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Introduction

(OThe frequency of social contact positively correlated with self-rated physical health

Physical and
mental health
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The ability to record the frequency of social contact continuously and with little effort would
enable a rapid assessment of an individual’ s situation and subsequent development of
countermeasures.

Example: The spread of novel coronavirus infection (COVID-19) has resulted in lifestyle changes.

Q: Do you feel blocked
by the COVID—-19 disaster? (n=1000)
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Potential for secondary
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T. N. Foundation,
“Corona disasters and stress,” 2021. [Online].
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OHANASHI: Measuring Conversation Duration Using A Smartwatch

Originality

Propose system . System for measuring the duration of conversations

in daily life by using an off-the-shelf wristwatch-type wearable device
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*1:0hanashi means “Chatting” in Japanese

[ Ohanashi] An overview of our proposed system
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. This model classifies the “noise” and “conversation”

Noise every single second from environmental sounds.
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A. Accuracy of Conversation Detection

Situation Figure: Noise and Voice classification in two conditions
Length of 1 audio file : 1 minute Conditio Label Precision Recall F1
Il;lumzer o: aus.io (Jicata1: ]10 ncl)isi ;— 1(1 conversation shvarsation 1.00 0.73 0.8

umber of subjects : 1 female males , _
Used Equipment : Microphone on Apple Watch SE Silent nobe 0.94 1.00 0'97_

Condition : noisy and silent Average 0.7 0.85 0.30 |

The average value of the F1- coversation 335 0.62 0.76
score in silent and noisy Noisv noise 0.91 1.00 095
conditions was 0.90 and 0.86! Average 0.95 884 0.86

B. Battery Consumption

We monitored changes in the battery level by using
Apple Watch series 7, 44mm, GPS model.

‘[Conditions) N
(DNatural battery consumption
with the device on a desk. (Baseline)
2With microphone— activated conditions (With—mic)
\®With the model applied condition (With—mic&ml)

=i The battery life was
15.52 hours

Baseline : 54.25hours, With—mic : 18 hours, With—-mic&ml :

*1 K. J. Piczak, “ESC: Dataset for Environmental Sound Classification,” 2015. [Online]. Available: https://doi.org/10.7910/DVN/YDEPUT
*2 E.Fonseca et al.,“Learning sound event classifiers from web audio with
noisy labels,” in ICASSP 2019 - 2019 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), 2019, pp. 21-25.

—{Discussion and Conclusion
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Optimized power consumption

Less than a day (15.52 hours)

* The power cons!mption could be

optimized by executing conversation
detection periodically at regular
Intervals and continuing the process
when a conversation is detected.

Measuring conversation
In controlled real—world
settings accurately

(F1—score>0.86)

Recall value: Low (0.62 in noisy conditions)

Our system can extend to detect
multiple contexts from sounds

*Recognizing people
*Human—generated sounds
(e.g., laugh, cough, and crying)
*Environmental sounds
*Emotion

Filler (Well...,
and Um...),
Breath and
a short Pause

\ 4

Classify as noise

Uh...,

1 1 In the future, we plan to integrate
Add these audio clips to the context estimation functions into
learning dataset. Ohanashi.

OThe accuracy of conversation duration detection in a natural environment needs to be further evaluated.

OThe effect of conversation duration measurement and its visualization on the awareness of one’ s own

frequency of social contact and behavioral changes are also issued for future study.




