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Detection of Psychological Risk for Protected Individuals by
Using PPG Signals from Smartwatch
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ABSTRACT

This paper proposes a machine learning approach to detect dangerous emition using short-term PPG
(Photoplethysmogram) signals from a commercial smartwatch. In supervised learning, having accurately
annotated training data is essential. However, a key challenge in emition detection problem is the uncertainty
regarding how accurately data labeled as “danger” reflects actual dangerous responses, since participants may
react differently to the same experiments. The main contribution of this paper is the development of a feature
selection method to remove ambiguously labeled training data, thereby improving the accuracy of the prediction
model. In the test, PPG measurements were collected from participants playing a horror VR (Virtual Reality)

game, and the proposed method validated the superiority of our proposed approach in comparison with other

methods.
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Fig. 1. During preprocessing stage, single pulses are
extracted from the raw PPG signals collected by a
smartwatch.
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Fig. 2. During the feature selection stage, the only featured data are selected from the original single-pulse data using the
GMM method. Many of the original samples belong to both the positive and negative distributions. However, after applying
GMM, the new samples become more clearly distinguishable between the two classes.
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Table 1. ID-CNN architecture for positive and negative
classification with single pulse input.

Shape

Layer(type)
yerop Input Output

Input (Input Layer) [(None, 27, 1)] [(None, 25, 32)]

convld_0O (ConvlD) (None, 25, 32) (None, 25, 32) a2l 3. 9dEx]| oL—,g]zo H7)el7] 9ld 8Hel 2|z}
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max_poolingld_0 (None, 23, 32) (None, 11, 32) Fig. 3. To evaluate the proposed threat detecuon

(MaxPooling1D) ’ ? algorithm, experiments were conducted with 8 volunteers

who played a horror virtual reality (VR) game. Meanwhile,

convld 2 (ConviD) (Nome, 11, 32) (None, 9, 32) PPG sensor readings are measured from the smartwatch.
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E 2. 9¥ & 2] a7HA HlzE A3}
Table 2. Experimental Results Of Threat Detection

Model 1 | Model 2 | Model 3 Ours
Avg: 0.5 |Avg: 0.40| Avg: 0.77| Avg: 0.66
Test #1 N:0.62 N:0.97 N:0.84 N:0.83
P:0.43 P:0.11 P:0.64 P:0.35

Avg: 0.40|Avg: 0.37|Avg: 0.35| Avg: 0.41
Test #2 | N:0.79 N:0.96 N:0.13 N:0.23
P:0.87 P:0.06 P:0.8 P:0.80

Avg: 0.66 | Avg: 0.40| Avg: 0.57| Avg: 0.76
Test #3 N:0.34 N:1.00 N:0.36 N:0.72
P:0.87 P:0.01 P:0.92 P:0.81

Avg: 0.75| Avg: 0.42| Avg: 0.62| Avg: 0.83
Test #4 N:0.84 N:1.00 N:0.36 N:0.80
P:0.69 P:0.03 P:0.92 P:0.92

Avg: 0.39 | Avg: 0.54| Avg: 0.55| Avg: 0.75
Test #5 N:0.56 N:1.00 N:0.23 N:0.57
P:0.21 P:0.03 P:0.83 P:0.90

Avg: 0.34| Avg: 0.46| Avg: 0.45| Avg: 0.93
Test #6 N:0.44 N:0.97 N:0.32 N:0.97
P:0.28 P:0.16 P:0.67 P:0.85

Avg: 0.58| Avg: 0.36| Avg: 0.43| Avg: 0.69
Test #7 N:0.70 N:0.97 N:0.12 N:0.56
P:0.51 P:0.01 P:0.96 P:0.92
Avg: 042 | Avg: 0.44 | Avg: 0.64| Avg: 0.62
Test #8 N:0.03 N:1.00 N:0.36 N:0.33
P:0.72 P:0.02 P:1.00 P:1.00
Avg: 0.51| Avg: 0.42| Avg: 0.55| Avg: 0.71
Total N:0.54 N:0.98 N:0.36 N:0.63
P:0.48 P:0.05 P:0.84 P:0.82
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