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Abstract

Closed-Loop EEG BCI: VR and  Electrical Stimulation
to treat  Neuropathic Pain 

Shreya Kohli

Chronic pain is a life-threatening disease affecting over 20% of the 
U.S. adult population as of 2016. It impacts the physical as well as 
emotional components of a human being significantly affecting a 
person’s quality of life. This impact is due to the complex nature of 
pain which is a dynamic integration between cognitive and contextual 
processes. Persistent episodes of pain can have a psychological effect 
on the body causing distress, depression, anxiety, and mood 
fluctuations resulting in altered perceptions and cognition, and 
emotional instability. To prevent these implications of pain, there 
have been techniques to detect and treat pain. The detection of pain 
has been a research problem due to its multifaceted and subjective 
nature. There are pain detection therapies that rely on finding 
biomarkers of pain in physiological signals such as 
Electroencephalogram (EEG) and Magnetoencephalography. However, due to 
the lack of reliable and universal pain biomarkers, a framework for 
pain detection does not exist. Alongside, the present therapies are 
not wholesome as they are unable to target the emotional, cognitive, 
and physiological impact of pain. This makes chronic pain a challenge 
to society both economically and socially.

In our research, we aim at developing a closed-loop Brain-Computer 
Interface (BCI) which detects pain and delivers a non-invasive 
therapy. Given the complexity of pain perception and its impact, we 
have designed a therapy that targets both the sensory and the 
emotional components of pain.    Therefore, we use Transcutaneous 
electrical nerve stimulation (TENS) to address the sensory and 
physical component and Virtual Reality (VR) to address attention and 
emotions. Moreover, the combination of TENS and VR allows the nerve 
stimulation sensation to be more realistic, providing a multisensory 
stimulation. This induces the illusion of ownership over a healthy 
virtual body, modulating the subject’s body representation and having 
a beneficial impact on brain plasticity. We measure and analyse the 
brain’s response to pain by recording electroencephalogram signals. 
Due to the variable nature of EEG signals, we also use skin 
conductance along with EEG as a biosignal to detect and classify pain 
more accurately.

For the system to work as a stand-alone BCI, the system is broken down 
into a training and a testing phase. In the training phase, we train a 
machine learning model on EEG and skin conductance (SC). This model is 
then used in the testing phase to detect pain in real-time. The system 
is first implemented on healthy subjects by experimentally inducing 
painful and non-painful stimulation using TENS. The resultant system 
works as a closed-loop adaptive system which detects pain by 
continuously monitoring the EEG and skin Conductance of a person and 
delivers the therapy of VR and TENS. The system was successfully 
tested on 5 healthy subjects.
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Chapter 1: Problem statement 
 

Pain is an unpleasant bodily sensation that causes mild to severe physical and emotional 

discomfort[1]. Pain can be described as acute or chronic depending on the duration for which the 

patient experiences pain[2]. One type of chronic pain is neuropathic pain, which is caused due to nerve 

injury and impairment[3]. Neuropathic pain can cause damage to the Central Nervous System (Central 

Neuropathy) or the Peripheral Nervous System (Peripheral Neuropathy)[4]. A common cause of 

Peripheral Neuropathy is diabetes, with 30-50% of the diabetic population being affected[4]. Diabetic 

Peripheral neuropathy causes sensory loss and chronic pain from extremities distally.  

This project aims to create a closed-loop Brain-Computer Interface (BCI) to treat neuropathic pain 

noninvasively. The project can be broken down into 3 technical components: (a) the BCI, (b) the 

Treatment, and (c) the closed loop. The BCI consists of continuous monitoring of physiological signals 

such as Electroencephalographic (EEG) and Skin Conductance (SC), analysing these signals for pain and 

activating treatment on pain detection. The treatment consists of adaptive and synchronous VR and 

TENS stimulation to manage the emotional and the physical components of the pain, respectively. The 

closed-loop is the critical integration point for the previous steps. This enables the user to modify and 

stop/start therapy as well as witness changes in the EEG and SC when the therapy is given. This makes 

the system intelligent and subject-specific. To investigate the feasibility and the scalability of the 

system, the system was first implemented on healthy patients by inducing pain on the foot. The pain 

was induced with the TENS device, which acted as acute pain focussed on the stimulated part of the 

foot.  
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Chapter 2: Background 
 

2.1 Pain Perception 
Pain as a submodality of somatic sensation is defined as a “complex constellation of unpleasant 

sensory, emotional and cognitive experiences provoked by real or perceived tissue damage and 

manifested by certain autonomic, psychological, and behavioural reactions”[5]. It has been found that 

pain perception can be influenced by a variety of cognitive processes[5]. For example, a person’s 

perception of pain is less intense when they are distracted from the pain and vice-versa. The 

perception of pain also depends on individual feelings and beliefs about pain, making it not exclusively 

a result of noxious inputs[6]. Thus, pain has a complex and non-linear relationship between 

nociceptive (harmful stimuli ) input and pain perception.  

The body responds to pain through physiological processes via the immune system, neuroendocrine 

system and sympathetic nervous system. In the cardiovascular system, pain can result in an increase 

in heart rate and blood pressure, while in the nervous system it can cause changes in pain processing, 

causing pain to become chronic[5]. The onset of pain can cause anxiety, depression and poor 

concentration, leading to poor quality of life[5]. These processes in the body result in altered 

sensitivity to exteroceptive stimuli, resulting in a distorted mental body representation in the presence 

of chronic pain[7]. It is therefore safe to say that pain has a multi-functional impact on the body and 

needs to be treated appropriately.  

