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Abstract 

Brain Computer Interface (BCI) systems can use characteristic brain neural alterations as 

control signals of the device/computer. Various mental tasks or external stimulation (visual, 

auditory or somatosensory) induce changes which are embedded in the spontaneous neural 

activity. Generated changes can be extracted and identified from the brain-signal recordings 

that represent the (direct or indirect) measure of electrical neural activity. As a result, BCI 

userôs intention for some motor action may be detected directly at cortical level and used for 

device control, without employment of the common output pathways of the spinal and 

peripheral motor systems. When BCI users are provided with information on their 

performance they can further modulate the brain activity in order to gain better control of the 

system (the approach termed neurofeedback). Primarily, the target population of BCIs were 

the patients with severe neuromuscular disabilities, however, with recent advances in BCI 

technology, the range of applications of such systems has expanded to four main areas: 

communication and control, motor substitution, motor recovery and entertainment. BCIs 

designed for motor substitution, also termed assistive BCIs, are aimed to provide humans 

with motor impairments a long-term replacement of the impaired motor function through an 

additional channel for communication and/or control of their environment. Examples are BCI 

wheelchair control or BCI spelling devices. BCI may be also used for restoration of the 

lost/impaired motor function through neurofeeback-based training of the user (termed 

restorative BCIs). This could be achieved if userôs ñwill to moveò (i.e. movement imagery or 

attempt to move), identified from the ongoing neural activity, directly triggers contingent 

sensory feedback with reproducing desired movement artificially by applying functional 

electrical stimulation (FES) of muscles or movement of external orthosis. It is hypothesized 

that this approach induces activity dependant neuroplasticity and facilitates more natural 

motor control through Hebbian learning principles.  

Thesis comprises a review of methods for measurement and processing of 

electroencephalographic (EEG) signals for extracting features that may be applied in brain-

computer interaction specifically oriented toward restorative interfaces in neurorehabilitation 

of people with motor disorders.  Methodology, software and hardware for induction and 

measurement, processing and/or detection of four BCI control signals, SSVEP, ERD/ERS, 

ERP and MRCP are described and analyzed. Although some of these modalities are 

commonly used in BCI scientific and market oriented society, it remains unclear how and if 
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these BCI control signals may improve the process of motor neurorehabilitation. The goal of 

this thesis was to upgrade existing neuroprosthesis based on FES with various BCIs. Three 

versions of novel BCI prototype for movement imagery controlled FES were firstly evaluated 

in healthy subjects and are now at disposal for clinical studies to facilitate stated question. 

The BCI system I is a hybrid version comprising both SSVEP and ERD modalities for BCI 

based, automated selection and triggering of three FES patterns for assistance of grasping. 

This system was tested in 6 healthy subjects, and all of them were able to control the device 

with a mean accuracy of 0.78±0.12. BCI system II is a cue-based version of ERD-driven BCI 

for FES control and was tested in 4 subjects that achieved true positive rate in a range 0.8 and 

1. BCI system III is asynchronous version of a ERD-operated brain switch for triggering of 

FES and it was tested in 4 subject with results for positive predictive value and true positive 

rate in the ranges 0.66 - 0.92 and 0.81 - 0.94 respectively. 

Key words: brain-computer interface, electroencephalography, event related 

desynchronization, event related desynchronization/synchronization, steady state visual 

evoked potentials, movement related cortical potentials, event related potentials, N400,   

functional electrical stimulation, neurorehabilitation 

Scientific area: technical sciences, electrical engineering 

Specific scientific area: biomedical engineering 

UDK number: 621.3 
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ʈʝʟʠʤʝ 

ʄʦʟʘʢ-ʨʘʯʫʥʘʨ ʠʥʪʝʨʬʝʿʩ (ʄʦʈʀ) ʩʠʩʪʝʤʠ ʤʦʛʫ ʠʩʢʦʨʠʩʪʠʪʠ ʢʘʨʘʢʪʝʨʠʩʪʠʯʥʝ 

ʧʨʦʤʝʥʝ ʤʦʞʜʘʥʝ ʘʢʪʠʚʥʦʩʪʠ ʢʦʨʠʩʥʠʢʘ ʢʘʦ ʢʦʥʪʨʦʣʥʝ ʩʠʛʥʘʣʝ ʫʨʝʹʘʿʘ (ʨʘʯʫʥʘʨʘ). 

ʈʘʟʣʠʯʠʪʠ ʤʝʥʪʘʣʥʠ ʟʘʜʘʮʠ ʠʣʠ ʩʧʦˀʘʰˁʠ ʩʪʠʤʫʣʫʩʠ (ʚʠʟʫʝʣʥʠ, ʘʫʜʠʪʠʚʥʠ ʠʣʠ 

ʩʦʤʘʪʦʩʝʥʟʦʨʥʠ) ʠʥʜʫʢʫʿʫ ʧʨʦʤʝʥʝ ʢʦʿʝ ʩʫ ʢʦʜʠʨʘʥʝ ʫ ʩʧʦʥʪʘʥʦʿ ʥʝʫʨʘʣʥʦʿ ʘʢʪʠʚʥʦʩʪʠ. 

ɻʝʥʝʨʠʩʘʥʝ ʧʨʦʤʝʥʝ ʩʝ ʤʦʛʫ ʠʜʝʥʪʠʬʠʢʦʚʘʪʠ ʤʝʨʝˁʝʤ ʤʦʞʜʘʥʠʭ ʩʠʛʥʘʣʘ ʢʦʿʠ 

ʧʨʝʜʩʪʘʚˀʘʿʫ ʜʠʨʝʢʪʥʫ ʠʣʠ ʠʥʜʠʨʝʢʪʥʫ ʤʝʨʫ ʝʣʝʢʪʨʠʯʥʝ ʘʢʪʠʚʥʦʩʪʠ ʤʦʟʛʘ. ʂʘʦ 

ʨʝʟʫʣʪʘʪ, ʥʘʤʝʨʘ ʢʦʨʠʩʥʠʢʘ ʜʘ ʠʟʚʨʰʠ ʦʜʨʝʹʝʥʝ ʤʦʪʦʨʥʝ ʨʘʜʝˁ ʤʦʞʝ ʩʝ ʜʝʪʝʢʪʦʚʘʪʠ 

ʜʠʨʝʢʪʥʦ ʥʘ ʢʦʨʪʠʢʘʣʥʦʤ ʥʠʚʦʫ ʠ ʧʨʝʪʚʦʨʠʪʠ ʫ ʫʧʨʘʚˀʘʯʢʠ ʩʠʛʥʘʣ ʫʨʝʹʘʿʘ, ʙʝʟ 

ʢʦʨʠʰ˂ʝˁʘ ʩʠʣʘʟʥʠʭ ʧʫʪʝʚʘ ʢʠʯʤʝʥʝ ʤʦʞʜʠʥʝ ʠ ʧʝʨʠʬʝʨʥʦʛ ʤʦʪʦʨʥʦʛ ʩʠʩʪʝʤʘ. ʂʘʜʘ 

ʢʦʨʠʩʥʠʮʠ ʜʦʙʠʿʘʿʫ ʧʦʚʨʘʪʥʝ ʠʥʬʦʨʤʘʮʠʿʝ ʦ ˁʠʭʦʚʦʤ ʫʯʠʥʢʫ ʦʥʠ ʤʦʛʫ ʜʦʜʘʪʥʦ 

ʤʦʜʫʣʠʩʘʪʠ ʩʚʦʿʫ ʤʦʞʜʘʥʫ ʘʢʪʠʚʥʦʩʪ ʢʘʢʦ ʙʠ ʦʩʪʚʘʨʠʣʠ ʙʦˀʫ ʢʦʥʪʨʦʣʫ ʥʘʜ ʩʠʩʪʝʤʦʤ 

(ʧʨʠʩʪʫʧ ʢʦʿʠ ʩʝ ʥʘʟʠʚʘ ʥʝʫʨʦʬʠʜʙʝʢ). ʆʩʥʦʚʥʘ ʮʠˀʥʘ ʧʦʧʫʣʘʮʠʿʘ ʟʘ ʄʦʈʀ ʩʠʩʪʝʤʝ ʩʫ 

ʧʘʮʠʿʝʥʪʠ ʩʘ ʪʝʰʢʠʤ ʠʥʚʘʣʠʜʠʪʝʪʦʤ (ʢʦʤʧʣʝʪʥʦ ʦʜʩʫʩʪʚʦ ʚʦˀʥʝ ʤʠʰʠ˂ʥʝ ʢʦʥʪʨʦʣʝ), 

ʤʝʹʫʪʠʤ, ʩʘ ʥʝʜʘʚʥʠʤ ʥʘʧʨʝʪʢʦʤ ʦʚʠʭ ʪʝʭʥʦʣʦʛʠʿʘ ʦʧʩʝʛ ʧʨʠʤʝʥʝ ʄʦʈʀ ʩʠʩʪʝʤʘ ʩʝ 

ʧʨʦʰʠʨʠʦ ʥʘ ʯʝʪʠʨʠ ʦʙʣʘʩʪʠ: ʢʦʤʫʥʠʢʘʮʠʿʘ ʠ ʢʦʥʪʨʦʣʘ, ʤʦʪʦʨʥʘ ʩʫʧʩʪʠʪʫʮʠʿʘ, 

ʨʘʭʘʙʠʣʠʪʘʮʠʿʘ ʠ ʟʘʙʘʚʘ. ʄʦʈʀ ʫʨʝʹʘʿʠ ʜʠʟʘʿʥʠʨʘʥʠ ʟʘ ʤʦʪʦʨʥʫ ʩʫʧʩʪʠʪʫʮʠʿʫ 

(ʘʩʠʩʪʠʚʥʠ ʩʠʩʪʝʤʠ) ʠʤʘʿʫ ʟʘ ʮʠˀ ʜʘ ʦʙʝʟʙʝʜʝ ˀʫʜʠʤʘ ʩʘ ʠʥʚʘʣʠʜʠʪʝʪʦʤ ʜʫʛʦʨʦʯʥʫ 

ʟʘʤʝʥʫ ʦʰʪʝ˂ʝʥʝ ʤʦʪʦʨʥʝ ʬʫʥʢʮʠʿʝ ʧʨʫʞʘʿʫ˂ʠ ʠʤ ʜʦʜʘʪʥʠ ʢʘʥʘʣ ʟʘ ʢʦʤʫʥʠʢʘʮʠʿʫ 

ʠ/ʠʣʠ ʢʦʥʪʨʦʣʫ ˁʠʭʦʚʦʛ ʦʢʨʫʞʝˁʘ. ʇʨʠʤʝʨʠ ʟʘ ʦʚʘʿ ʧʨʠʩʪʫʧ ʩʫ ʤʦʞʜʘʥʘ ʢʦʥʪʨʦʣʘ 

ʠʥʚʘʣʠʜʩʢʠʭ ʢʦʣʠʮʘ ʠʣʠ ʚʠʨʪʫʝʣʥʘ ʪʘʩʪʘʪʫʨʘ ʟʘ ʩʧʝʣʦʚʘˁʝ. ʄʦʟʘʢ-ʨʘʯʫʥʘʨ ʠʥʪʝʨʬʝʿʩ 

ʪʝʭʥʦʣʦʛʠʿʘ ʤʦʞʝ ʩʝ ʪʘʢʦʹʝ ʢʦʨʠʩʪʠʪʠ ʟʘ ʨʝʩʪʦʨʘʮʠʿʫ ʠʟʛʫʙˀʝʥʝ ʠʣʠ ʦʰʪʝ˂ʝʥʝ ʤʦʪʦʨʥʝ 

ʬʫʥʢʮʠʿʝ ʢʨʦʟ ʪʝʨʘʧʠʿʫ (ʪʨʝʥʠʥʛ) ʥʘ ʙʘʟʠ ʥʝʫʨʦʬʠʜʙʝʢʘ. ʊʦ ʩʝ ʧʦʩʪʠʞʝ ʫʢʦʣʠʢʦ 

ʢʦʨʠʩʥʠʢʦʚʘ "ʞʝˀʘ ʟʘ ʧʦʢʨʝʪʦʤ" (ʪʿ. ʟʘʤʠʰˀʘˁʝ ʧʦʢʨʝʪʘ ʠʣʠ ʧʦʢʫʰʘʿ ʧʦʢʨʝʪʘ), 

ʠʜʝʥʪʠʬʠʢʦʚʘʥʘ ʜʠʨʝʢʪʥʦ ʠʟ ʤʦʞʜʘʥʝ ʘʢʪʠʚʥʦʩʪʠ, ʧʦʢʨʝ˂ʝ ʘʜʝʢʝʚʘʪʥʫ ʩʝʥʟʦʨʥʫ 

ʧʦʚʨʘʪʥʫ ʩʧʨʝʛʫ, ʨʝʧʨʦʜʫʢʫʿʫ˂ʠ ʞʝˀʝʥʠ ʧʦʢʨʝʪ ʚʝʰʪʘʯʢʠ, ʧʨʠʤʝʥʦʤ ʬʫʥʢʮʠʦʥʘʣʥʝ 

ʝʣʝʢʪʨʠʯʥʝ ʩʪʠʤʫʣʘʮʠʿʝ (ʌɽʉ) ʤʠʰʠ˂ʘ ʠʣʠ ʧʦʢʨʝʪʘˁʝʤ ʩʧʦˀʥʝ ʦʨʪʦʟʝ. ʇʨʝʪʧʦʩʪʘʚˀʘ 

ʩʝ ʜʘ ʦʚʘʿ ʧʨʠʩʪʫʧ ʠʥʜʫʢʫʿʝ ʥʝʫʨʦʧʣʘʩʪʠʮʠʪʝʪ ʠ ʧʦʜʩʪʠʯʝ ʧʨʠʨʦʜʥʠʿʠ ʦʧʦʨʘʚʘʢ 

ʠʟʛʫʙˀʝʥʝ ʤʦʪʦʨʥʝ ʬʫʥʢʮʠʿʝ ʧʨʝʤʘ ʍʝʙʦʚʠʤ ʧʨʠʥʮʠʧʠʤʘ ʤʦʪʦʨʥʦʛ ʫʯʝˁʘ. 

