the
scale from which each element was transformed (expanded or
contracted) before being included in the dictionary. This refined
probability model then attempts to capture the structure behind
the update procedure, exploiting the dependency between the
origin of an element and the probability that it will be used for
encoding a given signal block.

By modifying the probability of the dictionary elements ac-
cording to a smoothness criterion and applying a suitable proba-
bility model to them, we are able to achieve significant improve-
ments in rate-distortion performance for smooth images, while
providing a small but consistent improvement for nonsmooth
images, like text and graphics.

This paper is organized as follows. In Section II, the basic
segmentation procedure used in the 2-D MMP algorithm is
presented. In Section III, the block-adaptive context models
for compressing smooth signals in MMP is presented. In Sec-
tion IV, a smoothness-based probability model is presented. In
Section V, the dictionary partition approach is presented, while
in Section VI, we describe further enhancements to the dic-
tionary updating process that provide increased rate-distortion
performance. Next, in Section VII, we present experimental
results and comparisons to state-of-the-art encoders. Finally, in
Section VIII, we present our conclusions. Appendix I contains
details of the particular implementation of MMP used in our
simulations. Appendix II presents a brief discussion of the
computational complexity of MMP. Appendix III shows a
pseudo-code for the compression algorithm developed.

II. MMP ALGORITHM

In a 2-D MMP, there is a dictionary
of variable-sized blocks that are used to approximate vari-
able-sized sub-blocks of an input block

...
. . .

...

where are powers of two. When attempting to encode
, MMP builds a binary segmentation tree , where

each node corresponds to a sub-block in . The asso-
ciation of the nodes to sub-blocks is as follows.
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Fig. 2. Segmentation tree for the input vectorX .

1) corresponds to .
2) For each node , associated to a sub-block of size

, we have: if then and are
associated to two sub-blocks of size such that
their concatenation is equal to . Instead, if
then and are associated to two sub-blocks

and of size .
3) This segmentation rule is recursively applied to all sub-

blocks, starting at node , until the size 1 1 is reached,
when no further subdivision is possible.

This process is illustrated in Fig. 2 for .
After that, MMP searches in the dictionary for the best

blocks that can be used to replace each . In the spirit of
approximate multiscale pattern matching [8], the search proce-
dure tests all blocks in , no matter the dimensions of each .
The choice of the best block is based on the minimization of the
Lagrangian cost , defined as

(1)

(2)

(3)

where is a properly scaled version of , is some
distortion metric (usually the squared error) and is the
probability of the vector of index being chosen for encoding
a given signal block.

The choice of the the best vector to represent can
be regarded as a conventional full-search vector quan-
tization scheme, where the codebook of vectors is
a copy of the dictionary where all vectors are con-
tracted or expanded to scale . If the dimension of the
input block is with , the segmen-
tation tree has nodes associated to blocks of dimensions
{ }. This
implies that there are different dimensions
or scales. We actually use this multiple-codebook approach in
our implementations. Although it requires a greater amount of
memory, it is faster than the single codebook approach because

Fig. 3. Pruned segmentation tree for the input vectorX .

it avoids the need to compute scale transformations each time
we want to perform a match.

To encode the input data, only the information associated to
the leaf nodes of the segmentation tree need to be considered.
The cost associated to a full binary tree, as the one illustrated in
Fig. 2, is simply the sum of the costs of all leaf nodes. However,
the full binary tree is not necessarily the best segmentation tree.
Fig. 3 illustrates an example of an arbitrary segmentation tree.
We then have that the total cost to encode using an arbitrary
binary segmentation tree is

(4)

where is the set of leaf nodes of and is the rate
needed to specify .

MMP attempts to find the best segmentation tree by pruning
the full binary tree using a search algorithm, similar to the ones
in [17] and [18]. We define the subtree as the subtree of

that has as its root node. Then, to find the optimum subtree,
if , the subtrees
and must be pruned from in order to decrease the
cost.

In the example illustrated by Fig. 3, the output generated by
MMP would be the sequence 0, 0, 1, , 0, 0, , , 1, , 1,

. Note that in an actual implementation, these indices would
be encoded using an adaptive arithmetic encoder [19]. The flag
sequence 0010011 defines the chosen segmentation tree in a
top-down fashion. As long as one knows which are the blocks
associated to each index (that is, both the encoder and the
decoder have the same dictionary ), the output sequence gen-
erated by MMP is easily decoded as follows: the decoder begins
by reconstructing the segmentation tree from the segmentation
flags. After that, the decoder knows the dimensions associated
to each index , since each node corresponds to a block
of known dimensions. Then the decoder proceeds by replacing
each node by a correctly scaled version of block in the
dictionary .

