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Abstract

1.HRYV signals are more affected by Emotions than PRV signals
2. This technigue could be used in various fields to find emotions even without

It finds its utility in various domains such as healthcare, automobile industries, 0.12 h hiect k . hout thei ¥ he ad
understanding social interactions, fraud detection, and many more. Analyzing a o1 € stbjec n0W|r?g a Ol_’ cIf €mo |9ns cing r.ecognl.ze '
person’s emotions in a controlled environment with various devices has been | 3.93.27% accuracy Is obtained by emotion recognizer using SWELL WESAD
challenging since it adds to human anxiety, which manipulates the readings. This 008 dataset
presents a need to devise ways to recognize and study emotions in a wireless 0.06 _
manner. We devised a system that recognizes the emotions using Heart Rate FUtU re WOrk
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Emotion Recognition plays an important role in understanding human behavior. 0.14

Error

Variability (HRV) of the subjects which Is estimated from their videos using o

Remotephotoplethysmography(rPPG). Our emotion recognizer has 93.27%
accuracy. 0

Our system requires subject to look into camera to capture HRV properly and
then process to get accurate emotions. As part of future work, we plan to
Increase accuracy of emotion recognizer using HRV of subjects who are far

MOtivati on nearest neighbours (K) away from camera and not looking at It.

1. Facial expression analysis or eye pupil movement analysis for emotion

0.02

Selection of value of nearest neighbors by finding it corresponding to lowest

recognition could be delusive | | | | error rate. For SWELL-WESAD dataset, we found KNN model with K=500 has
2. How a person thinks and how he feels directly impacts his sympathetic and lowest error rate. Acknowled gm ents

parasympathetic nervous system, especially the Heart rate. Physiological
signals give accurate impression of human emotions.
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3. Using wegrable or wired _dewces for collecting physiological signals in 03 T " Department of Computer Science and Software Engineering to provide me this
human consciousness contaminate them. o8 SS——
4. These factors lead to need of recognizing emotions in wireless manner by %0,7 pROTUnILY.

analyzing physiological signals. 3 06 :
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Previous work Is done to recognize emotions using,

ECG

Facial expressions e e — Accuracy of KNN model for K =500 has highest accuracy and later decreases S. Koldijk, M. Sappelli, S. Verbeme, M. A. Neerincx, andW. Kraall, “The swell knowledge
gradually work dataset for stress and user modeling research,” in Proceedings of the 16th

International conference on multimodal interaction, 2014, pp. 291-298.

rPPG was also used to estimate Pulse rate variability (PRV) which helped in recognizing emotions _ _
R. M. Sabour, Y. Benezeth, F. Marzani, K. Nakamura, R. Gomez, andF. Yang, “Emotional

Confusion matrix showing the results of predicted emotions corresponding to state classification using pulse rate variability,” in 2019 IEEE 4th International Conference on
M et h O d O I O g y true emotions. Signal and Image Processing (ICSIP). IEEE, 2019, pp. 86—90.

These values are used to find how better the

Normalized confusion matrix

S. R. Livingstone and F. A. Russo, “The ryerson audio-visual databaseof emotional speech

oty | o mmm e et ||| Extncios [ | Inoumeleatios model has performed. We calculate the . . . T
e i ’ i : ' 00 Rl 0 R 002 P . _ and song (ravdess): A dynamic, multimodal set offacial and vocal expressions in north
I accuracy, F1-score, recall, precision using american english,”PloS one, vol. 13,no. 5, p. 0196391, 2018
) 1 B confusion matrix.
Component | »Blood Volume puise—»  HeartRate L (' b it cmotion | 0] 00 001 o001 o001 Each class represents an emotion: H.P.DavidHass,SpencerMullinix,"Heartratedetectionusing remote photoplethysmography.”
SR 5 ' [Online]. Available: https://github.com/mullisd1/CVHeartrate
[ €30 001 oo Class O : no stress Class 3: baseline
( SWELL/WESAD : 4 . Train Classification i 404 000 0.01 0.00 C ass 1 Interrupted CIaSS 4 amusement . . . . .
Dataset B e model — Y. Huang, J. Yang, P. Liao, and J. Pan, “Fusion of facial expressions andeeg for multimodal
s0{ 001 000 000 Class 2 : Under Pressure Class 5: stressed emotion recognition,”Computational intelligence andneuroscience, vol. 2017, 2017.
\_ Classification model - RS RS ,L%} ,,;Iib aflf} o . ) . .
Predicted Label ? Y.-L. Hsu, J.-S. Wang, W.-C. Chiang, and C.-H. Hung, “Automatic ecg-based emotion
Dat as etS _ . _ recognition in music listening,”|EEE Transactions onAffective Computing, vol. 11, no. 1, pp.
Stressed people are identified more accurately by our model 98% of times!! 85-99 2017.

1. SWELL and WESAD datasets are HRV datasets with corresponding emotions

. . . . . recognition,”Pattern Recognition Letters, vol.120, pp. 69—74, 2019
recognizer. Testing is done using these datasets considering the HRV signals
are most accurate. 2019, Sabour et. Al PPG + PRV SVM 59 79% L. J. Zheng, J. I\/Ioun_wtstephens_, _and_ J. Teo, ‘A cqmparative inv_estigatio_nof ”eye fixation-
2. RAVDEES dataset is a video dataset of 24 subjects and their corresponding based 4—c|as§ emotion recognition in virtual reality usmgmgchlne Iearnl_ng, |_n2021 11th

. Vid d to obtained HRV si | . - PPG Proposed (Swell Wesad) rPPG + HRV KNN 93.27% IEEE International Conference onControl System, Computing and Engineering
emotions. viadeos are processed to obtaine Signails using existing r classifier (ICCSCE).IEEE, 2021,pp. 19-22
system. C .
y Proposed (RAVDEES) Existing rPPG + KNN 37.23%
HRV classifier

KENNESAW STATE  Author(s): Jui Mhatre

UNIVERSITY . .
X COLLEGE OF COMPUTING AND Advisors(s): Dr. Mohammed Aledhar!

SOFTWARE ENGINEERING



https://www.kaggle.com/qiriro/stress
https://github.com/mullisd1/CVHeartrate
mailto:jmhatre1@students.kennesaw,edu
https://www.linkedin.com/in/jui-mhatre-35600193

