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INTRODUCTION 

1.1 The relevance of the work 

 

Anxiety disorders, such as social phobia, public speaking anxiety, fear of 

flights, post-traumatic stress disorder, and others can severely limit and impact 

patients’ daily life activities. Anxiety usually leads to such symptoms as tension, 

panic, and irritability. The terms stress and anxiety are often used interchangeably as 

they play an important role in human psychology. Stress (anxiety) is a normal bodily 

reaction to stressors (stimuli) from the environment. However, prolonged or 

abnormal anxiety can lead to dysfunction and distress. Thus, it is important to 

investigate the already existing and new methods and tools that could be used for 

anxiety treatment. 

Virtual reality exposure therapy (VRET) can help solve some of these 

problems by placing the patients in a simulated 3D environment where they can 

gradually be exposed to the feared stimuli and learn to control their reactions. These 

environments can be preplanned and arranged before the treatment sessions. 

Additionally, virtually simulated environments add ability for the patient to repeat 

them in the same scenario for multiple times. Moreover, VRET sessions can be 

organized confidently and privately within the walls of a psychology clinic. They 

also have a benefit of cost saving in the long run, as the initial virtual reality system 

development can be expensive, but, once finished, the same 3D environments and 

treatment scenarios can be used for multiple patients across multiple psychology 

clinics. However, they are several barriers and limitations for a VRET-based 

treatment. Firstly, the adaptation of VRET systems is slowed by the need for VR 

training for the therapists, hardware requirements (a VR headset, a powerful PC to 

run VR software), lack of education about VR advantages, and others [1]. Secondly, 

it is important to note that the surveys of VRET studies showed that VRET is neither 

less, nor more efficient than the traditional therapy, nor does it improve the dropout 

rates [2]. Although, in the cases where it is difficult to arrange the appropriate 

treatment environments, VRET can serve as a great alternative. 

As previous researchers have shown, the virtual reality exposure therapy 

(VRET) can be used as a tool during therapist-led anxiety disorder interventions. 

One of the potential strengths of VRET systems is that they provide an opportunity 

for a psychologist to interact with virtual 3D environments and change therapy 

scenarios according to the individual patient’s needs. However, the design and the 

architecture of many VRET systems is standalone by their nature. This means that 

the therapist can only observe the patient’s actions in a preplanned scenario, and has 

no ability to change the virtual environment to better suit the specific patient.  

Dynamic interaction with the VRET system for the therapist can open up 

additional treatment options. These interactions can provide ability to control virtual 

avatars and virtual crowds, change their behavior and reactions based on the 

patient’s actions during the session, and create either less or more stressful 

experiences according to the patient’s progression. Thus, the same scenario can be 

used multiple times with unexpected and new adaptations. Additionally, the 
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environment itself can be changed to reflect daily or nightly scenarios, or, in the case 

of driving anxiety, traffic can be either light or really heavy.  

Moreover, stressful or feared situations can be initiated by the therapist on the 

required scale of intensity, like turbulence during a flight for flight anxiety, car 

incidents for driving anxiety, or a computer crash during a presentation for public 

speaking anxiety. Finally, various audio-based stimuli can be integrated and 

triggered by the therapist at appropriate times. These can be either sounds for an 

environment, such as noisy traffic and drivers yelling, or audio cues related to panic 

attacks, like extensive heartbeats or heavy breathing. 

However, in order to achieve higher efficiency, the patient’s anxiety level 

should be tracked throughout the VRET session. This would allow the therapist to 

evaluate the current state of the patient more easily and to change the course of the 

virtual environment and the scenario. Therefore, in order to fully use all the 

advantages provided by the VRET system, a mental stress detection system is 

needed.  

Anxiety recognition systems are widely researched and used in various 

scenarios. Human body reactions to stress can be observed by measuring bodily 

reactions controlled by the autonomic nervous system (ANS). ANS can be separated 

into two major systems: the parasympathetic nervous system and the sympathetic 

nervous system. The parasympathetic system is responsible for calming reactions 

and returning the nerves to the neutral state, while the activation of the sympathetic 

system is activating the body reaction to the potential threat. These changes are 

reflected through psychophysiological signals that can be collected with wearable 

non-invasive biofeedback sensors. Such signals as the blood volume pressure 

(BVP), galvanic skin response (GSR), respiratory rate (RV), heart rate (HR), 

electroencephalogram (EEG), electromyography (EMG) and skin temperature can 

be processed to recognize anxiety. This requires processing of various signals, 

feature extraction, feature selection, and classification methods to be implemented.  

The anxiety recognition component integration into an interactive VRET 

system could lead to novel advances and improvements in this kind of therapy. 

Therefore, this work focuses its efforts onto designing the architecture and methods 

for this kind of system. 

 

1.2 Object of the work 

 

The object of this research is an anxiety-aware Virtual-Reality-as-a-Service 

(VRaaS) model. 

 

 

1.3 Aim of the work 

 

The aim of the work is to develop a virtual reality model that could be used as 

a tool for inducing the desired human affective states by using virtual reality stimuli 

and recognizing affective states (anxiety) by using psychophysiological signals. 



   15 

 

1.4 Tasks of the work 

 

The main task of this study is the design and investigation of adaptive VRET 

system with an integrated anxiety recognition component, which includes the 

following subtasks: 

 

1. Analyze state-of-the-art VRET systems, their models, architectures, 

and advanced usage capabilities, and stress detection frameworks 

which employ psychophysiological signal analysis. 

2. Propose an adaptive design of a VRET system based on a Virtual-

Reality-as-a-Service (VRaaS) model. 

3. Develop practical implementation of the proposed anxiety recognition 

component with an ability for the therapist to adapt the exposition 

therapy session scenario in real-time. 

4. Evaluate psychophysiological signal processing and feature extraction 

techniques for the anxiety recognition component working within the 

VRET system. 

  

1.5 Scientific novelty  

 

The work achieved these novel results: 

 

1. The proposed VRaaS model enables an adaptable VRET system with 

an integrated anxiety recognition component. This system provides 

ability for the therapist to adapt virtual environments, change reactions 

of virtual avatars, and trigger various situations during treatment 

sessions in order to personalize the treatment session for a specific 

patient. 

 

2. The suggested VRET system features an integrated four-class anxiety 

recognition model, while the work of previous researches mostly 

focused on recognizing anxiety in two or three classes. This model 

provides the ability for the therapist to recognize the patient’s anxiety 

during VRET at more distinct levels (low, mild, moderate, and high 

anxiety). Based on this capability to recognize anxiety in a more 

precise manner, the therapist has more information on how to adapt 

the current virtual environment scenario for the patient in real-time (to 

lower or to increase the intensity of the therapy).  
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1.6 Practical value 

 

Most of the VRET system is based on the standalone applications running on a 

PC. This thesis describes an architecture of a cloud-based VRET solution that can be 

used across multiple psychology clinics and with a lightweight setup. 

Additionally, the VRET system designed and described in this thesis provides 

capabilities for the therapist to actively participate during the session. By using the 

implemented VRET system, the therapist can change and influence the course of the 

therapy scenario and adapt it to the patients’ needs. 

Moreover, we design a psychophysiological signal processing and feature 

extraction component for anxiety recognition during the session. This would 

potentially help the therapist to measure more accurately the condition of the patient 

during the VRET session, thus allowing better adaptation of the VR scenario. 

Additionally, the proposed VRET system with the ability to measure and 

recognize the patient’s anxiety was supported by the European Regional 

Development Fund within the “Intelektas. Bendri mokslo-verslo projektai” program. 

Therefore, the implemented system has already been used in psychology clinics to 

conduct clinical trials. 

This thesis shows the fundamental knowledge of VRET system design, feature 

extraction, and classification of patients’ anxiety during VRET sessions when using 

machine learning methods. Finally, it presents an experiment with 30 participants 

for the treatment of public speaking anxiety conducted with a VRET system 

designed by the author of the thesis. 

 

1.7 Thesis statements 

 

1. A VRET system based on the Virtual-Reality-as-a-Service (VRaaS) 

model enables the development of an adaptive, affordable, mobile, and 

simple VRET toolkit for a psychology clinic. 

 

2. The adaptive and interactive design of VRET systems allows the 

therapist to change the VR environments during the treatment sessions 

in real-time, thus providing more capabilities of personalized affective 

disorder analysis and treatment. 

 

3. A VRET anxiety recognition system that uses psychophysiological 

signals collected through wearable sensors can be integrated within the 

bounds of the VRET system and is capable to recognize the patient’s 

anxiety at four levels (low, mild, moderate, and high anxiety). 

 

1.8 Scientific approval 

 

This dissertation is partly based on the data and research experience gathered 

and described in the following peer-reviewed journal articles: 
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1. Šalkevičius, Justas, Miškinytė, Audronė, & Navickas, Lukas. (2019). 

Cloud based virtual reality exposure therapy service for public 

speaking anxiety. Information, 10(2:62), 1-15.  

 

2. Šalkevičius, Justas, Robertas Damaševičius, Rytis Maskeliunas, & 

Ilona Laukienė. (2019). Anxiety Level Recognition for Virtual Reality 

Therapy System Using Physiological Signals. Electronics, 8(9), 1039. 

 

This dissertation is partly based on the following peer-reviewed conference 

publications: 

 

1. Šalkevičius, Justas, and Navickas, Lukas. (2018). Battling the fear of 

public speaking: Designing software as a service solution for a virtual 

reality therapy. W-FiCloud 2018: 6th International Conference on 

Future Internet of Things and Cloud Workshops, 6–8 August 2018, 

Barcelona, Spain, 209-213.  

 

2. Šalkevičius, Justas, and Damaševičius, Robertas. Adapting Virtual 

Environments Based on Patients’ Anxiety during Virtual Reality 

Exposure Therapy. 11th International Workshop on Data Analysis 

Methods for Software Systems, Druskininkai, Lithuania, November 

28-30, 2019 (2019): 79. 

 

1.9 Thesis structure 

 

This thesis consists of 6 chapters. Chapter 1 is an introduction to the thesis 

which summarizes the aim, novelty, objectives, and motivation for the work. 

Chapter 2 begins by describing VRET based anxiety treatments and contains a 

thorough review of the potential adaptations, advantages, and limitations of the 

currently available VRET systems. We review their usages and state-of-the-art 

techniques that are being used to design such systems. Additionally, we review the 

mental stress and anxiety recognition frameworks used in various fields. Moreover, 

we are reviewing psychophysiological signal processing and feature extraction 

methods that can be used in designing and implementing the mental stress 

recognition framework. The purpose of this section is to introduce and familiarize 

the reader with the field of VRET and anxiety recognition systems that are using 

psychological signal analysis in order to correctly identify the subject’s emotional 

states. 

Chapter 3 presents our suggested VRaaS model which enables an interactive 

VRET system with an ability to adapt virtual therapy scenarios based on the 

patient’s anxiety. We carefully describe the thought process of developing the 

VRET system. We are starting from VR hardware selection, the architecture of the 

major components for our VR system, and then we are discussing the real-time 

interactions with 3D environments that our application provides for the therapist, 
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and, lastly, we are describing the VR scenes created for public speaking anxiety and 

the integration of anxiety. 

Chapter 4 focuses on the methods that were used to implement the anxiety 

recognition model within our VRET system. We discuss the selected methods and 

techniques for psychophysiological signal processing, normalization, feature sets, 

and anxiety state labeling. We detail the design of the signal processing and feature 

the extraction methods. 

Chapter 5 describes the experiment flow and the analysis of the classification 

results. We are discussing the classification windows size selection, signal feature 

selection, as well as the classification accuracy by using standalone signals and 

signal fusion. Lastly, we are performing independent subjects leave one out 

validation and comparing our results to similar studies in the field of anxiety 

recognition. 

Chapter 6 contains conclusions and reviews the results achieved with our 

implemented VRET system with an anxiety recognition component tackled by our 

research. 
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2 BACKGROUND OF VIRTUAL REALITY EXPOSURE THERAPY  

2.1 Anxiety disorders and their treatment 

Anxiety disorders are reaching rates as high as 28.8%, according to World 

Health Organization statistics [3]. In many cases, anxiety or stress is a normal 

reaction of the organism in order to cope with unexpected events. However, 

abnormal reactions to simple daily stress stimuli can cause enduring anxiety. These 

abnormal reactions are classified as anxiety disorders, which include various 

phobias, panic, social anxiety, and generalized anxiety disorders, etc. More than 

30% of the population has been suffering from an anxiety disorder at least once 

during their lifetime [4]. Anxiety can be caused by multiple causes, such as past 

experiences, exhaustion, job burnout, loneliness, abuse, etc., and it can lead to 

reduced quality of life and labor productivity at work [5]. Anxiety can severely 

impact a patient’s daily life, trigger social communication problems, and diminish 

life quality. Moreover, anxiety disorders are usually chronic conditions and require 

prolonged treatment periods [6].  

Anxiety disorders usually are noticeable in two dimensions: psychological and 

physical. Psychological symptoms are recognized as irritability, tension, 

disturbance, and restlessness, while physical reactions are involving the adrenal 

glands, the sympathetic system, and the production of hormones. Anxiety disorders 

are a part of mental illnesses and are manifested by various symptoms, like worry, 

avoidance of social contact, panic, fear, distress, and sleeplessness. These symptoms 

can be decoded by applying a variety of emotional stimuli, such as static and 

dynamic audio/video stimuli [7]. 

Anxiety disorders can be treated using cognitive behavioral therapy (CBT) [8]. 

For example, public speaking anxiety is usually treated by employing cognitive-

behavioral therapy (CBT) combined with exposure therapy (ET). These therapy 

sessions are designed to let the patient experience their anxiety in a managed 

environment enabled by in vivo (real-world confrontation of fear stimuli) and an 

imagined exposure (when the patient is asked to vividly imagine and describe the 

fear stimulus) [9]. CBT is focusing on changing the patient’s cognitive patterns and 

behaviors when faced with the feared stimuli and on learning new coping 

techniques. CBT is a popular treatment adapted by many therapists as interventions 

can be flexible and organized in many different forms. This includes group therapy 

sessions, individual interventions, or even self-therapy. The important distinction in 

CBT is how the patient confronts the feared object. As mentioned before, it can be 

done either in vitro, when the feared stimuli are imagined and vividly described, or 

in vivo, when the stimuli are faced in the real world. The in vivo method is a key 

feature of the exposure therapy, which provides the most efficient way of treating 

anxiety disorders. Therefore, in the clinical community, an exposure therapy was 

proven to be ‘gold standard’ for treating anxiety disorders [10]. 

Yet, ET raises several challenges for a successful treatment. First of all, it 

could be difficult to arrange a session in the appropriate environment: an airport for 

flight anxiety, traffic environment for driving anxiety, etc. Secondly, it could be 

difficult or almost impossible to organize confidential treatment sessions in public 
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spaces. Thirdly, if an in vitro session is arranged in the public space, it is not 

possible to control the environment. Fourthly, it could be even dangerous to put an 

anxious patient in the feared scenarios, like driving a vehicle through the city for 

driving anxiety. Lastly, even in the case of in vivo therapy, patients can have 

difficulties or be unwilling to imagine the object that causes anxiety. 