2.2 Basic Mechanisms of Pain 
There are specialised peripheral sensory neurons known as nociceptors in the body. These nociceptors 

remain silent during the absence of painful stimuli and are activated when there is a noxious 

stimulus[8]. There are different kinds of nociceptors in our body. Each of these nociceptors has its own 

receptive field and can transduce the signal of pain when a particular region of the skin is 

stimulated[9]. Nociceptors are found all over the body in the muscle, joints, skin, and organs, and 

transduce when exposed to various kinds of stimuli. The different kinds of nociceptors are mechanical 

nociceptors which detect skin distension, polymodal nociceptors which detect mechanical, chemical 

and thermal stimuli, chemical nociceptors which detect endogenous and exogenous chemical agents 

and Thermal nociceptors which detect thermal sensations[9]. 
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Figure 1: The basic route of pain transmission (from[10]) 

Our body has a Central Nervous System (CNS) which consists of the brain and the spinal cord. The CNS 

controls most functions in our mind and body. In the presence of a painful stimulus, signals from 

different nociceptors are transmitted to the dorsal horn of the spinal cord via Aδ fibres along the 

afferent pathway[11] (Figure 1).  Aδ fibres are myelinated fibres that fire at a lower threshold and 

have a fast conduction speed[12]. These are responsible for the first sensation of pain. There are two 

pathways in the spinal cord which carry the nociceptor signal to the higher levels of the brain. The 

spinothalamic tract starts from the dorsal horn and goes up to the thalamus[13]. This tract transmits 

signals which are important for pain localisation. The spinoreticular tract ascends the contralateral 

cord and is involved in the emotional aspects of pain[11]. In our body, painful stimuli are first 

converted into a chemical event, which is then converted into an electrical event in the brain. These 

electrical events are transduced as chemical events at the synapses. The electrical signals are 

transmitted along the neuronal pathways[14]. Via the efferent pathway, information from the CNS is 

sent out which could be a response to a painful stimulus (Figure 1) [11][8]. These signals are sent to 

alert the body to take actions such as removing the hand from hot water or involuntary actions such 

as blinking.   
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2.3 Functioning of Neurons 
Neurons are the primary component that is responsible for connecting, receiving and processing the 

nociceptive information generated from the transduction, transmission, and modulation events in the 

CNS[7].  

Broadly, there are three types of neurons in our body. The sensory neuron is triggered by an external 

stimulus and helps us smell, taste and interact with the environment. The Motor neuron helps with 

movement and triggers both voluntary and non-voluntary movement. The interneurons are the most 

common neurons and act as intermediaries between the previous neurons[15].  

As mentioned, multiple layers of the CNS are involved in the transmission of pain. These include the 

spinal (supraspinal) cord, the brainstem (the pons, medulla oblongata, midbrain), and the cortical 

regions (cerebral cortex)[10][16]. The dorsal horn in the spinal cord integrates multiple inputs 

(afferent neurons and local interneuron networks) entering the spinal cord. It also is responsible for 

descending the signals from the supraspinal center. While the spinal reflex of pain happens in the 

dorsal horn of the spinal cord, the pain signal moves to the brain, which understands the origin of pain 

in the thalamus[17]. The limbic system of the CNS is responsible for handling the emotional 

components of the brain and receives signals from the thalamus when certain painful sensations are 

associated with emotions such as crying[18]. 

2.4 Types of Pain 
Based on symptoms, mechanisms and syndromes, pain can be classified into 5 broad categories. The 

first one is, Nociceptive pain which is the response of the body towards harmful stimuli. Nociceptors, 

which are sensory endings activated by such stimuli, are responsible for the first stage 

sensations[10][16]. These sensations are typically against harmful chemical, mechanical and thermal 

stimuli. The second one is Neuropathic pain which is caused due to a nerve injury or nerve impairment 

and has symptoms related to Alloydnia, which is described as painful sensations elicited by a non-

painful external stimulus, and Hyperalgesia, which is an increased response to a stimulus that is 

normally painful[19][20]. The external stimuli trigger a pain response even when the stimulus is non-

painful in normal conditions due to the sensitization and lower activation thresholds of the fibres. This 

condition is pathological, as this pain serves no purpose for our body and is often observed as 

continuous or episodic attacks of pain. This kind of pain is caused by chronic diseases like diabetes, or 

by trauma, nerve injury, or accidents[18][21]. The third one being Inflammatory pain which is the 

response of the body to tissue damage or inflammation. The body tries to eradicate the necrotic cells 

and initiate the tissue repairing process[22][23]. The fourth one is Idiopathic Pain which is defined as 

pain of unknown origin. A pain is identified as Idiopathic pain if it lasts for longer than 6 months with 

no identifiable cause. It can be felt as a burning and stabbing sensation in the face without any nerve 

or tissue damage[24]. The last one is Psychogenic Pain which is described as chronic pain in the 

absence of any physical cause of pain and is attributed to psychological factors such as strong 

emotions, beliefs, and fears[25]. 

2.5 Neuropathic Chronic Pain 
As discussed in section x.y there are many kinds of pain which can impact the normal functionality of 

the body. Because of the chronic, severe and irreversible damage of neuropathic pain on our body 

and mind, we focus our research in creating a device to treat neuropathic pain[13]. Neuropathic pain 

is defined as the ”pain caused by a lesion or disease of the somatosensory nervous system” by the 

International Association for the Study of Pain (IASP)[6]. It originates from the pathology of the 

nervous system. Neuropathic pain affects both central and peripheral sensation mechanisms. Painful 
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signals not only arise from the injured axons but also from the healthy nociceptors which share a 

innervation territory with the injured nerve[4], [21]. 

Chronic pain is a long-lasting pain which affects 1/10 th of the population[26]. Neuropathic pain has 

increasingly been associated as a frequent source of chronic pain in the last decade[3]. It causes 

spontaneous pain such as burning, shooting, stabbing sensation and sudden episodes of pain referred 

to as pain attacks. These pain attacks can be one to many in a day[27]. 

2.5.1 Peripheral Neuropathy 
Peripheral Neuropathy occurs when the nerves in the body are damaged from extremities distally[28]. 

It originates in the extremities such as hands, feet, and arms. The periphery includes the nerves 

outside the central nervous system and includes the following nerves[21]. 

The Sensory nerve is responsible for transmitting sensations from the environment. It sends sensory 

signals from sensory organs to the CNS. The Motor nerve is responsible for controlling muscles. It 

sends motor commands from the CNS to the sensory organs to initiate movements and actions. 