ʊʝʟʘ ʩʘʜʨʞʠ ʧʨʝʛʣʝʜ ʤʝʪʦʜʘ ʟʘ ʤʝʨʝˁʝ ʠ ʦʙʨʘʜʫ ʝʣʝʢʪʨʦʝʥʮʝʬʘʣʦʛʨʘʬʩʢʠʭ (ɽɽɻ) 

ʩʠʛʥʘʣʘ ʨʘʜʠ ʠʟʜʚʘʿʘˁʘ ʦʙʝʣʝʞʿʘ ʢʦʥʪʨʦʣʥʠʭ ʩʠʛʥʘʣʘ ʢʦʿʘ ʩʝ ʤʦʛʫ ʧʨʠʤʝʥʠʪʠ ʫ ʤʦʟʘʢ-

ʨʘʯʫʥʘʨ ʠʥʪʝʨʘʢʮʠʿʠ ʩʧʝʮʠʬʠʯʥʦ ʦʨʠʿʝʥʪʠʩʘʥʦʿ ʢʘ ʨʝʩʪʦʨʘʮʠʿʠ ʧʦʢʨʝʪʘ ʫ 
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ʥʝʫʨʦʨʝʭʘʙʠʣʠʪʘʮʠʿʠ. ʄʝʪʦʜʦʣʦʛʠʿʘ, ʩʦʬʪʚʝʨ ʠ ʭʘʨʜʚʝʨ ʟʘ ʠʥʜʫʢʮʠʿʫ, ʤʝʨʝˁʝ, ʦʙʨʘʜʫ 

ʠ/ʠʣʠ ʜʝʪʝʢʮʠʿʫ ʯʝʪʠʨʠ ʦʩʥʦʚʥʘ ʢʦʥʪʨʦʣʥʘ ʩʠʛʥʘʣʘ (ʩʪʘʮʠʦʥʘʨʥʠ ʚʠʟʫʝʣʥʠ ʝʚʦʮʠʨʘʥʠ 

ʧʦʪʝʥʮʠʿʘʣʠ, ʜʝʩʠʥʭʨʦʥʠʟʘʮʠʿʘ/ʩʠʥʭʨʦʥʠʟʘʮʠʿʘ ʚʝʟʘʥʘ ʟʘ ʜʦʛʘʹʘʿ, ʢʦʨʪʠʢʘʣʥʠ 

ʝʚʦʮʠʨʘʥʠ ʧʦʪʝʥʮʠʿʘʣʠ ʠ ʤʦʪʦʨʥʠ ʢʦʨʪʠʢʘʣʥʠ ʝʚʦʮʠʨʘʥʠ ʧʦʪʝʥʮʠʘʿʣʠ) ʩʫ ʦʧʠʩʘʥʠ ʠ 

ʘʥʘʣʠʟʠʨʘʥʠ. ʀʘʢʦ ʩʝ ʥʝʢʠ ʦʜ ʦʚʠʭ ʤʦʜʘʣʠʪʝʪʘ ʢʦʨʠʩʪʝ ʫ ʥʘʫʯʥʠʤ ʠ ʪʨʞʠʰʥʦ 

ʦʨʠʿʝʥʪʠʩʘʥʠʤ ʄʦʈʀ ʩʠʩʪʝʤʠʤʘ, ʦʩʪʘʿʝ ʥʝʿʘʩʥʦ ʢʘʢʦ ʠ ʜʘ ʣʠ ʩʝ ʦʚʠ ʢʦʥʪʨʦʣʥʠ ʩʠʛʥʘʣʠ 

ʤʦʛʫ ʫʧʦʪʨʝʙʠʪʠ ʨʘʜʠ ʧʦʙʦˀʰʘˁʘ ʧʨʦʮʝʩʘ ʥʝʫʨʦʨʝʭʙʠʣʠʪʘʮʠʿʝ. ʎʠˀ ʨʘʜʘ ʫ ʦʢʚʠʨʫ 

ʪʝʟʝ ʿʝ ʜʘ ʩʝ ʫʥʘʧʨʝʜʠ ʧʦʩʪʦʿʝ˂ʠ ʩʠʩʪʝʤ ʟʘ ʌɽʉ ʧʦʤʦ˂ʫ ʨʘʟʣʠʯʠʪʠʭ ʧʨʠʥʮʠʧʘ ʤʦʟʘʢ-

ʨʘʯʫʥʘʨ ʠʥʪʝʨʘʢʮʠʿʝ. ʊʨʠ ʥʦʚʝ ʚʝʨʟʠʿʝ ʄʦʈʀ ʧʨʦʪʦʪʠʧʦʚʘ ʟʘ ʢʦʥʪʨʦʣʠʩʘˁʝ ʌɽʉ 

ʟʘʤʠʰˀʝʥʦʤ ʤʦʪʦʨʥʦʤ ʘʢʪʠʚʥʦʰ˂ʫ ʩʫ ʧʨʚʦ ʪʝʩʪʠʨʘʥʝ ʥʘ ʟʜʨʘʚʠʤ ʠʩʧʠʪʘʥʠʮʠʤʘ ʠ 

ʩʘʜʘ ʩʫ ʥʘ ʨʘʩʧʦʣʘʛʘˁʫ ʟʘ ʜʘˀʫ ʢʣʠʥʠʯʢʫ ʝʚʘʣʫʘʮʠʿʫ. ʇʨʚʠ ʩʠʩʪʝʤ ʿʝ ʭʠʙʨʠʜʥʘ ʚʝʨʟʠʿʘ 

ʄʦʈʀ ʠ ʫʢˀʫʯʫʿʝ ʜʚʘ ʫʧʨʘʚˀʘʯʢʘ ʤʦʜʘʣʠʪʝʪʘ (ʩʪʘʮʠʦʥʘʨʥʠ ʚʠʟʫʝʣʥʠ ʝʚʦʮʠʨʘʥʠ 

ʧʦʪʝʥʮʠʿʘʣʠ ʠ ʜʝʩʠʥʭʨʦʥʠʟʘʮʠʿʘ ʚʝʟʘʥʘ ʟʘ ʜʦʛʘʹʘʿ) ʨʘʜʠ ʘʫʪʦʤʘʪʠʟʘʮʠʿʝ ʧʨʦʮʝʩʘ ʠʟʙʦʨʘ 

ʠ ʘʢʪʠʚʘʮʠʿʝ ʩʪʠʤʫʣʘʮʠʦʥʠʭ ʦʙʨʘʟʘʮʘ ʟʘ ʪʨʠ ʦʩʥʦʚʥʘ ʪʠʧʘ ʭʚʘʪʘ. ʆʚʘʿ ʩʠʩʪʝʤ ʿʝ 

ʪʝʩʪʠʨʘʥ ʥʘ 6 ʟʜʨʘʚʠʭ ʠʩʧʠʪʘʥʠʢʘ, ʠ ʩʚʠ ʩʫ ʙʠʣʠ ʫ ʩʪʘˁʫ ʜʘ ʢʦʥʪʨʦʣʠʰʫ ʫʨʝʹʘʿ ʩʘ 

ʩʨʝʜˁʦʤ ʪʘʯʥʦʰ˂ʫ ʦʜ 0,78 Ñ 0,12. ɼʨʫʛʠ ʄʦʈʀ ʩʠʩʪʝʤ ʿʝ ʟʘʩʥʦʚʘʥ ʥʘ ʚʠʟʫʝʣʥʦʿ 

ʩʠʛʥʘʣʠʟʘʮʠʿʠ ʫ ʪʨʝʥʫʮʠʤʘ ʢʘʜʘ ʢʦʨʠʩʥʠʢ ʤʦʞʝ ʜʘ ʘʢʪʠʚʠʨʘ ʌɽʉ ʟʘʤʠʰˀʘˁʝʤ 

ʧʦʢʨʝʪʘ. ʆʚʘʿ ʩʠʩʪʝʤ ʿʝ ʪʝʩʪʠʨʘʥ ʥʘ 4 ʠʩʧʠʪʘʥʠʢʘ ʢʦʿʠ ʩʫ ʧʦʩʪʠʛʣʠ ʩʪʦʧʫ ʠʩʧʨʘʚʥʠʭ 

ʜʝʪʝʢʮʠʿʘ ʫ ʨʘʩʧʦʥʫ ʦʜ 0,8 ʜʦ 1. ʂʦʜ ʪʨʝ˂ʝʛ ʄʦʈʀ ʩʠʩʪʝʤʘ ʢʦʥʪʨʦʣʘ ʌɽʉ 

ʬʫʥʢʮʠʦʥʠʰʝ ʫ ʘʩʠʥʭʨʦʥʦʤ ʤʦʜʫ ʠ ʪʝʩʪʠʨʘʥʘ ʿʝ ʥʘ 4 ʠʩʧʠʪʘʥʠʢʘ ʩʘ ʨʝʟʫʣʪʘʪʠʤʘ ʟʘ 

ʧʦʟʠʪʠʚʥʝ ʧʨʝʜʠʢʪʠʚʥʝ ʚʨʝʜʥʦʩʪʠ ʠ ʩʪʦʧʫ ʠʩʧʨʘʚʥʠʭ ʜʝʪʝʢʮʠʿʘ ʫ ʦʧʩʝʛʫ 0,66 - 0,92 ʠ 

0,81 - 0,94, ʨʝʩʧʝʢʪʠʚʥʦ. 

ʂˀʫʯʥʝ ʨʝʯʠ: ʤʦʟʘʢ-ʨʘʯʫʥʘʨ ʠʥʪʝʨʬʝʿʩ, ʝʣʝʢʪʨʦʝʥʮʝʬʘʣʦʛʨʘʬʠʿʘ, ʜʝʩʠʥʭʨʦʥʠʟʘʮʠʿʘ 

ʚʝʟʘʥʘ ʟʘ ʜʦʛʘʹʘʿ, ʩʠʥʭʨʦʥʠʟʘʮʠʿʘ ʚʝʟʘʥʘ ʟʘ ʜʦʛʘʹʘʿ, ʩʪʘʮʠʦʥʘʨʥʠ ʚʠʟʫʝʣʥʠ ʝʚʦʮʠʨʘʥʠ 

ʧʦʪʝʥʮʠʿʘʣʠ, ʤʦʪʦʨʥʠ ʝʚʦʮʠʨʘʥʠ ʢʦʨʪʠʢʘʣʥʠ ʧʦʪʝʥʮʠʿʘʣʠ, N400, ʬʫʥʢʮʠʦʥʘʣʥʘ 

ʝʣʝʢʪʨʠʯʥʘ ʩʪʠʤʫʣʘʮʠʿʘ, ʥʝʫʨʦʨʝʭʘʙʠʣʠʪʘʮʠʿʘ. 

ʅʘʫʯʥʘ ʦʙʣʘʩʪ: ʊʝʭʥʠʯʢʝ ʥʘʫʢʝ, ʝʣʝʢʪʨʦʪʝʭʥʠʢʘ 
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Mirjana Popoviĺ), project ñFESAPP - Functional Electrical Stimulation Applicationsò of the 

company Tecnalia Serbia DOO, Belgrade, Serbia and COST Action TD1006, ñEuropean 
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Research Objectives  

The objectives of the research described in this thesis were to develop methodology for 

measurements of different EEG components that are used as control signals for BCI devices: 

event related desynchronization/synchronization (ERD/ERS), steady-state visual evoked 

potentials (SSVEP), event related potentials (ERPs) and movement related cortical potentials 

(MRCPs).  Since the nature, origin and elicitation of listed EEG components are different, 

specific hardware subsets were implemented to support recording of individual control 

signals.  

Custom algorithms implemented in NI LabVIEW, (version 2010, National Instruments 

Inc., Austin, USA) and MATLAB (version 2010, The Mathworks, Natick, MA, U.S.A.) 

based applications had to be designed and employed for the online extraction of signalsô 

features used for BCI control and offline processing/analysis.  

The main goal of the thesis related research was to test the feasibility of utilizing one or 

more of above listed EEG components (ERD, ERS, SSVEP, ERP and MRCP) to improve the 

methods of controlling functional electrical stimulation (FES) of muscles. The benefits of 

introducing BCI methods in control of FES were expected to be in automation of the two 

processes: selection and triggering of stimulation pattern. The following aim was to develop a 

novel hybrid BCI system intended for application in neurorehabilitation, specifically for 

restoration of hand function after stroke. The term ñhybridò is used to describe the approach 

where multiple EEG control signals drive the BCI, as well as the fact that proposed device 

combines BCI methods with conventional assistive modality ï FES, for improving its 

applicability and effectiveness. In the final design of the hybrid BCI, SSVEP and ERD were 

implemented for online control of FES.   

The results of this research comprise the development and testing of the three prototypes 

(versions) of BCI systems for the control of FES: hybrid (SSVEP and ERD based) BCI, cued 

ERD based BCI and asynchronous ERD based BCI. The developed BCIs operate in 

accordance with current trends in neurorehabilitation where the mental training (imagery) of 

the movement using neurofeedback may enable faster and more effective recovery of the lost 

motor function.  
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Research hypotheses 

1. The two EEG signal modalities, SSVEP (induced by flickering lights) and 

sensorimotor rhythm ERD (induced by motor imagery) can be sequentially 

detected with satisfactory accuracy (>70%) using 2 bipolar, standard EEG 

channels.  

2. SSVEP and ERD measurements and detection algorithms can be employed to 

drive a hybrid BCI device for control of selective FES by repeated selection and 

triggering one of the 3 stimulation patterns that support different grasps.  

3. The approach of synchronizing FES with motor imagery measured by ERD may 

induce plasticity of the corticospinal tract to the muscle. 

4. The developed software applications and/or hardware subsets can be also utilized 

for measurements of other common EEG control signals (namely ERP and 

MRCP) and for neurofeedback.  
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Research contributions 

¶ Experimental setups and protocols for measurement, processing and visualization 

of SSVEP, ERD/ERS, ERP and MRCP. 

¶ Proof of the concept of using ERD and SSVEP in a hybrid, sequential, closed loop 

BCI architecture to control FES of arm muscles. 

¶ Custom software for 16 channel EEG acquisition developed in NI LabVIEW, 

(version 2010, National Instruments Inc., Austin, USA), for online processing and 

wide application range biofeedback, tested in research studies including: online 

SSVEP and ERD detection, motor imagery training, sensorimotor rhythm 

conditioning by neurofeedback and ERP research studies in cognitive psychology.  

¶ Custom software tools for offline EEG processing developed in MATLAB 

(version 2010, The Mathworks, Natick, MA, U.S.A.) utilized for processing, 

visualization and/or detection of ERD/ERS, SSVEP, ERP and MRCP. 

¶ Publications in the domain of the thesis-related research: 

Papers in international journals with impact factor (M21, M23) 

1. (M21)  Saviĺ A., Maleġeviĺ N., Popoviĺ M.B.: Feasibility of a Hybrid Brain-Computer Interface for 

Advanced Functional Electrical Therapy, - The Scientific World Journal, Vol 2014, No 797128, pp. 1-11,  

2014 (IF(2012)=1.73) (DOI:10.1155/2014/797128) (ISSN: 1537-744X). 

 

2. (M23) Mirkoviĺ B., Stevanoviĺ M., Saviĺ A.: EEG Controlled Ni Lego Robot: Feasibility Study of 

Sensorimotor Alpha Rhythm Neurofeedback in Children, - Biomedical Engineering / Biomedizinische 

Technik, Vol 58, No 1, pp. 1-2, 2013 (IF(2012)=1,157) (ISSN (Online) 1862-278X, ISSN (Print) 0013-

5585) (DOI: 10.1515/bmt-2013-4161). 

Papers in thematic proceedings of high international importance (ʄ13) 

1. Saviĺ, A., Lontis, R., Jiang, N., Popoviĺ, M., Farina, D., Dremstrup, K., & Mrachacz-Kersting, N.: 

ĂMovement Related Cortical Potentials and Sensory Motor Rhythms during Self Initiated and Cued 

Movementsñ In Replace, Repair, Restore, RelieveïBridging Clinical and Engineering Solutions in 

Neurorehabilitation, Eds.: W. Jensen,  O. Kæseler Andersen, M. Akay,  2014, Volume 7, pp. 701-707. 

Springer International Publishing 2014 (ISBN: 978-3-319-08071-0 (Print) 978-3-319-08072-7 (Online), 

Series ISSN2195-3562) (DOI: 10.1007/978-3-319-08072-7_98)   

2. Saviĺ A., Maleġeviĺ N., Popoviĺ M.B.: ĂMotor imagery driven BCI with cue-based selection of FES 

induced graspsñ In: Converging Clinical and Engineering Research on Neurorehabilitation,, Eds.: J. L. 

Pons, D. Torricelli, M. Pajaro, Springer-Verlag Berlin Heidelberg 2013, Vol. 1, pp. 513.-516. (DOI: 



5 

 

10.1007/978-3-642-34546-3_82) (ISBN (print): 978-3-642-34545-6, ISBN (electronic): 978-3-642-34546-

3, Series ISSN: 2195-3562) 

Internationa conference papers (M33) 

1. Saviĺ, A., Kisiĺ U., Popoviĺ M.B.: ĂToward a hybrid BCI for grasp rehabilitation,ñ -Proceedings of the 5th 

European Conference of the International Federation for Medical and Biological Engineering, 2012, Vol 

37, pp. 806-809, Springer-Verlag GmbH Berlin Heidelberg,  (ISSN: 1680-0737, ISBN (Online) 978-3-642-

23508-5, ISBN (Print) 978-3-642-23508-8, DOI:10.1007/978-3-642-23508-5_210) 

2. Saviĺ A., Niazi, I.K., Popoviĺ M.B.: ĂSelf-paced vs. cue-based motor task: the difference in cortical 

activity,ñ - Proceedings of the 19th Telecommunications Forum, TELFOR 2011, 22-24 November 2011, 

Belgrade, Serbia. IEEE Press, Article No. 6143887, pp. 39-42 (ISBN: 978-1-4577-1499-3, 

http://dx.doi.org/10.1109/TELFOR.2011.6143887) 

3. Ġobajiĺ N., Saviĺ A.: ĂComparison of the event-related desynchronization during self-paced movement and 

when playing a Nintendo Wii game,ñ -Proceedings of the 18th Telecommunication forum ï TELFOR 2010, 

23-25 November 2010, Belgrade, Serbia, pp. 1379 -1382  

4. Saviĺ A., Lontis R., Maleġeviĺ N., Popoviĺ M.B., Jiang N., Dremstrup K., Farina D. and Mrachacz-

Kersting N.: ĂFeasibility of an Asynchronous Event Related Desynchronization based Brain Switch for 

control of Functional Electrical Stimulation,ñ Accepted for BMT 2014, Hannover 8-10 Oct. 2014. 

