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1   Abstract 

Rehabilitation of individuals who are motor-paralyzed as a result of disease or trauma is 

a challenging task because each individual patient presents with a different set of clinical 

findings and in varying states of physical and mental well-being. The only commonality is motor 

paralysis. It may be the paralysis of a single limb or paralysis of all four limbs and may include 

paralysis of facial muscles or respiratory muscles amongst other motor disabilities. Each patient 

requires individualized management. Rehabilitation of these patients includes the use of 

mechanical assistance devices to perform daily chores such as lifting an object or closing a door. 

This project intended to use a humanoid robot to do these tasks using brain signals from the 

sensory motor cortex, the mu-rhythm, which would be programmed to convert the relevant 

brain signals into a command signal for the robot using a non-invasive brain-computer interface 

(BCI). The mu wave has the advantage of being present not only during actual movement of the 

extremity but also during mental imagery of the intended task. This makes it a preferred 

modality in conceptualizing assisting device for the immobilized patient. For the project, I used 

noise/ random data instead of actual recordings of the mu, since there were no subjects readily 

available, and because of time constraints. The input data is interchangeable with mu rhythm 

using a suitable algorithm and in its absence acts as a reliable decoy. A good mu response from 

subjects requires extended training since sensorymotor rhythm (SMR)- BCI is a learned skill 

rather than an automatic brain response to external stimuli. The robot was able to function 

with live EEG recording. 

 

1.1   Introduction 

People who are physically disabled due to motor paralysis are a challenge to 

neurophysicians as the paralysis is irreversible or only partially reversible in a significant 

percentage of patients. About a third of stroke patients have poor or non-existent residual hand 

motor function at the end of one year. Significant functional recovery after this initial year is 

rare.1 The clinical condition maybe a cerebro vascular accident commonly referred to as a 

stroke, a paraplegia or a quadriplegia due to trauma , Amyotrophic lateral sclerosis 

(ALS),cerebral palsy, muscular dystrophy, brain stem encephalitis or multiple sclerosis amongst 

other ailments which disrupt the normal communication channel between the cortical centers 

and the peripheral neuromuscular apparatus which  implement the cortical motor 

commands.  The degree of disability varies in different clinical situations.  Methods of 

rehabilitation, such as the use of micro switches, are applicable in those patients capable of 

small, non-fatiguing movements of the affected limb. The situation is however different in a 

patient who is incapable of limb or facial movements or not able to give verbal commands. He 

is conscious but totally de-efferent and 'locked in'. One viable alternative to these patients is 



the use of a BCI to tap into impulses generated in the cerebral cortex and use them to activate 

mechanical assistance devices. In this context, several non-invasive BCI systems were 

developed using different electrophysiological potentials originating from the brain such as 

the  P300 evoked potentials generated over  the centro parietal cortex2, Steady State Visually 

Evoked Potentials (SSVEEP)3, slow cortical potentials (SLP)4 and the Sensory motor rhythms viz. 

the mu and beta rhythms.5 These signals were acquired, digitized and then processed through 

feature extraction and translation algorithm to yield a device command that was then used to 

initiate a motor response such as moving  a prosthetic arm,  answering questions as a simple 

yes or no on the computer screen, simple word processing, or even control movements of a 

humanoid robot.2,5  

The crux in getting a good working model of BCI dependent orthotic device or a robot to 

work is getting reliable and accurate data using appropriate signal acquisition devices to record 

the neuronal activity in the related brain-cortical area. Invasive BCI procedures involving 

implant of intracortical electrodes offer the possibility of being able to tap single cortical 

neurons and get more precise brain signals in contrast to the non-invasive methods such as 