Autonomic nerve controls the automatic functions of the body[29].  

People with diabetes (both type 1 and type 2) are at the highest risk of Peripheral Neuropathy. It is 

suspected that diabetes causes high blood sugar over time which can damage the nerves and weaken 

them, causing neuropathic pain[4]. 

2.5.2 Previous Approaches 
Ideally the treatment for peripheral neuropathy should cater two broad perspectives: control the 

underlying process and treat the painful symptoms[22]. The symptoms of peripheral neuropathy tend 

to cause chronic pain and impact the overall quality of life. Symptoms based treatment include 

pharmacologic options such as opioids and antidepressants among others[30][31]. These agents are 

not effective and do not cause complete pain relief. Along with this, there are associated side effects 

such as somnolence (10-60%) and lethargy (16-20%)[32]. Changes in lifestyle such as weight loss, 

healthy diet, foot care can also add to the treatment[33].  

To avoid the use of addictive and pharmacological pain therapies, techniques of electrical stimulation 

can be used. These devices non-invasively stimulate the nerves of the targeted area and temporarily 

block the pain pathway by activating the large sensory fibres according to the gate control theory[34], 

[35]. However, the therapy is effective only while the stimulation is given, and the pain recedes when 

the stimulation is stopped[36]. These therapies are generally long and unpleasant and importantly not 

able to treat the cognitive part of the pain[36]. TENS is a classic example of electrical nerve stimulation 

where electrodes are placed on the painful region or the nerve causing the pain. The disadvantage of 

this therapy is the lack of generalisation[36][37]. The stimulation parameters, duration of the 

treatment and the placement of the electrodes can be variable and may differ a lot for different 

patients. Secondly, while these sensations reduce the pain at the periphery, the cognitive component 

of pain is not targeted, hence the therapy is long, monotonous, and ineffective after the stimulations 

are stopped[36]. 

Taking into account the demerits of TENS bases therapy, a therapy needs to target the cognitive aspect 

of pain as well. For this, one can use Virtual Reality (VR) which gives a multisensory experience to the 

user. VR Analgesia, the VR based pain relief therapy which creates an immersive and engaging virtual 

environment[39]. It can include multi-sensory components distracting the patient from the pain and 

drawing attention to the illusion created by the VR. The VR incorporates engaging, 3-D graphical 

scenarios giving a sense of presence in the illusion created[39]. Using distraction and emotional 
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channelling, VR retracts the attention from the pain, downregulating the pain signal. This therapy is 

effective while the patient is in the virtual environment hence doesn’t have long term benefits[40]. 

Other multisensory approaches include the mirror box therapy as shown in Figure 2 where an 

amputee sees his healthy limb reflected in the mirror giving an illusion of having both limbs intact[41]. 

This illusion restores the body integrity and leads to somatosensory reorganisation targeting the body 

matrix. This process has shown positive results in the treatment of phantom limb pain. This targets 

body representation and higher cognition. However, the results of this treatment are subject-specific 

and the long-term evidence is absent[40][41]. 

 

Figure 2: Mirror box therapy [43] 

Some treatments target both the higher cognition and the periphery. The rubber hand illusion is an 

example of this approach. As shown in Figure 3, a subject sees a rubber hand instead of her right hand 

which is placed out of view. The experimenter touches both the rubber hand and the actual hand of 

the subject synchronously with a brush, making the subject perceive the rubber hand as her own. 

Doing this, the fake embodied hand activates brain activity in response to the visual-tactile sensation. 

Now when the rubber hand is threatened using a knife, the subject retracts own her hand in fear of 

injury. This creates an increase in activation in regions responsible for bodily awareness and pain 

anticipation[41]. 

 

Figure 3: Rubber Hand Illusion [44] 
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While this therapy targets the body matrix and body representation, tackling the cognitive impact of 

pain, the scope of rehabilitation is not known. 

2.6 System Components 

2.6.1 Virtual Reality 
Virtual Reality (VR) has enabled people to become more immersed in realistic computer-generated 

virtual 3-D environments. VR has become popular in research, thanks to the availability of VR headsets 

which provides high controllability and repeatability of the experiments[45]. Nowadays, these 

headsets not only come with a helmet but also with sensors that provide an accurate position of the 

user in the virtual environment and controllers which enables users to interact with the virtual 

surroundings. The environment targets the cognitive and attention mechanisms of the user[45]. The 

benefits of this approach are explained below. 

We can modulate the attention of the user using VR. Research has shown that VR has been effective 

in distraction from the pain which is a time-honoured psychological pain intervention[40][46]. 

Distraction has shown considerable efficacy in pain intervention because humans have a finite 

attention span[40]. A distraction task can consume a majority of cognitive resources which were 

normally used to process pain perception, creating a void and reducing pain perception. One may 

argue the necessity of VR when distraction can be accomplished by other less expensive ways such as 

watching a movie, playing a game etc. This can be refuted by the fact that the higher the immersion 

of the user in the task, the more is the distraction. In 2006, Hoffman et al. compared the effectiveness 

of low tech and high-tech VR equipment in reducing thermal pain[39]. They concluded that greater VR 

immersion (an objective quantifiable index of the VR sensory input) provided an increased presence 

of the participant in the virtual world allowing more pain reduction.  Another research in 2007 

speculated that interactive VR distraction was most efficient as it provided tactile and kinaesthetic 

feedback to the users by making them actively solve problems and win games[47]. This increases the 

immersiveness in the virtual environment by creating an active cognitive process. 

Virtual Reality also enables us to create a visuotactile stimulation that helps inhibit sensory-motor 

conflicts and elicit pleasant sensations. Sensory-motor conflict refers to the mismatch between the 

actual and the predicted sensory feedback causing sensory and motor disturbances. Due to chronic 

pain, over a period, patients lose ownership of their bodies and have an altered body representation 

and pain sensitization[7]. This happens because of the constant pain the patients undergo without an 

external agent, creating a sensory disturbance[4][17]. The combination of VR and TENS can help tackle 

this conflict. Tactilely, the subject receives the TENS stimulation and visually the wave in the VR, 

creating a congruent sensation, affecting the plasticity of the brain. The inclusion of VR makes the 

TENS sensations more pleasant and natural which is otherwise unrealistic giving our therapies an edge 

on the state-of-the-art periphery techniques[28][39][48].    

