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ABSTRACT 

KEYWORDS: Functional near Infrared Spectroscopy (fNIRS), Brain Computer Interface 

(BCI), Virtual Reality (VR), Random Forest (RF), and Linear Discriminant Analysis (LDA) 

Stroke rehabilitation is a combined and coordinated use of medical, social, educational, and 

vocational measures to retrain a person who has suffered a stroke to his/her maximal physical, 

psychological, social, and vocational potential, consistent with physiologic and environmental 

limitations. Evidence from clinical trials supports the premise that early initiation of therapy 

favorably influences recovery from stroke. One of the latest reliable, exiting and proven ways of 

rehabilitation is by BCI based on fNIRS.  

For targeting all range of Stroke impairments, we had developed three paradigms. First paradigm 

was designed for classifying brain state in motor execution active and rest states (Experiment 1). 

Second paradigm was designed for classifying brain state into motor execution and motor 

imagery (Experiment 2.1). The same paradigm was also used for classifying brain state into 

motor execution, motor imagery and rest states (Experiment 2.2). Third paradigm was designed 

for classifying brain state in VR motor imagery and rest states (Experiment 3). Motor imagery 

stimuli can also be better given with help of virtual reality. Replacing 2D paradigm (NIRstim) 

stimuli with VR stimuli, the functional response of stimuli can be increased and experiments can 

be conducted at ease, due to easy implementation of both motor execution and motor imagery 

task with VR. 

Physiological noises from acquired signal was removed by novel wavelet transformation. Effect 

of differentiating signal, post noise reduction was studied. It effect on each experiment was 

reported. A new strategy for detecting optimal features for classification purpose, from features 

Mean, Variance, Skewness, Kurtosis, Peak, Sum of peaks and Number of peaks was designed 

and evaluated for designated four experiments and results are evaluated. RF was used both for 

feature selection and classification. LDA score and LDA_optimal model were used for 

classification. Robustness of three models were compared with respect to F1 score and best 

model for each experiment was evaluated. The run time of models was also studied. Finally the 

optimal features for each experiment was established.  
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CHAPTER 1: INTRODUCTION & STATEMENT OF PROBLEM 

FUNCTIONAL NEURO IMAGING 

Functional neuro-imaging has been widely used for brain mapping and understanding brain areas 

with respect to specific tasks given as stimuli. It has found wide uses in cognitive neuroscience, 

physiology, and neuropsychology. Further functional neuro-imaging is an important tool for 

rehabilitation research. 

Several modalities have been used for brain signal acquisition. Common methods of functional 

neuro-imaging include 

 Positron emission tomography (PET), 

 Functional magnetic resonance imaging (fMRI), 

 Electroencephalography (EEG), 

 Magneto-encephalography (MEG), 

 Single-photon emission computed tomography (SPECT) 

 Functional near infrared spectroscopy(fNIRS) 

Functional imaging attempts to measure the neuronal activity, via Hemodynamic response. EEG 

measures neuronal activity as electric activity, while MEG measures neuronal activity as magnetic 

activity. PET measures neuronal activity with respect to regional metabolic changes using positron 

emitting isotope of oxygen. fMRI measures changes in blood oxygenation that is direct 

correspondence with hemodynamic response. fNIRS measures changes in blood oxygenation in 

infrared absorption spectrum.  

These techniques have been used for determining effects of brain injury and the rehabilitation 

changes in brain system. Mapping of neuroplasticity changes during rehabilitation can also be done 

by Neuro Imaging techniques.  

HEMO DYNAMIC RESPONSE 

Neuronal activity generates Hemodynamic response (HDR) that allows rapid flow of blood to 

active areas in brain. Smooth muscles, neurons, astrocytes, endothelial cells, pericytes form 

important role in maintaining blood brain barrier and delivering necessary nutrients to tissues and 
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also adjusting blood flow in intra-cranial space for maintaining homeostasis. Hemodynamic 

response is directly linked with brain activation and proved to be efficient way to map brain 

functions. When neuronal activity increases, cerebral blood flow rate also increases which is 

otherwise called HDR, and this increased cerebral blood flow increases ratio of oxygenated 

hemoglobin relative to deoxygenated hemoglobin in that activated area. This signal is called 

BOLD (Blood Oxygenation Level Dependent signal) and this BOLD signal forms import aspect 

in functional neuro-imaging modalities like fMRI. 

HDR was used to generate brain images of both active and rest areas, which is basics for neuro-

imaging techniques. 

 

Figure 1: HDR expressed as percent in signal change (Crosson et al., 2010) 

 

Figure 2: Blood flow relationship to cellular activity (Marcus E Raichle et al., 1998) 
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 Fnirs Fmri PET 

Parameters Δ[HbO2], Δ[HbR], 

Δ[HbT] 

BOLD Glucose metabolism 

Temporal resolution Best (<1 sec) Intermediate ( 1 sec) Worst ( > 1 min) 

 

Spatial resolution Worst ( 1 sec) Best ( 1 mm) Intermediate ( 5 mm) 

Motion sensitive Moderate High High 

Setup General  Shielded room Shielded room 

Safety issues None Yes Yes 

Table 1: Functional imaging  

FUNCTIONAL NEAR INFRARED SPECTROMETRY (fNIRS) 

fNIRS is a noninvasive brain imaging technique, that works on the principle of near infrared 

spectrometry. The pioneers in fNIRS date back to 1977 (Jobsis et al., 1977). Initially it was used 

for measuring cerebral oxygenation for adults and new born (Alaraj & Slavin et al., 2009). Slowly 

fNIRS had found its need in assessing neurological and psychiatric disorders.  

To tackle the ever increasing registered cases of brain disorders, portable and affordable neuro-

imaging modality is required. The relatively new modality can fulfill the technical requirements 

of being portable, affordable, is fNIRS (functional near infrared spectrometry). It records the 

changes in the blood hemodynamic response and volumetric changes based on the attenuation of 

light by brain tissue. 

NIRS is a technique of performing tissue oximetry using infrared light which is harmless 

electromagnetic radiation, to shine the tissue by means of a continuous beam of infrared light and 

to collect the re-emitted or transmitted light. The concentration of chromophores in blood (ie) oxy-

hemoglobin and deoxy-hemoglobin can be measured or calculated based on attenuation of near 

infrared light. When the same NIRS technique is applied for measuring hemodynamic response it 

is called functional near infrared spectrometry. 

The oxygenated and deoxygenated hemoglobin (two important chromophores in blood) states have 

considerably different absorption in infrared window. To be acquainted with the concentrations of 

oxy and deoxy hemoglobin, brain is radiated at two different wavelengths, possibly chosen where 

the spectra have the greatest differences. The general fNIRS technique uses constant light intensity 
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and is known as Continuous Wave near Infrared Spectroscopy (CW-NIRS). The most diffused 

wavelengths for CW-NIRS are 690 nm and 820 nm. 

 

Figure3: The absorption spectrum that is the molar extinction coefficient vs. the wavelength, of 

the oxygenated (red) and deoxygenated (blue) states of the hemoglobin. I1 and I2 are the chosen 

wavelengths for Near Infrared Spectroscopy measurements (Matteo Caffini et al., 2012). 

fNIRS is characterized by relatively high temporal resolution (sampling rate of 100Hz for 

Continuous wave type). fNIRS signals are not constant in resting phase, thereby implying that it 

can be used for studying of various physiological and cognitive phenomena in resting state.  

fNIRS TYPES 

Three different fNIRS techniques utilized are 

 Continuous wave 

 Frequency domain  

 Time domain 

Continuous wave instrument measures attenuation of constant light intensity in tissue. It is of low 

cost, ease of implementation, fast sampling, good signal to noise ratio. But this instrument can’t 

be used for measuring the optical properties of tissues, absolute concentration of chromophores 

and the path length of light in tissue. 
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Time domain technique instrument working principle is based on sending picosecond long of light 

pulses to probed volume and measures it time of flight distribution. This technique can separate 

signals based on depth of penetration. Absolute concentration of chromophores and the path length 

of light travelled in tissue can also be measured. 

Frequency domain instruments modulate light intensity at frequency and measure amplitude, phase 

and average intensity of light propagated in probed area. They can be used for separating 

superficial and cerebral components of signal. Absolute concentrations of chromophores can also 

be measured. 

The fNIRS device used in this thesis is continuous wave type. Its operation is described in Physics 

of fNIRS section. 

fNIRS ADVANTAGES 

fNIRS is proved to advantageous in many functional studies, and the various advantages include 

i) Portable 

ii) High temporal resolution (better than fMRI, PET) 

iii) Quick and accurate measurement  

iv) Non motion sensitive 

v) No safety issues 

vi) Natural setting 

vii) Clinical friendly 

viii) Easy to setup and use 

ix) Cost efficient 

x) Can be used on all age range 

xi) Recorded for a longer time 

xii) Repeatable and reproducible  

xiii) Measure concentrations of Oxy and Deoxy Hemoglobin 

xiv) Compatible with other neuro imaging modalities 

xv) Best for Brain computer interface 
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PHYSIOLOGICAL PRINCIPLES OF fNIRS 

fNIRS measurement is based on five physiological principles: 

i. Cerebral blood flow (CBF) increases in active brain areas, 

ii. Tissue is relatively transparent to NIR light,  

iii. NIR light is scattered strongly in all directions in tissue 

iv. Hemoglobin molecules of red blood cells absorb NIR light,  

v. Optical properties of hemoglobin depend on its oxygenation level,  

 

 

Figure 4: Absorption spectrum of Oxy hemoglobin, Deoxy hemoglobin and water (T Nasi et al., 

2013) 

When neuronal activity happen, a surge in hemodynamic response is seen, and due to increased 

concentrations of oxy-hemoglobin in area of interest, attenuation of light increases. Deoxy-

hemoglobin in blood absorbs more red light than oxy-hemoglobin.  

Based on attenuation of NIR light, concentrations of oxy hemoglobin and deoxy hemoglobin can 

be calculated. It was deciphered by various experiments that wavelength of range 650-950 nm, 

provided good optical window for detection of blood oxygen concentration levels. In other words, 

at this particular spectrum, the absorption of light by brain tissue is considerably low, allowing 

light to penetrate deep into brain tissues. 

The NIR light scattered diffusively in all directions that makes it easy to measure attenuation of 

light at a few centimeters apart. The sensitivity volume of the light is shaped like a banana; the 

longer the distance between the source fiber and the detection point, the deeper the banana shape 

reaches in the tissue (H. Dehghani et al., 2009) 
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The fNIRS measurement is made through the scalp. Therefore, changes in scalp blood circulation, 

e.g., due to task-related stress, contribute to the signals.  

Baseline of the fNIRS signal oscillates spontaneously along with the systemic circulation, 

including components related to pulsation of the blood vessels, respiration, vaso-motion, and 

autonomic regulation of the circulation (Y. Tong et al., 2010, H.Obrig et al., 2000). 

 

Figure5: Hemodynamic response (T.Näsi et al., 2010) 

The hemodynamic response results from local vaso-dilation that increases the local CBF and raises 

the blood oxygenation level and volume. Consequently, the increased blood volume and 

oxygenation corresponds as increased [HbO2] and [HbT], as well as a decreased [HbR] with a 

smaller magnitude. The signals peak around 5 s after the stimulation onset (M. E. Raichle et al., 

2006), and return back to the baseline with a time lag of about 5–10 s after the end of stimulation. 

Paradigms in our project were designed, keeping the hemodynamic response time in view. Active 

block was designed with time interval of 10 seconds, and rest block with time interval of 10 

seconds. 

BRAIN COMPUTER INTERFACE 

Brain computer interface is a method of communicating based on neural activity of brain. BCI 

enables a direct communications pathway between the brain and the object to be controlled. The 

object to be controlled included FES, robotic arm, prosthetics and orthotics or any other 

communicating devices. The neural activity required in BCI can be recorded either invasively or 

non-invasively. The major objective of BCI is to provide new channel of output from brain 

(Wolpaw et al., 2000). BCI systems was developed mainly to rehab individuals, whose normal 
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output channels of peripheral nerves and muscles aren’t functioning or damaged. BCI systems are 

the widely researched systems for rehabilitation purpose, and had been proved to be advantageous 

for severely disabled, locked in individuals with no reliable muscle control to interact with 

surroundings. Initial BCI were based on EEG and EMG signals. But later BCI systems based on 

fMRI, fNIRS have been developed. Current BCI tools can aid user in communication, interacting 

with environment and movement and muscle exercise.  

 

Figure 6: Brain computer interface (Mason and Birch 2003) 

BCI systems can be briefly divided as invasive BCI, partial invasive BCI and noninvasive BCI. 

Chip implant based BCI systems, where chips are implanted in gray matter, had been developed 

for complete paralysis patients. Partial invasive BCI systems based on electrocorticography had 

been developed in last decade, where mesh shaped electrodes are implanted below the skull; 

thereby no implantation is made in gray matter. Partial invasive BCI has several advantages like 

better signal to noise ratio, higher spatial resolution, wide frequency range and long term stability. 

Noninvasive BCI are EEG, fMRI, MEG and fNIRS based systems.  
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Figure 7: ECoG electrodes implanted over motor cortex (TN Lal et al., 2005) 

BCI in addition to being a new interfacing output from the brain have also another important 

application as agents of inducing brain plasticity by neuro-feedback training. Through feedback of 

functional measures, the BCI is hoped to allow regions in the brain to actively learn using the BCI 

and attempt to restore normal functioning (SujeshSreedharan et al., 2013). 

Functional electric stimulators attached to BCIs can allow motor recovery for paralyzed patients. 

They help in neuro-rehabilitation by activation of motor centers in the brain by feedback training 

of learning to use one’s own paralyzed limbs by an alternate pathway. Thereby after a period of 

time with practice of FES-BCI, it would be possible for a patient to perform motor activity without 

need of FES, thanks to neuro-plasticity generated in brain with help of FES BCI systems 

(Birbaumer N et al., 2007; Daly JJ et al., 2008). 

In this project we are more focused at developing BCI systems for stroke rehabilitation.  
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Figure 8: Stages in BCI (NomanNaseer et al., 2015) 

STAGES IN BCI 

BCI system consist of the following stages 

 First stage: Suitable signals are acquired from appropriate brain imaging modality  

 Second stage: Pre-processing of the signal obtained to remove noises and artifact  

 Third stage: Features extracted  

 Fourth stage: Features classified using a suitable classifier  

 Fifth stage: Classified signals are transmitted to a computer or external device 

Brain signal acquisition 

The preliminary stage in BCI consists of acquisition of brain signals. The most common areas for 

acquisition are primary motor cortex and prefrontal cortex. Signals corresponding to mental 

counting, mental arithmetic, landscape imagery, music imagery are acquired from prefrontal, 

whereas signals corresponding to motor activity and motor imagery are acquired from motor 

cortex. 
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Suitable number of emitter/detector pair should be used, for adequate acquisition of neuronal 

signal. For prefrontal cortex, three emitter and 8 detectors was proved to be sufficient (Power et 

al., 2010), whereas for motor cortex, six emitter and six detector was proved to be sufficient 

(Sitaram et al., 2007). For our project, eight emitter and eight detectors system was used. 

Activities from motor cortex like motor execution and motor imagery offer perfect choice for 

neuro-rehabilitation purpose. Motor execution stands for moving body by muscular activates 

involving muscular tensions. Various motor execution tasks like finger tapping, hand tapping, arm 

lifting, and hand grasping had been reported previously. Motor imagery stands for covert cognitive 

process of kinesthetic imagery of one’s own body movement. Motor imagery is one of the most 

used tasks for BCI, because it the easiest task that can be done by motor disabled patients. Motor 

imagery tasks like imagination of squeezing soft ball, imagination of complex sequence of finger 

tapping, imagination of extension and flexion of elbow, imagination of wrist flexion and 

imagination of unfolding of fingers. 

