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Abstract

In the context of motion estimation for video sequences processing, variable block size algorithms, like the Adaptive
Block Matching Algorithm (ABMA), have been proposed to match better `objects in motiona compared to the classical
BMA. However, the variable block size grid derivation and the related motion estimation relies on a regularization
process which implies heavy iterative and inter-dependent computations. Though the parallelization of the BMA is
straightforward, the ABMA needs a deeper analysis before its implementation in a distributed environment: this is the
goal of this paper. We "rst designed a modelization of the motion estimation of ABMA. This model can lead to several
di!erent distributed versions. A speci"c distributed model, with one master and several slaves, is then described. An
implementation of this model has been realized and experimentations demonstrate a linear speedup with respect to the
number of processors. ( 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction

Motion estimation (ME) algorithms are useful
tools in many applications related to video signals.
Such applications include video compression, video
indexing, object tracking, etc. In a video coding
framework, ME aims at detecting motion from one
image to another. Such a motion information, pos-
sibly represented as vectors, can be used for tem-
poral prediction of successive images [15] and for
compression. The MPEG [3,8] coders family is
based on this principle.

The Block Matching Algorithm (BMA) [5] is
a very popular ME algorithm because of its good
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balance between result accuracy and algorithm
complexity. BMA decomposes images in blocks of
"xed size. For each block of the current image, one
searches a similar block in the previous image. The
MPEG-1, MPEG-2 [8] and MPEG-4 [3] coders
use the Block Matching Algorithm for their motion
estimation step.

The Adaptive Block Matching Algorithm
(ABMA) [9,12] is an improvement on BMA. In
BMA, the size of the blocks is crucial: large block
sizes give rise to what are called `blocking arti-
factsa; small block sizes increase the noise sensitiv-
ity and give rise to non-zero vectors for null
motions. The idea of ABMA is to locally adapt the
size of the blocks only where it is necessary to
match better objects. The decomposition is not
anymore purely block based but more `object in
motiona oriented: large blocks are used in areas
with uniform motion, while small blocks are
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applied along object borders where contradictory
movements arise. At an equivalent bit-rate, ABMA
overcomes BMA performances in terms of quality
after decoding. The main disadvantage of ABMA is
a slow estimation step which prevents real-time
applications.

Objectives and results. The main objective of this
paper is to propose a distributed version of ABMA
that can speed up the coding time. The obtained
results are the following:
f An abstract speci"cation of ABMA is provided.
f A distributed modelization of ABMA is designed.

This model can lead to di!erent distributed ver-
sions.

f A distributed version, based on the PVM plat-
form [7], is implemented in terms of one master
and several slaves.

f Experimentations demonstrate a linear speedup
with respect to the number of processors.

Related works. Parallelization and/or distributed
versions of motion estimation algorithms have al-
ready been explored, but mostly through a massive
parallelization of BMA, by means of SIMD archi-
tecture (see for example [2,11]). Our approach does
not make any hypothesis on the underlying archi-
tecture. Although our particular implementation
uses a network of conventional workstations, our
model also covers such massive parallel ap-
proaches. This paper is an expanded version of
[16].

Outline of the paper. Section 2 presents the prin-
ciples of the Adaptive Block Matching Algorithm
and de"nes the underlying mathematical notions.
Section 3 describes the Distributed ABMA and
Section 4 exposes experimental results. Section
5 concludes the paper.

2. Background: the Adaptive Block Matching
Algorithm

As brie#y stated in Section 1, block-based ME
techniques consider a pair of images extracted from
a sequence. From these two images the algorithm
tries to "nd the motion undergone by regions of the

images. Those movements are then expressed in
terms of vectors.

The Block Matching Algorithm is based on
block decomposition of one image and on search-
ing a corresponding block in the previous image of
the sequence. Since the Adaptive Block Matching
Algorithm is an improvement on the Block Match-
ing Algorithm, the section starts with an overview
of BMA.

2.1. Block Matching Algorithm (BMA)

The BMA [5] uses a decomposition of an image
into blocks of "xed size. For each block of the
image, the previous image is searched for a similar
block. A similar block means a block that gives rise
to a minimal error. The error between similar
blocks is measured by means of the mean absolute
error (MAE).

