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Abstract—Brain Computer Interfaces (BCI) enables
interaction between users and hardware systems, through the
recognition of brainwave activity. However, the current BCI
systems still have a very low accuracy on the recognition of
facial expressions and thoughts. This makes it very difficult to
use these devices to enable safe and robust commands of
complex devices such as an Intelligent Wheelchair. This paper
presents an approach to expand the use of a brain computer
interface for driving an intelligent wheelchair by patients
suffering from cerebral palsy. The approach was based on
appropriate signal preprocessing based on Hjorth parameters,
a forward approach for variable selection and several data
mining algorithms for classification such as naive Bayes,
neural networks and support vector machines. Experiments
were performed using 30 individuals suffering from IV and V
degrees of cerebral palsy on the Gross Motor Function (GMF)
measure. The results achieved showed that the preprocessing
and variable selection methods were effective enabling to
improve the results of a commercial BCI product by 57%.
With the developed system it was also possible for users to
perform a circuit in a simulated environment using just facial
expressions and thoughts.
Keywords – Brain Computer Interface; Cerebral Palsy;
Intelligent Wheelchairs; Facial Expressions; Thoughts.

I.

INTRODUCTION

The studies of the electrical signals produced by the brain
are addressed both to the brain functions and to the status of
the full body [1]. By applying digital signal processing
methods to the electroencephalogram (EEG) signals obtained
by the brain activity it is possible, for example, to obtain
patterns for diagnosis and treatment of brain disorders.
The beginning of research in terms of number of
electrical signals emitted by the nerves of the muscles goes
back to the nineteenth century with Carlo Matteuci and Emil
Du Bois Reymond [2]. Although the research in this area
never stopped, the first experiments of EEG on humans
belong to Hans Berger in 1929. Besides all the interesting
research approaches he also found the correlation between
the mental activities and the changes in the EEG signals

making possible the creation of new human-machine
interactions. The communication devices based on EEG are
known today as Brain-Computer Interfaces (BCI), mostly
based on the research developed in the seventies at the
University of California, Los Angeles and consequently
scientific papers that marked the first appearance of the
Brain-Computer Interface research area in the literature [3]
[4].
Cerebral Palsy (CP) is the term used for a group of nonprogressive disorders of movement and posture caused by
abnormal development of, or damage to, motor control
centers of the brain. CP is caused by events before, during or
after birth [5]. The abnormalities of muscle control that
define CP are often accompanied by other neurological and
physical abnormalities [6]. These physical constraints limit
the daily life in terms of independence and autonomy.
Therefore it is necessary to develop assistive technologies to
minimize mobility problems and to overcome some
restrictions of patients.
Assistive Technologies are defined as any product,
instrument, equipment or adapted technology specially
planned to improve the functional levels of the individual
with deficiency [7]. Wheelchairs are examples of this kind of
products. The evolution of wheelchairs allows today having
more sophisticate equipment and interfaces. The term
intelligent wheelchair is more common and in the scientific
community more attention is given to these brands of
instruments. However most of the studies do not include
experiments with real patients and the works are confined to
the research labs.
The work presented in this paper combines the
knowledge discovery process, more precisely the process of
acquiring and selecting variables, the experiments with real
patients and the integration of a brain computer interface that
allows driving an intelligent wheelchair.
The paper is organized as follows. After this introductory
section, the second section describes the BCI concept and the
state of art of applications made using intelligent
wheelchairs. The third section briefly describes our
intelligent wheelchair project and our approach on applying
knowledge discovery techniques to improve the use of facial

expressions and thoughts as inputs for driving an intelligent
wheelchair. Experiments and results are presented at section
four and finally conclusions and future work are presented in
the last section.
II.