 

2.2 Virtual reality exposure therapy 

 

Sometimes it can be very costly to set up and manage a controlled 

environment for feared stimuli. Thus, cost-effectiveness is an important topic for 

anxiety disorder treatment when using exposure therapy [11]. New advances in 

virtual reality (VR) technologies and high-quality consumer-grade devices [8] have 

opened up new prospects for virtual reality exposure therapy (VRET). VR systems 

for exposure therapy can offer reusable 3D environments and interactive scenarios 

for the feared stimuli that can be difficult to replicate in real-life, such as a virtual 

battle environment for post-traumatic stress disorder (PTSD) [12], or a virtual flying 

environment [13]. Moreover, a recent survey of VRET studies showed that it could 

be equally effective as in vivo exposure therapy, and it even has a slightly lower 

dropout rate compared to the traditional treatment [14]. 

We can improve and analyze VRET systems better by tracking the patient’s 

physiological signals [15][16]. The ability to track and recognize the patient’s 

anxiety levels during VRET interventions can help to adapt and individualize the 

therapy. By implementing these capabilities in VRET systems, we can move them 

closer to achieving the goals of affective computing (AC) to detect and recognize 

human affective states or their disorders, such as depression [17]. AC has become an 

important branch of the field of human-computer interaction (HCI) [18]. Systems 

with affective computing capabilities can sense the emotions of the user. With this 

information, the system can adapt to the user by performing a predefined sequence 

of actions [19], such as changing the reactions of 3D avatars in the VR environment 

based on the patient’s anxiety [20]. Many psychological cues can indicate the 

change of the user’s affective state, such as facial expressions, posture, pulse, 

temperature, electrodermal activity (EDA), etc. In order to detect an emotional state, 

it is required to gather these emotional cues from biofeedback devices and then 

extract strong patterns and features. As many studies have shown before, the most 

advanced way to implement these requirements is to use machine learning models 

that can learn from features acquired from physiological signals, such as Blood 

Volume Pressure (BVP), Photopletysmography (PPG), Heart Rate Variability 

(HRV), Galvanic Skin Response (GSR), Electroencephalography (EEG), 

Electromyography (EMG) and others [21][22][23][24].  

Providing manageable environments could be a vast and expensive task, 

whereas the use of the virtual reality exposure therapy (VRET) can help to achieve 

the same desired effect by putting the patient into a simulated 3D environment [25]. 

At least 24 VRET studies were conducted and reviewed from 2012 to 2015 [26]. 

The authors of these VRET trials demonstrated that the use of virtual reality systems 

in the therapeutic setting is even more effective than the standard CBT session. Yet, 
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as more and more virtual reality headsets are reaching the market, it is increasingly 

important to analyze the impact of new devices on the quality of VRET sessions. 

Even simple hardware limitations, such as poor screen density or a poor VR sensor 

signal, can reduce the effectiveness of the therapy [27]. Therefore, more effort 

should be applied to investigate and measure the impact of newly developed VRET 

applications which enable the psychologist to interact with and adapt the 3D 

environment for the patient in real-time. Public speaking anxiety has been 

successfully treated by using various VRET implementations [28][29][30]. Yet, 

these implementations do not compare with a mobile VRET solution which can be 

easily accessed by wider audiences and which gives more VR scenario control 

options to the psychologist. 

Additionally, it is important to select a correct physiological signal sensor 

device which could be comfortably used with the VR headset. A recent survey of 

physiology-based mental stress detection systems which use machine learning 

methods reported over 25 different wearable sensors which were employed to collect 

such signals [31]. However, for the data collection during VRET sessions, it is 

important that the VR device itself would not create additional discomfort and stress 

for the patient. Thus, wristband base biofeedback devices are preferable for VRET 

users. However, EEG data collection in combination with the VR systems is limited 

to custom-made setups and is not widely used with VR headsets. 

Since Max North [32] pioneered the term virtual reality therapy, hundreds of 

studies have been dedicated to this field [33][34][35]. The most popular applications 

feature dental phobias, flight anxiety, public speaking anxiety, and fear of heights to 

PTSD. 

An extensive review of multiple VRET studies was conducted by Botella et al. 

[36]. The authors noted that simulated VR scenarios can increase the effect of CBT 

sessions and can provide a faster result for the patient. The paper also states that 

VRET is limited by poor uptake by psychologists. This poor uptake is usually 

caused by the difficulty of setting up the VR hardware, lack of simple instructions 

for the user, and the cost of VRET systems.  

Another systematic review of VRET applications was written by Carl et al. 

The authors noted that this kind of therapy is more effective than standard CBT 

treatments [37]. Moreover, this effectiveness can be seen across a variety of phobias. 

An online VRET application was developed and reviewed by Levy et al. They 

used the online VR scenario for the treatment of acrophobia [38]. However, the 

authors stated that the extensive requirements imposed on the VR setup and the need 

for powerful PCs is halting the adoption of VRET solutions. 

Suyanto et al. suggested that a mobile VRET solution could be improved by 

the Kinect sensor. Moreover, they were using the State-Trait Anxiety Inventory 

(STAI) scale in order to evaluate the reduction of self-observed anxiety levels before 

and after a VRET session [39].  

Similarly, Shunnaq et al. used the Hamilton scale to measure the efficiency of 

their VRET solution [40]. The Subjective Units of Distress (SUD) scale was used by 

Rauch et al. in an extensive VRET study for PTSD (Posttraumatic stress disorder) 

[41]. 
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A VR driving simulator was used by Zinzow et al. They have investigated the 

possibility of using a VRET system as a tool for the treatment of PTSD [42]. While 

some participants complained about the virtual reality environments not being 

realistic enough, the study showed a significant reduction in risky and aggressive 

driving.  

Marquardt et al. proposed that VRET applications could be improved by using 

multisensory cues in order to increase engagement and to trigger a stronger 

emotional response [43]. Their system includes an olfactory device which can 

trigger a variety of smells aimed towards the user and which uses large fans to create 

a wind effect for acrophobia environments. 

The effects of the 3D scene characteristics (space openness, tidiness, and 

color) in a virtual environment were analyzed by Christofi et al. Their research 

showed no significant increase of anxiety in messy virtual environments [44]. 

Contradicting reports were received from the participants that messy rooms 

increased their stress. 

Poeschl et al. investigated the effects of a virtual crowd during a VRET 

session [29]. The facial expressions and gestures of the virtual audience were 

highlighted as important factors for increased stimuli. 

Beidel et al. [45] investigated VRET efficiency for PTSD treatment by 

conducting a randomized controlled trial. During the study, more than 90 war 

veterans underwent VRET sessions with an effectiveness being evaluated mid- and 

post-treatment, and at 3/6 month follow-ups. The participants’ anxiety levels 

throughout the VRET session were assessed by using the subjective unit of distress 

scale (SUDS) and were collected at 10 min intervals. This study confirmed a 

hypothesis that VRET resulted in a significant decrease in PTSD symptoms. 

Automated VRET sessions for acrophobia were conducted by Freeman et al. 

[46]. In a period of 4 weeks, these sessions managed to significantly reduce the fear 

of heights for the study group. These results demonstrated the possibility of reducing 

therapy costs by using the VRET solution. 

Manju et al. used a VR system in order to reduce social anxiety within a study 

group of kids with autism disorder [47]. Virtual environments provided the ability to 

repeat social interactions multiple times, which helped these patients to concentrate 

their minds into a single action. 

Some researchers are already integrating the psychophysiological signal in 

their studies. However, in most cases, these observations are limited to statistical 

analysis with some initial steps to a fully fledged anxiety recognition system for 

VRET. 

Another VRET study for anxiety disorder treatment was conducted by Diemer 

et al. [48]. The study included 40 patients with acrophobia and 40 healthy 

participants targeting the fear of height. The VR scenario increased the scene height 

every 2 minutes, and the participants’ subjective fear was also assessed by using 

SUDS. Additionally, the authors collected GSR and HRV signals during their VRET 

sessions. The study found that the VR height scenario activated physiological fear 

reactions for both experiment groups. 
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Raghav et al. [49] suggested using VRET for dealing with dental phobias in 

adults. A randomized clinical trial was conducted among 30 patients. Two groups 

were separated, and one of them had a VRET session, while the other group was 

given informational pamphlets. A visual analogue scale for anxiety (VAS-A) 

measuring from 0 to 100 was used to record subjective fear, and participants’ HRV 

signals were collected. The concluded study showed a significant reduction in the 

anxiety scores in the VRET group. 

Freeman et al. used [46] immersive VR for treating the fear of heights. During 

the experiment, electrocardiogram (ECG), GSR and respiration data were collected. 

The experiment involved 61 participants who were involved in relaxation – stress – 

relaxation type tasks, each participant repeated this for 15 times in the interval of 4 

weeks. When using this data, a binary classifier was trained for two classes: relaxed 

or stressed. The authors achieved 88% accuracy with the fused signal feature set 

using SVM.  

The benefits of converting the traditional one-session exposure therapy (OST) 

to the VRET system are discussed by Miloff et al. During OST, the patient is 

gradually exposed to the stimuli for up to 3 hours, which can use up significant 

financial resources – while a VR system can help to reuse the same 3D environment 

for multiple patients [50]. Various authors reviewed the possibility of combining 

VRET systems with another stress management practice. Diaphragmatic breathing 

during a VRET session is suggested as a way to reduce stress [51]. A visual 

feedback system that could represent the current level of anxiety in the 3D 

environment was also investigated as an impactful way to control anxiety [52]. A 

VRET solution with a haptic feedback device that emulates heartbeat was described 

by Seol et al. [53].  

Lindner et al. compared therapist-led and self-led VRET sessions conducted 

by using mobile devices [51]. Both groups in their study experienced a significant 

reduction of the public speaking anxiety. The advantages of mobile VRET solutions 

were also reviewed by Wiederhold et al. [54]. In their paper, the authors emphasized 

that, while the mobile solutions cannot offer high definition displays, they still can 

help to significantly reduce pain and anxiety. 

On the other hand, the two recent systematic surveys of VRET studies 

indicated the following limitations of this kind of treatment [55][2]: 

• VRET is neither less nor more effective than the traditional in vivo 

exposure therapy. 

• VRET could be the preferential choice only in cases when it can be 

more accessible or preferable than the traditional alternatives. 

• The use of VRET does not lower the attrition and dropout rates from 

the therapy course. 

 

Sight impairments can be a major factor in the usefulness of VRET. Bun et al. 

separated their experiment participants into four groups – with and without the fear 

of heights and with and without sight impairments [56]. The authors observed that 

higher anxiety levels were induced by the VR stimuli for the group without sight 

impairment.  
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2.3 Architectures and models of VR systems 

 

 Bekele at al. suggested the VR architecture of standalone application where 

all the components – VR Task Engine (Unity), Eye tracker application and 

physiology signal modules – communicate through a unified network interface 

layer, although all the meta-data, such as physiology, eye tracking and Performance 

logs generated by components are stored and kept separately (Figure 1). 

 

 
Figure 1. VR system design by Bekele et al. [57] 

  

 A more advanced VR system architecture was described by Dhiman et al. 

Their system offered three levels of difficulty for a VR-based task. A physiological 

data acquisition model would collect and analyze the user’s physiological signals 

and would pass them to task the difficulty switching module. This module would 

react on the grounds of the predefined user’s performance parameters based on 

previously analyzed signals and would switch the VR application either to a lower 

or to a higher difficulty setting controlled by the VR task module (Figure 2). 

 

 
Figure 2. VRET system architecture with difficulty levels by Dhiman et al. [58] 

 

 The architecture of a remote VRET system with therapist led interactions 

was used by Brinkman et al. The therapist would spectate and listen to the 



   25 

participant through a camera and a microphone. Based on the participant’s behavior, 

the therapist would adapt and choose the dialogue from the dialogue database 

through the therapist’s interface, and this dialog would be played for the participant 

(Figure 3). 

 

 

 
Figure 3. Architecture of online remote VRET system by Brinkman et al. [59] 

 

Ben-Moussa et al. separated the virtual therapy system design into major 

components (Figure 4). Firstly, the user interface is delivered through an AR or VR 

headset with a smartphone application. This is followed by an intelligence and 

control module which is responsible for progress tracking, logging and patient 

behavior interpretation. These two components additionally rely upon pre-defined 

data including scenarios, workflows, and personalized customization, as well as 

perception technologies, such as psychological signals or audio analysis. 

 

 
Figure 4. Virtual exposure therapy architecture with personalized customization by Ben-

Moussa et al. [60] 
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We have compared these architectures based on the ability to adapt a VR 

scenario during the session, how the therapist can manage the VRET sessions, 

whether the affective state recognition is available, and how scalable the system can 

be to set it up and control it throughout multiple sites (Table 1).  

 
Table 1. Comparison of VRETs across different studies. 

 Bekele et al. 

[57] 

Dhiman et al. 

[58] 

Brinkman et 

al. [59] 

Ben-Moussa  

et al. [60] 

VR scenario 

adaptability 

Low: there is 

no way to 

personalize the 

session 

Medium: 

predefined 

difficulty levels 

Medium: 

dialogue trees 

can be changed 

by the therapist 

High: therapy 

scenarios can 

be personalized 

for the each 

patient 

Accessibility 

for the 

therapist  

Low: the 

therapist can 

only spectate 

the scene from 

an additional 

monitor 

Low: the 

therapist can 

only spectate 

the scene from 

an additional 

monitor and 

review logs 

after the 

session 

Medium: the 

therapist can 

see and listen 

to the patient 

via audio and 

video feed. 

Special 

interface is 

provided for 

dialogue 

control 

High: the 

therapist has 

multiple 

dashboards to 

track a patient’s 

progress during 

the treatment 

Affective state 

measurement 

Low: only eye 

positions are 

tracked 

High: 

psychological 

signals are 

tracked and 

analyzed to set 

difficulty levels 

Low: patient’s 

speech is 

recorded, but 

not analyzed 

Medium: 

psychological 

signals are 

tracked, but 

affective state 

is not 

recognized 

Scalability Medium: 

architecture 

does not need 

extensive setup, 

however, it is 

based on a 

standalone 

solution 

Medium: 

architecture 

does not need 

extensive setup, 

however, it is 

based on a 

standalone 

solution 

Low: 

architecture 

requires a 

heavy setup 

High: therapy 

sessions can be 

conducted 

online or via 

self-treatment 

 

 

2.4 Affective computing in virtual environments 

 

Affective state recognition, while using virtual environments, has been 

investigated by multiple researchers. Measuring and recognizing the emotional state 

of the user could lead to systems that can adapt to the user’s emotional state.  

The process of measuring such psychophysiological signals as ECG and EEG 

while the user is in a virtual reality environment was described by Marin-Morales et 
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al. They constructed an experiment around 360° panoramas [61]. After viewing the 

panorama, sixty users immediately evaluated by it using self-assessment dummy for 

measuring arousal and valance. Their SVM-based model was capable to correctly 

classify arousal and valiance with 70% accuracy. 

