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Abstract

This work deals with global statistical unsupervised segmentation algorithms. In the context of Magnetic Resonance
Image (MRI), an accurate and robust segmentation can be achieved by combining both the Hidden Markov Random
Field (HMRF) model and the Expectation-Maximization (EM) algorithm. This EM-HMRF approach is accomplished by
taking into account spatial information to improve the segmentation process which, in turn, slows the approach and
consequently prevents its adoption for real-time applications such as three-dimensional medical image segmentation.

We propose in this paper the use of the Bootstrap resampling to speed up the processing time of the EM—HMRF
algorithm. This is accomplished by randomly selecting an optimal representative set of pixels according to some criteria
originally defined for the blind segmentation. We will show how to adapt such criteria to the HMRF_EM algorithm
context. We validated our proposition through a set of experiments and we proved that the use of the Bootstrap
resampling yields the same accuracy and robustness as the basic algorithm, yet it amounts to a considerable processing
speed up.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

There are numerous ways to perform image
segmentation and it is well known that statistical
approaches are among the most robust methods in
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terms of homogeneous or textured areas. The
robustness comes mainly from the manner in which
these approaches take into account the ‘noise’ of an
image, for example, the noise from acquisition
sensors but also the natural variation in light
reflectance of imaged objects.

Statistical approaches can be subdivided into three
categories, depending on the way the neighborhood
influences the classification of a given pixel:

e Local or blind approaches consider that pixels
are spatially independent [1].
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e Contextual [2] or adaptive [1] methods take into
account a neighborhood of limited extent, e.g. a
square window around the pixel of interest.

e Global approaches assume that all pixels in an
image influence the classification of the pixel of
interest [3].

Global approaches are intractable; nevertheless,
Markov Random Field (MRF) models offer them
a tractable solution. They allow to express the
global dependence by using only contextual rela-
tionships between neighboring pixels, thanks to the
Hammersley—Clifford theorem [4]. These models,
and other Markovian ones with tree or chain
topologies [5], have been successfully tested and
illustrated in a number of areas such as computer
vision, pattern recognition and image processing
applications [6,7], including image restoration and
segmentation, stereo motion analysis, motion re-
cognition, texture analysis, etc.

Before applying some standard Bayesian restora-
tion methods like Maximum A Posteriori (MAP),
model parameters have to be estimated in an
unsupervised context (Hidden MRF). Several opti-
mization algorithms have been proposed in the last
years and the most widely used is the (Expectation-
Maximization) EM algorithm which maximizes the
likelihood of data (ML criterion). Nevertheless,
these methods appear to be difficult to implement in
the context of HMRF [8] and some alternative
methods have been proposed. In particular, the
time-consuming Monte Carlo simulations or the
Stochastic Gradient method [9] aim to approach
the maximum of the likelihood (ML) in a stochastic
manner to remedy the difficulties encountered by
the EM method. Several approximations to the ML
criterion have been proposed such as the mean field
and mode field approaches [10] and extensions [11],
or the maximization of the pseudo-likelihood which
is, in particular, at the origin of the Iterated
Conditional Mode (ICM) [4] and Gibbsian EM [7]
algorithms. The Gibbsian EM is an iterative
stochastic algorithm which is known to be compu-
tationally costly but efficient. In [12], the authors
show that an accurate segmentation can be achieved
by combining the HRMF model and the EM
method into mathematically sound HMRF_EM
framework. This method integrates iteratively the
parameter estimation step with the restoration one
as done in the mode field algorithm [11].

Even with the significant efforts done to reduce
complexity, the computation time is still a limitation

factor for the applicability of HMRF models,
despite their efficiency, especially for applications
involving large-size images or requiring a high
number of thematic classes. In this work, we
propose to introduce a Bootstrap resampling
scheme [13] in the HMRF_EM framework to
reduce the processing time.

In [14,15], the authors proposed to speed up some
segmentation methods based on the blind approach
by introducing a Bootstrap resampling technique.
Our main goal is to extend this same technique
to the global approach where the Bootstrap
resampling is performed within the HMRF_EM
framework.

The improvement or speeding up of the segmen-
tation based on the HMRF_EM method combined
with Bootstrap resampling is portrayed on the brain
tissue segmentation, where the MRF model is
widely employed. Even if the classification methods
comparison for brain tissue segmentation is not one
of the objective of this work, it is proved in [16] that
the HMRF_EM is one of the most efficient methods
for such an application. To validate the Bootstrap
efficiency in the HMRF_EM framework, we have
used some synthetic brain images providing a
quantitative comparison [17] and often used for
tissue classification validation [16,18].

The remainder of this paper is organized as
follows. In the next section, a brief description of
Bootstrap resampling is introduced within the
context of image processing. Section 3 starts with
a short description of the HMRF_EM method and
then provides the integration of the Bootstrap
resampling. Section 4 discusses the optimal size of
the Bootstrap sample in the context of a global
segmentation. The comparison of the HMRF_EM
algorithms with and without Bootstrap resampling
within the context of brain Magnetic Resonance
Image (MRI) segmentation is then presented in
Section 5. Finally, some conclusions and future
work directions are provided in Section 6.