BRAIN COMPUTER INTERFACE

A Brain Computer Interface (BCI) is a type of device
which allows interaction between users and computer
systems, through the recognition of brainwave activity.
Normally, brain computer interfaces are used in medical
contexts, with the objectives of augmenting cognitive and
sensory-motor functions. BCIs can be classified in different
categories [8]:
• Invasive/Non-Invasive - this classification refers to
how the BCI is placed to obtain the brain activity.
Invasive and partially-invasive BCIs require medical
and surgical intervention, since they are implanted in
the user's brain. Non-invasive BCIs do not require
brain implants. However, non-invasive BCIs are less
effective when compared to invasive BCIs, since the
obtainable signal of brainwave activity is weaker.
• Dependent/Independent – if a BCI involves a certain
level of motor control from the user it is called a
dependent BCI. On the other hand if it is not
necessary any motor control from the users it is
called an independent BCI.
• Synchronous/Asynchronous - the computer drives
synchronous systems by giving the user a cue to
perform a certain mental action and then recording
the user's EEG patterns in a fixed time-window.
Asynchronous systems are determined by the user
and operate by passively and continuously
monitoring the user's EEG data and attempting to
classify it in the moment.
The next subsections present a brief description of the
biological matter of neural activity, the rhythmic that can be
acquired and the techniques for measuring the brain activity.
A. Neural Activity
The central nervous system (CNS) is the part of the
nervous system that integrates the information which is
received from all parts of the body and coordinates all the
activity [1]. Basically the CNS is made of the brain and
spinal cord. It is composed of axons, dendrites and cell
bodies. An axon (or nerve fiber) is usually long and thin.
Typically, it conducts electrical impulses away from the
neuron's cell body. Dendrites are normally shorter, become
thinner with distance and are branched projections of a
neuron that acts in order to conduct the electrochemical
stimulation received from other neural cells to the cell body
of the neuron from which the dendrites project [1]. Axons
are different from dendrites in several features, including
shape, length in which dendrites are restricted to a small
region around the cell body while axons can be much longer,
and function where dendrites usually receive signals while
axons usually transmit them.
Axons make contact with other cells, usually other
neurons but sometimes muscle or gland cells, at junctions
called synapses. At a synapse, the membrane of the axon

closely adjoins the membrane of the target cell, and special
molecular structures serve to transmit electrical or
electrochemical signals across the gap.
In the human brain each nerve is connected to thousands
of other nerves [1]. An EEG signal is the measurements of
the activity that flows during the synaptic excitations of the
dendrites of many neurons in the brain [1]. When the
neurons of the brain are activated the synaptic flow is
produced in the dendrites. With this current it is generated a
magnetic field which can be measured by an
electromyogram or a secondary electrical field over the scalp
measured by EEG systems [1].
Since the human head is composed of different layers
such as scalp, skull, brain and other kind of thin layers, the
signal measured at the scalp is attenuated. For that reason
and because of the internal, external and system noises,
recording electric measures using the scalp electrodes are
only viable in areas of large populations of bouncing
neurons. Then it is necessary to amplify these signals in
order to display the information [9].
The EEG signals can be recorded from electrodes that are
place on the scalp of the human brain. In order to ensure the
reliability of the studies in terms of reproducibility over time
and subjects it was implemented the International 10-20
system [10].
B. Intelligent Wheelchairs and Brain Computer Interfaces
An Intelligent Wheelchair (IW) is a locomotion device to
assist a user having some kind of physical disability, where
an artificial control system augments or replaces the user
control [11][12]. The main objective is to reduce or eliminate
the user's task of having to drive a motorized wheelchair.
Usually, an IW is controlled by a computer, has a set of
sensors and applies techniques derived from mobile robotics
research in order to process the sensor information and
generate the motors commands.
The idea of integrating brain computer interfaces in
intelligent wheelchairs was already present in several works
in the literature that explored distinct approaches to this
subject. The wheelchair prototype developed by the LURCH
project [13] uses a non-invasive BCI that allows the user to
drive the wheelchair. By using a headset equipped with a
number of electrodes, the user can train thought patterns that
will be associated to a certain output action. In spite of being
in a premature state of development, this technology might
be of good use for medical purposes, namely for severely
disabled individuals.
The Maia project is a European project aiming at the
development of an electroencephalography-based braincomputer interface for controlling an autonomous wheelchair
[14]. The wheelchair control has automatic obstacle
avoidance and is also capable of following walls. The user
can control the wheelchair movement giving commands such
as "go back" or "go right".
Blatt et al. [15] proposed a slightly different approach
enabling a user to drive an intelligent wheelchair, using a
BCI. In this work, instead of performing high-level
commands, the user should continuously drive the
wheelchair.

