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Biomedical science and engineering is an interdisciplinary
research field, which combines the advanced technologies
and problem solving skills with medical and biological
science. Since the biomedical solutions generally have large
variations and complexity, it is difficult to use a simple
way or a classical approach to find the solutions. Compu-
tation intelligence techniques such as neural networks and
evolutionary algorithms are nature-inspired computational
approaches to address complex problems of the real world.
Recently, computational intelligence is playing an impor-
tant role in biomedical research fields, such as computer-
aided diagnostics (CAD), computer-aided surgery (CAS),
computational anatomy, and bioinformatics. Approaches
based on computational intelligence have been shown to be
advantageous compared to classical approaches.

This special issue focuses on major trend and new
techniques in computational intelligence and their use in
biomedical science and engineering. We received 15 sub-
missions. Each paper was reviewed by two external referees.
We finally accepted 8 papers for our special issue. The area
of interest of the accepted papers covers a broad spectrum
of computational intelligence techniques with application to
biomedical science and engineering.

H. Jiang at al. proposed an optimized medical image
compression algorithm based on wavelet transform and
improved vector quantization, which can maintain the
diagnostic-related information of the medical image at a high
compression ratio.

P. Zhang et al. proposed a composite match index
(CMI) method for the integration of different feature-point
matching approaches in order to improve the robustness

of the matching result. The proposed method has also
been applied to interior deformation field measurement of
complex human tissues from three-dimensional magnetic
resonance (MR) volumetric images.

C.-L. Lin et al. proposed a hybrid particle swarm
optimization (HPSO) for robust medical image registra-
tion, which includes two concepts of genetic algorithms—
subpopulation and crossover.

H. Ikeno et al. developed a scheme and tools to construct
a standard moth brain for neural network simulations.
Morphological models of neurons are reconstructed from
confocal image data of neurons.

Y. Nishitani et al. detected a significantly greater number
of Rev. M3 patterns from the time series stimulated spike
response than from the random series (interval shuffle) data
in neuronal networks formed on MEAs. These results show
the possibility of assembling LFSR circuits or its equivalent
ones in a neuronal network.

S. M. Rabiee and H. Baseri developed three different
adaptive neurofuzzy inference systems (ANFISs) for estima-
tion of the setting properties of calcium phosphate bone
cement. Despite the relatively small amount of data (25
conditions), the proposed method gave satisfying results.

S. Tamura et al. proposed automutual information-(AM-
I) based randomizing method of bin width and location
instead of conventional fixed bin setting for analyzing neuron
spike trains. In his second paper, they also proposed a model
of human society where roles are divided to each person to
obtain high performance as a whole, and as a result people
play to train their hidden abilities.



2 Computational Intelligence and Neuroscience

Although the above papers do not make a complete
coverage of the computational intelligence in biomedical
science and engineering, it provides a flavor of what are the
important issues and the benefits of applying computational
intelligence to biomedical science and engineering. We
would like to thank the authors for submitting their papers
to the special issue as well as the reviewers for providing their
expertise and making valuable comments.
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We propose a model to generate a group of artificial lives capable of coping with various environments which is equivalent to a set
of requested task, and likely to show that the plays or hobbies are necessary for the group of individuals to maintain the coping
capability with various changes of the environment as a whole. This may be an another side of saying that the wide variety of the
abilities in the group is necessary, and if the variety in a species decreased, its species will be extinguished. Thus, we show some
simulation results, for example, in the world where more variety of abilities are requested in the plays, performance of the whole
world becomes stable and improved in spite of being calculated only from job tasks, and can avoid the risk of extinction of the
species. This is the good effect of the play.

1. Introduction

Life is a highly rationalized organization. There often exists
hidden rationality even in an irrational action at a glance. It
is often said that in the human organization the top a-third
people work hard and draw the organization, but the bottom
a-third are lazy and work as brakes for the development of
the organization. However, if a new organization is made
with only this bottom a-third, also new top a-third people
are born from them as excellent constituents and draw the
organization. Generally speaking, each individual has his or
her own peculiar and unique abilities, and he or she exhibits
the hidden ability when it is requested. Human society is
composed of divided works and specialized individuals with
various explicit and implicit abilities. There are some work
in the literature dealing with artificial brain and mind [1–
4]. However, behavior of various abilities embedded into
mankind has not been dealt with.

We assume that human society is composed of individu-
als, business positions (tasks), and hobby world with various
plays. Human society has an interaction with the outer world
(environment) which requests to the human society various
tasks. For example, if the density of CO2 increases, a task
to decrease or suppress it is requested to the human society
from the environment. Further, if the internet becomes
spread over the human society, a task to utilize it is requested
from the environment although it is a product of human
society and somehow artificial. Such environment varies
from time to time. To cope with such environmental changes,
human society must make their work or business system
change by assigning to the tasks (positions) individuals
with adequate abilities or reorganize them. However, each
individual is not expected to have enough abilities which
are requested in the tasks. In our model shown in Figure 1,
lacking abilities are trained and their skill is increased in the
plays.
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Requested Skill up
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Figure 1: Gene world model with interaction to external environment. () shows lacking ability.

The play is often referred to as an opposite action to the
diligence. However, like the play at housekeeping of the chil-
dren, if we consider it as the training occasion of the social
roles, the meaning of the play becomes largely different.
Competitive playing sports may also be regarded as a hidden
side of hot war to avoid destructive results by applying
rules. The human society is requested to continuously cope
with variously changing environment with its variety of
abilities. At ordinary times most part of such abilities are
hidden as they are, and a part of it is revealed as the play and
training.

In this paper, using genetic algorithm we generate a
group of artificial lives which are capable of coping with
various environments which is a set of requested tasks. Under
such situation, we like to show that the plays or hobbies are
automatically generated as a necessary instinct or they are
a natural result of evolution of the group of individuals in
order to maintain the coping capability with various changes
of the environment as a whole. This may be another side of
that the wide variety of the abilities in the group is necessary
and if the variety in a species decreased, its species will be
extinguished.

This paper shows an attempt to generate an artificial
mind which has two aspects of “diligent to his job” and “apt
to run to pleasure.” We show that the latter does not have
a negative meaning but also has a positive meaning to cope
with variously changing environment as a group and stabilize
the world productivity.

2. Gene World Model

2.1. A Set of All Kinds of Human Abilities. In this paper we
assume that human abilities are countable such as

a1 = [swift-of-foot],

a2 =
[
patient

]
,

a3 = [skillful-in-calculation],

a4 =
[
fair-spoken

]
,

a5 =
[
rich-in-leadership

]
,

a6 =
[
rich-in-curiosity

]
,

a7 =
[
rich-in-competitive-spirit

]
,

a8 =
[
aggressive

]
,

a9 =
[
interest-in-fishing

]
.

(1)

The set of such abilities is defined as

A = {a1, a2, . . . , aNA},
(
Ability set

)
. (2)

Null element may be included in A to make the following
expressions simple, by which the sizes of some of the
following sets may be made fixed by filling with it.
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2.2. Environment. An environment (outer world) Et at time
t is expressed as a set

Et = {Tt1, . . . ,Ttnt}; t = 1, 2, . . . , (Environment)
(3)

of requested tasks in the environment, where tasks are, for
example,

Told-times 1 = [protect-from-wild-animals
]
,

Trecent-ages 1 = [publish-book
]
,

Trecent-ages 2 = [open-a-store
]
,

Trecent-ages 3 =
[
negotiate-with-other-company

]
,

Ttoday 1 =
[
set-computer-business-up

]
.

(4)

The environment changes from time to time.

2.3. Task. Each task Ti is expressed by a set of requested
abilities to accomplish it as

Ti = {ai1, ai2, . . . , aini}; i = 1, . . . ,NT , (Task). (5)

For example,

T1
(= task of

[
protect-from-wild-animals

])

= {quick-motion, cool-mind, good ear, . . .
}
.

T2
(= task of

[
political-action

])

= {fair-spoken, planning-ability, . . .
}
.

(6)

3. Play

On the other hand, there is a set Pt of all plays (hobbies)
including self-development and volunteer activities to which
people begin or join voluntarily at time t. That is,

Pt = {Rt1, . . . , Rtmt}; t = 1, 2, . . . ,
(
Play set

)
. (7)

For example,

Pt = {soccer, go-game, marathon,

reading, travel, fishing, volunteer-activity, . . .
}

;

t = today.
(8)

Each play also requests a set of abilities:

Ri = {ai1, ai2, . . . , aimi}; i = 1, . . . ,NR,
(
Play

)
. (9)

For example,

R1
(= play of

[
fishing

])

= {interest-in-fishing, driving car, patient, . . .
}

,
(10)

R2
(= play of

[
go-game

])

= {interest-in-go-game, pattern recognition,

spatial reasoning, tactical sense, . . .
}
.

(11)

Abilities of [interest-in-∗] are always necessary to begin
the play of ∗. The set Pt of plays may also change from
time to time according to the fashion. Only the difference
between the task and the play is that the task is passively given
or controlled by the environment, and the play is sought
voluntarily or begun by urge and hard to stop.

3.1. Individual. Each individual Ik has his abilities and their
skills:

Ik = {ak1, . . . , aknI ; sk1, . . . , sknI ; ck};
k = 1, 2, . . . ,NI , (Individual),

(12)

where s is a corresponding skill and p is a rate of spending
time for the play where the hidden as well as the explicit
abilities are trained. The set of individuals is generated and
evolved by GA algorithm. Skills are raised by the experience
in the job task or in the play but not inherited. The abilities
and the ratio c are inherited across the generations. When
one has more than two hobbies, time ratio c may be divided
among them, or only the most fitted one is selected as shown
in Section 3.4 and applied in the experiment.

3.1.1. Formulation. A simple example of the world model
is shown in Figure 1. The outside environment is always
changing. It is the origin of the evolution. In this section,
some basic formulas of the simulation are given.

3.2. Skill. We assume here the skill is given by

ski = 0.5 +
∑

t

[
αTki × (1− ck ) + αPki × ck

]
(Skill) (13)

which is roughly proportional to the experienced time (years,
or unit years); the ability aki was used in the task or the play.
ck and 1-ck are rates of time used for the play and the task,
respectively. For simplified example, in case of one working
full time in weekdays and spending only for play full time
in weekend, ck = 2/7 and 1-ck = 5/7 by neglecting another
time, for example, housekeeping. The value 0.5 is an initial
skill when the individual has no experience. This means that
one can do even unexperienced task to some extent using
other means. αTki takes 1 when the ability aki is used in the
task and 0 when not used. αPki is that of the play. The value of
skill will be upper limited by their life-span automatically.

3.2.1. Assignment. When the environment Et is given, an
individual most fitted to the task (see Section 3.3) among
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Figure 2: Typical behavior of the world with 64 kinds of less complicated plays each of which requires no ability.

randomly selected unassigned Ne (e.g., five) individuals is
assigned to the task. Individuals not assigned to any task are
called “window-side-folks” and direct his energy to the play
with the time rate of

min[1, b× ck]; b ≥ 1
(
e.g., b = 2

)
. (14)

Then the skills used implicitly as well as explicitly in the play
will be increased as much.

3.3. Fitness to Task. The fitness of the individual Ik = {ak1,
. . . , aknI; sk1, . . . , sknI ; ck} to the task Ti = {ai1, ai2, . . . , aini}
is given by sum of the skills used in the task as

fik = (1− ck)×
ni∑

j=1

sk j (fitness) (15)

such that ai j = akl for some l in {1, 2, . . . ,nI}.
If there are two same abilities in an individual, its skill

is counted twice, and so on. That is, for example, if one has
three genes of the same ability of [swift-of-foot], he may have
three times of the skill of the [swift-of-foot]. On the other
hand, if he has no such ability, skl is counted as 0.5 (min).
Though this process may be more nonlinear, for the ease of
modeling it was made linear.

3.4. Fitness to Play. Also for the plays we can consider the
same fitness, and each individual selects the most fitted Ri
among the set of plays specified by ability of [interest-in-∗]
and practicing it. If one has no such ability, he will spend
the leisure time with rate c idly; that is, his abilities are not
trained in this time.

3.5. Performance of the Whole World. Performance of the
whole world is given by

Q =
NT∑

i=1

fi
∗ (performance

)
, (16)

where fi
∗ is fik of an individual Ik who is practically assigned

to the task Ti. Note that hobbies are not evaluated at all in
this model.

3.6. Evolution of Individuals. Genetic algorithm [5, 6] is
employed to make the evolution of the set of individuals. At
every year (or unit year), some percentages of the individuals
with fitness in order from the lowest or randomly to some
extent are selected and erased. Then, those with the highest
fitness are multiplied.

3.7. Genotype. In order to simulate the artificial humans we
must map the model to genotype. It may be more simple to
represent the individual (Ik′ = {ak1, . . . , aknI ; ck}) by a
sequence of binary numbers with (log2NA × nI + bit
length of ck) bits. Since skills are not inherited, {sk1, . . . , sknI}
is not included in the Ik′ different from Ik.

The environment is given from the outside to the group
of individuals. It requests the tasks. On the other hand,
the plays are generated as a result of the evolved genes. To
do so, some specific binary sequences on the gene should
be interpreted as [interest-in-∗] with which he or she is
represented as being fond of that kind of play and begin to
do it. The set of trainable abilities in each play is given also
from the outside.

4. Simulation and Experimental Results

We have developed a simulation software.

4.1. Parameters. The initial parameters of the simulation are
NA = 128 (number of kinds of ability), NI = 120 (number
of populations), NT = 100 (number of job tasks; 20 are
unemployed), ni = 16 (number of abilities required in each
job tasks), ni = 16 (number of abilities each person has),
NR = 64 (number of kinds of play), mi = 0–64 (number of
abilities required in each play), b = 2, ck= [7bits], and the rate
of mutation is 0.05. Zone of the ability code number more
than 64 (i.e., 65–128) is allocated to the abilities of interest-
in-∗. Initial genes are set randomly.

4.2. Stepwise Environmental Change. Figure 2 shows a typical
behavior of the world according to the generation lapse
with 64 kinds of less complicated plays each of which
requires no ability. In Figure 2(a), the vertical axis represents
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Figure 3: Typical behavior of the world with 64 kinds of highly complicated plays each of which requires 64 abilities.

the code number of the ability which is expressed by seven
bits in the gene. The environment requests abilities between
two lines (i) with band width 20 and changing stepwise
according to the generation. Requested 16 (=ni) abilities for
each task are selected from this band of 20 randomly. Then,
various abilities (ii) in the group of the artificial humans
become to appear. That is, (ii) represents a spectrum of
ability set embedded in the artificial mankind and changing
along the time. When the generated ability distribution as a
result of the evolution matches well to the requested abilities,
the performance (iii) of the world becomes high. When
the environment change effects largely in the world, the
performance of the world becomes almost zero and has a
risk of extinction of the species as in the 1000th, 1500th,
and 3000th generation. On the other hand, the change at the
2000th generation will be likened to the Industrial Revolu-
tion, where the performance of the world is raised up in
spite of the sudden change of the environment (requested
tasks) since the abilities in artificial mankind fit well to it. The
curve (iv) shows the variance of the ability distribution (ii).
We can see that when the ability distribution (ii) matches well
to the environment (i) with small variance, the performance
becomes very high as in between the 2000th and 3000th
generations. Abilities between no 64 and no 128 that
correspond to {interested-in-∗} in Figure 2(a) are dispersed
and thin, since the abilities of {interested-in-∗} do not
contribute to the performance.

Figure 3 shows a typical behavior of the world with 64
kinds of highly complicated plays each of which requires 64
abilities. We can see that the performance of the world is
fairly steady compared with Figure 2. The variance curve is
also steady than Figure 2.

We can see that in the world where more varieties of
abilities are requested in the plays, or various kinds of plays
are possible and popular as in the advanced countries, the
performance of the whole world in spite of calculated only
from tasks becomes more stable by the continuous skill up in
the plays. This is the effect of the play.

In the first and the second simulations of Figures 2 and 3,
the abilities of {interested-in-∗} were only for plays. We have
made the third simulation where we have defined the ability
of {interested-in-task∗}. The ability of {interested-in-task∗}

is not always necessary to begin the task∗. When individuals
are assigned to tasks, the ability of {interested-in-task∗} is
used as an extra ability. Then, the performance is higher than
those who don’t have it as much as its skill. Thus, his skill is
raised up more since he has more chance to be employed or
promoted more, and it makes more chance to get good job,
and so on.

Besides the abilities with code numbers 65–128 are
allotted to plays one-to-one, each task is allotted randomly
to one of the code numbers of 65–128. That is, each the code
number between 65 and 128 is allotted to one play and 0, 1,
or 2, . . . tasks. An experimental result is shown in Figure 4,
where the performance is more stable than Figure 2 and the
risk of the extinction seems decreased. This may be because
individuals having interest-in-task ability have more chance
to fall in a good circulation of being selected and polish Their
abilities. However, note that the stability is still lower than the
world with the complicated plays of Figure 3 in this case.

We can say that there is a discrimination between the
tasks as the duty one and the voluntary one with interest.
This is the effect of the interest in this task. We can see that
the improvement of the ability by which they performed the
task voluntarily contributes to the variance of the ability.
We can find that there are common parts between the
{interested-in-task∗} and the voluntary play, for example,
the baseball is played as a profession and as a play (hobby).
So we may be able to say this is the effect of the play.

4.3. Random Environmental Change. In order to see the
difference by complexity of the plays from statistical point
of view, we performed 100 trials of the simulation under the
random environmental change shown in Figure 5.

Results are shown in Figure 6. Comparing performance
and variance between worlds with different complexity of
the play for the same environmental change, there are not
so much differences at a glance in (a) and (b) of Figure 2.
Therefore, the mean differences are calculated as Table 1. We
can see that when the plays request more number of abilities,
performance of the world becomes higher, and spectrum
of genes within the world becomes more spread compared
with the world with only simple plays. That is, there become
people that have more wide range of abilities and talents.
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Figure 4: Behavior of the world with 64 kinds of less complicated plays requiring no ability as Figure 2 but abilities of interest-in-task added.

Table 1: Improvement of means of performance and variance from
simple play world. Values are arbitrary unit in Figure 6.

Abilities for play Performance Variance

0 — —

8 18 39.26

16 35 38.57

32 14 41.61

Consequently, in the play-rich world, though productivity is
not always higher, for sudden environmental changes drop of
the productivity is small and the productivity after the drop
is kept higher than in the simple play world as seen at around
2700 generation and 3400 generation in Figure 6. Though
these differences do not look so large, they are accumulated
and make a large difference.

Note that in the simulation, abilities are fixed beforehand.
In real situations, however, they are newly generated to adapt
more to the varying environment. Introducing this mech-
anism to the simulation, it will make the simulation more
realistic. For example, in both worlds in Figure 6, we see that
the variances after 3000 generation are decreasing though
the performances are still raising and they show the limit of
evolution by being too much adapted to the environment.
These limits will be removed by the above improvement.

5. Discussion

Generally speaking, the simulation of GA is not always stable,
but sometimes it happens that even when the performance
is growing up steadily the evolution becomes bad suddenly.
This is partly because of the limited number of individuals in
the above simulation.

Though we have not tried fully yet, it is expected that
a group of individuals with wide variety of abilities as a
whole is generated by the effect of varying environment. In
other words, required wide variety of abilities to cope with
variously changing environment are embedded distributively
in the group. As a result each individual comes to have his
own personality and uniqueness. Individuals constitute the
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Figure 5: Random environmental change. Range of 20 between
upper and lower curves is the requested abilities in each generation.

world (group or independent country) by sharing tasks
required in the present environment. However, the whole
abilities embedded in the group distributively are not only
the ones required in the present environment but also for its
possible changes. Some parts of such abilities embedded into
an individual will appear as plays or hobbies. Thus, in spite of
only evaluating the fitness of abilities of the individual to the
changing environment, not only the variety of the abilities for
the tasks but also the variety of the abilities for plays come to
appear. As a result, three types of individuals will be gener-
ated. The first type of the individual is fitted to his present
task, and this type of individual is happy only in his job. The
second one is happy in his play rather than in his job. The
third one is their intermediate type. Essentially, it may be
nonsense to discriminate the abilities for the job tasks and
for the plays, although in this paper we discriminated them
for convenience in the simulation.

The present environment requests not the whole abilities
of the group of humans but only the part. The unrequested
abilities will appear as the play in the hobby world and
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Figure 6: Average of 100 trials of the world. Lower dark curve is the performance and upper thinner curve is the variance of the gene
spectrum.

prepare the next chance to be requested from the environ-
ment by being trained in the play.

Though the paper deals with a world of mankind, the
frame of the research will also be applicable to various
worlds with struggle for existence, such as animal world and
business world.

6. Conclusion

In this paper, we have proposed a gene world model of a
group of artificial humans capable of coping with various
environments, where individuals with mind of plays or
hobbies are generated. We have shown in a simulation that
in the world, where more variety of abilities are requested in
the plays, the performance of the whole worlds in spite of
calculated only from tasks becomes stable. This is the effect
of the play. Thus, we may be able to say that we could confirm
that the role of plays will be partly some kind of training
for implicit or explicit abilities which will be useful for
unexpected changes of the environment. It can be regarded
as play expresses a margin of ability.

Further improvement along the following items will be
necessary.

(1) The system behavior is rather dependent on how the
environment changes in speed and range. Therefore,
we must investigate what type of changes will gener-
ate what type of artificial lives.

(2) Structure of the model of the task is flat of only a
personal job level. It might be needed to construct
a task system with a hierarchical structure such as a
company composed of individuals.

(3) It may be difficult in the real world to discriminate
the job tasks as the duty one and the hobbies as the
voluntary one with pleasure. It may be a way not

discriminating [interested-in-play∗] and [interested-
in-task∗].