The description of the MMP algorithm performed so far
assumes that it operates with a fixed database, that is, with
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a static dictionary. However, a distinctive feature of MMP,
that is responsible for a great performance improvement, is
that the dictionary is allowed to adapt itself to the data being
encoded. MMP starts with a very simple initial dictionary, that
at scale 1 1 is composed by a set of scalars ranging from the
minimum pixel value found in the input image to the maximum
pixel value, which grows in size as the encoding proceeds (note
that at other scales the dictionaries’ elements are expanded
versions of the ones at the scale 1 1). The adaptability is
accomplished by updating the dictionary with contracted and
expanded versions of concatenations of previously encoded
blocks. This is somewhat similar to the dictionary construction
in lossless Lempel–Ziv universal compression schemes [13]. In
fact, our choice of the initial dictionary was motivated by the
LZW [20] version of that algorithm. For example, referring to
Fig. 3, as soon as the indices and are determined, we
can build and , the reconstruction versions of the input
segments and , by properly scaling the dictionary
blocks and . Then we have the reconstructed version
of by the concatenation of and , that is

We can then safely include in the dictionary, since the infor-
mation used to generate this new block is available both to the
encoder and to the decoder, ensuring the proper synchronization
of the dictionaries at both ends. Likewise, the next update of the
dictionary in this example will be done by including in it the
concatenation of and , as soon as the two segments are
available.

We denote a copy of the dictionary at scale
as . If we are using the multiple codebook scheme,
to include a new block in the dictionary we must ac-
tually include in for

[for de-
tails on the scale transformation, see (1), (24), and (I)]. It is
important to note here that, as the encoding goes on, the dif-
ferent copies of the dictionary cease to be just scaled versions
of one another. This occurs due to two reasons. The first one is
that an element is only included in scale if its scaled version
is not equal to one already existing in the dictionary . For ex-
ample, this often happens when introducing an element coming
from a large scale (e.g., 8 8) in a small scale dictionary (e.g.,
2 1). The second one is that in practice a dictionary cannot
grow indefinitely. Thus, when the number of elements in a
dictionary reaches a maximum amount, for every new element
introduced one excludes from it the oldest among the least used
elements. This causes the dictionaries in different scales to be
most likely pruned differently. In order to properly account for
that, we have to make a slight change in the notation: instead
of using , that represents the transformation to scale of the
th element of the dictionary , we will use , representing

the th element of , the dictionary in scale . This change in
notation emphasizes that is actually an element from the
dictionary .

Considering that the Lagrangian costs are independent,
which can be safely assumed if the dictionary is large enough,
then the search algorithm described previously can be used to

Fig. 4. Route for analyzing the blocks/nodes in the optimization procedure
used by MMP.

find an optimal segmentation tree. However, since the dictio-
nary is updated while the data is being encoded, the pruning of
a subtree can cause the removal of many dictionary up-
dates, affecting all nodes that are to the right of the node which
is being analyzed. So, if we prune a subtree, we might remove
from the dictionary an element that would otherwise be used
later to approximate an input block.

The optimization begins by processing the input block
and recursively splitting the resulting sub-blocks following the
order illustrated in Fig. 4, with the associated Lagrangian costs
for encoding each one being computed. The statistics of the
chosen dictionary elements and of the flags for describing
the tree are updated accordingly. When the algorithm reaches
the last scale (scale 1 1), it goes up the tree analyzing the costs
of the children subtrees and and the cost of
the parent node , to decide about pruning or keeping those
subtrees, as described above. Whenever it decides to prune, the
dictionary updates due to those subtrees are removed, that is,
the concatenation of and , as well as the statistics
of the chosen elements and flags are adjusted, considering as if
they have not been used. In this pruning procedure, the nodes
are traversed in the order depicted in Fig. 4.

In order to evaluate the Lagrangian costs, we need to know the
probabilities of occurrence of each element in the dictionary, as
well as the probability of each segmentation flag. In our imple-
mentation of MMP, these probabilities are estimated by keeping
a record of the number of times each element and flag has been
used. Therefore, whenever we perform a temporary update of
the dictionary, we must also perform a temporary update of the
statistics record.

III. MMP USING BLOCK-ADAPTIVE CONTEXT MODELS

The original MMP was conceived as a universal compres-
sion scheme. Therefore, it does not use any a priori knowledge
about the statistical nature of the source. When attempting to
encode data from a particular source, MMP must learn the sta-
tistics from the data itself while it proceeds with the encoding.
The dictionary updating procedure of MMP, as well as the adap-
tive arithmetic encoding of symbols generated by the segmen-
tation procedure, are responsible for this task. The efficiency of
the encoding process depends on the accuracy of the statistics
estimated by both techniques and we can expect it to improve
as the encoding proceeds. However, the first segments will be
encoded with low efficiency, since the statistical model is not
well matched to the source at the beginning of the encoding
process. Also, MMP uses a segmentation procedure that parses
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Fig. 5. Segmentation-induced discontinuity: (a) original block; (b) recon-
structed block.

the input data in variable-sized blocks. Whenever attempting to
encode a given block, the dictionary elements learned after en-
coding all previous blocks are used to encode the current one,
allowing MMP to explore some of the statistical dependency
among them. Despite that, this basic version of MMP is not able
to neither learn nor explore the joint statistics of blocks. For in-
stance, the representation that MMP produces can have se-
vere discontinuities at the boundaries of blocks generated
by the segmentation procedure, even if the original input block

is smooth. This is illustrated in Fig. 5. Such discontinuities
happen because the distortion definition in (1), used to eval-
uate the cost of a node , is independent of the representations
chosen for other neighboring blocks. Therefore, MMP has no
explicit control over the smoothness at the boundaries of the
blocks. If we attempt to control this blocking effect by a simple
redefinition of the distortion metric, one side effect might be
an increase in encoding rate, because the new distortion metric
may force MMP to choose elements that are not optimum for
the squared error, in an R-D sense. One way to overcome this
difficulty is to define a block-adaptive probability model, which
has the potential to reduce the rate by assigning higher probabil-
ities to the dictionary elements that are closer to the neighboring
blocks, according to the new distortion metric.