Mavridou et al. have used blood volume pulse (BVP) and electrocardiography 

(ECG) sensors to measure subjects’ heart rate in virtual environments. The authors 

then used a support vector machine (SVM)-based model to recognize arousal and 

suggested that this kind of affective state recognition system would be useful for 

healthcare interventions [62]. 

The process of affective state recognition in dynamic virtual environments was 

described by Moghimi et al. While the experiments were not conducted in virtual 

reality (a VR headset was not used), it carefully describes every step of affective 

state recognition in virtual environments [63]. This paper describes GSR, EEG, and 

heart rate signal processing, normalization, and feature extraction techniques. KNN 

and SVM methods were used to classify binary emotional states of high and low 

arousal and anxiety with 98% accuracy. Finally, Moghimi et al. expanded their 

participant count to 103 and published an emotional state data set collected in virtual 

environments. However, they still merely used the game-virtual environment 

without VR headsets [64]. 

Christou et al. designed an affective state analysis system for virtual crowds 

[65]. This virtual reality environment was constructed with the idea that the user was 

surrounded either at a larger proximity or in close proximity when the virtual crowd 

avatars intruded the user’s personal space. The authors used GSR and BVP sensors 

to measure the participants’ reactions to the stimuli. 

GSR, respiration, ECG, and EEG physiological signals were used by Wu et al. 

19 participants drove a virtual Humvee in virtual reality during three military 

scenarios [66]. The first test was of a low threat, but, during the driving experience, 

the participants had to do a mental task, specifically, to name the color which 

popped up in the environment. The second test was the same as the first one, but in a 

high threat environment, and the third set was in the same high treat environment as 

the first one, but the participants were asked to do a Stroop test (the name of the 

color is written by using a different color) instead of color naming. The authors 

successfully recognized the participants’ arousal. 

Biofeedback based analysis for video games was described in the paper of 

Zafar et al. The authors constructed three video games and measured the 

participants’ respiratory signals during the gameplay and stressful Stroop test tasks 

[67]. Biofeedback helped the players to recognize and adapt to their stressful 

behavior during the experiment. 

Menezes et al. investigated possibilities of emotion recognition in virtual 

environments [68]. While the authors were not experimenting with virtual reality by 

themselves, they still argued that emotional databases, such as DEAP [69], where 

the stimuli were music video clips, can be used to train initial models to recognize 

the arousal and valiance of the user. 
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2.5 Recognition of stress and anxiety 

Mental stress or anxiety detection is a highly popular topic of research 

[31][70]. Anxiety is recognized by using psychophysiological signals that are 

collected by using various sensors or variable devices. There are many signals which 

can indicate anxiety; usually, they include GSR, BVP, EEG, ECG, HR, speech and 

other observable measurements. 

Gareth Walkom used biofeedback devices to measure psychophysiological 

signals [71].  Electrodermal activity and skin temperature were observed by using an 

Affectiva Q Sensor wristband. The results showed a significant increase in the 

psychophysiological signals. 

Speech and GSR-based system was suggested by Kurnianwan et al. [72]. 

These signals were recorded while the experiment participants were solving light or 

heavy workload mental tasks. Additionally, the baseline of the relaxation period was 

recorded. Like in the previous studies, a higher accuracy was achieved by using 

signal fusion. Finally, 92% accuracy for three-class stress detection was achieved. 

Gjoreski et al. [73][74] described a continuous stress detection system which 

used an Empatica wristband to physiological signals. Their experiments consisted of 

two parts – one in laboratory conditions, and the second one in the real life. During 

the experiments in the laboratory settings, the participants solved a stress-inducing 

task proposed by Dedovic et al. [75]. For real-life stress prediction, the participants 

were asked to manually note the hours that were stressful. The authors achieved 

83% accuracy for the classification of ‘no stress’, ‘low stress’ and ‘high stress’ 

states.  

Various factors can affect the reliability of mental stress (anxiety) 

recognition systems. One of the latest systematic reviews of stress recognition 

systems which used wearable sensors as the source identified the following main 

challenges [70]: 

• Discrimination of similar emotions: the nature of human psychology 

can greatly impact the reliability of an anxiety recognition system. 

Some psychophysiological signals, such as the heart rate, can show up 

as a similar signal for different emotions. Thus, discrimination of the 

human emotions remains a challenge for all researchers. 

• Unknown context and conditions: unless the experiment is conducted 

in perfect laboratory conditions, we must deal with non-restricted 

environments and stimuli. Even at the psychology clinic, we still 

cannot fully control such factors as the room temperature or audio-

visual stimuli from the environment.  

• Artifacts from movement: as the psychophysiological measurements 

are done through wearable sensors, the data can become full of 

artifacts. Even when the data is collected with the supervision of a 

professional, wearable devices can suddenly shift from it their proper 

position. This is also a relevant issue for VRET studies due to the 

implied nature of 360° movement and vision. 
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• Subjective ground truth: in order to use classification methods, we 

have to label each point of the data and assign a specific value for it. 

However, as we do not know the ground truth, we have to trust the 

subject to correctly fill a subjective report, form or survey. Moreover, 

as these labels are subjective, they can change from person to person, 

even two subjects with identical psychophysiological signals can 

report different anxiety levels. Finally, the time to label the anxiety 

level (to fill a survey or questionnaire) also, can add major shifts in the 

labeling accuracy. 

 

2.6 Psychophysiological signals for anxiety detection systems 

 

The main factors influencing the design and the architecture of anxiety 

recognition systems are psychophysiological signals and, usually, non-invasive 

sensors to collect them. As the stimulus creates physiological responses, that leads to 

peripheral change and becomes an emotion. 

There are several peripheral parameters that are used to recognize the affective 

state: galvanic skin response (GSR) or skin conductance (SKC), blood volume pulse 

(BVP), respiratory volume (RV), electromyogram signal (EMG), skin temperature 

(SKT) and heart rate (HR), which could be measured or estimated from the BVP 

signal sensor: 

• Galvanic skin response (GSR) is a phenomenon which is manifested 

by the skin becoming a better conductor of electricity for a short 

period of time, when stimuli cause psychological arousal [76]. 

 

• Blood Volume Pulse (BVP) – the change of the blood volume 

measurement gives information about sympathetic activation. With the 

change of the diameter of blood vessels, changes of the blood volume 

and flow can be observed [77]. 

 

• Respiratory Volume (RV) – the calm state leads to slower and shorter 

breaths, while excitement and physical activity inflict deeper breaths. 

The s stress state can be detected with more frequent breathing, while 

negative emotions result in irregular breaths [78]. 

 

• Electromyogram Signal (EMG) – emotional intensity leads to 

involuntary moderate contraction of muscles pushed by nervous 

energy [79]. 

 

• Skin Temperature (SKT) – changes to the skin temperature are 

induced by the vasodilation of peripheral blood vessels activated by 

the automatic nervous system [80]. 
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• Heart rate (HR) – emotional experiences are often reflected through 

cardiovascular changes which are triggered to prepare for an 

emotional response [81]. 

 

Once the preferred psychophysiological signals have been picked, the sensors 

which will register these signals have to be chosen. Sensors can range from clinical 

ones to more user-friendly ones which do not interfere with the users’ daily 

activities. The latest research often use Empatica E4 or similar wristbands as they 

provide good quality of data and allow freedom for movement [82]. 

 

 

2.7 Psychophysiological feature extraction 

 

The main psychophysiological signal features were reviewed by Picard et al. 

and  are commonly analyzed in literature on emotion physiology [19].  

These features included the mean absolute value of the raw signal, the standard 

deviation of the raw signal, the first difference of the mean absolute value for the 

raw and normalized signal, and the second difference of the mean absolute value for 

the raw and normalized signal.  

Additionally, various extended statistical functions can be used to extract a 

variety of features that are used for the recognition of the affective state. Moreover, 

signal-specific features can be extracted from the GSR signal.  

The BVP signal is revealed by the heartbeat-related feature set. Heartbeat can 

be calculated from BVP by using variational mode decomposition (Figure 5). VMD 

decomposes the signal into a number of modes of different center frequency, energy 

and bandwidth. Some of the decomposed modes then are dominantly modulated by 

the cardiac rhythm. These modes can be selected by using FFT-based analysis. 

Then, the maximum variation of modes is selected and used with the STFF 

algorithm to estimate the heart rate frequency [83]. 

 

 

 
Figure 5. Process of decomposing BVP into heart rate 

 

 All  of  these  features give a great variety of methods to extract the key changes of 

the signal that could indicate a change in the affective state. The whole feature set is 

shown in  Table 2. 
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Table 2. Feature set of physiological signals 

Signal type Group Feature 

All Statistical Minimum 

min⁡{𝑋𝑛} 
Maximum 

max⁡{𝑋𝑛} 
Arithmetic mean 
1

⁡𝑁
∑ 𝑋𝑁

𝑁

𝑛=1
 

Variance 
1

𝑁 − 1
∑ (𝑋𝑛 − 𝐴𝑀)2

𝑁

𝑛=1
 

Standard deviation (SD) 

√
1

𝑁
∑ (𝑋𝑛 − 𝐴𝑀)2

𝑁

𝑛=1
 

Median 

(
𝑁 + 1

2
)𝑡ℎ 

Kurtosis 

∑ (𝑋𝑛 − 𝐴𝑀)
4

(𝑁 − 1)𝑆𝐷4

𝑁

𝑛=1
 

Skewness 

∑ (𝑋𝑛 − 𝐴𝑀)
3

(𝑁 − 1)𝑆𝐷3

𝑁

𝑛=1
 

Expanded 

statistical 

[16] 

Mean absolute deviation  
1

𝑁
∑ |𝑋𝑛 − 𝐴𝑀|

𝑁

𝑛=1
 

6th moment 
1

𝑁
∑ 𝑋𝑛

6
𝑁

𝑛=1
 

5th moment 
1

𝑁
∑ 𝑋𝑛

5
𝑁

𝑛=1
 

4th moment 
1

𝑁
∑ 𝑋𝑛

4
𝑁

𝑛=1
 

3rd moment 
1

𝑁
∑ 𝑋𝑛

3
𝑁

𝑛=1
 

Root mean square 
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√
1

𝑁
∑ 𝑋𝑛

2
𝑁

𝑛=1
 

Differential 

[16] 

1st difference 
1

𝑁 − 1
∑ |𝑋𝑛+1 −⁡𝑋𝑛|

𝑁

𝑛=1
 

1st difference divided by SD 
1

𝑁 − 1
∑ |𝑋𝑛+1 −⁡𝑋𝑛|
𝑁
𝑛=1

𝑆𝐷
 

2nd difference 
1

𝑁 − 2
∑ |𝑋𝑛+2 −⁡𝑋𝑛|

𝑁

𝑛=1
 

2nd difference divided by SD 
1

𝑁 − 2
∑ |𝑋𝑛+2 −⁡𝑋𝑛|
𝑁
𝑛=1

𝑆𝐷
 

Picard et al. 

[19] 

Mean asbolute of the raw signal 
1

𝑁
∑ 𝑋𝑛

𝑁

𝑛=1
 

Standard deviation of the raw signal 

√
1

𝑁
∑ (𝑋𝑛 −

𝑁

𝑛=1
⁡𝑋𝑚𝑒𝑎𝑛)

2 

Mean absolute of the first difference of the raw signal 
1

𝑁 − 1
∑ |𝑋𝑛+1 −⁡𝑋𝑛|

𝑁−1

𝑛=1
 

Mean absolute of the first difference of the 

normalized signal 
1

𝑁 − 1
∑ |𝑋̃𝑛+1 −⁡𝑋̃𝑛|

𝑁−1

𝑛=1
 

Mean absolute of second difference of the raw signal 
1

𝑁 − 2
∑ |𝑋𝑛+2 −⁡𝑋𝑛|

𝑁−2

𝑛=1
 

Mean absolute of the first difference of the 

normalized signal 
1

𝑁 − 2
∑ |𝑋̃𝑛+2 −⁡𝑋̃𝑛|

𝑁−2

𝑛=1
 

GSR Peaks and 

amplitudes  

[84] 

Number of GSR peaks 

𝜎𝑘 =⁡
1

⁡ − 1
∑[(𝑚𝑛𝑘 −⁡

1


∑ 𝑚𝑘



𝑛=1
)
2

]

𝑁

𝑛=1

 

Average GSR peak amplitude 

|𝜎̅| = ⁡
1

𝑁
∑ |𝜎𝑛|

𝑁

𝑛=1
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Max SCR amplitude 

𝑚𝑎𝑥{𝜎𝑘̅̅ ̅} 
BVP Heart rate 

[85] 

Beats per minute 

𝐵𝑃𝑀 =⁡
60(𝑡𝑛 −⁡𝑡1)

𝑛
 

Interbeat interval 

𝐼𝐵𝐼 = 𝑅𝑅𝑡 −⁡𝑅𝑅𝑡−1 

Root mean square of successive differences between 

adjacent R-R intervals 

𝑦𝑘 =⁡
1

𝑊
∑ 𝑅𝑅𝑡

𝑘

𝑡=𝑘−𝑊

 

√
1

𝐾
∑ 𝑦𝑛

2
𝐾

𝑘=1
 

Standard deviation of successive differences between 

adjacent R-R intervals 

𝑦𝑘 =⁡
1

𝑊
∑ 𝑅𝑅𝑡

𝑘

𝑡=𝑘−𝑊

 

√
1

𝐾
∑ (𝑦𝑘 − 𝑦𝑚𝑒𝑎𝑛)

2
𝐾

𝑘=1
 

Standard deviation if intervals between adjacent beats 

√
1

𝑁
∑ (𝑅𝑅𝑡 −

𝑁

𝑡=1
⁡𝑅𝑅𝑡𝑚𝑒𝑎𝑛)

2 

Heart rate mean absolute deviation 
1

𝑁
∑ |𝐻𝑅𝑛 −𝐻𝑅𝑚𝑒𝑎𝑛|

𝑁

𝑛=1
 

 

 

2.8 Anxiety scales 

 

As any classification system, mental anxiety recognition frameworks require a 

labeled dataset. Because of the difficult nature of human psychology, there is no 

ground truth for measuring the subject’s anxiety. Therefore, researchers rely upon 

subjective scales and surveys reported by the subjects themselves. Here, we provide 

a list of widely used anxiety scales: 

 

• Panic disorder severity scale [86] is a questionnaire created to measure 

the severity of the panic disorder. It is often used to determine the 

treatment outcome. This scale has seven items in the five-point scale, 
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in the range from 0 to 4. All scores are summed up and used for 

assessment. The final score ranges from 0 to 28. 

 

• Anxiety change expectancy scale [87] is a 20 item questionnaire 

designed to determine and measure subjects’ expectation in terms of 

anxiety treatment. 

 

• Generalized Anxiety Disorder (GAD-7) scale [88] is a 7 item survey 

designed for rapid evaluation of anxiety and is used as a screening to 

measure severity indicators. 

