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Abstract— A brain computer interface (BCI) holds the potential 
to allow motor-impaired individuals to perform simple daily 
tasks by translating their neural intentions into movements of a 
robotic prosthetic/orthotic hand. These daily tasks can be 
facilitated through the performance of key kinematic hand 
movements; however, few BCI studies to date focus on functional 
kinematic unilateral hand movements. This paper presents the 
first attempt to discriminate the neural control signals for 
unilateral wrist extension and flexion, finger extension and 
flexion and the tripod pinch from single-trial 
electroencephalogram (EEG). High-resolution EEG was recorded 
from test subjects as they executed and imagined five essential 
hand movements using both hands. Independent component 
analysis (ICA) and time-frequency techniques were used to 
extract spectral features based on event-related 
(de)synchronisation (ERD/ERS). The Bhattacharyya distance 
(BD) was used for feature reduction, while Mahalanobis distance 
(MD) clustering and artificial neural networks (ANN) were used 
as classifiers. Average accuracies achieved ranged between 51 % 
and 63 %, however some subjects showed accuracies around 
70 % for either real or imagined movements. This indicates the 
possibility of individual kinematic movement discrimination 
between this new combination of BCI hand movements. 
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I.  INTRODUCTION 
Based on the assumption that neural activity can be 

translated into intended movements, which can then be 
executed by a device, such as a prosthetic or orthotic hand, 
scientists and engineers have been challenged to replicate the 
sensory-motor functions of the human hand [1] – [3]. People 
who suffer from motor impairments can benefit from these 
efforts, which aim to return some of the essential functionality 
of the human hand [1]. In the case of an amputee, a robotic 
prosthetic hand can replace the lost hand, while the non-
functional hand of a stroke or spinal cord victim can be 
mobilised by a robotic exoskeletal orthotic hand [1]. Through 
thought, the user can then control one of these external devices 

using a brain-computer interface (BCI) to reroute the signals 
directly from the brain to actuators in the device [1], [2]. 

This solution can allow motor-impaired individuals to 
perform essential hand movements that will aid daily tasks, 
such as grasping or writing [1], [4]. Considering the 
movements that patients learn during motor rehabilitation [5], 
[6], [7], five basic hand movements are considered i.e. wrist 
extension (WE), wrist flexion (WF), finger extension (FE), 
finger flexion (FF) and the tripod pinch (TR). Offline single-
trial investigations using neural information taken from 
electroencephalogram (EEG) for the combination of the WE, 
WF, FE, FF and the TR have been recently undertaken [8], [9]. 
The possibility of discriminating EEG between right and left 
groupings of the essential hand movements has been shown by 
Mohamed et al (a) [8], while Mohamed et al (b) [9] 
demonstrated that EEG for key parts of each hand i.e. the wrist 
and fingers, can be distinguished. However, a study to 
discriminate the EEG associated with these five hand 
movements on the same hand has not been published. There 
are two possible reasons for this: 1) multiclass BCI studies to 
date have yielded low accuracies [10] – [13], and 2) extracting 
relevant information originating from adjacent areas of the 
motor cortex (such as those controlling movements on the 
same limb) is challenging [14]. Hence, this paper outlines a 
first attempt to discriminate between the EEG associated with 
unilateral WE, WF, FE, FF and TR.  

II. BACKGROUND 

A. Sensorimotor BCI 
A BCI allows the actuation of an external device, such as a 

prosthetic hand, by interpreting the user’s intent from his 
brain, thus circumventing the natural neuromuscular pathway 
of the human body [1], [15]. BCIs that deal with the motor 
functions from and sensory inputs to the sensorimotor cortex 
of the brain are termed sensorimotor BCIs. BCIs can capture 
neural information invasively using (ECoG – 
electrocorticography for example) or non-invasively (using 
EEG for example). 