The extension to MMP proposed in this paper intends to im-
plement such an adaptive probability model, based on the char-
acteristics of the causal neighborhood of a given input block.

In MMP, the probability density function is estimated by
keeping a record of the number of times each element of the
dictionary is used. The basic MMP uses these probabilities
to feed the models for the arithmetic coder, and consequently
uses them in the optimization of the segmentation tree. In our
new approach, these probabilities are multiplied by a weighting
function that depends on the behavior of a causal neighbor-
hood, before they are used by MMP. This way, we are able to
influence the choice of vectors made by MMP, in a block by
block basis. It is important to emphasize that this is equivalent
to coding a block by using context models [14]–[16] set up,
taking into consideration a continuity criterion throughout its
causal neighborhood.

In order to clearly describe this approach, one should first
make the definitions that follow. For an block ,
associated to the segmentation tree node , we define the upper
neighbor as the block immediately above ,
and the left neighbor as the block immediately
to the left of . This is illustrated in Fig. 6. We also define

Fig. 6. Upper and left neighbors.

the reconstructed upper neighbor and the reconstructed left
neighbor , as the blocks used by MMP to represent and

. Both and are usually available prior to the encoding
of , due to the order that MMP traverses the segmentation
tree. If the input block is located in the first row or the first
column of the image, the upper or the left neighbor, respectively,
may not exist. However, this does not impair our analysis, since
there is always at least one neighbor available (except for the
first coded block, the one from the upper left corner).

For example, referring to Fig. 3, when MMP attempts to en-
code , the representations , and are available.
Therefore, it knows the first column of all rows of and up to
the second column of the two first rows, that is

The reconstructed left and upper neighbors of , respectively,
are determined as

and

In order to properly exploit the statistical dependencies of a
given block to its upper and left neighbors, one needs a way
of estimating the conditional probability of given its upper
and left neighbors. If is a random vector representing the th
image block, and and are random vectors representing
its upper and left neighbors, respectively, we can write

(5)

The upper and left neighbors were chosen because they are the
nearest causal neighborhood of and are directly available
to the decoder, which avoids transmission of side information.
Besides, they provide a simple way of predicting the behavior
of the next block, given that the smoothness assumption holds
throughout the image.

The basic MMP algorithm uses the number of occurrences
of each dictionary element to estimate the probability
of each candidate used to represent . This information
is used in the optimization of the segmentation tree, as well as
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in the arithmetic encoding of the index chosen. Since the dic-
tionary is built from the input data itself, one can expect that

can also be used as an estimate of .
However, if the neighborhood is known, the rate needed to en-
code the index using as
the probability model is at most the same (and will usually be
less) as that obtained by using , since the con-
ditional entropy cannot be
greater than the entropy [21].

These ideas can be used to enhance the coding efficiency of
MMP if we use, instead of the original probabilities estimated,
the following model, derived from (5):

(6)

where are the probabilities used in the original MMP.
Note that we use and instead of and , respectively.
This is done in order to avoid the need to transmit any side in-
formation to the decoder.

IV. MMP WITH A SMOOTHNESS-DEPENDENT

PROBABILITY MODEL

The next step is to define the function . Ideally, from (5)
it should indicate the amount by which the joint probability of
the upper and left neighbors is modified if is equal to each of
the . However, such an estimation is not practical, and, there-
fore, we should search for good performing simplifications. In
this work, we associate to a continuity mea-

sure of each block to the upper and left neighbors and
. This is performed as described in the sequel.
Given that the position of the first sample of (of dimen-

sions ) inside is , the position of the first
sample in and are and ,
respectively. The upper left corner is considered as the origin of
the block.

In order to measure the smoothness of the approximation in
the vertical and horizontal directions, we define four parameters
to be associated with the th block , the dictionary in
scale [note that the upper left corner of block corresponds
to the coordinate (0,0)].

1) The zero-order discontinuities

(7)

(8)

2) The first-order discontinuities

(9)

(10)

Note that these definitions are based on finite-differences ap-
proximations for first and second derivatives, respectively.

