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A Gaussian-mixed Fuzzy Clustering Model on 

Valence-Arousal-related fMRI Data-Set 

Fuqian Shi and Pamela McCauley Bush 

Department of Industrial Engineering and Management Systems 

University of Central Florida, FL, 32825, USA 

E-mail: fuqian.shi@ucf.edu; pamela.mccauleybush@ucf.edu 

Abstract: Previous medical experiments illustrated that Valence and Arousal were high 

corresponded to brain response by amygdala and orbital frontal cortex through 

observation by functional magnetic resonance imaging (fMRI). In this paper, Valence-

Arousal related fMRI data-set were acquired from the picture stimuli experiments, and 

finally the relative Valence -Arousal feature values for a given word that corresponding to 

a given picture stimuli were calculated. Gaussian bilateral filter and independent 

components analysis (ICA) based Gaussian component method were applied for image de-

nosing and segmenting; to construct the timing signals of Valence and Arousal from fMRI 

data-set separately, expectation maximal of Gaussian mixed model was addressed to 

calculate the histogram, and furthermore, Otsu curve fitting algorithm was introduced to 

scale the computational complexity; time series based Valence -Arousal related curve were 

finally generated. In Valence-Arousal space, a fuzzy c-mean method was applied to get 

typical point that represented the word relative to the picture. Analyzed results showed the 

effectiveness of the proposed methods by comparing with other algorithms for feature 

extracting operations on fMRI data-set including power spectrum density (PSD), spline, 

shape-preserving and cubic fitting methods. 

Keywords: fMRI; Gaussian bilateral filter; Valence-Arousal; power spectrum density; 

GMM fuzzy c-mean 

1 Introduction 

Human’s emotion was characterized by Valence and Arousal under emotional 

dimension views. The dimension of Valence ranges from highly positive to highly 

negative, whereas the dimension of Arousal ranges from calming or soothing to 

exciting or agitating. Emotional dimension model (EDM) introduced that Valence 

means the intrinsic attractiveness (positive Valence) or aversiveness (negative 

Valence) of an event that reflects the extent of positive or negative, and Arousal is 

a physiological and psychological state of being awake or reactive to stimuli that 

denotes the degree of excitement or calm [1] [2]. Previous medical experiments 

mailto:fuqian.shi@ucf.edu


F. Shi et al. A Gaussian-mixed Fuzzy Clustering Model on Valence-Arousal-related fMRI Data-Set 

 – 86 – 

also illustrated the relationship between Valence -Arousal and specific chemical 

receptive fields in human brain [3] [4], and it was strictly distinguished at the level 

of regional activation by functional magnetic resonance imaging (fMRI) [5]. A 

plenty of studies showed that signals detected from many brain regions were 

applied to predict the subject’s behavior during a scanning session of fMRI [6] [7] 

[8]. P. A. Lewis observed that in terms of different emotions (affective words) 

under varying degrees of stimuli were relative to the brain specific areas including 

the orbital frontal cortex, anterior cingulate, insula, amygdala, brain stem and pons 

and striatum by fMRI technique; it also indicated that the Valence and Arousal 

were highly correlated with the special area of brain, while "Arousal" was highly 

correlated with the orbital frontal cortex and "Valence" with the amygdala [9]. Li 

et al [10] demonstrated the relationship between specific function area of brain 

and decision-making through fMRI. 

There have some tools for fuzzy clustering [11] [12] in fMRI research. For 

features extraction of fMRI images, CNR (contrast-to-noise ratio) reducing [13], 

Fourier reconstruction [14], and wavelet [15] were applied in image pre-

processing; some scholars also focused on their difference by comparing with 

Electroencephalogram (EEG) [16] and Heart Rate Variability (HRV) [17]. 

Particularly, artificial intelligence technologies were applied in fMRI research 

successfully, the fuzzy c-mean clustering [18] [19] and independent component 

analysis (ICA) [20] [21], and fMRI visualization works were also crucial for fMRI 

images’ processing [22]. Thereafter, neural networks [23], support vector machine 

[24], and Markov models [25] were applied in classification of fMRI from 

different zones of human brain. Analysis tools for fMRI were developed to some 

mathematical issues, such as fuzzy set, local optimization and preserving 

mappings algorithms [26]. Features exacted from fMRI were composed of a 

sequence of data points on a universe space. For calculating the Valence and 

Arousal response in human’s brain, fuzzy c-mean clustering was addressed to 

solve the problem. 