 



B. Electroencephalogram 
Deciphering movement intent from EEG is challenging due 

to considerable mixing of information from all over the head at 
each electrode [1], [16], small signal amplitudes, a low signal-
to-noise ratio and large variability between trials, test subjects 
and circumstance [1]. However, clinical research has provided 
more insight into the relationship between EEG signals and 
real/imagined motor tasks. The non-invasive and inexpensive 
nature of EEG is well suited to BCI research. Hence EEG can 
be used as a suitable signal source for basic prosthetic/orthotic 
hand control [1] in a controlled laboratory environment with 
the vision to extend its use to real world scenarios.   

C. Independent Component Analysis 
In order to improve the signal-to-noise-ratio of EEG, spatial 

filters are applied to electrode data to enhance the activity 
originating from spatially local neural sources, while reducing 
activity from widely distributed sources [1], [15]. Independent 
component analysis (ICA) determines the weighting of the 
channels from the data, i.e. using blind source separation and is 
able to detect radial and tangential sources [1], [17]. In 
comparison, other spatial filters, such as Surface Laplacian, 
create a set of weights that are independent of the underlying 
data and only emphasize the radial component of the neural 
activity from sources located directly below each recording 
electrode [1]. ICA has shown superior performance over other 
methods of spatial filtering in some EEG studies [18], [19]. 

Defined statistically, ICA is a method aimed to represent 
non- Gaussian data linearly using constituent components, 
which are as statistically independent as possible [20]. Using 
ICA, measured EEG, consisting of a linear mixture of 
statistically independent source signals, can be decomposed 
into their fundamental underlying Independent Components 
(ICs), which approximate the original source signals [20], [21]. 
This is shown by (1) 

x = As    (1) 

where: 
x  =  matrix of channel data 

A = mixing matrix 
s = matrix of independent sources 
 
ICA is widely used in the EEG and BCI research 

community [16], [21] to remove artifacts and to separate 
biologically plausible brain components whose activity patterns 
relate to behavioural occurrences [16]. It is also shown to be 
beneficial for isolating sensorimotor rhythmic activity for wrist 
and finger movements [8]. ICA can be implemented using a 
number of algorithms, such as infomax, JADE and FastICA 
[16]. 

D. Electrophysiological Features 
Prominent electrophysiological features associated with the 

brain’s normal motor output channels (and used frequently in 
BCI literature) include mu (8–12 Hz) and beta (13–30 Hz) 
rhythms [1], [15]. The rhythms are synchronised when no 
sensory inputs or motor outputs are being processed [1], [15]. 
Movement or movement preparation results in a 
desynchronisation (decrease in amplitude) of the mu and beta 
rhythms, referred to as Event-Related Desynchronisation 
(ERD) [1], [15]. Event-Related Synchronisation (ERS) occurs 
after movement when the rhythms synchronise (increase in 
amplitude) again [1], [15]. ERD and ERS occur during 
imagined movements as well, making them suitable for 
paralysed individuals [1], [3].  Features based on ERD/ERS 
have been used successfully to discriminate between various 
types of wrist and hand movements [8], [9], [22], [23]. 

E. The Bhattacharya Distance 
The Bhattacharya Distance is commonly used to measure 

the separability of classes for univariate feature sets [19]. It 
measures how well a single feature, from a multivariate feature 
set, can differentiate between two classes [19]. This is done by 
measuring the overlap between the classes’ respective 
probability distributions for each feature [24], [25]. A smaller 
overlap creates a larger BD according to (2), which implies a 
greater separation of classes [25]. 
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Fig. 1. Model of a sensorimotor BCI used for communication to a prosthetic/orthotic hand. 



BD(a,b) = − ln a(x)b(x) dx∫( )
  (2) 

Given a particular feature, a(x) and b(x) represent the 
probability density functions of the 2 classes concerned, while 
x denotes the value of the given feature.  

F. Mahalanobis Distance Clustering  
The Mahalanobis distance (MD) measures the dissimilarity 

between feature vectors from different classes [10]. The 
squared MD di

2 between the ith vector of dataset x and the mean 
of dataset y can be calculated using (3), where µY is the mean 
of dataset y and CY

-1 is the inverse covariance matrix of dataset 
y [10]. For each single-trial feature vector, xi, the MD to its 
own class mean was compared to those to the other class 
means [10]. Class assignment was based on the smallest MD.  

