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ABSTRACT  

This study investigates on aesthetics preference measurement of human using electroencephalogram (EEG) for 
virtual motion 3D shapes. The 3D shapes are generated using the Gielis superformula in bracelet-like shapes. EEG signals 
were collected by using a wireless medical grade EEG device, B-Alert X10 from Advance Brain Monitoring. Wavelet 
transforms were used to decompose the signals into 5 different bands, alpha, beta, gamma, delta and theta. Linear 
Discriminant analysis (LDA) and K-Nearest Neighbor (KNN) were used as classifiers to train and test different 
combinations of the features. Classification accuracy of up to 82.14% could be obtained using KNN with entropy of beta, 
gamma, delta and theta rhythms as features from channels Fz, POz and P4. 
 
Keywords: aesthetics preference, electroencephalogram, brain computer interface, wavelet transform, 3-Dimensional design, K-nearest 
neighbor, linear discriminant analysis.  
 
INTRODUCTION 

Aesthetics experience brings across mind 
pleasure towards humans. Aesthetics is one of the 
important features in product design and system 
development where aesthetic products are perceived to 
have better usability [1].   

Aesthetics are often related with emotion. Brown 
and Dissanayake [2] claim that, aesthetics experiences are 
closely related with human emotion. Several researchers 
[3], [4] suggested that human emotion could directly 
influence aesthetics preference. Some studies have been 
conducted to recognize human preference on music [5], 
images [6] and video stimuli [7]. 

Emotion is an important part of human, where 
emotion is central of homeostatic life regulating processes, 
not only for human, but all living creatures [8]. Humans 
conceive emotion as part of daily life. Numerous studies 
were conducted to recognize human emotion [9], [10], 
[11], [12]. The recognition of human emotions enables a 
better guiding and aiding throughout the experience of 
using computer machine.  

The frontal lobe plays an important role in 
activities reflect emotions [11], [12], [13]. Wang et al. [11] 
also show that activities in parietal lobe could be related 
with emotion. Cela-Conde et al. [14] claim that the 
prefrontal cortex is related to aesthetics experiences. 

Most of the studies in preference are focused on 
music, images, and videos. In this study, 3-dimensional 
(3D) motion stimuli are used to elicit human aesthetics 
experiences. The literature review on preference extraction 
on 3-dimensional (3D) is limited. Several researches show 
that there are differences in brain activities during viewing 
2-dimensional (2D) and 3D stimuli [15], [16]. Todd [16] 
mentioned that perceiving 3D stimuli involve both dorsal 
and ventral pathways, where the dorsal pathway involves 
the occipital and parietal lobe, while the ventral pathway 
involves the median temporal lobe and dorsal pathway.  

The challenges in recognizing aesthetic 
preference is that aesthetic experiences are not always 

conscious, aesthetic experiences turn into the conscious 
when the aesthetic experience is extreme [17], whereas [4] 
suggested that there is an unconscious rule when selecting 
the preference. 

In this study, an electroencephalogram (EEG) 
device is used to acquire human brain activities during 
viewing 3D stimuli, the acquired signals then undergoes 
processing and feature extraction to obtain important 
features. The features are used to train two types of 
classifiers. The Linear Discriminant Analysis (LDA) and 
K-Nearest Neighbor (KNN) methods are used to classify 
the features into 2 classes, like and dislike to indicate the 
preference. 
 
DATA ACQUISITION 

The detail information on acquisition process is 
as shown in Figure-1. 
 

 
 

Figure-1. The detail on acquisition process. 
 

In each trial, there are 3 main states, resting, 
viewing and rating state. During resting state, a blank 
screen is displayed to subject for 3 seconds to avoid any 
brain activities related to previous trial.  

During viewing state, a 3D motion shape is 
displayed to subject. The shape is moving in a rotating 
way to enable subjects in viewing the shapes from 
different angles. The shape is displayed at a minimum of 5 
seconds and a maximum of 15 seconds, whereby the time 
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of viewing is decided by the subject. A minimum of 5 
seconds are compulsory for all shapes, the subject are free 
to proceed to next state after 5 seconds. However, after the 
maximum time of 15 seconds, the system will 
automatically proceed to the next state. The decision of 
allowing the subject on deciding the viewing time is to 
reduce subject waiting time as well as reduce fatigue level 
of subject. Numerous studies reported that Interactive 
Evolutionary Computation (IEC) caused fatigue on 
subjects [18]. The subject is required to complete a 
monotonous and repetitive task during the experiment 
which caused the subject to get bored [19] and further 
leads to fatigue [20]. 