An outline of this paper is as follows. Section 2 introduced fMRI images’ pre-

processing includes image filter, segmenting, and feature exaction. Section 3 

introduced a Gaussian mixed model for fuzzy clustering method on Valence -

Arousal related fMRI time series images including fuzzy c-mean clustering and its 

expectation maximal for Gaussian mixed operations. Section 4 introduced case 

studies using the proposed method. In Section 5, we discussed the results and gave 

the comparing analysis with ICA and other feature exaction of fMRI-power 

spectrum density (PSD). Finally, in Section 6 we gave some conclusion remarks 

and future works. The framework of this paper was illustrated as in Fig. 1. 
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Word(V,A)

 

Figure 1 

Framework of Valence-Arousal related fMRI time sires data-set incorporating Gaussian mixed 

clustering model 

2 fMRI Image Pre-Processing 

2.1 fMRI Images’ Noisy Reduction 

Noisy reduction is the process of removing noise from a signal. All recording 

devices have traits which make them susceptible to noise, and in this paper, 

bilateral filter was applied for fMRI images’ nosy-reduction. Bilateral filter (BF) 

is an edge de-noising filter methods that is constituted by two functions, one is to 

calculate the filter coefficients through a given geometric distance and another is 

depended on pixel difference. BF has obvious fuzzy-edge effect instead of 

Gaussian filter. Let 
1( ) ( ) ( )dB X k f c X d  

 


 
    be a transform on 

fMRI images, let dk  be ( )dk c d 
 

 
   , then the range filtering was 

calculated by 

1( ) ( ) ( ( ) ( ))rk X f S f f X d  
 



 
                                                       (1) 

Photometric pixel similarity was defined as 

( ) ( ( ) ( ))rk X S f f X d 
 

 
                                                               (2)  

But it is resulted that range filter need to be combined with domain to enforce both 

geometric and photometric locality that will be defined by 

 
1 ( ) ( ) ( ( ) ( ))rk f c X S f f X d   

 


 
                                              (3) 
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and by 

( ) ( ) ( ( ) ( ))rk X c X S f f X d  
 

 
                                               (4) 

for normalizing. The BF was combined Gaussian distribution in this paper; for 

bilateral Gaussian filtering, let  

2
1 ( )

2 d

d X

c X e






 
  

   , where 

 d X X     is the Euclidean distance, and the similarity function is 

calculated by 

2
1 ( ( ) ( )

2
( ) r

f f X

Sim X e

 




 
  

                                                                           (5) 

where ( ( ) ( )) ( ) ( )f f X f f X      is a norm in intensity space. In this 

paper, fMRI images were filtered by bilateral Gaussian model. 

2.2 Cluster Components with Segmenting ICA 

While filter and de-noising operation finished, we need to segment the initial 

fMRI images to locate the Valence and Arousal (Amygdala and orbital frontal 

cortex) related images’ zone in each timing slices. Traditional methods, presented 

the independent components analysis (ICA) for fMRI segmenting [27] [28] are 

statistical theory based calculations; and most of them also are based on linear 

transformation; this transformation of the data or signal was separated into a linear 

combination of statistically independent non-Gaussian signal source. And ICA 

also is a special case of the blind signal separation (Blind source separation). Let 

1 2( , )T

nX x x x 1 2( , , )T

nS s s s  be two random vectors, the objective is 

to use a transformation S WX to maximally independent components S  that by 

function 1 2( , , )nF s s s of independence. 