(4) In the real world, evaluation of the world is made not
only by the job tasks but by including the plays.

(5) “Variance” may not be adequate since it depends on
how to allot the number to the ability. Therefore,
entropy may be more adequate to express the diver-
sity of the gene.

(6) Though in the simulation, abilities in the mankind
are fixed beforehand in the real situation they are
evolved to adapt more to the changing environment.
Then, the artificial lives will evolve more drastically.
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An optimized medical image compression algorithm based on wavelet transform and improved vector quantization is introduced.
The goal of the proposed method is to maintain the diagnostic-related information of the medical image at a high compression
ratio. Wavelet transformation was first applied to the image. For the lowest-frequency subband of wavelet coefficients, a lossless
compression method was exploited; for each of the high-frequency subbands, an optimized vector quantization with variable
block size was implemented. In the novel vector quantization method, local fractal dimension (LFD) was used to analyze the
local complexity of each wavelet coefficients, subband. Then an optimal quadtree method was employed to partition each wavelet
coefficients, subband into several sizes of subblocks. After that, a modified K-means approach which is based on energy function
was used in the codebook training phase. At last, vector quantization coding was implemented in different types of sub-blocks. In
order to verify the effectiveness of the proposed algorithm, JPEG, JPEG2000, and fractal coding approach were chosen as contrast
algorithms. Experimental results show that the proposed method can improve the compression performance and can achieve a
balance between the compression ratio and the image visual quality.

1. Introduction

With the rapid development of modern medical industry,
medical images play an important role in accurate diagnosis
by physicians. However, the large amount of images put
forward a high demand on the capacity of the storage devices.
Besides, telemedicine is a development trend of medical
industry, while narrow transmission bandwidth limits the
development of this project. To solve the problems men-
tioned above, a large number of researches have been carried
out into medical image compression.

Medical image compression approaches can simply be
divided into two kinds: lossless compression and lossy com-
pression. Lossless compression can reconstruct the original
image completely identical. Lossy compression takes advan-
tage of the human weak psychovisual effects to optimize
compression results but loses certain image information [1].
Lossless coding method like them Huffman coding [2], LZW
[3], arithmetic coding [4], and some other improved meth-
ods [5] can code an image and decode it with perfect result.
However, such methods can only obtain a low compression

ratio around 1 to 4; a higher compression ratio is hard to
obtain. Although physicians and scientists prefer to work
with uncorrupted data, the modest compression offered by
lossless coding is often insufficient for either transmission or
storage purpose. In these cases, a lossy compression method
that preserves the diagnostic information is needed. There
are lots of lossy image-coding methods, such as predictive
coding [6], discrete cosine transformation (DCT) coding
[7], fractal-based coding [8], wavelet-based coding [9, 10],
vector quantization (VQ) method [11, 12], and some other
methods. Predictive coding approach can mostly reduce the
relevance of pixels in time and space domain. This kind of
method can get a good visual quality for decoded image,
but its compression ratio is just ordinary. Wavelet-based
methods are commonly used in image coding, which can
analyze an image in different resolutions. DCT is easily
implemented and widely used in image coding, and it can
decode an image within short time, but the compression
ratio is limited, or it may bring block effect to its decoded
image. The fractal image coding possesses excellent visual
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quality and compression ratio. However, it has some lim-
itations like exhaustive inherent coding time. There are
some modified methods aiming at shortening the coding
time of the fractal method, which can be found in [13].
Artificial neural network (ANN) [14] method is a late-model
image-coding method and is widely used, but the training
of its samples is time consuming and the choice of the
neural network model is vital in image coding. There are
many kinds of image-coding algorithms relating to wavelet
transform, like embedded zero-tree wavelet (EZW) [15], set
partitioning in hierarchical trees (SPIHT) [16], and some
other methods. Those methods have achieved great success
in recent years. However, all of these methods could not
provide a high compression ratio.

VQ is an efficient information source coding method.
The principle of it is constructing a vector based on several
scalar data group, so the vector quantization coding is
superior to scalar quantization coding. LBG algorithm was
named after its proposers Linde et al. and afterwards there
were many other improved methods [17]. This method can
provide a high compression ratio and a simple decoding
process. However, a serious problem in traditional VQ is edge
degradation. To solve the problem, variable block-size image
coding was introduced by Vaisey and Gersho [18]: the tech-
nique obtained a satisfactory quality coding result at a high
ratios. Variable block-size image coding is based on the tra-
ditional vector quantization. Rather than splitting the image
into series of sub-blocks in uniform size like the traditional
vector quantization algorithm, variable block-size coding
segments the original image into several types of blocks. In
the process, areas which present high complexity are divided
into small blocks, while those of low complexity are divided
into large blocks. The variable block coding method can
achieve a high visual quality and a relatively high com-
pression ratio. Related works on the vector quantization of
variable block have been reported by Yamanaka [19], which
performs the variable block coding in the wavelet domain.
Besides, Sasazaki et al. [20] used local fractal dimension as a
metric to evaluate the complexity of a local area of image.

This paper introduces a novel approach for medical ima-
ge compression based on wavelet transformation and vector
quantization, which could provide an efficient compression
performance with good visual quality. In our scheme, as
most energy of the original image concentrates in the lowest-
frequency subband, we decompose the original image into
one low frequency subimage and several high-frequency
subimages using wavelet transformation The low-frequency
subimage is manipulated with the Huffman coding as its
information is very sensitive to human’s eyes. Information
in high-pass octave bands is always the details or edges.
According to the human visual system (HVS), the loss of this
part will not be perceived. So, we process the high-frequency
subimages with our proposed vector quantization approach.

2. Outline of Our Proposed Scheme

In our scheme, an original image is first decomposed into
multiresolution subimages through the wavelet transform;
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Figure 1: The diagram of the proposed algorithm.

then, coefficients in the low-pass octave bands are encoded by
the Huffman coding method while coefficients in each of the
high-pass octave bands are encoded by the proposed novel
vector quantization with variable block. The diagram of the
proposed algorithm is shown in Figure 1.

The Huffman coding method is a common method in
the field of image compression, so the introduction of this
part is ignored. The optimized vector quantization with
variable block size includes two steps. The first step is
dividing the subimage into series of sub-blocks. The smooth
areas of the coefficient matrix are divided into sub-blocks
with a relatively large size, while those containing many
details are divided into small-size sub-blocks. The metric of
complexity is based on the value of local fractal dimension
(LFD). In order to classify the local fractal dimension into
predetermined classes, a method of discriminant analysis
is applied [21]. After that, an optimized quadtree (QT)
approach is exploited to split the subimage into different
sizes of blocks. The second step is quantization step. In the
procedure, every codebook is made up of several sub-books.
Each of the sub-books is trained by a modified K-means
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method. Then each of the subimages is encoded and decoded
by the obtained codebook.

3. Medical Image Compression Based on
Our Proposed Algorithm

3.1. Dividing High-Frequency Sub-Bands Into Variable-Size
Blocks. Fractal dimension (FD) is a statistical quantity that
gives an indication of how completely a fractal object appears
to fill space. The value of FD has a strong relevance with the
human judgment of surface roughness. In this sense, FD is
an excellent tool in the field of image processing. The fractal
dimension measurement cannot be derived exactly but must
be estimated. In this paper, the blanket method [22] is used
to estimate the local fractal dimension of images. In the
technique, the subimage composed by high-pass coefficients
can be viewed as a hilly terrain surface whose height from the
normal ground is proportional to the value of the coefficients
[23]. Then all points at distance from the surface on both
sides generate a blanket of thickness 2ε. The covering blanket
is defined by its upper surface uε and bε [24]. The surface area
of the blanket is calculated repeatedly. The initial surface of
the blanket, u0 and b0, is set by the values of coefficients of
the subimage. Then, the surfaces of different ε are defined by

uε
(
i, j
) = max

⎧
⎨

⎩uε−1
(
i, j
)

+ 1, max
d(i, j,m,n)≤1

uε−1(m,n)

⎫
⎬

⎭,

bε
(
i, j
) = min

⎧
⎨

⎩bε−1
(
i, j
)− 1, min

(m,n)−(i, j)≤1
bε−1(m,n)

⎫
⎬

⎭,

(1)

where d(i, j,m,n) is the distance between the pixel (i, j) and
pixel (m,n). In this formula, the points (m,n) are taken to be
the four immediate neighbors of the point (i, j). The volume
of the blanket is calculated from

vε =
∑

i, j

(
uε
(
i, j
)− bε

(
i, j
))

, (2)

while the surface area is measured as

A(ε) = (vε − vε−1)
2

. (3)

On the other side, the area of a fractal surface behaves
according to

A(ε) = f ε2-D, (4)

where F is a constant for a specific image and D denotes the
fractal dimension of an object.

Therefore, the FD value can be estimated from the linear
fit of log{A(ε)} against log{ε} with the blanket’s scale range
from 1 to ε, and the slope should be equal to 2D. As to the
estimation of local fractal dimension, the window size of the
local area is always 3× 3, 5× 5, 7× 7, or larger.

After the local complexity analysis of the subimage, a LFD
mapping image is obtained. In the LFD mapping image, the
pixel value of each point is the local fractal dimension of the
corresponding pixel in the original subimage. According to

the local fractal dimension, the image is divided into sub-
blocks of different sizes. Because all the LFD values of the
subimage are being decimal in the range of [2, 3], it is impos-
sible to split the subimage into so many types of blocks as the
number of local fractal dimension shows. So we must classify
the LFD mapping image into a certain number of classes.
In the procedure, discriminant analysis [21] is applied. This
technique can select a threshold adaptively, which will be
used to divide an image into object and background.

In this paper, an optimized quadtree method is perform-
ed to decompose the subimage into several sizes of blocks.
In order to understand the optimized quadtree method, the
quadtree algorithm is first explained as follows.

Quadtree is a tree data structure which was named by
Finkel and Bentley in 1974 [25]. In quadtree decomposition,
a judgment is first made to see whether a block can be repre-
sented by a single large block or it must be divided into four
sub-blocks [26]. In this paper, the classification result of local
fractal dimension is seen as the judgment in the process of
quadtree decomposition. The quadtree technique recursively
subdivide the image into four quadrants or regions until the
priority of the current block is homogenous.

During the process of variable block division, what sizes
of block a pixel will be contained is not only depending on
the priority of itself, but also on the priority of its sur-
rounding pixels. So we can draw a conclusion that adjacency
relationship is very important to each pixel. As for the whole
sub-band, if we can find a good adjacency relationship for all
pixels, the proportion of different sizes of image blocks will
be changed and the quality of decoded subimage will also be
changed. The purpose of the optimized quadtree is to select
an excellent initial position to split the subimage, which will
improve the compression ratio or boost the image quality at
the same bit ratio.

In conventional quadtree method, the image is first
divided into many initial sizes of sub-blocks from the first
row to the last, from the first column to the last column, then
the initial sub-blocks will continue to split. In the proposed
technique, the initial split position will change regularly and
then the best initial split position is chosen to process the
initial division of the image. The novel method consists of
two steps: statistics step and selection step. The schematic
diagram of the optimized quadtree method is shown in
Figure 2.

Assume that the size of the initial sub-block is denoted as
L0; the size of original subimage is M×N , whereM is number
of rows and N is number of columns of the subimage. In the
proposed method, there are two ways to change the position.
The first way is fixing the left side of the initial segment
position at the first column, while changing the upper side
from 1 to L0 line. The second way is changing the left side of
the initial segment position from 1 to L0 − 1 column, while
fixing the upper side at the first line. In this way, there are
2L0 − 1 types of positions. To ensure the integrity of the
original subimage, the subimage will be extended in a certain
way when changing the position. For instance, if the initial
position is changing at the row direction and the original
line of the split location is the kth line, the upper part of
the image will be extended by k rows and the lower part of
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Figure 2: Schematic diagram of the optimized quadtree method.

the image will be extended by L0 − k rows. A similar process
will be performed when the changing position is towards the
column direction. The extended part is simply a copy of the
first line or the last line. In this way, the size of the original
subimage is expanded, so at the decode side, the decoded
subimage should be shrunk in a corresponding way.

At each of the initial positions, variable block division is
performed. And in this process, the numbers of different sizes
of image blocks will be counted and the structural similarity
(SSIM) between the division image and the LFD mapping
image will be calculated. After that, the best initial position,
which will lead to the largest summation of the structure
similarity (SSIM) and the number of the smallest sub-blocks,
will be chosen as the final initial split position to segment
the subimage. The structure similarity will be introduced
in detail in the following part. Structure similarity is a
numerical in the interval of [0, 1], while the number of the
highest-priority sub-blocks is approximate to 105. So the
structure similarity should be multiplied by 105 before the
operation mentioned above. The way to choose the best
initial split position is defined by

SUMi = Ni + 105SSIMi, i = 1, 2, . . . , 2L0 − 1,

SUMmax = max{SUMi}, i = 1, 2, . . . , 2L0 − 1.
(5)

Here, SUMi is summation of the structure similarity and
number of the smallest-size sub-blocks. Ni is the number
of the highest-priority sub-blocks in the ith initial split
position.

The SSIM [27] is an objective image quality metric,
which plays a variety of roles in image processing. It can

be used to adjust image quality; in addition, it can be used
to optimize algorithms and parameters settings of an image
processing system. It is exploited to optimize algorithm in
this paper.

The SSIM separates the task of similarity measurement
into three comparisons: luminance, contrast and structure.
The SSIM between two images is defined by

SSIM
(
x, y

) = [l(x, y
)]α[

c
(
x, y

)]β[
s
(
x, y

)]γ, (6)

where α >0, β >0, and γ >0 are parameters used to
adjust the relative importance of the three components. The
formula l(x, y) indicates the luminance comparison of the
two images. c(x, y) indicates the contrast comparison of the
two images. s(x, y) indicates the structure comparison of the
two images.

In order to simplify the expression, we set α = β = γ =
1, which means that the luminance, contrast and structure
comparisons of two different images will plays the same
important role on the similarity measurement. The result of
the specific form of SSIM is defined as follows:

SSIM
(
x, y

) =
(

2uxuy + C1

)(
2σxy + C2

)

(
u2
x +
(
u2
y

)
+ C1

)(
u2
x + u2

y + C2

) , (7)

where ux, uy is the mean intensity of the image x and y:
respectively, σxy is the covariance between the image x and y;
C1 and C2 are constants, which are used to avoid instability
when u2

x + u2
y is very close to zero.

3.2. Generating a Codebook with Several Subcodebooks. K-
means algorithm is an useful cluster algorithm, which divides
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N data points in an I-dimensional space into K clusters. Each
cluster is parameterized by a vector mk, which indicates the
center of each cluster. To start the K-means algorithm, the
sets of {mk} are initialized in some way. Then, the algorithm
will come into an iterative two-step phase: assignment and
update step. In the assignment step, each data point n
is assigned to the nearest mean, and in the update step,
the means are adjusted to match the sample means of the
data points. When the algorithm reaches the predetermined
maximum iterating time or the incremental error is below
the predetermined threshold, the iteration is over.

One disadvantage of the K-means method is that it is very
easy to fall into a local optimal result. The performance of
it depends on the initial clusters seriously. So, a good initial
codebook can efficiently reduce the iteration times in the
process of training codebook and greatly improve the quality
of the decoded image.

A common used method to initialize codebook is the
Forgy and Random Partition [28]. It randomly chooses
k observations from the data set and uses these data as
the initial means while the Random Partition method first
randomly assigns a cluster to each observation and then
carries out an update step, thus computing the initial means
to be the centroid of the cluster’s randomly assigned points.
The Forgy method tends to spread the initial means out,
while Random Partition places all of them close to the center
of the data set. According to Hamerly and Elkan [29], the
Random Partition method is generally preferable.

In this paper, we introduce a new method to set initial
code vectors of the codebook, which is based on the energy
of each sub-block. In the proposed method, we first calculate
the energy of each sub-block. The energy function is defined
as

Lk∑

i=1

xi
2, (8)

where Lk is the number of pixels in the kth sub-block and xi is
the gray level of the pixel i. Then the energy of all of the sub-
blocks is ordered, and the predetermined numbers of code
vectors are taken out in equal interval. In the novel method,
the image information is taken into account at the process of
selecting the initial codebook.

4. Results and Discussions

To validate the performance of the proposed medical image
compression algorithm, 30-pair liver CT digital imaging
and communications in medicine (DICOM) images and
brain CT DICOM images from a 64 row CT machine in a
domestic large hospital were tested. The resolution of all the
images is 512× 512. In the process of wavelet transform, the
biorthogonal wavelet basis of bior4.4 is chosen to transform
the medical images. The results through different wavelet
basis do not vary obviously. To ensure that most of the
image energy is not lost, two-level wavelet decomposition is
executed in the experiment.

After that, the LFD value of each high-frequency subband
will be classified into three categories by the discriminant

analysis approach, and then each sub-band is divided into
2 × 2, 4 × 4, and 8 × 8 sub-blocks. In order to prove
the effectiveness of proposed codebook training method,
we will construct two kinds of codebooks for every sub-
band. One kind of codebook is generated by K-means which
is based on the random initial codebook, while the other
one is obtained from the energy function initial codebook.
Therefore, there are six sub-codebooks for one subimage,
which are generated from the 2×2, 4×4, and 8×8 sub-blocks
of the image, respectively. In the subsequent part of the paper,
the codebook constructed by the random initial codebook
is called random codebook, and the codebook constructed
by the energy function initial codebook is called energy
codebook.

Liver CT images and brain CT images are used to test the
proposed method. Figure 3 shows the reconstructed images
of the different codebooks. Figures 3(a) and 3(d) are original
images, Figures 3(b) and 3(e) are decoded images encoded by
the energy codebook, and Figures 3(c) and 3(f) are decoded
images encoded by the random codebook. The calculation
of compression ratio should take both of the lossless part
and lossy part into account. The compression ratio of lossless
part is 1.5097, and the lossy part is 15.4451, so the real
compression ratio is 9.7943. As for the head image, the
compression ratio of lossless part is 1.3458, and that of the
lossy part is 15.3250, the real compression ratio is 9.5363.

As shown in Figure 3, we can see that the qualities of
two images decoded with different codebooks are almost
the same when the compression ratio is fixed. However, the
contour of the abdominal of the energy codebook is clearer
than the random codebook. Besides, the SSIM value of the
decoded image of energy codebook and the original image is
higher than that of random codebook by 0.02. As to the head
image, the fidelity of the two decoded images is lower than
that of liver images, but it will not cause diagnosis failure. The
contrast of the reconstructed image of the energy codebook
is superior to that of the random codebook, and the SSIM
between the energy decoded image and the original image
is higher than that of random decoded image. The average
SSIM values of 30 liver images and 30 head images decoded
by the two kinds of codebook at different compression ratio
are illustrated in Figures 4 and 5.

As shown in Figures 4 and 5, at low compression ratio,
the performance of the energy codebook is similar to that
of the random codebook. However, the performance of the
energy codebook is obviously superior to the random code-
book at high compression ratio.

In order to verify the effectiveness of our proposed algo-
rithm, we compare our algorithm with several recent and
conventional compression methods, such as DCT, Fisher’s
fractal coding, JPEG, and JPEG2000. The corresponding
contrast results are shown in Figure 6(a) for an original
liver image; 6(b), 6(c), 6(d), 6(e), 6(f) are, respectively, the
compression results of the DCT, JPEG, JPEG2000, Fisher’s
fractal coding and our proposed algorithm at a compression
ratio of 25.

As shown in Figure 6, when the compression ratio is up
to 25, liver image compressed by all the above algorithms
exist distortion phenomenon. However, the texture feature
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(a) Original liver image (b) Decoded images encoded by the energy
codebook

(c) Decoded images encoded by the random
codebook

(d) Original brain image (e) Decoded images encoded by the energy
codebook

(f) Decoded images encoded by the random
codebook

Figure 3: Comparison of the decoded images of the energy codebook and the random codebook at compression ratio around 10.
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Figure 4: Average SSIM for liver images against compression ratio.

of the de-compressed image with our proposed algorithms is
better than those in images with other methods.

We take peak signal-to-noise ratio (PSNR), mean squar-
ed error (MSE), the running time, and normalized cross-
correlation (NCC) as four evaluation indexes to compare
our proposed algorithm with the contrast methods. When
the compression ratio is fixed to 25, the value of the above
evaluation index is shown in Table 1.
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Figure 5: Average SSIM for head images against compression ratio.

As shown in Table 1, the PSNR and NCC values of our
proposed algorithm are higher than the other four contrast
methods, while the running time and MSE values of it’s lower
than the other contrast methods.
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(a) Original image (b) Result of DCT (c) Result of JPEG

(d) Result of JPEG2000 (e) Result of Fisher’s fractal coding (f) Result of our proposed algorithm

Figure 6: Contrast of compression results at a compression ratio of 25.

Table 1: Evaluation index value of our proposed algorithm and
some contrast algorithms with compression ratio of 25.

