
Classifying mental states using pre-frontal EEG and SVM for use in Brain-
Computer Interface systems 

  
Tsu-Hui A Lin1, Lester R John2, Jonathan C Tapson1 

 
Department of Electrical Engineering1, MRC Medical Imaging Research Unit, Department of 

Human Biology 2, University of Cape Town, 7701, South Africa 
 

lnxtsu001@mail.uct.ac.za 

 
 

Abstract 
 
Brain computer interface (BCI) technology provides a method 
of communication and control for people with severe motor 
disabilities.  This study aims at investigating the potential of 
classifying mental states using pre-frontal 
Electroencephalogram (EEG) with a support vector machine 
(SVM) classifier for implementation of a BCI system.  Single-
channel (Fp1-Fp2) EEG data was recorded from 5 right-
handed subjects, participating in 7 different mental tasks.  
EEG frequency components were analyzed with SVM in 
MATLAB.  The results show that SVM was able to classify 
the imagined hand movement activity vs. resting activity with 
above 85% accuracy in 3 out of 5 subjects.  Testing on the 
offline BCI system also shows that pre-frontal EEG is a 
possible candidate for a two-choice BCI implementation.   
 

1. Introduction 
 
Brain Computer Interface (BCI) technology can provide a 
direct communication channel between the brain and the 
external environment, which allows a person to communicate 
by means of brain activity, without going through the usual 
pathway of peripheral nerves and muscles [1, 2].   
       In the case of a BCI system based on mental state, the 
user concentrates on different mental tasks associated with 
different device commands.  The system performs online 
detection of the user’s spontaneous EEG signals and links 
these to the respective device command during an initial 
training phase.  The user would then be able to execute 
different commands by concentrating on their respective 
mental tasks.  The device is envisaged for use in severely 
paralyzed patients as a supporting tool for communication.      
       EEG feature extraction and classification are steps for 
detection of mental tasks.  Depending on the form of data 
captured, existing BCI systems choose between techniques 
such as spectral estimates [3], adaptive Gaussian 
representation [4] and spatial measures [5] for extracting 
signal features.  The various classifiers used are principle 
component analysis, independent component analysis [6], 
artificial neural networks [7] and support vector machine.  
The support vector machine is a relatively new classification 
technique that had produced good results in many 
classification problems, including BCI [8].     
       Previous research has shown that mental tasks such as 
motor imagery, mental arithmetic, and visualizing rotating 
objects are efficient mental strategies in operating a BCI 
system [3, 9].  These require electrode placement at the 

sensory motor cortex C3-C4, the vertex, or on the entire scalp 
[1, 2, 10]. 
       Placing electrodes on the scalp requires a preparation 
procedure of applying conductive gels and gluing the 
electrode onto the scalp, which is extremely inconvenient for 
users of the BCI system.  A potential alternative for 
addressing the problem is the pre-frontal scalp, where there 
are no hairs, and disposable stick on electrocardiogram (ECG) 
electrodes may be used.  However, pre-frontal EEG can be 
more susceptible to electromyogram (EMG) and 
electrooculogram (EOG) artifacts and have lower signal 
amplitude. 
       The aim of this study was to investigate the feasibility of 
classifying mental states with single-channel EEG data from 
pre-frontal locations at Fp1 and Fp2 (refer to figure 1), using 
spectral estimates and a support vector machine classifier.  
The success of such an implementation will facilitate a more 
convenient BCI system for average home use. 
 

2. Methodology 
 
EEG data was gathered from subjects participating in the 
execution and imagined execution of 7 different tasks.  The 
assumption was made that these tasks can be imagined 
without the need for external stimulus.   
 
2.1 Participants   
 
Five right-handed subjects were recruited for the study, their 
mean age being 24 +/- 1.87 years.  All participants signed 
consent forms, and were paid for their participation.  
According to the participants’ self-report, they had normal 
vision and hearing, and had no history of neurological 
disorders.  All recordings took place during the daytime, 
within the same season of year.   
 
2.2 List of Tasks 
 
Seven tasks were set up for the experiment, as shown in table 
1.  All tasks were done at rest or clenching a soft ball.   
       Resting tasks 1 and 2 are self-explanatory.  For music 
tasks 3 and 4, the recording times were divided into 10 trials 
of 30 seconds each, where the execution and imagined 
activities alternate.  The music will play and stop in 30-
second time intervals.  For the period when the music is not 
playing, the subjects were instructed to imagine that the music 
was still playing and sing it in their head.    