EEG. The scalp based EEG electrodes are separated from targeted cortical cells by skin, muscle, 

bone, the membranes covering the brain (duramater, arachnoid and piamater) and the 

cerebrospinal fluid, which constitute a gap of about 2-3 centimeters. The surface electrodes 

record potentials at the scalp surface which is essentially two dimensional as compared to the 

source of the potentials representing activity of neurons at varying depths from the surface and 

is therefore three dimensional. The recorded potentials would represent pooled synchronous 

activity of all the underlying neural tissue rather than activity of single cells or small group of 

cells. The best represented activity would be from the perpendicularly oriented pyramidal cells 

at the surface of the underlying gyrus rather from the differently oriented pyramidal cells lining 

the depths of the sulci.6 

Several single cases of invasive BCI were reported by Kennedy, et al. in 2004 with a 

cortically implanted glass electrode filled with neurotrophic growth factor that attracted the 

growth of the axon of the targeted cell into the electrode thereby allowing recording of its spike 

potential.7 However, the procedure is surgical and in very sick patients may not be a good 

option due to surgical and anesthetic risks, in addition to being expensive. Birbaumer mentions 

that of the 17 ALS patients in his sample, all in the final stage of the disease and all artificially 

respirated and fed, only 1 agreed to implantation of subdural microelectrodes.8 The majority of 

implanted neural electrodes have not shown the long term performance desired for use of 

prosthesis. After implantation, the percentage of electrodes recording single unit waveforms is 

low and drops over time. Recording quality varies across subjects and also between electrode 

sites in the same array. Tissue reaction to the presence of a foreign object in the cortex has 

been demonstrated to lead to a loss of neuronal density around the implant and presence of 



inflammatory response around the electrode leading in the long term to dense encapsulation 

by microglia. Recent reports of deep brain stimulation implants show that the infection rate 

attributable to the surgical procedure is 1.5-2%, while the long term infection rate is about 4-5 

% and Schwartz, et al. opine that it might be in a similar proportion in cortical implants as well.9 

It seems appropriate here to quote Birbaumer who concluded that non-invasive BCIs 

would remain the treatment of choice for rehabilitating the paralyzed individuals whatever be 

the individual etiology of the patient's disease viz. “The slow spelling speed and high error rate 

(even in the highly trained patients, rarely above 80% of trials are correct) of non-invasive EEG 

based BCIs is well tolerated by paralyzed patients with a different life perspective and an urgent 

need to communicate.8 

 

1.2   The mu rhythm 

The mu rhythm is a centrally located arciform alpha frequency (usually 8 to 10 Hz) that 

represents the sensorimotor cortex at rest.6 The mu rhythm is most directly connected with the 

brain's normal motor output channels involving the extremities-the hand, foot and 

finger.  Unlike the alpha rhythm, it does not block with eye opening and shows 

desynchronization with movement of an extremity.6 The mu rhythm with a spectral peak of 9-

14 Hz is spatially recorded over the perirolandic sensorimotor cortex localized predominantly 

over the post central somatosensory cortex. The higher frequency of 20 Hz is recorded over the 

precentral motor cortex.10 The mu rhythm is weaker than the alpha rhythm recorded over the 

parieto occipital cortex and more difficult to pick up on the EEG. It had remained undetected 

for many years until computer based analyses revealed its presence in most adults, as reported 

by Pfurtscheller in 1989.5 Augmentation of the mu-event related desyncronization (ERD) 

response has been reported by Pineda, et al. using a “stimulus rich, realistic, and motivationally 

engaging environment”.11 The subjects gained very good binary control of mu rhythm 

generation within 6-10 hrs of training. The study demonstrated that learning to control the mu 

activity was enhanced when learning involved similar mu levels over each cortical hemisphere. 

Changes in mu power were reflective of hemispheric coupling (suppression) or uncoupling 

