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Material Informatics

Material Informatics – application of informatics (statistics, data science, machine learning, AI, etc.) 
to materials science and engineering to improve the understanding, development, and 
discovery of materials.

It takes 20 years to go from material discovery to commercial use 1,2

1 Faster: Accelerating the transition from materials discovery to commercial deployment. Alexander H. King. https://www.osti.gov/pages/servlets/purl/1556925
2 T.W. Eagar, Technology Review, 98, 43 (1995)

Materials Genome Initiative– is a federal initiative for discovering, manufacturing, and deploying 
advanced materials twice as fast and at a fraction of the cost compared to traditional 
methods. Announced by Obama in 2011. Thanks Obama!
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• Continuous features
o Ni %
o Ti %
o Element 3 %
o Element 4 %
o Heat treat 1 time
o Heat treat 1 temp
o Heat treat 2 time
o Heat treat 2 temp
o Heat treat 3 time
o Heat treat 3 temp
o Lower Cycle Temperature 
o Higher Cycle Temperature
o Austenite Start temp
o Austenite finish temp
o Martensite start temp
o Martensite finish temp

• Categorical features
o Element 3
o Element 4
o Test type
o Processing method

Martensite Finish Temperature

R2 = 0.987

Predictive Models

Shape Memory Alloys
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• ML algorithms
• Property prediction
• PSP Relationships
• Optimization
• Simulations
• Outlier flagging
• UQ

• Suggested Experiments
• Visualization
• Predictions
• Results
• Sequential learning
• Accelerated discovery

• Extract microstructure properties
• Use to build PSP models
• Web application
• SOA segmentation

Inverse Design Workflow
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Automatic Microstructure Analysis
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ENCODER DECODER

Automatic Microstructure Analysis
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Automatic Microstructure Analysis
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- Smithalloy
- Ti64
- In 718

- GRCop

100,000+ Images from ASG

Automatic Microstructure Analysis
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Automatic Microstructure Analysis
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Automatic Microstructure Analysis
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Automatic Microstructure Analysis
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Automatic Microstructure Analysis
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Surrogate Modeling

Modeling reduces the need 
for expensive physical 
experiments

Machine Learning reduces 
the need for expensive
modeling
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Surrogate Modeling
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Homogenized 

Stiffness

Strain tensor

Material

Properties

Surrogate Modeling
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Fiber Matrix

E 75 GPa 4 GPa

ν 0.25 0.35

UTS 3,500 MPa 60 MPa

Laminate ConfigurationMaterial Properties

MAE R2

Global Stress 8.6 MPa 0.96

Homogenized C 0.4 MPa 0.999997

Accuracy Results

Surrogate Modeling
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Conclusion

Most technology is limited by available materials
Batteries, jet engines, spaceships, processers, wind turbines, iron man suits

Accelerating materials development accelerates the future

Materials Informatics is accelerating materials development


