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In-Situ
\ Monitoring

(& 1) Techniques in which defects are detected within AM

Kzt Defects in Metal Additive Minufacturing: Fomration, Prooess Paraeters, Postroosssing, (rellenges, Eoonarric Aspects, and Future Research Directions
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(& 2) Sample RNN processing flow chart

A28 Automated fault detection for additive manufacturing using vibration sensors
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Tested Required
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Advantages Limitations

o o . . .
VGG16 SLS (_Zropped 97.1% accuracy and 96.3% Did not perform with high
images precision accuracy
Crooped Did not perform with high
Xception SLS -1opp accuracy and requires
images o
large ganities of data
90% accuracy for surface
EfficientNet o defects and did not
V2B0 PBF Images Over 99% accuracy specify training
time/dataset size
Over 99% accuracy and Did not specify trainin
YOLOvb5 PBF Images processed data within one . pecily training
time/ dataset size
second
Not Thermal 99.3% accuracy, small Did not specify processing
YOLOv8 - (
specified Images dataset, and low cost time
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YOLOv11 . Images representation of defect = ) A
specify | . training time/dataset size,
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Povided results in under one Did not specify the
U-Net SLM Images second with minimal L pecity
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computational cost
- - Requires large dataset size
VGG19 PBF Images Real tgeagﬂmegnalyms and 91% accuracy for
P defect detection




Tested Required D
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(& 3) Overview of the complete control system

A2 Towards industry-ready additive manufacturing: Al-enabled closed-loop control for 3D melt electrowriting
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