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It is critical to measure the laser absorption
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• The absorbed laser light is the dominant energy source that induces vapor cavity formation 

during laser melting process in additive manufacturing

• Direct measurement

• collection of reflected light via an integrating sphere which are difficult and expensive

• Modeling methods

• Empirical absorptivity model for conduction mode melt pools based on the width of melt 

pool using Rosenthal equation

• High-fidelity multiphysics model use a laser ray-tracing method to interpret energy 

absorption

Gan, Z., et al. (2020). Universal scaling laws of keyhole stability and porosity in 3D printing of Metals.



Causal relationship between melt pool geometry and absorption
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Trapp, J., et al. (2017). In situ absorptivity measurements of metallic powders 

during laser powder-bed fusion additive manufacturing. Applied Materials Today, 

9, 341–349. 

Simonds, B., et al. (2021). The causal relationship between melt pool geometry 

and energy absorption measured in real time during laser-based manufacturing. 

Applied Materials Today, 23, 101049. 

The Spearman correlation coefficient for cavity depth, area, and 
width (defined in inset) versus laser power for stationary laser 
melting of a bare Ti-6Al-4V plate.



In situ laser absorptivity measurement
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Schematic of the high-speed synchrotron imaging and laser 

absorption setup at APS Advanced Photon Source. A synchrotron image cross-section of the melting 

pool and dynamic laser absorption.
Simonds, B., et al. (2021). The causal relationship between melt pool geometry and energy 

absorption measured in real time during laser-based manufacturing. Applied Materials Today, 

23, 101049. 
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Simonds, B., et al. (2021). The causal 

relationship between melt pool geometry 

and energy absorption measured in real 

time during laser-based manufacturing. 

Applied Materials Today, 23, 101049. 



Dataset

• Training and validation datasets consist spot welding Ti64 data from 4 laser 

powers: 119W, 125W, 151W, and 189W 

• In total, we have 926 images, and we split the data 80% for training 20% for 

validation

• For test dataset, we hold out another entire spot weld data of 226 frames
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119W 125W 151W 189W 



Data preprocessing and augmentation

• Divide each frame by the first frame to 
remove background noise, then normalize 
to [0,255]

• First cropped into size 300 x 300 pixels with 
the vapor cavity roughly in the center of 
each image

• To feed images into pretrained models, 
images are first resized into 256 x 256, 
then center cropped into 224 x 224

• To improve model’s generalizability, data 
augmentation is essential in deep learning 
tasks

• Random rotation by 7 degree

• Random horizontal flip
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Raw image

Processed image



ConvNet Models
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A ConvNet for the 2020s. Liu et al. 2022



Model training setup using in-domain dataset

Modifications made for this regression task:

• Stack each x-ray images 3 times to simulate an RGB images

• Output size of fully connected layer

• Loss function MAE
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Training setup



Training and validation loss
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•Both pretrained resnet-50 and ConvNext-t 

are pertained on the 1000-class ImageNet 

classification dataset

•Loss curves are decreasing more smoothly 

in both pretrained models, which also 

eventually lead to a lower loss -> good 

transferability to unrelated dataset



Model performance on test data

• Prediction error is significantly lower in the deep keyhole region where 

features a high laser absorptivity and region with no keyhole of 0 absorptivity 

• Error is significant in the shallower keyhole region due to lack of training data
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Feature Maps
Visualize what the convolutional layer sees after passing the filters on the image.
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CAM for visualizing where deep learning networks pay attention
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Class activation maps (CAM) are a simple technique to get the discriminative image regions used by a 

ConvNet to identify a specific class in the image. In other words, a class activation map (CAM) lets us 

see which regions in the image were relevant to this class.

Resnet



Future Work:

Two stage absorptivity prediction

15
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Motivation

• better understanding of the correlation between features and absorptivity

• Robust and accurate image segmentation

Current keyhole segmentation pipeline uses OpenCV package

Pyeon, J ., et al. (2021). Time-Resolved Geometric 

Feature Tracking Elucidates Laser-Induced Keyhole 

Dynamics. IMMI, 10:677–688

Limitations

• Requires manual parameter tunning at multiple steps

• Accurate performance on deep keyholes but struggles to 

differentiate shallow keyholes with background noise

• Shallow keyhole tends to be considered as background noise

• At the end the code pick up the largest object as the keyhole



Semantic image segmentation using deep learning methods
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• Image Segmentation Models 

• U net + Resnet/MobileNet/ConvNext

• Deeplab +Resnet/MobileNet

/ConvNext

• Regression Models

• LR/Boosting/Bagging models

• Dataset:

• Both moving laser and stationary 

laser images

• Balance the amount of samples with 

deep keyhole and shallow keyhole

Zhang, J ., et al. (2022). Image segmentation for defect analysis in laser 

powder bed fusion: Deep data mining of X-ray photography from recent 

literature. IMMI, 11(3), 418–432. 
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Zhang, J ., et al. (2022). Image segmentation for defect analysis in laser powder bed fusion: Deep data mining of X-ray photography from recent literature. IMMI, 11(3), 

418–432. 



Summary

• Developed a pipeline to predict laser absorptivity for 

Ti64 given spot welding keyhole images

• Pretrained ConvNet models achieves lower MAE on 

the in-domain keyhole dataset

• Proposed a two-stage pipeline that involves a robust 

image segment process and a regression task
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Thank you! 

Any questions?

Runbo Jiang

runboj@andrew.cmu.edu


