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Abstract— Accidents and diseases may lead to the amputation 

of limbs. The development of electromechanical prostheses aims 

to restore their function, hence granting a complete life again for 

injured people. But how may a prosthetic arm know what the 

user wants to do? Among the biggest challenges in restoring full 

limb function is connecting user intents to prosthesis control. 

This is the role of Brain-Computer Interfaces. Such devices 

process in real time the EEG signal acquired from the user’s 

brain and in the case of electromechanical prostheses infer 

various intentions which concern the movement of the replaced 

limb. Intents serve as the basis of the control signals. However, 

extracting information from EEG recordings is not 

straightforward. The current state of the technology is still far 

from restoring full limb function. This paper provides a brief 

overview of current BCI technology for limb restoration and 

outlines the future prospects of neural controlled 

electromechanical prostheses. 

Index Terms—BCI; prosthesis; EEG; signal processing; 

motion intent 

I. THE EEG PROCESSING PIPELINE IN BCIS 

From being captured to finally becoming a control signal, 
the EEG data goes through multiple transformations. These 
vary over different experiments and implementations. 
However, the main stages of the signal processing pipeline 
roughly follow a regular structure:  

1. Signal acquisition 
2. Artifact rejection 
3. Time-domain filtering 
4. Spatial filtering 
5. Feature generation 
6. Classification 

The most crucial points of the pipeline are briefly 
summarized in this section. 

A. Acquiring the EEG Signal 

An EEG recording system mainly consists of electrodes, 
amplifiers with filters, analog-digital converters and a 
recording computer [1]. Active electrodes are placed at the 
parts of interest (e.g. the primary motor cortex), and the 
reference electrode is usually placed on the top of the head, 
the ear or the mastoid. The electrodes pick up the signal from 
the scalp, and the amplifiers magnify the microvolt magnitude 
signals into a range where they can be digitalized with proper 

accuracy. Next a computer (desktop, embedded etc.) stores 
and processes the obtained data according to the purpose. 

The recorded EEG signal usually contains artifacts which 
should be removed either manually by experts or 
automatically. These undesired components are usually higher 
in amplitude and different in shape than a clean signal. 

B. Defining the Expected Signal Features 

For creating a processing algorithm, one must determine 
what signal features are expected in relation with the limb 
movement, both in temporal and spatial domain. There is a 
number of features of the EEG signal used for operating a 
BCI, such as Evoked Potentials (EP) [1], the Event-Related 
Desynchronization (ERD) and Synchronization (ERS) [2], and 
the Bereichtshaftspotential (or Readiness Potential) [3]. 

C. Time-Domain Filtering 

The purpose of time-domain filters is to eliminate (to the 
maximal possible extent) DC and high frequency noise and 
power line (50/60 Hz) harmonic interference. DC and high-
frequency noise can be reduced using a band pass filter, while 
the power line harmonic interference is usually cut out with a 
notch filter. Besides the elimination of the noise, the time-
domain filter may also separate the EEG signal into different 
frequency bands (alpha, beta, gamma etc.), to help the 
extraction of relevant features later on. Such multi-band filters 
are called filter banks. 

D. Spatial Filtering 

The EEG is usually acquired from multiple electrodes 
spread over the scalp. The signals picked up by different 
electrodes will inevitably contain some degree of redundancy. 
The purpose of spatial filtering is to remove this crosstalk 
between the electrodes and leave only the local signal 
component. The most common techniques for spatial filtering 
are the Principal Component Analysis (PCA) [4], the 
Independent Component Analysis (ICA) [5], the Common 
Spatial Pattern (CSP) method [6]. CSP performs better than 
PCA or ICA, but it requires much more computation. 

E. Class Feature Generation 

Signals must be transformed into features computed from 
record portions, by which the instances belonging to different 
classes can be best discriminated. In case of BCIs usually EEG 
signal values in a 1 or 2 seconds long window are used as 
instances. 
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Fig. 1. Architecture of the filter bank common spatial pattern (FBCSP) 

algorithm for the training and evaluation phases [14]. 