We then define the rugosity metric [22] as

(11)

where is the th element of the dictionary in scale . The
rugosity was conceived by observing that the algorithm should
preserve the continuity of basic structures across blocks, such
as flat regions, regions of constant gradient and quadratic sur-
faces. The multiplying factors , , , and were chosen for
better adapting to these basic structures, as they usually appear
in natural images. These four parameters are chosen only once
and then used for all target signals. Normally, supposing some
symmetry with respect to the structures present on natural im-
ages, and . For the results shown in this work,

and [see (26)].
Therefore, if one is interested in encoding smooth images

with MMP, the smaller the rugosity of a dictionary element, the
higher should be its probability in the corresponding context
model. In other words, one can say that we use the rightmost
columns of the reconstructed left-neighbor and the lower
rows of the reconstructed upper-neighbor of to evaluate
which are the “best” blocks in to encode , that is, the
ones which best fit the neighborhood behavior according to our
continuity criterion. The context model is chosen according to
these rules and prior to each matching attempt. In cases where
the sub-block is located on the boundaries of the input block

, the upper- or the left-neighbor must be retrieved from the
previously encoded adjacent input blocks, if they exist.

However, the rugosity metric is not the only one that should
be taken into account in order to set the context models. It has
been observed that, on an average, the smaller the rugosity of
a block, the smaller tends to be its amount of detail. With this
in mind, suppose we have two blocks, one with a low and an-
other with a high level of detail, that have neighbors that provide
approximately the same rugosity metric for the dictionary ele-
ments. In order to encode the block with low level of detail, there
is a tendency to choose for encoding it a dictionary element with
a low amount of details, and this would tend to correspond to an
element of small rugosity. In addition, usually the number of el-
ements in a dictionary with a low level of detail is small. Thus,
in order to properly encode, with low rate, a block with a low
amount of details, it would suffice to have just a small number of
elements in the model with high probability. On the other hand,
in order to encode a block with a high level of detail, it is best
to choose a dictionary element with a high level of detail, which
would correspond to an element having high rugosity. However,
the number of elements with a high level of detail (or, equiva-
lently, high rugosity) in a dictionary tend to be large. Therefore,
in order to properly encode an element with a large amount of
details, one needs to have a sufficiently large number of dictio-
nary elements with high rugosity and high enough probability in
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the model chosen. This suggests that in order to properly deter-
mine the probabilities of the dictionary elements in each con-
text model, one needs, besides the rugosity, a measure of the
amount of detail present in a block. One solution would be to
use a measure of activity in the frequency domain and transmit
it as side information for each block to be encoded. However,
the rate overhead generated in this solution would be unaccept-
able. Therefore, it would be desirable to devise a measure of the
amount of details in a block that would use only information
that could be derived from previously encoded blocks, and not
from the block itself. In order to accomplish this, we devised the
activity metric, as defined in (12). The activity was chosen be-
cause it accounts for the strength of transitions throughout the
causal neighbors of a block, being a reasonably good measure
of the complexity of the signal. A block having high complexity
means that we need a context model in which elements with high
rugosity have high enough probabilities, so that the block can be
properly encoded. For a vector of length , the activity is de-
fined as

For a 2-D block of dimensions , the activity is
evaluated as

(12)

From the above, the probability of a dictionary element in a
context model should be a nonincreasing function of its rugosity
and a nondecreasing function of the activity of the causal neigh-
bors of the block to be encoded. In other words, the weighting
function should be a nonincreasing function of the ru-
gosity and nondecreasing function of the activities

and . We can then approximate (6) as

(13)

One important point to take into account is that, in smooth im-
ages, the weighting function will tend to decrease a great deal
the probabilities of the elements with high rugosities. In addi-
tion, the number of such very low probability elements will be
dependent on the activities—the higher the activity, the smaller

the number of elements with very low probability. Since ele-
ments with very low probabilities have a very high cost, they
will usually not be chosen to encode a given block. Therefore,
there should not be a significant loss in performance if we just
set their probabilities to zero. But to set an element’s probability
to zero is equivalent to take it off from the dictionary . Thus,
by setting very small probabilities to zero we would effectively
end up with using for encoding block a pruned dictionary

. The cardinality of , that we refer to as , should
be a nonincreasing function of the activities of the causal neigh-
bors. Note that the main advantage of this approach is that, if we
use the pruned dictionary instead of , a smaller number
of vectors will be searched for when encoding a block, thus re-
ducing the overall computational complexity of the encoding
process.

Being more specific, we will compose the pruned dictionary
with the least rugose elements, where is a nonde-

creasing function of the activities of the blocks and .
Then, from (13), the probability model for encoding block
[see (14), shown at the bottom of the page].

Several choices for the weighting function in (14) are
possible. The simplest one is to consider it as constant. This
would be equivalent to use a pruned dictionary with the
least rugose elements of the original dictionary with their
probabilities of occurrence being proportional to , as
in (15) below, where . The number of
elements in the pruned dictionary is given by (27) (see Ap-
pendix I)

.
(15)

It is worth noticing that the procedure employed above for
choosing the elements that will belong to the pruned dictionary
used for encoding block is essentially the same one em-
ployed in several side-match vector quantization schemes pre-
sented in the literature [22]–[26]. Note also that the side-match
MMP algorithms described in [22] and [27] correspond just to
the particular cases described in (15).

Among other good options for the weighting function
are the ones that would further increase the probabilities of the
less rugose elements in detriment of the more rugose ones. An
option that has provided good rate-distortion performance (see
Section VII); see (16), shown at the bottom of the page, where

is chosen such that .