PSNR (dB) Time (s) MSE NCC

DCT 27.24 13.22 37.12 0.9945

JPEG 28.11 14.65 35.65 0.9950

JPEG2000 34.16 12.20 24.94 0.9988

Fisher’s method 31.54 10.50 33.66 0.9968

The proposed method 37.5 2.34 11.70 0.9996

5. Conclusions

In this paper, we propose an optimized medical image
compression algorithm based on wavelet transform and
vector quantization with variable block size. We, respec-
tively, manipulate the low-frequency components and high-
frequency components with the Huffman coding and imp-
roved VQ by the aids of wavelet transformation. Although
the implement of the proposed algorithm is more com-
plex than some traditional medical image compression
algorithms, it can compress an image with good visual
quality with high compression ratio. Besides, in contrast with
some traditional and current medical image compression
algorithm, the proposed algorithm owns better performance
through the evaluation index of PSNR, running time, MSE,
and NCC.
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Whereas a variety of different feature-point matching approaches have been reported in computer vision, few feature-point
matching approaches employed in images from nonrigid, nonuniform human tissues have been reported. The present work is
concerned with interior deformation field measurement of complex human tissues from three-dimensional magnetic resonance
(MR) volumetric images. To improve the reliability of matching results, this paper proposes composite match index (CMI) as
the foundation of multimethod fusion methods to increase the reliability of these various methods. Thereinto, we discuss the
definition, components, and weight determination of CMI. To test the validity of the proposed approach, it is applied to actual
MR volumetric images obtained from a volunteer’s calf. The main result is consistent with the actual condition.

1. Introduction

The physical property is the base of the biological simulation,
computer-assisted medical applications, such as clinical
diagnosis, and surgical simulation, surgical planning. And
estimation of internal deformation field or deformation
motion for the biological tissues plays a very significant
role in physical parameters estimation. Thus, measuring the
internal deformation field of biological tissues is becoming
the focus research. Magnetic resonance (MR) imaging (MRI)
provides superb anatomic images with excellent spatial
resolution and contrasts among soft tissues; thus, it is widely
used in computer-assisted medical applications, such as clin-
ical diagnosis, surgery simulation, operation planning, and
evaluation of physical characteristics of biological tissues.
Increasing number of researchers in medical simulation and
medical virtual reality focus on the interior deformation
field or motion measurement of biological tissues from MR
volumetric images, and it has become one of the significant
branches of medical image analysis. Generally, approaches
for estimating the deformation of MR volumetric images
can be classified into two typical types: elastic deformation
model-based and feature matching-based methods.

The elastic deformation model-based method can be
classified into either parametric or geometric active models
[1]. To obtain the deformation information of an object, the
parametric active contours, also called snakes, try to mini-
mize a defined cost function so that the function deforms
a given initial contour toward the boundary of the object.
This method was first introduced by Kass et al. in 1987 [2]
and subsequently developed and used by Lang et al. [3], Cho
and Benkeser [4], and Matuszewski et al. [5] to estimate
deformation motion of nonrigid objects. In the geometric
active model [1, 6–8], the curve and the surface of an
object are first detected. Then, the deformation propagation
of the curve and the surface is used to track the motion.
However, irrespective of what elastic deformation models
are employed, disadvantages exist in the deformation esti-
mation; for example, the parametric active model cannot
handle changes in the topology of the evolving contours
when deformation is performed directly, and often, heuristic
topology handling procedures are used [8]. In the geometric
active model, when contrast is poor and boundaries are not
clear or are continuous in the images, the contours tend to
leak through the boundary [9]. The tagged images must have
a regular grid pattern in the imaging plane because if the
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number of tagged points is low, the measurement accuracy
would be poor. More important than the former two aspects,
regardless of what elastic deformation models are used, they
can only handle the deformation at the boundary of nonrigid
objects and not the interior deformation.

In recent years, researchers have been increasingly con-
cerned on approaches for matching of nonrigid feature
points. Typically, thin-plate spline-robust point matching
(RPM) is a famous algorithm for matching non-rigid feature
points, which can estimate the joint correspondence and
non-rigid transformations between two differently sized
point sets. However, optimal processing of the energy func-
tion utilized in Chui’s method may be trapped in bad local
minima [10]. Zheng proposed the RPM-local neighborhood
structure (LNS) method of matching non-rigid feature
points, based on the supposition that relative distances and
orientations among feature points in a neighborhood would
be preserved [11]. Lee improved the LNS and presented the
topology preserving relaxation labeling (TPRL) algorithm.
In the TPRL method, log distance and polar angle bins
are utilized to capture the coarse location information of
the feature points in a neighborhood. Using shape contexts,
Belongie proposed a non-rigid point matching method.
In this method, every feature point is represented by a
histogram descriptor of the distance and orientation between
this feature point and its neighbor feature points [12]. In
addition, some other useful methods were also proposed
for feature-point matching, such as the coherent point
drift matching method of non-rigid points [13, 14] and
the preservation of local geometrical characteristics [15].
In these methods, a novel objective function is defined to
preserve local image-to-image affine transformations across
correspondence. In general, some unsolved problems are
involved in the aforementioned matching methods of non-
rigid points; for example, the optimal processing of the
energy function could be trapped in bad local minima, the
topology of the neighboring feature points is not always pre-
served well, and so on. Most importantly, in these methods,
useful information of the feature point is considered singly
and lacks a comprehensive approach, which can mix up with
the useful and significant information in the point matching
of deformation measurement.

Therefore, to improve further the proposed feature-
matching-based approach and improve the robustness of
the matching result, this paper proposes a composite match
index (CMI). In Section 2, we introduce some previous work,
in Section 3, we describe the concept and definition of CMI,
and Section 4 introduces the CMI application on feature
matching of image pairs from non-rigid objects. In Section 5,
examples and preliminary experimental results are given, and
discussion and conclusions are presented in the final section.

2. Previous Work

Feature matching plays a significant role in human visual
perception, recognition, and computer vision. In medical
imaging, most existing feature matching-based research has
focused on non-rigid registration and internal deformation

field measurement. The general idea of these works is first
to extract enough feature points or markers from medical
images acquired from non-rigid objects on natural and
deformed states, respectively. Next, the feature matching
algorithm is applied on extracted feature-point sets to
establish robust corresponding pairs. Finally, corresponding
pairs are used as control points in non-rigid registration and
are used to calculate sparse deformation fields in internal
deformation field measurements. Therefore, finding robust
corresponding pairs is a vital problem in the present work.
We surveyed existing works on feature-point matching in
computer vision. Relaxation is a valid technique to disam-
biguate matches and improve the robustness of matches.
Finding a globally optimal or reasonably good suboptimal
solution in relaxation is a difficult task, and such matching
techniques in non-rigid medical image processing have
been rarely addressed. However, a potential advantage is
that harder matching problems can be solved using global
optimization techniques.

Papademetris et al. [16] presented a method for the
integration of feature and intensity information for non-
rigid registration. In this case, a distance-based robust point
matching framework was proposed to estimate feature-point
correspondences. A disadvantage of the algorithm is that it
estimates transformation using weighted least squares, which
affects the strength of matching.

Zhang et al. [17] introduced a feature matching-based
algorithm and considered the problem of 2D deformation
field measurement as an example. Matching strengths are
measured using correlation and relative distance between
two feature points. Relaxation by the optimization algo-
rithm is deductive of the function of matching strength.
In later research [18], after slight revision, the algorithm
was extended to a 3D situation because the intensity in a
magnetic resonance (MR) image is the information of tissue
mapped on an image. Thus, the correlation intensity of
regions between two points in matching and relaxation can
effectively use the properties of tissue.

The work [19] proposed a local geometric preserving
algorithm to find corresponding feature pairs from given
feature points set in MR volumes acquired from an object
on natural and deformed states, respectively. The main
contribution of the algorithm to feature matching is that for
a non-rigid tissue, when an outside force is applied on it,
the deformation magnitude and orientation are different in
different regions. However, for a local region on the object,
the difference is actually very slight and can sometimes be
ignored.

Problems in image feature-point matching remain as
great challenges for medical image processing. Thus, the
accuracy of feature matching needs to be further improved.
Typically, single factors, such as intensity and distance, are
effective in matching algorithm for specific areas. However,
total accuracy cannot be improved. The integration of
multifactors to form a composite approach can make use of
the advantages of each factor to improve total accuracy. The
present work proposes a composite framework that can pose
multicomponents in a single cost function with associated
weights to find corresponding feature pairs.
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Table 1: Comparison of the accuracy in different directions.

Approach Error
Number of landmarks

RMSE
0# 1# 2# 3# 4# 5# 6# 7# 8# 9# 10# 11#

x-error −12 −8 −7 −13 0 −4 −6 0 0 −7 0 0 6.626965

CMI y-error 8 −6 7 −7 0 1 6 0 0 5 0 0 4.654747

z-error 0 −2 2 2 −1 0 −1 3 −1 2 3 2 1.848423

x-error −21 −23 −9 −12 0 −11 0 0 −1 6 0 0 10.61838

RPFM y-error 20 −8 26 −10 0 −13 0 0 −7 4 0 0 11.08302

z-error 2 2 2 −2 1 3 0 0 3 4 3 1 2.254625

RMSE: root mean square error; x-error: error in the x-direction; y-error: error in the y-direction; z-error: z-error in the z-direction.

3. CMI

CMI-based feature-point matching approach was proposed
to address the fusion of different operator types and to
improve the reliability of results from single operators.
Here, CMI is a scalar quantity that describes the matching
possibility of point pairs. Let

ci =
[
ci,1, ci,2, . . . , ci,k

]T ,

w = [w1,w2, . . . ,wk]T
(1)

be the vector of component value and its corresponding
weight, respectively. Then, according to the linear weighting
method, CMI is defined as

ξt+1
i =

K∑

k=1

wt+1
k · ci,k (2)

subject to

K∑

k=1

wk = 1, (3)

where ξi represents the CMI of the i-th pair, ck represents
the value of the kth component consisting of the CMI,
wk represents the weight of the kth component, and K is
the number of components in the CMI. Here, component
is a factor that can be used to evaluate feature-point pair
similarities. Weight wk is used to measure the significance
of a component for CMI. Various weighting methods have
been reported for different research fields. In this case, to
consider the independence of each component, the correla-
tion weighted method is used to determine the weight of each
component. Let r = [r1,1, r1,2, . . . , r1,k]T be the correlation
vector consisting of correlation score of the component 0 and
k. Then, the weight of the t + 1 time wt+1

k is defined by

wt+1
k =

∣
∣
∣rt1,k

∣
∣
∣

∑K
k=1

∣∣
∣rt1,k

∣∣
∣

(4)

with

r1,k =
∑N

i=1

(
ci,1 − c1

)(
ci,k − ck

)

√∑N
i=1

(
ci,1 − c1

)2
√∑N

i=1

(
ci,k − ck

)2
, ck = 1

N

N∑

i=1

ci,k,

(5)

where ci,k is the value of the i-th feature-point pair and N is
the total number of match pairs in the potential matching set
obtained at time t.

Since feature-point pairs within the potential matching
set obtained at time t are used as samples to compute the
weight wt+1

k of the kth component in t + 1 times iteration,
the pairs in potential matching set are different at each time.
Thus, wk values are also different at different times, keeping
iterations in the matching process.

CMI is an effective way to fuse multifeature matching
algorithm. CMI takes full advantage of all the consid-
ered factors to generate a more robust feature matching
approach and obtain more accurate matching results. Thus,
the feature-point matching algorithm, which decides the
strength of matching via a similarity judge function, can
theoretically be integrated as a CMI component. In this
case, the local geometric persistence (LGP), local intensity
similarity (LIS), and local correlation score (LCS) between
regions around participants are selected as the components
to compute the CMI of a match pair (pu,i, pv,i) and demon-
strate the validity of CMI. The following section will discuss
how to compute LCS, LGP, and LIS.

For convenient descriptions, several definitions are first
clarified as follows

(1) Initial feature set pu, feature-point set extracted from
the MR volume acquired from the object at a natural
state.

(2) Deformed feature set pv, feature-point set extracted
from the MR volume acquired from the object at a
deformed state.

(3) PMS, a potential feature match set composed of a
match pair (pu,i, pv,i) if and only if the best match of
pu,i is pv,i and conversely pu,i is also the best match of
pv,i.

(4) pu,i represents the feature point i in the initial feature
set, and pv,i represents the feature point i in the
deformed feature set.

3.1. LGP. Let cu and cv be the moment center computed
using the initial feature set and its mapping in the deformed
feature set, respectively, let pu,i be the ith point in the initial
feature set, and let the mapping in the deformed feature set
be pv,i. Based on the consistent deformation in a local region,
the distance ratio of a potential match pair in a local region
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far from their moment center is equivalent and thus yields
μi, j :

μi, j =
d
(

pu,i, j , cu
)

d
(

pv,i, j , cv
) ≈ 1

J

J∑

j=1

d
(

pu,i, j , cu
)

d
(

pv,i, j , cv
) , (6)

where μi, j is the distance ratio of the jth potential match
pair (pu,i, j , pv,i, j) in the local region around pair (pu,i, pv,i),
d(pu,i, j , cu) is the Euclidian distance between pu,i, j and cu,
d(pv,i, j , cv) is the Euclidian distance between pv,i, j and cv, and
J is the number of potential match pairs in the local region.
Ideally, μi, j should be a constant in the local region.

Moreover, du,i = [d(pu,i,1, cu),d(pu,i,2, cu),. . . ,d(pu,i,J , cu)]T

and dv,i = [d(pv,i,1, cv),d(pv,i,2, cv), . . . ,d(pv,i,J , cv)]T are the
distance sets of the potential pairs within a local region
around pair (pu,i, pv,i), respectively. Based on the definition
of mathematical expectation, we yield

E
(

du,i
) = 1

J

J∑

j=1

d
(

pu,i, j , cu
)

,

E
(

dv,i
) = 1

J

J∑

j=1

d
(

pv,i, j , cv
)
.

(7)

Thus, if pv,i in the deformed feature set is the best match of a
given feature pu,i in the initial feature set, then, the geometric
deformation of potential match pair (pu,i, j , pv,i, j) within a
local region around pair (pu,i, pv,i) is defined as

gi, j =
∣
∣
∣μi, j − ηi

∣
∣
∣ (8)

subject to

ηi = E
(

du,i
)

E
(

dv,i
) . (9)

In a small local region, all the gi, j( j = 1, 2, . . . , J) should be
approximately identical and go to zero; the smaller the value
of gi, j , the better the geometric persistence of a potential
match pair (pu,i, pv,i). This is called geometric persistence in
this case. Thus, the impact factor of the j-th feature pair for
the LGP within a small local region is

λi, j = 1.0
1.0 + gi, j

. (10)

The geometric property within a local region is approxi-
mately consistent in the initial and deformed states. If a
pair is the best match for each other, then the correlation
of potential matches within a local region around the pair
must be a strong one. The correlated score gc(pu,i, pv,i) of the
geometric persistence of PMS in a small local region around
(pu,i, pv,i) can represent the LGP of feature pair (pu,i, pv,i),
specifically:

gc
(

pu,i, pv,i
) =

∑J
j=1 λi, j

(
d
(

pu,i, j , cu
)
− E

(
du,i
))

√
∑J

j=1

(
d
(

pu,i, j , cu
)
− E

(
du,i
))2

×
(
d
(

pv,i, j , cv
)
− E

(
dv,i
))

√
∑J

j=1

(
d
(

pv,i, j , cv
)
− E

(
dv,i
))2

,

(11)

where J is the number of potential matches within a local
region. In (11), if λi, j is large, the pair (pu,i, j , pv,i, j) may be
a strong match pair; thus, its weight must also be large. In
addition, the value range of gc(pu,i, pv,i) should be [−1, 1].
Normalizing gc(pu,i, pv,i) yields normalized LGP as

Ngc
(

pu,i, pv,i
) = 1 + gc

(
pu,i, pv,i

)

2
. (12)

3.2. LIS. LIS is used to describe the intensity difference
between regions around a feature-point pair in the initial and
deformed volumes. As mentioned earlier, the tissue within a
local region is the same in the initial and deformed states.
Thus, based on the MRI principle, the intensity difference
is small. The inner product between two regions has the
same properties with the invariance of rotation, zoom in, and
zoom out. The normalized inner product between regions
around (pu,i, pv,i) is adopted to define the similarity of two
regions. Thus,

lis
(

pu,i, pv,i
) = X�u,iXv,i∥∥Xu,i

∥∥ · ∥∥Xv,i
∥∥ , (13)

where Xu,i is the region in the initial volume centered at
feature pu,i and Xv,i is the mapping region of Xu,i centered
at feature pv,i.

3.3. LCS. Let I(pu,i,m) and I(pv,i,m) be the intensity of the m-
th voxel within the region centered at pu,i and pv,i in the initial
and deformed MR volumes, respectively. Let O be the local
cubic region with a size of w × h × l. The local correlation
score between local cubic regions around feature pu,i in the
initial MR volume and its candidate match feature pv,i in the
deformed MR volume is defined as

lcs
(

pu,i,m, pv,i,m
) =

∑M
m=1

(
I
(

pu,i,m
)− au,i

)(
I
(

pv,i,m
)− av,i

)

M
√
σ2
(
I
(

pu,i,m
)) · σ2

(
I
(

pv,i,m
)) ,

(14)

where

M = w × h× l,

au,i = 1
M

M∑

m=1

I
(

pu,i,m
)
, av,i = 1

M

M∑

m=1

I
(

pv,i,m
)
.

(15)

Here, σ2(I(pu,i,m)) and σ2(I(pv,i,m)) are the standard deriva-
tion of the local region O around feature pu,i and pv,i,
respectively. They are given by

σ2(I
(

pu,i,m
)) =

∑M
m=1

(
I
(

pu,i,m
)− au,i

)2

M
,

σ2(I
(

pv,i,m
)) =

∑M
m=1

(
I
(

pv,i,m
)− av,i

)2

M
,

(16)

where au,i and av,i are the averaged intensity in the neighbor-
hood of feature pu,i and pv,i, respectively.
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4. Application in Feature Matching

This section describes the measurement of internal defor-
mation fields using CMI. First, the cost function is given
to obtain optimal feature pairs iteratively. Then, the actual
feature matching algorithm is described. Finally, the internal
deformation fields are measured using optimal feature pairs.

4.1. Cost Function. CMI is an index that measures the
strength between a given feature and its candidate matches
in feature matching. In theory, for a given reference feature,
its potential match must have the strongest CMI among all
the candidates. Thus, for an optimal potential matching set,
its whole CMI will also be the strongest. Based on this idea,
we yield

St = 1
N

N∑

i=1

ξti , (17)

where S is the cost function in iteration and N represents the
total number of match pairs in the PMS obtained at time t.

4.2. Actual Matching Algorithm. The objective of the feature
matching algorithm is to obtain an optimal PMS ultimately.
The idea of PMS optimization is to maximize the aforemen-
tioned cost function S iteratively. In each iterative step, the
current PMS strength is evaluated by all candidate matches
within PMS using the defined cost function S. The iterative
steps will stop until S no longer increases or is subjected
to stop conditions. Specifically, the inputs are two feature-
point sets obtained from MR volumetric images of an object
under natural and deformed states, respectively. The output
is an optimal PMS. The specific process of the algorithm is
summarized as follows.

(0) Compute LCS and LIS. For each given pair (pu,i, pv,i)
consisting of features in initial and deformed vol-
umes, we use a local region (size of 9 × 9 × 3 in
this case) centered at features to compute LCS and
LIS according to (14) and (13), respectively.

(1) Form initial PMS. The LCS is used as the initial
CMI of each match pair in the step of initial PMS
formation. In other words, LCS is the only criterion
of this step.

(2) Compute LGP. For each given pair (pu,i, pv,i), we first
search for neighbor potential matches within a small
window (size of 17 × 17 × 3 in this case) centered
at pu,i. The potential matches contained within the
window are participants in the LGP computation
using the approach in Section 3.1.

(3) Compute w. Compute the weight for each CMI
component using potential matches in current PMS
as samples. The specific computing method can be
seen in (4).

(4) Update the CMI of each pair. For each given pair
(pu,i, pv,i), its corresponding CMI is updated through
the weighting sum of the components LCS, LIS, and
LCP, which are computed in (0) and (2).

(5) Form PMS and compute the cost function S. The
updated CMI of each pair forms new PMS. The cost
function in (17) is then computed using potential
matches in the current PMS.

(6) Repeat (2) to (5) until S no longer increases.

(7) Return the current PMS.

Although candidate sets LCS and LIS of each pair are
constant, PMS is dynamic because of the varying LGP and
w of the component at t + 1 times iteration. Thus, the match
strength index of CMI is varied. Dynamic cost function will
move potential matches into or out of the PMS. The best
candidate of a feature-point may also change.

4.3. Measuring Density Deformation Fields. After obtaining
the optimal PMS, the internal density deformation fields
of non-rigid objects are then obtained. In this study, the
method proposed in our previous work [20] is used to obtain
the internal density deformation fields. In summary, the
internal density deformation fields are interpolated by sparse
deformation fields using a finite element model. In detail, the
magnitude of the sparse deformation field is first computed
by its corresponding pair in PMS using Euclidian distance.
The start and end points of a field direction are defined
by the points of the corresponding pair. Next, a non-rigid
object is reconstructed using tetrahedra, whose nodes are
points in the PMS. The density deformation fields can then
be interpolated using the finite element method.

Let P be an arbitrary volume voxel at x = (x, y, z)
within a tetrahedron ♦PiP jPkPl consisting of nodal points
Pi, P j , Pk, and Pl. Its displacement may be approximated
by weighting the finite element node displacements ui, j,k,l(x)
using their shape function [20]:

u(x) = ui(x)Ni, j,k,l(x) + u j(x)Nj,k,l,i(x)

+ uk(x)Nk,l,i, j(x) + ul(x)Nl,i, j,k(x),
(18)

where ui(x) is the displacement of nodal i, and the shape
function Ni, j,k,l(x) on tetrahedron ♦PiP jPkPl is given by

Ni, j,k,l(x) = �PP jPkPl

�PiP jPkPl
, (19)

where �PP jPkPl and �PiP jPkPl are the volume of tetrahe-
dron ♦PP jPkPl and ♦PiP jPkPl, respectively.