Motor execution Reference 

finger tapping Seo et al., 2012 

arm lifting Shin and Jeong 2014 

hand grasping Nagaoka et al., 2010 

hand tapping Khan et al., 2014 

Knee extension Shin and Jeong 2014 

Table 2: List of publications with motor execution task in fNIRS BCI 

Motor Imagery Reference 

Squeezing soft ball Stangl et al., 2013 

Complex finger sequence Sitaram et al., 2013 

Unfolding fingers Mihara et al., 2013 

Wrist flexion Naseer and Hong 2013 

Extension and flexion of elbow Mihara et al., 2013 

Feet tapping Kaiser et al., 2014 

Table 3: List of publications with motor imagery task in fNIRS BCI 
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Prefrontal cortex is other important area that can be considered for BCI. Tasks like mental 

arithmetic, music imagery, landscape imagery, mental writing, and object rotation, emotion 

inducing tasks, deception and visual stimuli. 

Preprocessing of Signal 

Acquired brain signals consist of lot of noise, like instrumental, experimental error and 

physiological noise.  

Instrumental Noise: Noises arising from either device or external environment. These noises 

usually are of high frequency and can be easily removed by low pass filter. Further by minimizing 

external light interferences, instrumental noise can be drastically reduced. 

Experimental error: Experimental errors include motion artifacts caused by dislocation or 

movement of optodes during experiment. Motion artifact corrections can be done by Wiener 

filtering method, PCA based filtering, wavelet analysis method and SavitzkyGolay type filters. 

Physiological Noises: Heartbeat, respiration, mayer waves and blood pressure fluctuations are 

mainly reported physiological noises in fNIRS signal. These can be removed by band filtering, 

PCA, ICA and wavelet transformation. 

Feature extraction and selection 

Post preprocessing of data, features are extracted and selected. The features are extracted from 

hemodynamic signals (HbO, HbR and HbT). Optimal features should be selected, that gives 

maximum discrimination and increases classification accuracy. The most commonly extracted 

features are signal mean, signal slope, signal variance, signal skewness, signal kurtosis, signal 

amplitude and signal peak. 

Classification techniques 

Classification techniques are used to identify patterns in signal acquired and discriminate signals 

into different states of brain based on optimal features selected (ie), motor execution or motor 

imagery, motor imagery or rest, motor execution or rest. Some of most commonly used classifiers 

are LDA, SVM, HMM and ANN. 
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VIRTUAL REALITY 

Virtual reality is a computer generated environment of a three-dimensional image or environment 

that can be interacted with in a seemingly real or physical way by a person using special electronic 

equipment, such as a helmet with a screen inside or gloves fitted with sensors. It stimulates users 

senses in such a way that computer generated world is experienced as real. It also lets users 

navigate and interact with three dimensional virtual environments in real time and various 

feedbacks like auditory, sensory, vision, vibrotactile, hatpic, propioreceptive, knowledge of 

performance and results can be given via VR to player or subject. By giving feedback about 

performance, increasing autonomy of player over VR task, and also lets user explore VR safely 

and independently.  

The main benefits of virtual reality in medicine include: 

 Safety 

 Time 

 Money 

 Ability to re-use on a regular basis/skills refresh 

 Can be used remotely 

 Efficiency 

 Realistic 

 Virtual reality based therapies (VRT) had been utilized to overcome inherent difficulties in 

traditional therapies. Therapies based on VRT can simulate, various environments that can be used 

for stimulating senses of patients suffering with phobias. Since VRT is flexible to use and operate, 

it can be performed in any place and at required amount of time. VRT can generate stimuli of 

greater magnitude compared to standard techniques. It also offers potential to develop human 

testing and training methods that allows researchers to modulate feedback senses accurately, 

thereby assessing and rehabilitating human cognitive and functional performances. This particular 

advantage had led to deployment of VR, as rehabilitation tool for neurological disorders patients. 

VR had been used in health care for different purposes and found tremendously advantageous 

when compared to traditional methods. VR applications in medicine include surgical simulation, 

training, three dimensional anatomy and three dimensional physiological imaging. In psychology, 
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VR had been used for treatment of phobias such as fear of heights, fear of flying, fear of driving, 

fear of public speaking and claustrophobia. Neuro psychological evaluation and testing can be 

easily done in virtual environment with VR.  

Virtual reality and motor imagery based training, induces cognitive and motor activities 

simultaneously. MI engages in planning, attention, information integration and processing; 

whereas VR provides stimuli.  

VR had been used for rehabilitation of chronic stroke, alzhemier disease (AD), cerebral plasy, 

autism, cognitive impairments condition, dementia, attention deficit hyperactive disorder and 

various neurological disorders. It is also used as training tool for patients with learning disabilities, 

thereby by which complex tasks can be taught to them with VR, by breaking down of complex 

task into simple task and training them with simple task initially and later increase complexity of 

task. VR based training accompanied with gait analysis proved advantageous for rehabilitation for 

certain patients with motor functional disabilities.  

VR ANDRIOD APP FOR MOTOR IMAGERY 

VR is also effective tool in BCI studies, stimulating environments as required. Paradigms based 

on VR feedback have found recent interest in functional studies of brain. Simple task like finger 

tapping, motor execution, auditory and vision stimuli can be given easily via traditional paradigms. 

But when working with complex task like complex finger movement, propioception, cognition, 

equilibrium of body motion and various other tasks, it is not possible to give multiple feedbacks 

to subject in normal paradigm. Motor imagery stimuli can also be better given with virtual reality. 

Replacing 2D paradigm (NIRstim) stimuli with virtual stimuli in form of VR feedback, the 

functional response of stimuli can be increased and experiments can be conducted at ease, due to 

easy implementation of both motor execution and motor imagery task with VR. Further details 

about VR app and its design was designed in discussion section.  

VR headset, the device used for providing virtual reality for viewers/ subjects, had been deployed 

for a long time for computer games and other applications. VR headset has stereoscopic head 

mounted display which provides separate images for eye. High end VR headset also come with 

head tracking sensors like gyroscopes, accelerometers, structures light systems, eye tracking 
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sensors and gaming controls. The lenses can be adjusted for fine focus and distance of focus for 

comfortable viewing avoiding eye strain. 

Since our study is experimental study of implementation of VR based stimuli for BCI, we had 

purchased “Domo nHance VR7” which can be used for smartphones upto 6 inches. It has 

aspherical optical lens, of diameter 33.5mm, and interpupillary distance between 73mm to 56mm. 

Virtual reality app was developed for motor imagery task. This VR app is basically a game that 

has repetitive active phase (stimuli) and rest phase (non stimuli). Once app is started, active phase 

runs starts and runs for a period of 10-15 seconds, followed by a rest phase for a period of time 

(10-15 seconds). Total run time of app usually have five active phase and five rest phase. This app 

can be manually synchronized with NIRstim paradigm. 

VR REQUIREMENTS 

Untiy game engine 

Unity is a cross-platform game engine developed by Unity Technologies and used to 

develop video games for PC, consoles, mobile devices and websites. Unity allows specification of 

texture compression and resolution settings for each platform the game engine supports, and 

provides support for bump mapping, reflection mapping, parallax mapping, screen space ambient 

occlusion (SSAO), dynamic shadows using shadow maps, render-to-texture and full-screen post-

processing effects. Unity's graphics engine's platform diversity can provide a shader with multiple 

variants and a declarative fallback specification, allowing Unity to detect the best variant for the 

current video hardware; and if none are compatible, fall back to an alternative shader that may 

sacrifice features for performance. 

 

Monodevelop 

MonoDevelop is an open source integrated development environment for Linux, OS X, 

and Windows. Its primary focus is development of projects that use Mono and .NET frameworks. 

MonoDevelop integrates features similar to those of NetBeans and Microsoft Visual Studio, such 

as automatic code completion, source control, a graphical user interface (GUI) and Web designer. 

MonoDevelop integrates a Gtk# GUI designer called Stetic. It supports Boo, C, C++, C#, CIL, D, 

F#, Java, Oxygene, Vala, and Visual Basic.NET. 
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Autodesk Maya 

Autodesk Maya features include character creation, texturing, animation, sculpting, 

lighting, particles, effects and motion graphics. Get powerful, integrated 3D tools on a robust, 

extensible CG pipeline core. 

3D character modeling and sculpting 

Maya® software offers production-proven tools for 3D character modeling, sculpting and 

environment modeling. Build and texture organic and hard-surface models with polygon, NURBS 

and subdivision surface modeling tools. 

3D animation programmers and tools 

Maya® 3D animation software offers a broad range of specialized tools for character 

creation, 3D editorial, and keyframe, procedural and scripted animation. 

 Make human 

It is the free and open source software to create realistic 3d humans for: 

 Illustrations 

 Animations 

 Games 

 Zbrush/Mudbox sculpting 

Easy and intuitive parameters, including 

 Age, gender, height, weight 

 Body proportions, face shapes 

 Eyes, nose, mouth, chin, ears, neck... 

 Hands details, feet 
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PURPOSE OF STUDY 

When normal output channels of peripheral nerves and muscles are not working, (muscle paralysis 

condition), various rehabilitation techniques are often soughed after. One of the latest reliable, 

exiting and proven ways of rehabilitation is by Brain computer Interface. Till date BCI had been 

used in aiding communication, interacting with environment, muscle training and rehabilitation of 

severe disabled persons. In BCI, signals from brain can be acquired by functional imaging devices 

like fNIRS, fMRI and EEG; states of brain classified (whether it is active or rest), and feedback 

can be given to the same subject via FES. This real time feedback based on classified activity of 

brain, foster neuroplasticity and motor rehabilitation. 

fNIRS imaging modality will be deployed for BCI purpose due to its various advantages compared 

to other imaging modalities like portable, high temporal resolution, quick measurement, no safety 

issue and non-motion sensitive. Continuous wave type fNIRS was chosen over other types of 

fNIRS like time domain and frequency domain devices. CW fNIRS can measure optical properties 

of tissue, calculate absolute concentrations of chromophores.  

Physical practice by patients is only therapy for stroke rehabilitation which partly recovers motor 

function by remodeling brain by synaptogenesis and neuroplasticity. But most of the time, it is 

difficult for stroke patients to move their impaired hands during rehabilitation. Motor imagery, the 

imagination of movements without physical action, presents alternative option for rehabilitation. 

Changes in cerebral activities can be observed because of MI training, which mirrored structural 

and functional reorganization due to neuroplasticity. MI neural correlation is shared with Physical 

practice or motor execution. By reestablishing juncture between cortical activity related to MI and 

feedback (FES), sensorimotor strength can be increased and ultimately motor recovery can be 

done. By considering motor imagery, it is possible to rehab patients with severe motor disabilities 

too. 

Keeping in mind the advantages of training patients with motor execution and motor imagery, 

paradigms will be designed. NIRStim software will be used for designing paradigm. Block design 

found to advantageous over event related design, because it is adept to detect subtle hemodynamic 

responses across different tasks conditions. Three paradigms will be designed with block design. 
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Paradigm1: 

 Aim: To classify brain states into active (ME) or rest states 

 Blocks: 5 active and 5 Rest 

 Duration: 10 seconds of Active and 10 seconds of Rest 

 Stimuli: Visual (Text) 

Paradigm2: 

 Aim: To classify brain states into active (ME/MI) or rest states 

 Blocks: 8 active (4 ME & 4MI) and 8 Rest 

 Duration: 12 seconds of Active and 12 seconds of Rest 

 Stimuli: Visual (Image) 

Paradigm3: 

 Aim: To classify brain states into active (MI) or rest states 

 Blocks: 4 active (MI) and 4 Rest 

 Duration: 10 seconds of Active and 10 seconds of Rest 

 Stimuli: Visual (Virtual Reality) 

Generally acquired fNIRS signal come with lot of noises like instrumental noise, experimental 

noise and physiological noises. PCA, ICA and band filtering have been till date used. Wavelet 

transformation is other attractive technique of removing noises by deconstructing signal into 

different frequencies and reconstructing required signals (brain signals) thereby removing other 

signals like physiological noises. Wavelet transformation will be used for noise removal and db7 

will be investigated. 

Various classification techniques like LDA, SVM, HMM have been used so far. Most of BCI 

researchers had used LDA because of it efficient run time (less than 0.01 sec) that best suits BCI. 

The success of classification best depends on discriminative power of features. Strategies like step 

wise reduction have been used for selected best features among set of features. Techniques like 

wrapper and recursive feature elimination had also been used for evaluation of feature set. Other 

way of selecting optimal feature combination is by classifying data with RF. Random forest is a 

classifier that quenches the major effort of researchers in figuring out the best optimal selection of 
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features for their classification. Owing to the ease at which it identifies best discriminate features 

for classification purpose and build good accurate model, we had decided to deploy RF for our 

offline BCI, finger tapping task.  

Since RF is ensemble method of classifier, it run time of classification is usually higher. Therefore 

it would be best practice to best feature ranked by Random Forest, as optimal features of LDA. 

We hypothesis by using best ranked feature of RF with LDA; we could reduce run time of feature 

extraction and classification. Further RF could also be used for offline classification with even 

higher accuracies than LDA.  

We plan to classify data as per 

1) Active (Motor execution) vs Rest 

2) Active (Motor imagery) vs Active (Motor execution)  

3) Active (Motor execution) vs Active (Motor Imagery) vs Rest 

4) Active (Virtual Reality stimuli for Motor Imagery) vs Rest 

We hypothesis that by incorporating virtual reality into fNIRS- BCI, studies that include complex 

motor imagery tasks can be done with ease by subjects. We also aim at higher hemodynamic 

response for motor imagery that could only be achieved by virtual reality stimuli (visual stimuli). 

Comparative studies of classification will be done, and study will be conducted to estimate whether 

virtual reality stimuli based paradigms can replace 2D paradigms.  Hemodynamic responses will 

be compared and further conclusions will be drawn. 
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GOALS OF STUDY 

Goals of study can be briefly classified into following category based on priority: 

 Noise removal from fNIRS 

 Virtual reality application in BCI 

 Formulating strategy for optimal features for classification 

 Compare classification scores of classifiers (LDA & RF) 

 Compare run time of classifiers 

 Compare classification scores of VR stimuli vs non VR stimuli 

 Identify optimal features for classifying different tasks 

Traditional many techniques are available for signal noise removal. Techniques like PCA, ICA are 

been used widely. But in real time applications like BCI, a fast and accurate technique is need of 

hour. Wavelet transformation especially is found to be advantageous for non-stationary signal like 

brain activity. 

Designing paradigms for motor imagery is a challenging task. The success of motor imagery study 

depends of the ability of subject to image a task thereby eliciting motor imagery signals. Static 

picture of execution and flexion task might not properly elicit Motor imagery, because it itself is a 

dynamic state during which an individual mentally simulates a given action. Thereby dynamic 

action of task will be simulating by increased frame rate of pictures of task (ie) extension and 

flexion of elbow. An alternate way of conducting motor imagery studies is to make use of virtual 

reality. Virtual reality visual 3D stimuli had been proved to simulate immersive effect that can 

elicit higher hemodynamic response than normal 2D visual stimuli. Therefore Virtual reality 

stimuli based paradigms will be the primary goal. An app will be developed having exact time 

duration and block design of NIRstim paradigm. This app would have active block where 3D 

stimuli of extension and flexion is displayed and at rest block a static blank image is displayed. 

Total run time of VR app and NIRStim paradigm will be same, and both NIRstim paradigm and 

VR would be manually launched, so that approximately run time of both is same with error less 

than 0.5 second. 

Data would be acquired and classification will be done. A novel strategy of improving 2D feature 

space by differentiating signal will be tested. Features would be extracted and best features would 
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be selected. Feature selection has been effectively applied to different problems and shown to have 

excellent strength in making machine learning algorithms robust. Picking best feature set among 

a pool of features is important for maximizing classification. We formulate new strategy for feature 

selection and classification. Methods like step wise feature selection are not considered.  