 

• Beck anxiety inventory [89] is a 21 item questionnaire with multi-

choice self-report inventory. The scale has standard cutoffs: 

o  0–7: minimal anxiety 

o 8–15: mild anxiety 

o 16–25: moderate anxiety 

o 26–63: severe anxiety 

 

• Subjective unit of distress scale (SUDS) [90] measures in scores from 

0 to 100 (sometimes from 0 to 10), where 0 represents total relaxation 

and 100 represents the biggest anxiety attack in your life. The 

advantage of this scale is its simplicity and shortness that allows 

capturing anxiety in a specific moment. 

 

2.9 Psychophysiological signal processing, feature extraction and 

classification methods for recognition of the emotional (affective) state  

 

Emotional state recognition through psychophysiological signals requires a 

multi-step process and a variety of methods to be selected. The process starts from 

selecting the right signals for tracking and ends with feature extraction, affective 

state classification, and cross-validation. 

The base of any emotional state recognition framework starts with signal 

selection. This is done by evaluating which psychophysiological signals are 

representing the emotional state in the most defining way as some emotional states 

can induce similar physiological signals, e.g., the heart rate. Additionally, the quality 

of sensors and the freedom of participant movement have to be taken into account. 

Medical grade sensors offer best quality and reliability, while wearable wireless 

sensors impact the subject to the least extent but tend to provide less quality for 

signal processing [91]. 

If signals are collected through wearable sensors, they tend to contain various 

artifacts and noise. Thus, it is suggested to perform signal smoothing by using a 

moving average or other similar filters [92]. Moreover, signals contain the 

dependency on the subject, e.g., the skin temperature of one person can always be 
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higher, or skin conductivity can be increased, which influences GSR signals. 

Therefore, signal normalization is applied before feature extraction [93]. 

The human body reacts to emotional stimuli in different rates. Therefore, 

signal windowing is used to find the length of the window which optimally reflects 

the emotional change. This is usually done by using a sliding window which cuts off 

the signal into separate samples for feature extraction. The most widely used 

window types are box, Tukey and Hamming [63]. 

Feature extraction is one of the most important parts of affective state 

recognition. The background which is now considered as the classical research was 

done by Picard et al. They demonstrated that statistical feature extraction can be 

used for a psychological signal like GSR, BVP, HR and respiratory volume to detect 

the state of arousal or valiance [94]. Moreover, emotional datasets, like DEAP by 

Koelstra et al., collected data from 7 different physiological sensors, including EEG, 

extracted various  statistical and frequency based features  and matched them to the 

emotional states [69]. This was followed by hundreds of research papers applying 

different feature selection and classification methods. 

When all features have been extracted, the stage of classification can begin. 

One of the most important parts in successful classification is the affective state 

labeling [95]. Most experiments use subjective questionnaires, like subjective units 

of distress (SUDS), BAI or emotional measurements, e.g., SAM manikins. In most 

cases, these surveys and questionnaires are converted to binary categories, e.g., high 

arousal/low arousal, and high valance/low valance for SAM manikins, or 

no/low/high anxiety for mental stress classification. 

Finally, the constructed classification model has to be validated. There are 

several cross-validation techniques used by researchers: from the simple train-test 

split to 10-fold validation. However, while these popular methods provide optimistic 

results, the data samples of one participant can spill over to the general training set 

[96]. Therefore, it is better to additionally perform 10x10-fold cross validation, 

where we take 90% of the participant data for training and validate it against the 

remaining 10% by using the 10-fold method and averaging the results. Additionally, 

we leave one subject out of cross-validation can be performed where we take one 

subject out of training set and validate against it. 

Virtual reality environments require that subjects should be able to move in 

360 degrees and to have free hands if a VR controller is used. Thus, there are 

limitations with which sensors can be used and what signals can be tracked during 

the virtual reality session. As it can be seen in Table 3, measurement of the galvanic 

skin response (GSR) and heart rate (HR) is a widely used signal for the recognition 

of an affective state. Usually, sensors for these signals are relatively small and 

simple to setup and wear, thus, they are a good fit for virtual reality systems. 

It is important for these systems to measure the subject’s anxiety during the 

VR sessions, as it shows how the subject is reacting to the treatment. Still, most 

studies limit their signal analysis to the statistical relationships and do not use 

classification methods as this area is still new and requires collaboration between 

psychologists and software engineers. 
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Additionally, we can state that many studies use standalone and offline VR 

applications which do not offer a possibility of running VR sessions remotely or for 

the spectator (therapist/researcher) to change and adapt virtual environments in the 

real time. Most studies are conducted in laboratory-like conditions; therefore, these 

are not an important factor for the studies themselves. However, in order to 

popularize the usage of VR systems in real-life scenarios, more flexible, remote VR 

systems must be designed.  

 

 
Table 3. Virtual reality systems with psychophysiological signal tracking 

Author VR usage 

scenario 

Tracked 

physiological 

signals 

VR 

architecture 

type 

Observed 

affective states 

Norrholm et 

al. [97] 

PTSD EMG, HR, 

GSR 

VR offline 

(standalone, 

rail-motion) 

Anxiety 

Fusaro et al. 

[98] 

Reactions to 

pain in others 

GSR, HR VR offline 

(standalone, 

no 

movement) 

Reaction to 

painful/ 

pleasurable 

stimuli 

Detez et al. 

[99] 

Gambling HR VR offline 

(standalone, 

no 

movement) 

Arousal 

Notzon et 

al. [100] 

Spider 

phobia 

GSR, HR VR offline 

(standalone) 

Anxiety 

Breuninger 

et al. [101] 

Agrophobia GSR, HR VR offline 

(standalone, 

movement 

with 

controller) 

Anxiety 

Kuriakose 

et al. [102] 

Social 

interactions 

(autism) 

BVP, GSR, 

skin 

temperature 

VR offline 

(standalone, 

no 

movement) 

Emotional state 

(angry, happy, 

neutral) 

Gao et al. 

[103] 

Moods, 

relaxation 

EEG VR offline 

(standalone, 

360 images, 

no 

movement) 

Attention, 

negative mood, 

positive mood 

 

Czarnek et 

al. [104] 

Training, 

rescue 

operations 

ECG, HR VR offline 

(standalone, 

movement 

with 

controller) 

Reaction to 

rescue scenario 
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Esteves et 

al. [105] 

Social phobia GSR, HR VR offline 

(standalone, 

no 

movement) 

Anxiety 

(low/high) 

 

2.10 Conclusions of the Chapter 

 

Anxiety disorders affect the daily life of more than a quarter of the world 

population. Usually, anxiety disorders are chronic conditions which require 

prolonged treatment. The ‘gold standard’ for anxiety disorder treatment is cognitive 

behavioral therapy. This kind of therapy uses multi-session exposure to the feared 

stimuli. This can be done either in vitro when the patient vividly imagines and 

describes the feared stimuli or in vivo when the feared stimuli are being faced in the 

controlled and safe real-world environment. 

However, sometimes, it is difficult to organize in vivo sessions, as, for some 

types of anxiety, they require to be conducted in public places: airports for flight 

anxiety, traffic for driving anxiety, or an auditorium for public speaking anxiety. 

This is where VRET offers flexibility to reflect these environments in 3D space and 

help patients face their fears safely with the help of a therapist. 

Multiple research studies have shown that VRET has limitations which are 

similar to the traditional therapy. VRET neither improves nor lowers the therapy 

efficiency when compared to control groups undergoing cognitive behavioral 

therapy without VR. Also, VRET suffers from the same drop-off rates of patients as 

the traditional sessions. 

Moreover, VRET systems can be improved by anxiety recognition 

frameworks. The patient’s affective state can be tracked by using 

psychophysiological signals. Multiple researchers have shown that it is possible to 

process these signals and use feature extraction methods to prepare the collected 

data for classification. However, this kind of systems faces multiple challenges, such 

as artifact-heavy data from wearable meters to issues of setting a ‘ground truth’ for 

labeling the effective state when using subjective questionnaires.  

Finally, from various papers analyzed in this chapter, we can concur that a 

virtual reality exposure therapy could be used as an effective tool for treating anxiety 

disorders. Thus, it is important to investigate various ways how VRET systems can 

be improved and made more widely available. Additionally, the following research 

should focus on enabling affective state recognition techniques in a VRET system 

for the possibility of personalizing VR scenarios. 
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3 MODELS AND METHODS FOR VRET WITH ANXIETY 

RECOGNITION1 

 

3.1 Analysis of the requirements for VRET system  

 

Before designing a virtual reality exposure therapy system, the designers must 

consider several VR-related questions which are relevant to any virtual reality 

system design. 

First, the content type of the virtual reality must be decided. The main options 

are either 360 degrees photos and videos or a fully 3D environment. The 360-degree 

images or videos could be cheaper to produce, although, when compared to fully 3D 

environments, they usually allow a broad yet smaller degree of possible interactions.  

The creation of 3D content and environments can be a more expensive option. 

However, it depends on the type of the scene. The main benefit of creating a 3D 

environment is the freedom of movement and the possibility to interact with the 

objects within the environment. 

The next decision is about the movement type. While 360-degree shots and 

videos are limited to jumps in space or rail-based camera movement, 3D 

environments have several options.  

The first one is teleportation, where the user points to the surface in the 3D 

space, and, if the surface is valid, the virtual camera is moved to that spot. Another 

option is the movement by the control unit, when the user is moved to the camera 

direction by triggering a button on the controller or the headset itself. The final 

option is a rail-camera when the user is led through a pre-planned direction. Finally, 

the mix of all the movement types is possible. 

After the content and movement type have been decided, the requirements of 

visual fidelity should be considered. Some virtual reality headsets connect directly to 

the personal computer, while others are based on dedicated or mobile devices. Such 

dedicated devices as Oculus Quest or Oculus GO are usually based on mobile 

phone-like specification with optimization for VR content processing, thus, they are 

limited on how detailed the 3D environment can be, as the drops in the frame rate 

during VRET sessions can cause the vertigo effect. 

 The real-life environment where the VRET system shall be used also has to 

be considered, as some VR headsets work only with additional sensors, and the 

empty space in the room must be dedicated to the VR setup. Additionally, some VR 

headsets are not mobile and have to be connected through cables. 

 If the designers choose the 3D content type, usually, a game development 

engine is picked to visualize and control the environment. The most popular picks 

among many researchers are either Unity or Unreal. 

 Finally, the hardware cost should be considered. Usually, mobile-based VR 

headsets are cheaper when compared to PC-dedicated VR hardware, e.g. HTC Vive 

or Oculus Rift. 

 
1 This chapter is based on author’s work published in [107] and [106] 
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 Once the requirements for the VR system have been defined, the system 

architecture design can be started. As any VR system can have multiple components, 

such as a VR headset, VR application, application to collect psychophysiological 

signals, network layer, etc., it is important to pick the right architecture type.  

The requirements for an interactive VRET system can be derived from the 

considerations described in the previous paragraphs, and the focus is laid on the 

possibility for the therapist to adapt the selected virtual environment and scenario 

based on the patient’s anxiety. This anxiety could be recognized based on the 

features extracted from the patient’s psychological signals. While keeping these 

goals in mind, we can describe the key requirements for our VRET system design 

(Table 4). 

 
Table 4. VRET system criterions and requirements 

Criterion Requirement 

Interactions with virtual 

reality stimuli  

The patient should be able to freely move in the 

virtual environment. 

Ability for the patient to interact with the key items 

(related to the feared stimuli) in the virtual 

environment. 

Virtual environments should be able to emulate 

sensations related to panic attacks (intensified 

breathing, audible heartbeats, etc.). 

The patient should be able to use the VRET system 

privately in a psychology clinic. 

Multiple VRET patient’s 

management 

The therapist should be able to register new and edit 

already existing VRET patients.  

The VR-specific setting should be assignable for 

each patient separately. 

The therapist should be able to pick a specific VR 

treatment scenario for the specific patient. 

The therapist should be able to review the previous 

session log for the specific patient. 

Virtual reality 

environment observability 

The therapist should be able to see how the patient 

is behaving in the virtual environment and where the 

patient is looking. 

Interactions triggered by the patient should be 

synchronized with the therapist’s view. 

Virtual reality scenario 

adaptability 

The therapist should have an option to adapt and 

change the virtual environment based on predefined 

options in order to lower or increase the VRET 

session’s intensity. 

The therapist should be able to trigger the specific 

VR scenario flow. 

The therapist should have the possibility to change 

the reactions of 3D avatars and the expressed 
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emotions. 

The therapist should be able to trigger visual and 

audio effects in the virtual environment. 

Psychological signal 

collection 

Psychological signals from wearable sensors should 

be collected and assigned to the specific patient and 

VRET session. 

Collected psychological signals should be cleaned 

from the noise and normalized. 

Ability to recognize 

anxiety level 

Relevant psychological features should be extracted 

from the recorded psychological signals. 

The patient’s anxiety level should be recognized as 

based on the extracted features. 

The recognized anxiety level should be displayed 

for the therapist. 

 

 

3.2 Virtual Reality as a Service (VRaaS) model 

 

The VRET system was designed for the SaaS (system as a service) solution. 

Our goal was to develop a VRET system that could be accessible for psychology 

clinics anywhere in the world. Also, it was important for us to be able to scale the 

system up and to support multiple VRET sessions at the same time.  

Therefore, the SaaS (System as a Service) model was adapted for Virtual 

reality therapy applications as the Virtual Reality as a Service (VRaaS) model. 

The VRaaS model consists of five main subsystems: (Figure 6): 

1. Affective state recognition – this subsystem is designed for collecting 

psychophysiological signals, processing them, extracting various features 

that can be used in order to classify and recognize the current user’s 

affective state. 

1.1. Psychological signal capturing – for capturing and storing 

psychophysiological signals collected via sensors from a patient that 

is using a VRaaS based system. 

1.2. Psychological signal processing – this component is designed to 

normalize and smoothen the collected signals and extract 

psychological features which could indicate the affective state 

change, such as the increased or decreased arousal. 

1.3. Affective state classification – based on the features extracted from 

psychological signals, the affective state is classified in order to pass 

it to the Virtual reality session management component. 
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Figure 6. VRaaS model for Virtual Reality therapy system 

 

 

2. Virtual reality subsystem – this subsystem is responsible for displaying 

the virtual reality content for the patient and managing the patient’s 

interactions in the virtual environment. 
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2.1. Virtual reality viewer – it is used as a tool to display a VR scene to 

the user and to capture the movement and interactions within the 

virtual environment. 

2.2. Virtual 3D environment – this component manages the state of the 

VR scene and the user’s interactions. This component reacts to the 

VR scenario personalization changes that are initiated by the therapist 

and are translated to the virtual reality session management 

component. 

3. Virtual reality dashboard control subsystem – it provides the possibility 

for the therapist to manage, select and control VRET sessions. Also, it 

provides a way for the therapist to interact with the scene and to 

personalize the therapy scenario. 

3.1. Patient management component – it helps the therapist to manage 

patients who are undergoing VRET therapy sessions and ensures the 

model scalability across multiple therapists and patients. 