5. Experiments and Results

Our approach consists of four steps: feature extraction,
affine transformation, feature matching, and deformation
field measurement. Extracting sufficient features from the
initial and deformed volumes is necessary to find enough
homologous feature pairs. In this study, high-curvature 3D
points were preextracted as features from MR volumetric
images. In this case, the two-dimensional Harris operator
[21] was extended to a 3D operator by extracting features
from the MR volumetric images [22].

Some experiments were designed to demonstrate the
performance of the proposed approach. All experiments
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Figure 1: Acquired MR volumes. (a) Place of acquired volume; (b) MR slices in volume obtained at natural state; (c) MR slices in volume
obtained at deformed state.

0

7.27

14.5

21.8

29.1
Image file magnltude

(a)

0

6.81

13.6

20.4

27.2
Image file magnltude

(b)

Figure 2: Density deformation fields. Deformation fields generated using PMS obtained using the (a) CMI-based feature match algorithm
and the (b) RPFM algorithm).

were performed using our own tool developed with Visual
C++, which runs on Microsoft Windows XP. All described
experimental results were obtained on a Lenovo Portable PC
with a 2.20 GHz Intel(R) Core(TM) 2 Duo CPU T6600 and
4 GB of RAM.

In the experiment, the MR images were acquired from a
volunteer’s calf (Figure 1(a)) using an MRI scanner at natural
state and deformed states (initial and under forcing), respec-
tively. In both cases, the FOV was 20 × 20 cm, and the slice
gap was 2 mm. Some slices (Figures 1(b) and 1(c)) placed at
the middle section of the calf were selected to form the MR
volumes. As a result, initial and deformed volumes with size
of 512 × 512×57 voxels were generated for the experiment.

First, 500 and 800 features were extracted from the
volume acquired on the natural and deformed states,
respectively. Next, the proposed CMI-based feature match
approach was applied on the two feature-point sets to
obtain the optimal PMS. As the result, a PMS with 245
potential match pairs was obtained. The sparse and density
deformation fields were computed using the method men-
tioned in Section 4.3. Figure 2 shows 50000 internal density
deformation fields, with large deformation at the bottom of
the calf. This result is consistent with the actual situation.

To prove the validity of the proposed CMI-based feature
match algorithm, we compared it with a robust point feature

matching (RPFM) algorithm proposed by Chen [23]. In
the present study, we applied the RPFM algorithm to the
same feature-point sets, which resulted in a PMS with 316
potential match pairs.

We selected 12 landmarks in the slice (z = 40) of
deformed MR volume to test the accuracy of the measured
internal deformation fields, as shown in the middle picture
of Figures 3 and 4. Then, the landmarks were subjected
to reverse moving using the internal deformation fields
measured through the CMI-based algorithm and RPFM
algorithm. The results on the MR volume acquired at natural
state were projected to check the accuracy of the deformation
fields. Figures 3 and 4 show the reverse moving results of the
landmarks.

In Figures 3 and 4, the center of each red rectangle in
the middle picture (z = 40) gives the landmark position.
Slices that lie on the left and right sides (the middle layer)
give the reverse moving result of the landmarks and the z
value of different slices, respectively. The outer layer is the
zoom in for the reverse moving result of each landmark.
In the middle and outer layers, the red rectangles represent
the reverse moving position of the landmarks, the green
rectangles are actual position of landmarks, and the yellow
rectangles represent the reverse moving positions and actual
position consistency. From Figures 3 and 4, we note the
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Figure 3: Reverse moving result of the landmarks using deformation fields measured through the CMI-based approach.

Figure 4: The reverse moving result of the landmarks using deformation fields measured through the RPFM approach.
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accuracy of the reverse moving position of landmarks using
deformation fields calculated by PMS obtained using CMI-
based approach obviously is higher than that of RPFM, that
is, the reverse moving position of landmarks 0, 1, 2, 3, and 5.
Table 1 shows the quantitative accuracy of the reverse moving
results of the landmarks using internal deformation fields
obtained by PMS via CMI and RPFM.

As shown in Table 1, regardless of the direction (i.e.,
x-, y-, and z-directions), the accuracy of the deformation
fields measured through PMS obtained using the CMI-based
approach is better than that using the RPFM algorithm.

The number of potential matches in optimal PMS
obtained using the CMI-based feature matching algorithm is
fewer than that of RPFM because the CMI-based approach
is combined with the multifeatures in feature matching,
whereas RPFM is a single-feature approach. In other words,
the match requirements of CMI are stricter compared with
those of RPFM. The reliability of optimal PMS obtained
using the CMI-based algorithm is higher because it has more
accurate deformation fields than the RPFM algorithm. This
conclusion is supported by the reverse moving results of the
landmarks.

6. Conclusions

In this work, a new method called CMI is presented for
the integration of feature-based internal deformation field
measurements. In general, feature match algorithms using
a single property are highly accurate in specific aspects.
However, the overall accuracy is limited because the full
advantages of different properties in feature-point matching
are not fully used. Fusion multialgorithms offer the use of
advantages in algorithms to improve accuracy. Such a fusion
is necessary for feature matching in non-rigid objects, where
the improvement will be more obvious. In addition, the most
advantage of the proposed approach is to provide a feasible
option to integrate various feature matching algorithms.
Each feature matching algorithm can act as the component
of the CMI, and if the appropriate weight can be assigned
to the component, then, one can obtain more reliable
potential matches. Obviously, the effect of the component
weight should also be considered. Thus, (1) investigating an
approach to determine the appropriate weights should be the
focus of future research; (2) the imaging mechanism of MRI
should be further considered in component of the CMI to
remove the aberrance of machine to improve the accuracy of
feature-point matching as possible.
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In the area of medical image analysis, 3D multimodality image registration is an important issue. In the processing of registration,
an optimization approach has been applied to estimate the transformation of the reference image and target image. Some local
optimization techniques are frequently used, such as the gradient descent method. However, these methods need a good initial
value in order to avoid the local resolution. In this paper, we present a new improved global optimization approach named
hybrid particle swarm optimization (HPSO) for medical image registration, which includes two concepts of genetic algorithms—
subpopulation and crossover.

1. Introduction

In the area of medical image analysis, multimodality 3D
image registration is an important issue [1]. The purpose
of image registration is to register a target image (moving
image) to a reference image (fixed image) so that we can
combine the information of two images to obtain more
detailed information or some specific features. For example,
the PET image usually shows metabolic activity of organs and
abnormal tissues clearly but lacks the texture of organ tissues.
On the other hand, the MR image is described by much
complex intensity to represent the texture of organ tissues
well. If we implement the MR-PET image registration to
combine the information of two images which are different
modality, then we can get the accurate shape, volume, and
location of abnormal tissues from the registered image. The
registration is a very important and helpful preprocessing
technique for medical diagnosis or surgical operations.

The processing of registration can be seen as an iterated
optimization framework, and it can be divided into 3
parts: transformation, cost function, and optimization. In
each iteration, the target image is firstly transformed by
transformation according to the parameter of the current
time. Then, the reference image and the transformed target
image are used to calculate the cost function which can
evaluate whether the two images are registered or not under

the current parameter of transformation. If the images are
not registered, an optimization method will be used to adjust
the parameters, and a new iteration will start.

The application of registration can be classified with
dimensionality of image, modality of image, and model of
transformation. There are 2D to 2D, 3D to 2D, and 3D to
3D image registration for many different application. The
3-D to 3-D image registration usually needs to estimate
more parameters than the 2-D to 2-D image registration,
so it does require a more advanced optimization method.
Then, if two images which have different scope of intensity
have to be registered, such as CT-MR registration, it
is called multimodal registration. On the other hand, if
register two images which have same modality, it is called
monomodal registration, such as CT-CT. Depending on
the modal of registration, different cost functions have
been used, such as the sum of squared intensity difference
(SSD) for mono-modal registration or mutual information
(MI) for multimodal registration. Moreover, the type of
transformation model determines whether a registration
belongs to rigid or nonrigid one. If target objects which we
want to register are different in shape or deformable such as
liver, the nonrigid transformation is used it is called nonrigid
registration [2]; otherwise it is called rigid registration. This
paper is focused on rigid multimodal 3D medical image
registration.
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Figure 1: Framework of medical image registration.

As our previous explanation, we estimate the parameter
of transformation by optimizing a cost function (similarity
metric) in the processing of registrations. Some local opti-
mization techniques, such as the gradient descent method,
are frequently used for medical image registrations [3, 4].
However, since the transformation parameters are generally
nonconvex and irregular, these kind of methods require very
good initial values in order to avoid the local minimum.

To overcome the local resolution problem, the genetic
algorithm (GA), which is one of the global optimization
techniques, has been proposed for medical image regis-
trations [5]. Although GA is an advanced method for
global optimization, it requires huge computation time and
lacks the fine tuning capabilities. We need more powerful
approach. Particle swarm optimization (PSO) is a new
global optimization technique. This method is a stochastic,
population-based evolutionary computer algorithm [6, 7].
PSO is an extremely simple algorithm, and it seems to be
more effective for optimizing a wide range of functions, and
has been shown very effective for 2D rigid image registration
[8].

On the other hand, more transform parameters must
be estimated in 3-D image registrations. Our experiments
show that conventional GA and PSO cannot find the global
optimum well. Thus, we propose a new approach named
hybrid particle swarm optimization (HPSO) for PSO. In
our proposed method, two concepts of genetic algorithms—
subpopulation and crossover—are incorporated into the
conventional PSO method to improve the accuracy of that
conventional GA and PSO, because these conventional meth-
ods can not find the global optimum resolution when we
need estimated a huge number of parameters. Experiments
are done with both mathematical test functions and medical
volume data, and it is demonstrated that the proposed HPSO
performs much better results than conventional gradient
decent, GA, and PSO methods.

The paper is organized as follows: the image registration
technique is summarized in Section 2, the particle swarm

optimization (PSO) and our proposed hybrid particle swarm
optimization (HPSO) are presented in Section 3, the exper-
imental results with both mathematical test functions and
medical volume data are presented in Section 4, and finally
the conclusion and future works are given in Section 5.

2. 3D Image Registration

Medical Image registration is one of the fundamental tasks
within medical image processing. The framework of medical
image registration is shown in Figure 1. Two volumes of
medical data that have to be registered are given as the fixed
image and the moving image. The fixed image is denoted by
f1(x), where x is a set of coordinates. The moving image
is similarly denoted by f2(x). Given T is a transformation
from the coordinate frame of the fixed image to the moving
image, f2(T(x)) is the moving image associated with fixed
image f1(x). In order to simplify some of the subsequent
equations, we will use T to denote both the transformation
and its parameterization. Here, we used an estimation of the
transformation that registers the fixed image and moving
image by maximizing their cost function (similarity metric)
as shown in (1):

T̂ = arg max
T

Mtric
[
f1(x), f2(T(x))

]
, (1)

where x is the coordinate of a 3D or 2D point.

2.1. Transformation. Registration can be seen as a process
of finding the spatial transformation that maps points from
one image to the corresponding points in another image.
Here, we focus on rigid 3-D global transformation. The
rigid transformation deals with 6 degrees of freedom for 3-D
object translation and rotation. The rigid transform for 3-D
object can be expressed by (2):

TGlobal(x) = Rx + t =

⎛

⎜
⎜
⎝

cosβ cos γ cosα sin γ + sinα sinβ cos γ sinα sin γ − cosα sinβ cos γ

− cosβ sin γ cosα cos γ − sinα sinβ sin γ sinα cos γ − cosα sinβ sin γ

sinβ − sinα cosβ cosα cosβ

⎞

⎟
⎟
⎠

⎛

⎜
⎝
x
y
z

⎞

⎟
⎠ +

⎛

⎜
⎝
tx
ty
tz

⎞

⎟
⎠, (2)

where α, β, γ are rotation angles around each axis and tx,
ty , tz are translations around each axis, respectively. It

should be noted that there are only two parameters to be
estimated for 2D rigid transform.
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2.2. Metric Function (Mutual Information). For multimodal-
ity medical image registration, mutual information (MI) is
widely used as a similarity metric [9]. MI is an intensity-
based similarity measure and is closely related to joint
entropy. Given an image A and an image B, the joint entropy
of two images can be calculated by

H(A,B) = −
∑

a,b

pA,B(a, b) log pA,B(a, b), (3)

where pA,B is the joint probability distribution function of
pixels associated with images A and B. The joint entropy is
minimized when there is a one-to-one mapping between the
pixels in A and their counterparts in B. It increases while
the statistical relationship between A and B weakens. Mutual
information can be defined in terms of entropy as follows:

MI(A,B) = H(A) + H(B)−H(A,B), (4)

where H(A) and H(B) are the individual entropies, which
can also be represented by the probability distribution
function (PDF) as

H(X) = −
∑

x

pX(x) log pX(x). (5)

Usually, a discrete joint histogram is adopted to estimate the
joint PDF for the calculation of MI. Attempting to find the
most complex overlapping regions, we should maximize the
individual entropies and minimize the joint entropy which
could explain each other well.

3. Hybrid Particle Swarm Optimization

In this paper, we propose a new approach named hybrid
particle swarm optimization (HPSO) for 3-D rigid medical
volume registration. For describing more details, we show
the traditional PSO first.

3.1. Particle Swarm Optimization (PSO). Assume an extent
diffuse population existing which is called a swarm and an
individual member of the swarm is termed as a particle. A
particle can be imaged as a point in search space. A group
of particles tend to cluster at a position where optimized
results are identified. Therefore, to achieve particle swarm
optimization, each particle adjusts itself by comparing
previous experience and its neighbors to obtain the best
result. The formula of particle swarm optimization can be
represented as below:

vt+1
i = wtvt

i + c1 · rand · [p besti − xt
i

]

+ c2 · rand · [gbest − xt
i

]
,

wt+1 = wt + dw; dw = (wmin −wmax)
T

,

xt+1
i = xt

i + vt+1
i .

(6)

At iteration t, xi is the ith particle that moves with a
velocity vector vi, p besti is the personal best of xi, and g best

w t·v
t

i

v t+1
i

x t+1
i

x t
i

i

c2 rand(g-best t−
x t
i )

−
x
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c
1
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Figure 2: The movement of each particle.

is the global best among all particles. w means the weight.
The initial weight is 0.4. The minimum weight is 0.4 and the
maximum is 0.98. c1 and c2 represent acceleration constants
(c1 = c2 = 2.0). rand is a uniformly distributed random
number among 0 to 1. The movement of each particle is
shown in Figure 2.

The flowchart of PSO for image registration is shown in
Figure 3.

In the PSO-based registration approach, the particle x
is the transform parameter that needs to be estimated, the
p best is the maximum MI (cost function) of each particle,
and g best is determined by the cluster MI. MI in Figure 2
represents the similarity metric function.

3.2. Hybrid Particle Swarm Optimization. In this section,
we propose a new approach named hybrid particle swarm
optimization (HPSO) for 3-D rigid medical volume regis-
tration. Our method incorporates two concepts of genetic
algorithms, which are subpopulation and crossover, into the
traditional PSO. We expect that our proposed method will
improve the accuracy of registration by taking advantage
of subpopulation and crossover. The flowchart of HPSO is
shown in Figure 4.

3.2.1. Subpopulation. The particles are divided into a num-
ber of subpopulations. Each subpopulation has its own best
optimum, gsub-bestk. The process of PSO is done for each
subpopulation group. If the gsub-bestk is better than g best,
then g best, is replaced by the gsub-bestk, where k is the
subpopulation number.

3.2.2. Crossover. The gsub-besti are sorted in order with large
mutual information. The top two gsub-best are selected as
parents (xi and x j) for crossover, where i and j are their
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Figure 3: Flowchart of PSO.

subpopulation number. The offspring are generated for each
by arithmetic crossover, which are shown as

x′i = rand · xi + (1− rand) · x j ,

x′j = rand · x j + (1− rand) · xi,
(7)

and the velocities are given by

v′i = viV ,

v′j = v jV , V =
(

vi + v j

)

∥
∥∥vi + v j

∥
∥∥

,
(8)
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Figure 4: A total of 40 runs of 100 generations each for each
function and each method were performed. The population size
is 56 for GA, PSO, and HPSO, respectively, and the number of
subpopulation is 4 for HPSO. The relative mean square error
between the estimated solutions and real solutions is calculated for
each trial. Table 1 shows the averaged relative mean square error
over 40 trials for each method. Flowchart of HPSO.

Table 1: Comparison results of test functions.

Number of parameters GA (%) PSP (%) HPSO (%)

F1 3 0.09 0 0

F2 2 0.89 0 0

F3 20 70.13 67.65 11.49

F4 10 15.62 11.38 1.64

where rand is a uniformly distributed random number
among 0 to 1. The worst particle in the same subpopulation
is replaced by the offspring.
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4. Experimental Results

In this section, we perform several registration experiments
with both test functions and medical volume data to evaluate
the performance of the proposed HPSO technique. In the
meantime, we also perform conventional GA and PSO for
comparison. Finally, we implement the parallel technique
to reduce computation cost and show the efficiency of our
implementation.

4.1. Test Function Evaluation. In the first part of Section 4,
we apply 4 mathematical functions which have different
numbers of parameters to estimate the accuracy of our
proposed method. The functions which were used are shown
as below:

F1 : f
(
xi|i=1,...,3

) =
3∑

i=1

x2
i , xi ∈ [−5.12, 5.11], (9)

F2 : f
(
xi|i=1,2

) = 100
(
x2

1 − x2
)

+
(
1− x2

1

)2
, xi ∈ [−2.048, 2.047], (10)

F3 : f
(
xi|i=1,...,20

) = (20× 10) +

⎡

⎣
20∑

i=1

(
x2
i − 10 cos(2πxi)

)
⎤

⎦, xi ∈ [−5.12, 5.11], (11)

F4 : f
(
xi|i=1,...,10

) = 1 +
10∑

i=1

xi2

4000
−

10∏

i=1

cos
(
xi√
i

)
, xi ∈ [−5.12, 5.12]. (12)

The functions are commonly used for evaluation exper-
iments and cover a variety of characteristics that affect
algorithmic performance [10]. F1 is unimodal with global
minimum at center and has 3 parameters to be estimated.
F2 is strong epitasis with global minimum at center and
has 2 parameters to be estimated. F3 is highly multimodal
with global minimum at center and has 20 parameters to
be estimated. F4 is multi-modal with global minimum at
corner and has 10 parameters to be estimated. F3 and F4 are
more difficult than F1 and F2, and F3 is the most difficult
problem.

As shown in Table 1, both PSO and HPSO can get
perfect solutions, and GA can also get a reasonable result
for F1 and F2 in which the number of parameters is only
3 and 2, respectively. On the other hand, increasing the
number of parameter (F3 and F4), both conventional GA
and PSO cannot get reasonable results especially for F3, while
the proposed HPSO can perform much better results than
conventional GA and PSO even for F3.

According to our experiments, we also found that our
method is strongly affected by the number of subpopu-
lations. Figure 5 shows the dependence of optimization
accuracy on the number of subpopulations for F3. We
change the number of subpopulations (N) and perform
40 runs for each N . The averaged square error is shown
in Figure 5. All of experiments use 5600 particles. We can
see that the curve of average square error is getting down
when the number of subpopulations (N) is increased. The
traditional PSO corresponds to N = 1. This result indicates
that our HPSO method can provide higher accuracy while
using more subpopulation. However, if the number of
subpopulations is too large, the accuracy will be decreased
as shown in Figure 5 because of the limited particle number
in a subpopulation.
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Figure 5: The dependence of optimization accuracy on the number
of subpopulations.

4.2. Medical Volume Data. In this part, we perform several
registration experiments with medical volume phantom
data to evaluate the performance of the proposed HPSO
technique.

4.2.1. Simulated Data. We firstly use some simulated data
to test our proposed method. Figure 6 shows some slices
of our test data for 2 experiments which have different
transformation parameters. The size of each volume is
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Table 2: Comparison result of registration parameters ((b) to (a)).

Translation Rotation (degree)

Tx Ty Tz diff θx θy θz diff

Answer 20.0 10.0 2.0 — 0.0 0.0 120.0 —

GA −2.6 −13.3 −0.01 10.84 44.93 45.25 149.49 23.42

PSO −4.84 −9.95 0.09 10.64 53.41 60.39 120.27 26.87

HPSO 20.04 11.16 1.75 0.40 −0.25 −0.48 117.57 0.83

Table 3: Comparison result of registration parameters ((c) to (a)).

Translation Rotation (degree)

Tx Ty Tz diff θx θy θz diff

Answer 10.0 5.0 2.0 — 0.0 0.0 90.0 —

GA 5.33 0.21 0.50 2.29 31.58 40.42 61.94 19.49

PSO −4.84 2.25 −0.03 2.05 29.21 35.67 92.30 15.39

HPSO 9.98 5.11 1.83 0.07 −0.20 −0.52 87.95 0.71

resized to 128 × 128 × 15, and the spacing of each volume
is 2.59× 2.59× 8.0 (mm).

These simulated data is made by specific parameters
which we give it, so that we can easily estimate the result of
registration accuracy by using these answers (actual results).
Tables 2 and 3 show the comparative results of our HPSO
and the previous method (GA and PSO) that diff is defined
as difference between experimental results and ground truth.

According to the experimental results which are shown
previously, we realize our proposed method can provide
more exact result of registration parameters than conven-
tional method. This is the first evidence to prove that our
HPSO is a better optimization approach.

4.2.2. Vanderbilt Database. The real medical data (Vanderbilt
database [11]) is also used to evaluate the performance of
our proposed HPSO (see Figure 7). This database gives both
multimodal brain volumes and their marker-based golden
standard transforms. These rigid transforms are determined
by marker-based prospective registration techniques and
represented by eight couples of 3-D points (landmarks)
on both of two medical volumes. Such a golden standard
transform can be considered as a ground truth (correct one).
The size of each volume is resized to 256× 256× 29 and the
spacing of each volume is 1.25× 1.25× 4.0 (mm).

