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Abstract—Hemodynamic response during motor 

imagery (MI) is studied extensively by functional 
magnetic resonance imaging (fMRI) technologies. To 
further understand the human brain functions under 
MI, a more precise classification of the brain regions 
corresponding to each brain function is desired. In this 
study, a Bayesian trained radial basis function (RBF) 
neural network, which determines the weights and 
regularization parameters automatically by Bayesian 
learning, is applied to make a precise classification of 
the hemodynamic response to the tasks during the MI 
experiment. To illustrate the proposed method, data 
with MI task performance from 1 subject was used. The 
results demonstrate that this approach splits the 
hemodynamic response to different tasks successfully.  

Index Terms—Bayesian study, functional magnetic 
resonance imaging (fMRI), motor imagery, radial basis 
function.  
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1. Introduction 
Functional magnetic resonance imaging (fMRI) is a 

neuroimaging technique to understand the function of the 
human brain in response to stimuli. Recently, it has been 
introduced as a technique to study the human brain 
functions under sensory, motor or cognitive performances, 
which helps us to understand the mechanism of our brain 
under each task performance. Moreover, fMRI has been 
demonstrated as an effective tool to study motor imagery 
(MI) which is defined as the mental rehearsal of motor 
movement without any overt body movements[1],[2]. These 
studies are important in recovery of motor abilities in 
patients with movement disorders[3],[4]. Therefore, it is 
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essential to have the brain regions corresponding to 
different tasks located precisely. 

In data mining areas, neural networks have become 
more and more important tools to divide the data sets into 
different categories. Some familiar neural networks are 
usually used such as support victor machine (SVM)[5],[6], 
Gaussian naive Bayesian classifier[6], and radial basis 
function (RBF)[7]. In recent years, these methods have been 
gradually used in the analysis on the fMRI signals. Indeed, 
they can be mainly divided into two parts: feature 
extraction and classification. Hence, it is reasonable to 
apply these classifiers to a new study area.  

In this study, we apply a Bayesian trained RBF neural 
network classifier to the classification of the hemodynamic 
response to different tasks during the MI experiment. The 
test results show that our method is efficient and 
successful. 

2. Data Preprocessing 
Ten right handed subjects were asked to perform a task 

as follows: 4 seconds for sequence informing (visual 
stimuli to learn from four sequentially presented pictures, 
indicating a random order of finger tapping), 10 seconds 
for imagery, 6 seconds for motor execution, and 10 seconds 
for resting, in order. All visual stimuli were presented by a 
projector. During each trial, subjects first learned from four 
sequentially presented pictures, indicating a random order 
of finger tapping (for example, ring-index-little-middle, or, 
index-middle-ring-little), and then started to imagine 
tapping their fingers in the order that initially informed by 
the visual stimulus. Importantly, the screen turned black 
when imagination began. The imagery repeated 
continuously in the 10 seconds duration. Next, another cue 
for the next 6 seconds was presented on the screen 
informing the participants to perform the finger tapping 
exactly as they had imagined. The procedure of this 
experiment is briefly described in Fig. 1. The numbers 
2134 and 2413 in Fig. 1 stand for the orders of middle- 
index-ring-little and ring-index-litter-middle, respectively. 
10 trails fMRI data were obtained in total for left hand and 
right hand performances respectively under a 3.0-T scanner, 
GE-Signa (Huaxi MR Research Center, Chengdu, China). 
The gradient-recalled echo planar imaging (EPI) sequence 
was employed for fMRI scanning and the parameters were 
set as follows: 30 transverse slices, TR=2000 ms, TE=   
30 ms, FOV=24 cm, matrix=64×64, voxel size=3.75 
mm×3.75 mm ×5 mm (without gap), flip angle=90°. fMRI 
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Fig. 1. Sequence description of the experiment. The sequence of 
the numbers in the box denotes the order of finger tapping. 

data preprocessing was performed on software statistical 
parametric mapping (SPM2, http://www.fil.ion. 
ucl.ac.uk/spm). After slice-timing adjustment and rea- 
lignment for head motion correction, the data were 
spatially normalized into standard stereotaxic space at    
3

 
 mm×3 mm×3 mm by using Montreal Neurological 

Institute EPI template of SPM2 software. Further, all the 
images were spatially smoothed with a full width at half 
maximum (FWHM) of 8 mm. It is worth noting that, in our 
study, to test the feasibility of the Bayesian RBF, only data 
from one subject was used as an example. 