International conference abstracts (M34) 

1. Tarkka, I., Saviĺ ɸ., Niskanen E., Pekkola E., Rottensteiner M., Leskinen T., Kaprio J., and Kujala U.: 

ĂLong-term physical activity is associated with precognitive somatosensory brain processing and white 

matter volume in male twins,ñ ïProceedings of the 30th International Congress of Clinical 

Neurophysiology (ICCN) of the IFCN, March 20ï23, 2014, Berlin, Germany, pp. 264-265  

(Printed in: Clinical Neurophysiology, vol 125, supplement 1,  pp. S264-S265, 2014, (ISSN: 1388-2457, 

DOI: 10.1016/S1388-2457(14)50864-4)) 

2. Popoviĺ M.B., Saviĺ A.: ĂBrain control of assistive devices,ñ -Proceedings of the 10th Mediterranean 

Congress of PRM and 13th National Congress of PMR, Mediterranean Forum of PRM 2013, Budva, 

MonteNegro, 2013, pp. 56 

3. Suceviĺ J., Koviĺ V., Saviĺ A.: ĂIs there anything sound-symbolic  in words: Behavioural and ERP study of 

sound symbolism in natural language,ñ -Proceedings of the 18th Conference of the European Society for 

Cognitive Psychology, Budapest, Hungary, 2013, No A-0682, pp. 1  

4. Saviĺ A., Maleġeviĺ N., Popoviĺ M.B.: ĂCue-based control of three FES induced movements by motor 

imagery driven BCI,ñ -Proceedings of the IEEE EMB/CAS/SMC Workshop on Brain-Machine-Body 

Interfaces, San Diego, California, USA,  2012., pp. D-3. 

5. Saviĺ A., Maleġeviĺ N., Popoviĺ M.B.: ĂMotor Imagery based BCI for control of FES,ñ -Proceedings of the 

Symposium of clinical neurophysiology with international participation, Belgrade, Serbia, 2012,  pp. 26-27   



6 

 

 (Printed in: Clinical Neurophysiology Vol 124, No 7, 2013: pp. e11-e12, DOI: 

10.1016/j.clinph.2012.12.020, ʄ22, IF(2012)=3,144)  

6. Beliĺ J., Saviĺ A., ñBrain Computer Interface-based algorithm for the detection of finger movementò, -

Procceedings of the 8
th
 FENS, Barcelona, Spain, 2012, Vol 6, No 4248, pp.1  

7. Saviĺ A., Popoviĺ M.B., Popoviĺ D.B.: ĂEvent related desynchronisation/synchronization based method for 

quantification of neural activity during self-paced versus cue-based motor task,ñ -Proceedings of the 

Symposium Symposium of Clinical Neurology 2011 with international participation, Military Medical 

Academy, Belgrade, Serbia,  2011, pp. 34-35  

 (Printed in: Clinical Neurophysiology Vol 123, No 7, 2012, pp. e81-e81, DOI: 

10.1016/j.clinph.2011.11.058, ʄ22,  IF(2012)=3,144) 

National Journals (M53) 

1. Ġobajiĺ N., Saviĺ A.: Comparison of the event-related desynchronization during self-paced movement and 

when playing a Nintendo Wii game, Telfor Journal, Vol 3, No 1, 2011, pp. 72-75. (ISSN (Print) 1821-3251, 

ISSN (Online) 2334-9905)  

Invited lectures (M62) 

1. Saviĺ A., Popoviĺ M.B.: ĂBrain signals in assistive technologies,ñ -Proceedings of the 2
nd

 Memorial 

Symposium ñPetar Areģinaò: research in Neural Rehabilitation, SANU, Belgrade, Serbia, 2012. 

National conferences (M63) 

1. Stevanoviĺ M., Saviĺ A.: ñVirtual Menu based on P300 Evoked Potentials,ñ -Proceedings of the 56
th
  

ETRAN Conference, Zlatibor, Srbija, 2012, ME1.8, pp. 1-4, (ISBN 978-86-80509-67-9.) 

National conference abstracts (M64) 

1. Goluboviĺ B., Saviĺ A., Koviĺ, V., Popoviĺ, M.B.: ĂChanges in the EEG during motor reaction to lexical 

decision taskñ ï Proceedings of the 1
st
 Conference Brain-Computer Interface from Student-to-Student 

Interface, 14. March 2014, Belgrade, Serbia, pp. 5.(ISBN: 978-86-7466-496-4) 

2. Suļeviĺ J., Styles S., Saviĺ A., Koviĺ V., Popoviĺ, M.B.: ñThe role of sound symbolism in language 

processing : Insights from an ERP studyñ ï Proceedings of the 1
st
 Conference Brain-Computer Interface 

from Student-to-Student Interface, 14. March 2014, Belgrade, Serbia, pp. 5.(ISBN: 978-86-7466-496-4) 

3. Saviĺ A.: ĂBrain-Conputer Interface in Neurorehabilitationñ ï Proceedings of the 1
st
 Conference Brain-

Computer Interface from Student-to-Student Interface, 14. March 2014, Belgrade, Serbia, pp. 5. (ISBN: 

978-86-7466-496-4)  



7 

 

Outline of the thesis 

Introduction to Brain Computer Interface (BCI) is given in chapter 1. It comprises the 

brief historical background of BCI, areas of BCI application, classification of BCI systems 

based on various criteria, basic information on the most important control modalities used in 

brain machine interaction and descriptions of existing BCI systems based on each modality. 

Chapter 2 describes a software application for EEG (and/or other biosignal) acquisition, 

online processing and biofeedback, both developed for the purpose of thesis-related studies. 

One feasibility study describing the application of the developed software for sensorimotor 

rhythm neurofeedback in children is also described within this chapter. 

 Chapters 3, 4, 5 and 6 describe the methodology of recording, processing and 

visualization of four control signals most frequently used in assistive and restorative BCIs: 

steady state visual evoked potentials, event-related desynchronization/synchronization, event 

related potentials and movement related cortical potentials, respectively. All results presented 

in these chapters are based on original research-related measurements conducted at the 

Laboratory for Biomedical Instrumentation & Technology (BMIT), University of Belgrade ï 

School of Electrical Engineering, Belgrade, Serbia (chapters 3, 4 and 5) and Center for 

Sensory-Motor Interaction, Department of Health Science and Technology, Aalborg 

University, 9220 Aalborg Ø, Denmark (chapter 6).    

Chapter 3 introduces the instrumentation and methodology for eliciting the steady-state 

visual evoked potentials and their visualization.    

Chapter 4 introduces the instrumentation and methodology for inducing the event-related 

desynchronization and synchronization with real movement execution and movement 

imagery and their quantification and visualization.    

Chapter 5 introduces the instrumentation and methodology for elicitation, processing and 

visualization of event-related potentials, with special reference to the N400 component of the 

ERP. 

Chapter 6 presents the methods for simultaneous measurements of MRCP and 

sensorimotor ERD/ERS using multichannel EEG. Additionally, the effects of introducing 

visual cues during task execution on the spatiotemporal features of both MRCP and 

ERD/ERS were investigated. 

Chapters 7, 8 and 9 describe three novel BCI systems for control of FES. 
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In chapter 7, operation and feasibility of a hybrid BCI for advanced functional electrical 

therapy is described. This is the first variant of the developed restorative BCI prototype for 

motor imagery based control of FES. Within hybrid closed loop architecture the system 

comprises two BCI control signals (SSVEP and ERD) utilized for the sequential selection 

and triggering of one of the three predefined electrical stimulation patterns related to the three 

basic types of grasp.   

In chapter 8, operation and feasibility of a cue-based BCI for the control of FES is 

described. The second variant of the developed restorative BCI prototype for ERD based 

control of FES comprises cue-based triggering of one of the three predefined electrical 

stimulation patterns by motor imagery.   

In chapter 9, operation and feasibility of an asynchronous ñbrain switchò for triggering of 

FES is described. The third variant of the restorative BCI prototype for ERD based control of 

FES was developed. Potential of such a system for inducing plasticity of the corticospinal 

tract to the muscle was investigate also by employing transcranial magnetic stimulation.  

Chapter 10 reviews the obtained results, summarizes the contributions within the thesis 

and possibilities for future research arising from the results of the described research studies. 

System for EEG measurements used in the studies conducted at BMIT laboratory and 

photo sensor developed for EEG synchronization with visual stimuli are described in 

Appendix A and B respectively.    
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1 Introduction to Brain Computer Interface 

 

ñéCan these observable electrical brain signals be put to work as carriers 

of information in man-computer communication or for the purpose of 

controlling such external apparatus as prosthetic devices or spaceships? 

Even on the sole basis of the present states of the art of computer science 

and neurophysiology, one may suggest that such a feat is potentially around 

the corner.  

The Brain Computer Interface project was meant to be a first attempt to 

evaluate the feasibility and practicality of utilizing the brain signals in a 

man-computer dialogue while at the same time developing a novel tool for 

the study of the neurophysiological phenomena that govern the production 

and the control of observable neuroelectric eventséò 

Jacques J. Vidal (1973) 

Segment taken from [1]  

In the 1973 Dr. Jacques J. Vidal (Director of the BrainïComputer Interface Laboratory at 

UCLA) in his publication ñTowards direct brain-computer communicationò, was the first to 

present scientific evidence on an idea of creating a communication pathway between a human 

brain and the generic device [1]. Image from the original scientific paper presenting the 

organization and computer architecture of this laboratory is presented in Figure 1.1. Since 

then many scientist have followed this path resulting in increasing interest for the Brain 

Computer Interface (BCI) field, as Vidal originally named it, over the years. 
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Figure 1.1 ï General organization and computer architecture of Brain-Computer Interface Laboratory (UCLA), 

taken from [1]. 

In recognition of the rapid development of BCI and its potential importance, the first 

International meeting on the topic of BCI organized by the Wadsworth Center of the New 

York State Department of Health was held in June of 1999. Fifty scientists and engineers 

participated in this event, representing 22 different research groups from the United States, 

Canada, Great Britain, Germany, Austria, and Italy. Their goal was to review the current state 

of BCI research, to define the aims of basic and applied BCI research, to identify and address 

the key technical issues and to consider development of standard research procedures and 

assessment methods. On this occasion the participants of the meeting debated and agreed on 

the first official definition of BCI which was later included into the review paper of Jonathan 

Wolpaw et al. in 2002, ñBrainïcomputer interfaces for communication and controlò [2]. 

  



11 

 

ñA BCI is a communication system in which messages or commands that an 

individual sends to the external world do not pass through the brainôs normal output 

pathways of peripheral nerves and muscles. For example, in an EEG based BCI the 

messages are encoded in EEG activity. A BCI provides its user with an alternative 

method for acting on the world.ò  

Walpaw et al. 2002 [2]   

Therefore, the certain correlates of userôs will can be extracted directly from brain signals 

and the basis for this is that mental activity (thoughts) can modify the bioelectrical brain 

activity and is encoded in the recorded signals [3]. Other terms have also been used to 

describe this approach, such as Brain-Machine Interface (BMI), Direct Neural Interface 

(DNI), Mind-Machine Interface (MMI), Brain/Neuronal Computer Interaction (BNCI) etc. 

The main principle of BCI is the capability to detect different patterns of brain activity, each 

being associated to particular mental state or task. However, it should be clearly emphasized 

that the goal of BCI isnôt tracking of brain signals solely for determining a personôs intentions 

or wishes - the common misapprehension about the ñmind-readingò or ñwire-tappingò pursuit 

of BCI [4]. A BCI is a new output channel for the brain. Like the natural output channels of 

peripheral nerves and muscles, it is likely to engage the brainôs adaptive capacities, which 

adjust the output to optimize the performance. BCI operation depends on the interaction of 

two adaptive controllers: the userôs brain, which produces the measured and analyzed signals, 

and the BCI system itself, which translates that signals into commands [4]. Therefore, the 

control of BCI system is a new skill that doesnôt employ muscle control but the control of 

brain activity.  

Successful operation of the brain's normal output pathways depends on feedback. Even 

very common motor actions such as speaking or walking, for their initial acquisition and 

subsequent maintenance require continual adjustments based on oversight of intermediate and 

final outcomes [5]. When feedback is absent from the start, motor skills do not develop 

properly. When it is lost later on, these skills deteriorate. Consequently, BCI operation also 

depends on feedback and on adaptation of brain activity based on it. Hence, the two way 

adaptation between the user and the device is crucial for successful BCI control. The users 

have to learn how to modulate their brainwaves so as to generate distinct brain patterns, but 

also the user training is complemented with machine learning techniques to discover the 

individual brain patterns characterizing the mental tasks executed by the user.  
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The possibility of utilizing the brainôs adaptive capacities for the control of various 

electrophysiological signal features was initially suggested by studies exploring therapeutic 

applications of the electroencephalography (EEG). The possibilities of conditioning the 

visual alpha rhythm, slow cortical potentials, the mu rhythm, and other EEG features were 

tested in numerous studies starting from the late 1960s (reviewed in [6]). This approach, 

methodologically very similar to BCI, is termed neurofeedback. However, the aim of 

neurofeedback is not to achieve a specific goal (i.e. communicate or control a device) by 

volitionally controlling the brain-signal features, but mastering the skill of their self-

regulation, for therapeutic or other purposes. The focus of these studies was mainly to induce 

changes in the amplitudes of signal-features, aiming at therapeutic benefits of such 

interventions (exp. reduction in seizure frequency) [7]. Although these studies did not 

investigate the ability of increasing and/or decreasing a specific feature quickly and 

accurately enough, so it can to be employed for efficient communication/control, their results 

suggested that bidirectional control is possible and set the ground for further research in BCI 

field.  

1.1 Areas of BCI application  

Augmenting human capabilities by providing a new muscle- and nerve-independent 

channel for interaction with the outside world was recognized as a relevant tool to help the 

people with motor disabilities. These disabilities can be a consequence of traumatic lesions of 

the brain or the spinal cord (spinal cord injury ï SCI), cerebrovascular diseases (stroke), or 

degenerative neuromuscular diseases (muscular dystrophies and motor neuron disorders such 

as amyotrophic lateral sclerosis (ALS) and spinal muscular atrophies) that are characterized 

by a progressive loss of voluntary muscular activity [2], [3]. In all these cases, however, 

cognitive functions may be mostly or completely spared. The four application areas that 

potentially could benefit the most from combining BCI principles and methods with assistive 

technologies were recently recognized, and these are [4]:  

¶ communication and control, 

¶ motor substitution,  

¶ entertainment and 

¶ motor restoration 
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1.1.1 BCI in neurorehabilitation 

ñLet us assume that the persistence or repetition of a reverberatory activity (or 

"trace") tends to induce lasting cellular changes that add to its stability. When an 

axon of cell A is near enough to excite a cell B and repeatedly or persistently takes 

part in firing it, some growth process or metabolic change takes place in one or both 

cells such that A's efficiency, as one of the cells firing B, is increased.ò 

Hebbôs rule, Donald Hebb (1949) [8]   

ñCells that fire together, wire togetherò 

Carla Shatz (1990) [9]  

Recent advances in neurorehabilitation show the potential of BCI technology to be used 

either for long term substitution or further enhancement of the impaired motor function, 

dividing the BCIs in two groups: assistive and restorative, respectively [10]. Assistive BCIs, 

accordingly, assist the user in communicating or performing a daily life task by replacing the 

lost motor function with a new one provided by the external device controlled by the signals 

from the brain. Target population for assistive BCIs is mainly people with severe stabilized 

motor disability (due to SCI, ALS, etc.). Examples of such systems are BCI control of 

functional electrical stimulation (FES) [11] [12], orthotic devices [13], wheelchair [14-16] or 

spelling devices [17, 18]. Restorative BCIs aim to restore impaired motor function through 

BCI based training/therapy [19]. The final goal is to induce plastic changes via guided 

neurofeedback by closing the loop between the desired brain activity and contingent stimuli 

[20]. One possible way of closing this loop is when userôs movement imagination (motor 

imagery - MI) or attempt, identified from the ongoing neural activity, directly triggers 

contingent sensory feedback [21] [22]. It is hypothesized that therapeutic interventions 

consisting of repetitive pairing the MI with contingent sensory input, induce activity 

dependant neuroplasticity and facilitate more natural motor control according to the Hebbian 

learning principles [19] [23] [20]. Specifically, someoneôs will to move extracted from the 

signals collected from the brain area with a lesion, can be translated into the real matching-

movement of the affected limb by using FES of muscles, orthotic device or an assistive robot 

[24]. By mimicking natural activation patterns between the efferent cortical activity of the 

areas that once controlled the affected limb and precisely temporally synchronized sensory 

input response that activates associated afferents might lead to rewiring or strengthening of 
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the motor networks [10] [25] [26] [27]. Several recent studies have proven the different 

concepts of BCI based neurorehabilitation. Buch et al. were the first to report that chronic 

stroke patients with complete hand paralysis were able to modulate their oscillatory 

movement related brain activity to control external hand orthosis [28]. Daly et al. reported 

that imagined/attempted movement can be translated to FES induced movement, and that this 

treatment resulted in motor recovery of a chronic stroke patient [29]. Caria et al. used 

sensorimotor rhythm (SMR) to drive hand and arm orthosis and have proven the concept that 

only MI temporally synchronized with the orthosis movements led to motor relearning, 

plastic changes and functional improvement in chronic stroke patients [27]. This new 

potential of BCI in therapy isnôt only promising because it aims at a large target group (stroke 

survivors), comparing to the assistive ones, but also currently seems more feasible in terms of 

applicability. Daily use of the assistive BCI device is a challenging task for many reasons. 