 

( ) ( )YiY
T

Yii xCxd µµ −−= −12

             (3) 

III. METHODOLOGY 
Fig. 1 summarises the major processes that make up the 

method in order to classify between the five types of unilateral 
movements. The process was applied to right and left, real and 
imagined movements for each test subject independently. 

A. Data Acquisition  
Data was captured from five right-handed, healthy, male, 

untrained volunteers in their early twenties. The subjects were 
seated in a chair, resting their forearm on an armrest [22], [23]. 
A computer screen was used along with custom Eprime 
software [26] to queue the movements while the subjects’ EEG 
were measured. The visual queues displayed on the screen 
consisted of words (Get ready, Start, Stop as shown in Fig. 2), 
which were consistent for all movements. An EGI system that 
consisted of 128 high-impedance scalp electrodes (forming the 
GSN 128) along with the Geodesic EEG System and Net 
Station Software was used [27]. The electrodes were Ag/Ag-Cl 
electrodes with sponge attachments soaked in an electrolyte 
solution of potassium chloride [27].  

Each subject was asked to perform real and imagined sets 
of the 5 essential movements for each hand (starting with the 
right hand). Therefore, for each hand, the subjects performed 
10 sets of movements: 5 for real movements and 5 for 
imagined movements. Each set consisted of 20 repetitions/trials 
of one type of movement [22]. The order of the sets was 
randomised and thus differed for each subject so that no 
movement type was preferred [28]. In summary each test 
subject performed: movement set (5) × L/R hand (2) × 
real/imagined (2) × repetitions (20) = 400 trials. 

The type of movement for each set was shown to the 
subjects on the computer screen prior to the commencement of 
the set and a brief practice session was allowed. There were 
short breaks between sets and the repetitions for each set were 
performed continually. The trials were queued by instructions 
shown on the computer screen, the timeline of which is shown 
in Fig. 2 [22], [29].  

B. Pre-processing  
EEGLAB was used to handle the pre-processing [16]. 

Noisy channels were removed and a bandpass filter between 
0.5 Hz and 100 Hz was applied to the data [22], [29], which 
was sampled at 200 Hz by the EGI system [27]. A 50 Hz notch 
filter was also applied [22]. The left hand data for subjects 1 
and 4 was unusable and thus discarded. 

Data was then divided into 7 s trials, from t = -1 s to t = 6 s, 
placing t = 0 at the Get Ready event (pre-movement stimulus) 
shown in Fig. 2. This was done so that the continuous signals 
were not split in the crucial areas of S1 and S2.  

The Automatic Artifact Removal (AAR) toolbox for 
EEGLAB [30] was used to remove artifacts, which included 
electro-oculogram from eye-blinks and eye movements, and 
electromyogram from tongue, face, neck and shoulder 
movements [1]. Artifacts were removed using spatial filtering 
and blind source separation [30]. A bandpass filter between 8 – 
30 Hz was then applied to isolate and mu and beta data (for 
ERD/ERS analysis).  

C. ICA and Source Localisation  
Each subject’s pre-processed data was grouped into 4 

datasets by separating right real, right imagined, left real and 
left imagined movements and grouping the five hand 
movements therein. ICA was run using the infomax algorithm 
on each dataset to decompose the EEG into separable localised 
sources of potentials [16]. The ICs localised around the region 
the motor cortices (unilaterally, contra-laterally or bilaterally) 
were visually selected and isolated. The criteria for IC selection 
are based on:  

1.    Identifying localised activity in the hand-control region of 
the primary motor cortex, supplementary motor area and 
premotor, from 2D top-view scalp voltage plots [31]. 

2.    Identifying the presence of ERD just prior to and/or 
during S2 as well as ERS after S2 [32]. ERS/ERS patterns 
were identified after averaging over many trials and 
applying the inter-trial variance (ITV) method [32]. 

