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Abstract. In this paper we present a system called mind flipper which is an EEG-based brain computer
interface (BCI), enabling a computer to automatically turn a slide forward during an oral presentation by
analyzing brain waves involving imagery or real movements of a subject’s right hand. False positive errors
are critical in this application. To reduce false positive errors, we develop a nonparametric classifier based on
convex hulls. Compared to existing linear binary classifiers, we show that the convex hull-based classifier easily
removes ambiguous regions on a feature space determined by common spatial patterns, which result in false
positive and negative errors. Experiments confirmed the useful behavior of our convex hull-based classifier,
compared to linear or RBF-kernel based SVM.

1 Introduction

Brain computer interface (BCI) is a system that provides a direct communication pathway between brain and exter-
nal devices by analyzing various brain signals. Electroencephalogram (EEG), which records magnitude of electrical
potentials at the scalp of a subject, is the most popular sensory signal for BCI, because of its simplicity, portability
and non-invasive characteristic [1]. Currently, many researchers who are working on EEG-based BCI consider BCI
as a method which provides alternative means of communication or control for the disabled [2]. However, BCI also
has promising potential for various applications in our daily lives. In this perspective, we developed the Mind Flip-
per system, which let the presenter flip pages of the presentation forward by concentrating on imagery or real right
hand movement. The main challenges of building the systems are (1) to react to the presenter’s intention of flipping
pages as fast as possible, (2) to be robust against possible artifacts during the presentation, such as interferences
in electromyogram (EMG) or EEG signal resulted from speaking.

2 Method

2.1 Motor Imagery Paradigm

We used the motor imagery paradigm to recognize of the presenter’s intentions. The motor imagery paradigm is
one of the most promising paradigm [3] which exploits temporal variations in the µ (8∼13Hz) and β (14∼30Hz)
rhythms of the sensorimotor cortex region. Oscillations in µ and β rhythms of the sensorimotor cortex attenuates
when a movement is being prepared or performed, and the phenomenon is called event-related desynchronization
(ERD). Spatial locations where ERD occurs are highly correlated with corresponding body part. For example, if
a subject imagines movements of right hand, ERD occurs at the contralateral (left) side of the motor cortex. In
general, hand movements cause the most evident ERD patterns, so we selected it as the positive class in the EEG
classification task.

To improve robustness of classification, we selected EEG signals recorded during tongue movements as the
negative class. Tongue movements are directly related with speaking, so during the presentation they could act
as the most dominant artifact against the motor imagery commands of flipping pages. Thus in our Mind Flipper
system, the presenter should stop his/her speaking and concentrate on right hand movement to flip a page forward
(Fig. 1).
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Fig. 1: Overview of Mind Flipper system

2.2 Feature Extraction: Common Spatial Patterns

For successful classification, we applied the Common Spatial Pattern(CSP) method, which is a popular discrim-
inative feature extraction method for EEG classification [4, 5]. Given two class-conditional covariance matrices,
the CSP seeks a feature space such that variance for one class is maximized while variance for the other class is
minimized at the same time.

EEG signals of a single trial, can be denoted as Xi ∈ RC×T where C is the number of electrodes (channels) on
the scalp, and T is the number of time points of each trial. For the Mind Flipper system, each trial is belonged to
one of the two classes: right hand movement(R) or tongue movement (T). As the preprocessing step, EEG signals
are band-pass filtered and mean centered.

When IC is the set of indices belongs to a class c ∈ {R, T} , covariance matrices for each class are computed as

Σ(R) =
1
|IR|

∑

i∈IR

XiX
T
i ,Σ(T ) =

1
|IT |

∑

i∈IT

XiX
T
i , (1)

where |IR| and |IT | denotes the number of trials in each class.
The CSP analysis is given by the simultaneous diagonalization of these two covariance matrices with constraints

about sum of eigenvalues, as follows,




W TΣ(R)W = Λ(R)

W TΣ(T )W = Λ(T )

Λ(R) + Λ(T ) = I

, (2)

where Λ(R) and Λ(T ) are diagonal matrices and I is the identity matrix. Let us denote X(R) as a concatenated
matrix of all Xi|i∈IR

and X(T ) as a concatenation of all Xi|i∈IT
. For the eigenvectors wi ( i-th column vectors of

W ) , the corresponding eigenvalues λi(R) and λi(T )(i-th diagonal elements of Λ(R), Λ(T )) are exclusive each other
with constraints of λi(R) + λi(T ) = 1 . Thus the eigenvector wi corresponds to the largest λi(R) also corresponds to
the smallest λi(T ) and vice versa. Note that λi(R) = wT

i X(R)X
T
(R)wi , λi(T ) = wT

i X(T )X
T
(T )wi, and they are the

projected variances of X(R) and X(T ) along the direction of wi. Then we can see that two distributions of X(R)

and X(T ) are maximally dissimilar along the direction of wi. This property is useful for emphasizing differences
between classes.

During the feature extraction step, a low-dimensional feature vector zi corresponding to a trial Xi is computed
as

zi = [wR,wT ]TXiX
T
i [wR,wT ], (3)

when wR is maximizing λR, and wT is maximizing λT .

2.3 Classification

By using the CSP method, we could extract meaningful discriminative spatial filters. These filters are applied to
each trial and corresponding points are represented in the feature space (Fig. 2.a). Then any binary classifier, such
as Support Vector Machine (SVM) can be applied to predict corresponding labels.

However, a system with typical linear classifier may not properly react to the presenter’s intentions. The major
problem is false positive errors, which causes the false operation that pages are flipped even though the presenter
did not want to. On the other hand, false negative errors, which makes the system hard to respond to presenter’s
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intentions of flipping pages, are less critical than false positive errors. In the case of false negative errors, there
are no visible changes on the system so the presenter may ignore errors by simply concentrating flipping command
again, so it caused less discomfort than the case of false positive errors.

A possible solution is to tune the threshold value of a linear classifier so that it may adjust rates of false positive
and negative errors. However, selecting an optimal threshold value is still sophisticated problem.

To avoid this complexity, we used a nonparametric classification approach using two convex hulls corresponding
each class. Numerous studies have attempted to utilize convex hull for classification, such as [6, 7]. In this paper,
the convex hull is applied to reduce false-positive error by taking strict decision boundaries. In the feature space, if
a feature vector is located inside of the convex hull for the class R and located outside of the convex hull for the
class T, we classified it to the class R. In other words, we obtained the region for the class R by subtracting the
convex hull for the class T from the convex hull for the class R (Fig. 2.b). This region could be only reached by
the presenter’s correct concentration for the right hand movement, so that we are simply able to reduce the false
positive errors without heuristic threshold selection.

To obtain the convex hulls, we used the QuickHull algorithm [8] which incrementally expand initial zero-volume
hull to outward direction until the hull includes every given point. By using labeled training feature vectors, the
algorithm finds two convex hulls that including points from each class.
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Fig. 2: Obtained convex hulls and decision boundary. Feature vectors of the class R are represented by crosses (×) and vectors
of the class T are represented by circles (◦). (a) Two convex hulls for each class. (b) The obtained region by subtracting the
hull for the class T from the hull for the class R.

3 Experiments

EEG signals used in this research were recorded with Biosemi ActiveTwo R© system. We used 8 channels placed
around the primary motor cortex: T7, C3, Cp1, P3, P4, Cp2, C4, T8, then Cz was used as the reference electrode.
The EEG signals were band pass-filtered between 8Hz and 20Hz, which includes the µ rhythm and part of the β
rhythm. We have examples of EEG signals (Fig. 3) for the imagination of right hand movements and EMG signals
for clenching.

During the training procedure, we collected 10 trials of EEG signal per class. Each trial contains signals recorded
from 2 seconds to 6 seconds after a cue was shown to the subject. These trials were rearranged by using overlapping
sliding windows. The length of the window was 1 second long and sliding time was 500 milliseconds. Then we applied
the CSP analysis to those trials and calculated two convex hulls for each class in the feature space.

During the testing procedure, each trial was recorded and preprocessed by the same process with the trials in
the training procedure. Using the classifier obtained during the training procedure, if a trial is classified as the class
R, the software sends a window message corresponding to pressing predefined keyboard such as page down, to the
selected presentation program such as Microsoft PowerPoint R©, Adobe Reader R© or other kinds of presentation
softwares.

To validate and evaluate performance of our convex hull classifier, we performed off-line experiment and real-time
experiment.

3.1 Off-Line Experiments

In off-line experiments, the subject was requested to perform following tasks : 1) speak alphabet “A” to “N”, 2)
imagine a right hand movements for 4 seconds, 3) speak “O” to “Z”, 4) imagine a right hand again. The first and
the third tasks are corresponding to class T and the second and the fourth tasks are corresponding to class R for
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(b) EMG for clenching
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Fig. 3: Sample EEG signals for right hand movements are represented in (a). EMG signals for clenching (artifact) and its
corresponding feature vectors is presented in (b) and (c). During the clenching the feature vector is diverged to outward
direction, because of EMG signal’s higher variances.
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Fig. 4: Feature space obtained by the CSP analysis is plotted in (a) and erroneous regions, which results false positive and
negative errors are plotted in (b). On (c)-(g), decision boundaries of various classification methods are represented by colored
regions: (c) linear SVM, (d) adjusted linear SVM, (e) RBF kernel-based SVM, (f) adjusted RBF kernel-based SVM, and (g)
convex hull-based classifier.

flipping pages. Above 4 tasks were repeated 3 times during the experiment. We applied the CSP analysis to the
recorded EEG signals and obtained the feature space (Fig. 4.a).

In our first attempt, we used linear SVM and RBF kernel-based SVM as the classification method (Fig. 4.c, 4.e),
but they showed poor performances. The major problem during the analysis was frequently occurred unintended
page flipping. To reduce this false positive errors, we should shrink the decision region for the right hand movements.
At first, the overlapping region with tongue movements, where mainly causes false positive errors, should be rejected
(Fig. 4.b). Furthermore, when the subject had spoken specific characters such as “C” or “G”, EMG signals resulted
from clenching interfered with EEG signals (Fig. 3.b). The EMG signals caused increasing of variances and let the
feature vectors to diverge toward the outward region (Fig. 3.c) that also should be rejected (Fig. 4.b).

To ignore both of overlapping and outward regions while using SVMs, we adjusted the decision threshold on
the prediction function values. These optimal values are selected by repetitive comparisons and decision boundaries
of Fig. 4.c, 4.e are reduced to Fig 4.d, 4.f. Those adjusted decision boundaries actually reduced unintended page
flipping, compared to the original classifiers (Fig. 5.c∼5.f). However, our convex hull based method showed better
results than the RBF-kernel SVM method without the heuristic threshold adjustment (Fig. 5.g).