Consider two images P1 and P2. These are ma-
trices of pixels. Consider a block B of size k]k,
submatrix of P2. The BMA looks for a displace-
ment of this block from the image P1 to P2. This
displacement will be the di!erence between the
positions of B and a similar block inside P1. The
search is usually restricted into a window of P1
centered around the position of B in P2.

For a given position of a block in the search
window in P1 the MAE is de"ned as follows [13]:

MAE"

+k
i,j/1

DB(i, j)!B@(i, j)D
k2

, (1)

with k the size of the blocks, B@ the block in P1, and
B the block in P2.

The objective of the BMA is to "nd, inside the
search window, the position of a block which min-
imizes the MAE. Inside the search window (Fig. 1)
the number of positions for a block of size k is equal
to (2dh#1)(2dv#1), with dh the distance for hori-
zontal search and dv the distance for vertical
search. Since the complexity of one computation of
MAE is O(k2), the temporal complexity for BMA
on one block is then O(k2dhdv).

The value of the minimal MAE does not always
provide su$cient information on the `certitudea of
the movement of the block.

Although not present in the BMA, the concept of
motion certitude is introduced to measure this idea
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Fig. 1. Search window around a block.

Fig. 2. Motion certitude.

of certitude. A mathematical de"nition for the
motion certitude is given by
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with N
4
the number of positions for the block in the

search window (2dh#1)(2dv#1) and MAE
.*/

the minimal MAE among the MAEs for all the
positions. The second equality is correct because
MAEs are always positive numbers. The motion
certitude thus measures the mean of the distance
between the best MAE and the others.

The mathematical de"nition of the motion certi-
tude is illustrated by the example of Fig. 2. For the
block on the periphery (Fig. 2(a)), the mean of the
di!erence with the minimal error is high because all
errors are high except the minimal one. This min-
imal error is very low due to the similarity with the
considered block. But for the internal white block
(Fig. 2(b)), many errors are similar and very low and
the mean of the di!erences is thus also low. The
`motion certitudea represents in a good way the
trust one can have in the motion estimated by
BMA.

The speci"cation and the algorithm of BMA are
given in Fig. 3.

2.2. Adaptive Block Matching Algorithm (ABMA)

The ABMA is an improvement on the BMA. In
BMA, the initial size of the blocks is crucial. Big

blocks give rise to what are called `blocking arti-
factsa. Small blocks increase the sensitivity to noise
and give rise to non-null vectors for null move-
ments. So the idea of ABMA is to decrease the size
of the blocks only where it is necessary to look for
a more precise movement. The decomposition is
not purely block-based anymore, but more `object
in motiona oriented.

ABMA is composed of 3 steps, each working on
a pair of images:
1. A global motion estimation.
2. The determination of a mask of changes.
3. A local motion estimation, relying on BMA.
The complexity of the two "rst steps is much lower
than the complexity of the third step. Hence only
this last step will be distributed. For the sake of
completeness, the two "rst steps are quickly pre-
sented. For more information, please refer to
[9,12,13].

2.2.1. Global motion estimation
The goal of this step is to estimate the movement

of the camera: panning and zoom. After such an
estimation, the "rst image is compensated with the
global vector and the global zoom factor. The
omnipresent component of the camera motion is
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Fig. 3. Speci"cations and algorithm for BMA.

thereafter suppressed and gives the possibility to
"nd locally null motions. It has been proven in the
literature that such a two-stage global/local motion
estimation drastically improves the quality of
motion estimation [4,14].

The estimation of both translation and zoom is
made conjointly in a unique process.

2.2.2. Mask detection
To reduce the amount of computations of the

next step, a cheap method is used to detect where
the motion can be considered as null. The algo-
rithm computes a mask of changes. This is a binary
image which contains for each pixel an information
telling if the pixel changed between the globally
compensated image P1 and P2. The algorithm
compares each pixel from the compensated P1 with
its corresponding pixel in P2 and, then, executes
some "ltering.

By the use of this mask it is easy to detect which
blocks of the images did not undergo any motion.

2.2.3. Local motion estimation
Local motion estimation is the main part of

ABMA. It gives as a result a multigrid (see Fig. 4),
and for each block of the multigrid a motion vector.
To obtain the "nal motion "eld, the global com-
ponent must obviously be added to the local
vectors.

As this step is computationally expensive, a dis-
tributed version will be developed in the next sec-
tion. This step must therefore be precisely speci"ed.
The speci"cations and the algorithm of the local
motion detection are given in Fig. 5.

