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Bayesian Approach to Segmentation of Statistical
Parametric Maps
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Abstract—A contextual segmentation technique to detect
brain activation from functional brain images is presented in the
Bayesian framework. Unlike earlier similar approaches [Holmes
and Ford (1993) and Descombeset al. (1998)], a Markov random
field (MRF) is used to represent configurations of activated brain
voxels, and likelihoods given by statistical parametric maps
(SPM’s) are directly used to find the maximum a posteriori
(MAP) estimation of segmentation. The iterative segmentation
algorithm, which is based on a simulated annealing scheme, is
fully data-driven and capable of analyzing experiments involving
multiple-input stimuli. Simulation results and comparisons with
the simple thresholding and the statistical parametric mapping
(SPM) approaches are presented with synthetic images, and func-
tional MR images acquired in memory retrieval and event-related
working memory tasks. The experiments show that an MRF
is a valid representation of the activation patterns obtained in
functional brain images, and the present technique renders a
superior segmentation scheme to the context-free approach and
the SPM approach.

Index Terms—Bayesian methods, fMRI, functional brain
imaging, Gaussian random fields, Markov random fields, MAP
estimation, statistical parametric mapping.

I. INTRODUCTION

FUNCTIONAL magnetic resonance imaging (fMRI) and
positron emission tomography (PET) are popular modali-

ties to image the working human brain [4], [5]. Functional brain
studies acquire a series of head scans while the subject is al-
ternatively performing a major sensory or cognitive task and a
baseline task [6], where the input stimulus to the brain takes the
form of anON–OFFbox-car pattern. The first step in the analysis
of functional brain images is to detect brain regions that are ac-
tivated by input stimuli [5]. This may be seen as a classification
or segmentation of brain voxels into activated voxels and inac-
tive voxels during a functional experiment.

The detection of brain activation due to an input stimulus is
performed by statistically comparing images taken during stim-
ulation (ON state) and those taken when the brain is at rest (OFF

state). The results of comparisons are expressed by generating
test statistics for every brain voxel, where each statistic indi-
cates the likelihood or the significance of activation of the cor-
responding voxel by that stimulus. Such statistics, obtained over
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all brain voxels, formstatistical parametric maps(SPMs) of the
brain.

An SPM is an image in which intensity values represent sta-
tistics obtained under the null hypothesis of no activation and
conform to a certain probability distribution. Thresholding an
SPM at a proper significance value or-value can detect sig-
nificant brain activation. However, such an approach does not
provide correction for multiple statistical comparisons or spa-
tial correlation present in SPMs [7]. The theory of Gaussian
random fields (GRFs) has been utilized to incorporate the spa-
tial correlation into the thresholding scheme [8], in which in-
tensity values of the SPMs are considered to be a random field
where the joint density of any subset of the field is given by a
multivariate Gaussian distribution. This approach is referred to
asstatistical parametric mapping(SPM) [9]. The GRF theory
allows the computation of corrected-values that compensate
for the clusters of false positives over the entire brain volume,
and relates the significances of activation to the spatial extents
of the activated blobs [7], [8].

The GRF assumption requires spatial filtering of functional
images in order to avoid voxels that, due to the random nature
of the field, appear to be activated [3], [10], and enhances the
significance of statistics in the activated regions by taking into
account their spatial extent. This process increases the signifi-
cances of activated regions with large extent and lowers the sig-
nificances of small regions of activation. So the SPM approach
may be less sensitive to strongly active regions with small ex-
tent and may misinterpret large regions having small signifi-
cances. The results of the GRF theory are also exact only at high
threshold values of statistics [11]. Furthermore, filtering func-
tional images to ensure that they conform to the GRF theory may
suppress significant high-frequency spatial information [2], [3].