       For arithmetic task 5, numbers appear the on screen in 5-
second intervals, and subjects were instructed to perform 
addition on the numbers.   
       For hand movement tasks 6 and 7, the recording time was 
divided up into 30 trials of 10 seconds each, where the 
activity alternates between movement and imagined 
movement of right or left hand.  A short alert sound was 
played in 10 seconds intervals to indicate a change from 
“execution” to “imagine” and vice versa.  The hand 
movement activity is to clench a soft ball with some force.   
 
2.3 Equipment 
 
The ModularEEG hardware design from the OpenEEG 
website [11] was used to build the EEG device for recording.  
BrainBay [12] was used to record the data into text files.  
Disposable stick-on ECG electrodes were used for EEG 
recording.   
 
2.4 Trial Procedure 
 
The subjects were fitted with the single-channel ModularEEG 
system, with electrode placements at positions Fp1 and Fp2. 
shown in figure 1.  Tasks were presented in random order.  
Five minutes of EEG data were recorded for each activity.  
The subjects were instructed to refrain from unnecessary 
movement, and to relax.  All subjects were familiarized with 
the trial procedures and equipments before commencement of 
the trial. 
 
2.5. EEG Preprocessing 
 
EEG signals were sampled at 256 Hz.  EEG voltage data was 
cleaned offline using the EEGLAB toolbox [13] in MATLAB 
to remove, by visual inspection, eye blinks and muscle 
movement artifacts.  The cleaned data was then Fourier 

transformed into its frequency spectrum with a Hanning 
window (no sliding).  FFT epoch size is varied between 0.25 
and 2 seconds.  To reduce the amount of features, Thornton's 
separability index [14] was used to select the EEG frequency 
bands that are most separable from the different activities.   
 
2.6. SVM classification 
 
A support vector machine (SVM) toolbox [15] was used to 
classify the EEG data in MATLAB, using a linear kernel and 
C = 0.1.  Both broadband (4-30Hz, 8-32Hz) and narrow band 
(4-8Hz, 9-13Hz, 14-30Hz) were used as inputs to the 
classifier and results compared.  The inputs to the SVM were 
not normalized, as normalization did not improve the 
classification results. 
 
 
 

 
 

Figure 1: Electrode placements illustrated from the  
perspective of the top of the head 

 
 
Table 1: Testing activities for the experiment 
 

Tasks Activity Implementation Description Duration 

1 rest with eyes open none rest on a chair with eyes open 5 mins 

2 rest with eyes closed none rest on a chair with eyes closed 5 mins 

3 
listen to / imagine 

relaxing music Watermark 
alternate between listening and imagined 
listening to relaxing music in 30s intervals 

30s x 10 = 5 
mins 

4 
listen to / imagine rock 

music The kids aren’t right 
alternate between listening and imagined 
listening to rock music in 30s intervals 

30s x 10 = 5 
mins 

5 Successive additions Fibonacci series 
mentally calculating successive additions with 
the numbers presented on the screen 5 mins 

6 
move / imagine right 

hand movement 
clenching a soft ball 

with force 

alternate between clenching and imagine 
clenching the ball with right hand in 10s 
intervals 

10s x 30 = 5 
mins 

7 
move / imagine left 

hand movement 
clenching a soft ball 

with force 
alternate between clenching and imagine 
clenching the ball with left hand in 10s intervals 

10s x 30 = 5 
mins 

                                                        



2.7. BCI system offline testing 
 
The recorded data from imagined activities were tested with 
the offline BCI system.  In the BCI system, BrainBay was 
modified to acquire recorded data from a file and output the 
magnitude of frequency components to MATLAB for SVM 
classification.  The output from the classification was then 
sent back to BrainBay and used for control in a ball game.  
The aim of the game is to move the platform left or right in 
order to bounce a falling ball.  The screenshot of the ball 
game is shown in figure 2.  The SVM module required 
approximately 100 seconds of training data before reaching 
optimum classification results. 
 