3. Bayesian Radial Basis Function 
3.1 Parameters Definition 

The RBF network is a good method for modeling and 
regression[8]. Here, suppose there are N input data series 

( ), and the correspondent output  is a 
linear combination of the basis functions 
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where ( )φ ⋅  is the basic function and M is the number of 
hidden units, ωj is the weight, and cj is the center of the 
radial basis function. 

To solute the weight vector w and avoid the ill-posed 
problem, a regularization factor λ is introduced. 
Consequently, the solution to a regularized RBF network is 
given by 
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In our study, basis function is determined as a Gaussian 
kernel function: 
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Here, jσ  is the width of the jth hidden node and is 
determined equally for different j as follows: 

max

2
d

M
σ =                    (5) 

where  is the maximum Euclidean distance of the 
centers of the radial basis function. 

maxd

3.2 Parameters Calculation 
Given the training data set, the number of the hidden 

layers M and the centers are obtained by applying an 
automatic clustering method[9] onto the training data set. 
And the Gaussian width σ is determined according to (5). 

In the following, the weights defined in (2) and the 
regularization factor λ  are determined automatically by 
Bayesian learning, which bases on the basic idea to 
maximize the posterior probability over the weight 
vector[10],[11]. And the Bayesian learning procedure is 
described as an iterative method as follows: 
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where  is the posterior covariance matrix, w  is the 
estimation of weight vector w ,  denotes the 
trace of matrix , γ and β are the intermediate variables. 

Σ ˆ
trace( )Σ

Σ

4. Data Classification 
   All data analysis in this section were done with 
in-house programs written in MATLAB language. 

4.1 Feature Extraction 
   To train the RBF network, a set of data series were 
selected from the experiment time series as the features of 
activations. In our study, they were defined as time series 
that highly correlated with the task stimuli mode. We 
partitioned this into two phases: first, three task stimuli 
modes, obtained by convolving the time stimuli series with 
the homodynamic response (HDR) mode. Taking the visual 
stimuli as an example, during the whole experiment 
procedure, if subjects performed the visual task, then the 
value of this time point was set to be 1, otherwise was set 
to be 0. Then, a time series only with values 0 and 1 was 
prepared. Afterwards, visual stimuli mode was obtained by 
convolving the 0, 1 time series with the HDR mode. The 
three time stimuli series are shown in Fig. 2 respectively. 
Second, correlation coefficients between each task stimuli 
mode in Fig. 2 and the whole brain time series were 
calculated. Then, the first 100 brain time series which were 
most correlated with the task stimuli mode were selected as 
the features of activations of the three tasks. Similarly, the 
rest state feature data series were selected as the first 100 
brain time series which were the least correlated with the 
task stimuli mode. 
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Fig. 2. Three task stimuli modes obtained by convolving the time 
stimuli series and the homodynamic response (HDR) mode: (a) 
visual, (b) imagery, and (c) motor. 
4.2 Network Training 

Having done the feature extraction, training data set 
were used to form a Bayesian RBF neural network. In this 
network, the output was fixed to be 1 if the inputs denoted 
activated time series, otherwise 0 if the inputs denoted the 
rest ones. Then, parameters such, as M, cj, w, were trained 
using the method described in Section 3. And cj and w 
were prepared for the subsequent data classification. 
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Fig. 3. 5000 times sampled results of the Bayesian RBF outputs 
of each stimuli by bootstrap estimation method. Left-hand task 
performance: (a) visual stimuli, (b) imagery stimuli, and (c) motor 
stimuli. Right-hand task performance: (d) visual stimuli, (e) 
imagery stimuli, and (f) motor stimuli. 