3 fMRI Feature Extraction 

3.1 Otsu Curve Timing Histogram on fMRI 

For extracting features from images of fMRI, some indices need to be calculated 

from spectrum of those images, and the image histogram was adopted in this 

paper. Time series based histogram and its statistical indices were selected for 
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time series prediction by Gaussian mixed fuzzy clustering operations. And the key 

issue was to output weighted sum of histogram, so Otsu’s method [29] was 

proposed for searching for the threshold that can minimize the intra-class variance 

and was defined as a weighted sum of variances of the classes. Supposed that 
2 2( ) ( ) ( )i i

i

t t t   , weights i  are the probabilities of classes separated 

by a threshold t  and 
2

i  variances of these classes. But minimizing the intra-

class variance was equal to maximize inter-class variance that proposed by Otsu. 

we have that 
2 2 2 2

1 2 1 2( ) ( ) ( ) ( )[ ( ) ( )]b t t t t t t           for two 

classes, where i  is the means of each class. And 1( )t  was calculated as 

1

0

( ) ( )
i t

i

t p i




 ,
1

0

( ) ( ) ( )
t

i

t p i x i


 , where ( )x i  is the value at the center 

of the i -th histogram bin, and the same operation on 2 ( )t . 

3.2 Gaussian Mixed Modeling for Fuzzy Clustering 

Fuzzy clustering supposed that data elements can belong to more than one cluster 

under a set of membership levels; and the widely used algorithm is the fuzzy c-

means (FCM), which attempts to partition a finite collection of n  elements 

1 2{ , , }nX x x x  into a collection of c  fuzzy clusters with respect to some 

given criterion. Let 1 2{ , , }nC c c c  be the centers, [0,1]ijU u  , 

1,2,i n ,  1,2,j c  be partition matrix, where each element iju  

represented the degree to how an element ix  belongs to a cluster jc [30]. So the 

FCM was to minimize the function: 

1
2

1( , )
( )

( , )

m

k
k j

j

d c x
u x

d c x




 

  
    

  
 

                                                                       (6) 

The fuzzifier m  determines the level of cluster fuzziness. Fuzzy c -means was a 

very important tool for image processing in clustering objects in an image that was 

proposed for fMRI feature extraction. 
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Let ( , )i i    be the normal Gaussian distribution, 2-Gaussian mixed model is 

1 1 1 2 2 2( , ) ( , )M         , where 1i

i

  , for calculating and 

simplify the covariance, let 1 2    , consider 1  we have that 

2

( ) ( )

2 1 2
1

3

1
( , )

(2 )

TP P

e

 

   


 


                                                             (7) 

Partial derivative on 1 , we have that 

2

1

( ) ( )

2 1 2
1

3

1

23

2 1
1 2

1
( ( , )) ( )

(2 )

1 1
( ) (( ) ( ))

2(2 )

( , )( )

Tx x

T

e

x x

x

 


 



   


  



  



 






  

     




 

and 

1 1
2

1 1
2

( ) ( )

2 2 2
1

3

( ) ( )

1 1 12
33

2 1 1
1 3 2

1
( ( , )) ( 1)

(2 )

( ) ( )1

(2 )

( ) ( ) 1
( , )

T

T

x x

x x T

T

e

x x
e

x x

 




 



   


 




 
  

 

 




 




 
    

  

  
 
 

  
  

 

 

Let estimation parameter matrix be 
2 2

1 2 1 2 1 2[ , , , , , ]       , the object is 

that 

6
2

1

( ) ln( ( , ))j j j

i j

L     


                                                                       (8) 

deffrential by j  and j   on ( )L   respectively, we have that 
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2

2 2
2

1

( , )
( ( ))

( , )
j

j j j i j

i j
i j j

j

x
L

    



   




 


                                                     (9) 

let 

2

2
2

1

( , )
( )

( , )

j j j

j i

j j j

j

P
   



   





, we have that 

2
( ( )) ( )( )

j

j

i j

j i

i

x
L P


 




   

2

2 2 2
2

1

2 2

( , ) ( ) ( ) 1
( ( )) [ ]

( , )

( ) ( ) 1
( )[ ]

j

j

T T

j j j i j i j

i j j
i j j

j

T T

i j i j

j i

i j

x x
L

x x
x



     


 
   

 


 



 
  

 
 






 

let the above two equations equal to 0, we have that 

( )

ˆ
( )

j i i

i
j

j i

i

x x

x










 

2

( )( ) ( )
1

ˆ
2 ( )

T

j i i j i j

i

j i

i

x x x

x

  




 





 

For j , under 1j

j

  , by Lagrangian Multipler (LM), re-defined the object 

as 

6 6
2

1 1

( ) (1 ) ln( ( , )) (1 )i j j j i

i i j i

J L         
 

          