Long term signal recording is difficult in both noninvasive (EEG based) and invasive BCIs. 

Impedance changes, noise, habituation, fatigue etc. all affect the quality of the signal-features 

and consequently may influence negatively the BCI operation. On the other hand, if the BCI 

device is applied in a training program, with a daily routine, during a limited time period 

(weeks/months) this approach might seem more realistic in bringing the BCIs out of the 

research laboratories into the clinical practice and real world application.       
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1.2 BCI components and classification 

Like any communication or control system a BCI is consisted of the following parts: 

input (userôs brain signal), output (i.e. device commands), components that translate input 

into output, and a protocol that determines the onset, offset, and timing of operation, all 

presented in Figure 1.2 [2]. BCI systems are further classified based on the specific nature of 

each component. The classification of BCI devices based on various criteria will be discussed 

in the following chapters (1.3-1.8). 

 

Figure 1.2 - Basic design and operation of any BCI system. Taken from [2]. 
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1.3 Invasive and noninvasive BCI systems 

BCIs are divided into categories of invasive and noninvasive systems depending on the 

procedure applied for brain signal recordings. Brain signal can be any direct or indirect 

measure of electrical brain activity originating from the firing neurons. In invasive BCI 

devices this activity is measured by electrodes placed in the tissue of the cortex (intracortical 

recording) or on top of the cortex, beneath the first brain membrane ï dura (subdural 

recording or electrocorticogram - ECoG) [30] [31]. In noninvasive measurements of the 

brainôs electrical field, electrodes are fixed on the intact skull, the method known as 

electroencephalography (EEG) [32]. In addition to electric field changes, neural activity 

produces various types of signals that can be measured non-invasively such as magnetic field 

recorded with magnetoencephalography (MEG) [28]. Metabolic changes of blood flow and 

oxygenation in the neural structures that follow their activation can also be measured with 

techniques such as: functional magnetic resonance imaging (fMRI) [33], optical imaging (i.e. 

near infrared spectroscopy ï NIRS) [34] and positron emission tomography (PET) [35]. 

Unfortunately, techniques like MEG, fMRI, PET require robust, sophisticated equipment that 

can be operated only in specialized facilities. Also, the techniques for measuring blood flow 

have longer latencies which make them less appropriate for real-time control.  

The devices based on EEG measurements were the most exploited for BCI control due to 

their noninvasiveness, portability, lower costs and excellent temporal resolution. The 

limitations of the non-invasive methods are the fact that they are often susceptible to noise, 

the signal is attenuated and have lower spatial resolution due to the distance from the brain 

and spreading through the layers of bone and tissue and that the recorded signal represents 

the large-scale activity of neural populations. Signals acquired by invasive recording methods 

are less affected by noise and artifacts and thus have better signal-to-noise ratio than 

noninvasively measured brain signals. The obvious drawback is a brain surgery that is 

necessary to implement such a system but also the issues of tissue rejection, scaring (resulting 

in loss of contact between the sensor and neural tissue), possibility of infection, problem of 

connectors and/or data transfer. 

The further overview of BCI principles and methods will include only descriptions of 

noninvasive EEG modalities following the original research described within this thesis. 
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1.4 Control signals of EEG-based BCIs 

One of the main challenges in BCI is to identify the group of mental tasks or mental 

strategies that induce specific neurophysiological signal changes (also termed, task related 

brain-signal patterns). A specific device command is assigned to each of those patterns so 

that the execution of a specified mental task triggers certain device command. There are two 

main categories of EEG-based control signals that are used for driving BCIs [36]: 

¶ evoked control signals and 

¶ induced control signals 

Evoked signals are generated by external stimuli (visual, auditory or somatosensory) and 

embedded in the BCI userôs spontaneous EEG activity. These signals are commonly referred 

to as evoked potentials (EP). 

Induced signals are the alterations in the EEG voluntarily generated by the BCI user and 

these are in general independent of external events/stimuli. Induced signals are the result of 

internal cognitive processing [36].  
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1.4.1 Steady state visual evoked potentials (SSVEP) 

The steady-state evoked potential (SSEP) is a brain response elicited by a repetitive 

stimulus of a fixed frequency [37]. During the stimulation the steady-state response appears 

in the EEG in a form a periodic, nearly sinusoidal waveform of the same fundamental 

frequency as the stimulus and often includes higher harmonics [38]. Depending on the nature 

of the stimulus, which can be visual [37] [39] [40], auditory [41]  and somatosensory [42], 

three SSEP modalities are at disposal, each most pronounced (have the highest amplitude) in 

the associated cortical regions. 

Visual evoked potential (VEP) is the transient response in the EEG evoked by isolated 

visual stimulus. The stimuli that evoke transient VEPs are an asynchronous and of repetition 

rate not more than 2 stimuli per second. The term transient is used because the slow 

stimulation rate allows the sensory pathways to recover in between the consecutive stimuli. 

However if the visual stimuli are presented at a fixed rate, fast enough to prevent the evoked 

neural activity from returning to baseline state, the elicited responses becomes continuous 

and are referred to as the steady-state visual evoked potentials (SSVEP) [43] [44]. The Figure 

1.3 shows the gradual shifting of the visual evoked responses from transient (VEP) to 

continuous (SSVEP) with the change of the stimulation frequency. 

 

 

Figure 1.3 - Changes in the VEP wave form as a function of stimulation frequency. Taken from [43]. 
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Steady-State Visual Evoked Potentials (SSVEP) are brainôs responses to a repetitive 

visual stimulation (exp. light flashes), occurring mainly in the primary visual cortex. The 

frequencies of the stimuli used for SSVEP induction vary in different studies. In recent 

scientific publications authors have considered even the frequencies below 2 Hz for 

producing steady-state response [45]. Namely these types of stimulation evoke transient 

VEPs but in fixed rate which produces a periodic response that can be treated with the same 

processing/detection methods as SSVEP [44]. In recent review of the stimulation methods for 

SSVEP eliciting the specified range of stimuli frequencies is 1 to 100 Hz [46]. 

SSVEP are used as a control signal in BCI because they can offer the user to select 

among several commands, and thus can be used to drive a BCI based menu [47] [48]. Each 

option/command in such menu is associated with one of the repetitive visual stimuli 

presented to the user. Individual stimuli can differ from each other only by their repetition 

frequency. As all stimuli are simultaneously presented, the user can focus the visual attention 

on the specific one, eliciting the corresponding SSVEP response in the EEG measured over 

the primary visual cortex, which triggers the associated menu option [49]. This is based on 

the fact that the SSVEP amplitude is greater for the attended stimuli than for the unattended 

ones, even when the stimuli are presented in the same region of visual field [50] [51].  

For eliciting the SSVEP responses, three types of visual stimuli have been reported in the 

literature: light stimuli, single graphic stimuli and pattern reversal stimuli [45]. Light stimuli 

are the flashing light sources such as light emitting diodes (LEDs), fluorescent lights or Xe-

lights, whose blinking is modulated with a certain frequency. The single graphic stimulus 

consists of a repeatedly appearing and disappearing image (usually on a computer screen) at a 

fixed rate. Pattern reversal type of stimulation consists of at least two patterns alternated at a 

specified frequency. When using a computer screen for stimuli display it should be taken into 

consideration that the refresh rate of the monitor itself could influence the stimuli 

presentation. Examples of single graphic stimuli and pattern reversal stimuli are shown in 

Figure 1.4. Typical SSVEP response in the time and frequency domain are presented in 

Figure 1.5. 

.  
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(A)                      (B) 

Figure 1.4 - Single graphic type stimuli (A) and pattern reversal type stimuli (B) for SSVEP eliciting. Taken 

from [45]. 

 

(A)                      (B) 

Figure 1.5 - SSVEP waveform of an EEG signal recorded in bipolar configuration (Oz-Cz) during stimulation 

with a light source flashing at 15 Hz (left plot), and its frequency spectrum (right plot). Taken from [45]. 
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1.4.1.1 SSVEP based BCIs 

In this chapter the practical solutions of employing SSVEP in BCI control are reviewed.  

Cheng et al. (2002) presented a SSVEP BCI that can help users to input phone numbers 

by using a virtual telephone keypad with thirteen buttons (ten digits from 0 to 9, backspace, 

enter and on/off option) illuminated at different rates, displayed on a computer monitor 

(Figure 1.6) [49]. Eight out of the thirteen BCI users succeeded in calling the mobile phone 

with the average transfer rate over all subjects of 27.15 bits/min. 

Gao et al. (2003) developed an SSVEP based environmental controller with high 

information transfer rate (Figure 1.6) [48]. This system can distinguish 48 targets and provide 

a transfer rate up to 68 bits/min. Frequency resolution or the minimum difference in 

flickering frequency between neighboring targets the subject was able to discriminate was 

reported to be about 0.2 Hz. The stimuli frequencies in this study covered the bandwidth from 

6 to 15 Hz. 

Lalor et al. (2005) proposed SSVEP-based BCI design within a real-time gaming 

framework for binary control in a 3D video game (Figure 1.6) [52]. The video game involves 

the movement of an animated character within a virtual environment. SSVEP induction is 

based on checkerboard pattern-reversal. The performance of the BCI was consistent across 

six subjects, with 41 of 48 games successfully completed with the average real-time control 

accuracy across subjects of 89%. 

Gollee et al. (2010) presented a BCI device that combines SSVEP with FES system to 

allow the user to control stimulation settings and parameters [53]. The system uses four 

flickering lights of distinct frequencies for forming a menu-based interface, enabling the user 

to interact with the system for electrical stimulation of abdominal muscles for respiratory 

assistance. The system was tested on 12 neurologically intact subjects and the mean accuracy 

of more than 90% was achieved, with an average information transfer rate of 12.5 bits/min. 

Ortner et al. (2011) designed an asynchronous SSVEP BCI for control of an assistive 

orthosis for grasping [54]. The orthosis was equipped with two LEDs which flickered at 8 

and 13 Hz (Figure 1.6). The performance of the BCI was tested on practical task of grasping 

a plastic bottle, moving it from one area to another and releasing it. The six subjects showed 

good control with a positive predictive value (PPV) higher than 60%. The overall PPV for all 
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subjects reached 78±10 %. The authors also reported that several users disliked the flickering 

lights required in SSVEP BCIs.  

 

 

 

Figure 1.6 ï Examples of SSVEP based BCIs. Thirteen buttons displayed on the screen of a computer monitor 

constituting a virtual telephone keypad (upper left image). LED stimulator with 48 targets (upper right image). 

Hand-orthosis with two (8 and 13 Hz) mounted flickering LEDs (lower left image). Screenshot of the mind-balance 

game, where the balance of the avatar is achieved by gazing at pattern reversal stimuli (lower right image). Figure 

adapted from [49], [48], [55] and [52], respectively.   
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1.4.2 Event Related Desynchronisation/Synchronisation (ERD/ERS) 

Berger (1930) discovered that certain events can induce or block the alpha rhythm and it 

was later noticed that these changes in the ongoing oscillatory EEG activity are time-locked 

while not phase-locked to the event [56], [57]. Time-locking of the brain rhythmic activity is 

reflected in changes (decrease or increase) in the amplitude of alpha oscillations in regard to 

the event, due to a decrease or an increase in synchrony of the underlying neuronal 

populations, respectively [58]. Decrease in amplitudes of oscillatory brain activity related 

with an event was accordingly named: event-related desynchronization (ERD) [59], while the 

corresponding increase was described as:  event-related synchronization (ERS) [60]. The 

terms event-related spectral perturbation (ERSP) and event related oscillations (EROs) are 

also used to refer to both ERD and ERS [61]. ERD and ERS phenomena arenôt exclusively 

linked to the EEG-measured oscillatory brain activity but are found also in ECoG [62] [63] 

[64] and MEG recordings [65]. Sensory, motor, cognitive and emotional processing can 

affect the ongoing EEG by eliciting ERD and/or ERS in specific frequency bands [58] [66].  

The absence of phase synchrony in the internally induced oscillatory activity between the 

single trials (events) implies that they cannot be analyzed by simple averaging as event 

related potentials (more in section 1.4.4), however time-frequency analysis i.e. spectral power 

analysis may be applied [67]. Therefore, these oscillatory phenomena of the brain signals can 

be identified either as a decrease or an increase of power in subject-specific frequency bands, 

in respect to the baseline power, which is the brain signal power in the time interval during 

passive, idle state [67]. Consequently, referring to the terms ERD/ERS always entails 

existence of the referent, baseline interval in respect to which the power changes are 

calculated, and thus they are relative measures which depend of the amount of activity during 

the referent interval. It should be emphasized that ERD/ERS always occur in specific 

frequency bands of interest, depending on the task/stimuli or measurement location.  

Generally, the frequency of brain oscillations is negatively correlated with their 

amplitude, thus the amplitude decreases with increasing of frequency [68]. The spatial 

distribution of ERD/ERS in different scalp locations tends to be dependent on the frequency 

band which is analyzed. ERD of lower alpha rhythm (7-10 Hz) is usually spread wide over 

the cortex and can be induced with a variety of mental tasks, while the higher alpha ERD 

(10ï12 Hz) is spatially more restricted and related to more specific tasks (exp. tasks 

involving processing of semantic memory information) [69]. Another example of specific 
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ERD/ERS spatial pattern is that the ERD of the alpha rhythm measured in the central area of 

the cortex may be accompanied by ERS in the same frequency band in the neighboring areas 

and vice versa [70]. 

1.4.2.1 ERD/ERS and movement 

ERD/ERS phenomena are related also with the preparation, execution and imagination of 

body-movements [71]. EEG based movement related oscillatory changes are mainly seen in 

alpha and beta frequency bands (<35 Hz) and show characteristic spatiotemporal patterns 

during sensorimotor processing whereas ERD can be seen as a correlate of an activated 

cortical area and ERS may represent a deactivated cortical area or inhibited cortical network, 

at least for certain tasks, or under certain conditions [72].  

1.4.2.2 Spatiotemporal ERD/ERS features during movement  

The mu rhythm ERD can start to 2 s prior to the movement and is most prominent over 

the contralateral sensorimotor areas during motor preparation and spreads bilaterally with 

movement onset. ERD during hand MI shows similar pattern to the pre-movement ERD, that 

is, locally is restricted to the contralateral sensorimotor areas [68]. 

Alpha and beta ERD can be observed as electrophysiological correlates to the activation 

of cortical neural networks and their preparation to process information with an increased 

excitability of cortical neurons [68] [73]. During movement preparation and execution, 

desynchronization of alpha mu activity at a specific cortical location may be accompanied 

with ERS in the same band over areas not engaged in the task [70] [74]. ERS can also be 

present after the movement (at the offset of the movement), in the same areas that had 

displayed ERD during the movement execution [63]. The brisk and slow finger movements 

exhibit almost identical morphology of the ERD/ERS time courses, although  they are 

different tasks in terms that the brisk movements are preprogrammed and they does not 

require feedback from the periphery, while slow movements depends on the afferent input 

from kinesthetic receptors evoked by the movement itself [75] [58].  

Since the peak of the alpha mu rhythm typically occurs in the absence of processing 

sensory information or motor output, it was hypothesized to reflect a cortical idling state and 

may represent inhibitory cortical activity [68]. This may be true for cortical areas 

representative for another modality or in neighboring areas that correspond to the same 

modality. The example is simultaneous central ERD and occipital ERS during movement task 
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and vice versa for visual task (occipital ERD accompanied with central ERS). Other 

examples are mu rhythm patterns during execution and imagination of foot movements where 

ERD at the foot representation area is accompanied by ERS of the hand area. The central beta 

rhythm may also be indicative for the active state of neural networks in the sensorimotor 

cortex, given that amplitude of beta oscillations is also decreased during preparation, 

execution, and imagination of movements. After the movement offset a short-lasting beta 

bursts (increased amplitude of beta oscillations) appear [76]. They are termed beta-rebound 

or post-movement beta ERS and display a high degree in somatotopical specificity [77] [78]. 

