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Abstract : With the increasing demand for ultra-precision, the importance of surface quality has become
important. Thus researchers have investigated various methods to develop accurate predictive models of
surface roughness. This study utilized an autoencoder (AE) and a deep neural network (DNN) to optimize a
surface roughness prediction model for a rotational electro-magnetic abrasive finishing process. To extract
latent features from the input variables affecting surface roughness, k-fold cross validation and AE were
employed. The number of latent features was varied to optimize predictive performance. The results showed
that the lowest loss function values for both the training and testing data sets were achieved when using four
latent variables, which indicated excellent predictive performance. Additionally, it demonstrated approximately

twice the accuracy compared to the DNN model.
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Fig. 1 Schematic architectures of autoencoder
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Table 1 Experimental factors and levels

Exp.no. A B C D
1 1,200 1.0 0.3 5
2 1,200 1.5 0.5 10
3 1,200 2.0 0.4 15
4 1,500 1.0 0.5 15
5 1,500 1.5 0.4 5
6 1,500 2.0 0.3 10
7 1,800 1.0 0.7 10
8 1,800 1.5 0.3 15
9 1,800 2.0 0.5 5
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