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Objective

1. https://www.bcn3d.com/introduction-fff-3d-printing-technology-additive-manufacturing-basics/
2

To reduce part-to-part variations and guarantee product structural quality during the 
printing is essential .

Algorithm for part structural quality guaranteeing 
should have the abilities:

• Cyber-physical defects detection

• Product structural validation

• Smart decision-making

• Quality damage warning 



Objective
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Printing cycle quality guaranteeing: pull off and ready to go
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Motivation

51. https://www.bcn3d.com/introduction-fff-3d-printing-technology-additive-manufacturing-basics/



Motivation

1. https://www.bcn3d.com/introduction-fff-3d-printing-technology-additive-manufacturing-basics
2. Fu Y, Downey A, Yuan L, Pratt A, Balogun Y. In situ monitoring for fused filament fabrication process: A review. Additive Manufacturing.
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Motivation

1. https://www.simplify3d.com/support/print-quality-troubleshooting/

Geometry

Warpage

Bonding

Crack

Infill
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Literature Review

1. Yongxiang Li, Wei Zhao, Qiushi Li, Tongcai Wang, and Gong Wang. In-situ monitoring and diagnosing for fused filament fabrication 

process based on vibration sensors. Sensors, 19(11):2589, 2019.

Defect: filament jam

Algorithm: LS-SVM

Accuracy: 90%

Defect: warpage and material stack

Algorithm: BPNN

Accuracy: 95%

In situ monitoring for fused filament fabrication process: A review
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Literature Review

1. Barath Narayanan Narayanan, Kelly Beigh, Gregory Loughnane, and Nilesh U. Powar. Support vector machine and convolutional 
neural network basedAwwal, and Khan M. Iftekharuddin, editors, Applications of Machine Learning. SPIE, September 2019. 
approaches for defect detection in fused filament fabrication. In Michael E. Zelinski, Tarek M. Taha, Jonathan Howe, Abdul A. 

Defect: printing product quality 

(good/defect)

Algorithm: SVM, CNN

Accuracy: 98.2%, 99.5%
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In situ monitoring for fused filament fabrication process: A review



Literature Review

1. Aditya Saluja, Jiarui Xie, and Kazem Fayazbakhsh. A closed-loop in-process warping detection system for fused filament 
fabrication using convolutional neural networks. Journal of Manufacturing Processes, 58:407–415, October 2020.

Defect: warpage

Algorithm: CNN

Accuracy: 99.3%
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In situ monitoring for fused filament fabrication process: A review



Literature Review

1. Zeqing Jin, Zhizhou Zhang, and Grace X. Gu. Autonomous in-situ correction of fused deposition modeling 
printers using computer vision and deep learning. Manufacturing Letters, 22:11–15, October 2019.

Defect: over-extrusion, under-extrusion, 

good quality

Algorithm: DCNN

Accuracy: 94%
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In situ monitoring for fused filament fabrication process: A review



Literature Review

1. Zeqing Jin, Zhizhou Zhang, and Grace X. Gu. Automated real-time detection and prediction of interlayer imperfections in additive 
manufacturing processes using artificial intelligence. Advanced Intelligent Systems, 2(1):1900130, December 2019.

Defect: nozzle height conditions

Algorithm: CNN

Accuracy: 97.8%
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In situ monitoring for fused filament fabrication process: A review



Literature Review

1. Mingtao Wu, Vir V Phoha, Young B Moon, and Amith K Belman. Detecting malicious defects in 3d printing process
using machine learning and image classification. In ASME 2016 International Mechanical Engineering Congress 
and Exposition. American Society of Mechanical Engineers Digital Collection, 2016.

Defect: infill defects

Algorithm: naive Bayes classifiers, J48 decision tree

Accuracy: 85.26%, 95.51%

14

In situ monitoring for fused filament fabrication process: A review



Summary
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From the “in situ monitoring for fused filament fabrication process: A review” paper, 

we concluded that:

• Defect detection had been widely studied.

• Defect-based product structural validation was ignored.