Several ICs representing motor activity were selected per 
subject. This approach is advantageous since the inter-subject 
variability of EEG makes it difficult to predict which electrodes 
provide relevant information [32]. Furthermore, it reduces the 
dimensionality of the data and filters contamination from non-
sensorimotor neural potentials, such as the visual alpha rhythm 
[15]. The use of multiple ICs may help to capture the 
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Fig. 2. Time sequence and instructions for a single trial 

 



information from different regions of the motor areas, which 
may activate during different stages of movement [31]. A high 
density EEG system (128 channels) provided better spatial 
resolution for IC activity [16]. The number of manually 
selected ICs varied between test subjects and ranged between 8 
and 12. 

D. Feature Extraction and Selection 
A time-frequency technique originally used in [33] was 

adapted and used to extract time-frequency spectral features 
based on ERD/ERS (TFSE features) from the selected ICs as 
done in [8], [9].  

The time range from t = 1 s to t = 4 s was considered (see 
Fig 2) in order to include pre-movement and movement 
execution/imagination phases. The power spectrum was 
computed for 28 overlapping sliding windows of 300 ms each. 
For each window, the energies within 3 Hz non-overlapping 
bands formed features. This was done for each IC, forming a 
TFSE feature set with between 1568 and 2352 features, 
depending on the test subject.  

The Bhattacharyya distance (BD) was used to reduce the 
dimensionality of the large feature set. The 2-class feature 
selection method, used in [8], [9], [19], [29], was extended for 
use with the five-class problem in this paper, by considering 
each binary pair of classes. For each of the 10 possible pairs of 
classes, the BDs over all features were sorted in descending 
order. A weighted average was then applied across all 10 sets 
of sorted BDs to select the features that had the highest BDs for 
all class pairs considered. During iterative testing 8 TFSE 
features were found to be optimum when considering all test 
subjects. Fig 3 illustrates the time-frequency origins of the 
optimum features, whose values are in the range of 2×10-3.  

E. Classification  
ANNs are used widely in BCI research (multilayer 

perceptron networks or MLPs in particular) [10]. A classifier 
based on the MD clustering is simple and robust and has shown 
good performance in BCI research [10]. Hence, MD clustering 
and ANNs were used as independent classifiers in this research 
and their accuracies are compared.  

For both classification methods, outlying feature vectors 
were removed using the MD to find and remove those trials 
that lay more than 3 times the standard deviation away from 
the mean of all trials. The order of the trials was randomised, 
the data was divided into training and testing data in a 7:3 ratio 
and each classifier was thereafter trained and tested. This 
process was repeated 3 times and the results averaged (cross-
validation) to yield the overall accuracies [10].  

For ANN classification, 8 input nodes were used for the 8 
selected TFSE features (see section III D). 15 hidden nodes 
were found to be optimal after iterative testing and considering 
the best performance across all subjects. Three binary-valued 
output nodes were used to represent the five classes, where the 
combinations of 001, 010, 011, 100 and 101 respectively 
represented WE, WF, FE, FF and the TR. A logistic unit output 
activation function was used and the MLPs were trained per 
subject per hand using the scaled conjugate gradient method. 
The weights were initialised based on a zero-mean isotropic 
Gaussian with inverse variance to the value 0.01.  Besides, the 
number of hidden nodes, MLP parameter optimisation 
experiments are yet to be implemented.   

For MD clustering classification, trial means were 
calculated using the training data of each dataset. Each trial 
from the testing dataset was classified using the method 
described in Section II F.   

Sensitivity and specificity are often used in clinical 
applications to evaluate the accuracy of diagnostic tests [34]. 
They respectively describe the likelihood of true positive and 
true negative test results [34]. Sensitivity and specificity can be 
generalized to 2 class datasets; for example: class 1 = positive 
test result and class 2 = negative test result. Classification 
accuracy can thus be measured by calculating the average of 
the sensitivity and specificity. This measure of accuracy can be 
extended to multi-class problems, such that accuracy is 
measured as the average of the accuracies for each class. The 
Average of Class Accuracy (ACA) in (4) shows this, where C 
and F respectively represent the number of correctly and 
falsely classified trials for each class and N denotes the number 
of classes. 