Another project under development at the National
University of Singapore consists of an autonomous
wheelchair controlled through a P300-based BCI [16]. The
main limitation of this project is that the wheelchair
movements are limited to predefined paths. The user selects
a destination, and the wheelchair automatically calculates the
trajectory to the desired place. If an unexpected situation
occurs, the wheelchair stops and waits for further commands.
Unfortunately, some problems may arise while trying to
use a BCI in a complex task such as controlling a wheelchair.
Brain activity varies greatly from individual to individual,
and a person's brain activity also changes substantially over
time [17]. These obstacles make it difficult to develop
systems that can easily understand the user intentions,
especially for long periods of time. Also, long periods of
training are necessary before a user can correctly use a BCI
to control a specific device [17].
The group of patients suffering from cerebral palsy is
also very challenging. Although it is possible to make a
classification of the level of severity, people suffering from
cerebral palsy are very heterogeneous. However, most of the
work and applications of brain computer interfaces to drive
wheelchairs do not consider the specificities of this
population which needs this kind of assistive technology.
III.

KNOWLEDGE DISCOVERY AND EEG APPLICATIONS FOR
DRIVING AN INTELLIGENT WHEELCHAIR

A. IntellWheels Project
The IntellWheels project consists of an intelligent
wheelchair platform that may be easily adapted to any
commercial wheelchair and aid any person with special
mobility needs [18] [19]. The first prototype developed was
focused on the development of the modules that provided the
interface with the motorized wheelchair electronics using a
portable computer and other sensors. Several different
modules have been developed in order to allow different
ways of conveying commands to the intelligent wheelchair.
A multimodal interface was developed to drive the IW as can
be observed in Figure 1. There are several inputs that allow
this such as voice commands, joystick, buttons and head
movements [20]. It is also possible to combine all the inputs,
for example it is possible to push a button and say “go” for
the IW follow right wall. Recently it was integrated a brain
computer interface (Emotiv System [21]) enabling to drive
the IW also with facial expressions and thoughts.
Regarding the use of facial expressions to control the IW,
from the multimodal interface perspective, only the
expression identified is acquired, along with the system
uptime, but in order to connect the BCI to the multimodal
interface application, an additional application was necessary
[22]. On this bridge application it is possible to collect data
from several variables. This bridge application connects to
the multimodal interface as a client and sends the recognized
facial expressions to be used as inputs in the multimodal
interface. This allows associating a high-level order to an
expression or sequence of expressions on the multimodal
interface. The bridge application accepts the facial
expression recognized as valid, if during a defined period of

time the expression is detected a certain amount of time with
a recognition percentage that exceeds a defined threshold.

Figure 1. Intelligent Wheelchair Multimodal interface.

However, the accuracy for identifying expressions and
thoughts is very low with users suffering from cerebral palsy.
For that reason it was acquired the raw data and several
techniques were applied such as preprocessing techniques
and variable selection and data mining in order to produce a
better model for classification.
Besides constructing the real prototype, a simulator was
also developed in the context of IntellWheels project [20].
All the characteristics and motions of the real IW could be
performed in a very similar way in the simulated
environment. On the simulator, an intelligent wheelchair was
modeled including exactly the same sensors as the real
wheelchair. This enabled to use the multimodal interface to
control both the real and simulated wheelchair just changing
a simple configuration parameter. Figure 2 shows the real
and the simulated prototype of the intelligent wheelchair.

Figure 2. Real prototype (a) and simulated model (b) of the intelligent
wheelchair.