2. The Bootstrap resampling

In 1979, Efron introduced the Bootstrap term to
describe the set of random resampling procedures of
the observed data to be approached by simulating
the statistics of the underlying distribution [13,19].
The Bootstrap theory is based on the convergence
of the empirical law of the sample toward the
underlying unknown law when the sample size is
sufficiently large.
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Given a sample of N independent identically
distributed random vectors {X,X5,..., Xy} and a
geal-valued estimator 0(X, X», ..., Xy) (denoted by
) of the parameter distribution 6, to assess the
accuracy of 6 the Bootstrap procedure is defined in
terms of the empirical distribution function (edf)
Fy. This edf assigns a probability mass to each
observed value of random vectors X; for i=
I,...,N.

The edf is the maximum likelihood estimator of
the observations distribution when no assumption is
made. The Bootstrap distribution for 6 — 0 is the
one obtained by generating 0 values by sampling
independently with replacement from the empirical
distribution Fy. The Bootstrap estimate of the
standard error of 6 is the standard error of the
Bootstrap distribution for 6 — 0 [20].

In practice, this technique usually requires the
generation of a Bootstrap sample (independent
drawing with replacement from the empirical dis-
tribution). From the Bootstrap sampling a Monte
Carlo approximation of the Bootstrap estimate is
therefore obtained. The original Bootstrap proce-
dure can be sum up as follows:

e Generate a sample of size N with replacement
from the empirical distribution (Bootstrap sam-
ple). X

e Compute the value of 6 obtained by using the
Bootstrap sample instead of the original sample,
which is denoted by 6*.

e Repeat these two steps B times to obtain a Monte
Carlo approximation of 6* distribution.'

The key idea of the Bootstrap is that for N
sufficiently large, we expect that both distributions
0" —0 and 0 —0 are nearly the same. In other
words, the variability of 6" (based on Fy) around 0
will be similar to the variability of 6 (based on the
true population distribution F) around its standard
deviation for large sample size. In fact, when N gets
larger F comes closer to F, and sampling with
replacement from Fy is almost like random
sampling from F.

Classically, the Bootstrap method is used only
when the distribution cannot be estimated analyti-
cally. However, it is interesting to see that the Boot-
strap resampling is also valid in situations where
sample size is enough to handle the estimation

The value of B is recommended to be at least 50, but depends
on the parameter to be estimated [12].

[20,21]. Efron gives a set of examples about that,
and establishes the validity of the approach for a
general class of statistics when the sample space is
finite [19].

While initially the Bootstrap sample size is N,
many works show that a smaller size of Bootstrap
sample can give a very good estimation [21]. In [15]
Banga et al. propose a Bootstrap model for gray
levels image analysis in the case of local segmenta-
tion. The use of such resampling procedure enables
to reduce considerably the computation times while
preserving the estimation quality using the EM
algorithm.

3. Using Bootstrap resampling for image processing

We can consider an image as a set of N voxels,
where N = N; x N. x N, and N;, N. and N, define
the image resolution. The N image voxels are indexed
withi e S =1{1,2,..., N}, and the data feature vector
isdenoted by y = {1, 12,...,¥n} C RY. The key idea
behind introducing Bootstrap resampling on mixing
parameter estimation problem [14], is to represent the
entire image distribution by only B image samples,
where each sample has a small size but should be
representative of the entire image.

In Fig. 1 we can see an example of image and its
intensity histogram. In Fig. 2 we can note that the
mean intensity histogram of the B samples is
superposed on the histogram of the original image
shown in Fig. 2(b). To perform a blind segmenta-
tion, one can use the EM algorithm. The main idea
proposed by Banga et al. in [14] is that only B small
samples of the image are used by the EM algorithm
instead of all the voxels of the image. This
estimation step of image intensity distribution is
therefore considerably faster than the classic EM
algorithm. It can be performed using only the
Bootstrap samples instead of using the entire image.

4. HMRF_EM framework and Bootstrap resampling

In this section, the image model is first presented; the
MAP estimation of the class label in the context of the
MREF is then introduced. The complete HMRF _EM
framework for classification as well as the parameter
estimation through the EM algorithm is then presented
in its original form as proposed in the ‘mode field
algorithm’ in [11] in general and in [12] for the brain
tissue application. The incorporation of the Bootstrap
schema with the HMRF_EM framework is shown in
the end of this section.
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Fig. 1. The original image ‘brain slice’ (a). The intensity histogram of this image (b).
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Fig. 2. The Bootstrap sample of a 2D brain slice (a). Intensity histograms of the Bootstrap samples and their mean histogram (b).

4.1. Image model

Let L and D be two alphabets: L = {c, c2,..., ¢k}
and D ={1,2,....,d}.

Let X and Y be two random fields, respectively
with state spaces L, corresponding to the class labels
and D corresponding to the observations. For
Vie S, we have X; € L and Y; € D. Let x denote
a configuration of X and y be the set of all possible
configurations

= {x=(x,x2....,xn)|x; € L,i € S}.

Similarly, let y be a configuration of Y and { be the
set of all possible configurations so that

(={y=01,yp..->ynlyieD,iesS}

For given X; = ¢, Y; follows a conditional prob-
ability distribution, assumed from now on as
Normal distribution:

pil) =f ;0 VYlel,

where 0, = {1, o0} represents the distribution para-
meters (mean and variance).