After having decomposed image P2 in a grid of
blocks with the same original size, the "rst step is to
rexne the mask of changes to detect which blocks
can be directly considered as having a null motion.
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Fig. 4. Resulting multigrid of local motion estimation.

Fig. 5. Speci"cations and algorithm for local motion detection.

This is easy because a block, for which a large
fraction of its pixels are unchanged, can be con-
sidered as unchanged. The REFINE MASK operation
gives as result the list of blocks for which a motion
vector must be computed. These blocks are called
`untreateda blocks.

The next step consists of a loop of four substeps.
The number of iterations is a parameter speci"ed
by two quantities: the maximal size and the minim-
al size of blocks. The initial size of the blocks is

speci"ed by sizemax. If no `gooda motion vector
can be found for a block, the block is split into
smaller blocks. The process is repeated until the
blocks are too small (sizemin).

Within the loop, four processes are applied to all
the untreated blocks of current size.
f BMA. Let us recall that the temporal complexity of

BMA is O(k2dhdv), where k is the size of block B.
f MC}TREATMENT. When the motion of a block,

obtained with BMA, is uncertain (i.e. its motion
certitude is too low), it is sometimes preferable to
choose the vector of one of its four neighbors
(north, east, south, west). This is done only if the
vector of the neighbor, after application to the
block, does not induce too large an error (MAE).
The rationale of the treatment is based on the
idea that, between two images, adjacent blocks
often undergo similar movement. This step has
a temporal complexity of O(k2).

f FILTERING. The purpose of the non-linear "ltering
is to smooth the di!erences between motion vec-
tors of adjacent blocks. This operation is mainly
relevant in a video coding framework where one
may wish to lower the entropy of the motion
vector "eld. When certain con"gurations of vec-
tors appear, the motion vector of one of the
8 classical neighbors is preferred if the vector,
after application to the block, does not again
induce too large an error. This step has a
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temporal complexity of O(k2). Notice that this
temporal complexity might be transformed into
storage requirement (i.e. O(dh *dv) per block)
since MAE has already been calculated for every
possible block position in the BMA step.

f SPLIT}OR}KEEP. The decision to split or not to
split a block is taken here. The goal is to look if
the vector is acceptable, after motion certitude
treatment and non-linear "ltering. The criterion
to keep the block is that its motion vector indu-
ces an acceptable (small) error (MAE). This
means that it is representative of the movement of
the whole block. Otherwise the block is split into
4 smaller blocks with half the size of the father
block. These blocks inherit the vector of the father
and the blocks for which this vector is not repre-
sentative are marked as `untreateda. These small-
er blocks move then to the next iteration.

At the end of the loop, all remaining untreated
blocks keep their best vector.

3. Distributed ABMA

3.1. The model

To realize a distributed version of the ABMA
algorithm, a model of the problem must "rst be
settled. From this model, various sequential or dis-
tributed architectures can be deduced. A distrib-
uted version must obviously give the same results
as the sequential one. One may already see that the
main `objecta in ABMA is the block.

In the sequential LOCAL MOTION ESTIMATION it
can be observed that:
1. A motion vector is known for all the blocks that

are not `untreateda.
2. The BMA operation performed on a block is an

independent operation.
3. For the treatment of the motion certitude

(MC}TREATMENT) of a block, the result of BMA
on this block must be known (motion vector,
MAE and motion certitude). Moreover, the re-
sult of BMA must also be known for its four
neighbors.

4. The FILTERING step on a given block uses the
result of the motion certitude treatment for the
considered block and for its eight neighbors.

5. In the SPLIT}OR}KEEP step of a block, no in-
formation is required about the neighbors.

6. In the beginning of every iteration step, all un-
treated blocks have the same size.

Some synchronization points can be distin-
guished in this algorithm, separated by transitions
(computations) and transition conditions. The
ABMA will be modeled by means of a "nite state
automaton [6,10], in terms of states in the life of
blocks, and transitions between these states (see
Fig. 6).

In the sequential algorithm, there are 4 points
where a block ends a treatment: after BMA, after
the motion certitude treatment, after "ltering, and
after the split decision step.