LDA classifier will be used for classifying data with all seven features. But inclusion of 

nondiscriminatory features will bring down classification scores. Therefore Random feature based 

features ranking would be calculated and best three ranked features among seven features would 

be considered as optimal feature combination for LDA (LDA_optimal). We hypothesis that if 

features ranked by RF are in fact the features with best discriminatory power, LDA_optimal model 

should yield higher accuracy than LDA model which is having more feature space or yield same 

classification accuracy. 

Classification scores of RF, LDA, LDA_optimal would be compared and conclusions will be 

made. Run time would also be calculated for the above models, and best strategy would be adopted.   

The strategy thus derived, would also be used for VR fNIRS studies. VR stimuli if at better should 

elicit more hemodynamic response when compared to counterpart paradigm.  
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CHAPTER 2: REVIEW OF LITERATURE 

 BCI FOR STROKE REHABILITATION 

Current rehabilitation therapies for stroke rely on physical practice (PP) by the patients. Motor 

imagery (MI), the imagination of movements without physical action, presents alternate neuro 

rehabilitation for stroke patients without relying on residue movements. However, MI is an 

endogenous mental process that is not physically observable. 

Task-specific and repetitive exercise appears to be key factors in promoting synaptogenesis and is 

central elements in rehabilitation of motor weakness following stroke. Therefore stroke survivors 

can partially recover their lost motor function with remodeling of brain that could be achieved by 

rehabilitation that involved repetitive and task-specific physical practice (PP) (M. W. O’Dell et al., 

2009). Since it is difficult or impossible for some stroke survivors to move the stroke-impaired 

limb during rehabilitation, motor imagery (MI), which is the mental process of imagination of 

movements without PP, represents an alternate rehabilitation approach (N. Sharma et al., 2006). 

Specific changes in cerebral activities were recorded during MI training, which mirrored the 

structural and functional reorganization due to neuroplasticity (F. Di Rienzo et al., 2014). Early 

studies of BCI devices being used for rehabilitation have suggested the potential for meaningful 

gains in motor function to be achieved even after traditional therapies have failed to facilitate full 

recovery (Liu et al., 2012; Ono et al., 2014; Young et al., 2014).  

The rationale of performing MI arises from the neural correlation it shared with PP (M. Jeannerod 

et al., 1995). The main advantage of MI in rehabilitation is that stroke survivors who have difficulty 

in performing PP can still perform MI. However, while PP is observable, MI is an endogenous 

mental process. 

Recent advances in analysis of brain signals and improvements in computing capabilities have 

enabled people with motor disabilities to use their brain signals for communication and control 

without using their impaired neuromuscular system (J. R. Wolpaw et al., 2002). This technology, 

brain–computer interface (BCI), is useful in helping people who have suffered a nervous system 

injury by providing them with an alternative means of communication, mobility, and rehabilitation 

(J. J. Daly et al., 2008, A. Burns et al., 2014). 
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By reestablishing connectivity between cortical activity related to MI and feedback, the use of BCI 

might strengthen the sensorimotor loop and foster neuroplasticity that facilitates motor recovery 

(M. A. Dimyan et al., 2011). Control of cortical signals could be employed for the rehabilitation 

of motor and cognitive impairments of patients by offering on-line feedback in form of FES, about 

cortical activity associated with mental practice, motor intention, and other neural recruitment 

strategies during task-oriented practice (B. H. Dobkin et al., 2007). Hence, the use of BCI 

facilitates the alternate MI approach for neurorehabilitation in stroke. 

Buch et al., 2008, first used a magneto encephalography (MEG)-based BCI to detect mu rhythm 

(9– 12 Hz) to provide visual feedback in which a screen cursor was raised or lowered toward the 

direction of a target displayed on the screen. Once MI was detected, an orthosis attached to the 

stroke impaired hand was triggered to provide a sensorimotor feedback. 

Mihara et al., 2013, studied ten patients who received near-infrared spectroscopy (NIRS)-based 

BCI with visual feedback versus ten other patients who received NIRS-based BCI with irrelevant 

feedback. The results showed that the former group yielded averaged motor improvements of 5.0 

measured by Fugl-Meyer motor assessment (FMMA) (A. R. Fugl-Meyer et al., 1975) compared 

to 2.3 in the latter group, proving MI training can be helping for stroke rehabilitation. The Fugl-

Meyer Assessment (FMA) is a stroke-specific, performance-based impairment index that’s 

designed to assess motor functioning, balance, sensation and joint functioning in patients with 

post-stroke hemiplegia. 

Ramos-Murguialday et al., 2013, performed a randomized control trial on 16 patients who used 

EEG-based BCI to detect motor intention with hand and arm orthosis feedback versus 14 other 

patients who used EEG-based BCI with random orthosis feedback. Both groups received 

physiotherapy. The results showed that the group trained with MI, yielded averaged motor 

improvements of 3.4 measured by combined hand and modified arm FMMA compared to 0.4 in 

the non-MI group. This also proved the efficiency of MI, when compared to random feedback 

Rayegani et al., 2014, studied ten patients who received occupational therapy (OT) with additional 

neurofeedback therapy for improving hand function versus ten patients who received OT with 

additional biofeedback therapy and ten patients who received only OT. The spectral power density 

of the sensorimotor rhythm band in the neurofeedback group significantly increased after mental 

motor imagery. 
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Ono et al., 2014, studied six patients who received EEG-based BCI with simple visual feedback 

of the open and grasp animated picture of the hand versus six patients who received EEG-based 

BCI with somatosensory feedback using motor-driven orthosis to extend the fingers of the stroke-

impaired hand. The results showed that three out of six patients in the latter group had motor 

improvements measured by the Stroke Impairment Assessment Set (N. Chino et al., 1994). 

The studies of using BCI in (A. Ramos-Murguialday et al., 2013; S. Rayegani et al., 2014; T. Ono 

et al., 2014) had demonstrated clinical improvements. One of the studies showed significant motor 

improvements in using BCI and PP compared to random feedback and PP (A. Ramos-Murguialday 

et al., 2013). 

 

Figure 9: BCI to detect PP (Kai KengAng and Cuntai Guan 2015) 

 

Figure 10: BCI to detect MI (Kai KengAng and Cuntai Guan 2015) 
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Figure 11: BCI to detect MI and provide concomitant of MI and PP (Kai KengAng and Cuntai 

Guan 2015) 

The development of BCI devices to address persistent motor impairment after stroke may hold 

promise for additional meaningful recovery in stroke survivors (Young et al., 2014). Some studies 

of emerging therapies such as robot assisted therapy have suggested similar relationships in which 

increased therapy dose or intensity is associated with improved outcomes (Burgar et al., 2011; 

Hsieh et al., 2012). Some studies with neuromuscular electrical stimulation or constraint-induced 

movement therapy (CIMT) have found that increased therapy time is not always superior (Hsu et 

al., 2010), and in some cases higher intensity therapy has produced less improvement than lower 

intensity therapy administration (Dromerick et al., 2009). Hence it is advisable to use calibrate 

therapy intensity and time before implementation on patients. 

Early neuroimaging studies in stroke survivors receiving rehabilitative therapies using BCI 

systems have also shown brain changes concurrent with the use of these therapies Varkuti et al., 

2013), and in some cases these markers of neuroplastic reorganization also correlate with 

individual behavioral gains (Varkuti et al., 2013) 

One quantitative measure of neural activity is Laterality Index (LI), which reflects the degree to 

which a particular function is lateralized between the two hemispheres of the brain. LI can 

therefore be used as a marker of functional brain organization and has been applied in studies of 

stroke rehabilitation to examine relationships between changes in brain activation laterality and 

behavioral improvements using a variety of newer rehabilitative therapies (Johansen-Berg et al., 
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2002; Bhasin et al., 2012) including approaches incorporating BCI technology (Young et al., 

2014). 

 

Figure 12: Laterality Index in Pre and Post therapy (Brittany M Young et al., 2014) 

 

MOTOR IMAGERY 

Motor imagery can be defined as a covert cognitive process of kinesthetic imagining of the 

movement of one’s own body part without the involvement of muscular tension, contraction or 

flexion. Since the primary objective of BCI is to form a communication pathway for motor-

disabled people, motor imagery is one of the most commonly utilized tasks in fNIRS-BCI. The 

motor imagery tasks include imagination of the squeezing of a soft ball, covert imagery of a simple 

or complex sequence of finger tapping, imagination of feet tapping, imagination of hand 

grasping/gripping, imagination of wrist flexion, imagination of flexion and extension of elbow, 

and folding and unfolding of specific fingers. Unlike motor execution tasks, the motor imagery 

signals are free of proprioception feedback. 

Motor imagery (MI) is the mental simulation of a motor act, without any overt motor execution 

and thus refers to the capacity to produce kinesthetic representations of motor actions (Decety et 

al 1989). It is a complex cognitive operation (Jeannerod M et al., 1995) that is window into 
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representational stages of action. It is also perceptual information accessed from memory giving 

rise to experience of seeing with mind’s eye (Kosslyn SM et al., 2001). MI would be used by brain, 

to predict the proprioceptive consequences of an action and then contribute to movement planning. 

The duration of task taken by motor imagery and motor execution were found to almost same. This 

underlies the similar cognitive process are activated for planning and control of movements, in 

both imagery and execution (Papaxanthis et al., 2002). 

Michelon P et al., 2006 stated that MI is self-generated using sensory and perceptual processes, 

enabling the reactivation of specific motor actions within working memory. Therefore, sensory-

perceptual, memory, and motor mechanisms are included in broader definition of the term. 

For effective MI, Driskell JC et al., 1994, defined five conditions of interest: 1) type of task, 2) 

retention interval, 3) experience level of trainees, 4) length of practice and 5) type of control group. 

MOTOR IMAGERY FOR REHABILITATION 

The application of mental practice to rehabilitation began slowly in the late 1980s (FanslerCL et 

al., 1985, Warner L et al., 1988), and early 1990s (Decety J et al., 1990). Motor imagery practice 

refers specifically to the mental rehearsal of MI contents with the goal of improving motor 

performance (Braun SM et al., 2006, Malouin F et al., 2004).Evidence for neural reorganization 

as a result of MI training is emerging as well. It is conceivable to train using imagery which could 

further facilitate organization of central motor command (Lotze M et al., 2006). 

Li S et al., 2004, had showed evidence of the existence of common brain area that is engaged in 

the performance and imagery of movements, by finger interactions in motor execution and motor 

imagery. Sharma et al., 2006, characterized motor imagery as a “backdoor” to accessing the motor 

system and rehabilitation at all stages of stroke recovery because “it is not dependent on residual 

functions yet still incorporates voluntary drive.” 

Motor imagery required activation of brain regions, involved in movement preparation and 

execution accompanied with motor movement inhibition. Because MI is inexpensive and 

accessible and because of the increasing number of reports about the benefits of MI in improving 

motor performance. 
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Abundant evidence on the positive effects of MI practice on motor performance and learning has 

been published. Mental practice is found to improve athletics performance and is suggesting as an 

alternative to motor practice. As motor practice for a longer period of time leads to fatigue, motor 

imagery practice could replace motor execution practice for better results with athletic subjected 

to fatigue (Suinn RM et al., 1997). Nyberg L et al 2006 had conducted fMRI studies to decipher 

neural correlation between motor execution and motor imagery. He had concluded that motor 

imagery training could be used instead of motor execution training for improving motor activity 

of brain.  

Mental practice was found to be effective in stroke rehabilitation (Braun SM et al., 2006). Braun 

had hypothesized that by combining covert and overt motor practice, linking of kinesthic 

information with mental representations is possible and that would be more suitable for stroke 

patients received physiotherapy. For individuals who are healthy or those who have health-related 

problems, the rehearsal or practice of imagery tasks has been proven to be either beneficial by 

itself or in addition to physical motor practice (Sharma N et al., 2006). 

Enhancements of performance with motor imagery include gains in strength (Sidaway B et al., 

2005), improved speed in arm pointing capacity,(Gentili R et al., 2006) increased range of motion 

of the hip joint when MI was added to proprioceptive neuromuscular facilitation, and improved 

postural control in elderly people (Hamel MF et al., 2005). MI practice to facilitate the mastering 

of perceptive motor professional skills such as nursing and surgery has been demonstrated 

(Bachman K et al., 1990). For imagery applied in the sports context, positive effects have been 

reported in speed, (Blair A et al., 1993, Boschker MS et al., 2000), performance accuracy (Yue G 

and Cole KJ 1992), muscle strength, movement dynamics (Yaguez L et al., 1998) and motor skill 

performance (Taktek K et al., 2004).These studies consistently found that the greatest 

improvements in motor performance occurred with interventions that combined physical and 

mental practice, followed by physical practice alone, and then by MI practice alone, which was 

superior to no practice at all (Page SJ et al., 2001, Malouin F et al., 2004).The ability of individuals 

with chronic hemiplegia to achieve functional gains through imagery practice has further been 

supported by reports of significant, long-standing improvement in wrist movements and object 

manipulation in 2 patients50 as well as in the improvement in line tracing in 3 patients with right 

post-stroke hemiparesis (Yoo E et al., 2001). In patients with chronic stroke, daily home practice 
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of moving tokens with the affected hand for a total period of 4 weeks was associated with 

significance improvement in task performance compared with the progress made by control group 

subjects (Dijkerman HC et al ., 2004).Cramer and colleagues (Cramer SC et al., 2006) also found 

activation of cortical networks in accordance with imagery of specific movements, which 

suggested to them that brain motor system function can be modulated independently of voluntary 

motor control and peripheral feedback. They concluded that motor imagery training might have 

value as an adjunct to restorative interventions targeting post-SCI deficits (Cramer SC et al., 2006). 

Some authors have claimed that familiarity is a prerequisite for successful use of MI practice. 

Mulder and associates (Mulder T et al., 2004) found that after mental practice, motor performance 

of a new motor task (big toe abduction) improved substantially in a group of people who had 

previously mastered the task compared with the group with no previous practice 

VR FOR REHABILITATION 

VR is the interaction of the person in the real world with a virtual environment (VE), generated by 

a computer. VR is defined as a “high-end-computer interface that involves real time simulation 

and interactions through multiple sensorial channels”. VR when augmented with exercise can be 

used for motor rehabilitation training and further for restoring postural balance and walking 

function (de Bruin ED et al., 2010). 

VR had recently found tremendous interest in health care industry. It acts as a good communicative 

interface and learning technique which had been used in medicine education, surgical simulation 

and planning, virtual endoscopy, neuropsychological assessment and rehabilitation (Riva G et al., 

2003). 

Visual, auditory, vibrotactile, propioreceptive, haptic, knowledge of performance and knowledge 

of results can be given as feed to users with VR. This feedback about performance can enhance 

motor learning and permits individuals to safely explore their environments independently, which 

in turn increasing their sense of autonomy and independence in high-intensity training protocols 

(Deutsch JE et al., 2007). Keshner EA et al., 2007 had given both visual and motor stimuli as 

feedback in his study with VR, for differentiate between patients experiencing visual vertigo. 

MI and VR have in common a cognitive significance on movement. MI requires sensory and 

perceptual processes, (Lequerica A et al., 2002) and interactions in VR engage participants in 
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cognitive and motor activities simultaneously, MI is requiring for planning, attention, sensory 

integration, and information processing of stimuli provided by the VE (Cole SW et al., 2012, 

Jacoby M et al., 2013). Both MI- and VR-based therapies were shown to have merit in 

rehabilitation of walking. 