 

Fig. 2. The diagram of the classifier for EEG signal classification in 

[15]. 

A trivial shortcut at this step is simply to feed the filtered 
signal to the classification algorithm. Interestingly, this might 
be appropriate when using highly adaptive classification 
methods such as Artificial Neural Networks, which actually 
may find the best suitable transformation for the input data [7]. 
Features can also be the amplitudes of the oscillations within 
given frequency bands. A common feature generation 
approach is calculating the power of the signal and averaging 
it over a time period, for every channel. A more complex 
feature is the covariance matrix of the multi-channel values 
during an epoch. The advantage of using a covariance matrix 
is that it contains both per-channel and inter-channel 
information [8]. 

F. Classification 

Classification is the problem of identifying the category to 
which the new observation belongs, on the basis of the 
training with a set of data instances whose membership 
category is known. Popular classifiers include the Linear 
Discriminant Analysis (LDA) [9], Logistic Regression (LR) 
[10], Support Vector Machine (SVM) [11], and the Artificial 
Neural Network [12] along with its architectural variants. 
Compared to LDA and LR, the SVM and the ANN are more 
computationally intensive, but they have higher performance. 

II. RELATED WORKS 

Promising results were published in [13]. An algorithm 
was developed that allowed a man to grasp a bottle and other 
objects with a prosthetic hand. The system was measuring the 
EEG signal and joint angular velocities. In the demonstrations, 
a 56-year-old man, whose right hand had been amputated, 
grasped objects including a water bottle and a credit card with 
a prosthetic hand. The subject managed to grasp the selected 
objects 80 percent of the time. This experiment showed that it 
is feasible to extract detailed information on intended grasping 
movements from the EEG along with joint angular velocity. It 
also provided evidence that the acquired signals predicted the 
movement, rather than reflecting it. 

A rather complex method for the classification of motor 
imagery is described in [14]. The experiment involved two of 
the BCI Competition IV datasets, which contain 4 classes of 
motor imagery EEG trials: left hand, right hand, foot, and 
tongue. The processing algorithm, called Filter Bank Common 
Spatial Pattern (FBCSP) consists of four progressive stages of 
signal processing and machine learning: time-domain filter 
bank with Chebyshev Type II band-pass filters, CSP spatial 
filter, feature selection with the MIBIF (Mutual Information-
based Best Individual Feature) and MIRSR (Mutual 
Information-based Rough Set Reduction) algorithms, then 
classification of the selected CSP features using the Naive 
Bayesian Parzen Window method. The pipeline is depicted in 
Fig. 1. The best results yielded a kappa value of 0.572 and 
0.599 which makes this method promising for motor imagery 
classification. 

An interesting improvement to the CSP method is 
described in [15]. In this study, the outputs from different CSP 
subspaces are combined by majority voting, as depicted in Fig. 
2. The main advantage of such classifier ensemble is that a 
combination of similar classifiers is very likely to outperform 
a single classifier on its own. During the EEG recording from 

three healthy, right-handed participants, motor imagery tasks 
were to be performed and the discrimination of two different 
movements were studied. The classification features are 
obtained by projecting the signal using spatial filters, and 
calculating the difference of log-power values coming from 
two tasks. The sign of the resulting feature is interpreted as the 
predicted class in case of a single classifier. With 10 different 
spatial filters 10 feature values were computed and summed to 
represent the majority voting method (being aware that in the 
case of 10 features, the equality of votes may occur). The sign 
of the final sum is the basis of decision between two classes. 
According to the study, this CSP ensemble method 
outperformed LDA classifiers and SVMs, making it a 
promising method for BCI applications. 