ACA = 1
N

 Ci

Ci +Fii=1

N

∑
                (4) 

IV. RESULTS AND DISCUSSION 
The results for real and imagined movements are 

summarised in Table I and Table II respectively. Classification 
is shown per subject and per hand for the different classifiers 
used. RH and LH refer to the right and left hands respectively.  

In order to contexualise the results of this investigation, it is 
necessary to briefly review of the most similar studies to date. 
The accuracy for multiclass problems decreases as the number 
of classes, and thus complexity, increases [14], [11]. The noisy 
nature of EEG and the difficulty with obtaining spatially 
specific information from five hand movements, which activate 
roughly the same cortical area of the brain, only adds to the 
challenge [1], [14].    
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Fig. 3. Illustration of time-frequency positions of the selected features 
for subject 2’s RH Imaginary data. 



To date, few multiclass BCI studies have been conducted 
and often involve four/five motor tasks from different limbs, 
where the average accuracies range between 42 % and 63 % 
[10], [11], [14]. A recent study by Vuckovic and Sepulveda 
[12] reported an average result of 63 % for four-class bilateral 
wrist movement EEG classification. Comparatively, the 
unilateral five-class investigation presented in this paper 
obtained average results of 58 % and 50 % for real and 
imagined movements respectively.  

Subject 1’s RH obtained accuracies of 71 % and 70 % 
using ANN and MD classification for real and imagined 
movements respectively. The highest result of 75 % was 
obtained for subject 2’s RH for imagined movements. These 
results show that offline, synchronous EEG discrimination 
between five different kinematic movements on the same hand 
is possible.  

The rest of the results range between 22 % and 67 % and 
most are significantly higher than the probability of selection 
by chance (20 %). In most cases, the results are not consistent 
across right and left hands or across real and imagined 
movements when considering subjects individually. This 
shows a large variability in the results and suggests that the 
techniques used in this study need to be modified to improve 
consistency. The variability is most likely due to the large 
inter-subject variability of EEG [1]. Consequently, BCI control 
schemes for prosthetic/orthotic hands in general should be 
tailored to each subject’s hand. 

Accuracies for the RH are on average higher than those for 
the LH. This may be due to all subjects being right handed, 
which would enhance their sensorimotor patterns for the right 
hand [35]. Accuracies for imagined movements are lower than 
those for real/executed movements. This is expected result 
since motor imagery involves less activation of the primary 
motor cortex than real movement [29].  

A partial explanation for the relatively low accuracy rates 
could be the limitation of data captured per hand movement, 
which did not allow for differences in the neural patterns to be 
captured sufficiently. This may be another explanation for the 
large variances within each subjects’ results. During EEG 
recording, large inter-trial variances and large mental effort 
required by subjects, makes long recording sessions 
impractical. These factors could also have contributed to low 

accuracy rates. Furthermore, it may be an inherent limitation of 
surface EEG that it is unable to resolve such fine unilateral 
movements, but that can only be determined through iterative 
experimental research. 

Future work involves exploring other feature types, such as 
gamma rhythms [29], as well as exploring the use of other 
computational techniques in order to move towards real-time 
processing and asynchronous analysis. Recording more data 
will allow computational techniques, such as neural networks 
to perform optimally. Research is planned for both healthy and 
motor-impaired individuals with the aim to try to understand 
the coding scheme of neural hand control in a more general 
sense.  

V. CONCLUSION  
The five essential movements used in this study i.e. wrist 

extension and flexion, finger extension and flexion, and the 
tripod pinch, are selected based on their ability to return some 
of the key functionality of the hand to motor impaired 
individuals. This study attempts single-trial, offline, multiclass 
EEG discrimination of these essential movements on the same 
hand and moves towards the goal of providing real-time, 
asynchronous control of a prosthetic/orthotic hand. Average 
results range between 50 % and 58 %, while two subjects 
showed accuracies of 70 – 75 %. This indicates the possibility 
of multiclass EEG discrimination for unilateral hand 
movements, yet significant improvements are still required to 
improve accuracy and reliability.  
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