3.2. Virtual therapy scene selection – this component is designed to 

manage the therapy scenes across multiple anxiety disorders and lets 

the therapist choose the appropriate scene for the patient. 

3.3. Virtual reality session management – this component displays the 

virtual environment for the therapist through the eyes of the patient 

and offers the possibility to interact with the virtual scene based on 

the virtual scenario personalization options.  

4. Virtual reality scenario flow subsystem – it controls the flow of the 

virtual environment scenario based on the core workflow that can be 

changed by the therapist’s interactions. 

4.1. Virtual scenario personalization – this component manages virtual 

scenario options that are available for the therapist to choose from in 

order to adapt the virtual environment, the avatar or this scene flow. 

4.2. Core virtual environment scenario – all the virtual reality therapy 

scenes are based on the core scenario which follows the baseline flow 

of the therapy session that can be adapted for the specific patient 

during the session by personalization options. 

 

Based on the VRaaS model, we suggest an architecture for a web-based VRET 

system. The main components of our solution are the web service implemented by 

using the standard REST (Representational State Transfer) architecture, and the 

VRET dashboard application hosted on Azure. 

The therapist is given access to their account in our system and can accept new 

patients, track the data of previous sessions and start a new session by using a VRET 

spectator. Each therapist is assigned a unique identifier. 

This unique identifier is used in the Unity multiplayer service as a hosted game 

key, and it helps to synchronize the VR simulation between the Gear VR application 

used by the patient and the WebGL application used by the psychologist. This 

allows us to enable the therapist to view the patient’s behavior during the therapy 



   43 

session and to control the VRET session’s intensity by changing the 3D 

environment.  

The core parts of the deployment of our system can be seen in Figure 7. From 

the patient’s side, we have chosen a mobile phone based VR headset application 

which communicates with the VRET service. This means that the patient only needs 

to start the VRET application, and the VR scenes, therapy scenarios and patient 

personal settings are synchronized based on the settings selected in the web 

dashboard, thus improving the simplicity of usage.  

On the other hand, for the therapist, our system provides a web-based 

dashboard to control and manage the data of multiple patients. A web-based 

dashboard provides the system as a service approach for our VRET system, which 

means that VRET sessions can be managed from anywhere in the world and do not 

require any special hardware to be used; therefore, the therapist can use any laptop 

or personal computer with a web browser to work with the patients.  

The communication between the patient’s VR application and the therapist’s 

VRET dashboard is arranged in the following way. Firstly, in order to accommodate 

a remote VR spectating option and possibility for the therapist to change the 3D 

environment and scenario in the real time, the socket-based communication between 

the WebGL based therapist application and the mobile VR application used by the 

patient was implemented. Both systems are built from the same source Unity engine 

game project and use standard multiplayer game design patterns. The WebGL 

application hosts ‘the game’ which, in our case, is the VRET 3D scene and scenario, 

while the patient’s application joins this hosted game through the lobby system (the 

lobby is selected automatically based on the therapist’s identification and does not 

require any input from the user). 

The second communication layer is implemented through REST-based 

services. Both WebGL VRET application and the patient’s mobile VR application 

are sending and receiving metadata about the ongoing VRET session. This metadata 

includes tracked psychophysiological signals, information about the selected VRET 

scenario, various settings of the current patient and the information about the 

required 3D assets to run the VRET scene itself. 
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Figure 7. SaaS deployment for a virtual reality exposure therapy system 

 

3.3 Proposed VRET system 

In this section, we present the design of a VRET system with an anxiety 

recognition component which has been previously described in multiple research 

papers [106][107]. 
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3.3.1 VR headset selection 

 

For any VR solution, it is important to pick the correct virtual reality headset, 

as it is essential to the VR experience. We have reviewed widely used consumer 

grade VR devices. Oculus Rift, HTC Vive and Samsung Gear VR were considered as 

they are the most popular options. We have emphasized that it should be easy to set 

up the VR sensor, and it should require only minimal changes to the existing IT 

hardware. This was important as our target audience for the VRET system is 

psychology clinics. While HTC Vive and Oculus Rift can support more realistic 3D 

environments, they require a high-performance PC and an additional sensor setup in 

order to work. 

 

The main goal of our web-based solution was to give access to the VRET 

scenarios through the internet and to make this access easy. This requirement led our 

decision towards Gear VR. The chosen headset can work without any sensors and 

with any mobile phone which supports VR applications. The use of mobile devices 

also sets low requirements for the psychologist’s system. The service for the 

therapist with the embedded WebGL VR content can run on a wide variety of PCs 

and laptops which usually are already used in the workplace of the psychologist. 

 

 

3.3.1.1 Psychologist’s dashboard 

 

The therapist’s dashboard is an entrance point providing the capability to 

manage all the patients treated by the therapist. A VRET session can be started 

through the browser after a new patient has been registered. The patient’s height is a 

key setting to provide good VR experience, as GearVR does not have a height 

sensor. The VR camera has to be configured to use this value as a reference point in 

order to avoid vertigo. The system’s lightweight setup can be seen in Figure 8. 
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Figure 8. Minimal VRET system setup 

 

The psychologist can start a VRET session by picking the type of fear it will 

focus on and the 3D scene scenario. The system will load a WebGL-based 

application which hosts a room in the Unity Multiplayer service, picked up and 

loaded by the GearVR application used by the patient. The patient’s page, with the 

session history, is illustrated in Figure 9. 

Our VRET service is focused around the interactions between the psychologist 

and the patient. However, the session must be started by the psychologist. When 

they log into the system, information about his or her patient can be entered.  

Previously conducted sessions are presented on the dashboard. Alternatively, the 

psychologist can register a new patient by filling out the correct information – the 

name, surname, and height. The psychologist and the patient can then start a VRET 

session. This is done by selecting an anxiety disorder and then selecting a specific 

VR scene. During the session, the psychologist can monitor the patient’s 

performance and see additional information. The psychologist can start specific 

events inside the environment by creating situations which require the patient to use 

their social skills to comprehend them. After the session is over, the psychologist 

can review all the previous sessions. 
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Figure 9. Patient overview page with a session history 

 

3.3.1.2 VRET spectator’s application 

 

The Unity3D game engine was used to develop the spectator’s application. 

This application relies on the WebGL technology and is served on the web browser. 

It communicates with the main components of the system by using the REST API. 

The spectator’s application downloads the 3D data and loads the scene. 

A unique identifier is used to create a game session with the same name in the 

Unity Cloud Multiplayer service. This hosted game includes a 3D scene with the 

simulation scenario. Only the Gear VR application which relates to the same 

identifier can join this VRET session. After a successful connection to the hosted 

game, the WebGL application starts to show the 3D environment seen through the 

VR headset in the web browser. 

The psychologist can interact with the loaded 3D scene by using special 

control buttons on the WebGL application. Initiation of the interaction WebGL 

module fires the synchronization command in the Unity Multiplayer service, and the 

changes are transferred to the Gear VR application. Moreover, all the interactions 

made by the therapist are logged with the calls to the REST service. Therefore, all 

the collected records can be accessed and reviewed after the session is over. 

 

3.3.1.3 VRET patient’s application 

 

The patient uses the Gear VR application created with the Unity game engine. 

At the initial stage of the setup, the user is prompted to enter the identifier provided 

by the therapist. This identifier is used by the GearVR application to find the patient 

on the database currently being used in the VRET session. By using this value with 

our REST API, all the collected data is assigned to the correct patient. Additionally, 

the unique identifier is used to join the correct game room in the Unity multiplayer 

service hosted by the psychologist on the WebGL application. 



   48 

The selected VRET scenario scene is downloaded by the GearVR application 

from the asset repository. This is done by mapping the unique identifier to the VR 

scene. All the downloaded assets are cached within the mobile device and updated 

only when they have been changed. Finally, the VR application synchronizes the 

patient’s behavior and movement in the virtual scene with the WebGL module 

running on the web browser. 

 

3.3.2 Designing VR scenes for public speaking anxiety 

 

Three VRET environments for the treatment of public speaking anxiety were 

designed and made available as part of our web service. During all the scenarios, the 

patients are put into a situation where they must deliver an oral presentation. The 

scenarios have different audience sizes and differing levels of social importance for 

the oral presentation. 

 

3.3.2.1 VRET interaction 

 

The therapist can interact with the VRET scenario by using the controls 

presented on the WebGL spectator’s application. For public speaking scenarios, we 

implemented an emotional crowd control system. It enables differing 3D avatar 

reactions to be made to the speaker. Virtual listeners can demonstrate approval, 

disapproval, happiness and other emotions. 

Moreover, the therapist can enable heartbeat or heavy breathing sound effects, 

which are often associated with panic attacks. Finally, an unexpected situation, e.g., 

a computer crash in the middle of the presentation can be simulated. This forces the 

patient to learn to adapt and stay calm. 
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Figure 10. VRET control options 

 

All available control options are illustrated in Figure 10 

 

3.3.2.2 VR environments scenes 

 

Three different VR scenes have been developed, from a presentation at a 

small office to a big meeting in the corporate environment, and, finally, a speech on 

the virtual stage in front of a big audience, with time pressure (Figure 11). 

 For VRET sessions, the patient must prepare a unique speech to be delivered 

with a slideshow presentation. These slides are uploaded to our service and are then 

integrated into VR environments. The patient can go back or forward in the slides by 

using the GearVR controller like a mouse clicker. 
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Figure 11. VRET environments created for the treatment of public speaking anxiety 

 

Meeting room 

 

The office meeting room is the smallest and least demanding environment. 

This scene is created for those who are getting started with the therapy and with the 

virtual reality in general. The patient is standing in front of two colleagues and must 

give them a presentation. In this scene, the psychologist can use different animations 

for the reaction of the avatars. For example, the therapist can initiate applause or 

disapproval reactions. The virtual PC that is demonstrating a presentation can also 

be turned off or restarted.  

Finally, the psychologist can trigger such sound effects as the heartbeat or 

the sound of the patient’s own breathing. 

 

Conference room 

 

The conference room is a much bigger scene than the office meeting room, 

and it contains a lot more complexity (lights, a projector, a white screen, etc.). The 

room contains an audience of virtual colleagues (3D avatars). The scenario flow of 

this environment is the same as in the previous meeting room scene. As in the first 

environment, the psychologist can interact with the virtual crowd in the room, set 

their behaviors, and add additional sound effects. 

 

Auditorium 

 

The auditorium is the biggest and most crowded scene of the three 

environments. In this scene, there are more than 20 virtual avatars, and there is a 

projector and an additional screen. There is also a timer which shows how much 

time the patient still has before the allotted presentation time is over. This scene is 

unique because it does not start in the auditorium: the patient must walk through the 

lobby and behind the scene before entering the stage. 
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3.3.3 Anxiety recognition in VRET system 

 

To expand our developed VRET system with the possibility to detect anxiety 

during therapy sessions, we have implemented a mental stress prediction component 

which can be used during VRET sessions.  

By using this component, firstly, we collect GSR, BVP and skin temperature 

signals. Secondly, these collected signals are processed by using signal denoising 

and normalization techniques. As these psychophysiological signals represent an 

autonomous response of the nervous system for the stress stimuli, physiological 

features can be extracted from these signals that indicate changes in the patient’s 

anxiety.  

An Empatica E4 wristband was used to perform this task. This application 

collects signals from the wristband during the sessions and reports them to VRET 

REST API. This data is then assigned to a specific subject and a specific session. 

The consumer-grade device Empatica E4 has a limited frequency for each signal 

BVP – 4Hz, GSR – 4Hz, and the skin temperature – 64Hz (Table 5). 

 
Table 5. Signals (specification) collected in proposed VRET system 

Signal type Frequency  Metric 

BVP 64 Hz mmHg 

GSR 4 Hz μS 

Skin temperature 4 Hz ℃ 

 

 

The collected signals and extracted multimodal features could then be 

organized into a dataset for anxiety recognition by adding the labels collected 

through the subject’s psychological anxiety scales. 

 

Finally, the organized dataset can be used to train an anxiety recognition 

model which can predict the patient’s anxiety during virtual reality sessions and 

would help to the psychologist to correctly adapt the VR environment. 

 

3.3.4 Software tools 

 

The VRET system and the virtual 3D environments have been developed by 

using the Unity game engine. Most other works reviewed in Chapter 2.2 used either 

Unity or Unreal game development engines to implement their VRET applications. 

In this work, the Unity engine was chosen to implement VR scenes. This was 

motivated by the Unity libraries and SDK for a VR headset as the same code can be 

more easily reused for VR headsets produced by different manufacturers. 

Additionally, Unity provides full support for the WebGL runtime. 

The therapist dashboard consisted from the WebGL application compiled with 

the Unity game engine. For the networking system between the WebGL application 
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running on the therapist’s machine and VR application, the Photon Unity 3D 

networking framework was chosen. The Photon solution provides support for game 

rooms and lobbies that were used to connect the therapist’s WebGL viewer and the 

VR application into the same virtual environment.  

For the therapist’s dashboard and system web application, the .NET Web API 

framework and AngularJS were chosen. This combination provided possibility to 

implement this service as a single page application, which reduces page reloading 

times and helps to implement modern UX (user experience) features on a web 

browser. 

 The physiological signals were analyzed by using Python. The most popular 

languages used in previous researches (Chapter 2.9) to analyze psychological signals 

are Matlab and Python. While Matlab has multiple plugins and extensions to 

analyze these signals, Python relies on a wide-open source community to create and 

support various packages for data and statistical analysis. 

One of the most popular Python libraries for data handling and manipulation is 

Pandas. This library provides an advanced interface for data set transformation, 

filtering, and analysis. Thus, it was chosen for these tasks in our work. 

For the numerical manipulation which was needed for signal filtering and the 

extraction of statistical features, we have chosen Numpy [108] and scipy libraries. 

They provide a standardized way to work with the numerical data and are used in 

most of the Python scientific libraries. 

In order to analyze more specific features for GSR and BVP signals, the 

BioSSPy library was used for GSR signal analysis [109], and the Heartpy [110] 

library was used for the BVP signal. Both libraries were described in academic 

papers and presented at international conferences. Additionally, they were used by 

other authors in the field of affective computing. 

To plot various graphs and signal visualizations, the Matplotlib library was 

used. Python has multiple libraries for plotting the data, but Matplotlib has a native 

connection with the Pandas library.  

Finally, to train classification models, we have used the scikit-learn [111] 

library. This library is used by various researchers to train and validate their machine 

learning models, provides a library of machine learning methods and tools for result 

cross-validation. 

 

3.4 Evaluation 

 

 To sum up, our proposed VRET system design and architecture offers 

several advantages: 

 

• Interactivity with the VRET scene: by applying a multiplayer-

based design in our VRET system, we have enabled the therapist to 

be not only a passive spectator, but also an active participant during 

a VRET session. It lets the therapist change 3D environments and 

therapy scenarios by adapting them to the individual patient’s 

behavior during the session. 
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• Online and remote usage: the design and architecture of the 

system as a service for our VRET system enables the possibility for 

the therapist to access and use the system from any location via a 

web browser and does not require any additional hardware. The 

patient only has to have access to a mobile phone, a wearable sensor 

and a wireless VR headset. 