III. THE MAIN ISSUES OF BCIS 

Decoding the brain activity to obtain useful control signals 
is extremely difficult. The first issue is that EEG signals have 
a poor signal-to-noise ratio. One reason of this is that the 
electric activity is recorded on the scalp, and the skull is a 
massive obstacle for neural signals. There are methods to 
temporarily implant electrodes in the patients’ brain, but 
usually noninvasive methods are preferred. There are several 
noninvasive electrode systems which reduce the scalp contact 
impedance by applying a saline solution to the recording 

51



    

Fig. 3. Spatial patterns of the EEG from three different subjects during 

the execution of a specific movement. [8] 

spots. Assembling an EEG recording setup can also be 
cumbersome, as it is difficult to place the electrodes properly 
and their signal quality must be checked. A setup with a saline 
solution is even more complicated because of the handling of 
the liquid. 

Another issue is the accurate detection of limb motion 
intent from the digitalized recordings. Accurate inference also 
requires high spatial resolution over the scalp for the 
maximum possible information. Unfortunately the spatial 
resolution is not only a matter of electrode density. As only 
large populations of active neurons can generate electric 
potentials high enough for recording over the scalp with 
satisfactory signal-to-noise ratio, there is a limit on the 
localization of brain activity. The digital processing of the 
EEG with sometimes more than 100 channels involves 
intricate mathematics either way. 

Many methods build on some form of the Bayesian 
inference, providing a transparent analytical transformation of 
the raw data into intention probabilities. Besides these, there 
are highly adaptive algorithms with large number of 
parameters. Unfortunately most of them resemble a black box, 
where it is difficult to see what kind of actual transformations 
such tools perform. However, highly adaptive methods such as 
various Artificial Neural Network architectures perform 
outstandingly in several situations, therefore their examination 
is also important. 

The subject-specificity of the electric activity of the human 
brain is also an issue. An ideal, plug-and-play prosthetic 
device would be expected to function perfectly after being 
attached to the user, for which subject-invariant motion intent 
detection models are required in advance. This expectation 
seems unlikely as brain activity varies over different subjects 
during movement tasks, as illustrated in Fig. 3. 

Knowledge about the structure and function of the human 
brain is essential to decide where to place recording 
electrodes. In case of hand motions, the most important part is 
the motor cortex. It is involved in the planning, control, and 
execution of voluntary movements. The proper selection of 
scalp areas may help minimizing the number of recording 
channels, making the digital signal processing easier. 

The development of BCIs requires expertise from a 
multitude of areas such as neurology, electrical engineering, 
and mathematics, forcing experts from different fields to join 
in teams, which further adds to the difficulty of the problem. 

IV. CONCEPTS FOR FUTURE BCI DEVELOPMENT 

A. Intracranial Recording Methods 

As mentioned before, one of the major obstacles is the low 
signal-to-noise ratio of the noninvasive EEG as well as the 
limited spatial resolution. In neuroscientific research for 
example, intracranial recording methods are studied for 
cortical mapping [16]. The invasive technique of 
electrocorticography (ECoG) yields signals that have an 
exceptionally high signal-to-noise ratio, less susceptibility to 
artifacts than EEG, and higher spatial and temporal resolution. 
ECoG involves measurement of the brain actvity using 
electrodes that are implanted subdurally on the surface of the 
brain. ECoG data are often hard to obtain because of the risks 
and limitations of the invasive procedures involved, and the 
need to record within clinical settings. 

It is possible that future recording setups will comprise 
permanently implanted intracranial electrode grids, which can 
be connected to an external signal processing system in a 
plug-in manner. Besides the medical implications of the 
installation of such system, exposing the brain activity raises 
ethical questions as well. However, these concerns may be 
outweighted by the advantage of possibly regaining limb 
functions for physically impaired people. 

B. Incorporating Electromyography 

Electromyography (EMG) is a technique for recording and 
evaluating the electrical activity of skeletal muscles [17]. 
EMG signals can be used for prosthesis control [18]. The 
activity of muscle neurons essentialy represent the patient’s 
movement intentions, therefore recognizing patterns in an 
electromyogram in real-time yields a control signal for a 
prosthetic limb. There are numerous functioning myolelectric 
prostheses on the market, and such devices are under intense 
development.  There are for example myoelectric prosthetic 
arms which are capable of multiple different grasps [19] which 
can be selected according to the user’s intentions. 