4.3 Data Classification 
Whole brain classification was performed based on the 

outputs of the prepared neural network, whose inputs were 
the time series of each voxel. Given the huge data set, the 
outputs correspondent to each task stimulus were supposed 
with a normal distribution, following the mean value and 
variance can be determined by bootstrap estimation method. 
5000 times sampled results of the outputs of each stimuli 
are shown in Fig. 3. 
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5. Results 
   Activated voxels in brain areas corresponding to each 
task were detected from the bootstrap estimation results 
with a significant statistical level P<0.01. Activated regions 
with a threshold of the Z values of each task are shown in 
Fig. 3. The detailed information of activated clusters of 
each hand tap task is described in Table 1 and Table 2, 
respectively. 

The results maps were projected on the unsmoothed 
brain-extracted template with MRIcro (http://wwwsph. 
sc.edu/comd/rorden/mricro.html) and are shown in Fig. 4.  

  

  

  

Fig. 4. Correspondent activated brain areas of each task 
performances. Activated brain areas of the left hand performance 
in each task are shown in the first row and results of visual stimuli 
in (A), imagery in (B), and motor in (C), respectively. Activated 
brain areas of the right hand performance in each task are shown 
in the second row and results of visual stimuli in (D), imagery in 
(E), and motor in (F) respectively.  

e

1.0
0.5

0

 t
O

ut
pu

0                50               100              150
Ti  point N 

(b) 
me

1.0
0.5

0

 t
O

ut
pu

0                50               100              150
Tim  point N 

(c) 
e

C
ou

nt
 

C
ou

nt
 

Mean value                    Mean value 
(e)                           (f)  

Mean value                   Mean value 
(a)                           (b) 

C
ou

nt
 

C
ou

nt
 

C
ou

nt
 

C
ou

nt
 

Mean value                    Mean value 
   (c)                           (d) 

1500

1000

500

0

1500 
 

1000 
 

500 
 

0 

1500 
 

1000 
 

500 
 

0 

1500

1000

500

0

0.186  0.188  0.190  0.192        0.200   0.202  0.204

 0.140   0.142    0.144          0.069 0.070 0.071 0.072 0.073 

0.156  0.158  0.160  0.162    0.103 0.104 0.105 0.106 0.107

1500

1000

500

0

1500

1000

500

0



PAN et al.: Estimation of the Hemodynamic Response during Motor Imagery Using Bayesian RBF Neural Network 171

Table 1: Activated clusters of left hand MI task 

Tasks Reg H BA TC CS Z-value

Imagery PL L 4/6 −15, −20,73 121 1.0257 
 R - - - - 
PostC L 4/6/7/40/48 −18, −23,73 199 1.0165 
 R 4/6/7/40/48 27, −24, 54 175 0.9767 
PreC L 4/6/7/40/48 −21, −20,70 214 1.0183 
 R 3/4/6/43/48 18, −14, 73 231 1.0268 
PM L 48 −27, −5, 11 33 0.9304 
 R 48 27, −8, 9 41 0.9352 
SMA L 4/6/32 −12, −8, 69 168 0.9970 

 

 R 4/6/24/32 12, −11, 67 171 1.0256 
Motor PostC L 1/2/3/40 −33, −38,63 55 0.9860 

 R 2/3/4/6/7/40 30, −23, 56 344 1.0521 
PreC L 6 −24, −11,67 78 0.9676 
 R 3/4/6 30, −20, 59 233 1.0595 
SMA L 6 −3, −9, 53 40 0.9585 

 

 R 3/48 6, −3, 53 33 0.9652 

Table 2: Activated clusters of right hand MI task 

Tasks Reg H BA TC CS Z-value

Imagery PL L 4 −15, −11,72 252 1.0285
 R - - - - 

PostC L 4/6/7/40/48 −21, −23,73 394 1.0129
 R 4/6/7/40/48 36, −24,48 201 0.9177

PreC L 3/4/6//47/48 −15, −11,72 227 1.0285
 R 3/4/6//48 12, −14,70 342 1.0295

PM L 11/34/48 −30, 0, −3 215 1.0353
 R 11/34/48 27, −2, 8 205 0.9949

SMA L 4/6/32 −12, −8, 67 184 1.0340

 