The application of MI and VR to assess sensorimotor and cognitive processes and to remediate 

balance and mobility for people with Parkinson disease is slowly emerging. The main reason for 

using such techniques is their ability to deliver a combined motor-cognitive experience in a safe, 

ecologically valid therapeutic environment, using a variety of tests or stimuli, which can be 

manipulated and personalized to the user. Virtual reality had proved to be effective for mental 

health. The rehabilitation techniques of physical exercise and mental exercise are beneficial to 

neurological disorders patients affected by parkinsons disease, alzhemiers disease and various 

cognitive impairments (Matta Mello Portugal E et al., 2013).  

Jungjin Kim et al., 2015 had tested feasibility of VR program for improving upper motor functions 

and activities of chronic stroke patients. Activities of chronic stroke affected patients are affected 

due to deficiencies in muscle strength, fine motor control, somatosensory perception and motion 

range. VR based rehabilitation has been suggested as alternative therapy for improving motor 

activities for stroke patients. Jungjin Kim et al., 2015 had embedded exercise direction, movement 

velocity, movement pattern, visual feedback and auditory feedback. VR based trained was proved 

to improve motor functional abilities in upper limb and activities of daily life. Virtual Reality-

Based Approaches had also been studied for enabling walking for people post stroke. 

VR coupled with physical exercises are proved to improve physical performance and cognitive 

abilities, thanks to neuroplasticity of brain. 

During training of patients in VR, subject is immersed in virtual environment, which stimulates 

sensory system, thereby stimulating virtual environment in subject mind, and producing mental 

responses to that environment which is virtual. This immersion technique can actually alter 

cognitive and motor responses. Immersion can also increase navigational abilities of patients. 

Especially activations in caudate nucleus, hippocampus, and parietal cortex are seen during VR 

training. You SH et al., 2005 proved, VR coupled exercise improved cortical reorganization in 

stroke patients. Maillot P et al., 2012 showed improvement of cognitive and motor abilities in old 

age adults with VR coupled exercises. 
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VR offers a relatively affordable rehabilitation environment for motor rehabilitation, which allows 

for the effective inclusion of repetition of task in exercise, post training evaluation of the effects, 

and flexibility to increase repetition of exercises. These features of VR make it attractive option 

for rehabilitation. In this respect, VR is used in the rehabilitation of post-stroke and brain injury 

patients, in the orthopedic rehabilitation of patients with Parkinson’s disease, in balance exercises, 

and in practicing everyday activities.  

McComas et al., 1998 had experimented on using VR for education and rehabilitation of children 

with autism. He had hypothesized by limiting number of stimuli in VR environment and by 

encouraging focusing on a particular task for duration of time, can actually helping in motivating 

and acting as learning tool for autism children. By breaking down complex tasks in simple tasks, 

and by giving training with respect to simple broken down tasks, can improve ability of autism 

patients. Therefore VR can be used a tool to help in learning difficult task for autistic and cerebral 

palsy patients. In other study by DariusA.Rohan et al., 2014, virtual reality class room environment 

was simulated for attention based BCI studies. This study high lightened that VR can be used for 

rehabilitation of Attention deficit hyperactivity disorder (ADHD) via BCI. Alon Kalron et al., 

2016, had used CAREN virtual reality system for training on postural control in multiple sclerosis 

patients. His study concluded that VR based devices could be used as effective training method 

for balance training in multiple sclerosis patients. Patrice L. Weiss et al., 2014 had reviewed on 

role in virtual reality for cerebral plasy management. 

Virtual reality had also been used for enhanced gait training. Subjects can be actively involved in 

gait training by VR, simulating motor pattern which resulted in greater motor learning and 

retention (Karin Brütsch et al., 2011). 

Jun Hwan Choi et al., 2014 had reviewed on commercial gaming virtual reality movement therapy 

on functional recovery of upper extremity in sub-acute stroke patients.  

Valeria Manera et al., 2015 had studied on application of image based rendering virtual reality for 

increased focus and attention of training for cognitive impairment and dementia patients.  
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PHYSICS OF FNIRS 

When a radiation of Intensity I0 passes through a layer of length L of medium, part of radiation is 

absorbed by medium and rest is transmitted on the other side of medium. This phenomenon can 

be modeled by Lambert Beer law, where µa is absorption coefficient, z is radiation beam direction 

and I is radiation intensity. 

 

dI = - µaIdz                                                                     (1) 

∫
𝑑𝐼

𝐼

𝐼

𝐼0
=  ∫ (

𝐿

0
− µa) dz                                                                        (2) 

I=I0𝑒−µ𝑎𝐿                                                                                                              (3) 

The absorption coefficient can be further decomposed into two factors: the absorbent medium 

concentration and molar extinction coefficient. 

This equation doesn’t take into account of the diffusion of radiation in the medium. Diffusion of 

radiation can either take place due to discontinuities in dielectric properties of medium or turbidity 

of medium. In living tissue like brain, diffusion of radiation is caused by the turbidity of the tissue.  

The beer lambert law will be valid in case of radiation scattering, only when scattering coefficient 

is added to absorption coefficient. 

I=I0 𝑒−(µ𝑎+µ𝑠)𝐿                                                                          (4) 

Radiation can scatter in all directions, even in backward direction. It is then possible to collect 

radiation from the same side of the sample used for the radiation injection. 

 

Figure 13: When using turbid media experiments in reflection geometry are possible. Scattering 

provides a positive probability to have radiation traveling backwards after encountering 

scattering centers in the medium. 
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The above corrected beer lambert law formula would be applicable for instances where 

chromophores concentrations [c(t)] were constant over a period of time. But in real life scenario, 

chromophores concentrations would be changing over a period of time like in brain tissues. Hence 

concentrations changes with respect to time, too needs to be accounted in formula. 

I (tn) = I0 𝑒−([𝑐(𝑡𝑛)]ϵDL+G)
                                                                            (5) 

Where scattering coefficients (µ
𝑠
𝐿) has been grouped together into term G. Differential path 

length factor D introduced to take into total random length travelled by light (ie) total length of 

travel is usually lengthier than the distance between source and detector, it reflects multiple times 

before reflecting completely back and reaching detector. Total of scattering coefficients doesn’t 

change with respect to time. 

Absorbance (A) can be calculated by  

A=ln  
I

 I0
 = - ([𝑐(𝑡𝑛)]ϵDL + G)                                                                  (6) 

The concentration changes of chromophores over a period of time can be calculated from the 

difference of absorbance (A) observed. 

ΔAmn =Am  −An                                                                                                      (7) 

=−([𝑐𝑚(𝑡𝑛)]ϵDL + G) − ([𝑐𝑛(𝑡𝑛)]ϵDL + G)                  (8) 

=Δ Cmn ϵDL                                                                  (9) 

The net concentration change of chromophores during time period of tm and tn is  

Δ Cmn=
ΔAmn

ϵDL
                                                                                  (10) 

Δ Cmn in equation (10), can be written as sum of Δ[Hb] and Δ[HbO2]. By Collecting data at 

different times and then computing the absorbance variation values ΔAλ1 and ΔAλ2, it is possible 

to write the following system of equations: 

 

ΔA𝜆1= (ϵHb,λ1
Δ[Hb] +  ϵHbO2,λ1

Δ[HbO2])Dλ1
L                                 (11) 

ΔA𝜆2= (ϵHb,λ2
Δ[Hb] +  ϵHbO2,λ2

Δ[HbO2])Dλ2
L                                 (12) 
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Two equations (11 &12) and two unknown values can be solved and values of Δ[HbO2] and Δ[Hb] 

can be calculated. When data is collected for every time frame solving linear equations for each 

time frame would give concentration values over time frame. 

For increased light penetration and better view of inner brain activity, source detector separation 

of 3-4 cm is recommended. But this compromises the spatial resolution and sampling volume. 

These limitations can be avoided by multiple source and detector topography systems which give 

better spatial resolution (Boas et al., 2004; Strangman et al., 2002) 

 

(

∆𝐴𝜆1
𝐷𝜆1𝐿

∆𝐴𝜆1
𝐷𝜆2𝐿

) =[
𝜖𝐻𝑏, 𝜆1 𝜖𝐻𝑏𝑂2, 𝜆1

𝜖𝐻𝑏, 𝜆2 𝜖𝐻𝑏𝑂2, 𝜆1
] ( ∆[𝐻𝑏]

∆[𝐻𝑏𝑂2]
)                                    (13) 

( ∆[𝐻𝑏]
∆[𝐻𝑏𝑂2]

)= [
𝜖𝐻𝑏, 𝜆1 𝜖𝐻𝑏𝑂2, 𝜆1

𝜖𝐻𝑏, 𝜆2 𝜖𝐻𝑏𝑂2, 𝜆1
]

−1

(

∆𝐴𝜆1
𝐷𝜆1𝐿

∆𝐴𝜆1
𝐷𝜆2𝐿

)                                   (14) 

Hemoglobin saturation can also be calculated from fNIRS since it is simply the ratio of ox 

hemoglobin and total hemoglobin. 

 

NOISE REMOVAL 

Low pass filters have been generally used for the filtering of high frequency instrumental noise. 

Experimental errors like motion artifacts can result in a spike-like noise. Several methods like 

Wiener filtering-based method (Izzetoglu et al., 2005), eigenvector-based spatial filtering (PCA-

based filtering) (Zhang et al., 2005), wavelet-analysis-based methods (Power et al., 2010), 

Savitzky-Golay type filters (Shin and Jeong et al., 2014), and others (Cooper et al., 2012) have 

been proposed for motion artifacts correction. In Cooper et al., 2012,  Principle component 

analysis, spline interpolation, wavelet analysis, and Kalman filtering approaches are compared to 

one another and to standard approaches using the accuracy of the recovered, simulated 

hemodynamic response function (HRF). 
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Physiological noises like heartbeat (1∼1.5 Hz), respiration (0.2∼0.5 Hz), Mayer waves (∼0.1 Hz), 

and blood pressure fluctuations (Boas et al., 2004; Zhang et al., 2005; Franceschini et al., 2006; 

Huppert et al., 2009). 

Spatial filters like Laplacian derivation or common average reference (CAR) was used for 

physiological noise removal from EEG signal (Q. Zhang et al., 2009). CAR on fNIRS was reported 

by Bauernfiend G et al., 2003, in which they had calculated mean of all channels and subtracted 

from each single channel and for every time point of deoxy-Hb signal. One researcher tried 

removing physiological noises from respiratory sinus arrhythmia R-R interval series using transfer 

function model. Bauernfiend G et al., 2003 again applied TF model to remove physiological 

influence from deoxy-Hb signal. Zhang et al used adaptive filtering (AF) for estimating changes 

in overlaying tissue using additional detectors, thus obtained signals are used by AF to estimate 

global interference and later remove them from target signal. 

FOURIER TRANSFORMATION 

Recently interest in using transformation methods like Fourier transformation, Short time Fourier 

transformation, Continuous wavelet transformation and discrete wavelet transformation for bio-

signal processing have increased. Most of bio signals recorded are in compact time domain, and 

the important data is hidden in frequency domain. Fourier transformation, transforms time domain 

signal to frequency domain. FT gives only information about frequency but not time. But for 

signals like bio signals which are non-stationary FT is not an attractive option. When time 

localization of spectral components on non-stationary signals is needed, a transformation giving 

time – frequency representation is need of hour. Short time Fourier Transform and Wavelet 

Transform are capable of giving time and frequency representation of signal at the same time. 

The uncertainty principle states that momentum and position of moving particle can’t be found at 

the same time. In signal transformation too, time and frequency information of signal can’t be 

found at the same time. In other words, spectral component at time instant can’t be found. Instead 

we can investigate spectral component for a time interval. STFT yields fixed resolution at the time, 

and window is of finite length and has no finite frequency resolution. 
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WAVELET TRANSFORMATION 

The continuous wavelet transformation was developed as a alternative approach to short term 

Fourier transform to overcome resolution problem in STFT. The width of window is changed as 

the transformation is calculated at every single spectral component. 

The Wavelet Transform is defined by: 

𝑊𝑓(𝑠, 𝜏) = ∫ 𝑓(𝑡)𝜓 ∗(𝑠,𝜏) (𝑡)𝑑𝑡                                            (15) 

The transformed signal is a function of two variables, tau and s, the translation and scale 

parameters. The wavelets are generated from a wavelet function ψ (t), called “mother wavelet”, 

which is defined as: 

𝜓(𝑠,𝜏)(𝑡) =
1

√𝑠
𝜓 (

𝑡−𝜏

𝑠
)                                                            (16) 

The term wavelet means small wave which is an oscillatory function window that is of finite small 

length. The term mother implies that the functions with different region of support that are used in 

the transformation process are derived from one main function, or the mother wavelet. These 

wavelets were the first to make discrete analysis practical. Ingrid Daubechies constructed these 

models with a maximum orthogonal relationship in the frequency response and half of the 

sampling rate, imposing a restriction on the amount of decay in a certain range, thereby obtaining 

a better resolution in the time domain. (Burrus et al., 1998). 

A time history S(t) is decomposed into some detailed (high-frequency) components and an 

approximated (low-frequency) component. The original signal S(t) given by: 

𝑓(𝑥) = 𝑆𝑚0(𝑡) + ∑ (𝑑𝑚  (t))
∞

𝑚=−∞
                                          (17) 

Where dm are detailed components: 

𝑑𝑚(𝑡) = ∑ 𝐷𝑚,𝑛
∞
𝑛=−∞ 𝜓𝑚,𝑛(𝑡)                                             (18) 

In the wavelet transform, the choice of a mother wavelet ψ (t) is important. 

 

Once the mother wavelet is chosen, computation starts with s=1 and continuous wavelet 

transformation is calculated for all the values of s greater than 1. Usually s values are band limited. 
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The analysis starts from higher frequencies and later move towards smaller frequencies. Analysis 

with smaller s value yields compressed wavelets, and with larger s value yields diluted wavelets. 

As the analysis proceeds forward, s value and 𝜏 value is also increases continuously.  

If signal has spectral component at some value of s, the product of wavelet with signal will yield 

large value at the exact location where spectral component exist. Likewise if signal doesn’t have 

spectral component for a value s, then product of wavelet with signal will yield small value. 

Continuous wavelet transformation is time taking, and the information it provides is completely 

redundant and its tough task for reconstruction of signal. Discrete wavelet transform on the other 

hand is easy to work out, less time taking and provide sufficient information for analysis and 

reconstruction of signal.  

In the discrete case, filters of different cutoff frequencies are used to analyze the signal at different 

scales. The signal is passed through a series of high pass filters to analyze the high frequencies, 

and it is passed through a series of low pass filters to analyze the low frequencies.  

The resolution of the signal, which is a measure of the amount of detail information in the signal, 

is changed by the filtering operations, and the scale is changed by up sampling and down sampling. 

The procedure of DWT starts with passing signal through half band low pass filter, which removes 

all frequencies that are above half of highest frequency in signal. After passing through half of 

samples can be eliminated according to Nyquist’s rule, thereby subsampling signal by 2. By 

subsampling signal by 2, the scale of signal is doubled, and resolution is halved. This procedure 

can be mathematically expressed as 

 

𝑦[𝑛] = ∑ ℎ[𝑘]. 𝑥[2𝑛 − 𝑘]∞
−∞                                             (19) 

Sub sampling signal by 2, constitutes one level of decomposition and can be expressed as  

 

𝑦ℎ𝑖𝑔ℎ[𝑘] = ∑ 𝑥[𝑛]. 𝑔[2𝑘 − 𝑛]𝑛                                              (20) 

 

𝑦𝑙𝑜𝑤[𝑘] = ∑ 𝑥[𝑛]. ℎ[2𝑘 − 𝑛]𝑛                                              (21) 

 

Where 𝑦ℎ𝑖𝑔ℎ[𝑘] and 𝑦𝑙𝑜𝑤[𝑘] are the outputs of high pass and low pass filters after subsampling 

by 2. 