(enhancement).11 Other factors contributing to enhanced ERD are increased task complexity, 

more efficient task performance and/or more attention and effort needed in patients such as 

the elderly or low IQ subjects.12 

The mu rhythm is thought to be produced by the thalamo-cortical circuits, which 

desynchronize with tactile stimulation and particularly with active or passive movements. A 

hand area mu rhythm is blocked by finger/hand movement, a face/tongue area mu rhythm is 

blocked by face tongue movement and a foot area mu rhythm is blocked by foot movement on 



the contralateral side.13 In contrast to the alpha rhythm recorded easily over the occipital 

cortex, the mu rhythm has a much weaker amplitude and can only be observed after due signal 

processing and is therefore more difficult to harvest as input for the BCI interface to activate a 

robot. In normal EEG recordings, only half the contribution of each scalp electrode comes from 

sources within an area of 3 cm diameter. If the signal of interest is weak, such as the mu 

rhythm, it can be confounded by stronger signals in the same frequency range like the alpha 

signals from over the occipital cortex and EMG signals from the scalp muscles and eye brows, 

resulting in artifacts.5 Event related desynchronization (ERD) is followed by heightened 

synchronized activity (Event related synchronization or ERS, also called rebound mu) at the end 

of the movement phase and subsequent relaxation.5 Mental imagery of physical tasks are also 

known to result in characteristic EEG patterns in the mu rhythms (8-12 Hz band) and Beta 

rhythm (18-26 Hz bands) generated in the normal motor output channels viz. dorso 

lateral  prefrontal cortex, medial supplemental motor area, premotor cortex and posterior 

superior parietal cortex on the contralateral side to the limb movement visualized in the mental 

imagery.5 Kai Miller, et al. have demonstrated in a study using electrocorticography in 8 

patients that there is a decrease in power in the low frequency bands (LFB 8-32 Hz) in power 

spectral density during movement consistent with ERD of the motor associated fronto parietal 

alpha and beta rhythms and a similar, spatially broad ERD with mental imagery which 

significantly overlaps the ERD with overt movement.14 Some studies have shown that early ERD, 

presumably indicative of motor preparation, is located over the contralateral frontal region 

covering primary motor cortex. It is then followed by a bilateral suppression occurring over 

ipsilateral and contralateral central regions and becomes bilaterally symmetrical immediately 

before execution of the movement.12 These results indicate that programming of voluntary 

movement induces early activation in the contra lateral sensorimotor areas, while performance 

of the movement induces bilateral activation in sensorimotor areas.11 Larger and more 

synchronized mu activity has been reported by Pfurtscheller and Neuper during reading.13 

Brechet and Lecasble reported enhanced mu rhythm during flicker stimulation15; Koshino and 

Niedermeyer reported an enhanced rolandic rhythm during pattern vision.16 Notable here is 

that the hand area is not directly involved in these tasks and concentration on other tasks 

uncouples the hand mu area from the cortical areas involved in non- hand movement activities. 

 

Fig 1. shows a mu recording during a user session using the 10-12 Hz mu rhythm to move a cursor to a 

target at the top of the screen or to a target at the bottom of the screen. The mu rhythm is prominent 

when the target is at the top and minimal when it is at the bottom.5 

 



FIG 1 

 

 

 

 

 

 

 

 

  

Pfurtscheller. Neuper and Krausz have divided the mu rhythm into an upper 10-12 Hz band 

and a lower 8-10 Hertz band. While the lower mu-ERD is more widespread, the upper mu-ERD 

is more focal.12 It is suggested that the widespread lower mu-ERD indicates all cortical areas 

involved in a motor task and the upper mu- ERD indicates the critical cortical area supporting a 

specific movement. The lower frequency (8-10 Hz) mu rhythm shows a non-specific ERD pattern 

about similar for finger and foot movement, whereas the upper frequency (10-12 Hz) mu 

rhythm shows more focused, movement type specific ERD pattern, clearly different with finger 

and foot movement.17 Hand movement also leads to a localization of the beta ERD in the 20-24 

Hz band slightly anterior to the highest mu ERD for the hand area.12 Salmelin et al interpreted 

the 10 Hz mu rhythm as originating in the somatosensory cortex and the 20 Hz beta rhythm as 

localized in the motor area.10 

FIG 2 

   TCR=Thalamic relay cells, IN=Interneurons    

 



Results of a simulation study displaying relationship between frequency and interconnection of neurons. 