In the local approach case, the spatial dependence
is ignored and the class field is independently
identically distributed. For each label ¢ € L and
for each i in S, the probability P(X; =€) = w, is
independent of the location of the site i. This model
can be specified fully by the image intensity
histogram. However, images with the same intensity
distribution may have completely different struc-
tural properties.
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To overcome this problem, the spatial informa-
tion can be modeled through the MRF by chara-
cterizing mutual influences using conditional MRF
distributions.

Since the underlying field X is non-observable, in
the image segmentation context, the appropriate
model is the Hidden Markov Random Field
(HMRF).

The MRF theory assumes that the sites in S are
related to one another via a neighborhood system,
which is defined as N = {N;,i € S}, where N; is the
set of sites neighboring i,i¢ N; and i e N;<j e N,.
A random field X is said to be an MRF on S with
respect to a neighborhood system N if and only if:

P(x)>0 Vx ey,
P(xi|xs—iy) = P(xilxn,). (1)

According to the Hammersley—Clifford theorem [4],
an MRF can be characterized by a Gibbs distribu-
tion:

P(x) = Z"' Exp(~U(x)), (@)

where Z is the normalizing constant (called parti-
tion function) and U(x) the energy function which is
the sum of clique potentials V.(x) over all possible
cliques C*:

Ux) = Ve(x). 3)
ceC

For 3D images, the considered clique is generally

related to the neighborhood system composed of 26-

neighbors voxels (the ones around the current

voxel). The energy U could be written as follows:

o(x;, x;
U(x; =tlxn,) = Z Vii(xi, x;) = Z (dx(l.,;;j), 4)

jEN,’ jEN,‘

where d(i,j) is the distance between the pixels i and
J» and 6(x;, x;) is the cost function usually set to
(0, 1), but could also have other values depending on
the application and the image nature.

Our HMRF model is characterized as follows:

e The Hidden (non-observable) random field X =
{X;,i € S} underlying MRF with a probability
distribution given by Eq. (2).

e The observable random field: ¥ = {Y;,i € S}.

e The conditional independence: Vx € y, the ran-
dom variables Y; are conditional independent:

2A clique is a subset of sites in S in which every pair of distinct
sites are neighbors in a neighborhood system, except for the
single-site cliques.

P(y|x) = [[,cs P(vilx;). So the joint probability of
(X,Y)is

P(x,y) = P(lx)P(x) = P(x) [ | POilx0)- (5)

ieS

Based on the MRF local characteristic the joint
probability of any pair (X, Y;) given the neighbor-
hood configuration Xy, of X; is

P(y;, xilxn,) = P(y;1x;))P(xi|xn,). (6)

4.2. MAP estimation

Let us denote by x*, the true but unknown
labeling configuration, and X its estimation. The
classification problem is to recover x* given the
observed image y.

According to the MAP criterion, X is given by

% = Arg Max{P(y|x)P(x)}. (7)
X€ey

In the local classification approach, X can easily be
calculated. Nevertheless an estimation step is essential
to estimate the mixture distribution parameters. This
estimation can be classically done by the EM
algorithm or by its optimized version the Boot-
strapped EM algorithm [15]. In the global classifica-
tion context, and the HMRF model, this latter
formula is equivalent to the following equation:

* = Arg Min{U(Ix) + Ux)}, (®)

where U(x) is the energy function described in Eq.
(3), and U(y|x) is given by

(yi - :uxlv)z
U(ylx) = 2; 21 o). ©)
This MAP estimation presents a mathematically
unfeasible problem. Therefore the optimal solution
is usually obtained using the ICM optimization
algorithm [4]. Given the data y and the other labels

x(skl{i} in iteration (k), the ICM algorithm sequen-

tially updates each xﬁk) into fc?kH) by minimizing
locally the conditional posterior probability
U(x;ly, Xn,) with respect to x; as proposed in [12]
in the case of brain tissues classification and in the
description of the ‘mode field algorithm’ in the

general case [11]. Note that the updated labels ch")
are taken into account in the neighborhood fcg\]f) for

the classification of next neighbor sites in the same
ICM iteration.
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4.3. Model fitting using HMRF_EM algorithm

Since both the class label and the parameter set
0 = {0,,¢ € L} are unknown, we can consider that
we are in an incomplete data set case, and the
problem of parameter estimation can be solved by
different techniques, among which the EM algo-
rithm is the most widely used one. Its strategy
consists in estimating X given the current estimation
of 0 to form the complete data set. The updated
(new) value of 6 can then be estimated by
maximizing the expectation of the complete data
log likelihood. This iterative algorithm called
HMRF_EM can be resumed as follows:

In an iteration ¢

e estimation of X by ICM
e estimation of 0, = (fi,, 6,) by:
20 = > s POy

L s PO
ZieS P(t)(ﬂy,')(yl‘ - .af)z .

~ (12
= ; 10
(G[ ) ZieS P([)([D}i) (0
where
Dy 0P %,
P(t)(flyl-) :f (yz f) ( | J\,-)- (11)

P(y;)
These expressions are similar to the classical
EM formula used in the context of finite Gaus-
sian mixture, but as we can note, the spatial
information is encoded in the prior distribution
P(Cl3y,).