Rating state is displayed to user for 6 seconds. In 
this state, a 5-point scale (1: like very much, 2: like, 3: 
undecided, 4: do not like, 5: do not like at all) is displayed 
to subject together with a remainder on the remaining 
time. 

All 3 states are repeated for 60 times to view 60 
3D shapes while the minimum time of each trial is set to 
14 seconds and the maximum time of each trial is set to 24 
seconds, so the time for a subject to complete the 
experiment is within 14 to 24 minutes. 

The acquisition process consists of 3 main 
factors, the subject, stimuli and acquisition device. The 
following sub-sections explain the details on the 3 main 
factors. 
 
The subjects 

5 subjects (3 females and 2 males) with an age 
range of 22-26 (mean=22.8) are involved in the acquisition 
process in this experiment.  

All the subjects are interviewed to ensure there is 
no history of psychiatric illness and had normal or 
corrected-to-normal vision. A brief introduction is given to 
the subjects which includes the aim and the design of the 
study. The subjects are advised to minimize their 
movement and not to touch or put their hands on their 
faces during the whole process acquisition to reduce 
artifacts on the EEG signals. 
 
3D stimuli 

60 3D shapes as shown in Figure-2 are used as 
stimuli to elicit human aesthetics experience. 

The 3D shapes are designed to have a bracelet-
like shape which is generated by using the Gielis 
superformula [21] as shown in (1).  
 

 

 

(1) 
 
 

By multiplying an additional superformula using 
spherical product as shown in (2), (3) and (4), the 
generated shapes are extended to 3D. 
 

 
 

Figure-2. The 3D stimuli used for acquisition. 
 

 

    cos)(cos)(x 21  rr       (2) 
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To generate 3D shapes with different properties 

using the Gielis superformula, 10 parameters (m1, n11, 
n12, n13, m2, m21, m22, m23, c, and t) are required. Most 
of the parameters to generate the shape are randomized. 
However, to avoid the generated shape running out of 
bracelet-like shape, the random values are fixed within a 
range. The parameter m1, n11, n13, m2, m21, and m23 are 
fixed at the range from 0 to 20. While for parameters n12 
and n22 are fixed at the range from 15 to 30. The 
parameter c is fixed at the range from 1 to 10 and the 
parameter t is fixed at 5.5 to maintain the radius of the 
shapes. 

The 3D shapes are virtually displayed on a 
computer screen with rotation on the shapes to allow 
subjects to view the shapes at different angles. 
 
Acquisition device 
  A medical grade wireless EEG device from 
Advance Brain Monitoring (ABM), B-Alert X10 as shown 
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in Figure-3(a) with 9 electrodes channels is used to acquire 
EEG signals from the subjects. The sampling rate of B-
Alert X10 is 256Hz with 16 bits. 

The electrodes positions (i.e. F3, Fz, F4, C3, Cz, 
C4, P3, POz and P4) are based on international 10-20 
electrode placement system as shown in Figure-3(b) with 
2 reference electrodes placed on left and right mastoid 
bone. 
 

 
 

Figure-3. (a) The ABM b-alert X10 headset. (b) Electrode 
positions of ABM b-alert X10 according to international 

10-20 electrode placement system. 
 

SIGNAL PROCESSING AND FEATURE 
EXTRACTION 

Software Development Kits (SDK) of B-Alert 
X10 which provided by ABM is available in MATLAB. 
The acquired EEG signals are decontaminated internally 
by the SDK. The artifacts include EMG 
(electromyography), eye blinks, excursions, saturations 
and spikes are removed from the EEG signals, whereas 
artifacts such as excursions, saturations and spikes in the 
EEG signals are replaced by zero values. The 
decontamination algorithm removes environmental 
artifacts by applying a 60 Hz notch filter, where artifacts 
such as excursions, saturations and spikes are analyzed in 
the time domain. The EEG signals are then deconstructed 
using wavelet transformation to remove EMG and eye 
blink activities [22]. To remove the zero values, nearest 
neighbor interpolation (NNI) [23] is then applied to the 
EEG signals. 

5 frequency rhythms include alpha, beta, gamma, 
theta and delta are interest features in the signals.  

