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Prediction of Human Clothing Pressure Information Based on Deep
LSTM Neural Network

HAN Tao, HAO Kuangrong , DING Yongsheng, TANG Xuesong
(College of Information Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: A new deep long short-term memory (LSTM) neural network structure was proposed to predict
the pressure information of the other critical parts of the human body based on the information of one
part when wearing sport tight clothes. And then, the pressure information of all key points of the upper
part of the human body could be obtained by acquiring the pressure information of one part with the
human body. By using the flexible pressure array to collect the pressure information of different body
wear sports tights of different materials and sizes, a better results are obtained on a workstation equipped
with a graphics processing unit (GPU). Experimental results show that the proposed deep LSTM neural
network structure has higher prediction accuracy than other algorithms.
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