The VR environment was implemented and controlled in the 3-D platform called Unity 3D. Unity 

3D(Unity Technologies, San Francisco, California, USA) is a cross-platform graphics engine that allows 

the development of video games and other interactive content, such as architectural visualizations or 

3D animations in real-time[49]. 

2.6.2 TENS 
Transcutaneous Electrical Nerve Stimulation is a non-invasive stimulation of nerves via electrodes 

placed on the surface of the skin. These electrical stimulations reduce pain at the periphery. The 

theoretical foundation of using electrical stimulation for pain relief was first established in 1965 by 

Melzack and Wall’s in their Gate Control theory of pain[35]. 
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Figure 4: Gate Control Theory of Pain [50]) 

This theory proposed the existence of a metaphorical gate present in the dorsal horn of the spinal 

cord. This gate is opened when a noxious stimulus is received, and the pain signal is transmitted to the 

brain making us perceive pain (Figure 4). This gate can be closed when large-diameter fibres are 

activated. These large-diameter fibres activate the inter inhibitory neurons which close this gate and 

block the pain pathway. The large diameter fibres can be activated by touch, pressure and electrical 

stimulation making TENS effective for pain treatment[35].  

2.6.3 Adaptive feature extraction for EEG signal classification 
Here we discuss physiological signals which can be used for detecting and analysing pain.  

Electroencephalogram (EEG) measures the electrical activity of the brain. The brain consists of 3 parts 

namely: Cerebrum, Cerebellum and Brainstem (Figure 5a). The cerebrum is divided into the right half 

and the left half joined by the corpus callosum (Figure 5b). The right hemisphere controls the left half 

of the brain and vis-a-versa[51]. 
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(a) Components of Brain    (b) Brain-Body Connection 

Figure 5: Brain Anatomy (from [52]) 

EEG measures electrical voltages in the brain called Brain Waves. The brain waves can be translated 

from the time domain to the frequency domain and can be broken down into frequency bands as 

shown in Table 1[53]. Different frequencies are responsible for activity in different brain states as 

explained in the table below.  

Table 1: Characteristics of the Five Basic Brain Waves [54] 

Frequency band Frequency Brain states 

Gamma (γ) 35 +Hz Concentration 

Beta (β) 12–35 Hz Anxiety dominant, active, external attention, relaxed 

Alpha (α) 8–12 Hz Very relaxed, passive attention 

Theta (θ) 4–8 Hz Deeply relaxed, inward focused 

Delta (δ) 0.5–4 Hz Sleep 

 

Many of the current pain detection algorithms involve EEG and magnetoencephalography (MEG) 

based techniques for event-related analysis. Researchers have identified neuronal activity in the brain 

when pain was induced experimentally. There has been evidence of evoked potential in the brain 

signals in response to painful stimuli[55], [56]. It has also been identified that brain responses to 

painful and non-painful stimuli are modelled differently in the brain by looking at neuronal oscillations 

. Some studies have also confirmed the presence of neuronal alterations of natural brain rhythms and 

synchrony at different frequencies in subjects when exposed to experimentally induced pain[57]. 

Motor, sensory and cognitive processing in the body can lead to changes in the EEG in the form of 

event-related synchronization (ERS) and event-related desynchronization (ERD)[58]. ERD is a short 

period of localised amplitude decrease of rhythmic(brain) activities while ERS is an increase in the 

amplitude[59]. These changes are extremely frequency band-specific. An ERS is witnessed when the 

power of a particular frequency band increases on the onset of an event while an EDS is marked by a 

decrease in the power of a frequency band due to the occurrence of an event. For a particular 

frequency synchronization of brain waves can occur both within and between the brain regions. From 
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our scientific point of view, we wanted to investigate oscillations and synchronicity of brain waves for 

pain. There have been a few studies that investigated this but the evidence is not fully 

consistent[58][60]. One evidence is the increase in the theta oscillations. These theta oscillations 

reduce the lateral inhibitions and might result in abnormal gamma oscillations. In more research 

outcomes, there has been desynchronisation of alpha waves in chronic pain[62], [63].  

Neuroimaging techniques such as fMRI, PET, MRI etc have been adopted by researchers to investigate 

internal variations in the body due to acute or chronic pain[64]. These techniques have found a 

correlation of pain with connectivity, cortical thickness and matter integrity in the brain[64].   

While these findings support the presence of a pain biomarker in the brain waves, the results are not 

universally consistent and verified. This is also due to the highly noisy and variable nature of EEG which 

makes it extremely arduous to analyse the true-useful signal. 

For understanding the electrode placement in the EEG cap, we need to understand the different brain 

lobes. The cortex of the brain is divided lengthwise into two hemispheres and further, each of the 

hemispheres is divided into four lobes namely the frontal, parietal, temporal and occipital lobe (Figure 

21). The frontal lobe shows executive activities happening in the body such as thinking, problem-

solving etc. The parietal lobe integrates sensory information such as touch, pain, pressure etc. The 

occipital lobe is the visual processing centre of the brain. The temporal lobe processes sensory 

information[72][73]. Therefore, channels in the parietal and temporal lobes can be considered for pain 

classification.  Literature has also shown can brain waves related to pain are evident in the central 

scalp contralateral and frontocentral scalp and the parietal lobe[77]–[79].  