Here we try gradient decent method, GA, PSO, and
HPSO on CT to MR registration problem. A total of 3 runs
with different random initial values were performed. Eight
landmarks in the volume of Vanderbilt database are used
for quantitative evaluation. Equation (12) is a measure used
to compare the registration accuracy between experiment-
obtained transform (g) and the golden standard transform
(gGolden). xi (i = 1, 2, . . . 8) is coordinate of the landmark i:

e = 1
8

8∑

i=1

∥
∥g(xi)− gGolden(xi)

∥
∥. (13)

(a)

(b)

(c)

Figure 6: (a) MR volume (fixed image data); (b) CT volume
(moving image data) of experiment 1 ((b) to (a)); (c) CT volume
(moving image data) of experiment 2 ((c) to (a)).

Table 4: Comparison of registration accuracy (mm).

Gradient decent GA PSO HPSO

5.62 9.75 8.89 2.36

The averaged accuracy of registration results for each method
is shown in Table 4. It can be seen that our proposed HPSO
performs much better results than conventional gradient
decent method, GA and PSO.

4.3. Parallel Implementation. The efficiency of registration
is also an important issue as well as registration accuracy
[12, 13]. Although we have shown the accuracy improve-
ment in the previous sections, almost global optimization
has a big disadvantage: a huge computation cost. We
applied our proposed HPSO to a computer which has
4-core CPU and implement it with parallel technique
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(a) (b)

Figure 7: (a) A slice of CT image of Vanderbilt database; (b) a slice of MR image of Vanderbilt database.

to overcome this problem. For registering two images
with size of 256 × 256 × 29, the average computation cost
is reduced to 1893.637 sec from 3661.747 sec by our imple-
mentation. These results indicated that the computation cost
can be significantly reduced by parallel implementation.

5. Conclusion and Future Works

This paper introduces a new global optimization approach
named hybrid particle swarm optimization (HPSO) which
incorporates two concepts: subpopulation and crossover of
genetic algorithms into the conventional PSO. We performed
both functional evaluation and 3-D rigid medical volume
registration to estimate the proposed method. First, 4
functions have been applied to test the ability of our method
for finding the global resolution and avoiding the local
resolutions. Then, in case of 3-D rigid medical volume
registration, we applied our HPSO to both simulated data
and real medical data (Vanderbilt database) to discover
the capability of this method for real medical volume
registration. In order to compare conventional methods
such as GA and PSO are also used for each experiment.
All experimental results prove that the proposed HPSO
performs much better results than conventional GA and
PSO. Therefore, we can summarize that our HPSO is an
advanced optimization method. The large computation cost
can be significantly reduced by parallel implementation.

Furthermore, this work can be extended to 3D non-
rigid registration in order to cover more computer-assisted
surgery application such as real time liver tumor resection.
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Understanding the neural mechanisms for sensing environmental information and controlling behavior in natural environments is
a principal aim in neuroscience. One approach towards this goal is rebuilding neural systems by simulation. Despite their relatively
simple brains compared with those of mammals, insects are capable of processing various sensory signals and generating adaptive
behavior. Nevertheless, our global understanding at network system level is limited by experimental constraints. Simulations are
very effective for investigating neural mechanisms when integrating both experimental data and hypotheses. However, it is still
very difficult to construct a computational model at the whole brain level owing to the enormous number and complexity of the
neurons. We focus on a unique behavior of the silkmoth to investigate neural mechanisms of sensory processing and behavioral
control. Standard brains are used to consolidate experimental results and generate new insights through integration. In this study,
we constructed a silkmoth standard brain and brain image, in which we registered segmented neuropil regions and neurons. Our
original software tools for segmentation of neurons from confocal images, KNEWRiTE, and the registration module for segmented
data, NeuroRegister, are shown to be very effective in neuronal registration for computational neuroscience studies.

1. Introduction

Insect brains are important model systems for analyzing
neural function. This is due to their comparatively simple
structure incorporating important brain functions such as
sensory information processing, learning, and behavioral
control mechanisms [1–3]. Analysis based on the mor-
phologies of neurons and neuropils has greatly promoted
the understanding of neural function. In particular, the
existence of numerous identified neurons has consolidated
the application of insect brains as model neural networks in
the field of neuroethology [4, 5]. The detailed morphology
of neurons can be captured more readily using recent
fluorescence techniques and various genetic technologies in
insects [6–9]. These methodological advances have resulted
in new insights into brain mechanisms through the use of
small and tractable insect brains.

A well-known simple insect behavior is the unique
orientation to pheromone stimuli displayed by the male silk-
moth, Bombyx mori. This programmed behavior triggered
by sensing pheromone consists of surge, zigzag, and looping
locomotor components [10]. Sensory signal pathways for
pheromone have already been identified and characterized by
intra- and extracellular experiments. However, these results
are still insufficient to obtain a global understanding from
sensory processing to behavioral control mainly owing to
experimental limitations.

For example, the lateral accessory lobe (LAL) and the
ventral protocerebrum (VPC) are considered to be key
regions for generating command signals to control moth
behavior [10]. In these regions, unique flip-flop neural
responses thought to be related to the zigzag behavior were
recorded, and their neural substrates were analyzed in detail
morphologically [11]. By modeling a neural network based
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on experimental data and simulating it under natural envi-
ronmental conditions in real time, precise hypotheses can be
tested to gain crucial insights into the neural mechanisms
generating behavior. Using a supercomputer, we are develop-
ing a simulation model for the whole neural pathway based
on the real neural structure, properties, and connections.
Even using the fastest computer currently available, an insect
brain of ca. 100,000–1,000,000 neurons simulated using
detailed neuronal properties will test available computational
power to the limit.

In brain science, standard brain maps are used to inte-
grate and compare morphological data taken from different
subjects at different times. Standard brains have already been
developed for various insect species, such as Drosophila [12–
14], the honeybee [15, 16], two moth species [17, 18], and the
locust [19, 20]. These standard brains have been employed
for various morphological analyses of neurons and brain
regions. For example, possible synaptic connections between
identified neurons have been analyzed using the honeybee
standard brain [21], while morphological development of
the optic lobes has been studied in a moth brain [22].

Brain functions are generally thought to be generated
by the dynamics of neuronal responses. These dynamics
are controlled by various factors, such as ion channels,
intracellular signaling, and neuronal morphology. In order
to analyze the dynamical properties of neurons and their
networks in the silkmoth, we have been integrating our
experimental data into a database [23], which contains
more than 1,200 single-neuron records of morphological and
physiological experimental data. To take advantage of the
registered information to build a computational model for
investigating neural mechanisms, we developed a method
and tools for constructing and utilizing the standard brain.

The outline of the silkmoth standard brain was con-
structed by averaging brain images followed by binarization.
Brain images, segmented regions, and neurons can be
registered in it by a nonrigid transform. Our original
tools for segmentation of neurons from confocal images,
KNEWRiTE, and a registration module for Fiji and ImageJ
for neuron morphological data, NeuroRegister, were effective
in conducting this registration process. Neural simulations
linked to the standard brain are started by registering
neurons in the standard brain and estimating connections
between them. The standardization scheme presented here
could be combined with other schemes, such as VIB [24],
and applied in launching modeling studies of various insect
brains.

2. Materials and Methods

2.1. Histology. Male silkmoths (Bombyx mori L., Kinshu and
Showa strain hybrids) were used 2–7 d after eclosion. The
brains were fixated in 1-2% formaldehyde for 20 h at 4◦C.
After fixation, they were rinsed in TRIS buffer, dehydrated in
an ascending ethanol series with 10 min/step, degreased in
methyl salicylate/ethanol to promote antibody penetration
for 30 min and rehydrated. After rinsing in TRIS buffer,
they were incubated with agitation for 3–7 d at 4◦C in TRIS

buffer containing 0.5% Triton-X 100 and 1% bovine serum
albumin (TRIST-blk) as well as mouse monoclonal anti-
Drosophila melanogaster synaptotagmin antibody (3H2 2D7
contributed by K. Zinn and obtained from the Developmen-
tal Studies Hybridoma Bank developed under the auspices
of the NICHD and maintained by the University of Iowa,
Department of Biology, Iowa City, IA 52242, USA, at a
dilution of 1 : 15–1 : 50 of the concentrate).

After incubation in the primary antibody, the samples
were rinsed in TRIST-blk (5 × 15–60 min) and transferred
to the secondary antibody (Molecular Probes Alexa Fluor
488 anti-mouse, 1 : 200–1 : 250 in TRIST-blk) for 2 d at 4◦C.
Finally, samples were rinsed again in TRIST-blk and plain
TRIS buffer (5 × 15–60 min), dehydrated, and cleared in
methyl salicylate.

Imaging was done in methyl salicylate with a Zeiss
LSM510 confocal laser scanning microscope (LSM) and 10×/
0.45 or 40×/1.0 oil apochromat objectives. Image data were
registered in our database system, BoND [14], for sharing
among collaborators.

2.2. Method for Constructing a Standard Brain. We developed
an original method for constructing a standard brain
using confocal LSM brain image data (Figure 1(a)). In our
database, there are six whole brain image datasets scanned
from both anterior and posterior. Most of these were scanned
at low magnification, and are unsuitable for detailed segmen-
tation of brain regions. In our method, we averaged these
LSM images aligned by adjusting centers and orientation
through translation and rotation to calculate an outline of
the average shape (Figure 1(b)). After binarization of the
images, the outline of the standard brain was obtained and a
polygon model in Wavefront OBJ format was also generated
by the image processing software Fiji (Figure 1(c)) [25].
Since we assumed that moth brains are strictly bilaterally
symmetrical, 12 brain datasets from six individuals were used
to construct the average brain shape.

A high-resolution image dataset of the brain was reg-
istered using the thin-plate spline transform of Fiji in
the standard brain (Figure 1(d)). The standard brain with
internal image was applied for registration of brain regions
and neurons. Landmarks, which are reference points in the
transform, were assigned to characteristic points with direct
correspondence in the two brain image stacks. The thin-plate
spline transform based on the landmarks was also used for
registration of regions and neurons (Figure 1(e)). In order to
apply the transform, it was necessary to assign at least four
landmarks. Moreover, it was important that the landmarks
were selected evenly in the horizontal and vertical directions
to avoid directional biases.

2.3. Software for Segmentation and Registration. Several soft-
ware tools were evaluated and applied in our segmentation
and registration scheme. In the first step, neural morpholo-
gies were segmented using the ITK-based segmentation soft-
ware, ITK-SNAP [26] and our own program, KNEWRiTE.
ITK-SNAP was most useful as it runs on a number of
operating systems (Windows, Linux, and MacOS X) and has
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Figure 1: Scheme for constructing the standard brain. (a) Brain LSM image data consisting of multi-page image stacks. (b) Averaged brain
image data (section 90 of the set of 154 optical sections of 2 µm thick optical sections is shown). (c) Average shape of the silkmoth brain
obtained by binarization and surface modeling. (d) High-resolution brain image was registered by fitting to the standard brain shape using
a nonrigid transform. (e) Segmented regions and neurons were registered in the standard brain by a nonrigid transform with defined
landmarks.

many useful functions for extracting objects from multi-
layered image data. In particular, automatic segmentation
based on the snake algorithm is quite effective for extracting
dendritic branching structures.

KNEWRiTE (http://invbrain.neuroinf.jp/modules/
htmldocs/IVBPF/IOSSIM/index.html) was also applied to
extract the neuron structure from LSM image data
(Figure 2). The software, using Qt (http://qt.nokia.com/)
and OpenGL (http://www.opengl.org/) for the GUI, runs
on Linux and Windows. It has a function for tracing the
branching patterns of 3D dendritic structures based on a
region growing approach [27] and also manual tracing. The
automatic tracing method is very effective for high-contrast
image data without noise, whereas manual segmentation
is quite useful for extracting dark and thin objects. A
combination of these methods, semiautomatic extraction,
was most suitable for our segmentation work.

Our aim in registering neurons in the standard brain is
the construction and approximation of the neuron network
in a realistic structure preserving morphological relation-
ships. Neuronal morphologies extracted by KNEWRiTE
or ITK-SNAP are stored in SWC file format, which can
be used to generate morphological descriptions for vari-
ous neuronal simulators, such as NEURON [28]. In the

registration process of neurons in the standard brain,
brain image stacks including neurons can be registered
by a thin-plate spline transform in the same way as
registering brain regions. However, as no software existed
to apply this transform to an SWC file, we developed
a new SWC registration plugin module, NeuroRegister
(http://invbrain.neuroinf.jp/modules/htmldocs/IVBPF/IOS-
SIM/index.html) for ImageJ and Fiji. The module was
developed based on the “Name Landmarks and Register”
plugin module for Fiji. We can apply rigid, affine, and thin-
plate spline transforms to objects described in SWC format
using almost the same operation as in the original module
(Figure 3).

3. Results

We obtained the average outline of the moth brain as
the basic framework for registration. Then, the neuron
morphological models extracted from LSM image data were
registered in the standard brain.

3.1. Average Outline of the Brain. The average outline of
the brain is very important as a foundation for registering
segmented objects in the brain. In this study, the right and
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Figure 2: KNEWRiTE, our new software for segmentation of single neuron morphology. (a) Screenshot of the software. The software can
trace dendritic and axonal trees automatically, and allows manual editing and addition of segments that are difficult to detect automatically.
(b) Structure of KNEWRiTE. The “Stack Image Loader” and “Cell Generator” load LSM image data and separate neurons from background
by binarization. The neuron structure is extracted by “Extraction Tools,” an automatic extractor and data editor. The results are exported as
image data and a morphological model in SWC format.

Trace

Mapping information
Image registration SWC registration

LSM image SWC file

Transformed LSM image Transformed SWC file

Figure 3: Registration process of SWC data in the standard brain. The neuron morphological model file is obtained by tracing using
KNEWRiTE. The LSM image of the brain including the stained neuron is registered by image registration using a nonrigid transform to
the standard brain. Our newly developed ImageJ plugin, NeuroRegister, generates a registered SWC file by applying the same transform as
for image registration to the data in the SWC file.
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Figure 4: Outline of a base brain and evaluation of variability using the average distance between corresponding landmark points in chosen
base brains and all other brain images. (a). Three-dimensional model of the average brain. (b). Euclidean distance is used to measure
positional differences of landmarks. The standard brain (SB) was assumed to be bilaterally symmetric, so 15 landmarks in each of the
individual samples (n = 12 from 6 moths assuming bilateral symmetry, L is the left and R the right hemisphere) and the standard brain were
used for analysis. When assigning the standard brain as the base brain image, the average positional error for landmarks was minimized,
resulting in an error of 38.4 ± 10.7 µm. There was no significant difference among groups according to the Tukey multiple comparison test.

left sides of brain images were considered as independent
brains by assuming bilateral symmetry. To obtain the
standard brain shape, 12 images from six brain samples
were used. We defined the center of the esophagus in the
slice with the largest brain outline (MS: middle slice) as
the origin of the brain coordinate system Five landmark
points, namely, the center of the central body (CCB), the
centers of the left and right mushroom body calyces (RMC,
LMC), and the centers of the left and right antennal lobes,
were assigned to apply the transform. A rigid transform
was applied to compensate for the difference in position
and rotation among the brain image data. Transformed
images were averaged and brain regions were extracted as the
standard brain shape by separating light and dark areas. The
binary image and outline of the standard brain were stored in
multi page TIFF format. A polygon based surface model was
also generated and stored in Wavefront OBJ format using the
“Create Surface” plugin for Fiji (Figure 4(a)).

It is appropriate to use the average shape as the standard
brain because morphological data of regions and neurons
from different individual brains will be registered in it. To
evaluate our standard brain shape, characteristic landmark
points from various image slices, which were not used in
the rigid transform process, were assigned on the standard
brain and each brain image data. In our evaluation, one set
of image data including the standard brain was selected as the
base brain image. To evaluate the difference in outline shapes,
we assigned 15 points, that is, three points on each of the
dorsal and ventral outlines in the posterior #50 and middle
#80 image slices and two dorsal and one ventral point from
posterior image slice #123. These landmarks were selected
edges or points clearly seen and identified in every sample.
The differences in the coordinates between the base and
another image data were measured by Euclidian distance.

It was shown that the average distance was minimized
with the standard brain image as the base image. Standard
deviation was also minimized in this case (Figure 4(b)). It
was also shown that based on a Tukey multiple-comparison
test, there was no significant difference between the groups.
Moreover, the shapes of sample brains were very similar,
with the standard brain having the most general size and
shape of moth brain of the sample brain images under
consideration.

3.2. Comparison of Segmentation Methods. Using the KNE-
WRiTE software, automatic, manual and semiautomatic
methods were selected for efficient and high quality segmen-
tation. To evaluate the performance thereof, we applied these
to extract more than three computer-generated arborized
objects. Extractions of objects were executed under four
different conditions, namely, without other objects or noise
denoted by “Raw” (Figure 5(a)), a mixture of large objects
denoted by “Biased Background” (Figure 5(b)), with white
noise denoted by “Noise” (Figure 5(c)), and with a cylinder
object denoted by “Object” (Figure 5(d)).

Results of the extractions were evaluated according to
the success rates of segmentation, denoted by “Consistency,”
which is the mean of two consistency measurements, one
corresponding to missing existing branches and another
related to detecting nonexistent branches falsely [29]. It was
shown that more than 80% of the structure was extracted
correctly using manual and semiautomatic extraction meth-
ods (Figure 5(e)). However, the success rate was smaller in
the case of automatic extraction for every condition. More-
over, the standard deviation for semiautomatic extraction
was fairly small compared with the other methods, which
means that the semiautomatic method is not susceptible to
the object shape and background noise.
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Figure 5: Evaluation of the three extraction methods (auto, semiauto, manual) of KNEWRiTE using four types of artificial 3D neuron
images generated by connection of cylinders. (a) Raw: neuron without other objects or noise. (b) Biased background: a large object covers
the neuron. (c) Noise: addition of white noise. (d) Object: neuron and overlapping cylindrical object. (e) Mutual consistency: missing existing
branches and detecting nonexistent branches. (f) Discrepancy of diameters: discrepancy of diameters between neuron and extracted model.
(g) Error of simulation: difference between neuron and extracted model in passive model simulation. (h) Extraction time: time required for
extraction. Automatic extraction, which took less than 1 min for each case using conventional PC hardware, is not shown in this graph. The
Tukey multiple-comparison test examined differences among groups.
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The three extraction methods were also evaluated “Dis-
crepancy,” which is the discrepancy in the diameter between
the model and segmentation results (Figure 5(f)). The
accuracy of manual extraction was the best, while that of
automatic extraction was the worst in most cases. However,
the results of manual extraction were strongly dependent on
image conditions. In the case of semiautomatic extraction,
accuracy was quite high and stable, irrespective of the object
shape and image conditions. We also tested our results by
applying a passive membrane model to the extracted neuron
morphological models. The error in the electrical response
was minimized in the case of semiautomatic extraction
(Figure 5(g)).

The results show that extraction of neuronal morphology
based on automatic extraction with manual adjustment is the
best for segmenting neurons for simulation of their dynami-
cal properties. Finally, the elapsed time of extraction was less
than 1 min for automatic extraction, but more than 1 h for
the semiautomatic method (Figure 5(h)). Nevertheless, it is
clear that this is a very efficient way of segmenting neurons
compared with the manual method.

3.3. Registration of Brain Regions and Neurons. As an attempt
to utilize various kinds of brain image data taken for different
purposes and individuals in our database, we applied a
nonrigid transform to register these in the standard brain.
We used a thin-plate spline transform to register high-
resolution image data fitted onto the standard brain shape.
The standard brain with brain regions can be used for
registration of extracted regions and neurons.

To evaluate the accuracy of our method, we measured
the differences in coordinate values of distinct points in the
moth brain, namely, the center of the CCB and the centers
the calyces (RMC, LMC) and the peduncles of the mushroom
bodies (RMP, LMP) between the moth brain were measured
between the standard brain and brain images before and
after registration. Twelve landmarks were assigned from the
edges of clearly segmented regions, such as central body
and the mushroom body calyces (Figure 6(a)). The Euclidian
distance of distinct points on the standard brain and original
brain images was greater than 40 µm, but our registration
moved these significantly closer except for LMP by one-
way ANOVA. The results show that the average registration
errors of the points surrounded by landmarks, RMC,
LMC, and CCB, were 7.85, 10.04, and 6.74 µm, respectively
(Figure 6(b)). However, the errors of points distant from
landmarks, RMP and LMP, remained greater than 15 µm. It
is obvious that the accuracy of registration depends on the
selection of landmarks, and thus, it is important to assign
landmarks close to the regions or objects of interest. In this
study, the LAL-VPC regions were manually segmented in
the high-resolution image data. By applying the registration
process to the segmented regions, these were registered in
the standard brain (Figure 7). Segmentation of regions and
neurons was a time-consuming process, but computation
time for registration using the thin-plate spline transform
was less than 10 min for each object using conventional
computers. Other regions can be registered in the same way.

The average shape and position of regions will be statistically
calculated by collecting a larger number of samples.

