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CNN is one of the deep learning technologies useful for image-based pattern recognition and classification. For machining
processes, this technique can be used to predict machining parameters and surface roughness. In electrical discharge
machining (EDM), the machined surface is covered with many craters, the shape of which depends on the workpiece
material and pulse parameters. In this study, CNN was applied to predict EDM parameters including capacitor, workpiece
material, and surface roughness. After machining three metals (brass, stainless steel, and cemented carbide) with different
discharge energies, images of machined surfaces were collected using a scanning electron microscope (SEM) and a digital
microscope. Surface roughness of each surface was then measured. The CNN model was used to predict machining

parameters and surface roughness.
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Fig. 1 (a) Micro EDM system and (b) EDM circuit
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Fig. 2 SEM image of a micro tool electrode
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Fig. 4 Single crater width according to capacitance (workpiece:
brass, voltage: 100 V)

Fig. 5 Overlapping discharge crater SEM images (a) brass, (b)
stainless steel, and (c) WC-Co
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Table 1 Properties of workpiece materials

Material Brass  Stainless steel WC-Co
Thermal conductivity [W/m-K] 99 16.8 110
Specific heat [J/kg x K] 920 490 280
Melting temperature [K] 1,228 1,700 3,140
Latent heat of melting [kJ/kg] 168 285 330
Density [kg/m?] 8,700 8,000 15,800
Thermal diffusivity [mm?/s] 124 428 24.9
Table 2 Surface roughness of EDMed surface
Material Capacitance [nF] Ra [um]
20 1.5
Brass 200 2.7
2,000 43
. 20 1.1
St"sligi‘l’ss 200 2.1
2,000 32
20 1.7
WC-Co 200 2.3
2,000 33
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Fig. 6 Dataset images (a) SEM image and (b) digital image
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Fig. 7 CNN architecture
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Fig. 8 Confusion matrix of CNN model (a) digital image and (b)
SEM image
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Fig. 9 Grad cam and prediction class of (a) correct predictions and
(b) inaccurate predictions
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(a) Original image
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Fig. 11 Model structure to enhance prediction accuracy
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Fig. 12 Prediction results for images that were not used for model
training
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Fig. 13 Prediction results for EDM surface machined with 2 nF
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