3. Results 
 
3.1. SVM classification 
 
The SVM classification results were best using 1 second FFT 
epoch size and broadband EEG (8~32 Hz).  In subjects 3, 4 
and 5, the SVM was able to discriminate the imagined hand 
movement activities vs. resting activities with above 85% 
accuracy.  In subjects 4 and 5, the SVM was able to 
discriminate the addition activities vs. resting activities with 
above 83% accuracy.  For subjects 1 and 2 it was unable to 
classify any of the imagined activities.  Table 2, 3 and 4 
shows the percentage of correct classification for each pair of 
activity for subject 3, 4 and 5, averaged over 10 cross 
validations.  Activities of imagined right-hand movement had 
the highest overall classification accuracy of above 88% when 
compared with rest with eyes open activity.     
 
 
 

3.2. Offline BCI system testing 
 
Testing on the recorded data shows that the BCI system was 
operating as expected in the offline scenario.  The platform of 
the ball game was controlled to move left and right 
corresponding to the recorded data (resting or imagined hand 
movement) that is fed into the system. 
 

 
 

Figure 2: Screen shot of the ball game in BrainBay 
 

4. Discussion 
 
4.1 Result of SVM classification 
 
Classification results from subject 1 and 2’s data were below 
80% for all activities.  For subject 3, 4 and 5 the classification 
accuracies were above 85% for imagined hand movement.  
The difference may be due to inter-subject variability of EEG, 
or difference in subject’s scalp thickness, and hence EEG may 
not fully propagate to the pre-frontal area in some subjects, 
therefore EEG changes are harder to detect. 

 
Table 2: Table showing the percentage of correct classification for each pair of activities in subject 3.  Activities with correctness  
              above 80% are highlighted. 
 

  
Tasks 

eyes 
open 

eyes 
close 

relax 
listen 

relax 
imagine 

rock 
listen 

rock 
imagine addition 

LH 
move 

LH 
imagine 

RH 
move 

RH 
imagine 

1 
eyes 
open 0 97.36 72.36 70.42 63.57 57.5 75.07 87.89 88.31 86.67 88.13 

2 
eyes 
close 97.36 0 93.89 95.83 95 94.44 92.77 82.76 86.23 82.53 86.13 

3a 
relax 
listen 72.36 93.89 0 53.89 52.29 53.89 64.58 73.89 72.92 75.14 73.06 

3b 
relax 

imagine 70.42 95.83 53.89 0 56 50.69 62.22 73.89 73.47 69.72 70.83 

4a 
rock 
listen 63.57 95 52.29 56 0 48 68.86 76.43 76.57 76.29 73.86 

4b 
rock 

imagine 57.5 94.44 53.89 50.69 48 0 64.17 74.86 74.58 75.28 74.86 

5 addition 75.07 92.77 64.58 62.22 68.86 64.17 0 59.47 56.62 57.6 56.53 

6a 
LH 

move 87.89 82.76 73.89 73.89 76.43 74.86 59.47 0 49.34 55.2 53.47 

6b 
LH 

imagine 88.31 86.23 72.92 73.47 76.57 74.58 56.62 49.34 0 54.93 51.33 

7a 
RH 

move 86.67 82.53 75.14 69.72 76.29 75.28 57.6 55.2 54.93 0 53.47 

7b 
RH 

imagine 88.13 86.13 73.06 70.83 73.86 74.86 56.53 53.47 51.33 53.47 0 



       The high classification accuracies for 3 out of 5 subjects 
in imagined hand movement activity correspond with results 
from previous research [3] that motor imagery tasks induce a 
change in EEG activity in the sensorimotor cortex.  This 
suggests that changes in EEG from sensorimotor cortex could 

be detectable from the pre-frontal scalp, or that there are 
prefrontal activities actually linked with motor movement.  
The classification accuracy of above 85% shows that pre-
frontal EEG is a possible candidate for use as control inputs in 
BCI system.  

 
 
Table 3: Table showing the percentage of correct classification for each pair of activity in subject 4.  Activities with correctness  
              above 80% are highlighted. 
 