 

• Organized meta-data and psychophysiological signal tracking: 

REST-based service and API enables the possibility to safely store 

metadata and psychophysiological signals that can be accessed 

afterwards and enables the possibility to integrate anxiety 

recognition into the VRET system. 

 

• Light system setup: by choosing WebGL as a base for the 

therapist’s VR application and a mobile phone for the patient, we 

have decreased the hardware requirements for the system itself. This 

means a simpler and less costly setup for psychology clinics.  

 

 

3.5 Conclusions of the Chapter 

 

This chapter reviews the requirements and design patterns for virtual reality 

systems, psychophysiological signal selection for anxiety recognition systems, and 

the architecture of the systems. Additionally, we describe the proposed system 

design for a VRET system with an integrated anxiety recognition component based 

on the analysis of a psychophysiological signal. 

Any design of a virtual reality system starts with the definition of the system 

requirements, which leads to the selection of the correct virtual reality headset. 

Firstly, the format of the VR content must be selected between 3D environments and 

360-degree photos or the video. Then, the movement type should be chosen: rail-

camera, teleportation, or free movement triggered with controllers. Lastly, the 

quality of the required content has to be weighed against the system mobility, 

environment VR system costs, and hardware costs. 

The core part of the anxiety recognition component is the psychophysiological 

signals and sensors that are used to classify the subject’s anxiety levels. The widely 

used signals range from the galvanic skin response, blood volume pulse, 

electromyography and respiratory volume to electroencephalography. However, 

when selecting the signals and sensors, it is important to consider the virtual reality 

system itself. The sensors should not limit the movement of the subject, and, if 

possible, should not interfere with the VR headset; this is especially relevant for 

EEG sensors. 

VRET systems offer a range of designs and architectures. One of the more 

popular VRET systems design patterns are standalone applications which are run on 

a single PC, and the therapist only acts as a spectator, or else they can be used be the 
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patient him/herself for self-treatment sessions. On the other hand, online VRET 

systems let the therapist conduct the session and observe the vital signals of the 

patient from remote locations. Finally, some VRET systems offer interactivity as the 

therapist can not only spectate the session but also change and adapt 3D 

environments according to the patient’s behavior. 

Our proposed VRET system with an integrated anxiety recognition component 

offers several advantages for the therapist. Firstly, a web-based dashboard allows 

adding and managing the data of new and already existing patients, to start and 

select the required VRET scenes which automatically start on the patient’s VR 

application. Secondly, we have designed several environments for public speaking 

anxiety; these environments offer the possibility for the psychologist to change the 

crowd’s reaction to the speech delivered by the patient, to interact with the 

environment by controlling the timer in the auditorium, the microphone echo, 

problems with the project delivery, etc., or by initiating audio-visual effects that are 

related to the panic symptoms, such as heavy heart beats, or extensive audible 

breathing. 

Finally, while our designed VRET system has capabilities to include the 

anxiety level recognition component, it is important to clearly describe the method 

and the steps that are taken to achieve this within the VRET environment. This topic 

is widely discussed in Chapter 4.  
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4 VRET ANXIETY LEVEL CLASSIFICATION METHOD2 

 

4.1 Anxiety level classification for VRET 

 

In order to classify the patient’s anxiety level during a virtual reality exposure 

therapy while using psychophysiological signals, several stages must be completed. 

As mentioned in the previous chapters, it is possible to record BVP, GSR and skin 

temperature signals during VRET sessions due to using a wearable biofeedback 

device. This data can later be used to train a model for anxiety level classification. 

The method to implement this can be deconstructed in these sections: 

 

• Signal collection – during a VRET session, the patient’s physiological 

signals are recorded by using a wristband device. These signals were 

synchronized and recorded three times during a session using an 

Empatica E4 device (Section 3.3.3, Table 5.). After each recording, 

the subject filled out a subjective anxiety scale so that the collected 

signals can be labeled with a certain anxiety measure (Section 4.6). 

 

• Signal normalization – the collected signals have to be normalized in 

order to avoid subject dependency. The normalized value could thus 

be used for feature extraction. 

 

• Signal denoising – due to the nature of a virtual reality system, the 

patient has a degree of freedom of movement during a VRET session. 

Thus, wearable sensors introduce an additional level of errors in the 

signal and must be denoised. 

 

• Signal windowing – stress and anxiety triggers have different timing, 

and windows resonate through the autonomous nervous system. 

Therefore, the correct signal window size has to be determined for the 

most accurate results. 

 

• Feature extraction – for anxiety classification, various 

psychophysiological features are extracted from the collected GSR, 

BVP and skin temperature signals. 

 

• Data labeling – since there is no single ground true for anxiety 

measurement, psychological subjective scales are used to evaluate 

anxiety and to label the collected data samples. 

 

 
2 This chapter is based on the author’s publication [136] 
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• Anxiety level classification – it is important to investigate various 

signals and dataset variations while training machine learning models 

for anxiety level recognition during VRET sessions. Signals can be 

used separately or as a multimodal input. 

 

4.2 Signal normalization 

 

When working with physiological signals, it is important to avoid subject 

dependency. One person’s skin can be normally hotter than another one’s, or 

sweating can be exceptionally high. Thus, the collected signals have to be 

normalized. It is important to note that some features require the range of ( )0,1  to 

work correctly, while other features can have negative values. Therefore, we have 

used two normalization methods. The first one is min-max normalization (2): 

min

max min

n

X X
X

X X

−
=

−
, (2) 

here, Xn is the min-max normalized signal value, X is the value of the raw 

signal, Xmax is the maximal value of the signal, and Xmin is the minimal value of the 

signal.  

The second one is zero, which means normalization (z-score) (3): 

mean
zn

std

X X
X

X

−
= , (3) 

here, Xzn is zero means the normalized signal, X is the value of the raw signal, 

Xmean is the mean of the signal, and Xstd  is the standard deviation of the signal. 

 By analyzing the normalized values, we can observe that the public 

speaking exercise in front of a therapist and during a virtual reality therapy session 

had a psychophysiological impact for most of the participants. The boosted GSR and 

skin temperature values usually imply increased anxiety. Additionally, as our 

participant group had various levels of public speaking anxiety, we can spot some 

outliers in Figure 12. They were not affected either by the live speech exercise 

during the session, or by the VRET session.  

 Figure 12. Normalized GSR and skin temperature session values by experiment participant  
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4.3 Signal denoising 

 

The main initial challenge when processing physiological signals is the random 

noise. This was especially impactful to our data set as wristband tends to move and 

lose contact with the skin. We selected a moving average as one of the most 

common signal filters in order to reduce noise and artifacts while keeping the fast 

step response. This filter averages multiple input points to generate the output signal 

(1): 

1

0

1 N

j

p i s i j
N

−

=

   = +    , (1) 

here, p is the output signal, s is the input signal, and N is the number of signal 

steps to put on the average. 

We have applied the low pass 1Hz Butterworth filter in order to clean the 

collected data and to remove outliers. Moreover, a moving average filter was used to 

smoothen the signal. A comparison of the noisy raw signal and the processed signal 

can be seen in Figure 13. 

 

 
(a)                                    (b) 

Figure 13. Raw and filtered biofeedback signals – a) GSR and b) skin temperature 

 

4.4 Windowing  

 

Different stimuli can have a varying emotional activation time. Therefore, it is 

important to select the correct signal window size in order to get the best prediction 

accuracy. We have decided to investigate which window size is best for VRET 

stimuli. A sliding window with a 1s interval was applied to all the collected signals 

with the following sizes in seconds: 3, 5, 8, 10, 13, 15, 18, 20, 23, 25, 28, 29 and 30. 

 

4.5 Feature extraction 

 

The most important part of creating a model which can recognize the 

anxiety level from physiological signals is the feature extraction. We have selected 
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the features which were suggested in literature, and grouped them by the signal type 

and origin. 

Firstly, there are mathematical features that can be applied on all signals. 

Our statistical group contained the common statistical features that can be extracted 

with any math package.  

Our extended statistical features were comprised of various statistical 

momentums and some less used statistical features. Our differential group included 

features with differential equations. Lastly, we dedicated a separate group for the 

psychological features researched by Picard et al. [94].   

For the GSR signal, we have focused on finding the peaks and amplitudes of 

the skin conduction response (SCR). This was done by applying the Bartlett window 

and marking the SCR peaks between two consecutive zero-crossings. The 

amplitudes of the peaks were calculated by measuring the maximum value between 

the two points. Once all the peaks were detected, we calculated the number of peaks 

in the sliding window and the length of the maximum and mean amplitudes. 

The BVP signal measures the volume of the blood that is passing with each 

pulse by measuring the volume in capillary beds on the skin. When processing BVP 

signals, it is important to extract heart rate features, inter-beat intervals and HRV 

features. All the extracted features are enumerated in Chapter 2.7 and Table 6. 

 
Table 6. Features extracted from physiological signals 

Feature name GSR BVP Skin 

temperature 

Minimum X X X 

Maximum X X X 

Arithmetic mean X X X 

Variance X X X 

Standard deviation X X X 

Kurtosis X X X 

Skewness X X X 

Mean absolute deviation X X X 

6th moment X X X 

5th moment X X X 

4th moment X X X 

3rd moment X X X 

Root mean square X X X 

1st difference X X X 

1st difference divided by 

SD 

X X X 

2nd difference X X X 

2nd difference divided by 

SD 

X X X 

Mean absolute of raw 

signal 

X X X 



   59 

Standard deviation of 

raw signal 

X X X 

Mean absolutte of 1st 

difference (raw) 

X X X 

Mean absolute of 1st 

difference (normalized) 

X X X 

Mean absolute of 2nd 

difference (normalized) 

X X X 

Mean absolute of 2nd 

difference (raw) 

X X X 

Max peak amplitude X   

Avg. peak amplitude X   

Number of SCR peaks X   

Beats per minute   X 

Interbeat interval   X 

Heart rate mean absolute 

deviation 

  X 

SD between adjacent 

beats 

  X 

Root mean of adjacent 

R-R intervals 

  X 

Root mean of adjacent 

R-R intervals 

  X 

 

4.6 Anxiety level class assignment 

 

Each physiological signal time series for each participant had the associated 

SUDS evaluation. The minimal recorded SUDS score during our experiment was 

10, while the maximum value was 80. The highest values of 90 and 100 were not 

recorded since they would indicate only extreme panic attacks.  

In order to employ the classification, we needed to assign a class for each 

value. Thus, we have used some formulations from SUDS description and assigned 

four classes to low, mild, moderate and high anxiety (Figure 14). 

This method is used by the majority authors who are working in the field of 

affective computing; however, it suffers from strong limitations. Usually, the 

subjective anxiety value is recorded only a few times per session (in the case of this 

research, it was recorded three times for one subject – baseline, public speaking and 

VRET evaluation). Yet, the signal window size can variate, so even for different 

signal window sizes, the same anxiety score is applied. This is the key limitation of 

any research based on emotion recognition which cannot be easily solved.  
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Figure 14. Anxiety level class assignment by SUDS value 

 

4.7 VRET anxiety classification 

 

After all the signals have been processed, all the selected features are 

extracted, and a feature set is formed, and all the data samples are labeled based on 

the SUDS scale; then, the anxiety classification models can be trained. Additionally, 

multiple classification models have to be trained in order to evaluate the influence of 

the signal window size and the signal type on the accuracy of the anxiety level 

classification. We have thus divided our analysis into multiple stages.  

Firstly, we are analyzing different lengths of sliding windows. By this 

parameter, we are cutting the collected psychophysiological signals according to the 

selected window size with a one-second overlap. Secondly, we are preparing 

methods to investigate the importance of the signal feature for every signal 

separately and then for the signal fusion dataset. Lastly, we are evaluating the 

classification accuracy of GSR, BVP and skin temperature signals separately, and 

comparing them with the combined dataset. 

All the classification models were trained by using a SVM classifier, as it was 

used by many previous studies for anxiety recognition. We have used the radial 

basis function (RBF) as the SVM kernel; penalty parameter C was set to 100, with C 

being class-balanced by automatically adjusting weights inversely proportional to 

class frequencies.  

It is important to note that all the psychophysiological signals are collected 

during VRET sessions for public speaking anxiety that are led by a psychologist. 
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However, all the model training and data processing was done offline after all the 

VRET experiments had been finished.  

 

4.8 Conclusions of the Chapter 

 

This chapter reviews the methods that we have selected for 

psychophysiological signal processing, feature extraction and classification in order 

to recognize the subjects’ anxiety during a VRET session. 

For the stage of psychophysiological signals processing, we have performed 

signal normalization and signal smoothing as the data was collected from a wearable 

wristband Empatica E4, which causes additional noise. Normalization is done in two 

ways: based on min-max and zero means as some features require only positive 

values, while other features require both negative and positive values. Additionally, 

we have discussed the importance of the signal windowing as the stimuli of anxiety 

have some delay until anxiety can be recognized through physiological reactions. 

Moreover, based on other studies in the field of affective state recognition, we 

have selected a psychophysiological feature set that can reflect changes in the 

subject’s body during the state of increased anxiety. We have selected galvanic skin 

response (GSR), blood volume pulse (BVP) and skin temperature (SKT) as the key 

signals for our anxiety recognition component. They can be collected from a single 

wearable sensor (a wristband device) which does not limit the subject’s mobility 

during a VRET session and is simple to set up. 

Finally, we have selected an anxiety scale for our experiment. As there is no 

ground truth for measuring anxiety, we must rely on subjective anxiety 

questionnaires filled by participants. For this purpose, we have chosen subjective 

units of the distress scale as it offers a quick way for a subject to express his/her 

current level of anxiety.  
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5 EXPERIMENTS AND RESULTS 3 

 

5.1 Participant demographics 

A group of 30 subjects participated in our experiment. All the subjects gave 

and signed their informed consent for inclusion before they participated in the study. 

The study and protocol were approved by Kaunas Regional Biomedical Research 

Ethics Committee (reference number BE-2-60). 

The group consisted of 13 females and 17 males aged 21–34. Most of the 

participants (76%) had a job. They were therefore familiar with the workplace public 

speaking scenarios (presentations during meetings in the office). The participants’ 

previous experience with virtual reality systems and video games was recorded. All 

the demographic data is shown in Table 7. 

 
Table 7. Demographic information of the participants 

Measure Value 

Age M=26.85, SD=4.189 

Sex Female (13), Male (17) 

Employment Studies (7), works (23) 

VR experience Never (13), Rare (16), Frequent (4) 

Video games experience Never (10), Rare (9), Frequent (11) 

 

5.2 Flow of the experiment  

 

Each participant took part in a single therapy session. At the start of this 

session, the subject had to complete the initial demographic forms and the consent to 

participate in the experiment. Multiple psychological self-observed scales were 

presented to the patient, including: Public Speaking Anxiety Scale (PSAS) [112], 

Personal Report of Communication Apprehension (PRCA-24) [113] and Speech 

Anxiety Thoughts Inventory (SATI) [114]. Baseline galvanic skin response and skin 

temperature samples were collected from each subject. This data was later used as 

the baseline. 