3.2 Real-Time Experiments

By using above approaches, we tested the Mind Flipper system in real time environment. In this experiment, the
subject was asked to do 8 pages of short presentation (with 7 times of page turnings) using the Mind Flipper system.
The demo movie for the real-time experiment can be watched at http://mlg.postech.ac.kr/research/bci.html.
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Fig. 5: (a) User’s action during the experiment. Each alphabet means that the subject actually pronounced the corresponding
character and ’/’ means that the subject stop to speak and imagine the right hand movements. (b) Time period that the
subject wants to flip a page is plotted with 1, otherwise 0. (c)-(g) Each classifier’s prediction result for user’s intention in (b)
and the numbers of misclassified time segments with a length of 1 second were also represented to compare the performances.
The total number of segments was 125.

During the experiment, if a page is once turned, the system ignores following 5 seconds of signal. This rule
prevented the system to flip too many pages at once during the transition period between tongue movements and
hand movements.

The performance was measured by two factors - the number of unintended page flips and the average response
time. The response time was calculated by the length of time between the end of a page’s presentation and the
actual page flipping. Note that the number of unintended page turnings corresponds to the number of false positive
errors and the average length of response time is proportional to the number of false negative errors.

We conducted 4 sessions of the experiment. Each session includes one training procedure and two testing pro-
cedures using RBF kernel-based SVM and our convex hull-based classifier (Table 1).

Convex hull based classification method showed the same number of unintended page flips with the RBF ker-
nel based SVM method. This result shows that convex hull-based classifier works well even without the heuristic
threshold adjustment step. The average response time for the convex hull-based classifier on session 2 was problem-
atically long and the reason was a few misplaced feature vectors of tongue movements. They were positioned on
deep inside the region for hand movements. They drastically reduced the region for hand movement and made a
flipping pages very hard. This vulnerability resulted from misplaced feature vectors was the major drawback of the
method. Generally, these points drastically change the volume of the obtained hull and this characteristic could be
used for extracting the points, but that is out of the scope of this paper.

4 Conclusions

We have developed a novel BCI application that can bypass speaking-related artifacts during motor imagery tasks
with convex hull-based classifier. This nonparametric approach was applied for obtaining the decision region that
recognizing hand movements against artifacts resulted from speaking - of EEG signal resulted by tongue movements
and EMG resulted by clenching. In EEG-based BCI applications, the correlation between tasks and signals are
relatively weaker than that of other bio-signals, the overlapping for each class is critical to make decisions. Our

Table 1: Results for real-time experiments. The numbers of unintended page flips are presented, then the average response
times for page flips are presented within parentheses.

Session 1 Session 2 Session 3 Session 4

RBF SVM 0(4.33s) 0(2.14s) 1(2.67s) 2(5.60s)
Convex hull 1(4.33s) 0(10.01s) 1(4.00s) 1(3.67s)
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convex hull-based method easily rejects those overlapping regions, so that it improves robustness of BCI applications.
Although this work only applied it on the presentation in the real environment, we sure that the idea could be also
beneficial for other BCI applications in the real environment, too.

Acknowledgments: This work was supported by National Research Foundation (NRF) of Korea (No. 2010-0018828
and 2010-0018829) and WCU Program (Project No. R31-2008-000-10100-0).
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Abstract. Intention estimation is a way to realize an effective driver support. The construction of driving 

behavior model is an important step for its realization through a model based prediction of driver’s behavior in 

real driving situation. For the purpose, we constructed a computational model of hazard perception while 

driving assuming a hazard as a possibility of contact with other objects. We formalized two types of hazard, an 

explicit hazard and an implicit hazard based on the position probability distribution of object. We compared a 

reconstructed eye movement by the model and a human eye movement.  

 

Keywords : Driver’s model, Computational model, Hazard perception, Eye movement 

1 INTRODUCTION 

In the motorized society of today, various types of safety supporting systems are introduced to improve human driving 

safety. In the near future, driving assistance systems that deeply concern human cognitive process will be introduced. For 

its realization, a use of driving assist system that compare an observed human driving behavior with that of an ideal driving 

behavior model might be effective. But the driver’s status observable from outside is limited. So the driving assist system 

must estimate the cognitive process of the driver and decide its assisting action based on the estimation result. A 

computational model of driving action production including driver’s cognitive process is necessary for the purpose. 

Drivers observe their environment through vision. If we observe a driver’s eye movement, we might be able to estimate 

what action the driver is planning. It means that if the assist system predicatively calculates driver’s eye movement while 

driving, compares the prediction with actual human’s eye movement and estimates driver’s internal state that caused 

current behavior, it will be able to supply an information that the driver is not noticed. For realizing the internal state 

estimation, we need a computational model of driver’s eye movement while driving a car that reflects the internal state of 

the driver and the outer world situation of the moment. So, in this study, we try constructing a computational model of 

driver’s eye movement based on a hazard perception on the environment. Though the eye motion is studied long [1], a 

computational model of the driver’s eye motion is not established yet. 

For the human eye motion, a saliency-based visual attention model [2] is proposed. It predicts allocation of visual 

bottom-up attention based on saliency computed in a visual system of brain. But this model is focusing on a general image 

feature processing and not on the understanding of driving process. Huestegge et al. discuss a hazard perception. But they 

don’t step into the computational theory[3]. To aim a practical driving assist, the model should express the driver’s internal 

process that explains the driving behavior. 

Salvucci et al. succeeded reproduction of human eye movement and steering action using a rule-based system 

representing a specific driving situation[4]. But the rules tend to task dependent and will not explain a principle of the 

driving behavior in general. As the variation of driving scenes spreads over very wide range, it is better to find more basic 

principle of driving behavior generation.  

So in this study, we pursuit modeling of the human hazard perception that can explain wide variety of driving scenes. 

One of the largest purposes of visual perception for driving is detection of hazardous situation. To realize the perception, 

brain recruits all of visual, decision making and action planning systems. Understanding of these processes will be a 

foundation for the computational theory of the human driving. 

The next section two explains the hazard avoidance model used in this study. In this section, an explicit- and 

implicit-hazard models are introduced. Section three shows some comparisons between the model behaviors and the real 

driver’s behaviors. In this section we also present an improvement model of the basic model proposed in Section two 

according to the experimental results.  

2  MODEL OF HAZARD AVOIDANCE  

A. Hazard perception that directs driving behaviors 

In our previous model, we described a set of rules for the eye movement and fixation to objects[5][6]. But the system did 

not work well for unassumed situations. To construct a model that can work in various real world driving situations, we 

need a deeper understanding of the hazard perception mechanism and its computational principle that dominates the 

driving behavior. 
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Purpose of the driving behavior in a shorter time span is a moving forward while avoiding hazard. The mental process 

of driving includes a creating of driving plan, a decision of driving intention of the moment, an environmental observation 

for the decision, and an execution of the intention at least. All of them relate the avoidance of hazardous situation. For 

example, if we change a driving plan for a hazardous situation, the hazard may disappear. Thus, the driving is a dynamic 

behavior relating the hazard perception.  If we can understand the mental process of hazard avoidance, we will be able to 

understand a dynamic aspect of deriving. 

B. Factor of hazard in this study 

In this study, we assumed the hazard as a possibility that own car contacts with other object. To realize the perception of 

hazard, we calculate position probability distribution (PPD) for a few seconds future of own car and other objects. If an 

overlap of PPDs becomes large, we consider the possibility of contact, the hazard perception, is arising. In this study, we 

assumed two types of hazards.  

(1) Explicit Hazard 

The explicit hazard is caused by observable objects (Fig. 1). 

When we see a pedestrian beside a road walking into road or an 

oncoming car approaching, we care and watch them. We suppose it is 

caused by the explicit hazard perception. 

By observing the object that causes the hazard, we acquire more 

information on its position and movement that are used to 

calculate PPD within a few seconds using Kalman filter[7]. As the 

observed information always includes noise, the predicted position 

always has a distribution. The distribution will shrink when a 

driver observe the object, and will degrade if the driver doesn’t 

observe because the object may change its motion.  

For the calculation of PPD, we used three Kalman filters 

simultaneously: go-straight, right-turn, and left-turn. A weighted sum 

of the these distributions was used to calculate an object’s PPD. The 

variance of each distribution accounts for the prediction ambiguity.:For example, the go-straight Kalman Filter is 

described as follows. 

  1

)(ˆ)(ˆ)(


 vforwardforwardforward tttK                                 (1) 

 )(ˆ)()()(ˆ)(ˆ ttyttt forwardforwardforwardforward xKxx     

(2) )(ˆ)()(ˆ)(ˆ tttt forwardforwardforwardforward  K                           (3) 

)(ˆ)1(ˆ tt forwardforwardforward xFx                                                    (4) 

T

w

T

forwardforwardforwardforward tt GGFF  )(ˆ)1(ˆ               (5) 

where )(),(),(ˆ ttt forwardforward Kyx  denote the estimated object’s velocity and position, observed target information, and 

the Kalman gain at time t, respectively. G denotes white noise, and Fforward and )(ˆ tforward denote the state transition matrix 

and error covariance matrix of the go-straight Kalman filter. 

The Kalman gain is updated by (1). The internal state and the error covariance matrix of the go-straight Kalman filter 

are updated using observed information )(ty  by (2) and (3). The inner state of the object’s velocity, position and the error 

covariance matrix at time t+1 are predicted by (4) and (5), respectively.   

 
   )(ˆ),(ˆ)(ˆ),(ˆ

)(ˆ),(ˆ)(

ntntwntntw

ntntwxp

rightrightrightleftleftleft

forwardforwardforwardnt





xx

x
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where ),(  u  denotes a normal distribution with average u , and covariance  , coefficients rightleftforward www ,,  

denote the weights of the Kalman filters for each direction, and 1 rightleftforward www . The weights are determined 

according to the difference between )(ˆ
* tx and )(ty , where )(ˆ

* tx denotes the inner state of the corresponding Kalman 

filter. From the results, we can calculate the distribution of the object by (7). We describe the explicit hazard as ),( txdexplicit
, 

that is an overlap of predicted distribution for the visible object and  the driver’s own car.  

 )(,),(),(max),( 1 xxxx Ntttexpricit pppte           (7) 

 ),(),,(min)( txetxexd Selfexplicitexplicit   ,                      (8) 

where ),( txeSelf
,is also calculated with the similar procedure as the above in Eq(20).  

Fig.1.  Mechanism of the explicit hazard 
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Chaer et al. proposed a similar architecture to our model[8]. The difference is that the weight (gain) of each Kalman 

filter in our model is modified according to the distance between the predicted position of the target-car by each Kalman 

filter and that of actual one. Therefore, if the two positions are closed to each other, the weight for the Kalman filter is 

enlarged. On the other hand, Chaer’s model derives the weight (gain) for each Kalman filter only from current input. 

(2) Implicit Hazard 

The implicit hazard is perceived when the driver directs his/her attention to an object that can’t be seen, but may come out 

from an occluding corner. The implicit hazard is also calculated by the overlap of PPDs between the self car and the 

possibly coming out car. The coming out car is located at a place that causes the highest hazard in the driver’s mind, and its 

PPD doesn’t shrink by the observation because no information is acquired by looking at the corner. Here, we consider a 

case in which the driver’s car is trying to go through an intersection (Fig. 2).  