Page | 38  
 

DWT analyses signal at different frequency band with different resolutions, by decomposing signal 

to coarse approximations and detail information. The decomposition of signal can be done by 

successively filtering in high pass and low pass filters in time domain. It employs two set of 

functions called scaling function which can be associated with low pass filter, and wavelet function 

which can be associated with high pass filter. The decomposition halves time resolution and 

doubles frequency resolution. This procedure can be called as sub-band coding. At every level, 

filtering and subsampling will reduce time resolution by half and double frequency resolution. 

 

 

 

 

 Decomposition continues until two samples are left. The prominent frequencies will appear as 

high amplitude regions in DWT signal. If the prominent information lies in high frequencies, time 

localization of these frequencies is more precise. If prominent information lies in low frequencies, 

time localization is not precise as few signals are expressed at these frequencies. The net procedure 

is effect, offering good time resolution at high frequencies and good frequency resolution at low 

frequencies. Most of the biological signals are of this type. The frequency band that are not very 

prominent or the band that are associated with noises can be removed and net signal can be 

obtained by reconstructing DWT coefficients, thereby which data reduction without loss of signal 

and with reduction of noise is obtained. 

Brain signals are non-stationary and have trends and repeated patterns, and with conventional 

methods of frequency analysis it is not possible for successful diagnostic classification (Subasi & 
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Erçelebi et al 2005). Wavelet transformation was found to be appropriate for time-frequency 

analysis, especially for non-stationary signals like brain signals (Asaduzzaman et al., 2010). 

To evaluate brain activity in detail and to remove physiological noises, fNIRS signals are subjected 

to MRA (Tsunashima et al., 2009) through discrete wavelet transformation to decompose and 

reconfigure the signals. 

CLASSIFICATION TECHNIQUES 

Classification techniques are used to establish different brain states of subject. These classified 

signals output can be given as input of control commands for application interface like Functional 

muscle stimulator (FES). Classification of signal can done by machine learning techniques. 

Various classifiers have been used so far for fNIRS classification task. LDA is the most commonly 

used classifier for fNIRS BCI study. It makes use of Discriminant hyperplanes to separate data in 

classes. Due to its process simplicity and less computational requirement, it is highly suitable for 

real time BCI studies. LDA finds a vector in feature space (v), that maximum separates classes in 

‘v’ direction, maintaining less variance for each. 

Classifier Paper 

LDA Luu and Chau et al., 2009 

LDA Bauerfeind et al., 2011 

LDA Nasser and Hong 2013 

LDA Kaiser et al., 2014 

LDA Hong et al., 2015 

 

Table 4: LDA classifier used for classification purpose in fNIRS BCI 

 

Figure 14: Distribution of classifiers used in fNIRS BCI 



Page | 40  
 

SVM classifiers had also been used for classification of fNIRS signals. It tries to maximize distance 

between separating hyper plane and nearest training points (otherwise called support vectors). 

Since it maximizes distance from nearest training points, it is known to enhance generalization 

capacities. SVM is a linear classifier but it can be made nonlinear by introducing kernel functions 

in it. Nonlinear SVM provides more flexible decision boundary that can aid in increased 

classification accuracy.  

Classifier Paper 

SVM Sitaram et al., 2007 

SVM Tai and Chau 2011 

SVM Tanaka and Katura 2013 

SVM Abibulllalev and An 2012 

SVM Naseer et al., 2014 

Table 5: SVM classifier used for classification purpose in fNIRS BCI 

 

ANN is nonlinear classifiers that had recently been used for fNRIS BCI studies. ANN mimics bran 

activity and consists of assembles of artificial neurons that allows drawing of nonlinear decision 

boundary. It has been used for different architectures like multiple layer perception, Gaussian 

classifier, RBF neural networks. 

 

Classifier Paper 

ANN Abibulllalev et al., 2012 

ANN Chan et al., 2012 

ANN Hai et al., 2013 

ANN Anthony and Bartlett 2009 

Table 6: ANN classifier used for classification purpose in fNIRS BCI 

 

 

HMM is nonlinear probabilistic classifier that provides probability of observing a given set of 

features that are suitable for classification of time series. 



Page | 41  
 

Classifier Paper 

HMM Sitaram et al., 2007 

HMM Power et al., 2010 

ANN Zimmermann et al., 2013 

ANN Chan et al., 2012 

Table 7: HMM classifier used for classification purpose in fNIRS BCI 

FEATURE EXTRACTION AND SELECTION 

Feature extraction and feature selection are two important steps that determine the accuracy of 

brain state classification. In BCI studies, statistical properties of time-domain signals like mean, 

variance, and peak, no of peaks, sum of peaks, skewness and kurtosis have been used so far. 

In previous studies, Naseer et al., 2013 classified motor imaginary activity with mean accuracy of 

83% using mean and slope of △cHbR as features. Naseer et al (2014) classified mental arithmetic 

vs rest with accuracy of 74.2% using mean values of values of △cHbO(t) and △cHbR(t). 

In M. Jawad Khan et al., 2015, drowsiness state was classified with mean accuracy of about 83% 

using mean △cHbO, signal peak and sum of peaks as features. 

In other study to determine optimal feature combination, Naseer et al., 2016 classified mental 

arithmetic task with accuracy upto 93% using optimal feature combination. 

 In Naseer et al., 2014, binary decision decoding was done with mean accuracy of 74% with 

LDA, and 82% with SVM using mean △cHbR and mean △cHbO.   

 In Naseer et al., 2014, binary decision decoding was done with mean accuracy of 86% with 

SVM using signal slope of △cHbR and △cHbO.  

 In Sitaram et al., 2007 motor imagery was classified using mean amplitude changes of 

△cHbR and △cHbO with maximum accuracy of 89% using HMM.  

 Coyle et al., 2007, classified binary switch control with accuracy of 50-85% using mean 

△cHbO as feature.  

 Naito et al., 2007 classified mental task with accyracy of 80% using maximum and mean 

△cHbO as features with LDA.  
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 Tai and chau et al., 2009, classified visualled cued positive and negative emotional 

induction tasks with accuracy of 75% using mean, variance, skewness, kurtosis as features 

combined with LDA and SVM.  

 Luu and chau et al., 2009, classified neural correlates of decision making with accuracy of 

80% using mean △cHbO as feature with FLDA. In Shin and Jeong et al 2014, motor 

execution was classified with accuracy of 95% using Mean, amplitude, slope, delay, 

variance and median as features with Naive Bayes classifier. 

 In Zimmermann et al., 2013, motor execution was classified with accuracy of 88.5% using 

combination of △cHbR, △cHbO and biosignals as features with HMM. 

 In Liu et al., 2013, nueral correlation of visual stimuli was classified with accuracy of 90% 

using mean △cHbR, △cHbO and EEG amplitude as features with step wise classifier. 

 In Abibullaev and An 2012, Object rotation, letter padding and multiplication was 

classified with accuracy of 90% using filter coefficients from wavelet transformation as 

features with SVM. 

 In Chan et al., 2012, mental signaling was classified with accuracy of 63% using △cHbR 

and △cHbO as features with ANN. 

 In Hong et al., 2015, motor imagery and mental arithmetic was classified with accuracy of 

75% using mean and slope of △cHbO as features with multi class LDA. 

 In Hwang et al., 2014, Motor Imagery, mental singing, mental arithmetic, mental rotation 

and mental character writing was classified with accuracy of 70% using mean △cHbR, 

△cHbO, △cHbT and △cHbR as features with LDA. 

Feature Reference 

Mean Sitaram et al., 2007; Power et al., 2010; Holper and 

Wolf, 2011; Faress and Chau, 2013; Naseer and Hong, 

2013, 2015b; Power and Chau, 2013; Hong et al., 2014 

Variance Tai and Chau, 2009; Holper and Wolf, 2011), slope (Tai 

and Chau, 2009; Power et al., 2011; Naseer and Hong, 

2013, 2015b; Hong et al., 2014 

Kurtosis Holper and Wolf, 2011 

Skewness Tai and Chau, 2009; Holper and Wolf, 2011 

Number of peaks M Jawed khan et al 2015 

Sum of peaks M Jawed khan et al 2015 
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Peak value  Tai and Chau, 2009; Cui et al., 2010; Bauernfeind et al., 

2011; Holper and Wolf, 2011 

Table 8: List of features used for classification purpose 

Mean, variance, and peak, no of peaks, sum of peaks, skewness and kurtosis of delta HbO are 

compute 

Previous studies like Naseer Noman et al., 2015 had focused on determining optimal feature 

combination for LDA classification. Various feature combinations are studied and concluded that 

mean and peak features would be best for classification, owning to their highest classification 

accuracies. 

Common strategy for reduction in number of features in LDA and other algorithms is step wise 

method. In step wise method, prediction scores are estimated for combinations of two features 

from all available features. This procedure can be repeated for combinations of three and more 

features too. Finally a list of prediction scores is made, and the combination which gives maximum 

score is considered to have best discriminatory power, which can classify data with more precision 

and accuracy than all other feature combinations. 

Sometimes the optimized feature selected might not give maximum classification accuracy for all 

the subjects. But the above mentioned strategy of optimal feature selection is tardy, and if there is 

some way that can evade from manually optimizing features, that would be of great use. 

But often feature reduction procedure is criticized as not being a logical one for elimination of 

features and its time consuming too. 

Therefore in our project, we had decided to deploy random forest algorithm, and take advantage 

of it feature selection module, which considerably reduces our time in identifying best optimal 

features. 

In our project, the features extracted were Mean, Variance, Skewness, Kurtosis, Peak, Number of 

Peaks and Sum of Peaks. Instead of picking up best features among available features by traditional 

method, we left the task of identification of best features based on its importance score to Random 

forest.  
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RANDOM FOREST 

Random forests are type of ensemble methods in machine learning. Random forest is most 

successful ensemble methods which sometimes had exhibited performance better than boosting 

and support vector machines. Random Forests are the brain child of Breiman (Breiman, L et al., 

2001) and It out performs to  other classifiers like Support Vector Machines, Neural Networks and 

Discriminant Analysis in terms of accuracy, and overcomes the problem of over fitting. It is also 

proved to be effective classifier for classification of big data in biomedical, biotechnology, and 

medical imaging fields. Many competitions in kaggle had been won by using Random Forest 

classifier. When other classifier is hard to interpret, Random forest offers more intuitive 

illustrations (Strobl et al., 2009). 

Two well know ensemble methods are boosting (Shapire et al., 1998) and bagging (Breiman et al., 

1996).  In boosting method, successive tree give weight for score that is incorrectly predicted by 

previous trees, and finally a weighted vote is taken. Where as in bagging method each tree is 

independent, where it classifies a bootstrap sample of dataset and finally simple majority of votes 

is taken. Breiman had proposed random forest which had rectified the defects of bagging and 

boosting. He added extra layer of randomness to bagging, thereby significantly improving 

classification accuracy. The random sampling and ensemble strategies utilized in RF enable it to 

achieve accurate predictions as well as better generalizations. This generalization property comes 

from the bagging scheme which improves the generalization by decreasing variance, while similar 

methods like boosting achieve this by decreasing bias (Yang et al., 2010). Breiman had defined 

random forest as “a classifier consisting of a collection of tree structured classifiers {h(x,Θk ), k=1, 

...} where the {Θk} are independent identically distributed random vectors and each tree casts a 

unit vote for the most popular class at input x . 

Randomization for increasing diversity is proved to be efficient method of classification. Forests 

have gained a substantial interest in machine learning because of its efficient discriminative 

classification (Amit, Y et al., 1997). Decision tree is provided with random subspaces which have 

both random selected set of features and subset of data which is taken by random sampling of 

training data. Features are randomly selected at each decision node, which greatly reduces the 

correlation between trees; thereby increase its classification accuracy. This somewhat 

counterintuitive strategy turns out to perform very well compared to many other classifiers, 
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including Discriminant analysis, support vector machines and neural networks, and is robust 

against overfitting (Breiman et al., 2001). 

Random forest outperforms decision trees, thanks to inclusion of it unique voting scheme, where 

every tree vote for most popular class and majority of votes are taken, from which accuracy is 

predicted. 

Thereby RF classification accuracies are best than Adaboost, bagging and boosting; relatively 

faster than bagging and boosting; robust to noise; gives estimates of error, strength, correlation 

and variable selection; don’t overfit and offers better understanding of how classification is done. 

As such the advantages of Random Forest are (N Horning et al., 2013) 

 overcoming the problem of over fitting   

 In training data, they are less sensitive to outlier data 

 Parameters can be set easily and therefore, eliminates the need for pruning the trees 

 variable importance and accuracy is generated automatically  

RF FEATURE RANKING 

In most of BCI the main aim is to make accurate prediction with maximum prediction accuracy. 

Various researchers had experimented on various available time series features for their predictive 

analysis. It is obvious that the success of classification best depend on discriminative power of 

features. Most of features calculated may not contribute positively towards classification decision 

of algorithm. For robust model, features having best discriminative power are chosen among a 

pool of features by feature selection.  

Feature selection (also called variable or attribute selection) is the process of choosing a subset of 

features that best represent a model. 

Feature selection has been effectively applied to different problems and shown to have excellent 

strength in making machine learning algorithms robust. Feature selection has been investigated in 

different machine learning fields such as image retrieval (S. Yu et al., 2010), bioinformatics, and 

medical imaging (J.C.Fu et al., 2005, L).  
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Wrapper methods use predictive models for the evaluation of feature subset and are more 

demanding than filter methods (Deng H et al., 2012). Sequential backward Selection (SBS) (Cotter 

SF et al., 2001) is one of the most commonly used wrapper methods which is based on greedy hill-

climbing search method. Support vector machine with recursive feature elimination (SVM-RFE) 

(Guyon I et al., 2002) is a well-known example of embedded methods. SVM-RFE eliminates those 

features which have lowest weight obtained from a trained SVM. 

Thereby optimally selected features, also increases performance of classification when compared 

to high dimensional feature space (Bhattacharyya S et al 2014) 

But keeping in view on real time feedback requirement in online BCI, researchers have struck with 

the fast and reliable classifiers like LDA, HMM and SVM. Ensemble methods of classification 

haven’t been done on fNIRS so far as our knowledge is concerned. We had classifying our signal 

with popular ensemble called Random Forest. Random forest is a classifier that quenches the major 

effort of researchers in figuring out the best optimal selection of features for their classification. 

Owing to the ease at which it identifies best discriminate features for classification purpose and 

build good accurate model, we had decided to deploy RF for our offline BCI, finger tapping task.  

In Bagging (Breiman 1996), trees are built on random bootstrap copies of the original data, there 

producing different decision trees. In Random Forests (Breiman 2001), Bagging is extended and 

combined with a randomization of the input features that are used while splitting internal nodes. 

Instead of looking for the best split among all features, the Random Forest algorithm selects, at 

each node, a random subset of features K and then determines the best split among K set of 

features.  

The features are scored with Mean Decrease Impurity importance (MDI) which uses Gini index as 

impurity function. Other way of getting feature importance score was proposed by Breiman (2001, 

2002), He proposed to evaluate the importance of a variable X m by measuring the Mean Decrease 

Accuracy (MDA) of the forest when the values of X are randomly permuted in the out-of-bag 

samples. 

Strobl et al., 2007 compare both MDI and MDA and show experimentally that the former is biased 

towards some predictor variables. Strobl et al., 2008 later showed that MDA too is biased, and that 

it overestimates the importance of correlated variables. 
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In a study by Gilles Louppe et al., 2013 they had demonstrated that MDI importances as computed 

by totally randomized trees exhibit desirable properties for assessing the relevance of a variable: 

it is equal to zero if and only if the variable is irrelevant and it depends only on the relevant 

variables. 