2.6.4 Skin Conductance Feature extraction 
Skin sympathetic nerves cause emotional sweating in humans which is not influenced by 

environmental temperatures but from the cerebral cortex[65]. On activation of the sympathetic 

nervous system, the palmar and plantar sweat glands are filled up. For this duration, the skin 

resistance is reduced, and the skin’s conductance is increased. This causes a peak in the skin 

conductance and the size of the peak is directly proportional to the extend of the firing of the 

sympathetic nervous system[66]. The sympathetic nervous system is the unvoluntary nervous system 

and is activated in dangerous and stressful situations. It is seen experimentally that peaks of skin 

conductance were seen when a subject was exposed to experimentally induced acute pain. 

Experiments have been performed where 39 subjects received heat stimuli at their forearm. The result 

of this experiment showed that the graded intensities of painful heat stimuli elicit graded increase in 

skin conductance. Also, patterns emerged between the verbal and skin conductance response for the 

same temperature[67].  

2.6.5 Machine Learning Training 
Machine learning is a branch of Artificial Intelligence (AI) that gives computers the ability to learn from 

their experiences and improve on their own [68]. In traditional programming, there is a well -defined 

program that processes the input and gives the output[68]. For example, a vending machine is 

programmed in such a way that if a person enters the code for a bottle of water, only the water bottle 

is released. For these algorithms, the outputs are computed by the algorithm and there is no learning 

or intelligence. However, in machine learning an algorithm is learnt and optimized for a particular 

dataset to predict the output[69].  

The learning process in Machine Learning can be divided in three main parts. There is a decision 

process in which algorithms make predictions or classify data. Based on the input data, the algorithm 

produces an estimate about the patterns in the data. Another part is the error function which 
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evaluates the prediction of the model. If the data is labelled, an error function can compare the 

prediction with the true values. In the model optimization process the model parameters are tuned 

to reduce this error and fit better to the data points. The algorithm will repeat the evaluation and 

optimization process of the model parameters until a threshold of accuracy is met and the model has 

learnt all the patterns in the data. Image Recognition, Stock Prediction and Text Generation are some 

of the applications of machine learning in the real-world[68]. Machine Learning methods can broadly 

be divided into Supervised and Unsupervised algorithms.  

Supervised Learning 

Supervised Learning is the use of labelled datasets to learn and train machine learning models. As 

input data is fed into the model, the parameters(weights) are adjusted until the model predicts the 

correct output.  

Unsupervised Machine Learning 

An Unsupervised Machine Learning algorithm identifies patterns in the datasets containing datapoints 

that are not classified and labelled. The objective is to learn on its own the underlying structure in the 

distribution of the data and map it to predict output values. Further, unsupervised learning algorithms 

can be classified into 2 types namely clustering and association. Clustering is where inherent groupings 

is discovered in the data. For example, customers can be grouped based on their purchasing behaviour 

and choices. An association problem is where rules which describe a large portion of the data are 

discovered. An example of this algorithm is learning people who buy bicycle also tend to buy locks.  

Neural Networks 

Neural Networks is a Machine Learning method which mimics the human brain to predict outcomes 

for input values. It recognises underlying relationships in the data to predict the outcome [70]. The 

building blocks of the human brain are neurons that transmit and collect data in the brain. From a 

machine learning point of view, a neuron is a computational unit with weighted input signals which 

produces an output signal as shown in Figure 6. 

 

Figure 6: Model of a Simple Neuron (from[70]) 

Neuron weights are responsible for assigning importance to the different input signals. The values of 

weights are learned in every iteration to obtain the optimal prediction.. 
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A row of neurons is called a layer and a network can have multiple layers. A network with many layers 

is called a “deep network”.  

 

Figure 7: Layers of a Machine Learning Model (from[70]) 

An input layer takes values from the input directly. For example, a machine learning model which 

predicts whether it will rain or not on a particular day can take as input features, the temperature, 

humidity, wind speed etc. These features are weighted and go into the second layer. This process 

feeds forward to reach the output layer which gives the respective classification[71].  

Once the architecture of the model is defined, the model needs to be trained for the problem. The 

dataset is divided into 3 parts: namely training, validation and testing. On the training dataset, the 

parameters of the model is optimized. On the validation set, the model parameters are evaluated. The 

testing set is used to assess the performance of a fully-defined and trained model. K-fold Cross 

Validation is a technique in which the data is divided into k number of sections/folds where each fold 

is used as a validation set as some point. By doing this we ensure that every datapoint appears in the 

training and the validation set.  

2.6.6 MNELAB 
MNELAB is a graphic user interface for MNE, which is an open-source python module for pre-

processing, analysing and visualising neuroimaging data such as EEG, MEG, sEEG, ECoG, and fNIRS as 

shown in Figure 8. 
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Figure 8: MNELAB (from  [73]) 

For the scope of this project, MNELAB was used to read the EEG file generated and band pass filter 

it. It also provides an annotation tool to remove bad signals and bad channels from the data.  
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Chapter 3: Methods 
 

3.1 Offline Analysis of EEG and SC 
EEG and SC are the physiological signals used to detect pain. For finding features, offline analysis of 

EEG and SC data was done. During the offline analysis, around 120 pulses of pain, touch and rest were 

given to the subject. After this, the signals were filtered between 1Hz and 40Hz and pre-processed to 

remove artifacts from EEG data. For accurate analyses, EEG signals were cleaned manually and using 

Independent Component Analysis. For the analysis, signal features in the time, frequency and time-

frequency domain were obtained. After intensive inter and intra evaluation in the subjects, results in 

the time-frequency domain were statistically different for pain, touch and rest. The offline analysis 

was carried out from data recordings of 3 healthy subjects. 

For each channel and frequency band, the power vs time graph was plotted averaged over the trials. 
In Figure 9, the theta band for the CP5 channel was plotted for subject 1. Similarly, theta band of the 
C3 channel was plotted for subject 3 in Figure 10. CP5 and C3 are different channels in the EEG cap 
(Figure 21). The interval between 0ms and 260ms shows an evident peak in the power of the pain 
signal for both subject 1 and subject 3. These results were further validated statistically by Friedman 
and Nemenyi tests. Friedman test is a non- parametric statistical test used to detect differences in 
data. With the help of some mathematical functions, it ranks the datasets and computes a p value. If 
p < 0.05, we conclude that at least one pair is statistically different in the data. Furthermore, we do 
the Nemenyi test which is a post-hoc test to find the specific groups of data which differ after doing a 
global statistical test such as the Friedman test in our case. If p<0.05, the pair is considered statistically 
different and if p < 0.001, the pair is considered statistically highly significant. P< 0.01 is an 
intermediate state between the two conditions. Conventionally, p<0.05 is marked with one star, 
p<0.01 is marked with 2 stars and p < 0.001 is marked with 3 stars, showing highly significant 
difference.  