 
Fig.2. Prediction of non-visible object: calculation of  

(a) critical distance, and (b)  boundary distance. 

The most probable scenario is that the invisible car located at a distance Dc from the intersection center with average 

speed v0 simultaneously arrives at the intersection with the driver’s car ((a) in Fig. 2). We call the distance Dc critical 

distance, which is calculated by (9) where the driver’s car speed is denoted as vs.  

0

0

00 // D
v

v
DvDvD s

csc               (9) 

The critical distance changes when the driver’s car approaches the intersection. Assume no car is found when the 

driver is at the point D0 and the speed of oncoming car is v0, the car is most likely located at distance DB but with lower 

probability(Fig.2(b)). The distance DB can be calculated by (10) where   is an angle from the front to observe the 

occluded corner, L is half of the road width.  

'

0

00 tan
D

L
DDDB  

                  (10) 

Based on the estimated position of the oncoming car, we can calculate PPD using (11) and (12). 

)(ˆ)1(ˆ tt implicitimimplicit xFx                              (11) 

T

w

T

imimplicitimimplicit tt GGFF  )(ˆ)1(ˆ      (12) 

The initial value of )(ˆ
0timplicitx  is set to the estimated position of the oncoming car. The matrix 

imF  originally 

represents a situation where the oncoming car enters the intersection at a speed to just collide with the driver’s car. But this 

time, we used 
imF with the fixed speed v0 for simplicity. Then, the predicted distribution of the non-visible object is 

calculated by (13) and (14).  

 )(ˆ),(ˆ)( ntntp implicitimplicit

implicit

nt  xx                          (13) 

 )(,),(),(max),( 1 xxxx
implicit

Nt

implicit

t

implicit

timplicit pppte    (14) 

Then, we can calculate PPD of the non-visible but might be coming car behind the blind corner. 

 ),(),,(min),( tetetd Selfimplicitimplicit xxx          (15) 

C. Risk Evaluation and Eye Movement 

After calculating PPD for the observable and non-visible objects, we can calculate the risk of each object and detect an 

object with the highest risk. We assume the deriver watch the current position of the highest risk object, but not the risk 

position. 

 ),(),,(maxarg* tdtd implicitexplicit xxx x    (16) 

If an object is not visible, the driver sees the corner from which the object comes out.  
 

9

Volume 11, No. 2 Australian Journal of Intelligent Information Processing Systems



  

D. Distribution prediction of the driver’s car: 

PPD of driver’s car )(ˆ txSelf
 is also calculated with the similar procedure as above. In this case, the driver has to get the 

information of the driver’s own position by observing the front view. We used go-straight Kalman filter to calculate PPD 

for the driver’s car.   

)(ˆ)1(ˆ tt Selfstraight

stright

self xFx                                   (17) 

T

w

T

straight

straight

selfstraight

straight

self tt GGFF  )(ˆ)1(ˆ    (18) 

 )(ˆ),(ˆ)( ntntxp straight

self

straight

self

Self

nt  x                   (19) 

 )(,),(),(max),( 1 xxxx
Self

Nt

Self

t

Self

tSelf pppte             (20) 

3 MODEL SIMULATION AND HUMAN BEHAVIOR COMPARISON  

A. Driving data acquisition and simulator construction  

We reconstructed human eye movement while driving through an actual city traffic scene by the model, and compared it 

with the actual human driver eye movement while the driver is running through the same traffic scene with the simulator. 

We asked two instructors of driving school to drive the city and recorded the eye movement, car position, road traffic 

situation in a rate of 10Hz (Fig.3) and embedded those data into the hazard perception simulator. 

Fig.4 shows a scene of the hazard calculation. The left part represents the self car (red box), on coming car from the 

front and the possibly coming car from the left, and view point of the self car driver (a dot on the road). The right side 

represents PPDs calculated for each of the self car, the oncoming car from the front and the possibly coming car from the 

left.  

 

     
Fig.3.  Reconstruction of city road in          Fig.4.  Simulated road 

 a simulator and eye movement calculation.       and PPDs for each cars    

  
      

B. Comparison of the model and human eye movement  

The eye movement of human and the simulated one is compared in every 10 meter block. In each of the blocks, the target 

of fixation is encoded for every 0.1 second and the object that is seen longest is compared. Our proposed model 

successfully reconstructed 74% of the human eye movements. But the model failed to reconstruct the eye movement 

toward a few narrow intersections.  

Fig.5 shows duration of eye fixation to the hazardous object.  In the simulated eye movement (Fig.5 upper half), the 

model gazed object continuously. In the longest case, it continued looking at the possibly coming car from left more than 

1.5 second, almost 30 meters in distance. In contrast, human observed the car from left and the car from front alternatively. 

It is not likely that human driver doesn’t look front of own car for this long time and distance in real world driving. 

Fig.5. omparison of the simulated model eye movement and human eye movement. 

(a)  

 Eye movement 

by the proposed 

model 

(b)  

Eye movement 

by the driver 

an expert 
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C. Introduction of front hazard  

It is sure that we observe front of own car while driving, and feel large hazard when we don’t look forward so a long time. 

But we haven’t considered a hazard of front except a case that oncoming car is approaching or turning thus far. But the 

human behavior suggests a hazard in front. When we don’t see front by other hazard, the front hazard increases and forces 

us to see front, and reduces the hazard perception by the observed information from front. Then, what hazard are we 

perceiving in front? 

While driving, we always control the steering of car. This is because the car movement is affected by a road surface 

unevenness or a side wind and shifts away from the road center. It means that the driver is observing the position of self car 

and calculating the error in position from the driving plan. To represent the process, we introduced a position variance for 

both sides of road in our model. While the driver is looking at other object, the position of the car become ambiguous, the 

PPD variance of own car increases toward the left-right direction and PPD overlaps with road border within a few seconds. 

The variance decreases immediately when the driver observes the front.  

According to this insight, we newly introduced front PPD for the driver’s car position.  In the case of go-straight, 

)1(ˆ)(ˆ  tt Self

front

straight

stright

self xFx                                         (21) 

T

w

Tfront

straight

straight

self

front

straight

straight

self tt GGFF  )1(ˆ)(ˆ     (22) 

ntt  0 ,                                                                     (23) 

where 
0t  is the last time when the driver confirmed his/her car position by looking forward. Then we obtain the PPD for 

the straight as 

 .)(ˆ),(ˆ),( 000 ntntntxp SelfSelf

Self

t  x            (24) 

The final PPD for own car is calculated as a mixture of the three predicted distributions. 
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By calculating the disjunction of the position distributions along time, we get PPD of driver’s car when the driver didn’t 

see front from time 
0t  by (26).  

 ),(,),,(),,(max),( 00100 000
ntpntpntpnte Self

Nt

Self

t

Self

tSelf   xxxx  (26) 

The front hazard can be detected by calculating the overlap between ),( 0teSelf x and )(xRoadBordere , where )(xRoadBordere  

denotes the PPD for the road border. Therefore, if the following equation is larger than a threshold, the driver recognizes 

the front hazard. 

 )(),,(min)( 0 xxx LoadBorderselfdfrontHazar eted  ,            (27) 

where )(xLoadBordere was prepared by hand in this experiment. When the driver observes the front, the predicted position 

and the covariance matrix are set to the observed position
selfx  and the unit matrix I , respectively. 

,0,0  ntt   
,)(ˆ)(ˆ)(ˆ

,)(ˆ

000
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xx





ttt

t

right

self

left

self

straight

self

selfSelf

     (28) 

Note that in the above equations, the PPD of the driver’s car is different from the PPD calculated in Eq(19). The 

prediction begins from the last observation timing for the driver’s car position and is continued till the current time or the 

time when the driver observes front. On the other hand, Eq(19) yields  the position prediction in the near future from now. 

For simplicity, we set the initial position of )(ˆ tSelfx  in Eq(17)  to )(ˆ
0 ntforward

self x of Eq(21) for calculating  Eq(19). 

Then, by using the new model, we reconstructed driver’s eye movement through an actual city traffic scene (Fig.6). The 

duration of eye fixation to objects other than front have reduced, and the eye moved alternatively with the front and the 

objects. The behavior is more likely as human if we compare the eye movement with actual human driver in Fig.5, though 

some improvement of model description and parameter tuning might be necessary. This result suggests validity of the front 

hazard model.  
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4 CONCLUSION  

In this study, we constructed the computational model of human hazard perception while driving. Assuming hazard as a 

possibility of contact with other objects, we formalized two types of hazard. One is the explicit hazard based on the PPD of 

observable object, and another is the implicit hazard based on the possibility of coming out object’s PPD. By measuring 

actual human driver behavior and constructing a simulator for real world traffic scene, we compared the model and human 

behavior. The result suggested us a possibility of hazard in the front that express a position error in left-right direction. By 

introducing the hazard perception process to our conventional model, the model behavior became more similar to actual 

human behavior. But we need much more cases of driving scenes including dangerous ones to improve and evaluating 

validity of the proposed model. 
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Abstract. Driver‟s cognitive state monitoring system has been implicated as a causal factor for the safety driving 

issue, especially when the driver fell asleep or distracted in driving. However, the limitation in developing this system 

is lack of a major indicator which can be applied to a realistic application. In our past studies, we investigated the 

physiological changes in the transition of driver‟s cognitive state by using EEG power spectrum analysis and found 

that the features in the occipital area were highly correlated with the driver‟s driving performance. In this study, we 

construct an EEG-based self-constructed neural fuzzy system to estimate the driver‟s cognitive state by using the 

EEG features from the occipital area. Experimental results show that the proposed system had the better performance 

than other neural networks. Moreover, the proposed system can not only be limited to apply to individual subjects but 

also sufficiently works in between subjects. 

Keywords: EEG, neural networks, fuzzy systems, driving cognition, machine learning 

1   Introduction 

Sleepiness is often overlooked as a major contributor to vehicle crashes. The National Sleep Foundation's 2009 Sleep in 

America poll shows that 1% or as many as 1.9 million drivers have had a car crash or a near miss due to drowsiness in 

the past year. Even more surprising, 54% of drivers (105 million) have driven while drowsy at least once in the past 

year, and 28% (54 million) do so at least once per month [1]. Therefore, to develop accurate and non-invasive real-time 

drowsiness monitoring and prediction system with the capabilities of continuously monitor and estimate the alertness 

level of drivers is highly desirable, particularly the system can be integrated with an automatic warning alarm to the 

drowsy driver. 

Electroencephalography (EEG) is the most direct and effective measures of physiological states. EEG signals are 

usually recorded from dozens of scalp electrodes and sampled at 100-500 Hz, which needs heavy execution loading and 

is less practicable for on-line analysis. It was previously impossible to capture drowsiness-related information in real 

time, as signal processing methods and computer processors were not fast enough to extract the relevant information 

from the EEG. With recent advances in signal processing methods and computer performance, it is now possible to 

gather information about human cognitive states and behaviors by analyzing complicated EEG signals. However, the 

difficulties in developing such a drowsiness detection system include the lack of a significant index for detecting 

drowsiness and the interference of ambient noises in actual driving environments.  