CHAPTER 3: METHODOLOGIES 

fNIRS DATA ACQUISIZATION 

The brain signals for classification were obtained using a 20 channel continuous wave system 

(NIRSPORT 8x8 by NIRX LLC). The NIRX system is equipped with LED illuminators and photo 

diode detectors. The two wave lengths used in the device are760 nm and 850 nm. A scan rate of 

7.81 Hz is used for the acquisition of optical signals. The signals were acquired using a motor 

montage (Figure 15) which covers motor cortex of both the hemispheres. Approach of utilizing 

the standard 10-20 international electrode system for EEG in the fNIRS optode placement is 

popular due to the simplicity.This method will measure the standard reference locations of the 

head as in 10-20 system like Cz. The Cz location, defined as the intersection point of two lines 

formed by 50% of the distance between the left and right tragus and 50% of the distance between 

the nasion and inion, will be calculated for each subject individually based on anatomical 

measurements obtained during data collection. 

 

Figure 15: Motor montage 

The inter-optode distance was fixed at 3 cm. The subjects were seated in a comfortable chair 

facing a computer screen and were asked to relax and restrict their head movement to minimize 

any variations in the hemodynamic response due to the motion artifacts. Once subject seated in a 
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comfortable position, head cap is fitted over subject head. Optodes are fitted over motor cortex 

montage of head cap and connected to fNIRS system. NIRStar, multi-platform controlling 

environment software has been used to investigate paradigms designed in NIRStim. 

Built-in features such as automatic calibration and diagnostics are put to work to assure that 

your experiment begins by collecting the best data possible. The NIRStar signal quality indicator 

allows you to effortlessly review the integrity of any incoming data. 

 

Figure 16: Signal quality 

 

Figure 17: NIRStar Screenshot 
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Subjects were given prior instructions about task to be undertaken. Before every recording 

single trail run was done, to get subject acquiesced with task. 

Experiment Number of subjects 

Experiment1 16 

Experiment 2.1  3 

Experiment 2.2 3 

Experiment 3 5 

Table 9: Number of subjects recruited per experiment 

 

Experiment Task Classification Paradigm 

Experiment1 Motor execution 

(finger tapping) 

Motor execution vs Rest Paradigm 1 

Experiment 2.1  Motor execution (Flexion and 

extension) and 

Motor imagery (Flexion and 

extension) 

Motor Imagery vs Motor 

execution 

Paradigm 2 

Experiment 2.2 Motor execution (Flexion and 

extension) and 

Motor imagery (Flexion and 

extension) 

Motor Imagery vs Motor 

execution  

vs Rest 

Paradigm 2 

Experiment 3 Motor imagery ((Flexion and 

extension) with VR 

Motor imagery vs Rest Paradigm 3 

 

Table 10: List of experiments and details about task, classification and paradigm 

For fNIRS acquired with VR stimuli, subject was fitted with VR headset with head strap and 

care was taken not to disrupt optode location. Android phone was fitted in phone holder 

compartment, and aligned proper with phone aligner clamp. Once VR app was launched, magnetic 

flip is closed. Subject was asked to readout countdown time, once countdown time falls to zero, 

NIRStim was started, thereby manually synchronizing NIRStim paradigm total run time with VR 

app run time. 
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Figure 18: NIRX fNIRS system 

 

 

Figure 19: Source optodes (eight) and Detector optodes (eight) 
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Figure 20: Optodes fitted to cap, over motor cortex  

 

 

Figure 21: Subject doing finger tapping task  
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Figure 22: VR headset 

 

Figure 23: Subject with VR and fNIRs (Front view and top view) 

 

Figure 24: Subject doing motor execution 
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Figure 25: Android phone with VR app mounted on VR headset 

PARADIGMS DESIGN 

A paradigm is a temporal allocation of stimuli to acquire functional responses from subject. 

Various paradigms with stimuli or events are used to evoke hemodynamic activation of subject. 

The precise design and effective duration of stimuli, is carefully designed and executed for good 

results (Jija S James et al., 2014). The commonly used experimental designs for functional studies 

are Block Design and Event Related Design. 

Block design is first designed and widely used paradigm for functional studies. Block design 

consists of discrete on/off or active/rest periods. Active period represents period of stimulus 

presentations and rest period represents to state of rest or baseline of brain activity. Especially for 

classification of brain states that needs discriminating oxy hemoglobin concentration for different 

brain state, block design is best option. 

 

Figure 26: Block design 
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Advantages of Block Design: 

 Single block design adequate for early exploratory stages of research 

 Block design allows for experimental flexibility 

 Multiple epochs can be given in single block design by including epochs in active phase 

 Block design is adept for experiments pertaining to detect subtle hemodynamic response 

differences across test conditions 

 The temporal design of Block design allows easy detection of non-fluctuating noises like 

physiological noises. 

Disadvantages of Block Design: 

 Can be predictable and has potential confounds like anticipation and rapid habituation 

 Difficult to control specific cognitive state for relative long period 

 Hemodynamic response might be constant across epoch 

 Hemodynamic response might change from active block to active block 

Rehabilitation techniques with help of BCI, usually classifies brain signal to either rest or active 

phase. Tasks like motor execution and motor imagery are widely used for BCI. We too employed 

motor and motor imagery in our project. Finger tapping task was done for motor execution task 

and elbow extension and flexion for motor imagery task. 

Three Paradigms are designed, catering our need of classifying brain states. We concluded at 

classifying motor active vs rest, motor imagery vs rest, VR motor imagery vs rest and motor vs 

motor imagery vs rest. 
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PARADIGM 1 

This paradigm was designed for the purpose of classifying brain states in motor active and rest 

states. Visual stimuli were given to guide subject in tapping his right and left hand alternatively in 

the paradigm, and subject was to execute finger tapping for active block duration of paradigm and 

be in rest for rest phase of paradigm. 

Purpose: Classify brain states to active and rest 

Task: Tapping hand left and right in alternative active blocks 

Total duration: 125 seconds 

Total blocks: five active and five rest 

 

Fig 

Phase Task Duration Tapping hand Stimuli 

ACTIVE 1 Finger Tapping 

(Motor execution) 

10 seconds Right Visual (Text) 

REST 1 Resting state 15 seconds Nil Nil 

ACTIVE 2 Finger Tapping 

(Motor execution) 

10 seconds Left Visual (Text) 

REST 2 Resting state 15 seconds Nil Nil 

ACTIVE 3 Finger Tapping 

(Motor execution) 

10 seconds Right Visual (Text) 

REST 3 Resting state 15 seconds Nil Nil 

ACTIVE 4 Finger Tapping 

(Motor execution) 

10 seconds Left Visual (Text) 

REST4 Resting state 15 seconds Nil Nil 

ACTIVE 5 Finger Tapping 

(Motor execution) 

10 seconds Right Visual (Text) 

REST 5 Resting state 15 seconds Nil Nil 

Table 11: Paradigm 1 details 

ACTIVE

  

ACTIVE ACTIVE REST ACTIVE REST REST REST ACTIVE REST 
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PARADIGM 2 

This paradigm was designed for the purpose of classifying brain states into motor imagery or motor 

execution. Brain state can also be classified into motor imagery or motor execution or rest states. 

Visual stimuli were given in form of motor execution images to guide subject regarding tasks to 

be done in active and rest blocks. Subject was to execute motor execution for active block duration 

of paradigm, be in rest for rest phase of paradigm and motor imagery for the next active block 

duration of paradigm. Rest phase is followed after each active block and the motor execution and 

motor imagery are repeated alternatively 

Purpose: Classify brain states to motor state, motor imagery and rest states 

Task: Elbow flexion (motor execution) for active block series (1, 3, 5 and 7) and elbow flexion 

imagery for block series (2, 4, 6 and 8) 

Total duration: 192 seconds 

Total blocks: eight active and eight rest 

Figure 27: Extension and flexion images 

    

f 

 

 

 

 

Figure 28: Block design, where M is motor execution, R is rest and I is motor imagery. Each 

block is of 12 seconds 
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Phase Task Duration Elbow 

Movement 

Stimuli 

ACTIVE 1 Elbow extension & flexion 

(Motor execution) 

12 seconds Both hands Visual (Images) 

REST 1 Resting state 12 seconds Nil Nil 

ACTIVE 2 Elbow extension & flexion 

(Motor Imagery) 

12 seconds Both hands Visual (Images) 

REST 2 Resting state 12 seconds Nil Nil 

ACTIVE 3 Elbow extension & flexion 

(Motor execution) 

12 seconds Both hands Visual (Images) 

REST 3 Resting state 12 seconds Nil Nil 

ACTIVE 4 Elbow extension & flexion 

(Motor Imagery) 

12 seconds Both hands Visual (Images) 

REST4 Resting state 12 seconds Nil Nil 

ACTIVE 5 Elbow extension & flexion 

(Motor execution) 

12 seconds Both hands Visual (Images) 

REST 5 Resting state 12 seconds Nil Nil 

ACTIVE 6 Elbow extension & flexion 

(Motor Imagery) 

12 seconds Both hands Visual (Images) 

REST 6 Resting state 12 seconds Nil Nil 

ACTIVE 7 Elbow extension & flexion 

(Motor execution) 

12 seconds Both hands Visual (Images) 

REST 7 Resting state 12 seconds Nil Nil 

ACTIVE 8 Elbow extension & flexion 

(Motor Imagery) 

12 seconds Both hands Visual (Images) 

REST 8 Resting state 12 seconds Nil Nil 

Table 12: Paradigm2 details 
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PARADIGM 3 

This paradigm was designed for the purpose of classifying brain states into motor imagery or rest 

states. Stimuli were given in form of Virtual Reality where a subject views motor execution task 

in virtual reality. Subject was to execute motor imagery for active block duration of paradigm, be 

in rest for rest phase of paradigm.  

Virtual reality based motor imagery android app 

The virtual reality motor imagery android app was developed for replacing standard image based 

paradigm design. Due to inability to incorporate GIF pictures in paradigm and increased difficulty 

in representing task with pictures we had sought help of virtual reality based android app. 

Human character was developed in ‘The make human software’. Animation of human character 

was developed in “Autodesk Maya”. The further scenarios for active block and rest block were 

designed in “Unity game engine”. Later the project in unity was exported as VR android app. 

Implementation: 

VR app was made keeping in mind that it gives only motor imagery stimuli. The NIRStim 

paradigm was designed with five active and five rest block, each block having duration of 10 

seconds. The VR app when launched displays countdown timer of 10 seconds, and the active 

session starts where motor execution is displayed in VR and subject is required to image as if doing 

the same task thus activating motor imagery. After active block, rest block starts and it lasts for 10 

seconds where subjects are expected to rest to bring back their hemodynamic response to baseline. 

A plain black image was projected in VR for 10 seconds to imitate rest phase. Likewise total of 10 

blocks were designed, active followed by rest alternatively. But the problem in implementation 

lies in synchronizing initiation/ launching of NIRstim and VR app. This was tackled by manually 

synchronizing NIRStim and VR app by clicking start button on NIRstim, when countdown time 

displayed in VR app falls to zero as read out by subject.  

Purpose: Classify brain states to motor imagery and rest state 

Task: Elbow flexion (motor imagery) for active block, resting in rest block 

Total duration: 100 seconds 
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Total blocks: 5 active and 5 rests 

 

Figure 29: Block design of Paradigm 3 

 

Figure 30: Screenshot of homepage of custom made VR motor imagery android app 

 

Figure 31: Countdown timer 
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Figure 32: Extension and flexion as seen in VR 

Phase Task Duration Motor Imagery Stimuli 

ACTIVE 1 Motor 

Imagery 

10 seconds Both hands Visual (VR) 

REST 1 Resting state 10 seconds Nil Nil 

ACTIVE 2 Motor 

Imagery 

10 seconds Both hands Visual (VR) 

REST 2 Resting state 10 seconds Nil Nil 

ACTIVE 3 Motor 

Imagery 

10 seconds Both hands Visual (VR) 

REST 3 Resting state 10 seconds Nil Nil 

ACTIVE 4 Motor 

Imagery 

10 seconds Both hands Visual (VR) 

REST4 Resting state 10 seconds Nil Nil 

ACTIVE 5 Motor 

Imagery 

10 seconds Both hands Visual (VR) 

REST 5 Resting state 10 seconds Nil Nil 

Table 13: Paradigm 3 details 
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WAVELET TRANSFORM 

Due to its tremendous advantages as discussed in literature survey, we had used wavelet 

transformation for physiological noise removal from data. We had deployed wavlet toolbox of 

matlab for analyzing frequency content of time varying patterns in signal. 

 

Figure 33: Single channel loaded in wavelet toolbox (Signal with noise) 

 

Figure 34: Db7 wavelet with level of 8 selected for multiresolution analysis 

 

Figure 35: Multiresolution analysis of single channel data 
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Figure 36: Coefficient details 

We had used Daubechies wavelet (Daubechies et al., 1998) of seventh order which is orthonormal 

base and compactly supported wavelet. The level of diminishing wavelet can be changed by index 

N. We had used relatively high order generating index N=8. 

Components d1–d3 had comparatively large amplitudes, which we considered were caused by 

heartbeat-related blood flow and measurement noise. Large changes were observed in components 

d9 and d10. These were considered to be task-related changes, because the repetition interval of 

the starting and stopping, which is in the frequency band of component d8. . 

Since our data has 20 channels we had used the following code for MRA of all the channels. D6, 

d7 and d8 and a8 are selected for reconstruction of signal assuming the other coefficients (d1, d2, 

d3, d4 and d5) are contributed by noise.  
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Figure 37: Matlab code for wavelet transformation (20 channels) 

 

Figure 38: Raw signal (20 channels) 

 

Figure 39: De-noised signal (left- 1 channel, right- 20 channels) 

 

Figure 40: Noise in signal 
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DIFFERNTIATION OF SIGNAL 

Important property of differentiation of peak type signal is its effect on peak width on amplitude 

of derivatives. It also discriminates against wider peaks, and higher the differentiation the greater 

the discrimination. This has been helpful in quantitative analytical applications like detecting peaks 

which are superimposed. Differentiation of curve was found to useful in Discriminant analysis of 

titration curve and differential thermal analysis. Therefore it was decided to differentiate the signal 

and check its impact on 2D feature space which gives correlation of features. Differentiation of 

signals had increased correlation between features as show in scatter plot (2D feature space). Width 

of peak reduction and increase in sharpness of peak are hypothesized to increase correlation among 

features which further can give improved classification accuracies. 

 

Figure 41: Non-diff signal scatter plot (subject 16) 

 

 

Figure 42: Diff signal scatter plot (subject 16) 
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Figure 43: Diff signal (left- 1channel, right- 20 channels) 

 

Figure 44: Area plot of non-diff signal 

 

Figure 45: Area plot of diff signal 
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FEATURE EXTRACTION 

Signal mean of HbO2 are calculated as 

𝑀 =
1

𝑁
∑ 𝑋𝑖

𝑁

𝑖=1

 

Where M is mean value and N is number of observations and 𝑋𝑖 represents data. 

Signal variance of HbO2 are calculated as 

𝑉𝑎𝑟 =
∑(𝑋 − 𝜇)2

𝑁
 

Where var is variance and 𝜇 is mean value of X 

Signal skewness of HbO2 are calculated as 

𝑆𝑘𝑒𝑤 = 𝐸 [
𝑋 − 𝜇

𝜎
]

3

 

Where skew is skewness and 𝜎 is standard deviation of X 

Signal kurtosis of HbO2 are calculated as 

𝑆𝑘𝑒𝑤 = 𝐸 [
𝑋 − 𝜇

𝜎
]

4

 

Sum of peaks and number of peaks is estimated by sum(findpeaks(X)) function and 

numel(findpeaks(X)) function of Matlab 

After the eight features discussed above are calculated for each time window, their values are then 

normalized and rescaled between 0 and 1 by the following equation. 

 

Where a ∈Rn represents the feature value, a′ is the re-scaled value between 0 and 1, max a denotes 

the largest value, and min a indicates the smallest value 
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FEATURE SELECTION 

Feature selection (also called variable or attribute selection) is the process of choosing a subset of 

features that best represent a model. The features are scored with Mean Decrease Impurity 

importance (MDI) of RF, which uses Gini index as impurity function. 