A great deal of effort was expended in extracting the
three-dimensional dendritic structure of neurons from LSM
stack images. Our original software, KNEWRiTE, can extract
a neural structure from LSM image data by combining
automatic and manual processes. We applied this to extract
neurons arborized in LAL-VPC regions. Several preprocess-
ing steps were applied to the LSM image data, such as
adjusting contrast, using Fiji and ITK-SNAP. After binarizing
the image data, neuron morphology was extracted and a
morphological model was generated semiautomatically in
SWC format using KNEWRiTE. The percentage of extraction
using either automatic or manual processes was dependent
on various conditions, such as neuron morphology, contrast
in neuron images, and other factors related to image quality.
In the case of neurons with a simple structure, this was
extracted finely without any manual operation. However,
more than 10% of the fine dendrites were extracted and
connected manually in the case of neurons with thick
arborizations. The extracted neuron image data were stored
in a TIFF formatted file, and then a polygon model was
generated in Wavefront OBJ format.

Segmented neurons were registered in the standard brain
by the thin-plate spline transform of Fiji. To apply this
registration, more than four of the landmark points had to
be assigned on the brain image involving segmented neurons
and on the standard brain. Our original plugin software,
NeuroRegister, was applied to transform and register the
neuron morphologies in SWC format. It was confirmed that
registration was adequate for analyzing the projection area
and the overlap of neuronal projections of different neurons
(Figure 8).

4. Discussion and Conclusions

Standard morphological atlases have come a long way since
compilations of serial sections for reference and identifi-
cation of brain areas. In the form of a standard brain
atlas, they permit the accumulation of experimental data
while preserving morphological relationships and simplify
comparative analyses between species. Besides its use as a
database-like tool, we aim to use our silkmoth standard brain
as a platform for large-scale neural network simulations.

When starting to construct a standard brain, care must
be taken to calculate the average outline shape as precisely
as possible. In our scheme, we assigned the center of the
esophageal foramen in the middle slice in the anteroposterior
direction as the coordinate origin of the brain, since the edge
of the esophageal foramen was clearly seen and its center
was easily obtained. Then, we adjusted each brain image
stack using translation and rotation. The size and shape were
unchanged in this process. The average image stack of the
brain was calculated by averaging the grey scale value in
each pixel for all 12 LSM brain image stacks. This protocol
is presented to construct an average brain outline that can
serve as a measure for the differences in shape and size among
individual brains. We evaluated the shape of the standard
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Figure 6: Differences in coordinate values of distinct points before and after registration. (a) Twelve landmarks for registration in the
standard brain (cross) were assigned from the edges of three clearly delineated regions, the central body and themushroom body calyces.
Six distinct points (circles), the center of the central body (CCB), the centers of the calyces (RMC and LMC), and the peduncles (RMP and
LMP) of mushroom bodies were selected to calculate the registration error. (b) Euclidian distances were measured between distinct points in
the standard brain and each sample brain before and after registration. The average and standard deviation are plotted for each point. With
the exception of LMP, there were significant differences based on the one-way ANOVA before and after registration.
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Figure 7: Registered LAL-VPC regions and neurons in the standard
brain. LAL-VPC consists of five subregions, labeled in red, green,
yellow, blue, and magenta. A neuron (ID 0986 in our database,
BoND) arborizing in the LAL-VPC was segmented and registered
in the standard brain.

brain by calculating the distance of corresponding landmarks
for all individual samples. The average landmark distance

between single samples and the standard brain was less than
40 µm, which corresponds to the difference in shape among
individuals (Figure 5).

Any brain image data set can be registered by setting
landmarks on the outline of the brain. We have various
high-resolution LSM images of the brain, and these images
are registered in each slice of the standard brain in a way
comparable to texture mapping. Extracted objects such as
neurons, neuropils, and tracts can be registered by applying
a transform to the standard brain from sample brain image
data containing these labels. Through this approach, we can
obtain and integrate the registration results of neuropils. A
further goal is to implement semiautomatic or automatic
segmentation and registration procedures for neuropils,
possibly applying various transform and deform techniques
already in use in medical image processing.

In our scheme, morphological models of neurons
are reconstructed from confocal image data of neurons.
Extracted neuron images are registered into the standard
brain by applying a nonrigid transform. Morphological
neuron models in SWC format are also registered using our
ImageJ plugin module (Figure 6). Morphological properties
of neurons are modeled and registered by our proposed
scheme, and then geometrical properties of groups of
neurons, such as the overlap of axonal and dendritic trees,
provide estimated information concerning the position and
strength of synaptic connections. Further information, such
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Figure 8: Registration of neurons in the standard brain and applications thereof. It is possible to estimate the strength of synaptic connections
by the volume of overlap of two neuronal branches registered in the standard brain. Network model simulation of the silkmoth brain with
neuronal morphologies based on experimental data, electrical properties, and synaptic connections are implemented and executed on the
supercomputer.

as the types of ion channels, their dynamics and distributions
along neurites, will be very helpful for model simulation of
neuronal properties.

We are currently implementing our standard brain
protocol and software environment using a supercomputer.
We are constructing a platform to integrate morphological
and physiological properties measured in a large number
of individual experiments. High-performance computing for
neuronal modeling and simulations in conjunction with
experiments based on the standard brain could become very
powerful tools for a new era of integrative computational
neuroscience research.
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In circuit theory, it is well known that a linear feedback shift register (LFSR) circuit generates pseudorandom bit sequences
(PRBS), including an M-sequence with the maximum period of length. In this study, we tried to detect M-sequences known
as a pseudorandom sequence generated by the LFSR circuit from time series patterns of stimulated action potentials. Stimulated
action potentials were recorded from dissociated cultures of hippocampal neurons grown on a multielectrode array. We could
find several M-sequences from a 3-stage LFSR circuit (M3). These results show the possibility of assembling LFSR circuits or its
equivalent ones in a neuronal network. However, since the M3 pattern was composed of only four spike intervals, the possibility
of an accidental detection was not zero. Then, we detected M-sequences from random spike sequences which were not generated
from an LFSR circuit and compare the result with the number of M-sequences from the originally observed raster data. As a result,
a significant difference was confirmed: a greater number of “0–1” reversed the 3-stage M-sequences occurred than would have
accidentally be detected. This result suggests that some LFSR equivalent circuits are assembled in neuronal networks.

1. Introduction

The brain is recognized as a very large-scale network system
in which the basic element is a neuron [1–4]. In recent
studies of the memory mechanism in the brain, investigating
a formation of information communication is more essential
than specifying the region of memory in the brain [4].

The basic study of communication method in the brain
is to clarify the coding mechanism of information. Therefore
varieties of coding for neuronal information, for example,
rate code, were proposed in previous studies [5–15]. The first
theory of information architecture is cell-assembly theory
proposed by Hebb in 1949 [16, 17]. Abeles postulated
that “synfire chains” of spike with relatively fixed intervals
could travel through the brain representing information
and various behavioral states [18–21]. Rolston and others
have observed a robust set of spontaneously repeating

spatiotemporal patterns of neuronal activity using a template
matching algorithm [22].

Then, the question arises as to how the data com-
munication is controlled and what and how the form of
controlled data communication is constructed. This question
is essential to investigate the mechanism, how information
is communicated in more detail. To resolve this question,
decoding sequence pattern in one block of spike activity
(analyzing time series patterns of firing), not a rate of spike
or waveform of action potential, is necessary. However,
in previous studies, the main discussion of information
assemblies in neuronal network is propagation of firing rate
or synchronization of firing timing in neuronal network in
the broad view of spike activity; decoding sequence pattern
such as described above has not been considered; therefore,
there are few clues to understand the mechanism used in the
brain for coding neuron spikes and communicating data.
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Figure 1: 3-stage LFSR circuit, the operation at the ring sum
is an exclusive-OR such as 1 + 0 = 1 and 1 + 1 = 0. (a)
A basic circuit with feedback [2, 3] generates an M-sequence
as 10111001011100. . .(basic pattern). (b) A mirror circuit of (a)
with feedback [1, 3] generates a time course of reversed-order M-
sequence, as 11101001110100. . ..

In circuit theory, a binary counter with n-bit logical
elements (registers) can count up to 2n−1. With an adequate
feedback link, the loop circuit becomes equivalent to a binary
counter, the output of which becomes an M-sequence with
length 2n−1 and is called the period; here, “M” stands
for maximum length. If this resulting M-sequence is used
as an intrinsic code of its own loop, 2n−1 loops can be
discriminated [23]. For example, a 3-stage linear feedback
shift register (LFSR) generates a 7-bits period M-sequence,
as shown in Figure 1.

M-sequences perform most efficiently in synchronous
communication and they are used for the control of
data transmission, including code division multiple access
(CDMA) for cell phones [23]. We assume that some LFSR
circuits are assembled in neuronal networks to control data
communications using M-sequences. Although this assump-
tion has already been demonstrated by computer simulation
in our previous study [24], physiological verification of this
assumption has not been performed. Thus, the purpose of
this study is to investigate LFSR circuits in neuronal networks
in order to physiologically verify this assumption.

Cultured, small-scale neuronal networks on multielec-
trode arrays (MEAs) are feasible for analysis of network
assemblies. MEAs can be used to apply stimulation pulse
into neurons with sufficient flexibility and have been used to
identify functional connections in neuronal networks [25–
28].

In this study, we investigate M-sequences from the time
course of stimulated action potentials in neuronal networks
grown on an MEA and discuss the LFSR circuit assemblies in
neuronal networks from the detected M-sequence patterns.

2. Methods

2.1. Cell Cultures. Cell cultures of hippocampal neurons
were dissected from Wistar rats on embryonic day 18.
The procedure was performed in accordance with protocols

Figure 2: Micrograph of cultured hippocampal neurons in an MEA
black rectangles are electrodes. The size of each electrode is 50 ×
50 μm and the electrode spacing was 150 μm.

approved by the Institutional Animal Care and Use Com-
mittee of AIST. Hippocampi were dissociated with 0.1%
trypsin (Invitrogen, Tokyo, Japan) in Ca2+-free and Mg2+-
free phosphate-buffered saline minus at 37◦C for 15 min. The
dissociated neurons were planted at a density of 3.3 × 105

cells/mm2 in polyethyleneimine-coated MEA dishes (MED-
P515A, Alpha MED Scientific, Kadoma, Osaka, Japan) with
8 × 8 planar microelectrodes. The size of each electrode was
50 × 50 μm and the electrode spacing was 150 μm. To locate
neuronal networks in the central area of each MEA dish, we
used a cloning ring with an inner diameter of 7 mm. The
ring was removed the following day. Neurons adhered to the
substrate of the MEAs covering all electrodes.

Neurons were maintained at 37◦C in a humidified
atmosphere that contained 5% CO2 and cultured for 21–
40 days in Dulbecco’s Modified Eagle’s Medium (Invitrogen)
that contained 5% horse serum and 5% fetal calf serum
with supplements of 100 U/mL penicillin, 100 μg/mL strep-
tomycin, and 5 μg/mL insulin. Half of the culture medium
was renewed twice per week.

Figure 2 shows a micrograph of cultured neurons in an
MEA.

In this study, we prepared 6 cultured cell samples at 22–
50 days in vitro (DIV) and named them cultures 1–6.

2.2. Stimulated Spike Recording. Stimulated spikes were
recorded by an extracellular recording system with 64
channels (MED64, Alpha MED Scientific). The sampling rate
of the recording was 20 kHz and the recording time was
3 s. Stimulation was applied at a particular channel (one
electrode) 5 ms after the recording started. Stimulation was
produced using a current-controlled bipolar pulse (positive,
then negative) with a strength of 10 μA and a duration of
100 μs.

We tried template matching on some electrode on some
cultures. Almost only one pattern of spike form was detected.
Therefore, we did not do spike sorting [27] because there
were few possibility that the action potentials originate from
multiple neurons in our experiment.

2.3. M-Sequence Detection in Stimulated Spike Responses.
The method we used to detect M-sequences in stimulated
spike responses is as follows.
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Table 1: Average number of stimulated spikes on a channel (Num) and the time length for which stimulated spike response was observed (L).

Culture 1 Culture 2 Culture 3 Culture 4 Culture 5 Culture 6

Num 26.9± 11.1 27.7± 9.47 45.7± 11.6 29.9± 10.7 17.8± 2.89 31.5± 17.9

L 160 ms 160 ms 240 ms 160 ms 75 ms 300 ms

First, a raster plots were obtained by detecting peaks from
recorded spike responses with a prespecified threshold on
each channel [28] with a sampling frequency of 10 kHz.

Threshold was determined by trial and errors. In our
experiments and most suitable threshold was 5 times of
the RMS of noise (about 0.016∼0.024 mV), which is able
to reduce noise almost completely without reduceing action
potential. This threshold was also reported as suitable in [28].

Then, the raster plot data was divided into the particular
width of the time bins. The state of a bin was recognized as
“1” if a spike existed; otherwise, it was recognized as “0.” If
two spikes were detected in a bin, it was neglected. Then, the
raster plot was converted to a time course of binary data in
order to investigate sequence patterns.

Interval of spikes is dispread variously. So it is crucial to
determine the bin size of M-sequences detection. Some prob-
lems of fixed bin always exist [29]. We consider that these
problems were resolved practically by a statistical analysis on
the number of detected M-sequences on multielectrode on
multiculture as described in Chapter 4.

The maximum interval is about 30 ms in every culture.
While, the minimum size of LFSR is 3 stage which generates a
7-bits (6 bins) period M-sequence [23] practically. Therefore,
the maximum bin size of M-sequence is considered about
5 ms.

Considering various bin size of M-sequence as described
above and sampling period of raster plot data (0.1 ms), time
bins (discrete bit length of M-sequence) with multi-widths
from 0.1 ms to 5 ms by increasing 0.1 ms step at a time
were applied. Detection results on each time bin width were
superimposed and plotted on a time axis. Then, it was able to
detect various interval lengths of M-sequences though often
with overlapping.

Considering that the data communication must begin at
state “1” because the start of communication could not be
identified at state “0,” the detection of M-sequence patterns
was started from state “1.”

The conversion of the data into a raster plot, converting
the raster plot into a time course of binary data, and M-
sequence detection were performed on a personal com-
puter using detection programs implemented with MATLAB
(MathWorks Japan, Tokyo, Japan).

3. Results

Stimulated spike activities appeared in the duration of 100–
300 ms and then completely disappeared after the duration
of the time.

A reverberation which seemed to be caused by potential
energy of stimulation pulse was observed for 0.5 ms after
stimulation. Figure 3(a) shows the spike response on chan-
nels (ch) 2 and 3 for culture 1. Table 1 shows the number

of spikes evoked when the stimulation was activated and the
time length when the stimulated spike response was observed
for each culture.

50–55 channels, whose number of spike by the stimu-
lation, was more than 20 with 100 ms after the stimulation
were selected for analyzing M-sequence.

We could detect several 3-stage M-sequences (M3),
including those generated by mirror circuits and “0-1”
reversed-state sequences (Rev. M3). Furthermore, although
we attempted to find 4-stage M-sequences (M4) as
100110101111000. . ., we could not detect them in all the
cultures that were part of this study. Table 2 summarizes
the M-sequence patterns detected from all the cultures in
this study. Figure 3(b) shows the result of the M-sequence
detection on channels 8, 9, and 10 for culture 1. As shown
in this figure, various patterns and interval lengths of M-
sequences were detected. Based on the detection results, the
total number of detected M-sequences (sum of all patterns)
discriminating between non-Rev. M3 and Rev. M3 was
counted for each channel, as shown in Figure 4.

Considering the possibility that some neurons might
belong to plural circuits that could generate M-sequences
simultaneously, we counted each sequence independently
even if some sequence patterns were overlapped as shown in
Figure 3(b).

4. Analysis and Discussions

From the detection results, as previously described, some M-
sequences were detected from the stimulated spike response.
However, there is room for doubt whether this result shows
the existence of LFSR circuits that generate M-sequence
in neuronal networks. In this section, we provide a more
detailed analysis on the detected sequence pattern and
discuss the analysis in order to resolve these doubts.

4.1. Rate of the Number of Rev. M3 Patterns among Detected
M-Sequences. As shown in Table 2, 12 types of M-sequences
were detected from the analysis results, among which 8 types
were of non-Rev. M3 and 4 types were of Rev. M3 patterns.

Assuming that the sequence of non-Rev. M3 and Rev.
M3 patterns shown in Table 2 are randomly generated, the
probability of Rev. M3 pattern detection should be about
33.3%. However, from the analysis results, we noticed that
the rate of the number of Rev. M3 patterns was significantly
higher than this probability value, which was 73.4 ± 7.23%
(the mean and standard division) for all cultures.

4.2. Significance of the Estimation of M-Sequence Detection
Probability. Detected M3 patterns were relatively simple,
constructed by only 4 interval patterns such as 11, 101,
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Figure 3: Stimulated spike response and results of M-sequence detection for culture 1. (a) The raw recording spike data (0-1 s). A stimulated
spike response was observed from 5 ms (applied stimuli) to 150 ms on channels 2 and 3. (b) The raster plot and detected M-sequences on
channels 8, 9, and 10.

1001, and 10001, and the number of spike intervals on
each channel ranged from 20 to 40. Therefore, the pos-
sibility of an accidental detection of M-sequence patterns
(without LFSR circuits generating M-sequences) is not zero.
To resolve this doubt, we performed a hypothesis test to
estimate the significant detection probability of M-sequences
in observed stimulated spike sequences as follows.

First, we generated a shuffled spike-interval sequence
from the original observed raster data, called an interval
shuffle, on each channel (Figure 5) [30]. The shuffled raster
plot has the same number of state “1” and spike intervals
as the original raster plot, but it can be considered to be a
random sequence without LFSR.

Incidentally, there are some controversy about the
shuffling method, using only one shuffling method is not
enough to estimate the significant detection probability of
M-sequences exactly [21, 31, 32]. However, most shuffling
methods, for example, channel shuffling, spike shuffling
across cells, spike exchange across cells [21], and so forth,
involve breaking number of spike on each channel and spike
interval, the confidence of the test result was lost except for
the interval shuffle.

Therefore, in order to estimate the significant detection
probability of M-sequences exactly, we performed the inter-
val shuffle 20 times (created 20 shuffled interval data from
an original spike data) instead of multiple shuffling methods.
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Figure 4: Number of detected M-sequences for (a) Culture 1, (b) Culture 2, (c) Culture 3, (d) Culture 4, (e) Culture 5, and (f) Culture 6.

Table 2: M-sequence patterns detected from all cultures. ∗Indicates
generated by mirror circuit.

Type Pattern

M3

1011100

1110010

1100101

1001011

1110100 ∗

1001110 ∗

1101001 ∗

1010011 ∗

Rev. M3

1101000

1000110

1011000 ∗

1100010 ∗

These shuffled interval data were considered the population
as described below in detail.

Moreover, we also tested for some of the raster plots
created from two random noise data; one of them was
the raster plots obtained by detecting peaks from recorded
noise responses of medium (without cell cultures) with
threshold 0.01 (mV) and the other is a sequence data created

A

A

B

B

C

C

D

D

E

E
t

t

(a)

(b)

Figure 5: Process of interval shuffle (a) original raster plot data (b)
shuffled raster plot data.

from random numbers, to compare with raster data from
stimulated spikes.

After the interval shuffle, the significant difference in
the mean number of detected M3 patterns on one channel
between the original observed raster data and interval shuffle
data of each culture (population) was tested using a z-test on
the assumption as follows.

(i) The total number of detected M3 on each channel is
considered individual.

(ii) The population is the group of individuals on the
interval shuffle (20 times).

(iii) The sample is the group of individuals on the original
raster data.

(iv) The standard deviation of the sample is equal to that
of population.
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(v) Both sample and population are normal distribu-
tions.

The null hypothesis H0 and alternative hypothesis H1 are
as follows.

H0: The number of detected M-sequences from the
original raster data is not larger than the number
detected from the interval shuffle data.

H1: The number of detected M-sequences from the
original raster data is larger than the number detected
from the interval shuffle.

The mean number of detected M3 per channel in population
μ0 is defined by the equation as follows:

μ0 =
20∑

t=1

⎧
⎨

⎩

chnumt∑

ch=1

(
mnumst,ch

chnumst

)
⎫
⎬

⎭, (1)

where t is the shuffled time, chnumst is the number of
channels detected M3 on shuffled time t, and mnumst,ch is
the number of detected M3 on shuffled time t, chnum ch.

The standard deviation of population σ is defined as

σ =

√
√√
√
√

1
∑20

t=1 chnumst − 1

20∑

t−1

⎧
⎨

⎩

chnumst∑

ch=1

(mnumst,ch − μ0)2

⎫
⎬

⎭.

(2)

Then, equation for the value of z is

z = mnumo− μ0

σ/
√

chnumo
, (3)

where mnumo is the mean number of detected M3 per
channel and chnumo is the number of channels that detected
M3 on original data.

We tested by using the sum of Rev. M3 patterns and non-
Rev. M3 patterns individually because we noticed a higher
detection rate of Rev. M3 patterns, as previously described.

From results of test, we confirmed that a significantly
greater number of Rev. M3 patterns were detected from the
original data than from the interval shuffle in all cultures
except culture 2 as shown in Figures 6(a) and 6(c), while
no significantly greater number of Rev. M3 patterns was
detected in random noise data as shown in Figures 6(b) and
6(d) when we set P < 0.05 (estimated from z value). In
cultures 1, 3, 4, and 5, significantly greater numbers were
detected when we set P < 0.01 also.

4.3. Discussion of Analysis Results. M-sequence patterns
detected from interval shuffle were recognized as accidental
detections, and they were not generated from LFSR circuits.

Detected number of Rev. 3 was above chance in the
stimulated spike activity, while detected number of Rev. 3 was
not above chance in random noise.

By assessing these results, we determined that the
detected Rev. M3s from the original raster plot of cultures
were generated by some 3-stage LFSR circuits assembled
equivalently in a neuronal network except culture 2.

In the meanwhile, the fact that detected Rev. M3s from
random noise were not much above accident indicates no
assembly of LFSR. Moreover, a few non-Rev. M3 patterns
detected from the culture data are not generated by LFSR
also because the number of detected non-Rev. M3 in original
raster plot was not larger than in the interval shuffle data as
shown in Figure 6(c).

