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Abstract

The mechanism of emotion is complex and influenced by a variety of factors, so that it is crucial to analyze
emotion in broad and diversified perspectives. In this study, we classified neutral and negative emotions(sadness,
fear, surprise) using arousal evaluation, which is one of the psychological evaluation scales, as well as physiological
signals. We have not only revealed the difference between physiological signals coupled to the emotions, but also
assessed how accurate these emotions can be classified by our emotional recognizer based on neural network
algorithm. A total of 146 participants(mean age 20.1 + 4.0, male 41%) were emotionally stimulated while their
physiological signals of the electrocardiogram, blood flow, and dermal activity were recorded. In addition, the
participants evaluated their psychological states on the emotional rating scale in response to the emotional stimuli.
Heart rate(HR), standard deviation(SDNN), blood flow(BVP), pulse wave transmission time(PTT), skin conduction
level(SCL) and skin conduction response(SCR) were calculated before and after the emotional stimulation. As a
result, the difference between physiological responses was verified corresponding to the emotions, and the highest
emotion classification performance of 86.9% was obtained using the combined analysis of arousal and physiological
features. This study suggests that negative emotion can be categorized by psychological and physiological evaluation
along with the application of machine learning algorithm, which can contribute to the science and technology of

detecting human emotion.
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Fig. 1. Experimental procedure for emotion induction
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Table 1 Differences analysis in physiological responses among
emotions

Effect df F An? Sig
State 1 113.506 413 | .000
HR Emotion 3 | 13943 | 080 | .000
(bpm) -
State*Emotion 3 45.721 221 .000
State 1 243.161 .602 | .000
S(]I)n? Emotion 3| 100092 | 383 | .000
State*Emotion 3 161.552 501 .000
State 1 355.473 .668 | .000
BVP K
Emotion 3 8.181 .048 .000
(volts)
State*Emotion 3 70.928 .306 .000
State 1 241.214 .600 | .000
PTT X
Emotion 3 8.935 .053 .000
(ms)
State*Emotion 3 67.777 296 .000
State 1 584.729 784 | .000
f% Emotion 3 | 209117 | 565 | .000
State*Emotion 3 291.922 .645 .000
State 1 624.267 795 | .000
SCR B
(us) Emotion 3 335.617 .676 .000
State*Emotion 3 279.809 .635 .000
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Table 2. Confusion Matix(%)

True Condition
Neutral | Sad Fear | Surprise
Neutral 95.2 10.4 0.0 0.0
Predicted | Sad 48 | 823 | 23 0.7
Condition | Feqr 0.0 73 | 839 | 126
Surprise 0.0 0.0 13.8 86.7
Table 3. Results of classification evaluation(%)
SN PN PPV NPV
Neutral 95.2 84.3 90.2 85.9
Sad 82.3 88.6 91.3 85.8
Fear 83.9 88.1 80.8 89.2
Surprise 86.7 87.1 86.3 87.3

SN(Sensitivity), SP(Specificity), PPV(Positive Prediction Value),
NPV(Negative Prediction Value)
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