 R 4/6/32 9, −14, 67 180 1.0315
Motor PostC L 3/4/6/7/40 −48, −20,59 267 1.0718

 R 3/4/7 30, −40, 68 88 0.8181
PreC L 3/4/6 −42, −23,62 123 0.8509

 R - - - - 
SMA L - - - - 

 

 R - - - - 

Abbreviations: BA=Brodmann’s area, CS=cluster size, H=hemisphere, 
L=left, MO=middle occipital, PL=paracentral lobule, PreC=precentral, 
PM=putamen, PostC=postcentral, R=right, SMA=supplementary motor 
area, and TC=Talairach coordinates 

From Fig. 4, Table 1 and 2, we see that activated areas 
of visual task in the left and right hand task performances 
are almost the same. In the imagery task stage in Fig. 4 (see 
B and E), BRODMANN 2, 3, 4, 6 activate on both sides. 
While, during the motor task performances (see C and F), 
the activated voxels concentrate in the right brain areas 
(almost in right BRODMANN 3, 4 ) for left finger tap task, 
and activated voxels concentrate in the left brain areas 
(almost in left BRODMANN 3, 4 ) for right finger tap task. 

6. Discussion 
6.1 Activation in MI 
   Brain activations during MI have been studied in one of 
our previous studies[12]. Except for brain regions 
corresponding to visual tasks, in this study, more brain 
regions were detected during MI including PreC, PostC, 
PM and especially SMA. The SMA plays a key role for 

preparation and execution of intended movements. In 
addition, it suggests that the SMA plays a role in 
suppressing movements of the ipsilesional hand during 
unimanual action[13], and recent studies of a patient with 
rare restricted lesion within the SMA suggest that the SMA 
mediates effector-specific suppression of motor plans[14]. 
Similarly, the SMA exerts suppressive influence over the 
primary motor cortex during MI, when motor plans may be 
formed but movement execution must be suppressed[15]. 
Given the key role of the SMA, and also the other brain 
regions activated during MI, a precise location of them is 
necessary and this is just what has been done in this study. 

6.2 Asymmetry During MI 
   According to the results in this study, more activated 
brain regions were found during the left-hand motor task 
than in right-hand motor task, especially for the SMA 
region during the section of motor task performance. This 
result is consistent with the finding that a small region of 
the cortex is asymmetrical toward the left side in a majority 
of right-handed people. The SMA is reported to be the 
most active area and plays an important role in MI tasks as 
well as in the high-level motor control[16] and the 
unbalanced activations may be due to the asymmetry of 
right-handedness[17],[18] and the less lateralized activities in 
the motor cortex of right-handed people[19]. Moreover, it is 
bilaterally activated during the imagery task performance. 
This means that when preparing for motor task, regions on 
both side of the brain are involved. 
6.3 Method Consideration 
   Compared with the previous study[12], whose results 
were obtained by SPM, active regions corresponding to 
each task are more purer and not stained by other tasks. It 
has been demonstrated that RBF has its own advantages 
like the small amount and fast speed of calculation. Also, 
the Bayesian RBF neural network could deal with the 
nonlinear dataset which are usually considered as linear 
ones in SPM[11]. In this study, it has been demonstrated that 
the Bayesian RBF supplies us with a more precise 
classification of active brain regions, which strengthen the 
merit of its usage in the area of fMRI resarch.  

7. Conclusions 
In this study, the results demonstrate that the Bayesian 

RBF neural network is efficient and capable in the 
classification of the data set which includes different 
categories especially the MI task fMRI data. This enhances 
our confidence to pay more attention to the research on the 
method. Also, this study supplies us with a foundation for 
further research on the MI. For example, functional 
connectivity, effective connectivity between these regions 
could be assessed. Also, other MRI techniques like 
diffusion tensor imaging (DTI) could be used to evaluate 
the structural connectivity between the brain areas. The 
precisely located brain regions in MI may ensure better 
results of the studies in this area.  
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