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Surface roughness of machined parts is a critical parameter indicating surface quality, influenced by
various factors. This report presents a deep learning-based framework for predicting and classifying
surface roughness in milled parts. The model was developed using data from 162 experiments on three
aluminum alloys: 7075, 6061, and 2024, which included cutting speed, cutting depth, tool coating type,
feed rate, and surface roughness output. In this study, acoustic emission signals recorded during milling
experiments were converted into two-dimensional images and fed into convolutional neural networks
such as ResNet18, ShuffleNet, MobileNet and CNN-LSTM. Four encoding methods were used to convert
time series signals into 2D images. The Segmented Stacked Permuted Channels (SSPC) method achieved
the best performance with an accuracy above 98% across most models. Also, by increasing the number
of classes, the accuracy values of the four mentioned methods have been investigated. ShuffleNet and
MobileNet with an accuracy of 96-99% and low computational cost, is identified as suitable for real-
time monitoring. The methods' efficiency in the mentioned networks was also evaluated under two
noise levels (40% and 80%) in both zero-mean noise and non-zero-mean noise scenarios.
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