 

 
3 This chapter is based on the author’s experiments described in [136] and [107] 
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Figure 15. Flow of the experiment. VRET is conducted in Step 6 

 

During the next stage of the session, the participant had a conversation with 

the psychologist and had 10 minutes to prepare a short speech on a suggested topic. 

The subject then delivered this prepared speech in front of the therapist, while 

biofeedback signals were being collected. The speech lasted up to 5 minutes. 

Finally, the participant discussed the speech with the psychologist and evaluated it. 

The participant also registered the Subjective Units of Distress Scale (SUDS) [90] 

and self-observed signs of discomfort (vertigo, muscle tenseness, etc.) [115].  

The experimental session continued immediately with the VRET stage. The 

subject was given up to 10 minutes to rehearse a prepared speech. They then had to 

deliver the speech in front of the virtual auditorium while the psychologist 

controlled the 3D crowd and the environment. As in the previous steps, a 

biofeedback device was used to measure GSR and skin temperature following the 

VRET stimuli. This speech was limited to 5 minutes. 

When the VRET session was finished, the participant evaluated the speech and 

filled out multiple scales: the Public Speaking Anxiety Scale (PSAS), the Personal 

Report of Communication Apprehension (PRCA-24), and the Speech Anxiety 

Thoughts Inventory (SATI), the Subjective Units of Distress Scale (SUDS), and the 

Igroup presence questionnaire (IPQ) [116]. This was done in order to compare the 

values before and after the VRET session. 

Finally, the subject had a discussion with the psychologist about his or her 

experiences during the session. The flow of the conducted experiment is 

demonstrated in Figure 15. The total length of the session ranged from 45 to 90min. 

 

5.3 VRET stimuli 

 

There are multiple studies for emotion recognition while using videos, images 

or music as emotional stimuli [69][74][117][118]. Moreover, a recent survey 
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showed that most studies using machine leaning to detect stress and anxiety are 

creating stress stimuli through mental tasks in the laboratory setup [70]. However, in 

our case, anxiety is induced through the VRET stimuli, which cannot be easily 

compared with video or images. 

VRET sessions start with the participant waiting in the backstage of our virtual 

conference hall. After a short period of acclimation, the virtual character starts 

moving through the door to the virtual stage. Finally, the participant reaches the 

stage, is greeted by virtual listeners, and starts the presentation with the time limit. 

This initial period of the scenario acts as an emotional activator, and, from this 

point, we start to track the psychological signals of the subject. These stages of the 

virtual scenario are shown in Figure 16.  

  

  
(a)                      (b) 

Figure 16. VRET public speaking environment: a) backstage; b) stage in the virtual 

conference hall 

 

 

5.4 Psychophysiological signal collection through a wearable sensor 

 

Our VRET system has been developed with the capacity to support wearable 

biofeedback devices. In this experiment, we have used an Empatica E4 wristband 

[119]. The data from the skin temperature (ST) sensor was expressed in degrees on 

the Celsius (°C) scale (sampled at 4 Hz), and the galvanic skin response in μS 

(sampled at 4 Hz). 

During the entire experiment, the participants were using the wristband sensor 

Empatica E4. The sensors were connected with a computer by using Bluetooth 

connection. The acquired data included GSR, BVP and skin temperature throughout 

the session. 

Three time series were recorded for each signal type and for each participant: 

1. Baseline – recorded during the calm and relaxed state. 

2. Speaking assignment – recorded during the speaking exercise in front of the 

psychologist. 

3. VRET – recorded during the VRET public speaking scenario. 
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5.5 Anxiety level evaluation when using SUDS 

Based on our experience from other VRET studies [120][121][122], in order to 

measure the participant’s anxiety level throughout the experiment, we used a 

subjective unit of the distress scale (SUDS). This scale measures from 0 to 100 

(sometimes from 0 to 10), where 0 represents total relaxation, and 100 represents the 

biggest anxiety attack in one’s life. The advantage of this scale is its simplicity and 

shortness which allows capturing anxiety at a specific moment. All the values of 

SUDS are displayed in Table 8. 

 
Table 8. Subjective Units of distress scale 

Measure Rating 

Highest anxiety/distress ever felt 100 

Extremely anxious/distressed 90 

Very anxious/distressed; cannot concentrate 80 

Quite anxious/distressed; interference with functioning 70 

Moderate to strong anxiety or distress 60 

Moderate anxiety or distress, but can continue to function 50 

Mild to moderate anxiety or distress 40 

Mild anxiety or distress; no interference with functioning 30 

Minimal anxiety or distress 20 

Alert and awake 10 

 

5.6 Results 

5.6.1 Collected psychophysiological signals 

 

The subjects rated their anxiety levels during VRET sessions much higher than 

the baseline: 37.9 SUD against the baseline of 28.3 SUD. This indicates that the 

proposed VRET system and virtual environments provided stimuli for anxiety. All 

the reported SUD values are displayed in Figure 17. 

 

 
Figure 17. Values reported on the subjective units of the distress scale 

 

We have also compared SUDS values of the subjects who agreed or strongly 

agreed with the statement “While preparing for giving a speech, I feel tense and 

nervous,” which has been included in the PSAS scale (a mean of 24.2 SUD baseline 

and 45.7 VRET session SUD, higher than the mean SUD). Comparison graphs are 

presented in Figure 18. 
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(a)                                           (b) 

Figure 18. Subjective units of distress evaluation: a) those who agreed or strongly 

with the statement “While preparing for giving a speech, I feel tense and nervous”; 

b) all the remaining subjects 

 

Additionally, we have compared the differences in the reported SUDS values 

based on the participants’ previous experience with VR applications and video 

games. We have noticed that gamers and those who tried VR before the therapy 

session reported higher SUDS values after the VRET session. This could indicate a 

deeper immersion within the virtual environments because of more experience with 

the virtual worlds (games). However, a dedicated study is required to investigate this 

effect further (Figure 19).  

  

  

(a)                                           (b) 

Figure 19. Differences in the SUDS values reported after a VRET session: a) based 

on the previous gaming experience; b) based on the previous VR experience 

 

Some negative effects of virtual reality systems were noticed. This was 

achieved by analyzing subjective symptoms of discomfort reported by the 

participants. As expected, one of the negative reactions to the VR environments is th 
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e vertigo effect which was indicated by nausea (1 subject) and loss of balance 

(6 subjects). Moreover, wearing a VR headset increased sweating (6 subjects 

reported it during the speech exercise and 9 subjects were affected during the VRET 

session). The rest of the observed symptoms which were associated with the 

increased anxiety were similar in both cases. Self-observed symptoms of all the 

subjects are shown in Table 9. 

 

Table 9. Subjective signs of discomfort 

Measure During public 

speaking 

Public speaking during a 

VRET session 

Increased sweating 26.09% 39.13% 

Dizziness 8.70% 13.04% 

Increased heart rate 78.26% 69.57% 

Shivers   21.74% 21.74% 

Uneasiness, fear 69.57% 60.87% 

Heavy chest 8.70% 8.70% 

Muscle tension 30.43% 43.48% 

Loss of balance 8.70% 26.09% 

Nausea  0.00% 4.35% 

 

The loss of balance is also a side effect of the virtual reality systems and could 

limit the adaptation and acceptance of such systems. However, all except for one of 

the patients who experienced this symptom while using our virtual reality system 

had never used VR headsets before. Therefore, for the patients who have no 

previous VR experience, we would suggest offering a neutral introductory virtual 

reality session before any treatment sessions. This could possibly lead to better 

acclimatization in VR environments and to minimizing the loss of balance 

symptoms during VRET sessions. 

Three series of the collected data were analyzed in order to evaluate the effects 

of the VRET system. The first series included the values recorded during the 

beginning of the experiment (the baseline), the second series included the values 

recorded throughout the speech exercise in front of the therapist, and the third series 

contained the values recorded during the VRET session.  

By comparing the raw mean values of the signals from all the participants, we 

can see a significant increase of the values of GSR and skin temperature 

measurements. GSR signals were significantly more variable during the VRET 

session, which indicates an increased reaction to the stronger stimuli of anxiety 

(Figure 20). This increase demonstrates higher participant involvement in the public 

speaking exercise during the VR simulation than during the live speech. 
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(a)                                       (b) 

Figure 20. Normalized GSR and skin temperature session values by participant of 

experiment  

 

Finally, by looking at the values of the extracted features, we can state that 

VRET speaking scenarios created a stimulus which was equivalent to or even 

stronger than a speech that was delivered in front of the therapist (Table 10). The 

values increased during the live and VRET session when we compared these 

features to the baseline value. Therefore, a web-based VRET service could be used 

as a helpful exposure therapy tool for treating or even self-treating public speaking 

anxiety disorders. By providing patients with the ability to emulate and prepare for 

their daily life challenges, we could enable them to adapt their reactions with or 

without the help of a therapist. 

 
Table 10. Elevated GSR and skin temperature feature values 

Feature Baseline 

GSR / Skin temp. 

Session 

GSR / Skin 

temp. 

VRET 

GSR / Skin 

temp. 

Raw signal mean 

absolute 

1.152 / 29.74 1.257 / 30.72 1.372 / 31.21 

Raw signal standard 

deviation 

0.07 / 0.04 0.22 / 0.023 0.106 / 0.019 

Raw signal absolute 

mean of 1st difference 

0.0044 / 0.0015 0.0121 / 0.011 0.0065 / 0.0011 

Normalized signal 

absolute mean of 1st 

difference 

0.056 / 0.058 0.036 / 0.018 0.021 / 0.019 

Raw signal absolute 

mean of 2nd  difference 

0.0008 / 0.0003 0.0019 / 0.00028 0.0014 / 0.0003 

Normalized signal 

absolute mean of 2nd  

difference 

0.0116 / 0.0149 0.0077 / 0.0054 0.0049 / 0.0057 
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5.6.2 Class distribution 

 

The class distribution in our research mostly focused on mild and moderate 

anxiety (Figure 21). Uneven class distribution can lead to model bias to a specific 

class, as, during the training of the classification model, the trained model may tend 

to pick a class with the majority of samples in the training set.  

One of  the approaches towards avoiding this prediction bias for imbalanced 

data sets is to change the misclassification penalty per class [123]. In the SVM 

method this is referred as a class-weighted SVM. Normally, for SVM, we have to 

set only a single value for regularization parameter C. When class-weighted SVM is 

being used, the misclassification penalty for the minority class is picked to be higher 

than for the majority class. 

Another approach is to either undersample or oversample the training data set. 

When random oversampling is used, the training data is supplemented with multiple 

copies of samples from the minority class. Meanwhile, random undersampling is 

balancing the data set by removing duplicate samples from majority class. 

Moreover, for more advanced oversampling, SMOTE (Synthetic Minority 

Over-sampling technique) can be used. Synthetic data samples for the minority data 

class is created based on the feature space. This can be illustrated as taking the 

existing sample and k nearest neighbor and multiplying the vector between them 

with random number x from 0 to 1. 

In our work, we have used a class-weighted SVM to adjust misclassification 

penalties. Then, we have measured prediction accuracies for each class separately. 

Finally, we demonstrate that our models do not have a strong pull to one particular 

class by plotting normalized confusion matrices from Figure 27 to Figure 30. 

 
Figure 21. Anxiety class distribution 

 

 

5.6.3 Validation methods 

 

We have decided to use the accuracy metric for model-by-model comparison, 

as the majority of articles on anxiety prediction publish their results by accuracy. For 

cross-validation, we have used 10x10-fold validation, as, in this way, we are first 

dividing participants into 10-fold segments and using data of 90% of the participants 
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for training (27 participants), and the remaining ones for testing (3 participants); we 

are repeating this process 10 times across 10 folds. Thus, there is no data sample 

spillover from the training set to the test set [72][85]. 

Additionally, we have tested our models with the randomly assigned class to 

ensure that they are not biased, and all the discussed models had 25–26% accuracy, 

which is expected from a four-class classification model with random labels. 

 

5.6.4 Signal window size evaluation 

 

The windows size can severely impact the results of a classification. 

Therefore, we have trained all our models by using 3, 5, 8, 10, 13, 15, 18, 20, 23, 25, 

28, 29 and 30s window length. 

For GSR and BVP signals, the window size had a significant impact to the 

results, while the skin temperature was less impacted by the window size. For all the 

signals, the accuracy steadily increased as the window size was increased. The peak 

was reached at around 18–23 seconds.  

The visual comparison regarding accuracy dependency on the window size is 

shown in Figure 22. 

 

 
Figure 22. Anxiety level prediction by using blood volume pulse (BVP), galvanic skin 

response (GSR), and skin temperature: accuracy dependency upon signal window length 

  

Anxiety level prediction by using BVP, GSR and skin temperature: accuracy 

dependency upon the signal window length. 

 

Based on our findings, we can conclude that it is best to use the signal 

window size of around 20 seconds. For a smaller window length, the accuracy is 

lower, however, a long window size has a downside of the slower update rate as it 

would take around 20s to update the affective state change. A detailed comparison 

of results is listed in Table 11. 
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Table 11. Anxiety level prediction accuracy by signal type and window size (best results are 

shown in bold) 

Window size, s Accuracy 

using GSR 

Accuracy 

using BVP 

Accuracy using skin 

temperature  
3 70.9% 66.2% 72.6% 
5 73.2% 68.3% 73.7% 
8 74.3% 74.0% 73.3% 

10 74.3% 73.1% 73.8% 
13 74.0% 73.8% 73.2% 
15 74.4% 73.7% 73.7% 
18 75.8% 74.1% 75.1% 
20 75.9% 73.8% 73.3% 
23 76.6% 73.0% 72.6% 
25 76.2% 70.2% 71.7% 
28 73.7% 72.6% 68.8% 
30 73.8% 71.8% 69.1% 

 

 

5.6.5 Feature evaluation 

 

We have applied the random forest (RF) for feature selection. The method 

can expose feature importance for a classification task by using the Gini index [124]. 

This index shows a correlation between the signal feature and the anxiety label. The 

stronger relationship is indicated by a higher index value.  

According to the evaluation of the Gini index, the most relevant BVP 

features include both statistical (Picard et al.) and extracted heart rate features 

(Figure 23) – mean (mean value of the normalized signal), rms (square root of the 

mean square signal value), median, rawabsdiff1 (mean absolute of first difference of 

the raw signal), rawabsdiff2 (mean absolute of second difference of the raw signal), 

rawstd (standard deviation of the raw signal), min (minimal value of the  normalized 

signal), mad (mean absolute deviation of the signal), maxHR (maximum heart rate), 

max (maximal value of the normalized signal). 