 

Figure 9: Time vs power plot for subject 1 
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Figure 10: Time vs power plot for subject 2 

In Figure 9, pairwise statistical analysis, show that pain and touch are statistically different in the 

highlighted interval while in Figure 10, pain and rest are statistically highly different while touch with 

pain and rest is statistically different. This analysis shows that for this particular channel and band, the 

visual difference in power is validated with statistics and can be considered as features for our model. 

Now that the features in the time-frequency domain are plotted and validated, the length of the 

window and overlap is to be defined. 

Window size: During the offline analysis, different lengths of windows were identified as features. For 

uniformity in the model, a length of the window needs to be defined for all channels and bands. The 

window size defines the number of features that go in the model. An average of every 20ms of power 

in the window makes one feature that goes into the model. 

Table 2 gives an estimate of accuracy for different window sizes and overlap. It can be seen that the 
highest classification accuracy was found when the window size was 100ms and the overlap was 50%. 
It is also seen that more number of features does not guarantee a higher accuracy. 
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Table 2: Grid search for optimum window size and overlap 

Window Size overlap features Accuracy 

24ms 50% 3 x 2 x 24 76.63 

96ms 50% 3 x 2 x5 91.5-95 

96ms 0% 3x 2 x 3 38.3 

180ms 50% 3 x 2 x2  79.443 

300ms 0% 3 x2 x1 85.04 

48ms 0% 3 x 2 x6 70 

228ms 50% 3x 2x1 78 

96ms 75% 3x2 x9 83 

228ms 75% 3 x2 x 2 91.5 

96ms 25% 3 x 2 x 3 93.25 

180ms 25% 3x2x1 81.3 

 

3.2 Brain Computer Interface 
Our system is a stand-alone and real-time system which delivers therapy when pain is detected. EEG 

and SC are used to find biomarkers of pain in the body while TENS is used to deliver therapy to the 

body. Currently the system is used on healthy patients therefore pain is induced externally by 

stimulating the nerves with electrical pulses.  

Our VR environment is shown in Figure 11 
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(a) Exterior view of the VR environment   (d) External view of the subject 

(b) 1st Person’s view for male 

(c) 1st Person’s view for female 

Figure 11: VR scenario 

For the integration of VR into our system, we chose an environment where the user finds herself sitting 

in a beach. The user perceives a first-person perspective of being seated in a deck chair facing a 

beautiful sea (Figure11a). 

The right foot in the environment sits down (Figure 11b & 11c) while the left foot is placed on a stool. 

In the real world, the left foot is placed on a box (Figure 11d) consistent with the virtual environment. 

When pain is detected the TENS therapy is on. This starts the wave which hits the right foot in the VR. 

The TENS stimulation creates the sensory feedback of the wave by stimulating the same right foot like 

a wave, having maximum intensity when the wave is just at the foot (Figure 12). Electrodes are placed 

on the right foot to stimulate the foot using TENS (Figure 11d). For a more realistic VR experience, 

separate scenes for men and women were created (11b,11c).   

 

 

D 
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Figure 12: Visuo-tactile wave stimulation 

The system is broken down into 2 parts, a Training phase and a Testing/Online Phase which are 

explained in the next section.  

3.2.1 Training Phase 
Below is the system Architecture for the Training Phase.  

 

Figure 13: Systems Outline for training Phase 

During the training phase a Machine Learning model for detection of pain was trained. Given every 
patient has different pain thresholds, a unique model was trained on their own features for every 
patient.  

Different parts of   the system are explained below. 
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Sensation Calibration (Figure 13 A)  

The Machine Learning model has 3 classes: Pain, No Pain/Touch and Placebo/Rest. For creating the 

training set, we need to induce pain externally using nerve stimulation (Figure 14b). This is done using 

TENS (Figure 14b).  

 

        

 

 

 

  

(a) TENS Device   (b)     Tens stimulation on  foot 

Figure 14: Foot stimulation 

The calibration is done through a GUI designed by the Neuroengineering Laboratory at ETH Zurich, 

which controls the TENS. We distinguish between painful and non-painful stimulation by varying the 

pulse width and keeping the amplitude constant of the electrical stimulation. For calibrating a pain 

threshold, the subject was asked to report a sensation corresponding to an intensity of 8/10, targeting 

a painful but tolerable sensation. For calibration of a non-painful sensation, the subject was asked to 

report an intensity that was definitely perceived by the subject but wasn’t painful. The calibration is 

repeated 3 times to verify the parameters.  

To resemble an acute pain condition, we give a single pulse of pain/no pain stimulation. The electrodes 

are placed on the dorsal of the foot (Figure 14b). The positioning of the electrodes is not very crucial 

as long as it doesn’t cause a twitch or is extremely uncomfortable.  

Series of Stimulation (Figure 13 B)  

After knowing the sensation parameters, we created a random series of labelled stimulations/trials to 

create the dataset (Figure 15 b). We have 120 trials total (40 pain, 40 no pain/touch, 40 rest/placebo). 

In Unity, a program was written to create an array of 120 stimulations of pain, touch and rest in 

random order and interacts with the TENS device. It sends the trial type (pain/touch) to TENS and 

activates it. There are 5 seconds between two stimulations to recede the effect of the previous 

stimulation. 