Beta rebound can also be present after the movement imagery and therefore its occurrence 

may not necessarily depend on the motor cortex output and muscle activation [79]. These 

central beta oscillations have been interpreted to reflect a short-lasting state of deactivation or 

inhibition of motor cortex networks [77]. This assumption was supported using transcranial 

magnetic stimulation (TMS) to show that the excitability level of motor cortex neurons was 

significantly reduced within the first second after the offset of finger movement [80]. 

The hand area mu ERD can be found in nearly every subject, but a foot area alpha mu 

ERD is less common [81]. In the Figure 1.7 are presented examples of ERD and ERS spatial 

patterns in the hand and feet area for different frequency bands.  

Results of a study comparing pre-movement ERD and post movement ERS during 3 

different motor tasks (thumb, index finger and wrist movement), show similar mu ERD 

during motor preparation and significant differences in ERS after the movement offset. The 

contralateral beta ERS was significantly larger in gross movements of the wrist as compared 

to index finger and thumb movements, which suggests that the pre-movement 

desynchronization is independent of the forthcoming type of movement, whereas the post-

movement beta synchronization depends on the activated muscle mass [76].  
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Figure 1.7 - Upper right and left images represent the hand area mu desynchronization in the 10±11 Hz band 

and a beta desynchronization in the 20±24 Hz band during a voluntary right hand movement, respectively. Lower 

right and left images represent the foot area desynchronization in the 7±8 Hz band and a circumscribed 20±24 Hz 

band ERD during the voluntary foot movement. The maps represent a time interval of 125 ms while the white cross 

marks the position of ERD maximum. Taken from [58]. 

1.4.2.3 ERD and ERS during movement imagery 

In addition to motor preparation and execution, imagination of movements also produces 

specific EEG patterns over primary sensory and motor areas [71]. The explanation of this 

phenomenon is that MI involves the same brain structures as in programming and preparation 

of movements [82]. For an example, imagination of right and left hand movements result in 

desynchronization of mu and beta rhythms over the contralateral hand area with very similar 

topography to planning and execution of real movements, Figure 1.8 [83]. It can be assumed 

that the pre-movement ERD and the ERD during MI reflect a similar type of presetting of 

neural networks, in sensorimotor areas, reflecting the readiness to act (move) [68]. An 

involvement of the primary sensorimotor cortex in MI was further explored by functional 

brain imaging and by TMS studies showing an increase of motor responses during mental 

imagination of movements [84] [85]. 

The protocols of testing the BCI devices based in movement imagery often include 

cueing in order to define exact time points or intervals in which the imagery is performed, for 

testing the accuracy of the detections. The cueing in BCI paradigms will be further discussed 

in chapters 4 and 6.    



27 

 

 

 

Figure 1.8 - ERD/ERS time-frequency maps (left side) and topography of mu ERD (right side) of a single subject 

during execution (upper panel) and imagination of a right-hand movement (lower panel) calculated for the C3 

location. Zero marks the movement-onset and the onset of cue presentation in the execution and imagination task, 

respectively. Taken from [32]. 

1.4.2.4 ERD/ERS as control signals in BCI 

In this chapter the examples of ERD driven BCIs with different applications will be 

reviewed.  

Scherer et al. (2004) have developed a BCI for asynchronous virtual keyboard control. 

User can scroll through the letters by feet movement imagery and then select the desired 

letter by imagery of left or right hand movement [86]. The other variant of the asynchronous 

ERD/ERS based keyboard control was introduced by Millan et al. [87]. The virtual keyboard 

presented on the computer screen was divided into 3 subsets of letters. User can select the 

subset by applying one of the three mental tasks that induce ERD/ERS changes in the 

ongoing EEG activity. The three tasks are selected from the group of strategies, namely, 

mental relaxation, right/left hand (arm) MI, mental cube rotation, mental arithmetic or word 

association. When a subset of letters is selected it is divided in subsets again and this process 

is repeated until the three letters remain and the single letter is selected. Then the whole 

process is repeated until the desired word/sentence is spelled. 
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The beta ERS has been employed for asynchronous wheelchair control in virtual reality 

by a spinal cord injured subject [15]. The mental strategies that induced beta bursts are 

imaginary movements of BCI userôs paralyzed feet. The single bipolar channel was used for 

brain signal acquisition and feature extraction. The accuracy of participantôs performance 

averaged over several runs was 90%. 

Pfurtscheller et al. (2003) have presented an asynchronous brain-computer interface 

(BCI) for the control of functional electrical stimulation (FES) for the restoration of grasp 

function in a tetraplegic subject. The mental strategy to drive this BCI was imagination of 

feet movement to produce beta ERS. The grasp sequence was consisted of four consecutive 

phases (Figure 1.9) where each ERS detection triggered the subsequent FES assisted phase. 

In this study, inconsistently with the natural motor activation pattern, the feet movement 

imagery was used for artificial induction of hand movement. The patient was able to grasp a 

glass with the paralyzed hand using this BCI device [11]. 
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Figure 1.9 - Raw bipolar EEG channel (vertex), bandpass filtered (15ï19 Hz) EEG signal and band power time 

course over a time interval of 50 seconds are presented in graphs (from up to down). Threshold and trigger pulse 

generation after FES operation and grasp phases are presented. Taken from [11].  
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1.4.3 Movement related cortical potential (MRCP) 

In 1964. Kornhuber and Deecke first reported of electroencephalographic (EEG) activity 

preceding voluntary movement in human after identifying the two movement related EEG 

signal components [88]. The first component was observed before the movement onset 

(named Bereitschaftspotential ï BP or readiness potential ï RP), and the second one after the 

movement onset. In later publications different components of the movement related cortical 

potential (MRCP) have been identified and different terms have been applied [89]. 

The BP starts at about 2.0 s before the onset of the movement (usually identified from 

electromyographic signal - EMG) and then increases its gradient about 400 ms before the 

movement. The late steeper slope shows clearly different scalp distribution compared to the 

early slow shift and thus these two are designated as late BP or Negative Slope (NSô) and 

early BP, respectively [90]. The early BP is maximal at the midline centro-parietal area, and 

is symmetrically and widely distributed over the scalp regardless of the site of movement 

[89]. The onset of early BP significantly differs among different conditions of movement and 

among subjects. In the tests where the subject repeatedly performs the same movement at a 

self-paced rate of once every 5 s or longer, the early BP commonly starts much earlier as 

compared to the movement executed in more natural conditions, due to the prolonged 

preparation time [89]. The onset of the late BP, determined by an abrupt increase of the 

gradient at the central electrode can also vary in different subjects and experimental 

conditions. The late BP is maximal over the contralateral central area for the hand 

movements (approximately C1 or C2 of the international 10ï20 system) and at the midline 

(approximately Cz) for the foot movements. Shibasaki et al. in 1980s have identified 8 

components, 4 before and 4 after the movement onset, in finger movements (BP, NSô, P-50, 

N-10, N+50, P+90, N+160 and P+300), based on the scalp distribution of averaged data 

across 14 subjects. This labeling is interpreted (except for BP and NSô) according to the 

surface polarity, where letters P and N correspond to the positive and negative values 

respectively [90]. The numbers in the labels are the mean time intervals in milliseconds 

between the peak of each component and the peak of the averaged, rectified EMG, the 

number being negative if the peak occurred before the EMG peak (not EMG onset), and 

positive if it occurred after the EMG peak (Figure 1.10). 
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Figure 1.10 - MRCP curves extracted from 15 scalp locations (monopolar configuration with linked earlobe 

reference) measured in a single healthy subject during the execution of the self-initiated left wrist extensions and 

averaged over 98 trials. Taken from [89]. 

1.4.3.1 MRCP as a control signal for BCI 

MRCP signals are characterized with a low signal to noise ratio (-20 dB). Hence, the 

MRCP features are typically extracted by repeating the same motor task, segmenting of the 

continuous EEG on the data epochs centered around the certain reference point (exp. 

movement onset or offset) of each single trial and later averaging of these epochs to reduce 

the effects of inherent stochastic noise is applied [91]. However, feature extraction methods 

based on multi-trial averaging is not adequate for online control, thus the single-trial 

classification methods are required. 

In recent publications the possibility of single trial detection of the MRCP is presented 

[92] [93]. Authors of [93] have described a method for detecting MRCPs from scalp EEG in 

real time for the purpose of developing a generic brain switch, with high accuracy, low 

latency and to use it as closed-loop BCI system for neurorehabilitation. In an online 

experiment on nine healthy subjects true positive rate of the detector was 79 ± 11% with the 

number of false positives of 1.4 ± 0.8 per minute. The proposed system performed detections 

with short latency of 315 ± 165 ms. 
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1.4.4 Event related potential (ERP) 

Event-related potential (ERP) is a response in the EEG to a particular event or a stimulus 

in a form of sequence of peaks (positive and negative voltage deflections) reflecting the flow 

of information through the brain. ERP technique was based on the hypothesis that the same 

visual, auditory or sensory stimuli will produce the stereotyped fluctuations in potential 

measured by EEG [94]. Therefore the ongoing brain activity will contain the deterministic 

components related to the events/stimuli embedded in the EEG which is generally stochastic 

in nature. For this reason the averaging technique over multiple trials is applied for increasing 

the signal to noise ratio. The trials to be averaged represent the group of responses to the 

same, or in specific way similar stimuli, locked to the time-instant of their presentation. 

Using the ERP techniques series of cognitive operations that precede the behavioral 

responses (the delivery of sensory information to the peripheral nervous system) can be 

analyzed. The early studies have shown the ERP responses to sensory stimuli [95]. In the 

1960s it was demonstrated that the cognitive activity related to task preparation could be 

measured also. This activity was termed contingent negative variation (CNV), occurring as a 

slow potential decrease, and it was shown to build up prior to the onset of a stimulus to which 

participants were required to respond and it was the first discovered ERP component 

describing the cognitive processes [96]. In that respect, ERP components can be divided into 

exogenous and endogenous [94]. Exogenous components occur in the time interval starting 

with stimuli presentation to about 100 ms after. They are the early sensory responses that 

depend on the physical properties of the stimuli (luminosity, loudness, intensity etc.). The 

ERP components after exogenous (after 100 ms) are termed endogenous and they depend on 

cognitive processes related to the event. In context of BCI the ERP component mostly used as 

a control modality is P300, but in recent publications other ERP components such as error 

related potentials (ErrP) or N400 were employed to increase the robustness and accuracy of 

BCI control [97] [98].  

The slow cortical potential shifts (SCP) were also employed for online BCI control. In 

this control paradigm BCI users have to produce positive or negative SCP shifts in regard to 

the baseline. A negative SCP shifts are related with higher excitability while the positive SCP 

shifts reflect reduced excitability or even inhibition [99]. With substantial neurofeedback 

training, the volitional producing of negative and positive SCP shifts can be learned and used 

for BCI control. 
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1.4.4.1 P300 based BCIs 

The P300 component of the ERP is a positive peak appearing roughly about 300 ms after 

the presentation of a stimulus (visual, auditory or somatosensory). P300 is typically evoked 

using the experimental design referred to as an ñoddball paradigmò. That implies presentation 

of two types of stimuli in a stream. First type is the common stimulus (appearing more 

frequently) and the second is rare stimulus (appearing less frequently, and also termed ñtarget 

stimulusò). The P300 component arises when subjects are required to attend to the 

appearance of rare stimuli presented (exp. count them). In the context of control, P300 is 

mainly used in designing BCI based menus where menu-options (rare stimuli) are presented 

sequentially and repeatedly. The user can select a desired option by focusing the attention on 

appearances of a specific stimuli (i.e. expecting/counting them).   

The most famous BCI device using the visual P300 modality is the ñP300 spellerò 

originally designed by Farwell and Donchin (1988) [17]. In their original design the virtual 

keyboard consisting of 26 letters of the alphabet plus several other symbols and commands, is 

displayed on a computer screen arranged in a square matrix of characters (Figure 1.11). 

During the BCI operation the columns and rows of the matrix repeatedly flash at random time 

instants. The userôs task is to focus attention successively on the characters he/she wishes to 

select (spell) and this intentions is detected online. This is achieved by the fact that when the 

elements containing the attended character flash, a P300 is elicited. The desired character is 

identified by the BCI system (after multiple trials) at intersection of row and column that 

evoked the largest P300 peak amplitude. Initial report suggested that device could be 

operated accurately at the rate of 0.20 bits/s (i.e. 12 bits, or 2.3 characters, per min). 
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(A) (B) 

 

Figure 1.11 ï The left image (A) is P300 speller virtual keyboard on the computer screen. The word DOG is 

supposed to be spelled and under it are the letters spelled by the subject. The right image (B) represents the 

illustrative example of averaged ERP curves obtained for each letter while the subjects was focusing on the letter 

ñOò. The horizontal axis of the graphs in (B) is time interval of 400 ms after the stimulus (flash) and vertical axis is 

normalized ERP amplitude.     

Following the original idea other improved versions of P300 operated BCI menus and 

spellers have been developed.  

Authors of [97] have employed ErrP in order to automatically recognize misinterpreted 

commands in P300 speller. ErrP occurs after a user gets aware he/she made an error. But, 

more important for BCI applications, ErrP is generated also when the machine behaves 

differently from the user intent [100]. ErrP is characterized by an negative potential shift  at 

the fronto-central region, in 50ï100 ms interval after an erroneous response (error negativity) 

and a subsequent positive shift in the parietal region with maximum between 200 and 500 ms 

after the error (error positivity) [101]. Online detection algorithms of ErrP can improve the 

accuracy of P300 speller [97]. 

The P300 speller performance was further improved by optimizing the stimulus used for 

eliciting the ERP components used for letter-classification. Authors of [98] have compared 

the standard flashing letters/characters type of stimulation with the flashing familiar faces 

transparently superimposed on letters/characters. The familiar faces stimuli is known for 

eliciting particularly strong (high amplitude) ERP components previously explored in various 

8 µV 

400 ms 
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psychology studies [102]. Visual perception of familiar faces elicits several ERP components, 

specifically the N170, P300 and N400f [103]. The N170 occurs between 130 and 200 ms and 

is assumed to be involved in rapid face perception but not in recognition process. Familiar 

faces elicit a face-specific N400 component, between 300 and 500 ms post-stimulus at 

parietal and central electrode sites. By including other types of stimulation and other 

components in P300 speller paradigm the reduction of stimulus sequences needed for correct 

classification can be achieved, thus the speed of communication can be improved [98]. 
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1.5 Dependant and independent BCIs 

The classification of BCI systems on dependant and independent is made according to the 

following criterion: 

ñDoes the operation of the BCI device in any way depend on the preserved 

function of the brainôs normal output pathways (peripheral nerves and muscles).ò 

Wolpaw et al. (2002) [2]  

According to this criterion a dependent BCI does not use the brainôs normal output 

pathways to transfer the command/message, but activity in these pathways is needed to 

generate the brain signalsô features that carry it. For example, the first BCI system proposed 

by Vidal was a dependent BCI that utilized a matrix of symbols that flash one at a time, and 

the user selects a specific symbol (each associated with a specific option) by looking directly 

at it [104]. The principle behind it is that the visual evoked potential (VEP) recorded from the 

scalp EEG over visual cortex when that symbol on which the user is focused flashes is much 

larger that the VEPs produced when the others flash. In this case, the brainôs output channel 

is EEG, but the generation of the EEG-feature that carries the information on the users 

current gaze fixation point is dependent on preserved eye movements and therefore on 

extraocular muscles and the cranial nerves that activate them (i.e. gaze direction is detected 

by monitoring EEG rather than by monitoring eye position directly). 

In contrast, an independent BCI does not depend in any way on the brainôs natural output 

pathways. Consequently the activity in these pathways is not needed to generate the brain 

activity that does carry the message. Because independent BCIs provide the brain with 

wholly new output pathways, they are of greater theoretical interest than dependent BCIs. 