Many studies have shown that changes in EEG power spectra are highly related to human cognitive state. Beatty et al. 

[2] demonstrated the phenomenon of increasing occipital theta (4-7Hz) power when the radar operators were less 

vigilant. Huang et al. [3] demonstrated tonic EEG power increase in low-frequency bands in the occipital cortex during 

high-error periods in a continuous visual tracking task, and they also showed similar tonic EEG power increase in low-

frequency bands in the occipital cortex in simulated driving experiments [4]. In addition, Lin et al. [5]-[6] have shown 

the high correlation between alpha (8-11Hz) and theta (4-7Hz) band power and driving error, which is defined as the 

mean deviation from lane center in each moving window in the virtual-reality (VR) environment. Besides, research [7] 

showed that changes in EEG spectra in the theta band and alpha band reflect changes in the cognitive state and memory 

performance. Other studies also showed that the EEG power spectra in the theta [8]-[9] and/or alpha [10]-[11] bands are 

associated with drowsiness, and EEG power spectrum has largely linearly related to subject‟s driving performance. 

Based on the discoveries in the researches mentioned above, this study attempts to propose a generalized EEG-based 

Self-constructing Neural Fuzzy Inference Network (SONFIN) system to monitor and predict the driver‟s cognitive state 

not only for subject-dependent but also for generalized cross-subject drowsiness prediction model, which means 

different subject can apply the same drowsiness detection model and still maintain a high system performance. The 

occipital theta- and alpha-band EEG power spectra and reaction time (RT) acquired in the VR-based experiment are 

applied as the driving performance index to construct the drowsiness prediction model. Two kinds of experiment were 

investigated for system performance comparison and analysis: the subject-dependent and generalized cross–subject 

models. First, the subject-dependent drowsiness model determined the prediction performance of the SONFIN, the 

Multi-Layer Perceptron Neural Network (MLPNN), and the Radial Basis Function Neural Network (RBFNN) in 
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single–subject experiments. Second, generalized cross-subject drowsiness experiments determined the performance of 

the same models for comparison. Experimental results, including correlation and prediction results of reaction time 

(RT), indicate that the proposed system performs much better than traditional Neural Networks for EEG-based cross-

subject drowsiness prediction. The EEG-based self-constructing neural fuzzy system in this study is applicable to 

subjects‟ independent sessions, and the unique advantages of this approach can be generalized to numerous real-life 

applications. 

2   Experiment Design and Setup 

2.1   Virtual Reality (VR)-based Dynamic Driving Simulator 

The experiments in this study used the virtual-reality-based (VR-based) highway-driving environment depicted in Fig. 1. 

This simulator was developed in our previous studies [5]-[6] to investigate changes in a drivers‟ cognitive state during 

long-term monotonous driving. The current study employs the same simulator to generate the required EEG data. This 

VR-based cruising environment includes 3-D surround view projected by seven projectors. The simulator has a fixed 

driving speed of 100km/hr and is housed in a real car mounted on a 6-degree of freedom Stewart platform, as Fig. 1(a) 

and Fig. 1(b) show. All scenes move depending on the displacement of the car and the subjects maneuvering of the 

wheel during the driving experiments, making drivers feel like they are driving a real car on a real road. The simulator 

automatically and randomly drifts the car away from the center of the cruising lane to evaluate car drift and the effects 

of real-world road surfaces. The subjects were asked to keep the car in the third cruising lane using the steering wheel 

whenever the VR simulator triggered a lane-departure event. Each lane-departure event (or “trial”) captured the 

required EEG data, car deviation, and time duration for analysis. 

 

 

Fig. 1. VR-based Highway Driving Environment. (a) Snapshot of the virtual reality-based driving scene, (b) six degree-of-freedom 

motion platform 

In this lane keeping driving experiment, when subjects were alert, their reaction times to the random drift were short, 

resulting in a small deviation from the center of the lane. When the subjects were drowsy, the reaction times and 

resulting lane deviation were high. In this driving experiment, the VR-based freeway scene showed only one car driving 

on the road. Without any other event stimuli, this scene simulated an unexciting and monotonous task designed to make 

drivers fall asleep. This „phasic‟ brain dynamics is very informative about the driver‟s cognitive state. However, in real-

world applications, it is not available if lane-departure events do not occur, as one driving on long straight stretches of a 

highway. Therefore, the phasic brain dynamics should not be used to „predict‟ driver‟s cognitive states. This study uses 

the baseline EEG power spectrum to predict the reaction time (RT). Reaction time is a significant driving performance 

index that directly reflects the driver‟s cognitive state. 

2.2   Subjects and EEG Data Recording 

Six subjects (aged 20 to 40 years) participated in the VR-based highway-driving experiments. All volunteer subjects 

involved in the experiment had the driving license and were trained to familiar with the VR-based highway-driving 

moving scenes. To maximize the chance of obtaining valuable data for this study, all the experiments were conducted in 

the early afternoon after lunch. The EEG data acquisition process in this study used 33 sintered Ag/AgCl EEG/EOG 

electrodes with a unipolar reference at right earlobe and 2 ECG channels with a bipolar connection placed on the chest. 
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All the EEG/EOG electrodes were placed according to a modified International 10–20 system, and referred to the right 

ear lobe. Before data acquisition, the contact impedance between EEG electrodes and cortex was calibrated at less than 

5K ohms. A NeuroScan NuAmps Express system (Compumedics Ltd., VIC, Australia) simultaneously recorded the 

EEG/EOG/ECG data, lane deviations, and the reaction time. Data precision was 16-bit and downed sampling from 500 

Hz to 250 Hz. 

2.3   Data Analysis 

Figure 2 shows the flowchart of data processing procedures which consists of independent component analysis, power 

spectra analysis, feature extraction, drowsiness predictor model self-construction and correlation coefficient analysis 

and root mean square error (RMSE) estimation. 

 

Fig. 2. Flowchart of data processing procedures of proposed drowsiness estimation system 

 

After collecting 33-channel EEG data and reaction time in the 45-min VR-based experiment, ICA is firstly used to 

remove a variety of artifacts and then uses the 1-sec baseline theta- and alpha-band power of the activations in the 

occipital component as the input features of the proposed system. The power spectra are estimated by using 256-pt DFT 

and synchronized with the recorded time points to extract the corresponded reaction time for drowsiness predictor 

model construction. Finally, the correlation coefficients and Root Mean Square Error (RMSE) between estimated and 

recorded RTs were investigated to demonstrate the system performance. 

3   Adopted Drowsiness Predictors 

This paper adopts three predictors for analysis and comparison: (1) Multi-layer Perceptron (MLP) Neural Network, (2) 

Radial Basis Function (RBF) Neural Network, and (3) Self-Constructing Neural Fuzzy Inference Network (SONFIN). 

The following section briefly describes the structure of each predictor and their structures are shown in Figure 3. 

 

 

Fig. 3. Predictor structures. (a) Structure of the MLP Neural Network, (b) Structure of the RBF Neural Network, and (c) Structure of 

the 5-layer SONFIN. 

3.1   Multi-Layer Perceptron Neural Network (MLPNN) 

The Multi-Layer Perceptron (MLP) Neural Network (NN) is the most commonly used neural-network architecture 

because of its capability to learn and generalize relatively small training-set requirements, fast operation, and ease of 

implementation [36]-[39]. The MLPNN structure includes one input layer, one output layer, and a couple of hidden 
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layers, as Fig. 3(a) shows. We employs a 5-layer MLPNN with [10 6 5] processing elements (PEs) of hidden layers and 

8-layer MLPNN with [10 6 5 4 3 2] PEs of hidden layers for subject-dependent and generalized cross-subject 

drowsiness prediction, respectively. 

3.2   Radial Basis Function (RBF) Neural Network 

The radial basis function (RBF) network is a neural network structure for (nonlinear) function approximation problem 

with a high-dimension space. The RBF provides a best fitting curve of the training data, and its implementation is much 

simpler than the perceptron approach while retaining the major property of universal approximation of functions [40]-

[44]. The RBFNN is a 3-layer feed forward neural network structure that consists of an input layer, a single hidden 

layer with a nonlinear (Gaussian) RBF activation function and a linear output layer [44], as Fig. 3(b) shows. The 

RBFNN employed 30-40 and 300-500 neurons for subject-dependent drowsiness prediction and generalized subject-

independent drowsiness prediction, respectively. 

3.3   Self-Constructing Neural Fuzzy Inference Network 

This study uses fuzzy neural networks [48] to simplify a five-layer self-constructing neural fuzzy inference network 

(SONFIN in Fig. 3(c)) for the acquired EEG data. This SONFIN combines the nodes with a finite “fan-in” of 

connections represented by weight values from other nodes, and a “fan-out” of connections to other nodes. The 

integration function f combines information, activation, or evidence from other nodes. The functions of the nodes in 

each of the five layers of the SONFIN structure are briefly described as follow. 

Layer1: Transmit inputs to the next node directly, without computation. 

fauf i  )1()1( ,  (1) 

Layer2: Calculate the output of Layer 1 into a fuzzy set. 
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Layer3: Perform a fuzzy rule with an AND operation. 
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Layer4: Normalize the firing strength calculated in Layer 3. 
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Layer5: Integrate all the actions from Layer 5 to defuzzify the results. Each node in this layer corresponds to one 

output variable. 
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The average rule numbers derived for subject-dependent drowsiness prediction and generalized cross-subject 

drowsiness prediction were both less than 10. 

4   Experimental Results and Discussions 

Six subjects were trained and tested with 220 to 330 trials for SONFIN, MLPNN, and RBFNN predictors. This study 

applies two validation approaches to verify the performance and robustness of these predictors. The subject-dependent 

drowsiness prediction using ten-fold cross-validation was first employed to determine the average single-subject 

performance. The ninety-percent trials in one subject were applied for training, while the ten-percent trials were left for 

testing, and vice versa. Second, the generalized cross-subject drowsiness prediction was used to determine the 

performance difference between the subject-dependent and generalized cross-subject predictions, and the robustness of 

these predictors. Five subjects used for training, while one subject was left for testing, and vice versa. Table 1 shows the 

estimation performance of three neural networks including correlation and RMSE evaluations in subject-dependent and 

cross-subject conditions. 
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Table 1.  Comparison results of the cognitive state estimation systems including correlation and RMSE performances in subject-

dependent and cross-subject conditions. 