 

 
Figure 23. Feature importance BVP (ten most relevant features are shown) 
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GSR statistical values come out as one of the strongest features for this type of 

signal. Though, we can see that some of classical features from the research of 

Picard et al. were also included (Figure 24) – min (minimal value of the  normalized 

signal), max (maximal value of the normalized signal), median (median value of the 

normalized signal), rms (square root of the mean square signal value), rawmean 

(mean value of the  raw signal), mean (mean value of the normalized signal), 

maxamp (maximal amplitude of the signal), rawabsdiff1 (mean absolute of first 

difference of the raw signal), rawabsdiff2 (mean absolute of second difference of the 

raw signal), absdiff1 (mean absolute of first difference of the normalized signal). 

 

 
Figure 24. Feature importance GSR (ten most relevant features are shown) 

 

 As the skin temperature is similar and can be impacted by environmental 

factors, and as our experiment took place in a room with the temperature control, it 

is interesting to note that the raw mean value was among the best features (Figure 

25) – rawmean (mean value of the  raw signal), rms (square root of the mean square 

signal value), mean (mean value of the  normalized signal), max (maximal value of 

the normalized signal), median (median value of the normalized signal), min 

(minimal value of the normalized signal), absdiff2 (mean absolute of second 

difference of the normalized signal), absdiff1 (mean absolute of first difference of 

the normalized signal), zero (zero crossing), std (standard deviation). However, 

normalized values were not far behind. 

 

 
Figure 25. Feature importance skin temperature (ten most relevant features are shown) 

 

In the case of signal fusion, we can state that strongest features were 

extracted from all signals. Interestingly, the method selected 6 features from skin 
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temperature, 3 features from BVP, and one feature from GSR. Ten most impactful 

features of the fused signal (with the highest Gini index values) are displayed in 

Figure 26 – skintemp_rawmean (mean value of the skin temperature signal), 

gsr_rawmean (mean value of the GSR signal), bvp_mean (mean value of the BVP 

signal), bvp_median (median value of the BVP signal), skintemp_max (maximal 

value of the normalized skin temperature signal), bvp_rms (square root of the mean 

square BVP signal value), skintemp_mean (mean value of the normalized skin 

temperature signal), skintemp_median (median value of the normalized skin 

temperature signal), skintemp_min (minimal value of the normalized skin 

temperature signal), skintemp_rms (square root of the mean square normalized skin 

temperature signal value). 

 

 
Figure 26. Feature importance signal fusion (ten most relevant features are shown) 

 

5.6.6 Psychophysiological signal evaluation and signal fusion 

 

When evaluating our final models, we are focusing on confusion matrixes. In 

multi-class classifications, sometimes classifiers tend to over-fit and can be biased to 

the particular class. However, in our case, all the four classes have strong prediction 

accuracies, and the classifier is not leaning on one majority class.  

The classification using only the features from the GSR signal had 84.9% 

accuracy, which was the lowest prediction accuracy of all the signals. Usually, GSR 

is a good estimator for anxiety-based recognition [76]. However, we used a 

wristband-type sensor instead of a finger one, which is more prone to artifacts due to 

the movements of the subject (Figure 27). 
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Figure 27. GSR signal classification normalized confusion matrix 

 

 BVP as the one of the most prominent indicators for stress recognition 

provided the best accuracy for single signal modality (Figure 28). From BVP, we 

can extract such features as the heart rate, heart rate variability, RR intervals and 

other values. However, sometimes, two identical BVP signals can reflect different 

emotional states [125]. 

 
Figure 28. BVP signal classification normalized confusion matrix 

 

Variations in the skin temperature are signs for the blood flow change in the 

skin. Other researchers showed that the change of arousal also impacts the skin 

temperature [126]. In our experiment, the features of the skin temperature were 

capable to detect the biggest swing of anxiety (low and high), while the recognition 

of the middle states was worse (Figure 29). 
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Figure 29. Skin temperature signal classification normalized confusion matrix 

 
As in many previous studies, we have tried the signal fusion approach for all 

the modalities. There are several methods how signal fusion can be implemented. 

The most notable ones are early and late fusion approaches. During the early fusion, 

the signals from all modalities are mixed together and go through the feature 

selection stage as a combined dataset. Alternatively, during the process of late 

fusion, the signals from all the modalities are kept separate, and signals are fused 

only at the classification stage. 

 

We have achieved the results where the model that was using signal fusion 

outperformed models that used standalone GSR, BVP and skin temperature signals. 

In our case, the method of early fusion has performed slightly better than the late 

fusion, by 86.3% and 83.2%, respectively. The accuracy of the early fusion was on 

point for most of the classes, although it had a small tendency to identify moderate 

anxiety as high (Figure 30). 
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Figure 30. Signal fusion (early) classification normalized confusion matrix 

 

Based on the feature importance analysis, we can see that the early fused 

model used all the strongest features from every signal. The final anxiety level 

classification results are detailed in Table 12. 

 
Table 12. Anxiety level prediction accuracy by signal type (when using 10x10-fold cross 

validation) 

Signal type Best accuracy Windows size 

BVP 74.1% (SD = 0.036) 18s 

GSR 76.6% (SD = 0.039) 23s 

Skin temperature 75.1% (SD = 0.36) 18s 

Signal fusion (early) 86.3% (SD = 0.025)  20s 

Signal fusion (late) 83.2% (SD = 0.032) 20s 

 
 

5.6.7 Leave one out subject validation 

 

The standard k-fold validation cannot demonstrate a good validation 

measurement for a subject to the subject basis as it mixes data from all the 

participants into separate folds. Therefore, for a subject’s independent validation, it 

is useful to perform ‘one-subject-leave-out’ validation.  

 

This means that, in our case, we use signals of 29 participants and then test 

them against one. Our signal fusion (early) model achieved 80.1% accuracy on 

average with this type of validation. From Figure 31, we can see that anxiety 

prediction accuracy remains high for most of the participants, however, it sharply 

drops for subjects 11, 15 and 20. This highlights the challenges of predicting the 

anxiety for each and every subject individually as the results can be impacted by the 
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subjective nature of the SUDS scale and the challenges of the generalization of the 

autonomic nervous system response through psychophysiological signals. 

 

 
Figure 31. Results of one-subject-out validation 

 

5.6.8 Comparison of results with other works 

 

Multiple studies have been done in the area of stress recognition. The 

majority of them use various physiological signals in order to detect and classify 

stress or anxiety, like those that were used in our research. Although, in the course 

of these studies, anxiety is induced by using various methods, such as completing 

mental tasks in the laboratory environment, driving, or doing public speaking. 

Moreover, authors describe anxiety in multiple ways: binary (stressed or relaxed), 3 

classes (no anxiety, low anxiety, and high anxiety) or even four classes (no, low, 

mild, or high anxiety). 

 We have compared our results to previous research and state that our results 

are on the same scale as those of other researchers. However, each study and 

experiment are different, and it is hard to make a strict one-to-one comparison with 

our research which measures the VRET-induced anxiety.  

 Thus, we have decided to group the comparison with the mental stress 

detection system into separate buckets. Firstly, we compare our results with anxiety 

recognition systems that were trained by using the data collected during the stress 

periods that were induced in the laboratory; then we discuss the comparison with the 

studies that used driving-induced stress; and, lastly, we found several studies that 

measured stress during a public speaking exercise and trained anxiety prediction 

models for them. 

 A lot of research studies are using psychophysiological signals collected 

during the stress induced by solving mental tasks in the laboratory. These tasks 

usually involve solving logical puzzles, mathematical equations or dealing with 

time-sensitive challenges. Usually, they have bigger participant groups and are 

measuring two anxiety classes: one during the relax period (no stress), and one 

during the solving of the task (stress). While our stress stimuli are slightly different, 

we still feel that it is important to compare our results with this group as they 
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represent the majority share of the researched mental stress detection systems (Table 

13). 

 
Table 13. Comparison with laboratory induced stress recognition systems 

Study Signals Anxiety 

stimuli  

Method Subjects Classes Accuracy 

Vries et 

al. [85] 

GSR, 

ECG, 

RV 

Tasks in 

laboratory 

LVQ 61 2 88% 

(10x10-fold) 

Xu et al. 

[127]  

GSR, 

EMG, 

HR, 

EEG 

Tasks in 

laboratory 

GRNN 39 2 85.2%  

(leave-1-out) 

 

Akaman

dor et al. 

[128] 

GSR, 

ECG 

Tasks in 

laboratory 

SVM 32 2 95.8% 

(train/test 

split, subject 

independent) 

Vanitha 

et al. 

[129] 

EEG Tasks in 

laboratory 

SVM 6 4 89% 

(10-fold) 

Sandule

scu et al. 

[130] 

GSR, 

BVP 

Tasks in 

laboratory 

SVM 5 2 80% 

(75%/25% 

split, subject 

dependent) 

Castald

o et al. 

[131] 

GSR Tasks in 

laboratory 

Linear 

discrimi

nant 

analysis 

(LDA) 

42 2 98.8% 

(10-fold 

subject 

dependent) 

Our 

system 

GSR, 

BVP, 

skin 

temp.  

VRET 

(public 

speaking) 

 

SVM 

30  

4 

80.1%  

(leave-1-out) 

86.3%  

(10x10-fold) 

  

Another group of comparison contains research papers which are trying to 

classify anxiety induced by driving around the city. These researchers are splitting 

the anxiety level not in 2, but in 3 classes: calm, low stress (low traffic), and high 

stress (high traffic) situations. It is interesting to compare our results with the 

datasets which identify the stress level and not only provide binary classification (no 

stress vs. stress) (Table 14). 
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Table 14. Comparison with driving induced stress recognition systems 

Study Signals Anxiety 

stimuli  

Method Subjects Classes Accuracy 

Chen et 

al. [132] 

GSR, 

ECG, 

RV 

Driving Extreme 

learning 

machine 

(ELM) 

14 3 99% 

(cross-drive 

validation) 

Ghaderi 

et al. 

[133] 

GSR, 

EMG, 

ECG 

Driving SVM 7 3 98% 

(cross 

validation,  

no details) 

Our 

system 

GSR, 

BVP, 

skin 

temp. 

VRET 

(public 

speaking) 

 

SVM 

30  

4 

80.1%  

(leave-1-out) 

86.3%  

(10x10-fold) 

 

Finally, we have found several papers that are presenting anxiety prediction 

frameworks based on the data collected during public speaking exercises. While 

they are not based on public speaking in VRET environments, they are the closest to 

our research (Table 15). 

 
Table 15. Comparison with public speaking induced stress recognition systems 

Study Signals Anxiety 

stimuli  

Method Subjects Classes Accuracy 

Zhang et 

al. [134] 

GSR Public 

speaking 

Neural 

network 

(BP) 

22 2 86.7% 

(leave-1-out) 

Kurnia-

wian et 

al. [135] 

GSR, 

speech 

Public 

speaking 

SVM Not 

specified 

3 92%  

(10x10fold) 

Our 

system 

GSR, 

BVP, 

skin 

temp.  

VRET 

(public 

speaking) 

 

SVM 

30  

4 

80.1% (leave-

1-out) 

86.3% (10x10-

fold) 

 

 

5.7 Future work 

 

Our further work shall focus on integrating the anxiety level prediction 

component into the user interface of our VRET system so that the psychologist 

could easily track and react to the changes of the patient’s anxiety during VRET. 

Moreover, our next development steps of the VRET system shall focus on 

extracting and delivering biofeedback signal features in the real time on the 

therapist’s dashboard. This will help psychologists to evaluate the patient’s 

psychological state during the VRET session and increase or decrease the intensity 
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of a simulated virtual environment. Also, anxiety level prediction during public 

anxiety treatment sessions could benefit from temporal processing as an additional 

source of auditory signals. While in our experiment we were not recording the 

speech itself, we strongly believe that future research should consider recording 

participants’ speech patterns and add them as an additional modality for the feature 

extraction phase. 

Additionally, a self-treatment online module could be developed so that 

patients will be able to use the system without interaction with the therapist. Finally, 

the system will be prepared to be used for a fully randomized clinical trial which 

will include the control group. 

 

5.8 Conclusions of the Chapter 

In this chapter, we have described the experiment which involved 30 

participants going through public speaking intervention while using our VRET 

system. During the experiment, we collected the subjects’ psychophysiological 

signals and used them for training anxiety recognition models. We have investigated 

the signal’s windows size, the features of psychophysiological signals, and the 

signal fusion that provides the best anxiety recognition accuracy for a VRET system. 

The combination of anxiety detection and VRET demonstrates a possibility to 

measure mental anxiety by adding real-time stress recognition capabilities. Our best 

classification model was capable to predict a four-class anxiety level with high 

80.1% accuracy (when employing one-subject-out validation) and 86.3% (when 

employing 10x10-fold cross-validation). This should encourage other researchers 

and VRET system developers to invest time into this kind of addition of 

psychophysiological signal analysis for their VR solutions. However, in our work, 

we have also investigated various limitations of VRET solutions and mental stress 

recognition systems that must be considered for further research. This is also 

highlighted through one-subject-out validation as the anxiety prediction of some 

subjects yielded lower results. 

We have also investigated the impact of the signal window size on the anxiety 

prediction accuracy as different stimuli can have different emotional activation 

lengths. Our results showed that the best performing VRET stimuli-based models 

featured between 20s and 25s window length. We have reconfirmed the results by 

many previous studies that fused signal datasets are performing better than stand-

alone signals and showed that this applies for VRET based anxiety stimuli as well. 

The classification model with signal early fusion performed by 9.7% better than the 

GSR-based model, by 11.2% better than the skin temperature-based model, and by 

12.2% better than the BVP-based model. 

While there are a lot of studies covering VRET systems and mental anxiety 

recognition solutions, our designed system combines these fields together. Our goal 

is to demonstrate that there exists a potential way of estimating the anxiety level of 

the patient who is undergoing VRET sessions. This information could help to 
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improve VRET systems which could react and change VR session scenarios in real-

time (under the supervision of a therapist) based on the patient’s mental stress. 

The limitations of our anxiety recognition methods include the reliance on the 

subjective anxiety scale (SUDS) which is used to add classification labels to our 

dataset. Additionally, the current experiment was limited to a single treatment 

session per participant, while, usually, anxiety treatment takes multiple sessions. 

 Lastly, it can be concluded that psychophysiological signals collected 

through a wearable device can be used to train a model for anxiety recognition 

during VRET sessions. Moreover, it is feasible to determine gradual changes in 

patient anxiety, and this may help the psychologist balance and adapt the VRET 

session itself.  
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6 CONCLUSIONS 

 

1. The proposed VRET system based on the VRaaS model allows the therapist to 

interact with the 3D environment and treatment scenarios in the real-time and to 

change and adapt virtual environments during VRET sessions for personalized 

treatment. 

 

2. Our VRET system with the four-class anxiety (low, mild, moderate, and high) 

recognition component provides the possibility to the therapist to react to the 

patient’s anxiety changes in the real-time thus enabling the therapist to lower or 

to increase the intensity of the virtual reality therapy scenario based on the 

observed patient’s anxiety level. 

 

3. The proposed four-class anxiety classification method based on the features 

extracted from psychophysiological signals can recognize the patient’s anxiety 

during a VRET session with the accuracy of 86.3% when using 10x10-fold 

cross-validation and with 80.1% accuracy when using subject-independent leave 

one out cross-validation. 
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