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AM technique Processing parameters Property/performance Ref.
FDM Layer thickness, orientation, raster angle, raster width, air gap Compressive strength [39]
FDM Layer thickness, orientation, raster angle, raster width, air gap Wear volume [40]
FDM Orientation, slice thickness Volumetric error [41]
FDM Layer thickness, orientation, raster angle, raster width, air gap Dimensional accuracy [42]
FDM Layer thickness, orientation, raster angle, raster width, air gap Dimensional accuracy [43]
BJ Layer thickness, printing saturation, heater power ration, drying time Surface roughness [44]
BJ Layer thickness, printing saturation, heater power ration, drying time Shrinkage rate (Y-axis) [44]
BJ Layer thickness, printing saturation, heater power ration, drying time Shrinkage rate (Z-axis) [44]
SLS Laser power, scan speed, scan spacing, layer thickness Density [45]
SLS Laser power, scan speed, scan spacing, layer thickness Dimension [46]
SLS Z height, volume, bounding box Build time [47]
SLS Laser power, scan speed, hatch spacing, layer thickness, scan mode, temperature, interval time Shrinkage ratio [48]
SLS Layer thickness, laser power, scan speed Open porosity [49]
SLS Laser power, scan speed, hatch spacing, layer thickness, powder temperature Tensile strength [50]
SLS Laser power, scan speed, hatch spacing, layer thickness, scan mode, temperature, interval time Density [51]
SL Layer thickness, border overcure, hatch overcure, fill cure depth, fill spacing and hatch spacing Dimensional accuracy [52]
LMD Laser power, scanning speed, powder feeding rate Geometrical accuracy [53]
EBM spreader translation speed, rotation speed Volume, roughness [54]
WAAM bead width, height, center distance of adjacent deposition paths Offset distance [55]

SL: stereolithography; LMD: laser metal deposition; WAAM: wire and arc additive manufacturing.
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AM technique Layer/neuron Activation function  Error function Dataset Error (%) Ref.
FDM 5-8-1 Tanh MAE 32 1.2 [39]
FDM 5-8-1 Tanh — 32 1 [40]
FDM 4-15-12-1 Sigmoid MAE 375 0-7.9 [41]
FDM 5-6-4 — — 27 4.07 [42]
FDM 5-7-3 — — 27 0-0.12 [43]
BJ 4-6-1 Sigmoid MSE 16 0.2-8.5 [44]
BJ 4-20-1 Sigmoid MSE 16 4.0-19.6 [44]
BJ 4-11-1 Sigmoid MSE 16 8.0-29.1 [44]
SLS 4-9-1 Sigmoid SSE 15 7 [45]
SLS 4-6-1 — — 34 1.05-1.360 [46]
SLS 3-7-1 — MSE 130 15 [47]
SLS 7-7-1 — MSE 33 4.35-27.60 [48]
SLS 3-9-1 Tanh RMSE 36 0-9.1 [49]
SLS 5-27-1 Sigmoid MSE 66 0.9-9.2 [50]
SLS 7-8-1 — MAE 32 — [51]
SL 6-20-5 Sigmoid MSE 140 6 [52]
LMD 3-9-3 — RMSE 120 2.0-5.8 [53]
EBM 2-200-2 Sigmoid MAE 45 1.74-2.27 [54]
WAAM 3-12-1 Sigmoid MSE 35 — [55]

MAE: mean absolute error; RMSE: root mean square error; SSE: sum square error.
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