 
Subject-dependent Performance Cross-Subject Evaluation 

Correlation (%) RMSE Correlation (%) RMSE 

MLPNN 

Training 96.59±3.87 0.089±0.025 96.79±9.73 0.04±0.07 

Testing 96.22±0.41 0.084±0.034 61.29±12.19 0.42±0.15 

RBFNN 

Training 95.37±1.82 0.074±0.03 99.26±0.49 0.01±0.002 

Testing 94.8±0.46 0.103±0.043 47.87±23.59 1.01±1.07 

SONFIN 
Training 96.69±1.47 0.071±0.02 98.37±1.32 0.06±0.02 

Testing 97.24±1.63 0.076±0.022 78.25±5.72 0.36±0.14 

4.1   Subject-dependent Drowsiness Prediction 

This study applies ten-fold cross-validation to determine the average single-subject performance. For each subject, it 

was randomly running ten times with 90% trials as the training data, and 10% trials as the testing patterns and vice 

versa. Each subject completed 10-round ten-fold cross-validation to get an average correlated coefficient and average 

root mean square error (RMSE). Table I shows that the training and testing correlated coefficients using MLPNN, 

RBFNN, and SONFIN achieved average performances of 96.59%, 95.37%, 96.69% and 96.22%, 94.8%, 97.24%, 

respectively, and the average RMSE of training and testing evaluations are 0.089 sec, 0.074 sec, 0.071 sec  and 0.084 

sec, 0.103 sec, 0.076 sec, respectively. These experimental results indicate that these three predictors achieve an 

average correlated coefficient larger than 95%, for both the training and testing evaluation. Our proposed SONFIN 

structure has the better performance including the high correlation and the smaller RMSE value (97.24% Corrcoeff. and 

0.076 RMSE). 

4.2   Generalized Cross-Subject Drowsiness Prediction 

As shown in Table I, the average training and testing correlations using MLPNN, RBFNN, and SONFIN achieved 

96.79%, 99.26%, 98.37% and 61.29%, 47.87%, 78.25%, respectively, and the average RMSE values were 0.04 sec, 

0.01 sec, 0.06 sec and 0.42 sec, 1.01 secs, 0.36 sec, respectively. The testing evaluation correlated coefficients showed 

significantly performance drops when applying generalized cross-subject drowsiness prediction. Our proposed SONFIN 

structure produced the lowest RMSE in this experiment. Experimental results show that adopting a fuzzy algorithm in a 

neural network can produce a more robust model for generalized cross-subject drowsiness prediction because of the 

linguistic advantages of fuzzy algorithms. 

5   Conclusions 

We apply 1-sec baseline EEG power spectra and use RT measurements for training and testing input and output patterns 

using SONFIN, MLPNN, and RBFNN drowsiness prediction. Experimental results indicate that subject-dependent EEG 

baseline data is applicable to drowsiness prediction, and SONFIN, MLPNN, and RBFNN achieve a high correlation 

coefficient performance and small RMSE values. However, SONFIN exhibited the best performance among these 

predictors (97.24% Corrcoeff. and 0.076 RMSE). In generalized cross-subject drowsiness prediction, our proposed 

SONFIN system which performs better than MLPNN and RBFNN can be used in real-life applications. 
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Abstract. A perceived duration is affected by the magnitude of a stimulus. In most studies, the magnitudes are 

attributed to the target stimulus itself. We focused on a representation of magnitude organized in the brain, using 

ascending and descending numbers. We investigated whether these representations affected the duration judgment. A 

subject watched the ascending, descending, or randomly ordered numbers and judged the duration of a square 

presented just after the last digit. In all conditions, subjects overestimated the duration of the target stimulus. The 

overestimation was larger in the ascending than in the descending condition. The temporal judgments were not 

significantly different when only a single digit was presented before the target. Thus, the order of presentation has a 

significant effect in the temporal processing of following visual stimulus. We conclude that the priming by the order 

of numbers affected to the temporal processing of subsequent stimulus.  

Keywords: time perception, duration estimation, temporal illusion 

1   Introduction 

Temporal processing is ubiquitous in our life. The neural basis of temporal processing and its relation to the subjective 

sense of time are still unclear. Many psychological studies have shown that our subjective sense of time is easily 

manipulated in laboratory experiments [1]. 

An Oddball stimulus appeared in a sequence of an identical stimulus is perceived longer than its actual interval [2]. 

This oddball effect happened even when the subjects knew the position when the oddball stimuli appeared in the train of 

stimulus [3]. The authors argued that oddball stimuli captured the perceiver‟s attention, resulting in an expansion of 

subjective time. In fact, the attended object was perceived longer than its actual presented duration [4].  

When the presented stimulus could be predicted, the subject underestimated the presentation interval [5]. Subject‟s 

expectation of the stimuli might "shrink" the presented duration of the stimulus. This result indicated that higher 

cognitive process affected the time perception. In contrast, the underestimation of repeated presentation of the identical 

stimulus occurs on briefly presented stimuli, each of which were presented too short to reach the awareness of subject 

[6]. This indicated that a lower mechanism was also involved in constructing the psychological time. 

The property of stimulus itself affects our perceived duration. Non temporal factors such as spatial size and 

magnitude of stimulus also affect its perceived subjective duration. The presented duration of larger stimulus was 

estimated to be longer than that of the smaller one [7]. This effect also occurred with more conceptual stimuli such as 

numbers [8].  A theory of magnitude [9] hypothesizes various dimensions such as space, time, quantity are represented 

by common neural mechanism. 

In those studies, however, the magnitude which affected the temporal estimation have been attributed to the stimulus 

itself. It is unclear whether a low perceptual or a high cognitive mechanism is engaged to the temporal effect of 

magnitude. In this study, we investigated whether higher mechanism relating the magnitude could induce a temporal 

effect.    

Human being has an ability to extract abstract information from external stimulus and categorize them in various 

dimension and magnitude, subsequently using this information to predict a following stimulus. Therefore, we 

hypothesized that these magnitudes and predictions which were synthesized internally in the brain would also affect the 

temporal estimation.  

Even if we can predict the next stimulus when the digit appears successively in order, our introspection is different 

between an ascending and a declining numbers. Ascending numbers may be categorized to a representation like as “up” 

and “expansion”, while declining numbers may be categorized to a representation like as “down” and “contraction”. 

Subjects also may predict that the next stimulus will be bigger/smaller in ascending/declining numbers. Our hypothesis 

was that these insights would affect our time perception. We expected that ascending numbers would induce temporal 

overestimation of the stimulus presented just after numbers.  
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2   Experiment 1 

2.1   Methods 

Subjects. Nine subjects (8 naïve (3 female) and author T.H, mean±s.d age = 28±2.4) participated in the experiment. 

They have normal or corrected-to-normal vision. Written informed consent was obtained from all participants. 

 

Apparatus and Stimulus. Stimulus presentation and collecting of subject‟s response were controlled by a PC 

(Panasonic CF-W4). Visual stimuli were presented on a 17-inch monitor (Eizo FlexScan S1911/S1922) with a refresh 

rate of 60 Hz. Subjects sat in front of the monitor with the distance of 60 cm with a chin rest. One of nine white digits 

(from „1‟ to „9‟ (0.04°in width and 0.07° in height)) and a white square (0.06°) were presented at the center of the 

monitor with a black background. 

 
 

Fig. 1. Experimental procedures. (a) sequential numbers, (b) single number. 

 

Procedure. The experiment consisted of a sequential numbers condition and a single number condition (Figure.1). In 

the sequential numbers condition, each of numeric stimuli was presented successively with a standard duration (500ms). 

Subjects were instructed beforehand that the presented duration of each digit were equal. There were three types (UP, 

DOWN and RAND) of orders in digits presentation. In the UP condition, each number appeared in an ascending order, 

while number goes down in order in the DOWN condition. In the RAND condition, the presented orders of digits were 

randomized. Therefore, in this condition subjects couldn‟t predict the next number. RAND condition was included 

for enhancing the subject's attention to the order of digits, by making the ascending and descending order salient. 

RAND condition was also designed to avoid the subjects suspecting the aim of experiment. 

After the last digit was presented, the white square was presented with one of nine durations (367, 400, 433, 467, 500, 

533, 567, 600 and 633 ms). No delay was inserted within successive digits and between the last digit and the target. 

After the stimulus presentation, participants judged whether the duration of the last square was longer or shorter than 

that of each of numeric stimulus and responded by pressing the button of mouse with their right hand. 

Three types of number presentation were mixed randomly in one block. Each of test duration was presented once for 

each of conditions in a block. Therefore, each block contained 27 trials (9 durations × 3 conditions). Subjects 

conducted a total of 10 blocks. 

Furthermore, to investigate whether there was any effect of the last digit to the duration estimation, we conducted the 

single number condition. Experimental setting was the same as the sequential numbers condition except that only one of 

three digits (“9”, “1”, or “5”, NINE, ONE or FIVE condition, respectively) was presented as a reference stimulus for 

500 ms before the target appeared with valuable delays. The '9' and '1' were the last digits in ascending order and in 

descending order, respectively. 10 blocks were conducted in each condition. The sequential and single number 

conditions were changed by five blocks and the orders of them were counterbalanced among the subjects. 

  

Data Analysis. Subject‟s responses were plotted as a function of the test durations. Using maximum likelihood 

estimation, the data for each subject for each condition were fitted to the Weibull function: 

  






























x
xF exp1),;(  . 

 

where F represents a proportion of „long‟ responses. x is the test duration. α and β are fitting parameters. Fitting 

parameters for each subject were used to estimate their PSE (Point of Subjective Equality: 0.5 point of fitted responding 

curve) and JND (Just Noticeable Difference: a difference of estimated duration between 0.75 and 0.5 point). A PSE 

indicated a target interval where the subjects perceived the target as the same duration with the interval of each digit. 

JND indicated sensitivity of temporal discrimination. 
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 2.2   Results 

Figure.2 shows the mean proportion of „long‟ responses plotted as a function of the test durations in each condition. 

Figure.3 shows the mean PSE for each condition. In the sequential numbers condition, PSEs of all conditions were 

significantly different from 500ms (UP: 433±36 ms (mean±s.d), t(8)=-5.22, p<0.001, DOWN: 455±22 ms, t(8)=-

5.49, p<0.001, RAND: 455±48 ms ,t(8)=-2.56, p=0.033). In the single number condition, only ONE condition was 

significantly different from 500ms (NINE: 449±69 ms, t(8)=-2.08, p=0.070, ONE: 452±57 ms, t(8)=-2.35, p=0.046, 

FIVE: 461±52 ms, t(8)=-2.07, p=0.071). The difference of PSE between UP and DOWN condition was significant 

(paired t-test, t(8)=-2.37 p=0.044) but between ONE and NINE was not(paired t-test, t(8)= 0.34, p=0.73). Therefore, the 

subjects overestimated the duration of target stimulus more in UP condition than in DOWN condition and this 

difference was not caused by the digit just before the target. The JNDs were not different significantly in both pairs 

(paired t-test, UP vs DOWN: t(8)=0.12, p=0.90, ONE vs NINE: t(8)=-0.68, p=0.51) (Fig.4). 