The calculation of the prior distribution P(¢£|Xy,),
a particularly consuming task, is expressed in the
following equation:

P(l|Xy,) = Z~  Exp(=U({|3,)). (12)

As we can notice, in each iteration, the updating of
the means and variances need the scan of the entire
image and the updating of the probability P)(¢ |Xn,)
which involves MAP estimation. This estimation
task is very time-consuming. That is surely one of
the drawbacks of this method, and the reason that
many researchers stated that the EM algorithm is
difficult to use in the MRF model.

4.4. Bootstrapping the HMRF_EM

In order to reduce the computing time of the
HMRF_EM, the proposed schema is based on the

conditional independence hypothesis and proposes
to use only small Bootstrap samples to update the
model parameters. It is important to note that the
estimation of the label field in each HMRF_EM
iteration is done using the entire image because the
spatial dependency is taken into account through
the Markov field. The computation of the prob-
ability P”(¢|%y,) will be processed only for the
Bootstrap sample used to update the means and
variances in Eq. (14). Let us just recall that this
probability computation as shown in Egs. (12) and
(4) requires also the scan of the current site
neighborhood. Without Bootstrap resampling, in
an HMRF_EM iteration the algorithm scans all
image pixels, and for each pixel the scanning of the
label neighbors is also necessary to compute the
probability PY(¢ |Xn,) which is a very time-consum-
ing task. On the contrary, with Bootstrap resam-
pling the algorithm need to ‘visit’ only some pixels,
pick up their observation value y; and visit also their
label neighbors to compute for each of them the
conditional probability energy needed to obtain the
probability PV(x; = £|%,).

Let ST be a representative sample of the image,
the estimation step is performed using this sample,
and let 0} be the estimated parameter. This
estimation task is then repeated B times with
different image samples, and the final estimation
0, is achieved by the mean of these different
estimations (b =1,...,B).

N S e
#ZZE;M} > O'ZZE;G( . (13)

The general schema of the bootstrapped version of
the HMRF_EM algorithm, referred to as
HMRF_EM_B can be resumed in Fig. 3.

In an HMRF_EM iteration, the mean and
variance updating formula of the HMRF_EM_B
are given by the following formula, where the
asterisk indicate the Bootstrap sample elements.

2 = iy, POLYYE

C Y, PO
~(b

Pies, POCYDOT = i)

~(h)\2
c = ; 14
where
SO 0)POLIR:)
POy =—— (15)

P(yy)
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5. The Bootstrap sample size

As we can notice in the updating parameters
formula, the Bootstrap sampling concerns on the
one hand the observable field. In fact we note that
all the summation in the mean and variance update
formula are done only for the Bootstrap sample
elements specified by ypx. On the other hand,
the Bootstrap resampling concerns also the class
field for the computing of P({|X}) probability. The
Bootstrap sample should be representative not only
of the intensities level in the observation field, but
also of the probability P({|X};) or more accurately
the energy distribution U in the label field. In fact, in
the HMRF_EM algorithm context the sampling
consists in drawing a block of voxels and not simply
single ones (Fig. 4).

Classification x

Bootstrap sampling S, Z

Parameter estimation é?

(5/, Mean ((3;’) ‘

Fig. 3. The general schema of the HMRF_EM_B algorithm.

7

Y

For sample representativity, our work is based on
the representativity criteria presented by Banga in
[14,15]. These criteria were introduced in the context
of local classification for parameters estimation
using the Bootstrap version of the EM algorithm. In
Banga’s work, the Bootstrap sample has to be
representative of the observable field. More parti-
cularly, the intensity histogram of the Bootstrap
sample should be representative of the entire image
intensity histogram.

On the one hand, these criteria were used for
the representativity of the image intensity levels in
the observation field. On the other hand, these
criteria were extended to the multivariate case
for the representativity of the energy distribu-
tion U in the label field. Then the sample size will
be the one verifying simultaneously the repre-
sentativity criteria for the observation and the label
fields.

In the next paragraph, we will present briefly the
two criteria introduced in [14]. They are used for the
observation field representativity and their exten-
sions are used in the multivariate case for the label
field representation. The extended criteria represent
one of this work originally to enable the use of the
Bootstrap resampling in the context of the
HMRF_EM algorithm.

5.1. Observation field representativity criteria
Two criteria defined by Banga et al. [15] are used.

The first one considers that a sample is representa-
tive of the image intensity if and only if each gray

13 %ﬂ

ﬁﬂﬁcz

T E{%U

Fig. 4. Example of the sampling in the observations and class fields in 3D image.
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level (or intensity) existing in the original image
exists at least once in the Bootstrap sample.

The second criterion is more restrictive than the
first one. It considers a sample as representative of
the image if the proportions of each gray level in the
original image are preserved in the Bootstrap
sample.

Since the first criterion is already included in the
second one, the optimal sample size will be deter-
mined using the second criterion, but must anyway
verify the first one.

