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Background and Purpose Proposed method : LFIR2Pose
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Proposed method : LFIR2Pose

Contribution 1 : LFIR2Pose model
(1) 3DCNN - Utilize temporal information
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Contribution 2 : Automatic annotation

Capturing both RGB and LFIR images, and
annotating the ground truth for each LFIR image
by applying OpenPose* to the corresponding

RGB image

Synchronized capturing

LA

Hard task for
human annotators
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= made Ground Truth
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OpenPose* ﬁ
\ l Highly accurate fi
RGB i image annotation is possible

*Z. Cao et al,, "Realtime multi-person 2D pose estimation using part affinity fields", CVPR 2017.
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Experiment Waving Deep P;E';'t?r?g”dpoax': Standing and

hands breathing things sitting

Dataset

The number of actions 4

The positions of a subject 9

The number of frames About 170 / Video

The number of subject 11

The number of videos 99 / Action

Training data Positions 1,3,5,7,9

Test data Positions 2,4,6,8

Method

Comparative mothod 1: 2DCNN f y
Comparative mothod 2 : 2DCNN ( global max pooling ) |Sn rare
Proposed mothod 1:  3DCNN ensor

Proposed mothod 2:  3DCNN + Weighted joint point loss
Position
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RMSE of the Ground Truth and the estimation results (x1072) Comparative method 1 network
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Estimation results at various person positions
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Background and Purpose

— Systems are needed to
- Keep them healthy and safe
- Be free from privacy concerns
— Use FIR sensor

Increase in the number of
elderly living alone




LFIR2Pose

FIR sensor

Outputs temperature distribution
in a specific area (256 =16 x 16 pixels)

@ No privacy concerns
Works even in the dark
@ Difficult to compute rich features /

ST LFIR2Pose
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LFIR image Pose




Process flow of the proposed method
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LFIR2Pose

& Contribution 1: LFIR2Pose model

LFIR2Pose
» - 3DCNN
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& Contribution 2: Automatic annotation
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Hard task for

human annotators fﬁ
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LFIR image Ground Truth

OpenPose*

Synchronized capturing
e

\ Highly accurate
RGB image annotation is possible

* Z. Cao et al.,, "Realtime multi-person 2D pose estimation using part affinity fields", CVPR 2017.




Estimation result examples
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Conclusion

@ LFIR2Pose : Estimate human pose from LFIR images
—Model
»3DCNN and weighted joint point loss function

— Automatic annotation
»Synchronized capturing

& Future work

— Applications to more diverse pose estimation
»Estimation of 3D human pose
»Quantifying the amount of activity from poses