 

 
 

Fig.2. Response curves of the sequential numbers (left) and single number (right) conditions. 

 

 
 

Fig.3. Mean of Point of Equality (PSE) of the sequential numbers (left) and single number (right) conditions. 

 3   Experiment 2 

In experiment1, the mental representation induced by the number presentation influenced the temporal processing of 

following stimulus. A repetition of the same digit might also make a stable and invariant representation. This 

representation was obviously different from representations made by ascending and descending numbers. We 

hypothesized that time perception would be varied among these number presentations. 

3.1   Methods 

Subjects. Eight subjects (7 naïve (3 female) and author T.H, mean±s.d age = 28±2.4) participated in the experiment. 

They had normal or corrected-to-normal vision. Written informed consent was obtained from all participants. 

  

Apparatus and Stimulus. The experiment was controlled on a desktop PC (EPSON Endeavor). Visual stimuli were 

presented at the center of a 21-inch CRT monitor (Sony, Trinitron, CPD-G520) with a refresh rate of 100 Hz. Subjects 

sat in front of the monitor at the distance of 60 cm with a chin rest. One of nine white digits („1‟ to „9‟ (0.05° in width 

and 0.08 in height)) and a white rectangle (0.04° in width and 0.08 in height) were presented in a black background. 
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Fig.4. Experimental procedure 

 

Procedure. Figure.4 shows the experimental procedures. Five digits were presented in order before the presentation of 

the target stimulus. There were three conditions in number presentations. The digits from „1‟ to „5‟and from „9‟ to „5‟ 

were presented sequentially in the UP and DOWN conditions, respectively. In the SAME condition, all of presented 

digits were '5'. There was the blank interval between each digit. The blank interval was randomly chosen from 300, 350, 

400, 450, 500 ms. We used the random interval to avoid the subjects using rhythmic information for temporal 

estimation. Each digit was presented 500 ms. The range of presentation interval of target stimulus was from 380 to 560 

ms by 20 ms bin. The subjects judged whether the target interval was longer or shorter than the presented interval of 

each digit. Three conditions were mixed and randomly presented in a block. The subject responded by pressing the key 

of mouse. The target interval for each condition was presented one time in one block. One block contained 27 trials. 

The subjects conducted 10 blocks all. 

3.2   Results 

The data were analyzed in the same way as in experiment 1. The results are shown in figure.5. The PSEs in all 

conditions were significantly smaller than 500ms (one sample t-test, UP: 456±23 ms  t(7)=-5.00, p=0.0015, DOWN: 

459±29 ms, t(7)=-3.71, p=0.0074, SAME: 435±25 ms, t(7)=-6.53, p=0.00032). We conducted one way repeated 

measures ANOVA for PSEs and JNDs. The ANOVA detected the significant effect of presented numerical order for 

temporal estimation of the target interval (F(2,14)=5.998, p=0.013). On the contrary, JNDs were not different 

significantly among the conditions (F(2,14)=1.348, p=0.29). We next conducted paired t-test for each pair (UP vs 

DOWN: t(7)=-0.49, p=0.63, UP vs SAME: t(7)=2.77, p=0.027, DOWN vs SAME: t(7)=2.72, p=0.029). The PSE in the 

SAME condition was significantly smaller than that in the UP and DOWN conditions. Results indicated that the 

perceived duration of target interval was overestimated more in the SAME condition than in the UP and DOWN 

conditions. We estimated that the transition was lower in the SAME condition than in the UP and DOWN conditions. 

Therefore, the saliency of target was higher in SAME condition than in UP and DOWN condition. So, the target caught 

the subject's attention more in SAME condition than in UP and DOWN condition. Since attention affects the perceived 

interval, the subjects overestimated the target interval more in the SAME condition than in the UP and DOWN 

conditions. 

 

 
 

Fig.5. Response curve and Point of Equality (PSE) 

 4   Discussion 

In this study, we examined whether temporal estimation was affected by the context just before the target. In 

experiment 1, when the digits were presented in ascending order (UP), subject perceived the following square as longer 

in duration than in the descending order (DOWN). The non-significant difference of JNDs between the UP and DOWN 

conditions indicated that the subjects‟ sensitivities of time estimation were not changed between these conditions. These 

results, in all, indicate that the preceding context affects the subsequent temporal processing in the brain. 
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Both the oddball [2] and the prediction [5] effects might contribute to the subjects‟ altered temporal estimation in the 

present study. In the sequential numbers condition, the oddball effect always occurred because the visual property of 

target was largely different from that of the digits. This effect expanded the perceived subjective duration of the target 

stimuli. At the same time, in the UP and DOWN conditions, but not in the RAND condition, the subjects could predict 

the next digit, resulting in the perceived duration of digit being contracted than actual. Therefore, it is possible that the 

overestimation in the UP and DOWN conditions were induced by the oddball and the prediction effects, while that in 

the RAND condition was induced by only the oddball effect. This suggestion is confirmed by the statistical analysis 

where the shifts of PSE from the standard duration in the UP and DOWN conditions were more robust than that in the 

RAND condition. 

In addition to these effects, we propose based on the results that the presented order of numbers before the target 

stimulus affected subjects‟ temporal estimation. The subjects tended to overestimate the target duration in the UP 

condition to a significantly larger extent than in the DOWN condition. This contextual effect was not so strong as the 

oddball effect, possibly due to the representation generated in the brain being weakly linked to the target. We give 

below a few possible explanations why the order of numbers affected the subject‟s temporal estimation. 

The first possibility is that the subjects‟ expectation to the next stimulus, which was made by the pattern of stimulus 

presentation, affected the temporal estimation. In this case, the subjects expected that the next stimulus would be bigger 

(or smaller) than the previous one. So, they had larger (smaller) prediction when they watched the target stimuli in the 

UP (or the DOWN) condition. In the same manner as larger stimuli was perceived longer, this expectation also affected 

the processing of target stimuli and led to a more significant overestimation in the UP condition than in the DOWN 

condition. 

Another possible account is to deal with the train of digit more comprehensively. The ascending (declining) number 

induced the internal representation of expansion (contraction) within the subject's brain, resulting in a differential 

processing of the target stimulus subsequently entered. The processing of the target stimuli might be effected by this 

brain state, changing the perceived subjective duration. When the target stimuli interacted with the brain state which 

represent either expansion or contraction, the target was consequently perceived as longer or shorter. 

This internal brain state generated by the digits train may be also related to attentional state. Ascending numbers can 

draw up arousal level more than the declining numbers, resulting in the subjects attending to the stimuli more in the UP 

condition than in the DOWN condition. Since the attention expanded perceived duration [2] [4], the subject could 

overestimate the target stimuli more in the UP condition as a result.  

In summary, we showed that the order of numbers presented before the target stimuli affected the perceived 

subjective duration. When the integer presentation before the target was upward, the subjects overestimated the target 

duration larger than when the order was downward. The digits train before the target might induce different brain states, 

resulting in affected temporal processing of the target stimulus presented right after the numbers. We conclude that the 

context of stimulus presentation is important in the construction of our time perception. 
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Abstract. The performance of a brain-computer interface (BCI) system depends on data pre-processing,
feature extraction and classification methods used to build the classifier in that BCI system. Support
vector machine (SVM) has been proven as a powerful classifier for solving BCI classification problems,
however current SVM methods are sensitive to noisy data or outliers. In this paper, we propose a new
fuzzy approach to SVM-based BCI systems to enhance their classification performance. The proposed fuzzy
SVM method has been successfully applied to other pattern classification problems. The data set III for
motor imagery problem in BCI Competition II is used to evaluate our proposed method. Experimental
results show that our proposed method can improve classification accuracy in experiments performed on
a single data set with cross validation test and on two separate training and test data sets.

Keywords: Fuzzy SVM, kernel-based method, brain-computer interface, motor imagery

1 Introduction

Brain-Computer Interface (BCI) is an emerging research field attracting a lot of research effort from researchers
around the world. Its aim is to build a new communication channel that allows a person to send commands to
an electronic device using his/her brain activities [1]. BCI systems have been provided for severely handicapped
people using their brain signals, and for patients with brain diseases such as epilepsy, dementia and sleeping
disorders [16]. A BCI system can be classified as an invasive or non-invasive BCI according to the way the brain
activity is being measured within this BCI. If the sensors used for measurement are placed within the brain, i.e.,
under the skull, the BCI is said to be invasive. On the contrary, if the measurement sensors are placed outside
the head, on the scalp for instance, the BCI is said to be non-invasive [16]. The non-invasive BCI systems
avoid health risks and associated ethical concerns. A typical non-invasive BCI system includes the following
stages: data acquisition, data pre-processing, feature extraction, classification, device controller and feedback
[9]. Noninvasive BCI systems can use a variety of brain signals as input, for example, electroencephalography
(EEG), magnetoencephalography (MEG), functional magnetic resonance imaging (fMRI), and near infrared
spectroscopy (NIRS). MEG, fMRI, and NIRS are expensive or bulky, and fMRI and NIRS present long time
constants and they cannot be deployed as ambulatory or portable BCI systems [4] [17]. As a result, the majority
of promising non-invasive BCI systems to date exploit EEG signal, mainly due to its fine temporal resolution,
ease of use, portability and low set-up cost.

The performance of a BCI system depends on data pre-processing, feature extraction and classification
methods used to build the classifier in that BCI system. Currently, numerous pre-processing, feature extraction
and classification methods have been proposed and explored for BCI systems. For data pre-processing and
feature extraction, the following methods have been applied: raw EEG signals [8][19][20], band powers [7][18],
power spectral density values [21], autoregressive parameters [6] and wavelet features [2][13]. For classification,
perceptron and multi layer perceptron [6][5], various SVMs [6][8][10] and linear discriminant analysis [2][6][21]
methods have been applied.

Although numerous pre-processing, feature extraction and classification methods have been proposed and
explored for BCI systems, none of them has been identified as the best method for EEG-based BCIs [16]. For
functional magnetic resonance imaging (fMRI) data, 18 classification methods were evaluated however none
of those classifiers is best for all types of data [10]. The good performance classifier is the random subspace
ensemble of SVM classifiers and the SVM method used in those classifiers was the standard SVM which was
also known as two-class SVM or binary SVM.

SVM has been proven as a powerful classifier for solving BCI classification problems, however current SVM
classifiers are very sensitive to noisy data or outliers. In our viewpoint, this sensitivity could be from the fact
that SVM considers all data points with the same importance in classification problems. In order to reduce the
sensitivity of less important data, we assume that training data points should not be treated equally. Therefore
it is very important to distinguish the meaningful training data points from outliers or noisy data. This can
be achieved by assigning a fuzzy membership value as a weight to each training data point. A new method for
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calculating fuzzy membership values has been proposed [11] [12] and is applied in this paper to the two-class
motor imagery classification problem. We assume that data points in overlapping regions are more important
than others. In order to explore data distributions in those regions, we use a fuzzy clustering technique to
determine clusters. Data points in these clusters will have the highest fuzzy membership value which is 1. Fuzzy
membership values for other data points are determined by their closest cluster accordingly, therefore their fuzzy
membership values will be lower. The data set III for motor imagery problem in BCI Competition II is used to
evaluate our proposed method. Experimental results show that our proposed method can improve classification
accuracy in both experiments on a single data set using cross validation test and on two separate training and
test data sets.