The importance of the simulator is huge, since it enables
to test algorithms and methodologies in a safe and low cost
manner.
B. Approach for applying EEG signals
One of the main objectives of using EEG signals may be
to facilitate the communication between a machine and

people with severe limitations. The process of EEG based
control should follow several phases to give the commands
to the controller. The phases can be integrated in the process
of knowledge discovery.
1) EEG data acquisition and data selection
The data acquisition was made using a brain computer
interface available for research edition: Emotiv System [21]
[23].
The headsets are wireless and use a proprietary USB
dongle to communicate using the 2.4GHz band. The headsets
contain a rechargeable 12 hour lithium battery, 14 EEG
saline sensors and a gyroscope.
The Software Development Kit (SDK) used was the
Research SDK Edition. The description of the techniques
applied on this commercial version for recognizing thoughts
and facial expressions are not available. Only a general
description of the methods can be found in the manual [23]
and explanations in the official forum [21]. However the raw
EEG data from the device can be acquire and analyzed
enabling researchers to develop their own facial
expressions/thoughts recognition methods.
The data received by the Emotiv headset basically comes
from 14 EEG channels and from the values of the gyroscope.
In Fig. 3 it is possible to verify in the 10-20 International
System the EEG channels that are included in Emotiv
headset (signaled in grey).

raw data by some of the facial expressions acquired from the
patients.

Figure 4. Examples of the values of the EEG channels by facial
expression.

It is clear a different pattern of the EEG values during the
time of each facial expression. To extract the final features
for classification it was necessary to perform preprocessing.
Figure 3. EEG channels available in the Emotiv [Adapted from [23]].

The data selected to be analyzed are the raw data from
each sensor: AF3; F7; F3; FC5; T7; P7; O1; O2; P8; T8;
FC6; F4; F8; AF4, the values from the gyroscope and the
timestamp. The EEG signal units are microvolts and the
sampling rate is 128 Hz. There is also a partial sampling
between seconds in which is given information about all the
variables. The variables GYROX and GYROY are
horizontal and vertical accelerations from the gyroscope.
This data refers to several facial expressions and
thoughts. The initial set of facial expressions is: smile; left
smirk; right smirk; blink the eyes; blink the left eye; blink
the right eye; furrow; clench; eyebrows and normal. The
possible thoughts asked are: forward; back; left; right; left
spin and right spin. Fig. 4 shows graphical examples of the

2) Preprocessing
Several steps were performed in this phase of
preprocessing. Fig. 5 shows a general overview of these
steps.

Figure 5. Overview of the preprocessing stages.

The first step in preprocessing was to apply a mean filter
to the partial sampling of the EEG sensors as in (1) and
Gyroscope as in (2):

x EEG j =

1 k
EEG i j
∑
k i =1

(1)

xGyr j =

1 k
Gyri j
∑
k i =1

(2)

where k = 0, …,npartial sampling and j is the timestamp that
correspond to a facial expression or thought. It was necessary
to check if the expressions were performed correctly.
Next, in order to extract the features, the Hjorth
parameters [24] for each expression and thought were
calculated. The Hjorth parameters [25] present three
measures to characterize the EEG signals in terms of
amplitude, time scale and complexity [26]. These parameters
can discriminate between mental states. The parameters are:
Activity (Ac) – it is a measure of the mean power of the
signal. It is measure using the standard deviation of the
signal:
i
S Ac
=

1 l
(S i − S i )
∑
l i =1

(3)

where l is the amplitude of time corresponding to the
facial expression or thought; i=1,…16 and S is the signal.
Mobility (Mo) – it represents the mean frequency in the
signal. This measure can be calculated as the ratio of the
standard deviation of the slope (
deviation of the signal as in (3)
i
S Mo
=

S di
i
S Ac

S di ) and the standard
(4)

Complexity (Co) – the objective with this measure it is to
capture the deviation from the sine wave (the softest possible
curve). It is expressed as the number of the standard slopes
actually seen in the signal during the average time required
for one standard amplitude deviation. Equation 5 allows
calculating the complexity:
i
S Co
=

i

i
S dd
i
S Ac

(5)

where S dd is the standard deviation of the second
derivative of the EEG signal.
At this stage the dataset as composed of the Hjorth
Parameters for all EEG and gyroscope values as features and
the class composed of all valid expressions and thoughts.
After the first experiments it was also necessary to apply
an optimized selection of variables eliminating irrelevant and
redundant features. Fig. 6 shows an example of the variation
of the Hjorth parameters and the differences between each
facial expression using the error bars.