The feature extraction is based on Discrete 
Wavelet Transform (DWT). DWT decomposes EEG 
signals into approximation coefficients and detailed 
coefficients. Daubechies’ 4 discrete wavelet (db4) wavelet 
function is used to decomposing EEG signals into 5 levels 
(see Table-1) to obtain alpha, beta, gamma, theta and delta 
rhythms. Wavelet function db4 is typically chosen for its 
near optimal time-frequency localization properties [24].  

 
 
 
 
 

Table-1. Decomposition of EEG signals. 
 

 
 

Entropy is then calculated for 5 rhythms, alpha, 
beta, gamma, theta and delta rhythms.  
 
 CLASSIFICATION 

The classifiers used in this study are Linear 
Discriminant Analysis (LDA) [25] and K-Nearest 
Neighbor (KNN) [26] for classifying 2 discrete 
preferences, like and dislike. An LDA finds the optimal 
hyper-plane to separate the classes, while KNN classified 
based on the k nearest objects. The nearest neighbor of 
KNN are tested using different values from 2-10 and the 
value of 8 which achieved the maximum classification 
accuracy is selected. 

Table-2 shows the training and testing features 
(F) for each of the subjects. In the training set, the number 
of data of like and dislike are 79 and 102 respectively. In 
the testing set, the number of data of like and dislike are 
16 and 40 respectively. The total of training data is 181 
and the total of testing data is 56. 

The Like class refers to trials rated at 4: Like and 
5: Like very much. Meanwhile, the Dislike class 
correspond to the trials rated as 1: do not like at all and 2: 
do not like. The neutral class corresponding to rating at 3: 
Undecided, where neutral is not included in the training 
and testing in classifiers. The ratio of training to testing 
cases of the data is 3:1. 

 
Table- 2. Training and testing feature. 

 

 
 
RESULTS AND DISCUSSION 

The classification accuracy with different 
combinations of entropy on the rhythms for all electrode 
channels and all frontal channels (see Table-3). 
 



                             VOL. 10, NO. 22, DECEMBER 2015                                                                                                            ISSN 1819-6608            

ARPN Journal of Engineering and Applied Sciences 
 

©2006-2015 Asian Research Publishing Network (ARPN). All rights reserved.

 
www.arpnjournals.com 

 

 
10748

Table-3. Classification accuracy of LDA and KNN using 
all channels and all frontal channels. 

 

 
 

where α represents alpha, β represents beta, θ 
represents theta, γ represents gamma, and δ represents 
delta rhythm bands respectively. 
 

The highest accuracy for using rhythms from all 
channels is 73.21% by using LDA with the entropy of the 
alpha rhythm. The lowest accuracy for using rhythms from 
all channels is 46.43% using LDA with the entropy of the 
beta, theta and gamma rhythms. The performance of KNN 
is better than LDA with mean accuracies of 62.13% and 
57.29% respectively. 

The accuracies of using entropy from all the 
frontal rhythms range from 55.36% to 71.43%. The 
highest accuracy for rhythms from all frontal channels is 
71.43% by using LDA with the entropy of the delta 
rhythm. The performance of KNN is better than LDA with 
mean accuracies of 60.57% and 59.43% respectively. 

The left and right frontal activities are related 
with emotion where the left frontal activation is related 
with positive emotion while the right frontal activation is 
related with negative emotion [26]. The left and right 
frontal channels are channels F3 and F4 respectively. 
Channel F3 was selected based on [14], which showed 
prefrontal cortex activities is related to aesthetics 
experiences. The classification accuracy using different 
frontal lobe is as shown in Table-4. 
 

Table-4. Classification accuracy of LDA and KNN using 
different frontal lobe channels. 

 

 
 

where α represents alpha, β represents beta, θ 
represents theta, γ represents gamma, and δ represents 
delta rhythm bands respectively. 
 

Using the entropy from channels F3 and F4 
yielded accuracies that ranged from 53.57% to 71.43% 
with LDA while 51.79% to 69.64% was obtained with 
KNN. From the observations, the accuracy of using the 
entropy from all the frontal channels does not shows any 
improvements compared to the other channels. 

Meanwhile, the use of the entropy from the F3 
channel yielded an accuracy of up to 75% by using the 
entropy of all the interested rhythms and also the entropy 
of the alpha, gamma and theta rhythms with KNN. The 
lowest accuracy is 53.57% by using the entropy of the 
delta rhythm with KNN. 

