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Abstract

: The aim of this study is to develop a human joint recognition model to provide a basis for measuring the

Metabolic rate (MET) of the occupant which is influencing indoor thermal comfort. The Convolutional Neural Network

(CNN) as a type of Deep Neural Network (DNN) was used for the development of human joint recognition model. The

images of indoor activities and 14 major joint coordinates were collected for model training. The residual block was used

for the CNN model and the Percentage of Correct Part (PCP) was used for the performance evaluation. The PCP represents

the recognition accuracy of each coordinate and the average PCP of the joint recognition model is 0.75. Based on this

accuracy, the model shows a possibility of recognizing human joints from the image.
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Table 1. Mean PCP of each Body Part

Body Parts PCP

Head 0.64

Torso 0.88

Upper Arm 0.71

Lower Arm 0.63

Upper Leg 0.82

Lower Leg 0.82

Mean 0.75
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