The initial state of a block results from
&MASK}REFINEa. Some blocks are untreated and
some are already detected as having a null motion.
For the untreated blocks, no information is known.
The initial state of these blocks is called `Unknowna.
The other blocks are in a state called `Donea be-
cause their treatment is over. An untreated block
may quit its initial state and fall into the `Knowna
state once BMA has been applied. Then its vector,
its MAE and its motion certitude are known. The
next transition is the motion certitude treatment of
the block. The block falls then into a state called
`Propagateda. As explained earlier, the propagation
of vectors is the root of motion certitude treatment,
hence the name of this state. Information about the
neighbors is needed and a synchronization state is
required. Filtering can then be realized. As the
SPLIT}OR}KEEP treatment does not require any
synchronization with the neighbors of a block,
there is no need for a speci"c state after "ltering.
The "ltering and the split decision can thus be
applied on a block in the Propagated state, leading
the block into the Done or Split state.

From this model, e$cient sequential versions
can be implemented, as well as di!erent distributed
versions. A particular distributed solution will be
described in Section 3.3.

3.2. State transitions

Following the life of a speci"c block brings in-
formation about the state transitions. Assume that
the initial state is Unknown (i.e. the REFINE}MASK
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Fig. 6. State diagram.

Fig. 7. Known to Propagated transition conditions.

operation did not detect a null motion). After the
application of the BMA process, this block goes
into the Known state. In order to apply the
MC}TREATMENT and become in the Propagated
state, the BMA process must have already been
applied on the four neighbors of the considered
block. Hence, the requirement that the four neigh-
bors are in the Known or in the Propagated state, as
illustrated in Fig. 7. Obviously, a block in the
Propagated state must keep the results of the BMA
process.

In order to apply the non-linear "ltering on
a block in the Propagated state, its eight neighbors
must be in the Propagated state, or in later state
(Done or Split). A block in the Done or Split state
must thus also provide the vector value resulting
from its MC}TREATMENT.

The proposed model does not require to treat
all the blocks of a given size before treating
blocks of smaller size (obtained after splitting). As
a consequence, if a block in the Known or
Propagated state has a neighbor of larger size, one
should wait either for the larger block to fall into
the Done state, or for the larger block to become
split so that the corresponding (smaller) neighbors

fall into the appropriate state. An example is pro-
vided in Fig. 8.

One could easily show that it is impossible,
for a block, to have a neighbor of larger size in
the Unknown or Known state. Moreover, if the
size of the larger block is `two stepsa larger, then
the large block can only be in the Done state (see
Fig. 9).

3.3. Master}Slaves instantiation of distributed
ABMA

As BMA is the most expensive computation, we
chose to distribute this step between slaves. So this
step is realized on several blocks in parallel (see
Fig. 10). The slave can thus perform one action:
BMA. A master [1] is used to distribute the di!er-
ent blocks, to receive the results of computation of
the slaves and to perform motion certitude treat-
ment and "ltering. Those two last steps are
performed as soon as the necessary information is
available. A formal description is given in the next
sections.

In this model, the master and all the slaves
possess the two images: P2 and the globally com-
pensated P1. This is the only information for
the slaves.

For the master, four data structures are needed.
The master must "rst possess the entire multigrid,
which will contain the "nal result of ABMA. Then,
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Fig. 8. Known to Propagated transition conditions.

Fig. 9. Two neighbors with more than one step of size.

Fig. 10. Master}Slaves structure.

two lists are needed: one for the untreated blocks,
thus in the Unknown state, and one for the free
slaves. The fourth structure is needed to record the
blocks currently involved in a BMA computation.
The master has to know which block a slave pos-
sesses: a list of couples Sslave,blockT is used and is
called `block2slavea.
MG" the Multigrid.
WWL" Waiting Works List, list of blocks

to be treated by the slaves.
WSL" Waiting Slaves List, list of free

slaves.
block2slave" list of pairs Sslave, blockT indicat-

ing which block is handled by
which slave.

For each block, the following information is
recorded:
b.size" The size of block b
b.State" The current state of bloc b
b.MAE

4
" The MAE of bloc b at state

s3MK(NOWN),P(ROPAGATED),D(ONE)N
b.<

4
" The Motion Vector of bloc b at

state s3MK(NOWN), P(ROPAGATED),
D(ONE)N

b.MC
4
" The Motion Certitude of bloc b at state

s3MK(NOWN)N
Invariant: ∀b: block b3==¸Q b.State";n-

known
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Fig. 11. New WAITING state.