From the observations, classifications based on 
combinations of channels at the parietal and frontal lobes 
especially Fz, POz and P4 achieved an accuracy of up to 
82.14%. The combinations of channels from the frontal 
and parietal lobes which achieved the minimum accuracy 
of 78.57% are as shown in Tables-5 and 6. 
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Table-5. Classification accuracy of LDA and KNN using 
channel POz and P4, and Fz and POz. 

 

 
 

where α represents alpha, β represents beta, θ 
represents theta, γ represents gamma, and δ represents 
delta rhythm bands respectively. 
 

The use of the entropy from channels POz and P4 
yielded accuracies that ranged from 64.29% to 78.57% 
using LDA and 55.36 to 73.21% for KNN. The highest 
accuracy is 78.57% which was obtained using the entropy 
of the alpha, gamma and beta rhythms using LDA, while 
the lowest accuracy is 55.36% which was obtained using 
the entropy of the alpha and delta rhythms with KNN. 

The use of the entropy from channels Fz and POz 
yielded an accuracy of up to 78.57% using the entropy of 
the alpha rhythm with KNN. The use of LDA to classify 
the entropy from channels Fz and POz obtained accuracies 
that ranged from 53.57% to 73.21% and the use of KNN to 
classify the entropy from channels Fz and POz obtained 
accuracies that ranged from 57.14% to 78.57%. The 
lowest accuracy is 53.57% which was obtained using the 
entropy of the beta, gamma and theta rhythms using LDA. 

 
 
 
 

Table-6. Classification accuracy of LDA and KNN using 
channel Fz and P4, and Fz, POz and P4. 

 

 
 

where α represents alpha, β represents beta, θ 
represents theta, γ represents gamma, and δ represents 
delta rhythm bands respectively. 
 

The use of the entropy from channels Fz and P4 
achieved accuracies that ranged from 55.36% to 73.21% 
using LDA and 55.36% to 80.36% using KNN. The 
highest accuracy is 80.36% which was obtained using the 
entropy of the beta, gamma, theta and delta rhythms. 
Meanwhile, a high accuracy of 78.57% was obtained 
through using the entropy of all the rhythms, the entropy 
of the theta and delta rhythms, and also the entropy of the 
beta, theta and delta rhythms. 

Meanwhile, the use of the entropy from channels 
Fz, POz and P4 achieved accuracies that ranged from 
53.57% to 73.21% using LDA and 55.36% to 82.14% 
using KNN. The highest accuracy is 82.14% which was 
obtained using the entropy of the beta, theta and delta 
rhythms, whereas an accuracy of 78.57% was obtained 
using the entropy of the gamma, theta and delta rhythms 
with KNN and also the beta, theta and delta rhythms with 
KNN. Furthermore, the lowest accuracy is 53.21% which 
was obtained using the entropy of the alpha, beta and theta 
rhythms with LDA. 

The confusion matrix of the like class of the 
highest accuracy of 82.14% is as shown in Table-7. 
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Table-7. Confusion matrix on the highest accuracy 
obtained. 

 

 
 

The total testing data were 56, the number of true 
positive, false negatives, false positives and true negatives 
were 10, 6, 4 and 36 respectively.  

The entropy of rhythms from Fz, POz and P4 are 
informative in a way that the combination achieved an 
accuracy of 78.57% and above. This is probably because 
of the dorsal pathway involve parietal lobe and channel 
POz, where channel POz is also known as parieto-occipital 
midline which believed to involve in processing 3D shapes 
from motion [27]. Meanwhile, both the parietal and frontal 
lobes are believed to be involved in directing attention to 
spatial location, especially the right parietal lobe [28].  
 
CONCLUSIONS 

This study investigated the preference of human 
subjects on 3D abstract shapes using an EEG acquisition 
device to capture brain signals.  

The ABM B-Alert X10 device with 9 electrode 
channels was used as acquisition device. DWT technique 
is then applied to obtain alpha, beta, gamma, theta and 
delta rhythms. Then the entropy of the rhythms was 
calculated for each of the rhythms. LDA and KNN 
classifiers were used to train and test the system using 
different combination of rhythms and channels.  

The highest accuracy obtained was 82.14% using 
the entropy of the beta, gamma, theta and delta rhythms of 
channel Fz, POz and P4 with KNN, where the use of the 
entropy from the combination of channels Fz, POz and P4 
were able to achieve an accuracy of 78.57% and above. 
The results suggest that channels POz, P4 and Fz were 
more informative in classifying human visual preference 
in 3D.  

In future, we plan to develop a real-time human 
visual preference detection system in 3D. 
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