In this paper, we present an alternative approach to process
SPMs, assuming that the activation patterns form Markov
random fields (MRFs) [12]–[15]. In the past, a complex
spatio-temporal MRF has been used to restore signals and to
represent intensity distributions of SPMs [1]–[3], and Bayesian
modeling of fMRI time-series to infer hidden psychological
states in fMRI experiments was considered in [16]. Our aim is
to detect significant brain activation by presuming that the acti-
vation patterns of brain voxels form binary MRFs and using the
likelihoods of the activation directly obtained from the SPMs.
In short, we show how the posterior probabilities can be derived
from likelihoods given by intensities of the SPM and the prior
probabilities given by clique potentials, reflecting the fact that
the underlying spatial pattern of activation should conform to a
biologically plausible MRF. Our approach harnesses the spatial
structure of the data to turn a likelihood-based approach into a
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Bayesian approach [17] that explicitly accommodates the local
spatial smoothness of activation profiles. An iterative algorithm
based on a simulated annealing (SA) technique [18] finds the
maximuma posteriori(MAP) probability estimation [14], [15]
of brain activation and provides a complete data-driven scheme
for segmentation of SPMs.

The paper is organized as follows. Section II describes the
SPM approach, the MRF model for brain activation pattern and
how the MAP estimation is derived. The iterative segmentation
algorithm is described in Section III, and the results of segmen-
tation of synthetic functional images and functional MR data ob-
tained in memory retrieval and event-related working memory
experiments are presented in Section IV. The results are com-
pared with the simple thresholding and the SPM techniques, and
finally the conclusions are made.

II. THEORY

A functional brain image is a spatio-temporal signal con-
sisting of a series of brain scans taken over time. Let

be a functional image, where denotes the
three-dimensional spatial domain of image voxels,the space
of scanning times and the range of image intensity. As
head scans are acquired at regular intervals of time, one may
write where denotes the scanning in-
terval and the total number of image scans. By animage scan,
we mean an image of the subject’s head, or a part of it, taken at
a particular instance of time; and by a functionaltime-series,we
mean a restriction to the functional image at a particular voxel.

Before the analysis of functional images for detection of brain
activation, preprocessing of the images is necessary. The set of
brain voxels is first identified from the image domain, and the
brain scans are corrected for baseline intensity variation and
subject’s head motion. Derivation of SPMs is usually the first
step in the statistical analysis of functional images, in order to
detect regions of significant activation. In what follows the anal-
ysis of SPMs is presented in the framework of the general linear
model (GLM) [6], [19]. We let denote the set of brain
voxels.

A. General Linear Model (GLM)

Consider an fMRI experiment involving multiple-input
stimuli, and let and denote the values of the
fMRI time-series response and the input stimulusat time
, respectively. Let and thedesign

matrix of the experiment be
where represent stimulus covariates and

represent dummy covariates (e.g.,
age, sex, etc.) [6], [10]. If denotes the
fMRI time-series, the GLM [6], [19] can be written as

(1)

where denotes the regression coef-
ficients relating the input covariates to the fMRI response, the
matrix rep-
resents the design matrix having covariates modified with the
modulation matrices , and the components of

the noise vector are uncorrelated and normally distributed. In
the case of gamma hemodynamic response function (HRF) [20]

(2)

where denote the parameters that relate to the lag
and dispersion of the HRF of the stimulus, and denotes
the gamma function. The multiplication of an input stimulus
with the corresponding modulating matrix takes into account
the lag and the autocorrelation (i.e., dispersion) present in the
fMRI response [6].

The following statistic measures the significance of the
stimulus , producing the time-series [21]

(3)

where is given by
, the degrees of freedom

, and is the coefficient vector without , that corresponds
to . The least-square estimate of the regression coefficients

is given by .

B. Statistical Parametric Mapping (SPM)

By following (3) for each time-series at voxel site and
stimulus condition , an statistical score indicating the sig-
nificance of predicting the time-series at voxel site, may
be computed. The set represents an
statistical map for the stimulus and is denoted by SPM
[6], [8]. SPMs obtained using one statistic can be converted to
another statistic using their cumulative distributions [8]; for in-
stance, statistical SPM may be derived from SPM .