Diferrential by j  for this new object, we have that 
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2

2
2

1

(6 , ) 1
( ) 0

(6 , )
j

j j

j i

i ij
j j j

j

J x

  
  


   



      


 

1 2 1 2

1 1
[ , ] [ ( )], ( )]i i

i i

x x   
 

    

1 2 1 2

1
( ( ) ( ) 1i i

i

x x   


 
    

 
  

We have 6  , so 

1 2 1 2 6

1 1 1
[ , ] [ ( )], ( ), , ( )]

6 2 2
i i i

i i i

x x x         

where   also is function of parameters, and resoved by iterlations: 

Step 1: let 
2 2

1 2 1 2 1 2[ , , , , , ]       , and given an initial value, in order to 

achieve convergence, 1 , 2  can be calculated by the clustering method. 

Step 2: calculate ( )j iP . 

Step 3: calculate 

( )

( )

j i i

i
j

j i

i

x x

x










. 

Step 4: calculate 

( )( ) ( )
1

6 ( )

T

j i i j i j

i
j

j i

i

x x x

x

  




 





. 

Step 5: calculate 
1

( )
6

j j i

i

x   . 

Step 6: let 
2 2

1 2 1 2 1 2[ , , , , , ]       , if     ,   is a given 

threshold, then stop the process, or else goto Step 2. 
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4 Case Studies 

4.1 Pre-Processing for Time Series-based fMRI Data-Set 

A picture (related norm is kindness) stimuli experiment was arranged for 

acquiring time series fMRI data-set, the stimuli-time was 6s, and fast spin echo 

(FSE) acquisition anatomical images was adopted for imaging experimental data, 

and software - SPM8 was applied for space pre-processing and interlayer 

interference including the elimination of head motion correction, spatial 

registration and smoothing. The first step is to get clustering-components 

operations under bilateral filter of fMRI data-set, let   be spatial spread,   be 

the pixel value spread,   be the number of components. The results were shown 

in Fig. 2. 

     

                     (1)                                     (2)                                   (3)                                  (4) 

(1)[ 3, 0.5, 3]        (2) [ 3, 0.3, 3]                

(3)[ 5, 0.3, 5]        (4)[ 4, 0.5, 5]      

Figure 2 

Gaussian components under bilateral filter for fMRI images 

4.2 Gaussian-mixed Model under for fMRI Features 

Extraction 

Expectation maximization for Gaussian mixture distributions combining Otsu’s 

methods was applied to fMRI features exaction, and image histogram was 

calculated (Shown in Fig. 3). 
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(1) Initial images by filter and colored segmenting   (2) operation by slider threshold =104 

 

        

         (3) fMRI’s histogram                              (4) Otsu’s weighted sum of variances 

Figure 3 

Feature curve exaction by Gaussian mixed model combining Otsu method 

4.3 Fuzzy Clustering and Prediction 

Valence - Arousal related fMRI curve extraction was finished by the proposed 

methods in Section 4.2 shown in as Fig. 4 and Fig. 5. 

 

Figure 4 

Valence related curve for single slice of fMRI 
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Figure 5 

Arousal related curve for single slice of fMRI 

From 6s stimuli experiment, we sampling 100 images from Valence related fMRI 

data-set and 100 from Arousal, and through fuzzy clustering, center point and 

radius  of Valence and Arousal were acquired. For each 0.6 sec time range, the 

histogram by Otsu weighted was composed of a 100-units time series curve 

(shown in Fig. 6 and Fig. 7). 

 

Figure 6 

Time series Valence related fMRI images’ histogram 
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Figure 7 

Time series Arousal related fMRI images’ histogram 

Now, fuzzy c-mean algorithm was started using Matlab 8.0 Fuzzy Logic Toolbox. 

It starts to suppose mark the mean location of clusters with an initial guess and 

assigns each point a membership grade for each cluster. We loaded the histogram 

of Valence-Arousal as 2D plot shown in Fig. 8 

 
Figure 8 

2D plots on histogram of Valence Arousal related fMRI 
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Running the code as: 

 

 

We got the objective function under FCM by iterations shown in Fig. 9. And after 

20 iternations, we got the clusters (n=2) and the center points are 

[0.739,0.426] and[0.360,0.405]  shown in Fig. 10. 