The area of synchronous inhibition is marked.12 

 

Brain Computer interface-developmental background: 

Birbaumer et al (1999) developed a BCI system for ALS patients using Slow Cortical 

Potentials (SCP). They however needed long training periods in their homes as they were on 

respirators and were paralyzed. The letter selection speed was slow, usually one letter per 

minute. Wolpaw and colleagues at the Wadsworth laboratories in Albany, New York worked 

with mainly healthy volunteers using Sensory Motor Rhythms (SMR) as the target brain 

response. Wolpaw and Mcfarland (2004) succeeded in training subjects in two dimensional 

cursor control on the computer using a simple electrode montage covering the hand and foot 

area with linear online filtering and detection algorithm used for data reduction and 

quantification. Most patients used hand and foot imagery to reach the target goals in SMR-BCI. 

The P300 -BCI was developed by Farwell and Donchin in 1988. Patients with ALS and advanced 

paralysis performed better with SMR BCI and P-300 BCI. The Albany-Tubingen group created a 

BCI2000 web site in 2004, providing free software modules for BCI applications in research and 

clinics.8 

 

1.2.1   The Sensory Motor Rhythm BCIs 

1.2.1.1   The Wadsworth BCI 

With the BCI system of Wolpaw, Mcfarland and their colleagues, people with or without 

motor abilities learn to control mu or beta rhythm amplitude and use that control to move a 

cursor in one or two dimensions to targets on a computer screen. For each dimension of cursor 

control, a linear equation translates mu or beta rhythm amplitude from one or several scalp 

locations into cursor 10 times/ sec.  Users learn over a series of 40 min sessions to control 

cursor movement. They participate in 2-3 sessions/ week and most acquire significant control 

within 2-3 weeks. Initial sessions involve some form of motor imagery but with experience the 

users are able to move the cursor almost involuntarily without the help of imagery or thinking 

about the specifics of the movement. Subjects have been able to independently control two 

different rhythms in the mu and beta rhythm channels and use that control to move a cursor in 

two dimensions. Users have been able to achieve information transfer rates up to 20-25 bits 

per minute.5 

 



1.2.1.2   The Graz BCI 

This system is also based on ERD and ERS of mu and beta rhythms. It is focused on 

distinguishing between EEG associated with imagination of different simple motor actions and 

thereby enable the user to control a cursor or an orthotic device that opens or closes a 

paralyzed hand. The user choice of a motor imagery and the EEG responses to different 

imagined actions is subjected to frequency analysis to derive signal features. For each imagined 

action, and n-dimensional feature vector is defined which establish a user specific classifier. In 

subsequent sessions, the system uses the classifier to translate the user's motor imagery into a 

continuous output or a discrete output which is presented to the user as an online feedback on 

a computer screen.8 

Several other BCIs have been described such as by Kostov and Polak(2000) and Penny et 

al.(2000) with modifications of the Graz or Wadsworth BCIs. 

1.2.1.3   BCI2000 

The BCI 2000 software used for this project is documented, distributed, and open 

general purpose BCI system with four interacting processes: Signal acquisition and storage; 

feature extraction and translation; device control; and operating protocol. It is made available 

free to all BCI researchers with associated data storage and analyses tools to promote use of 

standard methods for evaluating performance.5 

Fig 3 
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 2   Theme of the project 

The theme of the project was to demonstrate the feasibility of using SMR - mu rhythm 

to activate a humanoid robot as a mechanical assistance device. Since live recording was not 

feasible because of time constraints, recorded data/random data/noise was used as decoy 

inputs. The feasibility of using such data that could be programmed to represent live mu 

recording from EEG was intended to be demonstrated. 

 

3.1   Materials and methods 

The robot was able to function with live EEG recording. I used noise instead of actual 

recordings, since there were no ready subjects, and time constraints. I will describe the 

experiment and steps here, but when I say user recordings, it refers to live noise or random 

data since there was no user to test on.  