 

Model Training (Figure 13 C) 

As Unity sends out stimulations, the EEG and SC of the subject is also recorded simultaneously. The 

yellow arrow from the series of stimulation block to the pain model training block in Figure 13 B 

depicts the labels of stimulation sent to the EEG stream from Unity via LSL protocol. (Figure 13 B). The 

data from the EEG cap (Figure 15a) with the labels from Unity results in labelled EEG data (Figure 15B). 
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(a) EEG cap and amplifier sending data (from [74])                                (b)    EEG data with markers 

Figure 15: EEG stream of data and markers 

EEG is recorded with the mBrainTrain smarting App. As Unity sends out labels, the MBT smarting 

device is connected to the EEG cap and the data is streamed. By doing this, we save the EEG stream 

and the labels in the data in an XDF file. XDF files are an efficient format for storing all large files and 

can easily be read across different platforms. For SC, we use The Mindfield eSense Skin Response to 

measure the skin conductance via the eSense mobile app. The generated XDF file is the dataset for 

the machine learning models. 

EEG Model  

The EEG training block (Figure 13 C.1) consists of 4 steps(Figure 16).  

 

Figure 16: EEG processing steps 

EEG experiments are generally variable and significantly depend on environmental conditions, 

impedances etc[53]. Therefore, it is important to visualise the raw data and look for bad channels, 

events. For doing this, we use MNELAB.  

In MNELAB, the data is filtered and annotated to remove noise (Figure 17b,17c).  

Load XDF in 
MNELAB

Visualise/annotate 
data in Mnelab

Run training.py 
file

Model generated
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(a)       Plot and annotate data                (b)        Annotation mode 

Figure 17: Tools in MNELAB 

Once this is done, the new file is exported in FIF format for pre-processing using MNE python libraries. 

We run the training.py file, which is the master script that does the following things (Figure 18).  

 

Figure 18: Training.py block diagram breakdown 

1. Read MNELAB generated FIF 
file

2. Plot PSD                       

3. Create events

4. Generate Epochs

5. Artifacts rejection

6. Baseline removal

7. Do time frequency 
response

8. Visualise time vs power 
plots in TF domain

9. Select best channels, 
interval 

10. Extract features

11. Train model

12. Save model if accuracy 
is good



22 
 

Training Steps Elaborated: 

MNELAB generated FIF file is read, and the Power spectral density (PSD) was plotted (steps 1 and 2 in 

Figure 18). The PSD gives the power of the different frequencies in the EEG signal with each line 

representing each channel (Figure 19). 

 

Figure 19: Power spectral density 

Using the annotations/markers in the data, events are created, each marker being one event (step 3 

in Figure 18). Epochs are generated from the events (step 4 Figure 18). Epochs are events with defined 

time intervals. Around 40 epochs each of pain, touch and rest are generated with an interval of -

1000ms to 1000ms. Artifacts rejection algorithm removes epochs that have peak to peak power 

greater than 70uv (step 5 Figure 18). Higher amplitudes are generally noise or muscle movements and 

not brain activity. For baseline removal, the mean of rest epochs was subtracted from pain and no-

pain epochs for each channel respectively (step 6 Figure 18). This is done to reduce the effects due to 

drifts.  

After the above preprocessing steps, the time-frequency response was calculated by taking the 

continuous wavelet transform (step 7 Figure 18). This transform returns the power of different 

frequencies in the signal for each trial and each channel along all-time points returning a 4d matrix of 

the number of trials x number of channels x number of frequencies x number of milliseconds.   

The wavelet transforms return frequencies and not frequency bands. We average the frequencies in 

a band to receive an average band frequency. Based on our offline analysis, the most distinguishable 

features between pain, no pain and touch were seen from 0ms to 300ms. Graphs are plotted for each 

channel and band, averaged over 40 epochs for pain, touch and rest each (step 8 Figure 18). The 

resultant graph is time vs power (Figure 20).  
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Figure 20: P3 channel time-beta band plot 

Different channels in the EEG provide specific cognitive information. As we induce pain on the right 

foot of the subject, the electrodes placed in the centre of the brain are responsive. The channels useful 

for pain detection are marked in Figure 21[78].  

 

Figure 21: EEG cap Electrode placement  

Therefore, the “C3”,”Cz”,”C4”,”CP5”,”CP1”,”CPz”,”CP2”,”CP6”,”P3”,”Pz”,”P4” channels were 

considered for pain classification (step 9 Figure 18). Once the channels and frequency bands to be fed 

into the model were selected, the model was trained on the data. The model features were defined 

as explained in the offline analysis (step 10 Figure 18). For the classifier, we use a neural network 

model using the sci-kit – learn library in python. We create a 2-layer deep network with lbfgs optimiser 

for the log loss function and relu activation function (step 11 Figure 18). The maximum iterations were 

set to 5000 with early stopping with the tolerance of 1e-4. The training testing split is 60:40. We do 

the K- fold cross-validation to validate the accuracy of the model. 
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Figure 22: Confusion Matrix 

Once the model is trained, the confusion matrix is plotted (Figure 22). If the False Positives and False 

Negatives are low, the model is saved otherwise new features are selected and the model is retrained 

(step 11 Figure 19).  The outcome of the training phase is an EEG model trained for each patient.   

3.2.2 Testing Phase 
The testing phase is the final phase where the system works as an online closed-loop BCI for pain. 

Figure 23 shows the testing block of the system. Many of the blocks are the same as in the training 

phase, therefore the different ones are highlighted in red in Figure 23.   

 

Figure 23: System outline for testing Phase 
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A Series of stimulations are sent to the foot of the subject to test the system (Figure 23 B). To replicate 

the impact of tonic pain, trains of stimulations are sent instead of single pulses. A train consists of 5 

pulses of the same stimulation in 10 seconds.  

The Model Prediction block (Figure 23 A) first includes the Data Acquision block. Data Acquisition for 

EEG (Figure 23 A.1) and SC (Figure 23 A.2) now happens in real-time in chucks of 1 second. The chunk 

is pre-processed and processed with the same steps as in the training phase. We pick the same 

channels, time intervals and frequency bands as our features on which the model was trained. The 

pre-trained models of EEG and SC are loaded respectively, and the data is fed into the model in real-

time. The EEG and SC models predict a class every second and the two are weighed to get the final 

prediction.   