 

Figure 9 

Objective function of FCM by iterations 

load fcmva.dat 

plot(fcmva(:,1),fcmva(:,2),'o')  

[center, U, obj_fcn] = fcm(fcmva, 2); 

maxU = max(U); 

index1 = find(U(1, :) == maxU); 

index2 = find(U(2, :) == maxU); 

line(fcmva(index1, 1), fcmva(index1, 2),  

line(fcmva(index2,1),fcmva(index2,2),  

hold on 

plot(center(1,1),center(1,2),'ko','markersize',15,'LineWidth',2) 

plot(center(2,1),center(2,2),'kx','markersize',15,'LineWidth',2) 



F. Shi et al. A Gaussian-mixed Fuzzy Clustering Model on Valence-Arousal-related fMRI Data-Set 

 – 98 – 

5 Result Discuss and Comparing Analysis 

In this paper, Gaussian mixture fuzzy clustering method was applied to histogram 

processing of Valence-Arousal related fMRI image, experimental analysis shows 

the effectiveness of the proposed method. In image pre-processing phase, image 

segmentation, Expectation Maximization of Gaussian Mixed model were adopted 

to describe the fMRI histogram. While obtained time series based 100 sample 

images from the experiment of picture stimuli, Otsu curve fitting method was 

proposed to extract the histogram, finally to construct the Valence-Arousal timing 

curve. The objective is to get Valence and Arousal from given picture relative a 

word that was introduced in Emotional dimensional theory. So we built these 

points ( , )V A  in a plane while fuzzy clustering algorithm extracted the typical 

( , )V A value; by setting the clustering parameters, center point was acquired from 

data in a relatively short period of time. In previous studies, the usual method was 

to obtain the image features by calculating image spectrums, such as, amplitude 

spectrum, frequency spectrum, and the power spectrum density (PSD, describes 

how the power of a time series based fMRI image was distributed with frequency 

instead of energy  spectral density (ESD) , which also describes how the energy of 

a time series was distributed with frequency [31] [32]). To illustrate the efficiency 

of the proposed method in this paper, we also calculated the PSD for Valence-

Arousal related fMRI (Shown as Fig. 11 and Fig.12). After comparative study, it 

was indicated that the algorithm complexity of PSD is
3( )O n  and histogram 

proposed in this paper is
2( )O n , while Otsu fitting operating also was

2( )O n . So 

for a large number of fMRI data the proposed method in this paper is more 

effective in fMRI feature extraction by a smaller rate of loss of information. 

In other hand, some studies introduced curve fitting methods for image 

processing, and constructed a fitting curve to describe the characteristics of the 

fMRI timing signal. We compared spline fitting, shape-preserve fitting and cubic 

fitting for Valence signal, it was indicated that spline and shape-preserve had 

smallest errors, but high algorithm complexity. Cubic fitting’s error is large and 

the algorithm is
3( )O n . The Valence related fMRI data-set’s curve fitting 

calculation results were shown in Fig. 13. 

http://en.wikipedia.org/wiki/Energy_(signal_processing)
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Figure 10 

FCM under 2 clusters and the center points 

 

Figure 11 

Power spectrum density estimation of Valence 
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Figure 12 

Power spectrum density estimation of Arousal 

 

Figure 13 

Spline, shape-preserving and cubic fitting operations on Valence 
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Concluding Remarks and Future Works 

In this paper, fMRI images data-set was acquired from fMRI experiments by 

picture stimuli, the time series based Valence-Arousal related fMRI images were 

generated. The pre-processing of images included bilateral filter and ICA based 

components, for extracting features from Valence-Arousal related fMRI images, 

expectation maximization method for Gaussian mixed model was applied to get 

histogram and subsequently Otsu curve fitting operation was introduced to 

generate timing curve for Valence and Arousal. By fuzzy c-mean clustering, the 

typical Valence and Arousal value relative to a given word (picture stimuli) were 

acquired. The proposed methods show the effectiveness by comparing with other 

algorithms such as PSD, curve fitting. The next step is to improve the fMRI 

experiments by large-scale set of picture stimuli, and the second is to further 

improve the efficiency processing and the method of feature extraction from 

fMRI. 
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