 

 

Fig 4 

Electrode placement used for recording the mu 

 

The main advantages of the EEG are the relative low cost, ease of operation and 

excellent time resolution. The main disadvantage of the EEG recording is the low signal to noise 



ratio and the large number of artifacts. These artifacts include eye movement, scalp muscle 

activity, power lines, activity of neighboring electronic equipments, physiological signals such as 

the cardiac electrical signals amongst others. The obvious way to reduce these background 

signal noises is to prevent or eliminate whatever is causing these signals such as to have the 

patient comfortable and totally relaxed, encouraging the patient to hold gaze and so on. 

Nevertheless some signals such as those originating from the beating heart and the scalp 

muscle activity are inevitable and need to be filtered out. Methods of eliminating noise include 

among other methods signal averaging where the noise is random and symmetrical, elimination 

of data contaminated by obvious sources of noise by visual inspection, elimination of signals 

which are easily recognizable such as with eye blinking, band pass filtering, subtraction using 

linear regression or use of a classifier.26 A naive Bayes classifier is a simple probabilistic classifier 

based on applying Bayes' theorem with naive independence assumptions. The Naive Bayes 

classifier assumes that features are independent of one another within each class. It classifies 

data in the following way. The training data is used by the algorithm to estimate the 

parameters of a probability distribution, assuming features are conditionally independent given 

the class. The Naive Bayesian model is thus obtained and the new data points are classified by 

computing the posterior probability of that sample belonging to each class and assigning the 

test point to the class yielding the largest probability.  

The BCI2000 paradigm used was configured such that it displayed two visual stimuli to 

the user (left and right arrows) and passed the recorded data to a dummy application. The user 

imagined left arm movement on left arrow and same for right arrow. All this while the classifier 

(which is a simple naive Bayesian classifier) got trained, meaning, it was associating the BCI2000 

collected data and appending another piece of information with it (which can be visualized as 

another column for each recording) which stored the value of left or right. After the initially 

specified number of trials, the training step of the classifier ended. Then we started the testing 

step, where we check if the classifier is trained correctly to take in EEG data as input and 

classify the recording as left or right. The way we do this is by letting the user repeat the same 

experiment as above, but this time without any visual cue of arrows. Thus the user is free to 

randomly choose between left and right arm and perform motor imagery. While the user did 

so, the classifier was running in the test mode, and displayed the strings "left" or "right" on the 

screen corresponding to which arm it thought the user was performing motor imagery of. This 

data was simultaneously sent to the Linux machine which connected to the robot. The way this 

was done was through a TCP connection. The Linux machine listened to the packets echoed by 

the machine on which the classifier ran. This got processed, and one of the two python 

programs responsible for the (left or right) arm movement of the robot got invoked. The robot 

in use was the Nao which is an autonomous, programmable humanoid robot developed by 

Aldebaran Robotics. The Software Development Kit packaged with the NAO robot was used to 

program its movement. This completed the loop with the robot mimicking the motor imagery 



performed by the user. The mimicking action observed was the up and down movement of 

sometimes the right and sometimes the left hand depending on the motor imagery inputs. 

  

4.1   Results and Discussion: 

For the noise, obviously there is a 50-50 possibility of left vs. right, and that is what was 

observed. With about 15 samples, the ratio of left to right classification was 46-54 (rounded). 

To confirm this output, the noise was programmed to be biased over left with 70 % and the 

frequency with which the classifier predicted left was computed. There was a clear increase in 

the frequency of left, with the ratio of left now changing to 82-18. Thus even though we see an 

overclassification in the left class, we see the expected trend in the results. The 

overclassification can be attributed to the fact that the input noise has a bias distributed over a 

certain number of samples, meaning there is a chance that the noise would be 70% left and 

30% right after 50 samples. Thus if we take the ratio after 25 sample, we might not maintain 

the same ratio of 70-30.  