Again, the number of elements in the pruned dictionary
is given by (27) (see Appendix I). The final formula for the
weighting function relies on the observation that the less rugose
elements are more likely to be used and this dependency is well

(14)

(16)
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TABLE I
PROPORTION (%) OF USED BLOCKS IN SCALE s DICTIONARY D THAT WERE ADDED TO IT

COMING FROM EACH SCALE k FOR THE 16� 16 INPUT BLOCKS FROM IMAGE LENA

modeled by the Gaussian function. Besides, the activity can be
seen as a kind of spread measure, like the variance, defining the
complexity/difficulty in finding a suitable approximation for the
current block.

Note that the weighting function in (16) satisfies the basic
requirements for a good weighting function, namely to be both
a nonincreasing function of the rugosity and a nondecreasing
function of the activities.

It is important to note that the proposed framework for MMP
is not restricted to smooth images, but can incorporate any
source model. In order to do so, however, the rugosities and
activities should be replaced by other suitable measures.

A detailed description of the functions used for computing
the probabilities of the context models is given in Appendix I.

V. DICTIONARY PARTITION APPROACH

The MMP algorithm updates the dictionary while the data is
being encoded, with expanded and contracted versions of con-
catenations of previously encoded blocks. More specifically, let
two nodes be and . From Fig. 3, we see that their
scale is , where is the largest integer
smaller than or equal to . Thus, whenever is encoded
with and is encoded with , then the
dictionary will be updated with , the concatenation of

and (note that this new element is at scale
).

If we use the multiple dictionaries approach and the dimen-
sions of the input block are , we have to keep

copies of the dictionary, one at each scale (see the
discussion at the end of Section II). Whenever the new ele-
ment is to be included in the dictionaries ,

, its scale must be changed from to
by means of a scale transformation. This means each element
at any scale is originated from a transformation of an element
like above, whose scale can be any one of the

different origin scales. It is important to note that
this information, indicating for each dictionary element the scale
it has come from, is available both to the encoder and the de-
coder.

Based on the discussion above, we can infer that the MMP
dictionary updating procedure lends an inherent structure to its
dictionaries; it is as if the dictionaries were divided in sub-
dictionaries, with each subdictionary containing the elements

coming from a certain scale. We then form a partition of the
dictionary at scale , , as

(17)

where each subdictionary is composed by the elements of
that were obtained by a scale transformation from elements

originally at scale , formed by the concatenation of two ele-
ments at scale .

If we analyze the statistics of typical images, as illustrated in
Table I for the image Lena, it is possible to identify, for each
scale, a specific pattern on the choice of elements for encoding
input blocks . For example, Table I shows that 52.88% of
the 2 2 blocks that were used to encode the image Lena were
obtained by contraction of 4 2 blocks. It is clear that most
scales present preferred origins for the chosen elements.

One possible way of exploiting the behavior shown in Table I
is to separate the representation of an element present in the dic-
tionary in two components: origin scale and index. Consid-
ering the partition in (20), the dictionary elements are then in-
dexed in two steps: in one step the subdictionary is chosen,
defining the origin scale as , while in the other the index for
the best element inside to be used to represent the input
block is chosen. Due to the partition in (20), each subdic-
tionary has a smaller number of elements than the whole dic-
tionary, and, thus, the vectors inside it tend to be indexed with
less bits. In addition, if in some scale some subdictionaries are
more used then others, the choice among them can be performed
with a smaller number of bits than the logarithm of the number
of subdictionaries. This can lead to an overall reduction in the
rate needed to specify the nodes of a segmentation tree if
one uses adaptive context models.

In order to specify the rate to encode , the index of the
th element of the dictionary in scale supposing it is inside

the subdictionary , the expression given by (2) becomes

(18)
where is the probability that the element chosen
for encoding belongs to the subdictionary in scale with
elements transformed from scale and is the
probability of vector from being chosen for encoding
a given signal block. So, we can also use adaptive context
models to reduce the rate needed to specify the indices of
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the subdictionaries, as is done for the indices of the vectors.
Note that rugosities as well as the activities
and of the neighbors of the element determine a
pruned dictionary that is partitioned in subdictionaries

. Depending on the pruning process, some subdictionaries
may become empty, and the corresponding context model
should have zero probability assigned to them. Similarly to
what has been done in the previous section, we can generate a
multiplicative model like the one in (IV) for the probabilities
in (21). Defining as the probability that
vector is chosen from the subdictionary in scale when

encoding block , and as the probability
that subdictionary is chosen when encoding , we have
that the context models for the subdictionaries are shown in
(19) and (20), at the bottom of the page, where is chosen
such that .

Simulation results assessing the effectiveness of the division
of the dictionaries in subdictionaries are given in Section VII

VI. ADDITIONAL IMPROVEMENTS

It has been observed that, in general, the more typical se-
quences are included in the dictionary, the better MMP tends
to perform [28], [29]. In other words, the faster the dictionary
grows, the better, as long as it grows with “useful” vectors.
Based on these observations, in order to further improve the
performance of the proposed algorithm, we have modified the
dictionary-updating procedure by forcing the algorithm to learn
not only the concatenations of blocks, but also displaced ver-
sions of those. This allows the dictionaries to grow faster,
reducing the mean distortion. Note that when using the pruned
dictionaries, the mean rate is not significantly affected since the
size of the pruned dictionary is independent of the size
of [see (27)].