Let us recall that the image is considered as a
finite population where each pixel (or voxel in 3D
image) takes values in a finite gray level set, and its
class takes value in a finite label set. The sampling
consists in n random draws of pixels following the
monodimensional marginal empirical law defined
on the set Y of the image observations. This
corresponds to a draw with handing-over of
observations among N, which constitutes the initial
image. A new sect of observations noted y* =
{»},»3,...,yy} 18 now built; it constitutes the
Bootstrap sample of the image.

5.1.1. Criterion 1

The sample is representative of the image with K
gray levels if each gray level g in the original image
appears at least once in the Bootstrapped sample.

The probability that a particular gray level ¢
exists in the sample of size n is P, =1 — (1 — 7,)",
where 7, is its a priori probability. If the condition
(nmy>4) is verified, P, can be estimated by
P,=1—¢e". According to this criterion each
gray level in the image should exist in the sample,
this is equivalent to the maximization of the joint
probability P, = Hle (1 —e ). The rare gray
levels might then have influence and make tend P,
to 0. To avoid this, it is more judicious to minimize
the derived of the logarithm of the function
P(x) =TI, (1 — e 7).

To satisfy this criterion, the sample size called n
should therefore verify these two conditions below
to obtain a Bootstrap sample representative of the
entire image observations, where ¢ is a fixed small
value.

—NopTy

K
T,€
T(}’lo):zm<8 and n0>4'K (16)
g=1

5.1.2. Criterion 2
The second criterion considers that the sample is
representative if the proportions (n,) of each gray

level g in the image is preserved in the Bootstrap
sample.

The set of the estimated gray level proportions 7,
follows a multinomial law. According to [22] for a
confidence degree (1 — «), the confidence interval of
this estimator is given by

2 A~ ~
. Wy Tg(L = 7g)
7Tg — —<7'Eg <7'Cg
n

”i/zkﬁg(l — 7y)

n

A (17)

where u, 5 is the fractil of the reduced centered
normal law with o/2K confidence degree.

If this interval is surrounded with a precision
+Amn, the sample size could be easily calculated as
follows:

_ (ux/ZK)zﬁg(l - fcg)
a (An)’

It implies that we could obtain the sample size by
fixing a confidence degree 1 —a and a given
precision Az. Since the product 7,(1 — 7,) is not a
priori information, we take its maximum value,
which is obtained for 7, = 1/2.

The optimal size of the sample for a An precision
and a (1 — a) degree of confidence is given by

(18)

(uoc/2l()2
nyg = 5 -
4(Am)

(19)

According to theses two criteria, to be representa-
tive of observation field, the Bootstrap sample size
should verify the conditions of Egs. (16) and (19).
This sample size is independent from the image size
and depends on the image gray level number K.

5.2. Label field representativity criteria

It is easy to prove that the latter criteria are
extendable from univariate classification to the
multivariate one. Instead of picking a single voxel
label (univariate) a block of labels is picked (multi-
variate case). For more detail see [23].

Therefore, the two criteria for the energies
preservation were defined as follows:

5.2.1. Extension of Criterion 1

The sample is representative of the image if each
label block configuration in the entire image label
field appears at least once in the Bootstrapped
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sample. Let us 4 be this configuration, and 7; the
associated proportion.

According to this criterion, the sample size n
should verify these two conditions to obtain a
Bootstrap sample representative of the entire label
field image:

e
T(ny) = Z o <é and m>4-Q. (20)
where © is the number of possible label configura-
tions in any picked block.

5.2.2. Extension of Criterion 2

The second criterion considers that the sample is
representative if the proportions m; of each label
block configuration A in the image label field is
preserved in the Bootstrap sample. The sample size is
the given by

(o)’ (1l — 7))
(Amy’
where 7, is the estimate of the proportion ;.

The optimal size of the sample for a An precision
and a (1 — a) degree of confidence is then given by

, 21

(ua/ZQ)Z
4(Ar)?

5.2.3. Number of possible label configurations

On the contrary of the observation field repre-
sentativity where the number of possible picked
values K simply correspond to the number of image
gray levels (image dynamic), in this case the
representativity of the label field is more compli-
cated. In fact this number depends first on the
number of classes in the image segmentation, the
block size and the cost function values number (see
Eq. (28)).

According to Egs. (12) and (4) the total number
of possibilities of energy computation is not exactly
related to the number of different dispositions of
labeled pixels, but to the energy ensuing from the
summation of Eq. (28). If the case of 2D images is
considered, with isotropic pixels, for two values
defined cost function (0,1) and an 8-neighbor
defined neighborhood system, the total number of
possibilities is related to a combination with
repetition when the order does not matter. This
number is given by

_(m+p—1)!
(m—1Dp! °

K ="

m m+p—1 =

(23)

where m is the number of objects to be placed, it
corresponds to the different values (or cardinal) of
the used cost function for the clique potential
computation. p is the number of possible neighbor
sites in the corresponding clique.

For 8-neighbor defined neighborhood system, the
total number of possibilities is composed of two
combinations, the first is related to the 4-neighbor
pixels (where the distance d; of each pixel to the
central one is the same). The second is related to the
four diagonal pixels (where the distances of each
pixel to the central one is the same distance d, but
different from d,).

The number of possibilities for an 8-neighbor
defined neighborhood system is then given by

NP =K x K1 = K3 x K3, (24)

where ¢ is also the number of possible neighbor
sites in the corresponding clique (p = ¢ = 4 for an
8-neighbor defined neighborhood system).

