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Properties → Processing
Processing → Properties

y = F(x)

yx

processing: x* = argmax(F(x))

Data

→ → →

ML Model Optimizer Processing
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Processing → Structure → Properties

y = F(x,z)

yx z
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Problem: How do we quantify the structure

1. Manual Quantification
a) Hand measured
b) Software aided

2. Automatic Quantification
a) Recipe based
b) Data-driven

Manual Data-drivenRecipe based

Segment

• Denoise

• Otsu’s method

Measure

• Skeletonize

• Distance Transform

Extract

• Matrix Operations

• Morphology statistics

Background
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Dataset

Learn filters To predict classLearn filters

Encoder Decoder

Transfer learning

Input image Segmented image

Extracted features
Extracted features
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Learn filters To predict classLearn filters

Extracted features
Extracted features

Better feature representation

Classifier

CNNs

MicroNet
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Encoders

CNNs Pre-training

Data
• Classes: 54
• Size: 1057 x 750, 150 GB
• Training set: 108,161
• Validation set: 2700 (50/class)

Augmentation
• Random crop, resize, flip, mirror, rotate
• Contrast, CLAHE, Brightness, Gamma, Hue/Saturation
• Gaussian Noise
• Sharpen
• Blur

Training
• Early stopping
• Learning rate decay

Hardware
• 4 Nvidia Quadro V100 32 GB

Classification Training

En
co
d
e
rs

• resnet18
• resnet34
• resnet50
• resnet101
• resnet152
• resnext50_32x4d
• resnext101_32x4d
• resnext101_32x8d
• resnext101_32x16d
• resnext101_32x32d
• resnext101_32x48d
• dpn68
• dpn68b
• dpn92
• dpn98
• dpn107
• dpn131
• vgg11
• vgg11_bn
• vgg13
• vgg13_bn
• vgg16
• vgg16_bn
• vgg19
• vgg19_bn

• senet154
• se_resnet50
• se_resnet101
• se_resnet152
• se_resnext50_32x4d
• se_resnext101_32x4d
• densenet121
• densenet169
• densenet201
• densenet161
• inceptionresnetv2
• inceptionv4
• efficientnet-b0
• efficientnet-b1
• efficientnet-b2
• efficientnet-b3
• efficientnet-b4
• efficientnet-b5
• efficientnet-b6
• efficientnet-b7
• mobilenet_v2
• xception



October 1st, 2019  |  Columbus, OHJoshua Stuckner 12https://github.com/nasa/pretrained-microscopy-models

Decoders

• UNet
• Unet++
• PSPNet
• FPN
• LinkNet
• PAN
• DeepLabV3+

Pre-training Segmentation
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IoU = 

Area of Overlap

Area of Union

Object

Predicted Mask

Overlap

Mask

Object

+

Accuracy: Intersection over union (IoU)

Segmentation
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Segmentation

(18 images)          (4 images)             (1 image)
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Segmentation

Training data

Test Data

96.5% IoU

96.4% IoU 94.2% IoU

88.7% IoU 74.8% IoU

93.0% IoU

True Positive True Negative False NegativeFalse Positive

10 Images 4 Images 1 Images
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True Positive True Negative False NegativeFalse Positive

Training data Test data

ImageNet

72.5%

78.5%

Segmentation
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(10 images)     (4 images)        (1 image)        (5* images) (10 images)     (4 images)        (1 image)        (5* images)

Segmentation
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Segmentation Applications
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Applications
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Applications
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Applications
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Applications
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Applications

Open-Source Software GUI
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Applications



October 1st, 2019  |  Columbus, OHJoshua Stuckner 27https://github.com/nasa/pretrained-microscopy-models

MicroNet

Microscopy 
Aware AI

Environmental Barrier Coatings
• Quantifies: thickness, roughness, crack 

spacing

Ni-Superalloys
• Quantifies: area fraction, size, 

spacing, morphology 

Inconel 718
• Quantifies: area fraction, size, 

aspect ratio, eccentricity

GRCop
• Quantifies: area fraction, 

aspect ratio, eccentricity
• Quantify massive Robomet

datasets

SLS Core Stage Welds
• Quantifies: defect features
• Link process feedback to defects
• Improve process window

ODS Alloys Wind tunnel Icing Composite Fibers

AI/ML Microstructure Toolkit
• with ASM International
• Automatically featurize ANY microstructure
• Used to establish PSPP relationships

JARAMIS

Applications
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…
MicroNet

Better feature representation
PCA

Link PSP with
ML Model

Microscopy aware encoder
… …

1. R. Noraas, et al., “Structural Material Property Tailoring Using Deep Neural Networks,” in AIAA Scitech 2019 Forum, 2019, p. 1703.

2. M. Larmuseau, et al., “Compact representations of microstructure images using triplet networks,” npj Comput. Mater., vol. 6, no. 1, 2020

3. B. L. DeCost, et al., “High throughput quantitative metallography for complex microstructures using deep learning: A case study in ultrahigh carbon steel,” Microsc. Microanal., vol. 25, 2019

…

Materials Design 
and discovery

Applications
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Applications

Direct regression and patch prediction Property
(Normalized)
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Applications

Instance segmentation and melt pool measurements 

1. Cohn, Ryan, et al. "Instance segmentation for direct measurements of satellites in metal powders and automated microstructural characterization from image data." JOM 73.7 (2021): 2159-2172.

2. He, Kaiming, et al. "Mask r-cnn." Proceedings of the IEEE international conference on computer vision. 2017.

Automatic image analysis of melt pool geometry

Feature map

Region
Proposal
Network (RPN)

Class
BBox

MicroNet Encoder embedded within Faster R-CNN Automatic melt pool 
size measurements
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• General microstructure aware pre-trained encoders
• Higher accuracy with less training data
• More robust to changes in imaging and sample conditions

• Automatically extract microstructure features to establish processing-structure-processing relationships

• Can easily be applied to any computer vision architecture that utilizes pre-trained CNNs

• All code and models are open-source and easy to use with examples

Applications Conclusions
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Conclusions Thank you!

Code
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