With the new approach, up to ten new elements can be
included on each update, through displacements both to the
left and above. Suppose we update the dictionary with the
inclusion of the concatenation of and , as shown
in Fig. 7. On the original MMP algorithm, the only up-
date for this concatenation would be the square block with

as upper left corner and as the lower right
corner, represented by . However, we can
include other elements which probably do not exist in the
dictionary, such as , and

. They correspond to vertical displacements
of , and . This way, the algorithm can learn
many displaced versions of a new element, providing faster
adaptation to the signal being encoded, which may lead to
cost reduction. The same procedure can be applied to hori-
zontal and diagonal displacements, providing up to ten new

Fig. 7. Displacements for updating the dictionary.

elements. If the concatenation to be included has dimen-
sions and is represented by

, the displaced blocks can be represented by
,

where the vertical displacement and horizontal displacement
are given in Table II ( stands for the largest integer

smaller than or equal to ).
Note that, for small blocks, the number of new blocks added

may be smaller than ten. For example, in scale 2 1 there are
just the displacements equal to (0,0) and (1,0). When-
ever the block is located on the boundaries of the input block,
some parts of the displacements must be retrieved from the pre-
viously encoded neighboring input blocks, if they exist.

VII. EXPERIMENTAL RESULTS

We have implemented the original MMP and the proposed
extension, referred to as APM-MMP (Adaptive Probability
Model MMP), to compress grayscale still image data. We
used the images Lena, Peppers, PP1205, and PP1209, of size
512 512, and Einstein and Cameraman, of size 256 256.
Fig. 8 shows all test images. Each input image was initially
divided into blocks of 16 16, which were sequentially pro-
cessed by the algorithm. We ran simulations with APM-MMP
and MMP, as well as with JPEG2000 [1] for comparison.

(19)

.
(20)
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TABLE II
OFFSETS OF THE DISPLACED BLOCKS TO BE INCLUDED IN THE DICTIONARY

Fig. 8. Original images: Lena, Einstein, Peppers, Cameraman, PP1205, and PP1209.

Fig. 9(a)–(f) shows the R-D performance of the three
algorithms. The test images Lena and Peppers were down-
loaded from the location http://sipi.usc.edu/database. The
test image Cameraman was downloaded from the loca-
tion http://iie.fing.edu.uy/ense/asign/codif/material.htm, and
Einstein from http://scien.stanford.edu/labsite/scien_test_im-
ages_ videos.html. The images PP1205 and PP1209 were
scanned, respectively, from the IEEE TRANSACTIONS ON

IMAGE PROCESSING, vol. 9, no. 7, pp. 1205 and 1209, July
2000. PP1205 contains only text and formulas, while PP1209 is
a compound of grayscale (two compressed versions of Lena),
text, formulas and graphics. Both images were acquired at
75 dpi, with scanner Epson Perfection 1240U, and their size
was approximately 210 mm 280 mm. They can be found at
ftp://ftp.lps.ufrj.br/pub/profs/eduardo/MMP/. From the figures,
the following can be observed.

1) The APM-MMP algorithm outperforms the original MMP
for all images of the test group.

2) The APM-MMP outperforms JPEG2000 for the image
Cameraman by dB at 0.6 bpp.

3) The APM-MMP outperforms JPEG2000 by dB for
PP1209 (compound grayscale, text and graphs) and by

dB for PP1205 (text and equations), both at 0.6 bpp.
4) The APM-MMP outperforms JPEG2000 for the image

Einstein by dB at 0.5 bpp.
5) The JPEG2000 algorithm outperforms APM-MMP for the

image Peppers by dB at 0.6 bpp.
6) For image Lena, APM-MMP has not reached the perfor-

mance presented by JPEG2000.
The figures show that APM-MMP provides an expressive in-

crease in performance over the basic MMP for smooth images.
This suggests that the context models introduced in this paper

were effective in increasing the coding performance for this
class of images. For instance, the gain in PSNR for image Lena,
at 0.5 bpp, was about dB. For the image PP1209, we also
provide results with the document compression schemes in [30]
and [31], known as AVC-C and MRC with AVC-I/JBIG2, re-
spectively, as well as with the H.264 Intra frame encoder [32].
The plots show that MMP is competitive in document compres-
sion, overcoming even state-of-the-art encoders.

In order for one to be able to assess the amount of improve-
ment in performance provided by each of the proposals made
above, we show in Table III results for the original MMP
(MMP-Orig), the MMP with probability model (MMP-Prob),
and the full implementation (APM-MMP) for the image Lena
at 0.5 bpp. One can see that most of the gain came from the
adaptive probability model; however, the gains due to both the
dictionary partitioning and the displaced elements, although
smaller, are significant.