Thereby MDI variable importance is measured with the optimized parameters predicted by 

GridSearch CV module of python, and best three ranked features are tabulated. Frequencies of 

features that are ranked best are tabulated. Frequencies of features that are ranked first, second and 

third by RF are also tabulated. 

CLASSIFICATION  

Random forest a ensemble method, which had exhibited performance better than boosting and 

SVM was chosen for classification task (RF model). Classification of data was done, and best three 

features among seven features were selected based on MDI scores. Data was once again classified 

with LDA (LDA model). The acquired optimal feature combination (ie) top three ranked features 

were used for classification by LDA and this model was named as LDA_optimal. Run time of 

LDA and LDA_optimal was also calculated. 

For RF, data was split into training (60%) and testing (40%). Randomness of state four was 

introduced. Pipeline was used for chaining multiple estimators into one. This had served two 

purposes 

i) It was convenient to call fit and predict once on data to fit whole sequence of estimators 

ii) Grid search was used over parameters of all estimators in pipeline at once 

The estimators used in pipeline parameters were n estimators, maximum depth, minimum sample 

split and minimum samples leaf.  

Estimator Parameters 

n estimators 10,15,20 

maximum depth 50,100,150 

minimum samples leaf 1,2,3 

minimum sample split 1,2,3 

Table 14: Parameter tuning for estimator 
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This pipeline was run over Grid search CV with n jobs of -1, verbose of 1, scoring of F1 and cross 

validation of 5. This Grid search CV iterates over all possible combination of parameters of 

estimators and fits the best parameters of estimator for classification. By using Grid search CV, 

F1 scores can be maximized. 

Further each subject data was classified with LDA (LDA model) with all seven features with cross 

validation of 15, and F1 scores are calculated. Each subject data was also classified with LDA 

(LDA_optimal) with optimal features (MDI RF) with cross validation of 15, and F1 scores were 

calculated. 

The performance measure of classifiers is measured by accuracy, precision, recall, AUC score, 

ROC curve and F1 scores. Accuracy is ratio of correctly predicted observations. Precision is ratio 

of correct positive observations. Recall is true positive rate and is the ratio of correctly predicted 

positive events. F1 is weighted average of precision and recall. F1 score takes into account both 

false positive and false negatives. F1 is more useful than accuracy when there is uneven class 

distribution, and when false positive and false negative has similar cost function. F1 score had 

been selected to assess performance of classifier since it is weighted average od precision and 

recall. 
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CHAPTER 4: RESULTS 

EXPERIMENT1 

 

 

Figure 46: Active blocks 

 

Figure 47: Rest blocks 

Diff signals of Active blocks and Rest blocks of subject 16 in experiment 1 are shown in Figure 

46 and Figure 47. HDR significantly increases in active blocks and HDR falls down in rest blocks. 
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Figure 48: Active block (left- non diff signal, right- diff signal)  

 

Figure 49: Rest block (left- non diff signal, right- diff signal) 

 

Block averages of diff and non diff active blocks are shown in Figure 48. Block averages of diff 

and non diff rest blocks are shown in Figure 49. By closely inspecting Figure 48 and Figure 49, it 

is can be proved that differential denoised signal had sharp peaks and less width peaks. On the 

other hand non-differential denoised signal had blunt peaks and large width. 

Figure 50 shows area plot of feature matrix extracted from differential denoised signal. A clear 

discrimination in features value between active and rest was seen. 

 

Figure 50: Feature matrix 
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Subject Depth M_leaf M_split N_estimator 

1 50 3 2 15 

2 50 3 3 10 

3 50 2 1 10 

4 50 3 2 20 

5 50 3 1 15 

6 50 2 2 15 

7 50 2 3 10 

9 50 3 1 15 

11 50 3 1 15 

12 50 1 1 15 

13 50 2 1 20 

14 50 2 2 15 

15 50 3 2 10 

16 50 1 2 10 

17 50 3 1 10 

18 50 3 1 20 

Table 15: Optimal parameters estimated for estimators 

Subject RF_F1 Top three ranked features 

1 0.819 Mean, Sop, Kurt 

2 0.83 Mean, Kurt, Sop 

3 0.825 Nop, Sop, Mean 

4 0.763 Nop, Kurt, Peak 

5 0.867 Kurt, Mean, Sop 

6 0.848 Peak, Mean, Kurt 

7 0.678 Skew, Var, Mean 

9 0.86 Mean, Peak, Skew 

11 0.778 Mean, Sop, Skew 

12 0.854 Nop, Mean, Sop 

13 0.849 Sop, Mean, Kurt 

14 0.832 Nop, Peak, Kurt 

15 0.818 Kurt, Mean, Sop 

16 0.92 Mean, Sop, Peak 

  17 0.821 Kurt, Sop, Mean 

18 0.871 Kurt, Nop, Var 

Table 16: RF F1 scores and top three ranked features 
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Subject First_ranked Second_ranked Third_ranked 

1 Mean Sop Kurt 

2 Mean Kurt Sop 

3 Nop Sop Mean 

4 Sop Kurt Mean 

5 Kurt Mean Sop 

6 Peak Mean Kurt 

7 Skew Var Mean 

9 Mean Peak Skew 

11 Mean Sop Skew 

12 Mean Sop Peak 

13 Sop Mean Kurt 

14 Mean Kurt Sop 

15 Kurt Mean Sop 

16 Mean Sop Peak 

17 Kurt Sop Mean 

18 Mean Skew Sop 

Table 17: First ranked, second ranked and Third ranked features 

Optimal parameters are estimated for estimators and tabulated in Table 15. The data was classified 

with Random Forest with optimal parameters estimated in Table 15, and tabulated in Table 16. 

Top three ranked features in each subject are also tabulated in Table 16. The top three ranked 

features are categorized into first rank, second rank and third rank with respect to subject in Table 

17. 

 

Figure 51: First ranked features 
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Figure 52: Second ranked features         Figure 53: Third ranked features 

 

 

 

Figure 54: Frequencies of features 

 

 The frequency or occurrence of features among all the subjects are calculated and bar plots are 

drawn. This bar plots give a broader understanding about best features among top three ranked 

features ranked by RF. Frequency of features that are ranked first are bar plotted in Figure 51. 

Frequency of features that are ranked second are bar plotted in Figure 52 and the frequency of 

features that are ranked third are bar plotted in Figure 53. Finally the Frequency of top three 

features are bar plotted in Figure 53. The Figure 53, shows that Mean, Sop and Kurt are the best 

features to be considered for BCI experiments pertaining to motor execution tasks. 
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Features Frequency 

Mean 16 

Sop 13 

Kurt 9 

Skew 4 

Peak 4 

Var 1 

Nop 1 

Table 18: Frequency of features 

First Ranked Frequency 

Mean 8 

Kurt 3 

Sop 2 

Skew 1 

Peak 1 

Nop 1 

Table 19: Frequency of First ranked features 

Second Ranked Frequency 

Sop 6 

Mean 4 

Kurt 3 

Var 1 

Skew 1 

Peak 1 

Table 20: Frequency of Second ranked features 

Third Ranked Frequency 

Sop  5 

Mean 4 

Kurt 3 

Skew 2 

Peak 2 

Table 21: Frequency of Third ranked features 
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Figure 55: Classification results 

 

 

Figure 56: F1 scores of LDA 
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Figure 57: F1 scores of LDA_optimal 

 

 

Figure 58: F1 scores of LDA and LDA_optimal 
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Figure 59: F1 scores of RF,LDA and LDA_optimal 

F1 scores of LDA are bar plotted in Figure 56, F1 scores of LDA_optimal are bar plotted in Figure 

57, F1 scores of LDA and LDA_optimal are bar plotted in Figure 58, and F1 scores of LDA, 

LDA_optimal and RF are bar plotted in Figure 59. Among three models, RF was having best F1 

scores across all subjects, followed by LDA and LDA_optimal. LDA_optimal was having higher 

F1 scores than LDA in subject 1, subject 3, subject 5, subject 6 and subject 15. LDA_optimal was 

having same F1 score as LDA in subject 18. Where as in the rest of subjects LDA was having 

higher F1 scores than LDA_optimal. The overall statistics reveal that LDA F1 score achieved with 

all seven features can be achieved with LDA_optimal model having optimal features. This 

reduction of number of feature extraction would be important in real time BCI experiments. 

EXPERIMENT 2.1 & 2.2 

 

Figure 60: Raw signal 
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Figure 61: Area plot of non diff signals 

 

 

Figure 62: Area plot of diff signals 

 

Area plot of non diff signal and diff signal are plotted in Figure 61 and Figure 62. Differentiated 

signals had increases peak sharpness and decreased the width of peak. 
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Figure 63: Scatter plot of diff signal  

 

 

Figure 64: Scatter plot of non diff signal 

 

Scatter plot of diff signal and non diff signal are shown in Figure 63 and Figure 64. Class 0 is 

motor imagery and class 1 is motor execution. Therefore when considering classification between 

motor imagery and motor execution, it is best to consider signals without differentiation as non 

diff signals were having better scatter plot (ie) significant correlation. 
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Figure 65: Motor blocks (non–diff signals) 

 

Figure 66: Motor blocks (diff signals) 

 

Figure 67: Motor imagery blocks (non-diff signals) 

 

Motor blocks of four active sessions with non diff signals of experiment 2 are shown in Figure 65. 

Motor blocks of four active sessions with diff signals of experiment 2 are shown in Figure 66. 

Motor imagery blocks of four active sessions with non diff signals of experiment 2 are shown in 

Figure 67. Motor imagery blocks of four active sessions with diff signals of experiment 2 are 

shown in Figure 68. Rest blocks of four rest sessions with non diff signals of experiment 2 are 

shown in Figure 69.  



Page | 81  
 

 

Figure 68: Motor imagery blocks (non-diff signals) 

 

 

Figure 69: Rest blocks 

 

 

Figure 70: Block average of Motor, Motor Imagery and Rest (non-diff signals) 

 

Block average of Motor, Motor imagery and Rest of experiment 2 are shown in Figure 70. Block 

average of Motor imagery was having less HDR than block average of Motor execution, and HDR 

of block average of rest, falls down, showing significant reduction of blood rush in rest phase. 
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Subject RF_F1 Top three ranked features 

1 0.84 Skew, Var, Peak 

2 0.75 Peak, Nop, Kurt 

3 0.808 Sop, Var, Skew 

Table 22: RF F1 scores and Top three ranked features (Experiment 2.1) 

Sub First_ranked Second_ranked Third_ranked 

sub1 Skew Var Peak 

sub2 Peak Nop Kurt 

sub3 Sop Var Skew 

Table 23: First ranked, Second ranked and Third ranked (Experiment 2.1) 

 

Figure 71: Frequency of features (Experiment 2.1) 

Subject LDA LDA_time LDA_opt LDA_opt_time 

1 0835 0.058 0.837 0.056 

2 0.73 0.056 0.75 0.052 

3 0.55 0.0557 0.69 0.050 

Table 24: LDA, LDA_time, LDA_opt and LDA_opt_time (Experiment 2.1) 

Subject RF_F1 Top three ranked features 

1 0.753 Peak. Var, Kurt 

2 0.695 Peak, Sop, Kurt 

3 0.724 Peak, Kurt, Sop 

Table 25: RF F1 scores and Top three ranked features (Experiment 2.2) 
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Sub  First_ranked Second_ranked Third_ranked 

sub1  Peak Var Kurt 

sub2  Peak Sop Kurt 

sub3  Peak Kurt Sop 

Table 26: First ranked, Second ranked and Third ranked (Experiment 2.2) 

 

Figure 72: Frequency of features (Experiment 2.2) 

Subject LDA LDA_time LDA_opt LDA_opt_time 

1 0.4378 0.612 0.399 0.601 

2 0.389 0.623 0.377 0.59 

3 0.41344 0.531 0.388 0.520 

Table 27: LDA, LDA_time, LDA_opt and LDA_opt_time (Experiment 2.2) 

Experiment 2.1 

RF, F1 scores are tabulated in Table 22. Top three ranked features from RF are categorized into 

first, second and third ranked features and tabulated in Table 23. Frequency of best ranked top 

three features of Table 22 are bar plotted in Figure 71. The Figure 71, shows that Var, Skew and 

Peak are the best features to be considered for BCI experiments discriminating motor execution 

and motor imagery tasks. 

Experiment 2.2 

RF, F1 scores are tabulated in Table 25. Top three ranked features from RF are categorized into 

first, second and third ranked features and tabulated in Table 26. Frequency of best ranked top 

three features of Table 25 are bar plotted in Figure 72. The Figure 72, shows that Peak, Kurt and 

Sop are the best features to be considered for BCI experiments discriminating motor execution, 

motor imagery tasks and rest phase. 
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EXPERIMENT 3 

 

 

Figure 73: Scatter plot (non-diff signal) 

 

Figure 74: Scatter plot (diff signal) 

 

Scatter plot of non diff signal and diff signal are shown in Figure 73 and Figure 74. Class 1 is 

motor imagery with VR and Class 0 is rest phase. Therefore when considering classification 

between motor imagery with VR and rest, it is best to consider signals with differentiation as diff 

signals were having better scatter plot (ie) significant correlation. 
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Figure 75: VR Motor Imagery blocks 

 

Figure 76: Rest blocks 

 

Figure 77: Block average of Active and Rest 

 

VR Motor imagery blocks of five active sessions with diff signals of experiment 3 are shown in 

Figure 75. Rest blocks of five rest sessions with diff signals of experiment 3 are shown in Figure 

76. Block average of Motor imagery and Rest phase of experiment 3 are shown in Figure 77. Block 

average of Motor imagery was having significantly higher HDR than block average of rest phase, 

and HDR of block average of rest, falls down, showing significant reduction of blood rush in rest 

phase. 
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Subject Depth M_leaf M_split N_estimator 

1 50 3 2 15 

2 50 1 2 10 

3 50 2 1 10 

4 50 3 2 15 

5 50 1 3 20 

Table 28: Optimal parameters estimated for estimators 

 

Subject RF_F1 Top three ranked features 

1 0.777 Skew. Var, Kurt 

2 0.757 Mean, Kurt, Var 

3 0.810 Mean, Kurt, Sop 

4 0.730 Kurt, Peak, Skew 

5 0.907 Kurt, Mean, Skew 

Table 29: RF F1 scores and Top three ranked features 

 

Subject First_ranked Second_ranked Third_ranked 

1 Skew Var Kurt 

2 Mean Kurt Var 

3 Mean Kurt Sop 

4 Kurt Peak Skew 

5 Kurt Mean Skew 

Table 30: First ranked, Second ranked and Third ranked features 

 

Subject LDA LDA_time LDA_opt LDA_opt_time 

1 0.63 0.0535 0.578 0.04402 

2 0.6025 0.0590 0.59 0.056 

3 0.71 0.0790 0.68 0.037 

4 059 0.0618 0.61 0.051 

5 0.73 0.0597 0.77 0.052 

Table 31: LDA, LDA_time, LDA_opt and LDA_opt_time (Experiment 3) 
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RF, F1 scores are tabulated in Table 29. Top three ranked features from RF are categorized into 

first, second and third ranked features and tabulated in Table 30. Frequency of best ranked top 

three features of Table 29 are bar plotted in Figure 78.  

 

 

Figure 78: Frequency of features 

 

Figure 79: LDA and LDA_opt F1 scores 
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Figure 80: LDA, LDA_optimal and RF F1 scores 

 

Figure 81: LDA and LDA_optimal run time 

F1 scores of LDA and LDA_optimal were bar plotted in Figure 79, F1 scores of LDA, 

LDA_optimal and RF are bar plotted in Figure 80. Among three models, RF was having best F1 

scores across all subjects, followed by LDA and LDA_optimal. LDA_optimal was having higher 

F1 scores than LDA in subject 4 and subject 5. Where as in the rest of subjects LDA was having 

higher F1 scores than LDA_optimal. The overall statistics reveal that LDA F1 score achieved with 
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all seven features can be achieved with LDA_optimal model having optimal features. This 

reduction of number of feature extraction would be important in real time BCI experiments. 