2 Fuzzy Support Vector Machine

Let {xi, yi}, xi ∈ Rd, i = 1, . . . , n be the training data set with two labels yi ∈ {−1,+1}. Fuzzy SVM will find
the optimal hyperplane [22]

f(x) = wT φ(x) + b (1)

to separate the training data by solving the following optimisation problem:

min
w,b

(1
2
||w||2 + C

n∑
i=1

λiξi

)
(2)

subject to

yi[wT φ(xi) + b] ≥ 1− ξi i = 1, . . . , n
ξi ≥ 0, i = 1, . . . , n (3)

where w is the normal vector of the hyperplane, C and b are real numbers, ξi, i = 1, . . . , n are non-negative
slack variables, φ(.) is a kernel function, and weights λi ∈ [0, 1], i = 1, . . . , n are regarded as fuzzy memberships.

The optimisation problem will guarantee to maximise the hyperplane margin while minimising the cost of
error. For an error to occur, the corresponding ξi must exceed unity, so

∑
i ξi is an upperbound on the number

of training errors. Hence an extra cost C
∑

i ξi for errors is added to the function (1) where C is a parameter
chosen by a user. This approach assumes that training data points should not be treated equally to avoid the
problem of sensitivity to noise and outliers. The corresponding dual form is as follows

min
α

(1
2

n∑
i=1

n∑
j=1

αiαjyiyjK(xi, xj)−
n∑

i=1

αi

)
(4)

subject to

0 ≤ αi ≤ λiC, i = 1, . . . , n
n∑

i=1

yiαi = 0, i = 1, . . . , n (5)

The following classification decision function f(x) = sign(wT φ(x) + b) is used. The unknown data point x
belongs to positive class if f(x) = +1 or negative class if f(x) = −1.

We propose a simple yet efficient method to determine fuzzy memberships. The positive and negative data
points are normally overlapped and the task of fuzzy SVM is to construct a hyperplane in feature space to
separate positive data from negative data as much as possible. Hence we assume that the data points in the
overlapping regions are important and they should have the highest fuzzy membership value. Other data points
are less important and should have lower fuzzy membership values. We use fuzzy clustering techniques to deter-
mine clusters in the overlapping regions. These clusters contain both positive and negative data points. Fuzzy
memberships of these data points are set to 1 and fuzzy memberships of other data points are determined
by their closest cluster accordingly. Although clustering is performed in the input space, according to most of
current kernel functions, relative distances between data points are preserved so we can apply the clustering
results obtained in the input space to the feature space. The following algorithm is used to determine fuzzy
memberships for all data points:

Fuzzy Membership Calculation Algorithm

1. Select a clustering algorithm
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2. Perform clustering on the training data set
3. Determine a subset containing clusters that contain both positive and negative data. Denote this subset as

MIXEDCLUS.
4. For each data point x ∈ MIXEDCLUS, set its fuzzy membership to 1
5. For each data point x 6∈ MIXEDCLUS, do the following

– Find nearest cluster to x
– Calculate fuzzy membership of x to this cluster

The term
∑

i λiξi is regarded as a weighted sum of empirical errors to be minimised in fuzzy SVMs. If a
misclassified point xi is not in a mixed cluster, its fuzzy membership λi is small and hence its error ξi can be
large as long as λiξi is still minimised. On the other hand, if it is in a mixed cluster, its fuzzy membership is 1
and hence its error ξi must be small such that λiξi remains minimised. This means that the decision boundary
tends to move to overlapping region to reduce empirical errors in this region.

3 Experimental Results

In order to evaluate our proposed method, we used the well-known data set III provided by Department of
Medical Informatics, Institute of Biomedical Engineering, Graz University of Technology for motor imagery
classification problem in BCI Competition II [13]. Current SVM classifiers have not provided good performance
on this data set. In data collection, a female normal subject was asked to sit in a relaxing chair with armrests
and try to control a feedback bar by means of imagery left or right hand movements. The sequences of left or
right orders are random. The experiment consisted of 7 runs with 40 trials in each run. There were 280 trials
in total and each of them lasted 9 seconds. Collected data were equally divided into two sets for training and
testing. The data were recorded in three EEG channels which were C3, Cz and C4, sampled at 128Hz, and
filtered between 0.5 Hz and 30 Hz. In our experiments, we used the channels C3 and C4 only. We also truncated
the first 3 seconds of each trials and only used the rests for further processing.

From the chosen dataset, we extracted 4 types of features named as AR6, AR5, PSD, and PSDfil. The first
type of feature AR6 consists of coefficients of AR models of order 6 fitting with the data in the channels C3
and C4. After discarding the two first coefficients and then concatenating the remaining coefficients together,
we obtained a 12-dimensional feature vector for each trial. Noted that we have 140 trials in each training set
and test set. The second type of features was similar to the first one except that we used AR models of order 5
instead and hence we obtained a 10-dimensional feature vector for each trial. For the third and the forth type
of features, we calculated power spectral density (PSD) of each channel and concatenated the results together.
We used Welch’s averaged modified periodogram method of spectral estimation in which the Hamming window
size was set to 128. We obtained a 129-dimensional vector for each channel and a 358-dimensional feature vector
for each trial. The difference between these two types of features is that we conducted a band pass filter of
frequency range between 10 Hz and 22 Hz for the later one. The group of AR5 and AR6 represents features
producing low dimensional feature space, whereas the group of PSD and PSDfil represents features producing
high dimensional feature space based on the size of the training set.

The popular RBF kernel function K(x, x′) = e−γ||x−x′||2 was used in our experiments. The parameter γ
was searched in {2k : k = −12,−11. . . . , 4}. The trade-off parameter C was searched over the grid {2k : k =
−2,−1, . . . , 14}. We used 3-fold cross validation test on the training set.

3.1 Experiment 1: Equal membership for feature vectors in the same class

In this experiment, feature vectors in the same class were assigned the same membership. Table 1 shows that
PSD is the best feature for using with standard RBF SVM model and the worst one is AR6.

Table 1. Classification results (in %) on Graz dataset for motor imagery of standard RBF SVM (equal membership).
Values in C and γ columns represent non-negative indices in parameter sequences.

Feature C γ Separate test set Cross validation test

PSD 4 4 67.14 71.43
PSDfil 7 4 66.43 70.00
AR6 15 1 60.71 65.71
AR5 9 9 66.43 67.86

After carefully examining the results of Experiment 1, we found that the confusion matrices after training
are often biased by the first class. This fact leads us to implementation of the second experiment.
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3.2 Experiment 2: Weighted label RBF SVM

In this experiment, we tried to eliminate the bias of the first class by setting a weight to each class. Because the
bias tends to the first class, we set the weight for the first class to be smaller than that for the second class. We
tried with different weight values for the first class, ranging from 0.4 to 1, increased by 0.1 after each iteration.
Table 2 shows the results. PSD is still the best feature for both the training and test data sets. However, the
classification accuracy for AR5 feature is low for the separate test set whereas it is still high for cross validation
test on the training set. The reason might be that the weight of the first class was set to a very low value and
we got a local maximum point for the training set using AR5 feature. It is noted that all types of features have
better classification results than those in Experiment 1 for cross validation test. It shows that weighting label
has some effect on classification accuracy for cross validation test.

Table 2. Classification results (in %) on Graz dataset for motor imagery of weighted label RBF SVM (equal membership).
Values in C, γ and weight columns represent non-negative indices in parameter sequences.

Feature C γ Weight Separate test set Cross validation test

PSD 4 5 4 67.14 75.00
PSDfil 15 0 0 66.43 72.86
AR6 10 4 5 60.00 67.86
AR5 14 4 1 52.86 67.86

3.3 Experiments 3 and 4: Different memberships for all feature vectors

In this experiment, we applied our proposed method for both unweighted and weighted standard RBF SVM. It
means that we applied fuzzy model and used different memberships for all feature vectors. To easily illustrate
the effect of fuzzy model, we grouped results of four experiments for each type of features. Figure 1 shows the
results for the test set and Figure 2 shows results for cross validation test. We can see that our proposed fuzzy
SVM model can improve the accuracy up to 4% for cross validation test. For using the separate test set, an
acceptable improvement is found.

Fig. 1. Classification accuracy results for all experiments on all features. Left: Results for cross validation test. Right:
Results for the separate test set.

Those experimental results on different feature sets show that our proposed fuzzy SVM always performs
better than the standard RBF SVM, especially for cross validation test.

It is also noted that the classification accuracy for the conventional SVM method was only 50.71% as reported
in the BCI Competition II [23]. This result is lower than that for the conventional SVM in this paper because
we have applied a better feature extraction method in our experiments.

4 Conclusion

We have presented a fuzzy approach to support vector machine and applied the approach to motor imagery
classification problem. Experimental results on the Graz data set have shown that the proposed fuzzy support
vector machine could improve the classification accuracy for both cross validation test and separate test set
comparing with the current standard RBF SVM. Moreover, our model is generalised to easily apply not only
to all current SVMs but also to other problems other than BCI classification problems.
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Abstract. In this paper, we propose a new method for visual model learning. The algorithm learns an
object representation by one-shot and adaptively extends a set of saliency filters. The filter coefficients
are extracted from the environment by different views. In addition, the algorithm fuses already learned
visual filters and derives new visual classifiers in order to gain generalized object concepts. We evaluate
our method on tracked sequences that are resulted from a processing with a visual bottom-up attention
model.

Key words: adaptive learning, active vision, visual filtering

1 Introduction

For object learning with robots, it is necessary that a robot actively learns to extract visual filters from the
environment. A visual filtering process in a dynamic scene requires the integration of multiple views with
respect to environmental changes. In object recognition this is also known as object constancy. This motivates
the investigation into incrementally object categorization during the tracking of a scene with focus on view-based
object recognition. Visual classifiers that result from manually annotated training samples are not modifiable
during the recognition process. This is reasoned by the fact that the object recognition system does not learn
to structure the perceptual information by itself. In order to avoid these drawbacks, a system needs to extract
and to learn those view-based classifiers unsupervised from its environment. Less work has been investigated
into object learning from active vision perspective with respect to an adaptation of an appropriate active visual
filtering process. Moosmann et al. [1] propose a learning of a visual filter based on a biased decision tree. A further
object classifier is learned from few training samples in [2] on the basis of a Bayesian framework. Both methods
categorize an object without focusing on its central region and miss the incremental integration of object views
during tracking into one classifier. Walther et al. [3] define a selection of salient regions as a reliable basis for
object recognition and determine an object representation by a set of SIFT features [4]. A complete bottom-up
attention mechanism would fail for an object representation during observing the scene. The integration of
continuous changing information is missing e.g. the different views of a rotating hand. Schendan et al. [5] report
that a categorization of unusual views of objects requires more reaction time. This is also reported by Ganis et
al. [6] who suggest the integration of top-down processes in the categorization process.
In this paper, we present a new method for visual model learning during observing a scene. We assume a
minimum requirement for object learning and bootstrap the learning process by a visual bottom-up attention
model [7]. The method extracts additional visual classifiers and hypothesizes object constancy in the center of
the observed scene. This center information is used as a supervised signal during the tracking in order to approve
the validity of an extracted classifier. Our approach obtains an object representation by a linear combination of
possible stored views. After a new observation, the method enables a fusion of similar responding stored models
and retrieves them for the filtering process.
The paper is structured as follows. In section 2, we present the learning method for the visual filtering process.
Section 3 focuses on the evaluation with respect to different object views. We give a conclusion in section 4.