It is worthy noticing that such an increase in performance of
APM-MMP for smooth images comes with no loss for text and
graphics images. This happens despite the fact that the model
used is ideally suited for smooth images. This reaffirms the uni-
versal character of MMP. In fact, the performance for the im-
ages PP1205 and PP1209 has even increased over the one pre-
sented by MMP. One could argue that the assumed probability
model is not suitable for these images, since they are not pre-
dominantly smooth. However, in nonsmooth areas, the values of
the activities are usually higher, which leads to larger, richer dic-
tionaries, composed also by elements with high rugosities (see
Section IV). This way, the performance of MMP is not impaired
by the use of the probability model. It is important to note that
the increase in performance obtained for images PP1205 and
PP1209 can be accounted for the introduction of the dictionary
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Fig. 9. R-D performance for: (a) Lena 512� 512; (b) Einstein 256� 256; (c) Peppers 512� 512; (d) Cameraman 256� 256; (e) PP1205 512� 512; (f) PP1209
512� 512.

TABLE III
INCREMENTAL GAIN OF THE METHODS USED FOR IMPROVING MMP,

WITH IMAGE LENA COMPRESSED AT 0.5 BPP

partition, that increase the effectiveness of the context models.
Also, we should point out that a stronger assumption could be
made on the probability model, taking higher order correlations
(e.g., using a Markov random field [33]) into account. However,
as our results show, the low order model that we have used (ru-
gosities use up to second derivatives) is quite effective. But cer-
tainly the use of a better model may lead to better results, and
this, in our opinion, is a promising area for future research.

Fig. 10 shows a detail of the image Lena coded by the
original MMP (on the left), APM-MMP (on the center), and

JPEG2000 (on the right), all at 0.3 bits/pixel. The image coded
by APM-MMP has superior quality when compared to the one
coded with MMP, as one would expect since the improvement
in PSNR is large ( dB at this rate). Also, one can see in this
figure that the blockiness is greatly reduced with APM-MMP,
further indicating the effectiveness of the proposed smoothness
model. The subjective quality of the image Lena coded by
APM-MMP is not as good as the one presented by the version
coded by JPEG2000. This is due to the absence of both large
flat areas and sharp edges on the image; it has mostly smooth
transitions, in varying degrees. These smooth transitions, be-
sides being efficiently encoded by wavelet-based compression
schemes, are challenging for the learning ability of MMP, since
many gradient blocks have to be learnt. A natural solution for
this problem is to provide a richer initial dictionary for MMP,
having gradient blocks in it, so that gradients can be better
represented.
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Fig. 10. Lena coded at 0.3 bpp. Original MMP (left); APM-MMP (center); JPEG2000 (right).

Fig. 11. PP1209 coded at 0.5 bpp. Original image (left); APM-MMP (center); JPEG2000 (right).

Fig. 11 shows a detail of the image PP1209 coded by the
APM-MMP (on the center) and the JPEG2000 (on the right),
both at 0.5 bits/pixel. One can see that the image coded by
APM-MMP also presents high subjective quality, preserving
most edges of letters and graphics. For the two compressed ver-
sions of Lena, one can judge that JPEG2000 provides a better
reconstruction, given the absence of blockiness. However, this
effect is already present on the original version of this figure;
JPEG2000 coding actually masks it.

VIII. CONCLUSION

In this paper, we propose the adaptive probability model
MMP algorithm (APM-MMP), a method for multidimensional
signal compression based on the MMP. The latter is built
upon the approximate multiscale pattern matching concept, an
extension of ordinary pattern matching. It uses a dictionary
of patterns, which is adaptively built while the data is being
encoded, together with a simple segmentation procedure that
can be trivially extended to operate on multidimensional data.
In APM-MMP, an underlying adaptive statistical model for the
image source is introduced. Also, the update procedure of the
dictionary is further enhanced, dividing it in subdictionaries
based on the origin of its elements. We are able to achieve
significant gains over the original MMP for smooth images,
without sacrificing its performance for images with texts and
graphics, thus maintaining MMP’s universal character. These
results provide a strong indication of the effectiveness of the
proposed context models, opening a promising research avenue
for the development of universal lossy coding methods.

APPENDIX A
IMPLEMENTATION DETAILS

The MMP algorithm is based on approximate multiscale
pattern matching. Therefore, we must define the specific scale
transformation used. The 2-D scale transformation is a sepa-
rable one and was implemented using classical sampling-rate
change operations. We first transform all the rows and then all
the columns, using the following procedure:

(21)

In our simulations, we have chosen for the component trans-
formations the following operations.

1) When changing from of size to of size ,
is given by

(22)
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2) When changing from to ,
is given by (23), shown at the bottom of

the page.
The input data was first

segmented into blocks of size , with . That is,
we initially parse as a sequence of 16 16 blocks

...
. . .