FEATURES WITH BEST DISCRIMINATIVE POWER 

Features  Experiment1 Experiment 2.1 Experiment 2.2 Experiment 3 

Mean 16 0 0 3 

Sop 13 1 2 1 

Kurt 9 1 3 5 

Skew 4 2 0 3 

Peak 4 2 3 1 

Var 1 2 1 2 

Nop 1 1 0 0 

Table 32: Frequency of features in all experiments 

 

This table yields an interesting insight.  

 Mean, Sop and Kurt was ranked best across 16 subjects in experiment 1.   

 Skew, Peak and Var was ranked best across 3 subjects in experiment 2.1.   

 Peak, Kurt and Sop was ranked best across 3 subjects in experiment 2.2   

 Mean, Sop and Kurt was ranked best across 5 subjects in experiment 3 

 

Therefore for experiments, related to BCI, the following features can be extracted and used as 

optimal features for classification purposes 

 Mean, Sop and Kurt could be used for classifying motor execution vs rest 

 Skew, Peak and Var could be used for classifying motor execution vs motor imagery 

 Peak, Kurt and Sop could be used for classifying motor execution vs motor imagery vs 

rest 

 Mean, Sop and Kurt could be used for classifying VR motor imagery vs rest 
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CHAPTER 5: DISCUSSION AND CONCLUSIONS 

Major finding using Wavelet transformation for noise reduction 

Wavelet transformation was found to be best for noise removal for experiments pertaining to 

fNIRS BCI.  Db7 of seven order was found to be best for deconstructing signal and d6, d7 and d8 

levels were reconstructed back to get signal with noise removed. d1, d2, d3, d4 and d5 were 

identified to be noise signals especially physiological signals. This was consistence with previous 

studies like Tsunashima et al., 2009. 

 

Figure 82: Wavelet transformation, Top picture: Raw signal, Middle picture: Signal denoised, 

Bottom picture: Noise in signal 
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Differentiation of signal  

Differentiation of signal was also found to be advantageous and proved to contribute positively 

towards increasing classification scores of machine learning model. Correlation between 2D 

feature spaces had also increased by differentiation of signal. To our knowledge differentiation of 

fNIRS signal for increasing correlation among features had not been done before.  

 

Figure 83: Differentiation of signal increasing correlation in 2D feature space 
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Major findings 

Key finding in using differentiation of signal for four experiments was  

Experiment 1: For all 16 subjects differentiation of signal (diff-signal) increased classification 

scores when compared with non-differentiation of signal. 

Experiment 2.1: For all 3 subjects non-differentiation of signal (signal) was found to be better 

when compared with differentiation of signal (diff-signal). 

Experiment 2.2: For all 3 subjects non-differentiation of signal (signal) was found to be better 

when compared with differentiation of signal (diff-signal). 

Experiment 3: For all 3 subjects differentiation of signal (diff-signal) increased classification 

scores when compared with non-differentiation of signal. 

Important facts to be noted here is, experiment 2.1 and experiment 2.2 involves classifying two 

active states. And since differentiation of signal increases sharpness of peak and decreases width 

of peak it is best to use non-differential signal for classification involving two active classes (ie) 

motor execution and motor imagery. 

 

 

Figure 84: Experiment1: Left images are of active state (motor execution) and Right images are 

of rest state; Top images are of non diff signals and down images are of diff signals 
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Figure 85: Experiment 2.1: Top image is of diff signals of motor task and down image is of diff 

signals of motor imagery 

From the above figures it can be established that differentiation of signal had actually decreased 

width of signal and increased sharpness of peak. Active state peak was seen above the baseline 

and rest state peak was seen below the baseline. Hence it can be established for classification 

involving two active tasks; it is best to take non-differentiation data, because it is devoid of sharp 

peaks and reduced width which can undermine classification of two active states like motor 

execution and motor imagery. 

Strategy for classification 

As highlighted in literature survey, feature identification, selection and extraction plays a 

important role in classification task and good performance. Mean, Skewness, Variance, Kurtosis, 

Number of peaks, Sum of peaks and Peak were identified as necessary features to be inspected 

based on literature survey. Instead of feature reduction or feature selection with step wise method 

(Noman Naseer et al., 2016) or other wrapper techniques we had made use of RF classifier for 

ranking given set of features and top three ranked features were considered as ideal optimistic 

feature that can maximize classification scores and help us in building good classification model. 

The classification performance was assessed by F1 scores. We had cross checked the 

discriminative power of selected features from RF, by using them as features in LDA and 

compared F1 scores with LDA using all the seven features. It was proven beyond doubt that 
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features which were ranked by RF were indeed features with top discriminative power and LDA 

had yielded the same average F1 score as LDA_optimal.  

Steps involved: 

 Feature extraction (calculation of features from data) 

 Classify with LDA (using all seven features) 

 Identify best parameter estimator for RF by Grid search CV 

 Use the identified parameter for estimator for MDI scores with RF 

 Select top three ranked features 

 Classify with LDA_optimal (using top three ranked features) 

 

Feature selection 

Mean, Sop and Kurt was ranked best across 16 subjects in experiment 1. Skew, Peak and Var was 

ranked best across 3 subjects in experiment 2.1. Peak, Kurt and Sop was ranked best across 3 

subjects in experiment 2.2. Mean, Sop and Kurt was ranked best across 5 subjects in experiment 

3. 

The features selected are in consistent with the top features reported by various researchers. 

Mean was used as best feature in Sitaram et al., 2007; Power et al., 2010; Holper and Wolf, 2011; 

Faress and Chau, 2013; Naseer and Hong, 2013, 2015b; Power and Chau, 2013; Hong et al., 2014. 

Kurtosis was used as best feature in Holper and Wolf, 2011. Peak value was used as best feature 

in Tai and Chau, 2009; Cui et al., 2010; Bauernfeind et al., 2011; Holper and Wolf, 2011. 

Major findings 

The following had been established regarding best features for respective tasks 

 Mean, Sop and Kurt are the best features for classifying data into motor execution like 

finger tapping and rest state (2 class). 

 Skew, Peak and Variance are the best features for classifying data into motor execution 

like extension and flexion and motor imagery of the same (2 class). 
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 Peak, Kurt and Sop are best features for classifying data into motor execution like extension 

and flexion, motor imagery of the same and rest state (3 class). 

 Mean, Sop and Kurt are best features for classifying data into VR motor imagery like 

extension and rest state (2 class). 

 

Comparison of classifiers 

Classifier (Experiment1) Average F1 score 

RANDOM FOREST 0.8271 

LDA 0.7304 

LDA with Optimal features 0.7248 

Table 33: Average F1 scores (Experiment 1) 

Classifier (Experiment1) Average run time (seconds) 

LDA 0.0560 

LDA with Optimal features 0.0514 

Table 34: Average run time (Experiment 1) 

Classifier (Experiment 2.1) Average F1 score 

RANDOM FOREST 0.7933 

LDA 0.705 

LDA with Optimal features 0.695 

Table 35: Average F1 scores (Experiment 2.1) 

Classifier (Experiment 2.1) Average run time (seconds) 

LDA 0.0572 

LDA with Optimal features 0.0526 

Table 36: Average run time (Experiment 2.1) 

Classifier (Experiment 2.2) Average F1 score 

RANDOM FOREST 0.7234 

LDA 0.4132 

LDA with Optimal features 0.388 

Table 37: Average F1 scores (Experiment 2.2) 
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Classifier (Experiment 2.2) Average run time (seconds) 

LDA 0.58867 

LDA with Optimal features 0.57033 

Table 38: Average run time (Experiment 2.2) 

Classifier (Experiment 3) Average F1 score 

RANDOM FOREST 0.7962 

LDA 0.6525 

LDA with Optimal features 0.6456 

Table 39: Average F1 scores (Experiment 3) 

Classifier (Experiment 3) Average run time (seconds) 

LDA 0.06262 

LDA with Optimal features 0.048004 

Table 40: Average run time (Experiment 3) 

Experiment Average RF F1 scores 

Experiment1 82.7% 

Experiment 2.1  79% 

Experiment 2.2 72% 

Experiment 3 79% 

Table 41: Average RF F1 scores 

RF had given best F1 scores in all the experiments. Best F1 score was achieved in Experiment 1 

(ie) finger tapping task which was 82.7%. Experiment 2.1 and experiment 3 gave almost equal F1 

scores of 79%. Experiment 2.2 gave F1 score of 72%. 

All the analysis was done offline. And RF would be best for offline analysis and if runtime of 

classifier is not an issue, RF would serve as best model.  

Experiment Average LDA F1 

scores 

Average LDA_optimal  F1  

scores 

F1 scores difference 

Experiment1 73.04 % 72.48% 0.56 

Experiment 2.1  70.5% 69.5% 1 

Experiment 2.2 41.3% 38.8% 2.5 

Experiment 3 65.25% 64.56% 0.69 

Table 42: Average LDA, LDA_optimal F1 scores 
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Average LDA F1 scores and average LDA_optimal F1 scores were tabulated in table 42. The 

difference between two F1 scores was least for experiment 1, highest for experiment 2.2. This 

table proves that MDI feature ranking of RF is best among a set of features. 

Experiment Average LDA run 

time (seconds) 

Average LDA_optimal  run time 

(seconds) 

Run time difference 

(seconds)  

Experiment1 0.0560 0.0514 0.046 

Experiment 2.1  0.0572 0.0526 0.050 

Experiment 2.2 0.588867 0.57033 0.01857 

Experiment 3 0.0626 0.048004 0.01456 

Table 43: Average LDA, LDA_optimal run time 

Average run time of LDA_optimal had reduced in all experiments owing to reduction of features. 

Experiment 2.1 saw maximum difference and experiment 3 saw least difference. 

Major findings 

Keen observations are 

 RF is best classifier compared to linear classifiers like LDA 

 RF since it is ensemble method can be used for offline analysis 

 LDA is the fastest classifier, hence best for online analysis 

 RF feature selection works perfectly 

 LDA_optimal has run time low compared to LDA 

 LDA with seven features is also giving good classification but model is less perfect than 

RF 

 In experiments involving three class classification, RF has classified exceptionally good 

compared to LDA and LDA_optimal 
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VIRTUAL REALITY FOR FNIRS BCI (VR fNIRS BCI) 

Virtual reality had been previously used for restoring postural balance and walking function (de 

Bruin ED et al., 2010), neuropsychological assessment and rehabilitation (Riva G et al., 2003), 

rehabilitation for parkinsons disease, alzhemiers disease and various cognitive impairments (Matta 

Mello Portugal E et al., 2013), education and rehabilitation of children with autism (McComas et 

al., 1998), rehabilitation of Attention deficit hyperactivity disorder (DariusA.Rohan et al., 2014), 

focus and attention of training for cognitive impairment and dementia patient (Valeria Manera et 

al., 2015). 

Virtual reality use in BCI is of recent trend. Studies like DariusA.Rohan et al., 2014 used BCI 

inside a Virtual Reality Classroom for potential training tool for attention. QiBin Zhao et al., 2009 

worked on EEG-based Asynchronous BCI Control of a Car in 3D Virtual Reality Environments. 

Duan F et al., 2015 had worked on Design of a Multimodal EEG-Based Hybrid BCI System with 

Visual Servo Module. Robert Leeb et al., 2007 had worked on Self-Paced (Asynchronous) BCI 

Control of a Wheelchair in Virtual Environments. G Cheron et al., 2012 had integrated BCI for 

walking rehabilitation from spinal cord pattern generator to cortical network. 

On the lines of researchers who had previously worked on BCI with stimuli given in virtual reality, 

we too carried our work with VR for fNIRS BCI. Traditionally researchers had worked on VR 

headgears like oculus rift and Samsung gear. Till date no one had worked with VR android app 

based fNIRS BCI. We are first to report this type of feasibility study. The study yielded positive 

results and proved that for researchers devoid of high end VR technology devices, VR android 

apps could be made used of. By manually synchronizing VR app run time which includes block 

just like fNIRS paradigm with NIRStim paradigm, virual reality stimuli was given for the  active 

blocks of paradigm. F1 scores as high as 70% with LDA was achieved and as high as 80% was 

achieved with RF.   
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RECOMMENDATIONS OF STUDY 

 Virtual Reality for BCI experiments pertaining to motor imagery 

 Virtual Reality android application  for fNIRS BCI studies 

 Paradigms with complex stimuli can be easily given to subject with Virtual Reality 

 Paradigms could be designed for classification of three states of brain 

 Recommended to have motor imagery block duration between 8-10 seconds 

 Use RF classifier for feature selection  

 Top three ranked features from RF would serve as optimal feature combination for other 

linear classifiers 

 LDA would best serve in terms of time run 

 RF would best serve in terms of classification score 

 LDA_optimal would be optimistic model, when compared to LDA and RF 

 By using features selected by RF in LDA (LDA_optimal) number of features calculated 

can be reduced, reducing overall run time of BCI 

 

RECOMMENDATIONS OF FURTHER STUDY 

Since it is established that VR could be indeed used in fNIRS BCI studies for simulating artificial 

environment that in turn activates brain, the following can be recommended for further studies in 

VR fNIRS BCI 

 Complex paradigm with auditory, visual, vibrotactile, haptic, knowledge of performance 

and knowledge of results and proprioceptive can designed easily in virtual reality 

 Intrinsic feedback in Virtual Reality by external source that can facilitate in rehabilitation 

Further Virtual Reality based training applications for the following can be developed. 

 Cerebral Plasy 

 Autism 

 Stroke 

 Attention deficit hyperactivity disorder (ADHD) 

 multiple sclerosis 
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 GAIT training 

 Anxiety disorders 

 Phobias 

 Contralateral hemispatialagnosia 

Stroke rehabilitation: 

Physical therapy is the most rehabilitation technique used so far. With advancement in technology, 

it is time to look for alternative techniques which are highly efficient in training and assessing 

stroke patients. 

We plan to  

Develop motor imagery VR app that includes tasks like 

Simple tasks: 

 Finger tapping 

 Feet tapping 

 Extension and flexion 

 Elevation and depression 

 Rotation 

 Retrograde and circumduction 

 Pronation and supination 

 Inversion and eversion 

 Protrusion and Retrusion 

 Reciprocal motion 

Fine motor skills like 

 Threading with beads 

 Rotating ball 

 Picking up cup of coffee and placing it back 

 Poking straws into holes 

 Pasta necklaces 
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 Pipe cleaners and colanders 

 Building 3D models 

VR motor imagery apps could be used by patients at home. Daily training with motor imagery can 

show improvement in patient motor performance, and performance would be assessed by either 

fNIRS or GAIT analysis. 

The same VR motor imagery apps could also be used for fNIRS BCI studies. 

LIMITATIONS OF STUDY: 

 No of subjects recruited in experiment 2 and experiment 3 

 Manual synchronizing of VR app and NIRStim in experiment 3 

These are some limitations. Other limitation includes inability to have online BCI in this project, 

due to lack to external communication device like Functional muscle stimulator.  
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Figure 86: Foot tapping 

 

Figure 87: Finger tapping 
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Figure 88: Code for loading csv file having features and converting it into dataframe 

 

 

Figure 89: Code for LDA classifier 
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Figure 90: Code for Random Forest classifier 

 

 

Figure 91: RF Classification scores and Gridsearch CV results 
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Figure 92: MDI scores of RF 

 

 

Figure 93: Code for optimal LDA classifier 
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Figure 94: Code for scatter plot 