Incidentally, the reason why Rev. M3, not non-Rev. M3,
is generated especially is still unclear; we consider there is
a possibility that a stable state, (transmitting/accepting less
energy signals to/from other neurons) which has negative
voltage of electric potential of neuron, is realized by state “0”
and this fact causes the reversing “0” and “1.”

4.4. Model of Equivalent LFSR Circuit in Neuronal Network.
To conclude the previous discussions, we recognize the
existence of some 3-stage LFSR circuits that generate M3
patterns (especially Rev. M3 patterns) equivalently, which
suggests the possibility that this phenomenon might be
related to the data communication in neuronal networks.
Abeles denoted that there are synchronizations of spike
pattern in 3 neurons in “synfire chain theory” [18]. We
consider the fact suggests that the reason of that 3-stage
LFSR circuits, not 4-stage, 5-stage and so forth, are assembled
mainly at least in the early stage of development of neuronal
network.

Then, the question that neurons can function as a
logical element (shift register and XOR shown in Figure 1)
arises. Considering the fact that a neuron is able to become
excited when the neuron has multiple connections with other
neurons and spikes from these neurons arrived at simul-
taneously, it seems unlikely that one neuron corresponds
to one element of LFSR (shift resister) because one-to-one
connection of neuron pair is not effective to excite a neuron.

To resolve the contradiction as described above, we
propose two types of equivalent 3-stage LFSR model in
neuronal network as follows.

The first model is that spikes of multiple neurons in
a neuron group propagate to another neuron group as
shown in Figure 7(a). A neuron group corresponds to a
shift resister. This propagation mechanism is similar to the
theory of synfire chain [18–20]. We assume that neurons in
the same neuron group evoke simultaneously and all pair
of neurons are equal in their synaptic delay. Then synaptic
delay corresponds to clock period of LFSR. From analysis
results, the average time length of detected Rev. M3 is about
10 ms (Max. more than 30 ms, Min. 1 ms); therefore, the
average clock period is about 1.67 ms (Max. more than
5 ms). These values do not contradict the value of synaptic
delay (more than 1 ms) [31]. Collating the theory of synfire
chain, we consider that these assumptions are proper. In
the meanwhile, Izhikevich proposes a network model with
a different synaptic delay [33]. We consider that there is a
possible chance that an equivalent LFSR circuit is assembled
when the spike timing delay of each neuron in a same
neuron group and synaptic delay between neuron groups are
coordinated even if pair of neurons are not equal in their
synaptic delay.
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Figure 6: Mean number of detected M3 patterns. Error bar shows the standard deviation of the number of detected M3 patterns for each
culture. (a) Rev. M3 from spike data. There were significant differences between the original and interval shuffle data in all cultures except
culture 2 (P < 0.05). (b) Rev. M3 from random noise data. Noise 1 is the raster plots obtained by detecting peaks from recorded noise
responses of medium (without cell cultures) with threshold 0.01[mV]. Noise 2 is random sequence data created from random numbers. (c)
non-Rev. M3 from Spike data (d) non-Rev. M3 from Noise data.

The second model is that “mainneurons” which are
connected with some “sub neurons” to excite “mainneurons”
constructed LFSR as shown in Figure 7(b). This model also
needs simultaneous spike timing of subneurons.

Then, we omit a XOR function in Figure 7, some XOR
circuit models constructed by neurons are already shown in
previous study [34].

Considering that patterns of network are an astronom-
ically spread figure, there is a possibility that both types of
circuit model as described above are assembled in neuronal
network. There is a possibility that other types of models
are assembled also. It is still unclear which type of model is
appropriate.

5. Conclusion

We detected a significantly greater number of Rev. M3
patterns from the time series stimulated spike response
than from the random series (interval shuffle) data in
neuronal networks formed on MEAs. In conclusion, this
result suggests that some equivalent 3-stage LFSR circuits are
assembled in neuronal networks; detected M-sequences are
generated by these circuits; they are not accidental potentials;
and they are used for data communication in neuronal
networks. We also proposed equivalent LFSR circuit in
neuronal network.

Our future work will aim to identify the location and
type of equivalent LFSR circuit, to resolve the reason why
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Figure 7: An equivalent 3-stage LFSR. (a) Model 1: spikes of multiple neurons in a neuron group propagate to another neuron group like
synfire chain. Although we assume that neurons in the same neuron group evoke simultaneously and all pair of neurons are equal in their
synaptic delay, there is a possibility that an equivalent LFSR circuit is assembled when the spike timing delay of each neuron in a same neuron
group and synaptic delay between neuron groups are coordinated even if pair of neurons are not equal in their synaptic delay. (b) Model 2:
the framework of LFSR is constructed by “mainneurons” and “sub neurons” are connected with “mainneurons” to excite them. Although, we
omit a XOR function in both figures, some XOR circuit models constructed by neurons are already shown in previous study.

the major types of detected sequences are a Rev. M3
pattern by investigating data communications, to analyze
the correlation between the culture term and the number
of detected M-sequences to investigate growth process of
equivalent LFSR, and to analyze the correlation between the
scale of neuronal networks and the number of detected M-
sequences.

Although we could find only M3 patterns in this study,
there is a possibility that larger types of M-sequences can be
detected in large-scale networks, for example, M4 and M5
patterns (generated on 5-stage LFSR circuits), which would
be different from the small and early stages of cell cultures
used as samples in this study.

Our studies suggest a new field of “computational brain
architecture,” which can be applied to studies in brain
physiology, brain machine interface, and related fields.
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Setting properties of bone substitutes are improved using an injectable system. The injectable bone graft substitutes can be molded
to the shape of the bone cavity and set in situ when injected. Such system is useful for surgical operation. The powder part of the
injectable bone cement is included of β-tricalcium phosphate, calcium carbonate, and dicalcium phosphate and the liquid part
contains poly ethylene glycol solution with different concentrations. In this way, prediction of the mechanical properties, setting
times, and injectability helps to optimize the calcium phosphate bone cement properties. The objective of this study is development
of three different adaptive neurofuzzy inference systems (ANFISs) for estimation of compression strength, setting time, and
injectability using the data generated based on experimental observations. The input parameters of models are polyethylene glycol
percent and liquid/powder ratio. Comparison of the predicted values and measured data indicates that the ANFIS model has an
acceptable performance to the estimation of calcium phosphate bone cement properties.

1. Introduction

Bioactive calcium phosphates such as hydroxyapatite (HA)
Ca10(PO4)6(OH)2, tricalcium phosphate (TCP) Ca3(PO4)2,
tetracalcium phosphate (Ca4P2O9), and dicalcum phosphate
(DCP) CaHPO4 have been widely applied for hard tissue
substitute materials, due to their good biocompatibility and
bioactivity [1–4]. Many studies have evidenced the excellent
biocompatibility of calcium phosphates (CaPs) and their
favorable interaction with hard tissue [5, 6]. The shapes of
CaPs for the practical uses are classified into the dense and
porous CaP blocks [7, 8], the powders and granules [9],
the CaP coating [10, 11], and the CaP cement [12, 13].
The hardened forms of CaPs have a major disadvantage.
One of the shortcomings is the difficulty of fitting into the
defects. The particulate form of CaP can easily fill the defects;
however, it migrates or disperses into surrounding tissue [14,
15]. One of the major improvements in CaPs in recent years
is the development of an injectable system. The injectable
bone graft substitutes can mold to the shape of the bone
cavity and set in situ when injected. Such systems should

shorten the surgical operation time, reduce the damaging
effects of large muscle retraction, decrease the size of the scars
and diminish postoperative pain. It also allows the patient
to achieve rapid recovery in a cost-effective manner [15, 16].
Calcium phosphate cements (CaPCs) were the first injectable
bone filling developed for bone substitute applications [17].
Brown and Chow prepared the first CPC in 1985 contained
TTCP and DCP as the solid phase. After mixing with water,
the cement forms HA as the only final product. In an aqueous
environment at 37◦C, CPC transformed to HA which is more
similar to biological apatite than sintered HA formed at high
temperatures [18, 19].

Many different CaPC formulas have been studied, but
most of them form HA as final product [20]. The CaPCs,
now available on the market, are too stable to permit material
degradation and bone ingrowth in a limited period of time,
at least for the first years [21].

As a matter of fact, the properties of a CPC, such
as injectability, setting time, and final strength, can be
modulated through variation in powder composition, liq-
uid phase, liquid-to-powder ratio, and ageing conditions
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Figure 1: Basic structure of ANFIS.
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Figure 2: SEM micrograph of the cement powder before mixing
with the liquid phase.
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Figure 3: X-ray diffraction pattern of cement with 4% PEG and
L/P = 0.4 mL/g after 7-day incubation at 37◦C and 100% relative
humidity.

[20, 21]. Furthermore, a number of organic and polymeric
additives [22–24] have been used with the aim to improve
the properties of CaPCs. Poly ethylene glycol (PEG) is
being widely used in drug delivery systems because of its
hydrophilicity and biocompatibility [25, 26], but there are
few published articles on the use of PEG/CaP composites. In
this study, the effect of PEG on the CaPC was investigated.
The different concentration of PEG was used as the liquid
phase, and the powder component consisted of TCP, DCPA
and calcium carbonate. The surface morphology of cement
powder and phase detection of cements were performed
using scanning electron microscopy and X-ray diffraction.
Also, the injectability, setting behavior, and compressive
strength of this cement were measured.

With the development of computer technology and
artificial intelligence methods, the estimation in nonlinear
problems has become an effective method. Guild and Bon-
field [27] developed a predictive model for hydroxyapatite-
reinforced polyethylene composite using a finite-element
analysis method. The predictive model can be used to
investigate the micromechanical behavior of the mate-
rial. In another research [28], they developed a finite-
element model to improve the ductility at high-volume
fractions. Cao et al. [29] developed a modified artificial
neural network (ANN) to model the nonlinear relationship
between ultrasonic precipitation parameters and the HA
content. Input parameters are temperature, reaction time,
and ultrasonic power. The improved model for processing
dataset and selecting its topology developed using the
Levenberg-Marquardt training algorithm and trained with
comprehensive dataset of HA nanoparticles collected from
experimental data. In the previous paper by the authors
[30], a backpropagation neural network was developed to
predict the mechanical strength and the setting times in an
individual type of HA bone cement. This model had two
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Figure 5: Testing RMSE of (a) setting time, (b) compression strength, and (c) injectability.

parameters of the NaH2PO4·2H2O solution as liquid phase
and the liquid/powder ratio of the cement. Results show that
the model had an acceptable performance to estimate the
setting times and mechanical strength in HA bone cement.

In this research, the cements consist of both powder and
liquid phases. The powders consist of calcium carbonate,
dicalcium phosphate anhydrous and β-tricalcium phosphate.
These materials are similar to mineral phase of bone
[1–4]. Also, polyethylene glycol (PEG) is being widely used
in biomedical applications due to its hydrophilicity and

biocompatibility [25, 26]. The different concentration of
PEG was used as the liquid phase because PEG solution
can improve the properties of a CPC, such as injectability,
and setting time. Then, an adaptive neurofuzzy inference
system is used to correlate the effective input parameters
to mechanical properties, setting times, and injectability of
synthesized CaPC using the data generated based on experi-
mental observations. Also, unused results of the experiments
were compared with those of the ANFIS predictions, and best
architectures were designed for minimal error.
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Figure 6: Comparison of the predicted values and measured data of (a) setting time, (b) compression strength, and (c) injectability for data
test no. 1.

2. Experimental Procedure

2.1. Preparation of Cements. In this research, the powder
phase is a mixture of β-TCP, DCPA (Merck) and CaCO3,
(Merck). β-TCP was synthesized by the solid-state reaction
method. A mixture of 2 moles of DCPA and 1 mole of
CaCO3 were heated to 1200◦C for 6 hr and then cooling
in a box furnace [14]. After choosing the proper amounts
of starting materials, the powder cement was prepared by
mixing the starting materials together for 1 hr. The liquid
phase was an aqueous solution of PEG (MW = 400, Merck).
In order to investigate the effects of PEG concentration,
various amounts (0, 4, 8, 12, 16, and 20%, w/v) of PEG were
dissolved in a distilled water/ethanol (1/1, v/v) composite
solution by stirring for 6 hr at room temperature. The effect
of liquid/powder ratio (L/P) was also studied in four ratios
of 0.3, 0.35, 0.4, and 0.45 mL/g. The cement samples were
prepared by mixing the powders and the liquids together in
a mortar for about 1 min.

Morphological evaluation of the powder cement was
performed by SEM utilizing a Stereoscan 360 microscope
(Leica, Cambridge, UK). The composition of the cements
was analyzed by means of powder X-ray diffraction using a
Philips 3710-MPD control equipped with Cu Kα radiation.

Data were collected from 2θ = 25–45◦ with a step size of
0.02◦ and a normalized count time of 1 s/step.

To obtain the crystallinity of the cements, a minimum of
the (002) apatite peaks (2θ = 25.9◦) of the specimens after
setting time were recorded. The angular width of the (002)
diffraction peak (B) was measured at 1/2 of the height of the
maximum intensity above the background. The B value was
corrected for instrumental broadening by Warren’s method
using the following expression [31, 32]:

B2 = b2 + β2, (1)

where b and β are the instrumental broadening and the
corrected with of the peak, respectively. Because peak width
inversely correlates with crystallite size and lattice perfection
(i.e., the smaller the width, the larger and/or less strained the
crystal) the 1/β value was calculated to relate the XRD data
more directly to these crystal parameters.

2.2. Measurement of the Cement Properties. Setting times of
these cements were measured according to the ISO 9917
standard for dental silicophosphate cement. Setting times of
the samples were measured by using a Vicat apparatus. Any
sample was considered set when a 400 gram mass loaded to a
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needle with a tip diameter of 1 mm did not make any visible
impression on the surface of the sample. Injectability of the
cement was evaluated using a disposable syringe and taking
out the paste through the syringe by hand pressure. The
syringes had a capacity of 5 mL with an opening nozzle size of
2 mm in diameter. As mixed paste of 4 gram was added into
the syringe and extruded after 5 min. The paste was extruded
from the syringe by hand until it was unable to inject
entirely. The weight of the injected paste was then measured,
and injectability was calculated using the following equation
[15, 33]:

% Injectability = Paste weight expelled syringe
total paste weight before injecting

× 100.

(2)

The mechanical strength of the synthesized cements was
evaluated as follows: cement paste was packed in a cylindrical
plastic mold with 6 mm in diameter and 12 mm in length.
After setting the cements were incubated in 100% relative
humidity at 37◦C for 7 days. The specimens were crushed
with a cross-head speed of 1 mm/min using an Instron
Universal Testing Machine (6025). The compressive strength
(Cs) of the sample was calculated from the following formula:

Cs = 2F
πdh

, (3)

where F is the peak load (N), d is the diameter (mm),
and h is the thickness (mm) of sample. The maximal
compression load at failure was obtained from the recorded
load-deflection curves. For each measurement, an average of
five samples was taken.

3. Adaptive Neurofuzzy Inference
System (ANFIS)

An adaptive neurofuzzy inference system gives the mapping
relation between the input and output data by using hybrid
learning method to determine the optimal distribution of
membership functions [34]. Both artificial neural network
(ANN) and fuzzy logic (FL) are used in ANFIS architecture.
Basically, five layers are used to construct this inference
system. Each ANFIS layer consists of several nodes described
by the node function. The inputs of present layers are
obtained from the nodes in the previous layers.

Figure 1 shows the basic ANFIS structure for a system
with m inputs (X1, . . . ,Xm), each with n membership func-
tions (MFs), a fuzzy rule base of R rules, and one output
(Y). The network consisting of five layers is used for training
Sugeno-type fuzzy interface system (FIS) through learning
and adaptation. The number of nodes (N) in layer 1 is the
product of numbers of inputs (m) and MFs (n) for each
input, that is, N = mn. The number of nodes in layers 2–
4 depends on the number of rules (R) in the fuzzy rule base.
Five Layers of ANFIS model are as follow.

Layer 1 (fuzzification layer). It transforms the crisp inputs
Xi to linguistic labels (Aij , like small, medium, large etc.) with

a degree of membership. The output of node i j is expressed
as follows:

O1
i j = μi j(Xi), i = 1, . . . ,m, j = 1, . . . ,n, (4)

where μi j is the jth membership function for the input
Xi. Several types of MFs are used, for example, triangular,
trapezoidal, and generalized bell function. In this study it
selected a generalized bell function by trial and error, as
follows:

μ(X) = 1

1 + |(X − c)/a|2b , (5)

where a and b vary the width of the curve, and c locates
the center of the curve. The parameter b should be positive.
These parameters are named as premise parameters.

Layer 2 (product layer). For each node k in this layer,
the output represents weighting factor (firing strength) of
the rule k. The output Wk is the product of all its inputs as
follows:

O2
k = Wk = μ1e1 (X1)μ2e2 (X2), . . . ,μmem(Xm),

k = 1, . . . ,R, e1, e2, . . . , em = 1, . . . ,n.
(6)

Layer 3 (normalized layer). The output of each node k in
this layer represents the normalized weighting factor Wk of
the kth rule as follows:

O3
k =Wk = Wk

W1 + W2 + · · · + WR
(7)

Layer 4 (defuzzification layer). Each node of this layer
gives a weighted output of the first-order TSK-type fuzzy if-
then rule as follows:

O4
k =Wk fk, (8)

where fk represents the output of kth TSK-type fuzzy rules
as follows:

If
(
X1 is A1e1

)
and

(
X2 is A2e2

)
and . . . and

(
Xm is Amem

)
,

then fk =
m∑

i=1

pieiXi + rk,

(9)

where piei and rk are called consequent parameters and e1, e2,
. . ., em = 1, . . . ,n, k = 1, . . . ,R.

Layer 5 (output layer). This single-node layer represents
the overall output (Y) of the network as the sum of all
weighted outputs of the following rules:

O5 = Y =
n∑

k=1

Wk fk. (10)

4. Results and Discussion

4.1. Characterization. The morphology of the cement pow-
der before adding the liquid phase is shown in the SEM
image reported in Figure 2. A few big plate-like crystals due
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to DCPA are clearly distinguishable from the synthesized β-
TCP and CaCO3 particles, which display an average size of
3–7 μm.

XRD patterns of cements showed that the presence of
PEG does not affect appreciably the final phase of the
cements that exhibits the diffraction reflections characteristic
of β-TCP and HA. But, the PEG had an influence on the
resulting of crystallinity of the cements. The calculation
of the crystallinity index (1/β) of the cements for L/P =
0.4 cc/gr with 0%, 4%, 12%, and 20% run yielded crys-
tallinity of about 2.50, 1.04, 0.78 and 0.45 degree, respec-
tively. When the liquid cement no contain of any percents
of PEG, the final phase of cement had a crystalline phase of
apatite (1/β = 2.78 degree) and when the present of PEG,
the final phase of the cements had low crystallinity. With
adding PEG, the cements were converted to bone-like poor
crystalline apatite. The X-ray pattern of the cement with
liquid contains 4% PEG and L/P = 0.4 cc/gr after 7-day
incubation at 37◦C and 100% relative humidity which is
reported in Figure 3.

4.2. Data Preprocessing for ANFIS Development. Before the
ANFIS can be trained and the mapping learnt, it is
important to process the experimental data into patterns.
Training/testing pattern vectors are formed. Each pattern is
formed with an input condition vector and the correspond-
ing target vector.

The scale of the input and output data is an important
matter to consider, especially when the operating ranges of
process parameters are different. The scaling or normalizing
ensures that the ANFIS will be trained effectively, without
any particular variable skewing the results significantly. As
a result, all of the input parameters are equally important in
the training of the neural network. The scaling is performed
by mapping each term to a value between new min and
new max using the following equation:

Vnor = newmin +
Vi −Vmin

Vmax −Vmin
(newmax −newmin),

(11)

where Vnor is the normalized value, Vi is the value of a
certain variable (speed ratio, dressing depth, and cross-feed
rate), and Vmax and Vmin are the maximum and minimum
values of the independent variable. Additionally, “0.9” is its
new maximum value (new max), and “0.1” is the variable’s
new minimum value (new min). The input pattern vectors
are then formed, comprising 19 pairs of input/output ones
for training the neural network on the basis of the previous
mentioned experiments. The remaining 6 pairs are reserved
for testing the trained network performance.

4.3. Training and Testing Performance Criterion. The training
performance of the ANFIS model can be checked by the root
mean square error (RMSE) as follows:

RMSE =

√
√√
√
√

1
M

M∑

z=1

(Sz − Yz)
2, (12)

where M is the total number of training patterns (19
patterns), Sz is the target value, and Yz is the ANFIS output
value.

Also, the testing performance can be checked by the
error of network predictions. For the test data sets (6
patterns), neural network predictions are calculated. These
are compared with the corresponding experimental values.
The linear regression and statistical analysis is only effective
for large quantities of data. In the current circumstances, it
would have been better to use the root mean square error
(RMSE) as presented in (12).

4.4. ANFIS Topology, Training, and Testing. Modeling of
the process with an ANFIS model is composed of two
stages: training and testing of the network with experimental
data. The training data consist of dressing values for speed
ratio, dressing depth and cross-feed rate, and corresponding
specific energy. In all, 25 such data sets were used, of which,
19 data sets were selected randomly and used for training
purposes, while the remaining 6 data sets (data marked by
“∗” in Table 1) were presented to the trained network as
new application data for verifying or testing the predictive
accuracy of the network model. Thus, the network was
evaluated using data that had not been used for training.