The general formulation of Eq. (24) can be
expressed as

NP = H (25)

where v is the invariant® geometric configuration
number, r is the case number in the clique or
geometric configuration.

5.2.4. Optimal Bootstrap sample size for label field
representativity

According to Criteria 1 and 2, and based on the
number of possibilities, the optimal Bootstrap
sample size n is given by

e —nom;

Cl: n>4Q and 21
(%/29)

C2: n> 5
4(Ar)

(26)

Let us just remind that by verifying the second
condition, the first one is already verified. But since
the second criterion depends on two tolerance
parameters (A, o), it is interesting to check the first
criterion to ensure that these parameters are not
very large.

*Invariance according to the energy calculation.
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NSRF20

NSRF40

N7RF4C

Fig. 5. Slice of the original Brain-web image with different levels of noise and non-homogeneity.

6. Experiments and results
6.1. Brain tissue classification

6.1.1. Description of the images

To illustrate the performance of the Bootstrap
version of the HMRF_EM algorithm, the tissues
classification is performed with and without Boot-
strap on some synthetic Brain images. These images,
largely used in the context of brain tissues classifica-
tion come from the McConell Brain Imaging Center
[17]. These ‘Brain-web’ images are based on 27 high-
resolution scans of the same individual. A prepro-
cessing task, automatic segmentation and manual
correction allowed obtaining segmented brain
volume. The segmented volume called ground truth
is the reference segmentation. The McConell Brain
Imaging Center provides also several simulated
MRI acquisitions of this phantom including RF
non-uniformities (bias of 0%, 20% and 40%) and
noise levels (0%, 1%, 3%, 5%, 7% and 9%). This
makes them particularly suitable for segmentation
algorithm assessment.

The segmentation experiments have been applied
on different ranges of noise and RF levels on the
T1-weighted modality. The volume is 217 x 181 x
217 voxels with isotropic 1 mm voxel size.

Since we already know the ground truth segmen-
tation, a quantitative comparison between classifi-
cation methods is possible. According to [16], where
the authors tested and compared different segmen-
tation methods for brain segmentation, we assume
that the class number is a priori known and fixed to
5: Three classes for the three main tissues (CSF,
GM and WM)* and two partial volume classes

4CSF: cerebroSpinal Fluid, GM: Gray Matter, WM: White
Matter.

(CSF-GM and GM-WM). A comparison with
ground truth segmentation of tissues classification
results based on HMRF_EM with and without
Bootstrap sampling is presented in this section.
Fig. 5 presents a slice of original volume with
respectively 5% noise 20% radio-frequency non-
homogeneity (RF); 5% noise 40% RF and 7%
noise 40% RF referred as NSRF20, N5SRF40 and
N7RF40.

6.1.2. Experiment parameters

Instead of choosing a (0,1) cost function, it is
more appropriate for tissue classification to take a
cost function with values that advantage smooth
transitions and penalize other configurations,
unlikely to occur in the brain tissue (i.e. CSF inside
WM [16]). According to the anatomy, the neighbor-
ing classes should be (CSF, CSF_GM, GM,
GM_WM, WM). The partial volume corresponding
to CSF_WM is ignored because of its small
proportion 1%. The cost function is defined as
follows:

-2 if Xi = Xj,

—1 if x; and x;

o(xi, Xj) = (27

are neighbors classes,
+1 else.

It is interesting to note that this energy function can
be easily decomposed according to the different
geometrical configurations of the neighborhood
system. For these 3D images, we assume that the
considered clique is related to the neighborhood
system composed of 8-neighbors voxels, the front
and the back voxels (in the front and back slices).
This neighborhood is intentionally not the same in
all the directions because the images are initially
acquired with 27 scans, and an interpolation is
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performed, so the importance or weight of all the
directions should not be the same. If this neighbor-
hood is divided on the three different neighborhood
configurations, we could obtain three different
cliques as presented in Fig. 6.

The energy function can therefore be decomposed
(Eq. (28)) according to the three different cliques,
where the distances d; and d5; are 1 mm since the
image voxels are isotropic and 1 mm size.

. . o(x7, x7) o(x7, x7)
Ulxj = llxN[) = Z W;) + W{k)
*eClgly 1 J j*eClg2 2 5]
o(x*, x*¥
(X7, x7) 28)

7 eClg3n d3(l 5] )

6.1.3. Bootstrap sample size

To apply the Bootstrap version of the HMRF _
EM algorithm, the sample size of the observation
and the label fields are first determined according to
the defined representativity criteria. The sample size
of the Bootstrap resampling is therefore defined by

2 2
ny = Sup (%/21()2 4K + 1,(%/29)2 4-Q+1 5,
4(Am) 4(Am)

where K is the number of different gray level
values in the image and € is the number of
possible energies ensuing of the different label
configurations.

e For the observation field, the sample size depends
only on the number of image gray level (image
histogram dynamic). The graph of Fig. 7 shows
the sample size for the three images of Fig. 5
according to the observed field representativity
criteria. From now on the confidence level and
the precision are fixed empirically to 5%. Figs. 8
and 9 show the influence of these two parameters
on the sample size for a given image (N5SRF20,
K = 250) where we can observe that the variation
of An have much more influence on the sample
size than the variation of a. According to the
second criterion, the sample size should be

. T DD

Clgl:d(i, j)= d,

Clg2:d(i, j)=dy=d\ \[2 Clg3:d (i ,j)= dy

Fig. 6. The neighborhood system for the Brain-web images.