Figure 6. Visualization of different patterns of facial expressions using
the Hjorth parameters.

Therefore the procedure of optimized selection of
variables performs feature selection algorithm with forward
selection. The implementation was developed using
RapidMiner [27].
The forward selection is characterized for starting with
an empty selection of attributes and, in each round, it adds
every one unused attribute of the given set of examples. For
each added attribute, the performance is estimated. Only the
attribute giving the highest increase of performance is added
to the selection. Then a new round is started with the
modified selection.

Finally it was tested with 10-fold cross-validation the
best performance of models achieved by the techniques of
data mining for multiclass classification.
IV.

EXPERIMENTS AND RESULTS

An application was implemented in order to record the
raw data from the sensors as can be observed in Fig. 7. The
methodology consisted in asking to users with cerebral palsy
to mimic several facial expressions. An occupational
therapist was involved in the process and responsible for
verifying if the facial expressions were performed correctly.
This information was added to the data and only the correct
expressions were added to the final data set.

Experience, Autonomy, Independence and Constraints
Variables

n

Variables

Autonomy using wheelchair
yes
no
Independence using wheelchair
yes
no

n

Visual constraints
23
7
23
7

yes
no
Auditive constraints
yes
no

14
16
0
30

The data set for constructing the classification model has
five facial expressions types. In fact, the individuals could
not correctly perform the left and right smirks. The number
of samples of furrow, left blink and right blink was very low
and for that reason were also eliminated from the dataset.
The number of examples by each facial expression is: 20
blink; 20 clench; 14 eyebrows; 23 smiles and 30 with the
natural facial expression. In terms of thoughts all 30
examples by each though were considered.
The experiments were divided in two parts: the model for
the facial expressions and the model for the thoughts. In each
task it also performed the analysis of the accuracy with and
without preprocessing. The data mining algorithms applied
for comparison were: Naïve Bayes; Support Vector
Machines, Neural Networks, Nearest Neighbour and Linear
Discriminant Analysis. The evaluation was made using the
10-fold cross validation. Table II presents the results
achieved without optimized selection of variables.
TABLE II.

ACCURACY AND PARAMETERS FOR FACIAL EXPRESSIONS
AND THOUGHTS WITHOUT SELECTION OF VARIABLES

Accuracy of models without optimized selection of variables
Acc (%)
Expressions

Acc (%)
Thoughts

Parameters

Naïve Bayes

36,36

15,79

laplace correction

Support
Machines

28,73

15,70

Neural Netwoks

35,27

18,39

k-Nearest
Neighbour

17,64

8,68

Linear Discriminat
Analysis

25,91

23,19

Algorithms

Figure 7. Manager to log the facial expressions and thoughts

The individuals included in this study suffer from
cerebral palsy and were classified in the levels IV (23%) and
V (77%) of the Gross Motor Function Measure [28]. These
are the highest levels in the cerebral palsy severity degree.
The sample size was composed of the 30 individuals and all
require the use of a wheelchair. The mean of age was 28
years old with 73% males and 27% females. In terms of
school level 36% just have the elementary school, 27% have
the middle school, 27% have the high school and only 10%
have a BSc. The dominant hand was divided as: 50% for left,
33% for right hand and 17% did not answer. The aspects
related to experience of using manual and electric wheelchair
were also questioned. Table I shows the distribution of
answers about autonomy and independency using the
wheelchair and constraints presented by these individuals.
TABLE I.
EXPERIENCE USING WHEELCHAIR, AUTONOMY,
INDEPENDENCE AND CONSTRAINTS OF THE CEREBRAL PALSY USERS

Vector

Variables

n

yes
no

10
20

yes
no

22
8

Use electric wheelchair

Variables

Cognitive constraints
yes
no
Motor constraints
yes
no

TABLE III.