Defining a threshold for an SPM to detect activation at a given
significance level or -value is not straightforward because cor-
rections for multiple dependent statistical comparisons and ad-
justments for spatial correlations in the activation patterns need
to be made [22]. The minimum size of the regions of signifi-
cant activations above a given threshold on SPMs has been
related to using the theory of GRFs [7], [8], [23], in which the re-
gional excursions of SPMs are interpreted as regionally specific
events or significant brain activations. The number of significant
clusters or connected components above a certain threshold of
intensity has been derived using the theory of zero crossings [22]
and differential topology [24] and forms a Poisson distribution.
The application of these results leads to significance values that
indicate the spatial extents of the activated blobs. This approach
requires that the intensity profile of the SPM is smooth and (usu-
ally) filtered before the analysis [3], [22].

C. Markov Random Field (MRF) Approach

The present approach presumes that the brain activation pat-
terns form MRFs [12], [14] to incorporate contextual informa-
tion. Let the set denote a segmentation
of an SPM or a configuration of brain activation, where
denotes the state of the brain voxel at siteand if
the voxel is inactive and if the voxel is activated by
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Fig. 1. Illustration of cliques at a pixel of an image: (a) singleton, (b)
doubleton, and (c) tripleton cliques.

the stimulus . If is an instance of an MRF, the Markovian
property states [14] that

(4)

where , is
the -order neighborhood of the voxel site. Furthermore, ac-
cording to the Hammersley–Clifford theorem, has a Gibbs
distribution [12]

(5)

where the term represents a globalenergyof the config-
uration , and is the normalization factor. The temperature
parameter often associated with the exponential term of (5) has
been incorporated into the energy term. The energy is
given by the sum of the potentials of the cliques of voxels in the
image [14]

(6)

where denotes the set of all cliques, and denotes the
potential of the clique, given the activation pattern . A clique
is a subset of voxel sites, such that every pair of distinct sites in
the subset are neighbors (see Fig. 1), and the potentials measure
the spatial dependencies of the voxels in the cliques [14].

The energy can be written as a sum of the local ener-
gies over the voxel sites [14], [15]

(7)

where denotes thelocal energyof the configuration
at site and can be written as

(8)

As the state of a brain voxel is either activated or inactive, the
MRF is assumed here to be abinary logistic model [25] in
which a parameter is associated with the potential for each
clique type irrespective of its constituents except at singleton
cliques. For simplicity, if we restrict ourselves to the singleton
and doubleton cliques of voxels in the image and up to the

second-order neighborhoods, the local energy can be written as
[15], [25]

(9)

where
if the condition inside is satisfied and
otherwise;

and sets of all first-order and second-order
doubleton cliques over , respectively;

and potentials of singleton cliques when the
voxel in consideration is inactive or active,
respectively;

and first-order and second-order doubleton
clique potentials of activation by the stim-
ulus , respectively.

D. Maximum A Posterior (MAP) Criteria

Let the set represent an SPM .
The likelihood of an SPM, knowing the activity configuration,
is given by the distribution of the underlying SPM, and (5) pro-
vides the prior probability of an activity configuration. There-
fore the posterior probability of the activation pattern

, given the SPM , can be evaluated using the Bayes’ the-
orem [17]

(10)

where indicates the likelihood of the SPM .
Because the statistics of SPMs are evaluated indepen-

dently, considering the time-series at each voxel site,
. Substituting this in

(10), from (5), (7), and (8), the posterior probability
is given by

(11)

where the posterior energy,
; the activity configuration rendering

the MAP estimation [15] is given by

(12)

where denotes the space of all activation configurations of
brain voxels.