1600 |

1400

1200

1000

800

600
-a—criterion1

——criterion2

400

N5RF20 (K=250)N 5RF40 (K=159)N  7RF40 (K=167)

Fig. 7. The Bootstrap sample size according to observation field
(o, Amt) = (5,5) (Criteria 1).
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Fig. 8. The influence of o on the sample size (An = 3,5, 7).

superior than (4-K) and should check the
condition T(ny)<e, which is straightforward to
verify with the confidence level and the precision
equal to 5%.

e In order to calculate the label field representative
sample size the number of energies from the
different geometric configurations should first be
determined. For the Brain-web images, the voxel
sizeis 1 x 1 x 1 mm (voxels are isotropic, and the
inter-slice distance is 1 mm), the total number of
possibilities for neighbors block defined in Fig. 6
is given by Eq. (24), where m =3, p=6 and
q = 4. On the contrary to the general 3D images
case, when the voxels are isotropic to the
invariant geometric configuration € is given by
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Fig. 9. The influence of An on the sample size (¢ = 3,5, 7).

two configurations.

8! 6!

e < axa s @)
Table 1 gives the sample size according to the
defined criteria for the label field representativity.
It shows that these sizes are in a range of 0.008%
and 0.99% of the total number of voxel in the
image (we remove the empty slices in the volume
and consider it as 161 x 187 x 161 volume size).
The sample size of Bootstrap sample representa-
tive of both gray level and label fields is therefore
given by Table 2.

Q=K{xK;=

6.1.4. Classification comparison

The validation procedure consists of the compar-
ison of the misclassified rate between the images
classified with and without the Bootstrap resam-
pling. To measure the classification accuracy, an
Error Classification Rate (ECR) is defined as
follows:

misclassified pixel number
image pixel number

ECR = (30)
Let us recall that the ground truth segmentation
presented in Fig. 10 is available and makes possible
the calculation of the ECR.

The images presented in Fig. 11 show the
classification obtained with the HMRF_EM algo-
rithm with and without Bootstrap resampling. The
classified images with the Bootstrap resampling are

Table 1
The sample size of Brain-web images according to the label field
representativity (Criterion 2)

o Arn

1% 2% 3% 4% 5% 6% 1% 8% 9% 10%

1% 48323 12081 5369 3020 1933 1342 986 755 597 483
5% 40194 10049 4466 2512 1608 1117 820 628 496 402
10% 37476 9369 4164 2342 1499 1041 765 586 463 375

Table 2
The sample size of Brain-web images according to the observa-
tion and label field representativity (An = o = 5%)

Image  Observation field Label field (2 =420) Ny

K  Criterion 1 Criterion 2 Criterion 1 Criterion 2

N5SRF20 250 1001 1530 1681 1608 1681
N5RF40 159 637 1440 1681 1608 1681
N7RF40 167 669 1447 1681 1608 1681

Fig. 10. The ground truth segmentation.

presented in the first row of the figure. They are
visually very similar to those presented in the second
row which are classified without the Bootstrap
resampling. This result is confirmed in Table 3 by
the rate of mis-classified voxels given by the ECR
(Eq. (30)).

These classifications are performed with a sample
size calculated using the criteria in Section 6.1.3 and
corresponding to almost 1700 voxels. The number
of replications (B) is empirically fixed to 25, and the
number of iterations is equal to 5. With theses
parameters used for the classification above, the
ECR is more or less the same but the computing
time is considerably reduced as shown in Table 4.

As expected, the computing time is directly
related to the used Bootstrap sample size and the
number of replications B. Figs. 12 and 13 show this
dependency for the first test image (NSRF20).
Furthermore, the sample size has to be representa-
tive of the entire image to obtain a good classifica-
tion accuracy.
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segmented N5 RF20 with Booutstrap

segmented NS RF40 with Booutstrap

segmented N7 RF40 with Booutstrap

segmented N5 RF20 without Booutstrap

segmented NS RF40 without Booutstrap

segmented N7 RF40 without Booutstrap

Fig. 11. The segmentation results of Brain-web images with (first row) and without Bootstrap resampling (second row). Column

corresponds respectively to images NSRF20, NSRF40 and N7RF40.

Table 3
The Error Classification Rate (ECR) for the Brain-web images

HMRF_EM_B HMRF_EM
RF20_ N5 77.19 76.75
RF40_ N5 65.56 65.34
RF40_ N7 62.11 62.44

Table 4
The classification computing time for the Brain-web images
(normalized)

HMRF_EM_B HMRF_EM
RF20_ N5 0.63 (159.55) 1 (251.65)
RF40_ N5 0.67 (188.65) 1 (280.65)
RF40_ N7 0.73 (217.95) 1 (296.55)

6.2. Other experiments

The efficiency of the Bootstrap resampling can also
be observed on other type of images. Here are two
examples of image segmentation with the
EM_HRMF classification algorithm with and without
Bootstrap resampling, the first example is a synthetic
2D image and the second one is a real 2D image.