Fig 5 

Plot of bias and classification 

 

This project is restricted to demonstration of the feasibility and practicality of using the 

mu rhythm to activate the arm of a humanoid robot. More needs to be done to detect the mu 

rhythm at an earlier stage of mental imagery and filter the mu more efficiently from 

background noise. The earlier and more accurately the mu is picked up the earlier will be the 

robotic response and visual feedback to the patient. A positive feedback can enhance the mu, 
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whereas a negative feedback can be programmed to correct the robotic response. The use of 

the robotic action must be seamless rather than staccato or jerky. In an unhealthy patient, the 

effort of using the robot cannot be either cumbersome or tiring in order to be acceptable to an 

average user. To that end a continuous feedback greater than 25 bits per minute and an 

integrated response from the BCI interface would be desirable. Several technical issues need to 

be addressed before this comes to pass. A single band pass filter cannot identify a broad band 

artifact like EMG.18 A representative set of such filters is needed. 

Changing the system to include a human as the user requires no change in the setup at 

all. Instead of connecting the noise generator through USB, one would fix the electrodes onto 

the scalp using standard measures, first by exfoliating, and then by applying a conducting lotion 

over the spots in the skull right where the desired electrodes (marked in fig. 4) would then be 

attached. I expect that this setup will work with equal ease when testing stroke patients as well. 

 

 

5   Conclusion and Future Projections 

The project has come to a stage of loop completion where the BCI2000 captures live 

data, and in our case, live noise. Suggested are some future steps:  

 

1. Improve the classifier – The classifier could be modified to improve both its efficiency as well 

as accuracy. If the efficiency of the robot is improved, the “reaction time” of the robot drops 

down, thus making the process of motor imagery and robot motion seem almost 

instantaneous. A better accuracy classifier would help to classify the arm motion into more 

specific kinds of motion. Even though far-fetched with the current EEG modality, it might be 

possible in future with a more sophisticated EEG recording procedure to classify the imagery to 

the extent of being able to localize individual finger joints. That would require the classifier to 

accommodate for a class per joint of each finger. 

2. Test on humans instead of just noise – Due to non-availability of actual subjects, I was not 

able to do the testing of the system in real life scenarios. It would be desirable to check this BCI 

arrangement regarding efficacy in people with lower mental agility or in different clinical 

situations. Also, the user needs to be trained well to become capable of motor imagery over a 

period of time. 

3. (In progress) Make the robot more interactive - Along with the prediction of left/right, we 

could also pass in the accuracy or certainty of the classifier, which is just a percentage indicating 



how certain it is of the signal being left or right. This can be another parameter passed to the 

python programs responsible for arm movement. This parameter can determine the extent 

(height) of the arm motion, thus giving better visual feedback to the patients. 

The use of a robot to aid motor paralyzed patients has significant practical applications. 

As Emanues Donchin of the University of Illinois, Urbana Champagne remarks “If you could 

offer them some minimal quality of life, they may choose to live.”19 Augmenting the 

sensorimotor response and increasing its sensitivity and specificity remains a vital 

consideration. The recent report by Blankertz et al.  indicating the importance of the baseline 

mu rhythm in predicting the accuracy of an SMR -based BCI such as the one used in the current 

project deserves mention. In a study involving 80 subjects the power of baseline rhythm 

(relaxed state, eyes open) was found directly proportional to the BCI accuracy.20 It was found 

possible to maximize the base line mu power by baseline viewing of movies showing one of six 

themes: opening/closing of hand, a single bouncing ball, two moving balls, a slowly moving 

flower, a static right hand, and white stripes on black screen. In about 67% of the study 

population, subjects showed significantly higher mu power for certain preferred movies and the 

preferences were individually specific. This preference was reproducible and there was no 

common optimal baseline movie.20 The optimal baseline movie therefore has to be 

individualized for each subject by trial and error. A complementary EEG feature reflecting 

imagined or intended movement is the lateralized readiness potential (RP), a negative shift of 

the DC-EEG over the activated primary motor cortex.21 This could possibly be used in 

combination with the mu rhythm recorded over the sensorimotor cortex as the acquisition 

signal for BCI. 