Since the model is based on a limited number of
dressing conditions, it is necessary to ascertain whether
the same model can predict the output parameter for the
other conditions. Therefore, four overlapping data sets were
prepared from the master set as shown in Table 1, and
simulations were carried out individually for each of them.

The number of required rules and type of MF are
very important considerations when solving actual problems
using ANFIS network. To find the best network model that
gives superior results in comparison with other networks
topologies, a number of candidate networks with different
number of rules and different MF types firstly were devel-
oped using the ANFIS editor of the Matlab 7.1 (14th release)
software. Then, all ANFIS structures were trained based on
the error goal (RMSE) of 0.001 and maximum number of
100 epochs. It means that the training epochs are continued
until the RMSE fell below 0.001 or the epochs go up 100.
As the RMSE criterion for all networks is the same, their
actions are comparable. Then their testing performances
were compared, and the optimized model is selected based
on its predictive accuracy in response to new input data in
the testing phase when compared with experimental values.

By testing the various ANFIS structures with different
number of membership functions, it obtained the optimal
structure by trial and error method. The optimal structures
have 8 membership functions for compression strength and
setting time models as shown in Figure 4(a). Also, it has 18
membership functions for injectability model as shown in
Figure 4(b).

Also, different types of membership functions like bell,
sigmoid, triangle, trapezoid, and Gaussian were tested.
Figure 5 shows the testing RMSE of three ANFIS models.

Here four types of MF and four test data sets were
assumed, and then the RMSE was presented in each case.
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Table 1: Experimental data of cements.

Exp. no.
Inputs Outputs Test data set

PEG (%) L/P ratio (cc/gr) Setting time (min) Compression strength (MPa) Injectability (%) no. 1 no. 2 no. 3 no. 4

1 0 0.3 5.5 12.2 16.9 ∗
2 4 0.3 8 8.9 22 ∗
3 8 0.3 9.25 7.1 28.7 ∗
4 12 0.3 9.5 4.6 33.3 ∗
5 16 0.3 13 4.4 39.7 ∗
6 20 0.3 15.75 3.1 46.5 ∗
7 0 0.35 8.15 10.9 21 ∗
8 4 0.35 12.5 6.3 39.1 ∗
9 8 0.35 16 5.2 49.3 ∗
10 12 0.35 18.75 4.9 61.6 ∗
11 16 0.35 22 3.6 75.2 ∗
12 20 0.35 27.25 1.5 79.8 ∗
13 0 0.4 10 8.2 42.8 ∗
14 4 0.4 18 5.5 52.9 ∗
15 8 0.4 21.25 4.8 66.3 ∗
16 12 0.4 25 3.2 75.7 ∗
17 16 0.4 29.5 2.1 81.4 ∗
18 20 0.4 32 1.3 86.3 ∗
19 0 0.45 22.5 7.3 48.4 ∗
20 4 0.45 27 5.6 67.9 ∗
21 8 0.45 30 3.6 78.8 ∗
22 12 0.45 33.5 2.8 80.3 ∗
23 16 0.45 35.25 1.3 90.5 ∗
24 20 0.45 40.75 1.2 93.3 ∗

Results show that the triangle function with constant fuzzy
rules in comparison with others has minimum RMSE values
for all models. Average errors are 0.97, 1.74 and 4.29 for
setting time, compression strength, and injectability models,
respectively. Therefore, the triangle function with 8 rules is
the best architecture for compression strength and setting
time models, and also triangle function with 18 rules is the
best architecture for injectability model.

Comparison of the measured results and those of esti-
mated values by ANFIS models for data test no. 1 and triangle
MF are shown in Figure 6. It can be seen that the predicted
results have a good agreement with experimental results for
a wide range of data. They are acceptable, considering the
limited amount of training data available and large error
prone to measurements of calcium phosphate properties.
Therefore, the adopted ANFIS can be used to acquire a
function that maps input parameters to the desired process
outputs.

5. Conclusions

In this study, an ANFIS model has been used to predict
the mechanical properties, setting times, and injectability
in CaPC. Considered input parameters were % PEG and
liquid/powder ratio to determine the setting properties. The
required training and validation data have been obtained

from experimental observation. Three separate adaptive
neurofuzzy inference systems with 8, 8, and 18 rules and tri-
angle membership function were developed for compression
strength, setting time, and injectability models, respectively.
Novelty of this research is the use of neural network and
fuzzy sets in modeling of synthesis of calcium phosphate
bone cement which has not been worked as yet. ANFIS
model provided an interesting method for modeling the
setting properties. Despite the relatively small amount of data
(25 conditions), the ANN model gave satisfying results. By
adding more data, the ANN model can easily be expanded.
If based on a larger amount of data, it might be possible to
predict the output parameter with sufficient accuracy. The
application of neural networks for the prediction of other
setting properties might be of interest as well.
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When analyzing neuron spike trains, it is always the problem of how to set the time bin. Bin width affects much to analyzed results
of such as periodicity of the spike trains. Many approaches have been proposed to determine the bin setting. However, these bins
are fixed through the analysis. In this paper, we propose a randomizing method of bin width and location instead of conventional
fixed bin setting. This technique is applied to analyzing periodicity of interspike interval train. Also the sensitivity of the method
is presented.

1. Introduction

Bin width setting is always a problem, since it affects largely
analyzed results. Neural spike train usually has time-varying
characteristics. Therefore, data length of spike train in
stationary state with the same characteristics is often limited.
That is, the number of stable data is limited, and therefore
there exists limitation in decreasing bin width to analyze
more precisely. The more troublesome problem is that the
results become different by how much to set the bin width or
even the initial position.

Bin size has been determined to optimize some perfor-
mance measure of time histogram [1, 2], time precision [3–
5], information [6], rate estimation [7], and so forth. How-
ever, their bins are fixed after being optimized/determined.
To avoid such troublesome problem, binless analysis meth-
ods are also used [8–10].

In this paper, we propose a method of setting various
random bins. Random bin will be expected to decrease
unfavorable effects up to the level of being neglectable. See
the appendix section for preliminary easy explanation of the
random bin.

2. Automutual Information of
Spike-Interval Train

To analyze a spike train as a time sequence, there exist
mainly 4 methods of (i) spectrum analysis [11] which
includes sideband and therefore may be limited in precise
time analysis, (ii) correlation [12] which reflects only linear
relation, (iii) time histogram [1] whose precision may be
limited by nonstationarity of the train, and (iv) information
measure [6, 12, 13] which is expected to be possible to avoid
such limitations. Automutual information method dealt in
this paper belongs to (iv).

Mutual information (MI) is a measure of expressing
common quantity of information between events A and B,
as described by (1):

MI(A;B) =
∑

A

∑

B

P(A,B)log2

[
P(A,B)

P(A) · P(B)

]
[bit]. (1)

More specifically, this is the difference between joint prob-
ability P(A,B) and probability P(A) · P(B) in which A and
B are assumed to be independent events. If A and B are
indeed independent, they have no common information,
and therefore the mutual information is zero. If we take an
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Figure 1: Example of sorted spike train (Electrode No.16, light stimulated).
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Figure 2: Problem of discriminatability in discretizing analog interspike intervals. Almost the same intervals are treated differently by chance
in the fixed bin setting.

inter-spike interval train as A, and one shifted by m intervals
as B, mutual information becomes automutual information
(AMI).

3. Spike Train

Figure 1 shows a spike train obtained from Electrode No.16
of V1 field of a rat with LED light stimulation of 30 ms
duration at every 7 sec. This is a sorted data, which means
it is processed by pattern recognition so as to catch only
spikes from a specific neuron. Number of spikes is 1721

between 420 sec. Some enlarged parts of the train are shown
in Figure 1(b).

To investigate the periodic characteristics, we calculated
automutual information between interval-value train (A)
and its shifted train (B) by m intervals.

4. Problem of Fixed Bin

Figure 2 shows how almost the same intervals are classified
into different bins or the same bin almost by chance
depending on where the border of the bins is in the case of
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conventional fixed bin setting. This affects the result of AMI
calculation.

To show this, assume the bin is set as follows: number of
bins is K = 32. The kth bin border (k = 1, 2, . . . ,K) is given
by

b(k) = 0.01× 10(3.5×(k−a)/K) = 0.01× 10(0.1094×(k−a)). (2)

In this paper, to be able to cover wide range of intervals,
exponential bin setting is adopted differently from Figure 2.
The bin is set as

Bin 1: 0-b(1)

Bin 2: b(1)-b(2)

· · ·
Bin 32: b(31)-b(32).
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Data over b(32) were neglected. Usually we set a =
0 which corresponds to the case of Figure 2(a). In order
to check the problem of the fixed bin in this section, we
compared in cases of a = 0 and a = 0.5. That is, in the latter
case, the Bin borders are shifted by half as Figure 2(b). This
may often happen since spike interval has lower bound by
refractory period, and therefore bin setting at small interval
values is nonsense.

Figure 3 shows two results of AMI calculation for the data
of Figure 1 with shifted bin positions by half as shown in
Figure 2. Their shapes are rather different. For example, at
m = 40 curve of a = 0.5 has a peak, but a = 0 has not
been as shown by a black ellipse. We can see that it is almost
impossible to extract period components from the spike train
by the fixed bin setting as it is.

5. Randomized Bin Setting

In order to suppress such instability, after having tried
some methods including fluctuating initial position a of (2)
and classifying an interval value into not one but adjacent
two bins with weights, we decided finally to adopt a bin
randomizing method, though it needs more computation
time than the former.

First, 32 uniform random numbers between [0, 32) are
generated, rearranged in order from small to large, and they
are substituted for k of (2). In a preliminary experiment,
K was set 8, while it was set 32 in the main experiment,
which was also extended to 128. Then we calculate one-trial
AMI. Also start counting how many times one-trial AMI
becomes the maximum at each m among, for example, 64
interval differences. This is a one trial with a random bin
setting. We repeated these trials N = 5, 000 to 500, 000 times
and averaged to obtain final AMI. At the same time, we

also obtained normalized frequency of AMI becoming the
maximum at each m.

This method will be explained in Figure 4; that is,
fixed bin method (a) has some biased characteristics. If we
generate random set of bin borders {b(k)} as method (b),
bias effects will be decreased by repeating many times.

In addition to the original data set (i) of spike trains
from rat V1 field, we also prepared (ii) interval shuffled train
(Shuf3/Shuf8) among successive 3 intervals or 8 intervals
with sequentially shifting interval one by one and (iii) one
repeated Shuf8 operation 2048 times (Shuf8–2048) or 256
times (Shuf8–256). Further we prepared (iv) three different
randomly generated trains only having the same number
of spikes with the original train but not the same interval
distribution.

6. Experimental Results

6.1. Preliminary Experiment. Before starting the main exper-
iment, we tried with a small size of K = 8 and N = 5, 000.
Examples of normalized frequency that fell into bins in three
trials for original train shown in Figure 1 are shown in
Figure 5.

Figure 6 shows changes of AMI and its frequency of
taking local maximum at each interval difference m when
shuffling the spike train. Generally speaking, by shuffling the
train, AMI values do not decrease suddenly but gradually,
since some rate of interval pairs moves in the same way with
keeping the same relative interval difference. Large values
of AMI and consequently large frequency of taking local
maximum of Original train are often decreased by shuffling
more as shown by black ellipses in Figure 6. Inversely,
since total values of normalized frequency are 1, other new
periodic components of AMI emerge/increase by shuffling,
and consequently the rate of taking local maximum is also
increased as shown by purple ellipses, though not completely.

Figure 7 shows an obtained scatter plot of AMI versus
frequency of AMI value took local maximum for original
train shown in Figure 1, its Shuf8, Shuf8–256, and Random
trains. AMI curve has such characteristics that (i) AMI of
original train usually takes the maximum at m = 1, since
if a spike detected that time moves to front, preceding
interval value is shortened and succeeding one is elongated;
that is they have negative correlation relationship (low
independency), and (ii) curve is sometimes inclined subtly.
To cope to these at this stage, we took a local-maximum
judgment separately at ranges of 1–4, 5–8, 9–16, 17–32, and
33–64 instead of maximum judgment at full range of 1–64.
Therefore we see 4 outlier points of Original data most at
right and 3 around horizontal axis in Figure 7. We can also
see that Shuf8 points are almost overlapping on the Original
ones, Shuf8–256 points are shifted to lower AMI values,
and Random points shifted more. These are well separated.
That is, the AMI with random bin method can well extract
temporal information of the spike train.

6.2. Prefinal Experiment. To improve the result, we expanded
number of bins to K = 32 and number of trials to
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Figure 6: Changes by shuffling spike train for K = 8 and N = 5,000. In black ellipses as examples, AMI values and its peak detection rate are
decreased according to the train shuffled more. On the other hand, in purple ellipses, they are increased by disturbance of shuffling.

N = 40, 000. When increasing K 4 times, since the proba-
bility of intervals falling into a bin decreases to 1/4, it may be
reasonable also to increase N in this case 8 times. Examples
of normalized frequency that fell into bins in four trials for

original train shown in Figure 1 are shown in Figure 8.
Figure 9 shows scatter plot of the obtained AMI versus
frequency of AMI value took the local maximum of the
Original train shown in Figure 1 with its Shuf8, Shuf8–256
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of AMI that took local maximum. K = 8 and N = 5, 000.
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times, and three different Random trains. We can see that
compared with Figure 7 the scatter plot converged more.
Note that random trains have some divergence within trains.

6.3. Main Experiment. Increasing the number of trials more
to N = 500, 000, we obtained almost the same results as
N = 40, 000 but more improved than N = 5, 000,K = 8
(8Bins). These are shown in Figure 10. We can see that N
seems to have reached plateau already at 40,000. In this case,
by suppressing the AMI value at m = 1 to 0, we could
determine more fairly the maximum of AMI value through
all ranges of 64 interval differences. Then, we could obtain a
final scatter plot of Figure 11, where we can see clear one-to-
one correspondence between AMI and maximum-detection
frequency than Figure 9.
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Figure 9: Scatter plot of automutual information versus probability
of AMI that took local maximum.K = 32 and N = 40, 000.

AMI curves in Figure 10(a) seem rather flat. Contrary to
this, rate curve of AMI taking the maximum in Figure 10(b)
appears more sensitive or too much sensitive to the periodic-
ity. Essentially, however, they have the same information.

7. Sensitivity Check

7.1. By Test Train Only. The average of inter-spike interval
of the train No.16 of Figure 1 was τ = (measuring
time)/(number of spikes) = 0.244 sec. We generated a base
train with constant interval of 0.244 sec. That is, the base
train is

B = (t1, t2, . . . , t1721) = (τ, τ, . . . , τ). (3)

Then, test trains were generated by adding periodic compo-
nent such that

tn = (1 + s)τ if n = P × i, i = 1, 2, 3,

τ otherwise,
(4)

where P is a period of the test component and s is its
amplitude.

Figure 12(a) shows obtained AMIs for test trains with
P = 27. It shows sharp peaks at m = 27, just corresponding
to P as well as the 2nd peaks twice at interval difference
m = 54. Figure 12(b) shows their peak values at m = 27 with
extending range of s more than (a). This is a sensitivity of the
proposed method.
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Figure 10: Improvement of AMI (automutual information) calcu-
lation and local maximum detection by increasing numbers of bins
and trials. 32-Bin 40k Trial and 32-Bin 500 k curves are almost the
same and overlapping.

7.2. Test Train Added to Real Train. Figure 13 shows the
results of test train with several amplitudes added to No.16
train. Test train is

tn = sτ if n = P × i where i = 1, 2, 3, . . .

0 otherwise,
(5)

where periodicity P = 27. We can see that in the Original
train there exists low periodic component atm = 27. Then by
adding test train with amplitude of more than 30% of average
interval τ, periodic component appears; that is in No.16
train, there exist many periodic components with amplitude
of several ten % of τ.
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Figure 11: Scatter plot of automutual information versus probabil-
ity of AMI that took the maximum for K = 32 and N = 500, 000
with improving the maximum detection by suppressing AMI of
m = 1. Electrode No.16, light stimulated.

8. Low Periodicity Train

The train from Electrode No.16 with light stimulation shown
above is the one mostly showing its deep structure in the
sense that AMI values of Shuf8–2048 are clearly lower than
that of Org. This means that characteristics including period-
icity are disturbed by interval shuffling. However, this is not
always the case. An example of results of commonly typical
(ordinary) train of nonstimulated spontaneous response of
No.2 Electrode is shown in Figure 14 where characteristics of
shuffled train (Shuf8, Shuf8–256) are not so different from
original one (Org) but have larger AMI values than that of
artificially generated Random trains. Number of spikes in
this No.2 train is 729.

9. Extension to 128 Bins

We tried to extend the number of bins to 128 for some cases,
though computation time takes several times compared with
K = 32 cases. Figure 15 shows two examples of rate of spike
intervals fell into the random bins. Figure 16 shows AMI, and
Figure 17 shows the normalized frequency of AMI took the
maximum of the spike train from the Electrode No.2 with
the light stimulations and K = 128, N = 20, 000. We can
see in this case that peak of AMI showing periodicity is sharp
at P = 28, and it disappears after interval shuffling and in
random sequence.

10. Discussion

In the calculation of AMI, P(A,B) is estimated from the target
data. As a result, it works as a learning effect. Consider an
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Figure 12: Sensitivity of AMI for various amplitudes of periodic
test trains.

ultimate case with only two intervals t1 and t2 from three
spikes, where we can estimate the future t2 (generally tn+m)
perfectly with mutual information log2K if we know t1(tn).
Therefore, the smaller number of spikes we have, the more
we can estimate future, and the higher mutual information
we have between the present and future. Inversely, the larger
number of spikes we have, the smaller level of the average
AMI values we obtain. Figure 18 shows the relation between
AMI level and number of spikes in a train of our experiments.
There may be some theoretical relationship between these.
However, we have not analyzed enough yet. Instead in the
experiment, we expanded Kvalues up to 128 and can see that
we can obtain higher AMI level which means we are able to
estimate more accurate future interval values by increasing K
value. However, it is also true that since the number of spikes
is limited, we cannot increase K value unlimitedly to estimate
well P(A,B).
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Figure 13: Results of test train added to No.16 train.

From viewpoint of circuit theory, each periodicity corre-
sponds to a specific circuit excited by a trigger input. Then, by
analyzing the interspike interval sequence, it may be possible
to get known the participating circuit shape or structure.
Through such analysis, it may become possible to analyze the
information storage and communication mechanisms in the
brain.
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Figure 14: Example of typical scatter plot of common (ordinary)
trains (nonstimulated; Electrode No.2 sorted) of K = 32 and N =
40, 000 with improved maximum detection.
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Figure 15: Two examples of rate of intervals fell into bin k when
K=128.

Problem of the proposed method is computation time.
Presently software is written in Basic interpreter language
(BASICw32), and it takes 8 hours with 2.4 GHz i5 CPU of
note PC to calculate 40k trials when K = 32 for train data
with 1721 intervals. This may be possible to reduce to one
severalth by using compiler language.

11. Conclusion

Sizes and positions of time bins have been usually fixed. It
often causes effect to precision and stability of the results.
In this paper, we proposed a bin randomizing method
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Figure 16: AMI of spike train No.2 with light stimulation and K =
128, N = 20,000.
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Figure 17: Normalized frequencies of AMI of Electrode No.2 with
light stimulation took the maximum, interval shuffled (Shuf8-
2048), and randomly generated (Rand).

to avoid such troubles. As an analyzing method, we used
automutual information, which has merits of (i) detectability
of even non-monotonic relation than correlation (ii) since
the AMI is calculated based on not the absolute time but the
appearance order and independence relationship between
train intervals, it can cope with nonstationarity such as
expand and contract of the spike interval combined with
the flexibility of randomized bin, and it has more (iii) direct
precise analysis than spectrum analysis and able to cope with
nonstationarity.

Demerit of the proposed method is the long computation
time. However, as a postprocessing of the spike train, these
are not severe demerits.
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Figure 19: Conventional fixed bin for quantization (upper) and
proposed random bin for time discretization (lower) to calculate
mutual information. In this figure case, interval n is categorized to
Random bin 4.

It is shown that there exists an almost one-to-one mono-
tonic relation between AMI value and rate of AMI value,
takes the maximum through many trials of random bin
generation.

Though mainly we treated a problem of obtaining
automutual information, the proposed method of random
bin can also apply not only to the spike analysis but also to
other problems of other fields.

Appendix

A. Preliminary Explanation of
Random Bin Proposing

If the codes for communication are generated repeatedly by
circulating pulses in a loop circuit, we can observe a sequence
with a period. Then two time intervals separated with some
number p of intervals will differ in their lengths reflecting
local appearance patterns in the code such as 11, 101,10
01, and 10001 as well as subtle physical transmission-time
differences between different cell connections. Therefore, if
we calculate mutual information between time lengths of
the two intervals, we may be able to estimate the period
of the code. Conventionally in this calculation, time bin
size is first fixed, and analogue time lengths of intervals are
next quantized according to this fixed bin size as shown
in Figure 19 upper part. Typically bin size (width) is set to
around time fluctuation (uncertainty) of spike position or
small so as no more one spike falls in a bin. However, the bin
size determined beforehand affects the results considerably.
Therefore, we cannot trust any more the results obtained
through this fixed bin size.

To cope with this problem, we propose here a method
of discretizing analogue time intervals by random time-bins
as shown in Figure 19 lower part for calculating the mutual
information in each trial. These time bins are different trial
by trial. Some time, the time bins are well determined and
can discriminate different time intervals, and some time not.
As an average, the mutual information will show the true
mutual information not affected by the bin or each bin size.

Finally, the mutual information between interval n and
interval n+m is shown as an automutual information (AMI)
graph by changing m (interval difference).
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