To minimize the posterior energy, we use a SA algorithm.
The algorithm is iterative and considers the conditional
probabilities on each site. The main characteristic of the SA
algorithm is to accept increase of energy function randomly
to escape from the local energy minima. The increase of
energy accepted depends on a parameter, temperature,
which is initially set to a high value and gradually lowered
to approach zero. Sampling from the distribution is done
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Fig. 2. The simulated functional image having a S/N ratio of�8.5 dB and a Gaussian spatial correlation of FWHM= 3.0 pixels. (a) Activated regions, (b) sixth
image scan, and (c) tenth image scan.

Fig. 3. Detected activation of the synthetic functional image by (a) thresholding the SPMfzg at a significance ofp = 0.01, (b) using the SPM approach on the
SPMfzg with a minimum blob size of three pixels and a significance thresholdz = 2.75, and (c) using the MRF approach on the SPMfzg. The intensity values
of the activated pixels correspond to the significances of activation.

proportional to using the Metropolis algo-
rithm [26] in which the change of the local activation status,
say , to the new status, say , is done with a
probability given by

. That is, the present value
of activation is changed to a new value as follows:

if
;

else
generate a random number
if

;

III. SEGMENTATION ALGORITHM

An iterative algorithm is proposed to incorporate the
present model to a segmentation scheme suboptimally and
yield the MAP estimation of the activity configuration. The
segmentation scheme combines the contextual-clustering and
hypothesis-testing schemes because s,
obtained from the SPM , give the probabilities under the
null hypothesis of no activation. These probabilities, given

, are obtained by clustering the SPM into two clusters:
activated voxels and inactive voxels. s are
Gaussianly distributed as they are obtained from SPM,
and we also assume that is Gaussian.
If a previous segmentation is known, the parameters, namely
the mean and the standard deviation, of the distributions can
be estimated by using a maximum likelihood criteria [15].

Then the optimal classification can be realized by using a
simulated annealing (SA) scheme that maximizes the posterior
probability of the configuration [18].

As seen in (9) and (11), a previous segmentation is required
to determine the MAP estimation. The local decisions about
the activations are iteratively obtained to determine the states of
voxels by using an estimation of the activation pattern obtained
in the previous iteration; we refer to oneiterationas a visitation
to every voxel site once. After each iteration, the changes of clas-
sification, as “flips” in the algorithm, are evaluated repeatedly
until convergence or until no changes (or changes less than a
small threshold) of classification occurs. Further, the parameters

, , , and of the prior model are estimated in each
iteration by using a realization of the segmentation [15], [25].
The complete algorithm is given in Algorithm 1. For the seg-
mentation algorithm to begin, a starting activity configuration
is obtained by using a noncontextual clustering algorithm—the

-means algorithm [27]—on the SPM. The value of the tem-
perature is initially high and then gradually lowered, in a manner
proposed in the SA scheme [14].

Algorithm 1: Segmentation of statistical
parameter maps
begin
For all input stimuli

Obtain SPM
Find a segmentation using the -means

algorithm for two clusters
Estimate parameters , , , and
Obtain the parameters of the

distributions
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TABLE I
THE PERCENTAGES OFFALSE NEGATIVES AND FALSE POSITIVES AND THE

TOTAL ERRORSINCURRED IN THE DETECTION OFACTIVATION IN THE

SYNTHETIC FUNCTIONAL IMAGE AT A S/N RATIO OF�8.5 dB

Fix initial temperature and itera-
tion count

flips LARGE
Until ( flips Thresh )

flips 0

For all voxel sites

Generate randomly
If

flips flips
Else

Generate a random number
If

flips flips
Repeat for
Update parameters , , and
Obtain the parameters of the

distributions

Continue
Repeat for
end

IV. EXPERIMENTS AND RESULTS

FMRI has been successfully utilized to localize human brain
processes in various sensory or cognitive tasks [20], [28], [29].
The most widely used blood-oxygen-level-dependent contrast
fMRI exploits the differences in magnetic susceptibilities of
oxygenated hemoglobin and deoxygenated hemoglobin to
tract the blood-flow-related phenomena of neuronal activation
[28], [30], [31]. During neuronal activation, metabolic rates
for oxygen and glucose increase, thus causing changes in local
blood flow and oxygenation [32], [33]. The susceptibility
changes in blood associated with the concentration of deoxy-
hemoglobin create magnetic field inhomogeneities that cause
contrast changes in weighted magnetic resonance sequences
[6], [28], [30], [31], [34], [35]. This enables the fMRI technique
to detect hemodynamic changes ensuing neuronal activation.