• More advanced system should integrate real-time feedback and defect mitigating.
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Real-time structural validation for FFF
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Diagram of real-time structural validation

• offline decision boundary training

• offline defect detection training

• online real-time decision-making



Real-time structural validation 
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Flowchart of real-time structural validation



Real-time structural validation 
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Experimental platform and designed sample



Real-time structural validation 
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Designed defect with different lengths and locations within the dogbone specimen



Real-time structural validation 
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Designed data-driven CNN model structure



Real-time structural validation 
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Printed sample and tensile test result



Real-time structural validation 
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Defect impact decision boundary and confusion matrix

https://fuyz1231.github.io/exercise-5-fuyz1231/docs/decision_boundary_all_v1.html


Real-time structural validation 
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Proposed component health index and structural validation visualization  



Real-time structural validation 
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Time range calculation for the real-time structural validation



Real-time structural validation 
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Warning window



Real-time structural validation 

27

Video of real-time structural validation



Summary

28

Achievements of structural quality validation for FFF:

• Defect detection with machine learning algorithm.

• Structural validation based on decision boundary from support vector machine.

• A novel component health index that links the features of defects across layers.

• Smart decision-making algorithm based on defect impact.

Limitations:

• Supervised learning can only predict the known defects.

• Defect impact decision boundary is accurate but still has errors.

• Component health index is complex and hard to record multiple defects on one layer.
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Real-time FEA for structural validation

30

Objective of real-time FEA structural validation for FFF

To solve the limitations in the machine learning-based real-time structural validation for FFF, real-

time FEA structural validation is proposed.



Real-time FEA for structural validation
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Diagram of the real-time FEA structural validation

• offline defect segmentation model training

• online defect segmentation

• online real-time FEA structural validation



Real-time FEA for structural validation
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Image segmentation



Real-time FEA for structural validation
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Image segmentation model – UNet

Polygon Line



Real-time FEA for structural validation
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Abaqus interactive products (Abaqus/CAE)



Real-time FEA for structural validation
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Generated Abaqus Python script



Real-time FEA for structural validation
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Abaqus model updating



Real-time FEA for structural validation
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Abaqus output dataset



Real-time FEA for structural validation
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Principle of real-time FEA structural validation



Real-time FEA for structural validation
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Experimental platform and designed specimen with defects



Real-time FEA for structural validation
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Tensile test result



Real-time FEA for structural validation
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Image segmentation result and dynamic material property 

• IoU for training data: 95.32%

• IoU for test data: 92.79%

Based on the research from Dewey et al., the basic form of the

equation for Young’s modulus is:

𝐸𝑝= 𝐸0(1 − 𝑎𝑃 )

where 𝐸𝑝 is Young’s modulus of the void body, 

𝐸0 is the modulus of a non-void body of the same material, 

𝑎 is a constant dependent on Poisson’s ratio of the matrix material, 

P is the volume void.



Real-time FEA for structural validation

42

Abaqus FEA setting

• Simulation software: Abaqus explicit scheme

• Boundary condition:

Fixed side U1 = U2 = U3 = UR1 = UR2 = UR3 = 0

Load side U1 = U3 = UR1 = UR2 = UR3 = 0, U2 = 3

• Mesh size: 1 mm

• Element shape: 4-node linear tetrahedron (C3D4)



Real-time FEA for structural validation
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Real-time FEA structural validation process



Real-time FEA for structural validation

44

Abaqus simulation result



Real-time FEA for structural validation

45

Computational time calculation 



Real-time FEA for structural validation
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Maximum stress extraction and warning window



Real-time FEA for structural validation
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A summery of real-time FEA structural validation

Achievements of real-time FEA structural validation:

• Defect segmentation and defect information extraction.

• Model updating Abaqus Python script file generation.

• Dynamic specimen layer properties (void-related Young’s modulus).

• Real-time FEA structural validation.

• Maximum stress based decision-making system.
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Contributions

• Defect detection with machine learning and computer vision.

• A novel component health index that links the features of defects across layers.

• Dynamic specimen layer properties.

• Structural validation based on defect impact decision boundary and FEA result. 

• Smart decision-making algorithm based on defect impact.

Key Contributions in the field of real-time structural validation for FFF

49



Summary

50

• Reviewed the current in situ monitoring research for FFF.

• Presented a machine learning-based real-time structural validation for FFF.

• Presented a defect segmentation-based real-time FEA structural validation for FFF.

A summery of the research presented in this work.
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THANK YOU
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Questions?

Sponsors
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