Furthermore, for people with the most severe neuromuscular disabilities, who may lack all 

normal output channels (including extraocular muscle control), independent BCIs are likely 

to be more useful [2]. 
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1.6 Synchronous and asynchronous BCIs 

Another categorization of the BCIs on synchronous and asynchronous is based on 

different modes of userôs interaction with the BCI device.  The synchronous, or often called 

cue-based or cued BCIs, provide the possibility of sending the command only in specific 

time-windows imposed by the BCI system itself. For that purpose various types of cues 

(visual, auditory, sensory) can be employed to inform the user about the start/end of the time 

window in which the communication is enabled. Only if the user performs the mental task 

during the specified time window the command is send. In the time periods between the 

windows, the communication is disabled [105]. 

The BCIs with asynchronous control or so called ñself-pacedò BCIs allow the sending of 

the commands by performing the mental task at any time. The users choose themselves when 

to interact with the system by performing one of the mental tasks used for control. In the 

periods in which the user chooses not to act, the system should remain in the idle state, 

waiting for the next command. Therefore, in synchronous approach the user has to wait for 

the cue appearance in order to perform the action, and remain in a constant state of readiness 

which can be tiring. During the asynchronous BCI operation, instead of the user, the system 

is in the standby state waiting for the user to act according to his/hers will, which is a more 

flexible and natural way of control. Logically, the designing of a self-paced BCI is more 

difficult than a synchronous BCI in terms of data processing and classification. In 

synchronous approach the BCI system analyzes only the data in the time windows defined 

with the cues displayed by the BCI. When the BCI sends the cue it automatically analyses the 

signal epoch after its presentation in order to find the mental task related changes. If the 

changes are detected the action is executed. Therefore the BCI ñknowsò when the mental 

states should be classified and analyzes (or even acquires) only a small signal portions. On 

the other side, the self-paced BCI system has to continually analyze the signals for detecting 

the mental task related changes in the ongoing brain activity. With the synchronous BCIs 

there is a major problem of false BCI activations. Applying the cued approach can increase 

the system accuracy by design, eliminating the possible false activations in rest which remain 

between the windows/cues when the communication is disabled. It should be noted that the 

presentation of the cues can introduce changes in the brain signals that can affect and overlap 

with the task-related changes, and this should be taken in consideration when designing a 

synchronous BCI device (discussed in more detail in section 6). 
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1.6.1 Cueing in BCI paradigms 

Cues can be introduced into the BCI system design for two main reasons. First is to 

provide a time-window in which the command is sent by the user as stated previously. The 

second reason for introducing cueing into the BCI is to test its performance. In that sense 

each cue represents the reference time point in regards to which one can analyze the userôs 

brain activity. This is particularly important in situations in which there is no other 

physiological reference signal that describes the task. For an example, in SSVEP BCIs if 

needed to evaluate the delay of the SSVEP response in regards to the start of the subjectôs 

focus on the flickering light source, eye movements could be tracked (by electrooculogram - 

EOG, camera etc.), therefore the movements of the eyes provide a physiological reference for 

EEG segmentation to intervals of interest and further analysis. In event-related potentials 

analysis, the timing of the event that produced the response gives a time reference point in 

regard to which the segmentation on single trials or latencies of ERP components can be 

analyzed. If real voluntary movements are analyzed the EMG or other movement related 

signals (exp. from inertial sensors) can be recorded to provide the reference of the executed 

movement phases synchronized with the EEG. However, in BCIs driven by imaginary 

movements or other induced mental strategies (relaxation, mental arithmetic, mental cube 

rotation etc.) there is no reference signal since the task execution depends solely on internal 

cognitive processing. In that case the timing of appearance of each cue that instructs the user 

to perform the induced mental task can serve as the reference for signal analysis.    
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1.7 Evoked and induced BCIs 

BCIs can be categorized on whether they use evoked or spontaneous control signals 

(previously explained in chapter 1.4). Evoked BCIs depend on the brainôs responses to 

external events/stimuli. For an example systems using VEP, SSVEP or P300 are evoked BCIs 

because for the command generation the external input (stimulation) is needed [36].  Induced 

BCIs use the spontaneous inputs that can be self-regularized and do not depend on any type 

of external stimulation [36]. Examples of induced BCIs are the ones using SMR or other 

brain rhythm self-modulation. However, in broader sense the events inducing changes in 

frequency components of the analyzed brain signals (EEG, MEG, ECoG) can either be 

externally or internally induced. External events include any type of stimulation (e.g. visual, 

auditory, tactile, electrical stimuli), whereas the internal events imply self-initiated execution 

of a certain mental of physical task (e.g. imagined or real voluntary movement, respectively) 

[106].  Externally induced activity should not be mistaken with externally paced (i.e. cued) 

events, in terms of terminology. Different cues may also induce event related changes in the 

brain signals, however in general their purpose isnôt to evoke activity but to direct or guide 

the user on when and/or how to perform the desired mental task (more in sections 4 and 6). 

1.8 Passive and active BCIs 

All of the previously described principles were related to so-called ñactive BCIsò where 

the user interacts explicitly or voluntarily with the external device via BCI. The term ñpassive 

BCIò is used to describe the use of the BCI as an implicit communication channel between 

user and computer [107]. By implicit interaction it is referred to a process where an action 

performed by the user that is not primarily aimed to interact with a computerized system but 

which such a system understands as input. In this way, interaction with a system can be 

established independently or even against users will. This implicit interaction can be 

employed for detecting drowsiness in car drivers, tagging multimedia content, in BCI games 

for adapting the avatarôs characteristics based on implicit information or in BCI based lie 

detection [107] [108]. 
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2 Software application for EEG acquisition, BCI and 

neurofeedback. 

For the purpose of recording, processing and obtaining the EEG features used for online 

BCI control the custom software application was developed. This software was used in 

several original research studies that constitute this thesis (chapters 2.7, 3, 4, 5, 7, 8 and 9). 

This application is developed in LabVIEW (version 2010, National Instruments Inc., Austin, 

USA) software package and it includes the following features: 

¶ Channel data online display in the time domain, 

¶ Channel data online display in the frequency domain ï power spectral density (PSD) 

calculation and display, 

¶ Signal filtering, 

¶ Short-time Fourier transform (Spectrogram) calculation and display, 

¶ Online ERD/ERS and SSVEP detection algorithms, 

¶ Display of visual cues and feedback for mental and motor tasks, 

¶ Storing the acquired data. 

The front panel of the applicationôs graphical user interface is divided into 2 segments 

(Figure 2.1). The left segment is labeled ñAcquisitionò and it contains the options associated 

with the continuous data acquisition (start/stop acquisition button, start/stop recording button, 

sampling frequency box and number of samples to read from the buffer box). The right side 

of the screen is labeled ñDisplay and Processingò and it contains mainly waveform charts that 

are sorted in 3 different tabs: Raw Signals, Filtering and Processing. Each tab contains charts, 

controls and indicators associated with the group of functions under it. 
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Figure 2.1 - The front panel of the software applicationôs graphical user interface, under the ñRaw signalsò tab. 

On the left graph are the stacked raw signals of 9 channels and on the right graph associated PSD plots also in 

stacked mode.  

 

2.1 Channel display 

Since the EEG recording system used in most of the experiments (Appendix A) 

comprises the two 8 channel amplifiers that can be used separately or combined making a 16 

channel system, the user can set on the main panel the number of input channels for display, 

recording and saving, 8 or 16 channels.  

The program offers two modes of waveform views, each channel (EEG signal waveform) 

in a separate chart or multiple waveforms on the same chart. In the multiple waveform view, 

all channels are displayed on a same chart in different colors (labeled within a plot legend) 

and in that case the vertical distance between the graphs is set by entering a value of the 

parameter defining a voltage difference between each of the neighboring waveforms. The 

multiple waveform view may be useful for visual inspection of larger number of channels 

recordings without the need of vertical screen scrolling. The user can also adjust the time 

range by setting the desired window length for online signal display, where the default value 

is 10 seconds. The refreshing of the graphs is done using a sweep mode which is convenient 
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for visual inspection of the signal shape around the events of interest, since the signal epoch 

in the selected time range set for the display will remain still until swept.  

2.2 Signal filtering 

The filtering options are set under the ñFilteringò tab of the front panel (Figure 2.2). The 

Butterworth filters are employed for signal filtering. The input parameters for the filter are 

the filter type (lowpass, highpass, bandpass and bandstop), filter order, low cutoff frequency 

and high cutoff frequency. All of these parameters can be set from the front panel. If different 

electrophysiological (EEG, EMG, EOG etc.) or other input signals (external trigger 

reference) are measured simultaneously, the user can select the appropriate filtering options 

for the selected subset of channels. For an example, if movement related EEG changes are 

analyzed, EMG is often used as a reference and filtered accordingly.      

 

Figure 2.2 ï Filtering tab.  On the right side of the screen are displayed filtered signals (in separate charts) and 

on the left side are the associated PSD charts for each channel. 
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2.3 Signal display in the frequency domain 

For each input channel the signal representation in the frequency domain is displayed. 

PSD plots for each channel are calculated online and presented in separate graphs. The time 

interval (window) for PSD calculation can be set on the front panel. PSD charts are created 

for both filtered and raw signals. 

2.4 Time-frequency signal representation  

Short-time Fourier transform algorithm (spectrogram) is employed for time-frequency 

signal representation. The spectrogram of the selected input channel is displayed (Figure 2.3). 

The user can select whether the spectrogram is calculated for the filtered or raw version of the 

input signal. The variable parameters that can be set on the front panel for spectrogram 

calculation are: time window width and window type (rectangle, Hamming, Hanning, 

Blackman, triangle etc.).    

2.5 Online frequency band-power calculation and ERD/ERS or SSVEP 

detection  

Charts, controls and indicators associated with the algorithms for online frequency band-

power calculation and the ERD/ERS detection are displayed under the ñProcessingò tab of 

the front panel (Figure 2.3). The frequency band-power calculation of the signal is calculated 

using the following processing steps: 

1. Band pass filtering of the input signal 

2. Squaring the sample values  

3. Averaging the squared signal in the selected time window  

Therefore, for band-power calculation, the user has to define the length of the time 

window for which the power is calculated. The window size box is available under the 

processing tab where the value of the window length in seconds can be entered. It is 

mentioned before that on the front panel user can select the sampling frequency and the 

number of samples per channel to read from the buffer during continuous data acquisition. 

The number of samples to read defines also the step of the time window for band-power 

calculation. For an example, if itôs demanded to calculate the band-power in the 2 second 

window every 100 ms, then the window length value will be 2 and samples to read value 0.1. 

Bandpass filter for band-power calculation is defined the same way as in signal filtering. The 
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charts displaying bandpass filtered signal and signal power are available under ñProcessingò 

tab (Figure 2.3).  

For the detection of ERD or ERS it is necessary to track the band-power fluctuations and 

to determine the time instants the band-power drops below or rises above certain threshold, 

respectively. The second parameter required for the ERD/ERS detection is the dwell time of 

the threshold exceeding, that is the time interval for which the band-power signal has to 

remain below/above the threshold in order to declare detection. The dwell time in 

milliseconds is entered in ñdwell timeò box. The ñrefractory timeò parameter may be also set. 

It defines the time interval (in seconds) after each detection in which the detector is disabled 

and the next detection cannot occur. Including the refractory period may be important if the 

detections are employed to trigger external events, creating a feedback loop (like in BCI 

applications and neurofeedback). In some cases the triggered events may produce 

perturbations in the input brain signals creating a positive feedback loop. To avoid this, the 

refractory period is introduced giving the system time to equilibrate before the next task 

execution/detection. 

Three methods of threshold selection are included in the program: 

¶ Manual threshold selection 

¶ Automatic threshold selection 

¶ Adaptive threshold selection 

2.5.1 Manual threshold selection 

User or the operator can choose to manually select the threshold by inserting the power 

value in the threshold box. It is usually achieved by simple visual observation of the band 

power fluctuations presented in one of the charts. The operator can instruct the user to 

perform a certain mental, motor or other task and visually asses the changes in the online 

band-power fluctuations and select the threshold based on this instantaneous empirical 

insight. 

2.5.2 Automatic threshold selection 

For determining the threshold automatically, the operator has to define the time interval 

for threshold calibration and then press the ñCalibrateò button to start the calibrations process. 

During the selected time interval the mean band-power is calculated and the threshold is 
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defined as a percentage of that power which can be inserted in an associated control-box. The 

obtained mean band-power value represents the reference power in respect to which relative 

decrease (ERD) or increase (ERS) is detected.  

2.5.3 Adaptive threshold selection 

 When the adaptive threshold selection algorithm is chosen the operator first has to 

perform either manual or automatic threshold selection, according to the previously defined. 

After the initial threshold determination, the start of the threshold-adaptation algorithm is 

initiated by pressing the ñAdaptiveò button. The adaptive algorithm is based on measuring the 

duration of the inactive (idle) state and duration of the active state and comparing them to the 

predefined maximal values. If any of the two exceeds these maximal values the threshold 

adapts by changing its value. All the time instants in which the band-power didnôt reach 

(exceed) the predefined threshold are considered inactive (idle), whereas the active instants 

are considered the ones during the threshold exceeding. For defining the adaptive algorithm 

the operator has to set the maximal active interval and the maximal inactive interval. The 

inactive time interval begins from the last shift from active to inactive state and ends with the 

first subsequent shift from inactive to active state. In accordance with this, the active time 

interval starts with the threshold crossing in direction from inactive to active state and ends 

with the next threshold crossing (i.e. active to inactive state). Note that the dwell time is not 

taken into consideration for active and inactive intervals calculation. If the ongoing inactive 

time interval exceeds the maximal inactive time interval value (pre-set by entering the value 

in seconds in the associated ñidle maxò box), the threshold is automatically 

increased/decreased by certain percent of its value (the percent of increase/decrease is set by 

entering the value in the associated box), and similarly, if the ongoing active time interval 

exceeds the maximal active time interval (ñactive maxò box, in seconds) the threshold is 

automatically decreased/increased, respectively. For detection of the power decrease (ERD) 

the threshold will increase its value if the duration on current inactive state exceeds the 

defined maximum (ñidle maxò) and decrease its value if the duration of the current active 

state exceeds the associated maximum (ñactive maxò). In contrast to that for the detection of 

the power increase (ERS or SSVEP) the threshold will decrease its value with the ñidle maxò 

exceeding and increase its value with ñactive maxò exceeding. The percentage of threshold 

increase/decrease is entered in the ñadapt percentò box.  
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2.6 Display of visual feedback and cues 

The developed software may be and was used in the following experimental conditions: 

¶ EEG recordings in different paradigms: 

¶ Self-paced motor/mental task,  

¶ Cued motor/mental tasks, 

¶ BCI and neurofeedback. 

For the EEG recordings in different paradigms the two types of visual cues are available 

in this software: virtual LEDs and sliders. The methodology for its applications will be 

further described in sections 8 and 9, respectively.            

In BCI and neurofeedback the two types of feedback are mainly employed: continuous 

and discrete. Developed software comprises both feedback modalities in several visual forms.  

For providing the continuous feedback the following presentations can be employed: 

¶ Single channel PSD chart, 

¶ Single channel band-power time course chart, 

¶ Single channel spectrogram chart, 

¶ Band-power bars. 

First 3 listed items (charts) can be presented to the user and employed for controlling a 

certain feature of the plotted signal, since all of them are continuously updated during the 

acquisition, providing the information signal features such as: spectral features, band-power 

amplitude and time-frequency features (items 1-3 respectively). However for naive subjects 

the visual feedback should be presented in an intuitive and simple manner. For this reason the 

band-power bars are introduced (Figure 2.3). The program can display one or more bars 

depending on the number of frequency bands simultaneously conditioned. The level of the 

bar at each time instant corresponds to the current band-power value. By observing the bar 

during the signal acquisition the user can train the execution of the mental (or other) task.  

The first type of discrete visual feedback was realized by virtual light indicators (virtual 

LEDs) where the flash of the led indicates that the detection occurred. Second type of visual 

discrete feedback is displayed in the third chart (from the top), on the left side (positioned 

under the band-power chart) in Figure 2.3 which displays a signal of two levels (0 and 1). 

The area under the signal curve is filled with red. The 0 value corresponds to the band-power 
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in time instants in the inactive state and the 1 in active state after the dwell time below the 

threshold has been accounted for, that is, the red rectangular shape appears with each 

detection.  

Other types of triggered events were employed for providing discrete feedback to the user 

on the success of task execution, like robot movements (section 2.7) or FES (sections 7, 8 and 

9). The combination of continuous and discrete feedback is included, also. For that purpose 

the sliding bar that changes color (from yellow to red) with each detection (threshold crossing 

with the dwell time accounted for) was used. In that way the user gets both, the continuous 

information on his/hers band power, in order to try to control it but also the discrete 

information on when the pre-set requirements for detection are met (indicated with the 

change of bar color).  