  
Tasks 

eyes 
open 

eyes 
close 

relax 
listen 

relax 
imagine 

rock 
listen 

rock 
imagine addition 

LH 
move 

LH 
imagine 

RH 
move 

RH 
imagine 

1 
eyes 
open 0 53.23 68.73 75 61.57 67.15 83.74 83.75 88.93 92.78 92.94 

2 
eyes 
close 53.23 0 65.7 72.15 54.33 63.82 83.12 84.24 86.8 89.3 92.38 

3a 
relax 
listen 68.73 65.7 0 53.45 56.87 60.99 61.69 64.72 65.7 62.96 60.77 

3b 
relax 

imagine 75 72.15 53.45 0 64.63 68.68 59.17 55.83 60 55.63 56.25 

4a 
rock 
listen 61.57 54.33 56.87 64.63 0 50.07 72.76 77.61 83.21 80.45 82.84 

4b 
rock 

imagine 67.15 63.82 60.99 68.68 50.07 0 66.25 78.26 83.26 81.88 85.21 

5 addition 83.74 83.12 61.69 59.17 72.76 66.25 0 75.63 80.53 68.54 74.13 

6a 
LH 

move 83.75 84.24 64.72 55.83 77.61 78.26 75.63 0 51.6 63.82 63.75 

6b 
LH 

imagine 88.93 86.8 65.7 60 83.21 83.26 80.53 51.6 0 66.6 66.8 

7a 
RH 

move 92.78 89.3 62.96 55.63 80.45 81.88 68.54 63.82 66.6 0 49.87 

7b 
RH 

imagine 92.94 92.38 60.77 56.25 82.84 85.21 74.13 63.75 66.8 49.87 0 
 
 
Table 4: Table showing the percentage of correct classification for each pair of activity in subject 5.  Activities with correctness  
              above 80% are highlighted. 
 

  
Tasks 

eyes 
open 

eyes 
close 

relax 
listen 

relax 
imagine 

rock 
listen 

rock 
imagine addition 

LH 
move 

LH 
imagine 

RH 
move 

RH 
imagine 

1 
eyes 
open 0 55.14 69.84 74.19 75.45 80.36 90.86 85.32 85.77 93.59 93.51 

2 
eyes 
close 55.14 0 69.92 73.53 79.45 77.03 90.55 85.91 85.92 92.18 90.95 

3a 
relax 
listen 69.84 69.92 0 53.67 58.91 59.14 76.25 71.02 67.34 78.59 72.97 

3b 
relax 

imagine 74.19 73.53 53.67 0 50.64 51.91 69.56 64.26 65.51 74.26 67.94 

4a 
rock 
listen 75.45 79.45 58.91 50.64 0 47.91 63.36 63.09 55.45 72.36 60.45 

4b 
rock 

imagine 80.36 77.03 59.14 51.91 47.91 0 68.55 60.65 61.67 74.28 62.10 

5 addition 90.86 90.55 76.25 69.56 63.36 68.55 0 54.68 58.73 56.20 49.86 

6a 
LH 

move 85.32 85.91 71.02 64.26 63.09 60.65 54.68 0 49.86 60.99 54.05 

6b 
LH 

imagine 85.77 85.92 67.34 65.51 55.45 61.67 58.73 49.86 0 60.56 54.44 

7a 
RH 

move 93.59 92.18 78.59 74.26 72.36 74.28 56.20 60.99 60.56 0 55.21 

7b 
RH 

imagine 93.51 90.95 72.97 67.94 60.45 62.10 49.86 54.05 54.44 55.21 0 



       However, additional monitoring of EMG is necessary to 
confirm that there were no muscle tensions or movements for 
the imagined movement tasks.       
       The classification results were unsuccessful for 2 out of 
the total 5 subjects, which implied that the envisaged system 
would work only for a limited subset of patients.  
Nevertheless, BCI systems tend to be very subject specific 
and one would expect a BCI system to work well for some of 
the population but not others.  In addition, subjects used for 
the experiments were untrained.  Training helps to shape the 
EEG features for better classification, giving better results.  
Most current BCI systems require subject-training period for 
the system to work.  
 
4.2. Result of offline BCI testing 
 
Offline BCI testing shows that actuation of the ball game 
corresponds to the different EEG data fed into the system.  
This suggests that pre-frontal EEG, imagined hand movement 
tasks, and the SVM classifier is a possible method for 
implementation of a practical two-choice BCI system.  
 

5. Conclusion 
 
This is the first study that attempts to classify mental states 
using single-channel (Fp1-Fp2) EEG for use in BCI 
implementation.  The SVM classification results indicate that 
mental activities of imagined left and right hand movement 
(clenching a ball) was detectable from pre-frontal EEG in 3 
out of 5 subjects with above 85% accuracy.  Testing the 
offline BCI system also shows that pre-frontal EEG is a 
possible candidate for a two-choice BCI implementation.  
However, further work should be done to implement the 
system in real time in order to build a practical BCI system.  
A BCI system using pre-frontal EEG will facilitate a more 
convenient BCI system for average home use.   
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