2 Learning Method

The default visual aspects are defined by a set of filters [7] that extract a salient point that is kept in the
central region of the current view during the track. A new saccade is triggered by a timer event and the gaze is
recentered on a salient point. Nonlinear view based models are extracted by SIFT features. During a saccade, a
visual model fj is learned by an one-shot learning process from the centered image I (x, y). The one-shot learning
process defines a filter as a triple fj = {sji, wji, cj} for the j-th filter that is learned during the tracking. It
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consists of a set of SIFT features sji, learned weights wji and a learned weighting coefficient cj for this filter.
Each tracking step is evaluated by gaining an improved presentation of a visual classifier by hypothesizing
object constancy. During the tracking the object hypothesis is approved and an integration of new visual filters
is realized. During a saccade the activity of already learned saliency filters are compared and fused in order to
achieve a generalized classifier.

2.1 One-shot learning of a visual filter model

In a first step a set of SIFT features is selected (see fig. 1). The SIFT extraction defines each position of I as a
keypoint in order to extract a sift vector s with a defined σ. Each centered image results into a set of overlapping
SIFT features S that describe the local orientation characteristics. The center feature and peripheral features for
the j-th visual filter in the current track are defined by sj0 and sji with i = 1 . . . nj . Each s describes a nonlinear
view-based model. After the extraction of S, the one-shot learning process of an object view is initialized by the

Fig. 1. Selection of nonlinear view-based models for the one-shot learning with an inhibition.

selection of nonlinear view-based models sji. The idea of the SIFT selection bases on the assumption to enhance
the specificity of an extracted filter. Therefore, those locations are inhibited in the periphery that correlates
strongly with sj0. For this a correlation (1) with sj0 is computed yielding a feature map Φj0 that is subject to
a local maxima search.

Φj0 =
∑

sj0 · S . (1)

Those sji

(
i = 1, . . . , nsel

j

)
that exhibit a large correlation value are extracted and processed (for one-shot

learning see fig. 2). This selection step results into a set of nonlinear view based models that contain one
positive sj0 for the center position and a set of negative sji for the inhibition. After the selection of sji a
correlation computation with S results into a set of feature maps Φji (2).

Φji =
∑

sji · S . (2)

These features maps are used for the weight initialization for the visual model. The weights wji are computed

Fig. 2. Visual filter learning process during tracking.

by the Moore-Penrose Inverse + of Φji:

wji = Φ+
ji g with g = exp

((
−x2 − y2

)
/σ2

)
. (3)

Afterwards an additional pruning step is conducted for those weights wji with positive values. The step removes
false positive wji and corresponding Φji and recomputes wji again.The initial response of fj is determined by
a saliency map yj (4) that is defined by the linear combination of wji and Φji.

yj =
1
c j

·
nsel

j∑
i=0

wT
ji Φji . (4)
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The weighting coefficient cj is derived by a weighted mean (5) from the expected center activity aj in the initial
phase.

cj =
∑
x,y

g ·
nsel

j∑
i=0

wT
ji Φji and aj =

∑
x,y

yj · g = 1 . (5)

During the tracking the centered image is convolved with fj according to equation (4) and the resulting center
activity a

′

j is compared to aj . A new filter is inserted, if the current yj does not fulfill the object constancy
hypothesis i.e. a

′

j < θ1. This means during the observation of an object the method integrates several subviews
fj∗ into one visual classifier Fk related to yj∗ (6).

yj∗ = max
j

(yj) and aj∗ =
∑
x,y

g · yj∗ . (6)

2.2 Fusion and initialization of new visual filters

During a saccade an evaluation step is conducted that decides whether a new filter should be added or already
learned filters should be used. Besides the integration of different views of an object during the tracking, a fusion
combines learned filters with two strategies. The first strategy approves the center activity a

′

j∗ and decides if an
already learned classifier Fk for object k is used again for the filtering process for the current observed object
with Fk = Fk∪ {fj∗}. If more than one visual filter F responses above a defined threshold θ2, they are combined
into one classifier Fk = Fk∪Fl. In the case that no classifier is available for the current observed object (a

′

j∗ < θ2

), a new visual classifier is defined by Fk+1 = {fj∗}.

3 Evaluation

The evaluation of our method bases on a video sequence that shows a person who demonstrates a cup stacking
task. A saccade movement is determined from a saliency map that is computed by color, orientation, motion and
intensity. An inhibition of return leads to a gaze selection that have not been attended before. A new saccade is
triggered each second and separates the demonstrated task in tracked sequences. Those tracked sequences are
removed from the dataset with more than one object in the center. A learning from multiple objects will be
one aspect of the further development of the proposed algorithm. For the extraction of SIFT features, we resize
the images from 525x525 pixels to 159x159 pixels and compute them with σ = 2. A SIFT vector describes each
pixel in 8 orientations for 4x4 spatial bins. The gaussian kernel g is computed with σ = 0.05.

Fig. 3. Example of the one-shot learning method (from left to right). The image shows a hand (green circle) in
the current centered observation. The image 1 shows the saliency map yj of the one shot learned model with
w = (0.57,−0.08,−0.08,−0.11,−0.07,−0.02,−0.03,−0.10), aj=1 and cj=0.11. The image 2 shows the maxima ex-
traction and feature map θs0 (see eqn. 1). The green square shows sj0. Red squares mark sji for the inhibition and
corresponding θji (3-9) (see eqn. 2) are shown.

3.1 One shot learning method and insertion of subviews

At first we evaluate the performance of a learned one-shot visual model fj and the insertion of subviews j into
one classifier Fk during a tracking step. The performance of both is compared to the performance of a simple
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visual model fj0 without an inhibition of peripheral observations with sj0 and wj0 = 1. An example of the
one-shot learning method is shown in figure 3. The comparison of image 1 and 2 shows that the learned visual
model inhibits regions like the face and cups and enhances the specificity in the center field.
Figure 4 shows the integration of additional filters fj with respect to changing views of a hand. The insertion
is marked with enlarged pictures (from left to right). The phases 1 and 2 marks the center activity a

′

j∗ before
and after the insertion and corresponding saliency maps yj∗ . In a first step fj is learned by one-shot and three
additional filter models are gradually inserted into one classifier F. Phase 1 shows that the current filter is
no longer valid and a

′

j∗ decreases. In phase 2 the center activity a
′

j∗ is improved by the insertion of fj . The
modification of the filter model leads again to a specific response to the observed hand.

Fig. 4. Example of insertions (gray) of fj during tracking into one visual classifier Fk. Image 1 shows the corresponding
y∗j (below the threshold θ1 = 0.9). Image 2 shows corresponding y∗j after insertion.

In order to evaluate the performance of our approach, we compare the different averaged center activities of
fj0, fj and the resulting classifier Fk. The visual filter fj0 and fj are derived from the first image of the tracked
sequence from the insertion process. The performance is tested on two datasets which contain true positive tp
and true negative tn hand samples (see fig. 5) in the center view. The top right dataset contains 33 (tp) samples
and the dataset bottom right contains 22 (tn) samples without the appearance of a hand. Both activities of the
simple model fj0 show a high value to both datasets. The generalization of detecting hands of this classifier is
high. But also reveals a high activity with respect to the absence of a learned hand model. In contrast to this,
fj and Fk suppresses the activity for objects to other classes. Both show a high activity to different hand views,
where Fk performs better than fj .

Fig. 5. Comparison of a simple visual model fj0 (green), fj (blue) and Fk (red) with respect to averaged aj∗ . Images at
top comprise samples with hands. Images below comprise samples of different attended locations.

3.2 Fusion of visual models

In a first step, we show the fusion process of two visual classifiers F. The evaluation bases on six tracked
sequences that captures a left and a right hand. In a second step, we apply our learning method on tracked
sequences that exhibit different objects. The fusion of visual classifiers is depicted in figure 6 (from left to right).
The small image patches show always the starting position of the tracking. The different phases of the learning
method are depicted and colored. The corresponding filter response yj∗ is shown on the right hand side. The
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Fig. 6. Fusion of visual models during tracking and corresponding aj∗ with θ2 = 0.75. Different color bars show the
decision phases of the filter learning process during a saccade. The red bar marks a complete new a visual filter, brown
for the fusion of a new learned visual model with an already learned visual model, gray for the insertion, green marks the
fusion of two already learned visual filters with a new learned one-shot model. On the right hand side the corresponding
saliency maps y∗j are shown.

black and blue line shows the activity course for the left and right hand. In phase 1-2 learned one-shot models
are fused in an improved visual classifier for the left hand. In phase 3 a new filter for the right hand is extracted.
In phase 4 and 5 already learned filters are fused again for a separate recognition of both hands. In phase 6,
both filters for the left and right hand show a similar activity a

′

j∗ > θ2 and fuse into one visual classifier. The
resulting saliency map is shown in image 6. The filter is now able to classify both hands. The filter learning
during the tracking of different objects is depicted in figure 7 (from left to right). These objects are cups, hands
and faces. We evaluate 15 sequences that result into 6 visual classifiers. The figure shows the activity a

′

j∗ of
learned visual filters during a saccade and the corresponding location for gaze fixation. The learning process
incrementally adds new visual classifiers, where the activities are shown with colored bars. The filters for the
right and left hand slowly converge into one classifier. The responses of other filters show less activities in case
of fixating hands. Cups and faces also develop visual filters and show less activities with respect to the absence
of a learned visual model.

Fig. 7. Activity of different learned visual filters during scanning the scene with θ1=0.9 and θ2=0.75. After a fusion
(green bar), the left hand filter responses to further observed objects and shows a hight activity to hands.

4 Conclusion

In this paper, we propose a new method for a visual filtering process that learns incrementally a view-based
object representation. Based on a saliency computation, our approach assumes a minimum of requirements and
learns a set of saliency filters. Our method shows accurate results with respect to the absence of a learned model.
Secondly, our method improves a visual model during the tracking by insertions of different views. Thirdly, the
proposed fusion method combines several classifiers and enables a recognition of two hands that are separately
recognized in an initial learning phase.
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