 

Figure 2.3 ï The processing tab. 
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2.7 Feasibility study of sensorimotor alpha rhythm neurofeedback in 

children 

Based on the publication [109]:  

Mirkoviĺ B., Stevanoviĺ M., Saviĺ A.: EEG Controlled Ni Lego Robot: Feasibility Study 

of Sensorimotor Alpha Rhythm Neurofeedback in Children, - Biomedical Engineering / 

Biomedizinische Technik, Vol 58, No 1, 2013. 

2.7.1 Introduction 

Neurofeedback is a form of biofeedback during which the subjects train to voluntarily 

modulate their brain activity in terms of frequency, location or amplitude [110]. Slow cortical 

potentials such as contingent negative variation or specific frequency band-power (FBP) can 

be used in design of neurofeedback paradigms [111]. Previous studies have showed that 

increase of upper alpha FBP by neurofeedback training resulted in enhanced cognitive control 

in healthy subjects [112]. Theta/beta training and SCP were found to be effective in treating 

attention-deficit/hyperactivity disorder (ADHD) in children [113]. Alpha neurofeedback was 

proven to be effective in treatment of depressive symptoms [114]. SMR neurofeedback was 

used for improvement of motor skills or for enhancement of the lost/impaired motor function 

after stroke or brain injury [115]. Alpha rhythm neurofeedback could be used for training of 

relaxation or stress level reduction [116]. The goal of this study was to explore the alpha 

rhythm in the beginning stages of idle state when person is highly focused on the task of 

resting. For this purpose a custom designed novel system for neurofeedback consisting of 

EEG device (Appendix A), the described LabVIEW (version 2010, National Instruments Inc., 

Austin, USA) based software and LEGO Mindstorms robot. The method was tested in 36 

children. 

2.7.2 Methods 

2.7.2.1 Subjects 

Thirty six subjects, between 6 and 15 years of age, took part in this study. Experiments 

were conducted at the Festival of robotics 2012 held in Belgrade, where subjects volunteered 

for the tests.   
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2.7.2.2 Instrumentation and setup  

 Subjects were seated on a chair and a LEGO Mindstorms robot was placed on a table in 

front of them (Figure 2.4). EEG was recorded in bipolar configuration, C3 referenced to C4, 

with two Ag/AgCl electrodes placed according to International 10-20 standard. Ground 

electrode was located on the forehead. Acquisition system used for EEG recording is 

described in Appendix A. Gain was set at 20k, while the signals were hardware filtered in a 

range 0.1-40 Hz. All signals were sampled at 500 Hz. 

2.7.2.3 Neurofeedback 

In this study alpha band ranging 8-13 Hz was used for neurofeedback. EEG is first 

bandpass filtered with 5
th
 order Butterworth filter to extract the alpha activity. EEG band-

power time course was estimated by squaring and averaging the bandpass filtered signal in a 

time window of 1 second with a 90% overlap between the two consecutive windows. 

Subjects were provided with continuous visual feedback on the computer screen projection 

on the wall in front of them, in the form of a sliding bar whose size corresponded to the 

current alpha FBP, refreshed for each time window. Second type of feedback, the control of 

LEGO robot, was implemented through operand conditioning paradigm using discrete 

reinforcement. For each subject the reference power was determined before the trial, as the 

mean alpha power during the 10 s of rest and the detection threshold (TH) was the reference 

value multiplied by 2. Whenever the EEG FBP remained above the TH for at least 5 

consecutive windows (corresponding to the dwell time of 500 ms), this was accounted as one 

detection. After the detection, the command was sent via Bluetooth connection to the robot 

programmed to make a step. Therefore, the number of steps that the robot made was directly 

proportional to the detection count i.e. to the retention time of EEG alpha power above the 

threshold. Subjects were instructed to relax while sitting still and try to move the robot. They 

were also informed that the continuous visual feedback in the form of a sliding bar can help 

them to achieve a result by trying to increase the bar value until the robot starts moving. One 

trial per subject was recorded with duration of 45 seconds. 
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Figure 2.4 ï Experimental setup. 

2.7.2.4 Signal offline processing and Results 

The EEG signals were visually inspected for noise/artefacts and the noisy power-signals 

were omitted from further analyses, (five subjects were excluded). Raw EEG was processed 

offline for obtaining the same FBP time courses that were used for delivering the feedback 

online. Bend power time courses were subsequently normalized from 0 to 1 and averaged 

over subjects, shown on Figure 2.5. This average shows higher amplitude bursts of alpha 

activity in the second half of the trial, possibly due to the presented feedback.  

For analyzing overall distribution of detections in time the single trial duration was 

divided in three consecutive non-overlapping 15 second time intervals (TIn, n=1-3). The 
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detection rate per each time interval (DR(TIn), n=1-3) was calculated using the following 

equation: 

DR (TIn) = 100 D (TIn) / D, n=1-3        Equation 1

 

where D(TIn) was sum of all subjectsô detections in interval TIn, and D was the total 

number of detections for all subjects. Obtained values for detection rates were: 

DR(TI1)=16,3%, DR(TI2)=29.8% and DR(TI3)=53.9%. These values indicate an increase of 

detection count during the course of the trial. 

 

Figure 2.5 - Grand average over 31 subjects of EEG alpha-band power time courses for C3-C4 channel. Taken 

from [109]. 
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2.7.2.5 Discussion 

In this study a feasibility of using a custom neurofeedback software in combination with a 

LEGO Mindstorms robot used as a means for providing motivating feedback for participants 

was tested. Subjectsô will to apply and effort to perform a task plays an important role 

especially in children. From the collected data it can be concluded that the power 

fluctuations, possibly partly as a result of the both types of presented feedback, are in the 

form of alpha activity bursts rather than a steady increase of alpha FBP. These bursts might 

have originated from attention shifts resulting in power drops, occurring when the discrete 

feedback, the robot movement, was presented. That could be explained by subjectsô 

eagerness to see the robot walk or distractions by the sound that the robot movements 

produced. The main advantage of the proposed system for tests in children is the robot-

movement feedback, which was conceived to be interesting and motivating for the potential 

users to undergo the neurofeedback treatment. Additionally, the developed software can be 

used for providing feedback for other frequency bands of interest such as theta, upper alpha 

or beta, commonly used in neurofeedback paradigms.  
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3 Steady-state visual evoked potentials (SSVEP) induction and 

visualization 

In this study the methods of inducing SSVEP in laboratory conditions were explored. The 

aims of this study were to: 

¶ Test the feasibility of inducing SSVEP with the available EEG device (Appendix A) 

and LED as a flickering light stimulus, 

¶ Record the SSVEP in two experimental conditions, with ñfocus-onò and ñfocus offò 

the stimulus, aiming to determine how the visual attention focus within the subjectsô 

field of view affects the induced responses, 

¶ Repeat the recording in two conditions (previous item) for a wider range of stimulus 

frequencies: 6 ï 30 Hz, 

¶ Process and visualize the recorded data. 

3.1 Methods 

3.1.1 Subjects 

Two healthy male subjects (aged 26 and 27 years) without the history of neurological 

disorders participated in this study after signing informed written consent approved by the 

local ethics committee. The tests were performed in the Laboratory for Biomedical 

Instrumentation and Technologies (BMIT), University of Belgrade ï School of Electrical 

Engineering. Subjects had normal or corrected-to-normal vision. 

3.1.2 Instrumentation 

One LED with the following specifications was used: white light, clear casing, luminous 

intensity of 2250 mcd and viewing angle 35 degrees. Alternating voltage from the function 

generator (square pulses) was used to control the LED blinking frequency. Ag/AgCl 

electrodes (Ambu Neuroline 720, Ambu, Ballerup, Denmark) were used for EEG 

measurements. Four electrodes were positioned on the scalp at locations O1, O2, Oz and Cz 

(according to the international 10-20 standard) and one ground electrode was placed on the 

forehead. Three EEG channels were derived, with Cz as the reference: O1-Cz, O2-Cz, Oz-Cz. 

Sampling frequency was set to 500 Hz. Hardware bandpass filtering was in a range 0.1 ï 40 

Hz and the gain was 20k. 
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3.1.3 Experimental protocol 

Subjects were seated on a chair and a flickering LED was placed in front of them on a 

table, 50 ï 70 cm from their eyes. One experimental session was split into four blocks with 

breaks between them. Six stimuli freqencies were applied per block, with 20 seconds duration 

of each frequency. Conseqently, the duration of each block was around 2 minutes. The 

subjects were instruced to shift their gaze down on the table and focus directly on the LED 

for 10 seconds and then to rise their gaze and focus on some point in space in front of them 

for the next 10 seconds. The 10 second focuses on/off the LED were introduced for 

determining how the visual attention focus within the subjectsô field of view affects the 

induced responses. Focuses on/off the LED were performed without head movements, with 

only gaze direction shifts. The audiory commands for eye-gaze shifts were given and time 

stamped by the operator during the trial. The stimuli freqencies were in a range 6 ï 30 Hz (24 

freqencies in total) with the order per block given in Table I. 

Table I  - The order of LED stimuli flickering freqencies in four blocks   

Block No. Stimuli freqencies (Hz) 

1 6,  7, 8, 9, 10, 11 

2 13, 14, 15, 16, 17, 18 

3 19, 20, 21, 22, 23, 24 

4 25, 26, 27, 28, 29, 30 

 

3.1.4 Results and Discussion 

Figure 3.1 and Figure 3.2 display the spectrograms of the data for subjects 1 and 2, 

respectivelly. Spectrograms were calculated using a Hamming window of 2 seconds width, 

with 90% overlap bewteen the consecutive windows. In subject 1 more prononunced SSVEP 

responses were obsereved during the focus-on intervals compared to the subject 2. Itôs 

important to note that in both cases (focus-on and focus-off) the blinking LED is in the 

subjectôs field of view. In subject 1 the SSVEP responses were genaraly strongest in the 

freqency range 10 ï 20 Hz. Moreover, both subjects reported that the stimuli blinks with 

freqencies below 14 Hz were unpleasant and tiring. In both subjects the SSVEP were more 
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pronounced in channels Oz and O2 than in O1. These observations were taken into 

consideration for designing the hybrid BCI in research study described in chapter 7. 

 

Figure 3.1 - Spectograms with SSVEP responses for channels O1, Oz and O2 (upper, middle and lower panel 

respectively) of subject 1. Horizontal black dashes on each graph mark the focus-on time intervals with focus-off 

intervals in between. The order of stimuli frequencies is given in Table I . 
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Figure 3.2 - Spectograms with SSVEP responses of subject 2. Panel arrangement and markings are the same as 

in Figure 3.1 
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4 Event related desynchronizations/synchronization (ERD/ERS) 

induction with real and imaginary movements and its 

quantification and visualization 

Based on publication [117]: 

Saviĺ A., Popoviĺ M.B. and Popoviĺ D.B.: Event related desynchronisation/ 

synchronization based method for quantification of neural activity during self-paced versus 

cue-based motor task." Clinical Neurophysiology Vol. 123, No. 7, 2012, e81. (Abstract) 

The aims of this study were: 

¶ Testing the feasibility of inducing and recording ERD during real and imaginary 

hand movements.  

¶ Processing and visualization the real/imaginary movement related EEG patterns. 

4.1 Methods 

4.1.1 Subjects 

Fourteen healthy subjects without the history of neurological disorders participated in this 

study. Seven subjects (5 male, 2 female, aged 23-27 years) participated in the tests 

comprising real movements and other seven subjects (6 male, 1 female aged 22-27) with 

movement imagery. Only one subject was experienced in tests including EEG recordings and 

MI based neurofeedback (Subject 1, real-movement protocol). The tests were performed in 

the Laboratory for Biomedical Instrumentation and Technologies (BMIT), University of 

Belgrade ï School of Electrical Engineering. Before the tests, subjects signed informed 

written consent approved by the local ethics committee. 

4.1.2 Instrumentation 

EEG device (Appendix A) in combination with Ag/AgCl electrodes (Ambu Neuroline 

720, Ambu, Ballerup, Denmark) were used for EEG measurements. Sampling frequency was 

set to 500 Hz. Hardware bandpass filtering was in a range 0.1 ï 40 Hz and a notch filter at 50 

Hz was applied too. The gain was 20k. Two recording electrodes at C3 and Cz locations were 

placed on the scalp, according to the international 10-20 standard, and one ground electrode 

was placed on the forehead. One EEG channels was derived: C3-Cz. For the real movements 
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execution protocol the reference signal for determining the task onset was EMG signal 

recorded using one bipolar derivation, with two electrodes placed at extensor carpi radialis 

muscle. For the movement-imagery protocol the photosensor (described in Appendix B) was 

used for synchronization between the EEG recordings and the cues for initiation of the MI 

task onset. 

4.1.3 Experimental protocol 

4.1.3.1 Movement execution test 

Subjects were seated on a chair with their right hand resting on the table in front of them. 

They were instructed to relax while sitting still with their eyes open and to perform the brisk 

(~ 1 ï 2 second) right hand palmar grasp movements. The movement executions were 

initiated by the subect (i.e. in a self-paced manner). The only instruction about the pace of the 

task executions was to try to keep the interval between the consecutive movements at least 5 

seconds but without counting the seconds or paying specific attention to this constraint. 

Individual subjects performed between 26 and 70 movements. 

4.1.3.2 Movement imagination test 

Subjects were seated with their hands resting in the lap. A computer screen was placed on 

the desk in front of the subjects, distanced about 70 cm from their eyes. MI is subject-induced 

mental strategy, and there is no physiological signal that can serve as a reference for 

determining the onset/offset of the imaginary task. Therefore, the tests with MI are mostly 

cue-based, meaning that the series of cues (commonly visual or auditory) are presented to 

guide the subject when or how to perform the task. In this study for timing the imagery tasks, 

visual cues in a form of a video-clip were presented to the subjects on a computer screen. 

Video starts with a white fixation cross on a black background (Figure 4.1, left image). In 

random (but predetermined) time instants an image of an arrow pointing to the right appeared 

on the screen, instructing the subject to start imagining the right hand palmar grasp (Figure 

4.1, right image). Imagined movements matched the real ones subjects were performing in 

the movement execution part of the tests. The time interval between the cues varied (8 ï 15 

seconds) in order to avoid the effects of habituation of the subject. In the inter-cue intervals 

only the fixation cross was shown on the screen. Duration of each cue-presentation was 4 

seconds. During one experiment 27 cues were presented in total. With the appearance of each 

cue, a white rectangle appeared instantaneously in the left upper corner of the screen (Figure 
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4.1, right image). This figure is used to trigger the photosensor attached to the screen over it. 

Applied sensor is phototransistor based, and it detects if the light intensity exceeds an upper 

threshold set by a potentiometer, giving two different voltage levels on the output. The cue-

appearances (ie. white rectangle appearances) are converted into a voltage signal, consisting 

of a series of rectangular pulses, marking the cue appearances. Therefore the output of the 

photosensor provides all the information needed for subsequent single-trials segmentation.  

 

Figure 4.1 - The computer screen with a fixation cross displayed (left panel) and the screen with the arrow-cue 

(right panel).  

4.2 Signal processing and results 

4.2.1 Movement execution test 

For determining the movementôs onsets, the recorded EMG signal was processed offline 

using custom MATLAB (version 2010, The Mathworks, Natick, MA, U.S.A.) routines. EMG 

was first high pass filtered with 4
th
 order Butterworth filter with 10 Hz cut-off frequency for 

removing the baseline drifts. Filtered EMG was then rectified and smoothed in the 500 ms 

time window, with 1 sample time-steps for obtaining the envelope of the filtered EMG. For 

movement onset detection a manually selected threshold was applied. Time-instants in which 

the EMG envelope rises above the threshold were declared the movement onsets. After the 

each detection a refractory period of 2 seconds was applied for eliminating possible threshold 

crossings (false detections) during the movement. Highpass filtered EMG signal and EMG 

envelope are presented in Figure 4.2 (first and second panels from the top).  Short-time 

Fourier transform method was applied on the continuous EEG from one channel (C3-Cz) of 

each subject, for determining (manually, by visual inspection) the subject-specific task 

related patterns (Figure 4.2, fifth panel from the top). Changes associated with the performed 

movements are observed in the two frequency bands: alpha mu band (specifically selected for 
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each subject from a full alpha range of 7-13 Hz) and beta band (selected equally for all 

subjects: 15-24 Hz). The expected movement related patterns in the EEG were the following:  

¶ ERD in both, the alpha mu and beta bands before and during the real movements and 

following the cue, during the MI.  