For the Pain treatment (Figure 22 C) block, if pain is detected, the therapy TENS stimulator is turned 

on. Alongside, in the VR the subject sees a wave approaching the foot. The wave progression is the 

same as explained before. The subject sees the same foot approached by the wave in the VR as the 

foot stimulated by the TENS in the real environment. If pain is not detected, the wave does not 

approach the subject. 
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Chapter 4: Results  
 

The outcomes of the BCI were analysed by calculating subject-wise accuracy and plotting SC vs EEG 

efficiency and intraclass misclassifications. Table 3 shows the accuracy of predicting pain by our BCI 

for each subject.   

Table 3: subject wise pain accuracy 

 

As each train of stimulation lasts 10 seconds, there are 10 predictions by the BCI, one for each second. 

In Figure 24, we plot the frequency of correct prediction for each class.  

 
(a) subject 1      (b) subject 2 

 
(c) subject 3      (d) subject 4 
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(e)  subject 5 

Figure 24: Actual Class VS frequency of predicted actual 

While the above graphs give an approximate idea about the classifications, it is useful to see the 

landscape of misclassifications and frequency of misclassification for a specific class for all subjects 

(Figure 25). 

 
(a) subject 1     (b) subject 2 

 

(c) subject 3     (d) subject 4 
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(e) subject 5 

Figure 25: Misclassification breakdown of each class 

Having seen the misclassifications breakdown, in Figure 26(a-e), the SC vs EEG classification is plotted. 

This gives an idea of the accuracy of the two classifiers. 

 

 
(a)    subject 1    (b)    subject 2 
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(c)  

subject 3                                                            (d)      subject 4 

 

 

 
(e)     subject 5 

Figure 26: Skin conductance VS EEG classification 
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Chapter 5: Discussions 
 

In this project, we developed a closed-loop Brain-Computer Interface to detect and treat pain non-

invasively. Our results have 78% accuracy in predicting pain in real-time using EEG and SC. This is a 

very encouraging result which indicates that our project may have practical applications.Also, it 

supports the research on existence of pain biomarkers in EEG.  

Furthermore, the results show that the frequency of classifying pain was more than 1(average:5) for 

a train of painful stimulations. This shows that it is pain that was classified and not some high 

amplitude noise. This also enables us to apply a threshold to reduce the risk of classifying false 

positives as pain. This threshold could be useful in further studies. 

In general, it was easier for the classifier to predict rest and to be able to distinguish between pain and 

rest. In some instances, the classifier misclassified touch as pain or rest, keeping the accuracy of touch 

classification the lowest. In one of the subjects, we saw 0 misclassifications of pain as rest, which is 

ideal for our system. We also saw that both Skin conductance and EEG classifiers were important for 

giving the therapy as SC worked better for some subjects than EEG and vis-a-versa. Overall the system 

was working precisely as a feature based BCI.  

Compared with the literature and existing pain biomarkers, we could draw some parallels with our 

model. We saw ERS in the theta band between 100-450ms for all the subjects. Along with this, 3 out 

of 5 subjects show ERS in the beta oscillations, which have also been seen in some of the existing 

research[51], [58], [61], [79]. 

Talking about the therapy, it served the purpose of virtual immersion of the subject into a virtual 

environment, distracting them from pain. Along with that, the congruent visual wave and the TENS 

stimulation created an illusion which was the aim. Our results show that the combination of these 

technologies could is useful for treating medical problems. Moreover, our BCI could be a starting point 

for further developments in Neuropathic pain BCI.  

Our result paves the way towards a universal therapy for patients with different kinds of chronic pain. 

More research and experiments can help understand the correctness of the system and also adapt it 

accordingly. In future studies, applying a more aggressive artifact removal algorithm could help us 

visualise the features better. While the system works well with induced pain, it needs to be tested on 

patients suffering from neuropathic pain. The system currently is based on a simple artifact removal 

algorithm which gives the risk of mistaking noise as features.  
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Chapter 6: Conclusions 
 

The proposed thesis work aimed to implement a Brain-Computer Interface to detect and treat 

experimentally induced pain. The system has been tested on 5 healthy subjects. Moreover, the BCI is 

an “open-box” meaning the system can be scaled to detect and treat Chronic Neuropathic Pain as 

well. Pain detection remains an active research topic due to the absence of reliable and universal pain 

biomarkers. Our research has successfully implemented a feature-based machine learning model for 

pain detection which can be translated on other biomarkers as well. Our interface not only detects 

pain but also gives the flexibility to select channels, time intervals and frequency bands, giving the 

experimenter control over the system. It has been seen that different channels and frequencies are 

dominant for pain detection for different subjects and this variability is used to our advantage by 

implementing subject-specific models in our BCI. Furthermore, the system can be translated from a 3-

class classifier to a 2-class classifier with only pain and rest condition classes. This is useful in testing 

the BCI on patients who suffer from chronic pain. Currently, EEG and SC models are given equal 

weightage in the detection of pain. This can also be adapted and modulated based on the user’s 

experience and result. During the training phase of the model, different models can be trained for 

each subject giving the prospect of selecting the best model for the subject. Currently, the artifact 

removal algorithm worked simply on peak-to-peak thresholding. To this, a more robust online artifact 

removal algorithm can be applied for more accurate results and predictions. Our therapy of visual-

tactile combination of TENS and Virtual Reality targets both the peripheral and cognitive components 

of pain perception. While TENS treats pain at the periphery, the VR modulates attention and manages 

the emotions of the users. The combination of the two technologies gives an edge to our BCI. Also, 

the BCI is a closed-loop system that not only detects and treats pain, but it also monitors the effect of 

the therapy on the user by constantly analysing the EEG and SC for pain. The therapy is also adaptive 

meaning it can adapt the user based on their response to the VR and TENS stimulation. To summarise, 

our BCI is a closed-loop, adaptive EEG and SC based BCI with VR and TENS therapy.   
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