Here, we present the results of using the present segmenta-
tion scheme to detect activation in synthetic functional data,
and fMR data obtained in memory retrieval and event-related

(a)

(b)

(c)

Fig. 4. Illustration of performances of activation detection schemes at various
noise levels by the synthetic functional image. Percentages of (a) false negatives,
(b) false positives, and (c) the total errors versus the S/N ratio of the image.
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Fig. 5. Activation obtained on two axial brain slices of a representative subject
in the memory retrieval task by (a) thresholding the SPMfzg at a significance
of p = 0.01, (b) using the SPM approach on the SPMfzg with a minimum
blob size of three voxels and a significance thresholdz = 3.5, and (c) using
the MRF approach on the SPMfzg. The significance values (z-values) of the
activated voxels are shown color-coded.

Fig. 6. Illustration of the multistimuli stimulation scheme and the
corresponding regressors for the cue and probe phases for the event-related
working memory experiment.

working memory tasks. All fMR images were acquired at the
3T Bruker Medspec 30/100 system at the Max–Planck-Insti-
tute of Cognitive Neuroscience, Leipzig, Germany. Prior to the
analyses, the images were corrected for baseline variations, by
fitting piecewise polynomials [36], and for head motion arti-
facts, by using the registration package AIR [37], [38]. A sig-
nificance value or -value of 0.05 was used for the detection

of the activation with the SPM approach [8] for all fMRI ex-
periments, and after fixing the minimum activation blob size to
three, the intensity thresholds for SPMs were adjusted experi-
mentally to obtain the best activation patterns visually. For the
simple thresholding approach, the thresholding done at a signif-
icance value 0.01 gave the best activation patterns for all
experiments. After the detection of the activation, the signifi-
cances of activated voxels were color-coded usingstatistical
values and registered onto the corresponding anatomical scans
for display. In all the experiments with the present algorithm,
gamma HRF was used, with the empirical values of the param-
eters set as 1.25 and 3.0 [20] for all the stimuli ; the
initial temperature was set to three; and the threshold of flips
(Thresh) was set to zero. The algorithm converged in 80–100
iterations in all experiments.

A. Synthetic Functional Data

A two-dimensional 64 64 synthetic functional image con-
sisting of 64 scans was simulated. Four 99 square blobs
of pixels were selected to be activated, as shown in Fig. 2(a).
The input stimulation was presumed to have eight cycles, each
having four stimulationON states followed by fourOFF states,
and each stimulation had a duration of 2 s (or TR2 s). Box-car
time-series were designed for the activated pixels, and the inac-
tive pixels had time-series of zero amplitudes. The responses of
the activated pixels were generated by convolving the box-car
time-series with a gamma HRF. Gaussian random noise was
then added to the time-series of both active and inactive pixels.
Pixel intensities of an image scan in the simulated image were
given by the values of the time-series at the corresponding time
instances. The spatial correlation of the scans was introduced by
convolving each functional scan with a Gaussian kernel having
FWHM of 3.0, and the images were then properly scaled. If the
amplitude of the box-car time-series, represented in the image
is , and the standard deviation of the Gaussian noise is, then
the signal-to-noise (S/N) power ratio, in dB, is defined as