¶ ERS in the beta band (beta rebound) around the offset of real/imaginary movements. 

For extracting and quantifying ERD/ERS patterns the raw EEG was filtered with two 4
th
 

order Butterworthôs bandpass filters in alpha mu and beta ranges. Filtered signals were 

squared and smoothed in a time window of 1 second (in one sample steps) for obtaining mu 

and beta band-power time courses (Figure 4.2, third and fourth panel from the top).  Raw 

EEG, alpha mu and beta powers were segmented on single trial epochs using the time instants 

of movement onsets extracted from the EMG. Segmented EMG signal envelope of subject 1 

is displayed in Figure 4.3. EEG epochs ranged from 5 seconds before movement onset to 5 

seconds after the movement onset (labeled as -5 s and 5 s, respectively). Epochs containing 

any type of noise or artifacts were rejected from further analysis, resulting in the same 

number of mu power, beta power and raw EEG epochs. Remaining artifact-free raw EEG 

epochs were used for obtaining the mean time-frequency signal presentation over all trials. 

Short-time Fourier Transform of each single raw EEG trial was calculated and these were 

averaged for obtaining the mean spectrogram, presented in Figure 4.4 (left panel). Artifact-

free mu and beta power epochs were used for averaging and obtaining the mean alpha mu and 

beta ERD/ERS curves. (Figure 4.4, middle upper and lower panels, respectively). Another 

method for ERD/ERS patternôs visualization are so called single trial ERD/ERS maps 

representing all single trial ERD/ERS epochs (Figure 4.4, right upper and lower panels). 

Single trial ERD/ERS maps are instructive for visual inspection of ERD/ERS curvesô 

consistency over single trials. The results of all subjects tested within the movement-

execution protocol are given in Figure 4.4 - Figure 4.10.   
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Figure 4.2 - Data from subject 1 is presented during the 26 movement executions. High pass filtered continuous 

EMG from the extensor carpi radialis muscle during the hand closing (first panel), EMG signal envelope used for 

single trial EMG and EEG segmentation (second panel), alpha mu band power time course (third panel), beta band 

power time course (fourth panel) and continuous raw EEG signal (C3-Cz channel) spectrogram with alpha mu and 

beta bands marked with horizontal black dashed lines (fifth panel).  
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Figure 4.3 - Segmented EMG signal envelope. Thin gray lines represent the envelopes of single movementsô 

executions and the bold black line is the averaged EMG envelope over all single trials. 

 

Figure 4.4 ï EEG data of subject 1. In the left panel is displayed the average spectrogram over 26 single EEG 

trials during movement execution where the gray and white horizontal dashed lines are the boundaries of the 

subjectôs alpha mu band (9-12 Hz) and beta band (15-24 Hz) respectively. Alpha mu band-power single-trial epochs 

(thin gray lines) and the average mu power curve (bold black line) are presented in the upper-middle panel. Beta 

band-power single-trial epochs (thin gray lines) and the average beta band power curve (bold black line) are 

presented in the lower-middle panel. Alpha mu band power single-trial ERD/ERS map and beta band power single 

trial ERD/ERS map are presented in upper and lower right panels respectively. In all panels zero and/or vertical 

black dotted line mark the movement onset. 
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Figure 4.5 - EEG data of subject 2. Mean spectrogram, alpha mu and beta ERD/ERS curves and single-trial 

ERD/ERS maps for 24 single EEG trials during real movement executions are presented. Subjectôs alpha mu and 

beta ranges are 10-13 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 4.4.   

 

Figure 4.6 ï EEG data of subject 3. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 24 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 10-13 Hz and 15-24 Hz respectively.  
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Figure 4.7 ï EEG data of subject 4. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 29 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 8-10 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 4.4. 

 

Figure 4.8 - EEG data of subject 5. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 43 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 9-11 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 4.4. 
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Figure 4.9 - EEG data of subject 6. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 47 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 9-11 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 4.4.  

 

Figure 4.10  ï EEG data of subject 7. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 50 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 9-11 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 4.4.  
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4.2.2 Movement imagination test 

The same processing steps as for real movements (previous section 4.2.1) were applied 

for obtaining the results displayed in Figure 4.11 - Figure 4.17 of subjects tested with the 

imaginary movement protocol. The only difference in processing was the segmentation of the 

EEG on the single-trials. The timings of the cue-appearances were used for segmentation. 

EEG epochs ranged from 5 seconds before the cue onset to 5 seconds after the cue onset 

(labeled as -5 s and 5 s, respectively).   

 

Figure 4.11 ï EEG data of subject 8. In the left panel is displayed the average spectrogram over 26 single EEG 

trials during movement imagination where the gray and white horizontal dashed lines are the boundaries of the 

subjectôs alpha mu band (9-12 Hz) and beta band (15-24 Hz) respectively. Alpha mu band-power single-trial epochs 

(thin gray lines) and the average mu power curve (bold black line) are presented in the upper-middle panel. Beta 

band-power single-trial epochs (thin gray lines) and the average beta band power curve (bold black line) are 

presented in the lower-middle panel. Alpha mu band power single-trial ERD/ERS map and beta band power single 

trial ERD/ERS map are presented in upper and lower right panels respectively. In all panels zero and/or vertical 

black dotted line mark the movement onset. 
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Figure 4.12 ï EEG data of subject 9. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 27 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 10-13 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 

4.11.   

 

Figure 4.13 ï EEG data of subject 10. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 17 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 10-13 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 

4.11.   
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Figure 4.14 ï EEG data of subject 11. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 18 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 10-13 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 

4.11.   

 

Figure 4.15 ï EEG data of subject 12. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 27 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 9-12 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 4.11.   
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Figure 4.16 -  EEG data of subject 13. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 27 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 10-12 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 

4.11.   

 

Figure 4.17 - EEG data of subject 14. Visualization of mean spectrogram, mu and beta ERD/ERS curves and 

single-trial ERD/ERS maps for 27 single EEG trials during real movement executions are presented. Subjectôs alpha 

mu and beta ranges are 10-13 Hz and 15-24 Hz respectively. Panel-layout and markings are the same as in Figure 

4.11.   
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4.3 Discussion and conclusions 

The most repetitive mu and beta ERD/ERS curvesô morphology and strongest ERD 

(greatest difference between the resting power and power during ERD) is seen in subject 1 

which was the only subject that was previously trained for MI using neurofeedback. Subject 1 

performed real movements, and this task do not require training as for MI. However it may be 

concluded that trained subject was superior in relaxing and increasing the mu power before 

the task execution resulting in greater power decrease i.e. ERD during movements. Training 

may help the subjects to create more distinct patterns, increasing the classification accuracy. 

Consequently, subjects 2 and 7 exhibited low values of mu power in rest and weak ERD 

consequently. In subjects 5 and 6 pre movement ERD reflecting the movement planning and 

preparation processes are present, showing the potential of ERD for detection of movement 

intention. Generally weaker ERD was found in subjects performing movement imagination. 

It is possible that learning how to perform experimental mental strategy required training 

with feedback, while tested subjects were naive, and no feedback was present during the 

tests. The described methods for recording, processing and quantifying ERD/ERS created a 

base for the original research studies given in chapters 7, 8 and 9. 

  



71 

 

5 Event related potential (ERP) elicitation, processing and 

visualization 

In this study the methodology of eliciting and recording ERPs in laboratory conditions 

were explored. The aims of this study were to: 

¶ Test the feasibility of eliciting and recording N400 component of the ERP in a visual 

lexical decision task paradigm. 

¶ Process and visualize the recorded data. 

As stated previously in section 1.4.4, the N400 component may be employed for 

increasing the accuracy of assistive ERP driven BCIs [98]. However there are other possible 

applications of N400 component in neurorehabilitation. Speech related ERP can even be 

employed for prediction of favorable outcomes after traumatic brain injury [118]. It has been 

found that during listening to words in an oddball paradigm a large negative wave is 

produced peaking at about 400 ms. The wave duration is proportional to the cognitive load 

and its negativity is higher in the case of non-words and smaller for words frequently 

encountered in daily communication. These ERP components are very sensitive to cognitive 

decline and they may find application in the field of early onset Alzheimerôs disease or 

assessment of stroke patientsô cognitive abilities (in the case of N400, language related 

abilities) solely on the basis of using electrophysiological measures that are known to 

correlate strongly with traditional neuropsychological test scores [118]. 

5.1 Methods 

5.1.1  Subjects 

Twenty-three native Serbian speakers with normal or corrected-to-normal vision took part 

in the study. Participants were students recruited at the University of Belgrade who gave 

informed consent and received course credit for participation. The study was approved by the 

Departmental ethics board.   

5.1.2  Stimuli design 

In this study the stimulation was performed using the visual lexical stimuli, namely, 

words selected from a Serbian corpus and matching pseudowords [119] [120].  
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Word stimuli were 100 concrete, high-frequency words selected such that the 

phonological structure (sharp/soft sounding) was congruent with the wordôs meaning (the 

shape of the object). Thus all words were either sharp-sounding, spiky objects (e.g. hʠˀʘʢ 

/shilyak/ óspikeô) or soft-sounding, round objects (e.g. ʙʘʣʦʥ /balon/ óballoonô). Based on 

these criteria, 50 ósoftô and 50 ósharpô words were selected for test. 

A matched set of 100 pseudowords were created from the stimulus words, by substituting 

a single consonant from within the same phonological category (sharp/soft). For example, the 

pseudoword bavon was created by substituting the soft /l/ of balon (óballoonô) for another soft 

consonant /v/. The position of the substituted consonant was balanced across the stimulus list, 

as was the overall number of substitutions and for each phoneme. 

 Two visual frames (one spiky and one curvy) were used in the experiment. The 

combination of stimuli resulted in four experimental conditions: words and pseudowords in 

either congruent or incongruent frames (Figure 5.1). Stimulus presentation was controlled by 

Superlab 4.0 [121].  

5.1.3  EEG recordings 

EEG signals were recorded in monopolar setup with electrodes placed at F3, Fz, F4, C3, 

Cz, C4, P3, Pz, P4, PC5, PC6, T5, T6, O1 and O2 sites according to the international 10-20 

standard. Acquisition system used for EEG recording is described in Appendix A. The 

ground electrode was positioned on the forehead and linked earlobes were used as a 

reference. Skin-electrode contact impedance was below 5 kɋ at the beginning of the trials. 

EEG signal amplification was 20k and hardware bandpass filtering over the range 0.03 - 40 

Hz. Signals were sampled at 500 Hz using NI USB-6212 (National Instruments, Austin TX) 

card for analog to digital signal conversion. Custom software with graphical user interface 

was used for EEG signals acquisition and online display (described in chapter 2). For the 

synchronization between the EEG channels and the visual stimuli (images) appearing on the 

computer screen the photosensor described in Appendix B was used. Each stimuli image 

contained a white rectangular shape in the upper left corner. This shape was introduced to 

trigger the output voltage change due to the change in image luminosity. The photosensor 

was attached to the computer screen over the area where the white rectangle appears. 
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Figure 5.1 - Examples of stimuli in two experimental conditions (words and pseudowords) with spiky 

visual frame. 

5.1.4 Experimental protocol 

Using the stimuli described above, participants were presented with a delayed visual 

lexical decision task (Figure 5.2) in which each trial began with a 400ms fixation cross, 

followed by blank screen for 100ms (± 50ms jitter) then the test stimulus (a word or 

pseudoword presented within spiky or curvy frame) for 900ms, followed by a blank screen  

(100ms ± 50ms jitter). To reduce the interference of motor responses in the EEG until after 

the stimulus left the screen, participants were asked to delay their lexical decision response 

until after the onset of a visual cue (a question mark) which remained onscreen until 

participants indicated whether the previously presented stimulus was a word, by pressing the 

key ñNò or a pseudoword by pressing the key ñCò on a keyboard using the index finger of 

each hand. All 400 trials were presented in a random order to each subject. It took 

participants approximately 20 minutes to complete the task. 
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Figure 5.2 - Time sequence of stimuli presentation. 

5.2 ERP processing 

Offline EEG processing was conducted using custom MATLAB (version 2010a, The 

Mathworks, Natick, MA, U.S.A.) routines. EEG signals from all channels were filtered using 

a zero-phase 4
th
 order Butterworth bandpass filter with 0.1 ï 25 Hz cut-off frequencies. The 

high pass component of the filter removes the near-DC drift and the low pass component 

filters out muscle artifacts and 50 Hz noise, along with related harmonics. Data were then 

segmented into epochs including 100 ms baseline prior to stimulus onset and 900 ms 

following stimulus onset. The data segmentation was done using the reference signal from the 

photosensor which was in a form of square voltage pulses indicating the stimuli 

onsets/offsets. The baseline was corrected in all EEG channels by subtracting from each 

epoch the mean of 100 ms interval prior to the stimuli onset. Epochs contaminated with 

ocular-movements and/or other artefacts were rejected from further analysis if absolute value 

of the signal from any of the channels exceeded a threshold manually determined for each 

subject from a range 40 ï 60 µV. (mean value: 48±6.4 µV). Participantôs data were excluded 

from further analysis if they did not provide at least 60 artefact-free trials per experimental 

condition, resulting in 3 subjects exclusions leaving the data of 20 subjects for grand average 

ERP calculation. The trials of all subjects were averaged resulting in grand average ERP 
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curves calculated for each electrode site for two experimental conditions: word stimuli and 

pseudo-word stimuli.  

5.3  Results and conclusions 

For grand average ERP visualization the data recorded from the 15 electrode sites were 

grouped together (Figure 5.3) forming 9 scalp locations: F3\PC5, Fz, F4\PC6, T5\C3, Cz, 

C4\T6, O1\P3, Pz, P4\O2, where the ERPs of the channels with labels separated by backslash 

symbol (ó\ô) were averaged together to form each zone. These nine sites were chosen because 

they form three lateral regions (left-central-right): Fronto-Temporal (F3/PC5, Fz, F4/PC6), 

Temporo-Central (T5/C3, Cz, C4/T6), and Parieto-Occipital (O1/P3, Pz, P4/O2). Grand 

average ERPs for each of the nine zones for the two conditions are displayed in Figure 5.4. 

There is a visible mismatch starting around 400 ms after the stimuli onset between the two 

conditions (words and pseudowords) which represents the N400 component. For better 

visualization of this mismatch the dynamic maps are employed. The color coding on the 

dynamic maps represent the amplitude of the difference ERP (ERP for pseudowords 

subtracted from ERP for words). Difference ERPs displayed in dynamic maps (Figure 5.5 

and Figure 5.6) are obtained for ten zones in total (five per each map). Five zones grouped 

together to depict lateralization of potential difference between conditions are presented in 

Figure 5.5. Five zones grouped together to depict antero-posterior distribution of potential 

difference between conditions are presented in Figure 5.6. Based on the results obtained and 

visualized the N400 component was successfully elicited and extracted using the described 

methodology. In the future studies these methods may be employed in neuroerehabilitation 

for assessing the stroke patientsô cognitive abilities by using the presented ERPs as a control 

data.      
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Figure 5.3 - 15 electrodes grouped into a 9 zones. Colors blue, yellow and purple mark the three 

regions : Fronto-Temporal, Temporo-Central and Parieto-Occipital, respectively. 

 

Figure 5.4 - Grand average ERPs for two experimental conditions (words in black  and pseudowords 

in red) at each of the nine analyzed zones. Zones are marked in the upper left corner of each plot where 

the channels with labels separated by backslash symbol (ó\ô) were averaged together to form each zone. Y 

axis is the ERP amplitude in microvolts. Zero marks the stimulus onset.  
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Figure 5.5 - Dynamic map showing difference ERP waves for words-pseudowords. Time in 

milliseconds is shown on the vertical axis, starting with  the baseline period before stimulus onset. Labels 

on horizontal axis are the five zones-of-grouping where the channels with labels separated by backslash 

symbol (ó\ô) were averaged together.  

 

Figure 5.6 - Dynamic map showing difference ERP waves for words-pseudowords. Time in 

milliseconds is shown on the horizontal axis, starting with the baseline period before stimulus onset. 

Labels on vertical axis are the five zones-of-grouping where the channels with labels separated by 

backslash symbol (ó\ô) were averaged together: F (F3\Fz\F4), P (P3\Pz\P4), PC (PC5\PC6), T (T5\T6) and 

O (O1\O2).  


















































































