ACCURACY AND PARAMETERS FOR FACIAL EXPRESSIONS
AND THOUGHTS WITH PREPROCESSING
Accuracy of models with preprocessing

n

16
14
100
0

---

The results are significantly better with an optimized
selection of variables, where an application of neural
network can achieve 55% of accuracy (Table III). The results
of thoughts accuracy also increase, however are still very
low.

Experience, Autonomy, Independence and Constraints
Use manual wheelchair

kernel type=radial
basis function;
epsilon=0.001
training cycles=500;
learning rate = 0.3;
momentum=0.2
k=4; mixed
measure=mixed
euclidean distance

Acc (%)
Expressions

Acc (%)
Thoughts

Parameters

Naïve Bayes

54,64

23,22

laplace correction

Support
Machines

43,55

26,96

kernel type=radial
basis function;
epsilon=0.001

Algorithms

Vector

Accuracy of models with preprocessing
Acc (%)
Expressions

Acc (%)
Thoughts

55,36

27,57

k-Nearest
Neighbour

55

25,56

Linear Discriminat
Analysis

54

25,94

Algorithms

Neural Netwoks

Parameters

training cycles=500;
learning rate = 0.3;
momentum=0.2
k=4; mixed
measure=mixed
euclidean distance
---

The final experiments included both the simulator and
the shared control. It was modeled a similar scenario of the
institution where the patients used to be and it was tested the
behavior of the IW with the facial expressions and thoughts.

technologies to autonomy and independence. However there
is a group that necessity particular adaptation. In fact there
are cases which do not have cognitive deficits but severe
physical handicaps.
This paper presents an approach that provides a platform
that could be adapted to any electrical wheelchair and where
it was integrated a multimodal interface. The objective of
this multimodal interface is to give the best choice to a user
for driving the wheelchair. Since there are patients with
severe physical problems a brain computer interface was
integrated in the multimodal interface. After the first
experiments and as expected, the low accuracy of facial
expression and thoughts recognition was shown. However,
using the raw data provided by the EEG sensors, applying
appropriate signal preprocessing based on Hjorth parameters,
a forward approach for variable selection and using a neural
network it was possible to verify a substantial improvement
on the facial expressions recognition. This enabled to drive
the wheelchair using only facial expressions and thoughts.
For future work more data is going to be collected in
order to provide better classification models. An interesting
point to be tested is concerned with the adaptation of the
language for each user. This means that if a user only can
perform a single facial expression such as smiling or this is
the only expression that the classification model can accurate
predict, the concept of sequence associated to an action is
going to be applied using only the robustly detected
expressions. For example, smiling once may be associated
with going forward and smiling twice may be associated
with turning right. We believe that this will enable even
patients with very severe cerebral palsy, Parkinson disease or
even Moebius syndrome to drive our intelligent wheelchair.
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Figure 8. Snapshot of the cerebal palsy center modelled where the tests
were performed (top) and three first person view snapshots (bottom).

Ten trials were performed with real users in order to test
the system. The tests showed that it was possible to complete
the circuit using only facial expressions and thoughts as the
wheelchair inputs. The mean time for doing the circuit using
other kinds of input methods was 1’53’’ (with a standard
deviation of 1.4 seconds). With facial expressions the
average time was 5’42’’ with a standard deviation of 9.2
seconds. Finally using only thoughts as the wheelchair input
method, the average time necessary was 12’13’’ with 17.7
seconds of standard deviation. Although it was possible to
complete the circuit using thoughts, this input method is still
far from being comfortable to enable driving in a robust
manner, an intelligent wheelchair. However, there are
patients, in the group used for the tests, that are completely
unable to use any other kind of method for driving the
wheelchair in a robust manner. Thus, this method, although
not comfortable, may still be very useful.
V.

CONCLUSIONS AND FUTURE WORK

The population using electric or manual wheelchairs is
very high in the group of patients suffering from cerebral
palsy. The wheelchairs are very important assistive
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