Since the BCIs based on sensorimotor rhythms use one of the motor tasks from moving 

the right or the left hand, the feet or the tongue, it would be important to know which 

particular motor task gives the best mu performance. Joan Fruitet et al report on the 

development of an adaptive algorithm which evaluates the performance of each task in real 

time to eliminate non efficient tasks and focus on the promising ones.22 

Evidently, much more needs to be done before BCI becomes a patient friendly, user 

controlled aid to the paralyzed which could be customized on a continuing basis to suit the 

continuously altering sensorium and disability of the patient. mu ERD is enhanced during the 

learning phase and once the action becomes repetitive and learned and is performed more 

automatically, ERD is reduced.12 The BCI algorithm to control the robot needs to factor in this 

changing dynamic of the mu rhythm with increasing patient familiarity with the movement 

sequence. The degree and type of motor disabilities cover a wide spectrum from paralysis of a 

single limb to paralysis of all four limbs, from a functioning brain to a disabled brain trapped in a 

motor disabled body, from functioning ocular movements and functioning speech faculty to 



loss of ocular motility and speech impairment. The BCI needed for each of the above categories 

would be different. Normally functioning speech and ocular movements could be trained to 

indicate intent of the patient more directly. For those where these faculties are impaired BCI 

based on EEG remains the only solution. Use of multiple brain rhythms in tandem in a hybrid 

system holds promise for the future. Human actions are governed by multiple areas of the 

human cortex and the BCI probably needs to reflect this reality.  

The mu rhythm, however, does remain an enigma in many ways. Its significance is not 

limited to motor activity of the hand, foot or the tongue. They have been noticed to be present 

at a very early stage of human development and exhibit adaptive and dynamically changing 

properties. With aging, alpha like responses increase in frequency and show longer phase 

locking and an increasing locus over frontal brain areas. There is a demonstrated trend towards 

frequency acceleration and a posterior to anterior shift in focus for both the spontaneous and 

evoked alpha like activity.  The mu rhythm is also postulated to be a part of the imitative 

learning or mirror image system which forms a vital part of cognitive learning in the young. A 

dysfunctional mu rhythm and a dysfunctional mirror neuron system has been reported in 

Autism spectrum disorder (ASD) characterized by deficits in imitation, pragmatic language and 

empathy. The role of mu rhythm in cognitive learning is also borne out by the trainability of 

both healthy and paralyzed individuals in using BCI for tasks such as cursor movement or 

controlling certain movements of robots with increasing facility particularly with visual and 

auditory feedback. Learning strategies also focus on motor imagery11. The mu seems responsive 

to cognitive stimuli among other modulating factors such as affective inputs. Ruslova et al 

showed that anger induced changes in spatial distribution of alpha frequency range over the 

frontal cortex.23 As Pineda says the visual, auditory and somatosensory centered domains 

exhibit synchronized and desynchronized activity in locally independent manner but become 

coupled and entrained when they become coherently and globally engaged in translating 

perception into action.24 The significance of the mu part of this neuronal chain is that it cannot 

only be successfully harnessed to provide a reliable input to a robot but more importantly, it is 

amenable to training and cognitive regulatory process and thereby more useful to the 

paralyzed patient.  

By successfully activating the robot using mental imagery and the mu rhythm, it is 

intended that repeatedly using the imagery to initiate the robotic function and the repeated 

observation of the performing robot would reactivate and reinforce the damaged cortical and 

peripheral motor connections of the patient. There is increasing experimental evidence that 

motor areas are recruited not only when actions are actually executed, but also when they are 

mentally rehearsed or simply observed. Ertelt, et al. report clinical improvement in a set of 

stroke patients subjected to action observation followed by translatory action as compared to a 

control group who went through the translatory action alone without being conditioned by 



prior viewing of the action on video and the improvement was maintained for at least 8 weeks. 

fMRI investigation showed increased activation in a network of areas consisting of bilateral 

ventral premotor and inferior parietal areas (supposedly containing the mirror neuron system) 

plus bilateral superior temporal gyrus, supplementary motor area and contralateral 

supramarginal gyrus.25 In the present project however, with limited EEG recordings, it was not 

possible to get good, usable data from the EEG recordings from subjects; but it is almost a 

certainty that with adequate training of subjects in BCI, it would be possible to overcome this 

deficiency and demonstrate robotic actions live with EEG based mu recordings. 
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