3.4. Formal specixcations

This is the central part of the modelization. In
order to specify correctly the `block2slavea data
structure, the state diagram is enriched with a new
state: WAITING. During the BMA operation, a block
will be in the WAITING state (see Fig. 11). The formal
speci"cations are given in Fig. 12. The precondition
speci"es the condition a block must satisfy in order
to realize the transition. The postcondition speci"es
the results (on the block and on the data structure)
of the transition. Finally, the triggering information
speci"es when the transition can be triggered. In
other words, this characterizes conditions, on the
environment of a block, that must be ful"lled before
the transition can be performed.

Some additional properties can easily be de-
duced. If one of the four neighbors of a block in the
Known state has a larger size, then the state of this
larger block will necessarily be Propagated or Done.
Similarly, if one of the eight neighbors of a block in
the Propagated state has a larger size, then its state
will be Done if it is one of the four vertical or
horizontal neighbors. Otherwise its state will be
either Propagated or Done. These properties can
be used to simplify the trigger conditions in the
implementation.

4. Experimental results

The proposed model of Distributed ABMA, par-
ticularized in a master}slaves structure, has been
implemented in C using a network of conventional
workstations (SUN computers). The PVM plat-
form [7] has been used for distribution.

For a given execution, the number of processors
and the number of slaves are "xed. Moreover, one
processor is assigned to the master, and distinct
processors for the di!erent slaves. Hence, for p pro-
cessors, p!1 slaves are used.

For each experiment, we measure the global ex-
ecution time. As the master launches all the slaves at
the beginning of its execution and kills them at the
end, the global execution time is also the execution
time of the master, including its idle times when it
waits for slaves results. Such a global execution
time thus includes all the computations and com-

munications. For each slave, we record the slave
computation time. Such a slave computation time
does not include the idle time of that slave, waiting
for some work to perform. We also de"ne the slave
idleness as the ratio between (global execution
time minus slave computation time) and global
execution time. The slave idleness thus measures
the percentage of idleness of a slave. The speedup is
de"ned as the ratio between the execution time of
the sequential version, and the global execution
time of the distributed version. The resulting
speedup is thus dependent on the number p of
processors. We "nally introduce the ezciency, ratio
between the speedup and the number of processors
(1 master and p!1 slaves).

Our experimentations have the objectives to
compare Dis-ABMA with the sequential ABMA by
analyzing the in#uence of the number of slaves on
the global execution times. The experimentations
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Fig. 12. Formal speci"cation.

also aim at comparing the bene"ts of a distri-
buted version on images with di!erent motion
complexities and analyzing the e!ective distribu-
tion of work between the slaves and the impact of
using a distributed version on a complete sequence
of images.

The studied implementation of Dis-ABMA (mas-
ter}slaves structure) has not only an experimental
value, but the experimentations show that such
a solution can be used in practice.

4.1. Number of slaves and motion complexity

One processor for the master and up to 19 dis-
tinct processors for the di!erent slaves have been
used for the experimentations. Figs. 13 and 14 pro-
vide the global execution times (in s) for the sequen-
tial ABMA and for the distributed version (Dis-
ABMA), as well as the speedup. The given measures
were obtained on a pair of images extracted
from the complex MPEG-4 sequence `Stefana
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Fig. 13. Sequential ABMA and Dis-ABMA Master times and
associated speedups.

Fig. 14. Dis-ABMA Master times and speedup for Stefan
196GC/199.

(see Fig. 15). In the chosen images, the mask of
changes is large (white surfaces), hence requiring
subsequent complex computations.

These experiments show a quasi-linear speedup.
The e$ciency is about 70%. Due to communica-
tion overhead, the distributed version with 2 pro-
cessors (1 master and 1 slave) is slower than the
sequential ABMA. When the number of slaves is
high (more than 9 in this experiment), the e$ciency
factor decreases. This is explained by the fact that
the number of slaves is too high compared with the
work the master can distribute simultaneously, and
the amount of work of the master.

The same experiments were performed on a pair
of images from a low motion complexity sequence,
frames 196GC/199 from the MPEG-4 `Akiyoa se-
quence (see Figs. 16 and 17). The distributed ver-
sion performs very well when the number of slaves
is not too high (less than 5); the speedup is linear,
and the e$ciency is about 60%. But for such low
motion images, the amount of work to be distrib-
uted is not very high and it is useless to use many
slaves, which explains the almost constant global
execution time of Dis-ABMA with many slaves.