S/N

Fig. 2(b) and (c) shows the sixth and tenth slices, respectively,
of the synthetic image at a S/N ratio of8.5 dB. Fig. 3 shows the
detected activation of the synthetic image obtained by a) thresh-
olding the SPM [Fig. 3(a)], using the SPM approach on the
SPM with a significance threshold 2.75 [Fig. 3(b)],
and using the MRF approach on the SPM[Fig. 3(c)]. Table I
gives the proportions of false positives and false negatives and
the total errors rendered by different detection schemes. As seen
in the table, the MRF approach had the best overall performance
with low values of both false positives and false negatives. Fig. 4
shows the plots of false positives and false negatives and the
total errors with different techniques at various S/N levels. Ev-
idently, the MRF approach has better performances at all noise
levels—particularly low percentages of false negatives at high
noise levels and of false positives at low noise levels. At high
signal-to-noise ratio values, the MRF model, because of its spa-
tial correlation model, seems to handle the false positives better
than the GRF model in the SPM approach.
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Fig. 7. Activation obtained on eight axial brain slices from a representative
subject in the event-related working memory experiment for the cue regressor
by (a) thresholding the SPMfzg at a significance ofp = 0.01, (b) using the
SPM approach on the SPMfzg with a minimum blob size of 3 voxels and
a significance thresholdz = 3.0, and (c) using the MRF approach on the
SPMfzg. The significance values (z-values) of the activated voxels are shown
color-coded.

B. Memory Retrieval Task

Prior to the actual experiment, four subjects learned three dif-
ferent sets (sizes 4, 6, and 8) of letters with a corresponding cue
for each set. During each trial of the experiment, a cue for the set
and a letter were presented, and the subject decided whether the
letter corresponded to the indicated set. The processes involved
in the brain during the experiment include encoding of the cue
and probe, retrieval of information from secondary memory,
scanning of primary memory, response selection and response
execution. The details of the image acquisition and experiments
can be found in [35].

Fig. 5 shows the activation detected on two slices of a repre-
sentative brain by thresholding the SPM [Fig. 5(a)], using
the SPM approach on the SPM at a significance threshold

3.5 [Fig. 5(b)], and using the MRF approach on the SPM
[Fig. 5(c)]. All three methods detected activation in the expected
cortical areas; and the activation detected by the MRF based
contextual segmentation were focal, local to the cortical areas,
and more acceptable and neurophysiologically correct.

C. Event-Related Working Memory Experiment

In this experiment, memory lists comprising of the conso-
nants of the alphabet excluding the letter Y were considered.
Subspan sets of sizes 3–6 letters were presented visually for
two seconds each (the cue phase), and each was followed by a
probe letter (the probe phase) that appeared after a variable delay
length (2.0, 3.2, 4.1, 5.2, 6.2, or 7.0 s). Subjects had to decide
if the probe letter belonged to a previously presented subspan
set. A hit response was given by pressing a button with the ring
finger, and the middle finger was used for the foil response. In
all, 48 trial combinations [4 (set sizes) 6 (delay length) 2
(hit/foil manipulation)] were presented randomly in a single run,
at an inter-trial interval of 18s, which corresponds to 14.4 min
scanning time. There were three experimental runs. Seven sub-
jects took part in the study; two of them completed three runs,
while the others completed 4 runs. For further details of the ex-
periment the reader is referred to [39].

Two regressors were constructed for the statistical analysis:
the cue regressor and the probe regressor, as shown in Fig. 6.
Functional activation was detected by performing multivariate
regression with two input stimuli (regressors). Figs. 7 and 8
show the activation obtained on a representative subject for the
cue and probe regressors by: 1) thresholding the SPM; 2)
using the SPM approach with the SPM at a significance
threshold 3.0; and 3) using the MRF approach. As expected,
the left medio-temporal gyrus, the left transverse optical gyrus,
and the right posterior parietal cortex showed significant activa-
tion with the cue phase, while the left motor cortex was mostly
active in the probe phase. The fronto and parietal networks were
active in both phases with the MRF approach, as detected with
the SPM approach [39]. The activation patterns obtained with
the MRF approach were less noisy.