... (24)

where [see (25), shown at the bottom of the page].
Then, each input block

is independently encoded using one or more blocks stored in the
dictionary . Before we start to encode , the dictionary
is initialized to ,
where and are, respectively, the minimum and the
maximum values of the samples of . After the encoding
of the block , we keep the resulting dictionary and
use it as the initial dictionary to encode the segment
or . If is too large, the dictionary can also be-
come too large. To cope with the physical limitations of the
computational resources at our disposal, we have limited the
size of the dictionary to at most 400 000 elements. When the
number of elements in the dictionary reaches this limit, we dis-
card the oldest element in the dictionary whenever we include
a new one (by oldest we mean that element that has not been
used for the longest time). Due to the continuity criterion, when
attempting to encode the input block , the previous en-
coded blocks and may be used in the eval-

uation of the pruned dictionary for the sub-blocks located on
the upper and left-borders, since the upper and left-neighbors of
these blocks are in the previous input block.

Considering a block of size , the specific ru-
gosity metric used [see (26), shown at the bottom of the page],
where the coordinates of the upper left corners of , and

are considered to be (0,0).
The number of elements of the pruned dictionary was

calculated as

(27)
where is the maximum size allowed for a pruned dic-
tionary, and are given by (12), and

, that is, the maximum value of for the
whole image (calculated with blocks of 16 16). , the
maximum size for the pruned dictionary, is calculated as

(28)

where . is the
mean value for all the activities of the whole image, calculated
in the same way as . Note that although and
should be transmitted as side information, this amounts to neg-
ligible rate increase, since they are performed only once for the
whole image. The specific metric used for modeling the proba-
bilities of the pruned dictionary was the one given by (16).

,

(23)

...
. . .

... (25)

(26)
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The MMP encoder was implemented using multiple copies
of the dictionaries, one at each scale. The indices output by the
algorithm were encoded by an adaptive arithmetic coder, with
an independent context for each subdictionary partition on every
scale. The flags of the segmentation tree and the flags used for
the selection of the subdictionary partition were also encoded
by the arithmetic encoder, using independent contexts at each
scale. The contexts of the arithmetic encoder were used by the
R-D optimization procedure to estimate the probabilities needed
to evaluate the rates associated to each symbol.

APPENDIX B
COMPUTATIONAL COMPLEXITY

The MMP algorithm uses a multiple dictionary approach to
implement approximate Multiscale pattern matching. This can
be seen as a variable block size vector quantization (VQ) scheme
applied to each block of input data. Therefore, the computa-
tional complexity is directly related to the size of these dictio-
naries, as well as to the search strategy used [34]. In our im-
plementation of APM-MMP, we have made no attempts to re-
fine the search methods, having implemented plain full search
VQ. The main source of complexity of MMP is the dictionary
search, whose complexity is linearly related to the dictionary
size. Based on this fact, in [27] a simplified complexity analysis
is performed. There, it is shown that the sizes of the dictionaries
are approximately linearly related to the size of the compressed
output file. Although that analysis does not take into account the
reduction in complexity due to the use of pruned dictionaries,
it can be used as an upper bound. It is important to point out
that the computational complexity of the MMP algorithm is rea-
sonably high, which makes it much slower than wavelet-based
schemes like JPEG2000. However, it should be said that, at this
point of MMP’s development, the derivation of fast algorithms
for it has not been the focus of our research, that mainly aims
at improving its encoding efficiency. Given these observations,
a fair comparison with other algorithms can not be made at this
point, being though a major concern for future works.

APPENDIX C
APM-MMP PSEUDO-CODE

In order to make the reproduction of our results easier
for other researchers, we present here a pseudo-code for
APM-MMP. For the sake of simplicity, we describe the version
using only one dictionary (instead of using one copy of the
dictionary in each scale—see Section II—we have a single
dictionary and then use scaled versions of its words).

Procedure MMP:

1) Initialize the dictionary .

2) Segment the input data in blocks of size , ,
.

3) For each block :

(a) call .

(b) call .

4) Done.

Procedure :

1) Using the causal neighborhood information, build the
dictionary , according to Section IV.

2) Find the element in that minimizes the Lagrangian
cost when used to replace . Split in two sub-blocks
and as follows: if is a square matrix, both and
will have half the number of columns of . Otherwise, both
sub-blocks will have half the number of lines of .

3) Evaluate and as:

• .

• .

4) If , (where and
are the Lagrangian costs to encode the flags ’1’ and

’0’ respectively), then remove from the dictionary all
actualizations caused by both recursive calls of the BestTree
procedure on the step above, make a single leaf node and
return( , , ). Otherwise, evaluate as the
appropriate concatenation of and . Then, include in

, make a binary tree with a root node with two children, left
subtree and right subtree , and return( ,

, ).

Procedure :

1) Build the dictionary , as was done in the first step of the
procedure.

2) According tho the binary segmentation tree : either output
a flag 1 followed by the index of the element in that
minimizes the Lagrangian cost; or output a flag “0” indicating
splitting. The output of symbols is done by an adaptive
arithmetic coder with properly set contexts, as described in
Section II. If the flag was “1”, . Otherwise, go to
the next step.

3) Split in two sub-blocks and as done in the third
step of the optimization procedure.

4) Make two recursive calls to encode and :

•

• where and are the
left and right subtrees of the root node of .

5) Evaluate as the appropriate concatenation of and .
Then, include in and .
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