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ABSTRACT

Smoothing Biomechanical Data with Badkpropagaion Algorithm in Neural
Network

Ky-Hyoung Kim, dJn-Uk Kim, Sungl Kim

The purpose of this sudy is to compare backpropagation method in neura network to digitd filtering,
which is frequently used in the field of biomechanics and to present its goplication. The data used in this
sudy is Pezzack's daa(1977) and is often used by many researchers to find the new smoathing method. In
backpropagation, finite differentiation was folowed by neurd network learning, In contrad, digjtd filtering
was fdlowed by finite differentiation in digitd filtering method(The same cutoff frequency was used as
Pezzack did) The comparison was made between two methods by RMSE(Roat mean squared error) and R
of regresson andysis. The vaues of R for digita filtering and backpropagation were 0.86% and 09421
respedtively. The vaues R indicated that the backpropagation method is doser to the origind acoderometer
vaues than digitd filtering. Therefore, badkprapagation function goproximation method is promising.