The above two experiments show the advantages
of Dis-ABMA, compared to sequential ABMA, for
complex sequences as well as for non-complex se-
quences. The number of slaves to involve in a com-
putation could be dynamically determined as soon
as the complexity of the motion is known owing to
the mask of changes.

4.2. Equity between slaves

The load balancing technique is implicit in the
formal speci"cations of the transition conditions,
particularly for our master}slaves model. By using
a queue of free slaves and a queue of treatable
blocks, a priority order is introduced in the choice
of the next block to be treated and of the slave that
will treat it. A fast slave will thus appear very
frequently in the list of free slaves and will treat
many blocks.

Fig. 18 presents the di!erent slaves' compu-
tational time, the global execution time and the
average slave idleness for the `Stefana images. The
results are only shown for 1 to 10 slaves. One can
observe an equity between the slaves computation

times. The average idle time is very low, except for
10 slaves. As already explained earlier, the amount
of computation to distribute begins to be insu$-
cient when the number of slaves become too large
(10 in this example).
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Fig. 15. `Stefana: Frame 196GC (`196GCa stands for image 196 `Globally Compensateda), Original Frame 199, Mask of changes,
Dis-ABMA Compensated Frame and its multigrid.

Fig. 16. `Akiyoa: Frame 196GC, Original Frame 199, Mask of changes, Dis-ABMA Compensated Frame.
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Fig. 17. Dis-ABMA Master times for the pair Akiyo 196/199.

Fig. 18. Slaves computation time and average idleness.

Fig. 19. Times for the images of the sequence `Table Tennisa:L
Sequential, # 1 slave, ] 2 slaves, * 5 slaves, # 10 slaves, L 19
slaves.

4.3. Handling a complete sequence

Fig. 19 presents the global execution times for
the "rst 40 images of a standard complete sequence
containing various motion complexities (i.e. the
MPEG-4 `Table Tennisa). This experiment is re-
ported for the sequential ABMA and for Dis-
ABMA with 1, 2, 5, 10 and 19 slaves.

One can observe that with more slaves, the graph
becomes `#ata. This means that Dis-ABMA can

absorb the complexity of the computation
process, yielding an almost constant execution time
for all the images. One can thus conclude
that Dis-ABMA is a possible way to ensure con-
stant coding time for each pair of images in the
sequence, whatever the motion complexity,
assuming a su$cient number of slaves. Our experi-
ments also show that, even for complex sequences,
Dis-ABMA behaves very well with less than 10
slaves.
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5. Conclusion

The motion estimation techniques, and in par-
ticular the Block Matching Algorithm (BMA), are
used in video coders such as MPEG-1, -2, -4 coders.
As the size of the blocks is critical, variable block
size algorithms have been developed. A particular
one is the Adaptive Block Matching Algorithm
(ABMA), which is an improvment of BMA. The
main disadvantage of such adaptive techniques is
a slow estimation step which prevents real-time
applications.

This paper presented ways to distribute the
Adaptive Block Matching Algorithm. We provided
a modelization of ABMA and a distributed modeli-
zation has been designed. The formal speci"cation
of this model has been expressed in terms of states
of blocks, and transitions between states. This model
can lead to e$cient sequential implementations as
well as to various distributed structures. A particular
distributed architecture, using one master and sev-
eral slaves, has been implemented and tested on
a network of conventional workstations. Experi-
mental results showed that the studied implementa-
tion of Dis-ABMA speeds up the coding time with
a linear speedup. Owing to this distribution, the
ABMA can be expected to turn real time.

This research could be continued in many direc-
tions. First of all, other distributed implementa-
tions could be developed, such as implementations
on parallel computers. The load balancing technique
is now hidden in the model and is quite simple. It
would then be interesting to provide more elaborate
load balancing techniques. Similarly, one should
analyze, from the mask of change, the optimal
number of slaves. Such an optimality could be
de"ned to maintain the e$ciency of the slaves, or to
achieve a constant global execution time assuming
that real time coding is the objective. Finally, the
implementation could be improved. For instance,
when the size of a block is too small, it is useless to
distribute the BMA computation to slaves.
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