V. CONCLUSION

We have presented a novel method to detect activation from
functional brain images. The method accounts for the contex-
tual information of SPMs by assuming that the activation pat-
tern forms an MRF in which the neighborhood interactions and
states define the correlation structure. Our experiments support
the MRF assumption that mimics both the cooperative interac-
tions of an activated neuron with the activated neighbors and the
competition of the neuron with inactive neighboring neurons.

The MRF assumption of the activation pattern gives the
prior probabilities to the activity configuration, and therefore
the MAP estimation of an activation pattern was derived from
likelihoods given by the distributions of SPMs. A scheme based
on SA was used to achieve the optimal activity configuration
iteratively. The prior model parameters were estimated in
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Fig. 8. Activation obtained on eight axial brain slices from a representative
subject in the event-related working memory experiment for the probe regressor
by (a) thresholding the SPMfzg at a significance ofp = 0.01, (b) using the
SPM approach on the SPMfzg with a minimum blob size of three voxels
and a significance thresholdz = 3.0, and (c) using the MRF approach on the
SPMfzg. The significance values (z-values) of the activated voxels are shown
color-coded.

each iteration by using a segmentation derived in the previous
iteration. Our contribution here is the application of a fully
data-driven segmentation scheme for testing the voxels for
activation, by using both the contextual information and the
knowledge of the statistical distribution of the SPM under the
null hypothesis. In the experiments, the classical context-free
approach produced noisy and unrealistic segmentation of
brain activation while the contextual schemes showed more
focal realistic brain activation in the cortical regions. In all
experiments, the present algorithm converged in near real time;

the longest time taken was 2.3 min for one functional image
obtained in the event-related working memory experiment on
a Sun UltraSparc 60 350-MHz machine.

In the SPM approach, the corrected significance values for
spatial correlations were based on the extents of the activation
blobs, and the thresholds were determined empirically to detect
significant activation; on the other hand, the MRF approach was
free of user-specified parameters, as even the interaction param-
eters of the prior model were evaluated from an estimation of
the segmentation in the previous iteration. That is, our segmen-
tation scheme is fully data-driven, and such an approach gives
more accurate results than the approaches (e.g., SPM) that re-
quire user-specified parameters. With the MRF approach, more
realistic activity patterns, with less noisy and connected blobs of
activation, were seen in the experiments. The sensitivities ob-
tained in the MRF approach were higher than those obtained
with the thresholding and the SPM approaches; this means that
functional experiments can use fewer repetitions and hence have
shorter acquisition times.

The proposed technique can be used in experiments involving
multiple stimuli, unlike previous similar approaches [1]–[3].
Furthermore, the autocorrelation present in the fMRI time-se-
ries was accounted for in the present analysis by considering an
HRF. The MRF approach does not require filtering of functional
images, and prefiltering in the SPM approach can introduce un-
necessary spatial correlation to the SPMs, thereby introducing
artifacts in the detected activation patterns. Incidentally, uncor-
rected baseline variations can introduce artifactual autocorrela-
tions, and motion artifacts introduce spatial correlation to SPMs.

The experiments showed that the knowledge of the correla-
tion model of activation patterns contributed to the reduction
of false positives as well as false negatives of activation. Un-
less the parameters of the correlation models are properly se-
lected, the contextual segmentation schemes may not yield the
expected improvements. A comprehensive comparison of the
SPM and MRF approaches is not possible because the SPM
approach results in a technique with two thresholds, whereas
the MRF approach results in an iterative segmentation scheme.
Moreover, the unavailability of the gold standards for the activa-
tion patterns of the illustrated fMRI experiments did not allow us
to determine the superiority in actual experiments of the MRF
assumption over the SPM approach. Nevertheless, the experi-
ments with the synthetic data showed better performances with
the MRF approach, and, importantly, the MRF approach was
fully data-driven.
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