Myoelectric prostheses may also be limited in the 
resolution of movements, but the easy acquisition and 
processing of the EMG signals make such devices convenient. 
This advantage is exactly what it makes EMG signals 
appealing in BCI-s as well. EMG signals may provide a 
relevant amount of information to that obtained from EEG, 
leading to a possibly more accurate and delicate motion intent 
detection. Future BCIs may utilize electrode grids over various 
muscles as well as over the scalp, and record body-wide neural 
activity to infer movement intentions. 

C. Applying Image Processing Methods to the Brain Activity 

Map 

The EEG signals are recorded over the scalp, which can be 
approximated with a spherical surface, or even with a plane if 
few electrodes are placed closely to each other. The measured 
electric potential values are distributed in a 2D space as 
illustrated in Fig. 3. This approach makes EEG data analysis 
feasible for image processing. 2D filters therefore might be 
used to extract features from the brain activity map. 
Determining the coefficients of such filters can be left to 
highly adaptive tools such as ANNs. Convolutional Neural 
Networks (CNNs) provided remarkable results for example in 
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detecting hand motions [7],[8], while they relied on the spatial 
distribution only to a small extent. 

The potential of CNNs in BCI applications could be deeply 
exploited by involving experience from the field of image 
processing. An initial challenge is the transformation of the 
scalp space into an image. The EEG signal provides spatially 
noncontinuous information, but a continuous scalp current 
density function can be obtained for example with fitting 
spherical splines [20]. The mapping of such spherical function 
to a flat image is another challenge, but seems to be analogous 
to the map projection problem as the preservation of 
geometrical distances to a desired extent is important. 
However, the projection problem could possibly be bypassed 
with CNN layouts tailored for spherical convolution. 

D. Object Detection and Prosthesis Control via Visual Input  

The possible sensitivity of motion intent detection using 
EEG and even EMG signals seems to be limited. However, the 
environment may also provide information about the possible 
user intentions. A prosthetic device could be fitted with one or 
more cameras throught which it could analyze the surrounding 
objects and infer possible actions. These could be listed on a 
small screen built in the device or displayed on a Head-Up 
Display (HUD) realized in the user’s glasses. The selection 
from the proposed actions could be made by the user through 
motor imagery which would be detected from the neural 
activity. The prosthesis could also take care of the movement 
control using cameras as well as tactile sensors. 

Object detection in images is an intense research topic 
worldwide, for example there is significant activity around the 
ImageNet Large Scale Visual Recognition Challenge [21], 
which is a competition with the goal of classifying images of a 
large database. An efficient algorithm could process video 
frames in real time, hence it could track objects within a view. 

An example of this concept is the following. When a 
prosthetic arm detects hand motion intent from the wearer's 
physiological signals, and recognizes a particular door and a 
keyhole right in front of the user with a built-in camera, the 
control system could infer that the person wants to unlock the 
door. Then the prosthetic arm could automatically position and 
insert the appropriate key in the hole and open the lock, 
therefore assisting the wearer in entering the room or building. 

V. SUMMARY 

This paper presents an overview of the EEG signal 
processing pipeline in BCIs and also of the main issues of 
current BCI technology. Four proposals were outlined for the 
future of BCI development for prosthetic limbs. First, the 
application of intracranial electrodes, targeting the issue of the 
signal-to-noise ratio and the spatial resolution as well. Second, 
the incorporation of EMG to gather more information about 
movement intentions. Third, the application of image 
processing methods to enhance motion intent detecion 
algorithms. Last but not least the utilization of cameras for 
tracking surrounding objects to support prosthetic control. 
Presently there is moderate hope that relying solely on EEG 
will lead to fully functional prosthetic limbs. However, the 
incorporation of additional physiological measurements and 
environmental data might result in significant advancement 
towards this goal. 
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