450

400 —A— time with Bootstrap A
—&— time without Bootstrap /

350

300

250 —= - - | - .|

200 /
150

100

50

10 20 30 40 50 100 200

Fig. 12. The computing time for classification (Image N5SRF20)
for N = 1700 and B varying from 10 to 200.

Fig. 15 presents the synthetic image composed of
five classes used for testing. This image is sampled
from an MRF model using the Gibbs sampler, and
is considered as the ground truth, the classes
proportions are respectively 0.18, 0.18, 0.17, 0.18
and 0.28. A Gaussian noise is added to this image,
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600
—A— time with Bootstrap

—8— time wit hou t Boot strap f
500

400 /
300 //

200 A/‘/‘/(

100

Fig. 13. The computing time for classification (Image NSRF20)
for B =25 and the sample size (n) varying from 500 to 10 000.

Original Image

Fig. 14. Original image.

to obtain the test image in Fig. 14. It has a
resolution of 256 x 256 with 165 gray levels (see
also Fig. 15).

This classification is performed with a sample size
calculated using the criteria presented in Section 5
and corresponding to almost 1600 pixels. The
number of replication (B) is empirically fixed to
25. The cost function is fixed to (0,1), and the
neighborhood system is the 8-neighbor one. Fig. 16
shows that the classified image with the Bootstrap
resampling is visually very similar to the one
classified without the Bootstrap resampling pre-
sented in Fig. 17. This result is confirmed by the rate
of misclassified pixels given by the ECR (Eq. (30)).
In fact, the ECR is more or less the same but the
computing time is considerably reduced as shown in
Table 5.

Gold Standard

Fig. 15. Ground truth image.

with Bootstrap
14N

Fig. 16. The segmented image with EM_HRMF with Bootstrap
resampling.

without Bootstrap

1Y N

Fig. 17. The segmented image with EM_HRMF without Boot-
strap resampling.

Table 5
The computing time and the ECR for the synthetic image

EM_HRMF_B EM_HRMF
ECR 0.0078 0.009
Computing time (s) 19.49 30.79




2558 S. M’hiri et al. | Signal Processing 87 (2007) 2544-2559

Fig. 18. Segmentation result of real image respectively with and without Bootstrap resampling.

For the real image, we apply the classification
method on the ‘Lena’ image. Fig. 18 shows a result
of EM_HRMF classification with and without
Bootstrap, with a small sample size (1000) and 25
replications. The neighborhood is fixed to the
8-neighbor system, and the cost function is (0,1).
We can see visually that the classification is quite the
same but the computing time is reduced by 41%.

7. Conclusion

In this work, the performance of the HMRF_EM
algorithm is optimized by means of Bootstrap
resampling. The way of using the Bootstrap
resampling is presented in the context of image
classification using an HRMF model. The latter
combination is validated for brain tissue classifica-
tion. By incorporating the HRMF model and the
iterative EM algorithm into the HMRF_EM frame-
work, an accurate and robust segmentation can be
achieved. Nevertheless, the classical HMRF_EM
algorithm is time-consuming, due to the entire scan
of all image pixels and also their neighbors in each
iteration. We show in this paper that the Bootstrap
resampling speeds up the classification by 40% with
the same accuracy and robustness. This is achieved
by using only a small sample to perform the
estimation part of the HMRF_EM algorithm. In
addition, we present in this work a study of optimal
Bootstrap sample size. The sample size should be as
small as possible to have the faster classification,
nevertheless, it should be big enough to enable the
same classification quality as the classical classifica-
tion method. Using this sample size study, we
presented a comparison of the classical classification
and its Bootstrap version using the HMRF_EM
algorithm to show the efficiency of its Bootstrap
version. The latter algorithm is validated on a set of
three-dimensional synthetic images, particularly
suitable for validation thanks to the availability of
a gold standard volume.

As shown in Section 6, the computation time is
considerably reduced and the classification quality is
preserved. In fact, the introduction of the Bootstrap
resampling in the EM algorithm is a kind of a
stochastic perturbation of the algorithm, which might
avoid converging to a local extremum. This is worth
thinking about in the next steps of this work with a
dependency study of this algorithm. The Stochastic
EM (SEM) algorithm is also a stochastic perturbation
giving sometimes better estimation than the EM
algorithm. Thus it is worth comparing the SEM and
the Bootstrapped HMRF_EM algorithms. Never-
theless, the time reduction is a drawback of the SEM
algorithm avoided with the Bootstrapped EM one.
This time reduction is particularly important for
medical applications because of the large data size
and the simultaneous use of different modalities in
three-dimensional space. Even though this work did
not reach real-time applications it could be considered
as a good step toward this main objective. This work
is worth continuing by testing other parameters such
as new form of energies; parameterized ones where
the parameters could be discretized and where our
algorithm could be applied to each fixed value. Other
work direction could be the proof of the image
dynamic estimation quality improvement by the
Bootstrap resampling. In fact with the Bootstrap
resampling the theoretical independence is better
implicated for mixture parameter estimation.
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