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ABSTRACT
We present AffectivelyVR, a personalized real-time emotion recognition system in Virtual Reality (VR) that enables an emotion-adaptive
virtual environment. We used off-the-shelf Electroencephalogram
(EEG) and Galvanic Skin Response (GSR) physiological sensors to
train user-specific machine learning models while exposing users
to affective 360° VR videos. Since emotions are largely dependent
on interpersonal experiences and expressed in different ways for
different people, we personalize the model instead of generalizing it. By doing this, we achieved an emotion recognition rate of
96.5% using the personalized KNN algorithm, and 83.7% using the
generalized SVM algorithm.
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INTRODUCTION

In this paper we describe a system for real-personalised emotion
recognition in Virtual Reality (VR). Humans are motivated by many
different things like fame, fulfilment, happiness, money, or sense
of belonging, and by various factors such as instincts, pleasure,
obligations, thoughts, and outside forces. However, emotion is a
key constant in all of these scenarios, and is a universal part of
human nature [6]. Attempts to automatically recognize emotions,
such as affective computing [15], has been widely employed using several computational methods on data from correlated input
modalities such as face, eye gaze,and physiological signals [4]. Although these methods have been successfully developed using the
controlled stimuli in the lab environments, the level of immersion
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of the set-up has usually been underestimated, thus eliciting emotional experiences that are not similar to the real-world scenarios
[1]. Immersive VR can provide the sensation of being in real world
and create extremely powerful emotional experiences[2], but there
has been relatively little research on how to objectively measure
emotional response in VR and project it back into the VR experience
[7, 16].
In this work, we present AffectivelyVR, a system that is based
on a personalized real-time emotion recognition model that was
trained using low-cost physiological sensors. We explore how these
sensors can be used to capture signals to measure users’ emotional
states that can be used to adapt VR elements in real-time. We are
aiming for a personalized model as opposed to generalized, meaning
the model is trained per participant. Overall, our approach differs
from past research in two ways: (1) we present an experimental
method to develop the personalized machine learning models to
recognize emotional states on real-time basis in VR, and (2) we
designed a custom machine learning model architecture with a
maximum personalized accuracy of 96.5%.
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Figure 1: The AffectivelyVR framework, which uses physiological and subjective data to generate machine learning
models to predict human emotions in Virtual Reality (VR).

We developed an emotion recognition system using physiological signals, particularly EEG and GSR, while interacting with immersive 360°videos in VR (shown in figure 1). In our system, we used
an HTC Vive VR display to enable the participants to experience
the VR environment. We collected EEG signals using a 16-channel
OpenBCI EEG Cap with daisy chain module at a 125Hz sampling
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METHOD AND RESULTS

With the goal to develop a personalized emotion recognition system, a within-subject study was conducted where 6 participants
(Female:3, Male:3) with a mean age of 34.83 (+/- 14.10 standard
deviation) were shown four immersive 360° videos, each 205 seconds long, in a Virtual Reality (VR) environment while recording
their physiological responses. As subjective measures, we used the
PANAS [38], and SAM [9] self-assessment questionnaires.
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frequency and focused on the activation of the pre-frontal cortex i.e.
FP1 and FP2 [2, 29], occipital, and parietal lobe i.e. O1, O2, P3, Pz,
and P4 [28, 40] electrodes in response to the emotion stimulation.
A Shimmer sensing device was used to collect GSR signals at a
128Hz sampling rate. We developed a 360° video player application
capable of capturing and saving the streamed physiological signals
using the Unity Game Engine and LSL4Unity asset while the video
was being played.
The emotion recognition model architecture was developed to
classify the emotional states from the EEG and GSR data collected
during the experimental procedure. At first, the collected raw data
was cleaned by eyeballing and removing sudden noise peaks. For
EEG pre-processing, we used a band pass filter with low cutoff at
1Hz and high cutoff at 45 Hz followed by a multichannel Wiener
filter [17] and Blind Source Separation algorithm i.e. independent
component analysis (ICA) to remove EOG, motion and muscle noise
artefacts [10]. For GSR pre-processing, the data was first smoothed
using a moving average filter and then down-sampled to 4Hz [9].
Finally, the pre-processed data was divided into 5-second epochs
with 50% overlap. We used the Biosppy python package [5] for
signal processing and extraction of epoch-wise EEG and GSR features consisting of statistical, time-domain, and frequency-domain
parameters [8, 13, 18]. In order to label the data, we divided the
Self-Assessment Scale (SAM) into two categories, namely Pleasant
(valence≥5) and Unpleasant (valence<5).
After the features were extracted, we used the Yeo-Johnson nonlinear power transformation [3] that mapped the data from any
distribution to as close to a Gaussian distribution as possible in order
to stabilize variance and minimize skewness. Then we performed
backward feature elimination to remove unnecessary features. Most
of the participant data was unbalanced due to inconsistency in the
perceived emotional state (SAM ratings reported by participants), so
we decided to boost and balance using Principal Component Analysis (PCA) and the Synthetic Minority Oversampling Technique
(SMOTE) [14].
From the previous steps, balanced and normalized features were
used to train four machine learning classifiers, namely: Gaussian
Naive Bayes, k-Nearest Neighbour (KNN), Support Vector Machine
(SVM), and Random Forest (RF). We tested the performance of these
classifiers with Accuracy, Recall, Precision, and F1 Score as metrics.
We used a Grid Search approach to identify the best matching set
of hyperparameters for each model with a 10-fold cross-validation.
Even though deep learning models are popular for classifying EEG
signals [11, 12], they require a lot of training data to reach that level
of performance, usually gathered from many participants. In our
approach, we are looking towards a personalized model as opposed
to generalized, meaning the model is trained per participant.
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Figure 2: Boxplot of ML Classifiers: SVM, RF, KNN, and
Naive Bayes
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Figure 3: 10-fold Cross-Validated Confusion Matrices for
KNN, Naive Bayes, SVM, and RF Classifiers

In AffectivelyVR, all the machine learning classifiers reported
more than 85% accuracy for recognizing the participant emotional
state, but KNN outperformed SVM, RF and Naive Bayes performed
worst of all on an average (figure 2). The 10-fold cross-validated
confusion matrices for used classifiers can be seen in figure 3.
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LIMITATIONS AND FUTURE WORKS

Our aim was to achieve higher accuracy and overcome any possibility of overfitting, so we will collect more physiological data for
training and testing personal models by exposing participants to
more varied emotional experience trials. We conducted this study
with only 6 participants which is very less to provide any statistical
inference. So, we plan to increase the number of participants to
statistically validate our technique. In the current study, we found
it challenging to eyeball all the data and clean sudden motion artefacts. For future works, we aim to automate the motion artefact
removal process by using template matching algorithms on the
participants’ accelerometer data. We also plan to conduct a full user
study to evaluate our personalized emotion models to recognize
real-time emotions in an emotion adaptive VR application.
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CONCLUSION

In this work, we presented the AffectivelyVR system, a personalized emotion recognition VR system using players’ physiological
information to identify their emotional states in real-time. This
system aims to assist VR designers and developers to monitor and
regulate desired emotional experiences in VR, ultimately improving
the overall user experience. We also introduced the machine learning based emotion recognition process for predicting pleasant and
unpleasant states using EEG and GSR data, achieving the highest
average accuracy of 96.5% and 83.7% accuracy for personalized and
generalized models respectively.
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