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Objective

• Develop Machine Learning (ML) capability (Bayesian Optimization) for optimizing 

choice of Laminate Families (LFs) in HyperX

– Enable discovery of LFs

• Application to NASA composite Cryogenic Hydrogen Tank with multiple options for the 

thermoplastic matrix material
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Agenda

• Composite cryotanks and laminate families

• Material modeling to obtain ply properties

• Workflows with HyperX in-the-loop

• Trained ML model

• Optimized cryotank design
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Cryogenic Hydrogen Tanks
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CompositesWorld, 2021

Pressure Vessel Classifications Cryotank

NASA FLEX-2 Lander Tank Configuration

SLS Core Stage Liquid Hydrogen Tank
NASA/Boeing Composite Cryotank Technologies and 

Demonstration 5.5 m cryotank (2015)Space Shuttle External Tank

Space Applications
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Cryotanks for Hydrogen Powered Aircraft
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https://www.thecooldown.com/green-tech/futuristic-aircraft-designs-estol-evtol-
hybrid-hydrogen-planes/
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NASTRAN Cryotank model in HyperX
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Six combined mech/therm load cases, SF of 2 (MEOP)

• Maximum Expected Operating 
Pressure (MEOP) = 150 psi
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HyperX Laminate Families (LFs)
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Current HyperX LF trades – evaluated 190 LFs, 25 Layups Each, 15 Zones in ~15 min on laptop Example LF

• These LF trades can take a long time
• No guarantee user has included best LFs
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CryoLam Layups for Reduced Permeability

• “CryoLam” layups established in NASA/Boeing Composite Cryotank 

Technologies  Demonstration (~2015)

• Avoids quads (0/±45/90) due to poor microcracking performance at cryo

• ± angle pairs, with gradual angle changes

• Thin middle ply pack ±60,0_ 𝑠 
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• Using CryoLam concept, but employing new rules 

to generate candidate CryoLam laminate families
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Laminate Family Generator for Cryotank Applications
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• Define 4 sets of rules for generating CryoLam Laminate 

families

– Permutations of rules for +/- angles and ply repetition until max 

number of plies is met

– Rules are fully customizable within Python scripts

+/- Pairs Adjacent Stacks of angles 

repeat

+/- Pairs Not 

Adjacent

Angles 

individually repeat
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Overall Workflow
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1. Generate Ply Level Temperature 
Dependent Material Properties

2. Generate Training Data Evaluating 
Laminate Families

3. Develop Machine Learning Algorithm For 
Determining Best Laminate Family

Prior to optimization to 
establish ply properties

In-the-loop Bayesian optimization
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Cryo Performance of Thermoplastic Matrix Composites

• Thermoplastic composites have been targeted for cryotank applications mainly due to their toughness 

(to resist microcracking)

• Mich. Tech. molecular dynamics simulations of thermoplastics at 27 °C, -183 °C, and -253 °C

– PEEK, Arkema Elium, LM-PAEK, PEKK, Ultem 100 PEI, Huntsman Matrimid 5218 Polyimide

• Composites with MD materials and AS4 carbon fiber, Vf = 0.6

• Locally brittle subvolume elimination damage (does not consider matrix toughness)

• Model set-up and execution is scripted

• Apply all components of loading individually (one by one)
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x3

x2

AS4 

Fiber

Thermoplastic 

Matrix

• 18 simulations per matrix 

material

• Predicts elastic properties, 

CTEs, and allowables

Mechanical loading at

27 °C, -183 °C, and -253 °C



National Aeronautics and Space Administration

www.nasa.gov

Connecting Granta MI with HyperX
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• Ply Level Material Models are stored in the NASA GRC Granta 

MI Materials Database

• Material properties can be exported through the Granta MI API• HyperX Import file can be created using the openpyxl Python 

package

• Material/Laminate family can be imported to the HyperX 

Database via the HyperX API
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Materials Definition Workflow
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For each temperature run six NASMAT 
simulations to failure:
• Strain controlled loading – 11, 22, 33, 13, 

23, and 12 components – until failure

Select a matrix from the database, define 
the volume fraction, and generate the 
RUC and material model

Populate Database with 
Temperature Dependent 
Matrix Materials Properties

Write Ply Material Model to the database
• HyperX Requires Ply Material Properties

Repeat for All Matrix Materials in 
the Database

Granta MI

Granta MI
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Bayesian Optimization Workflow
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1. Initial Data 2. Train Surrogate 3. Optimize

4. Perform Next Best 

Simulation

5. Objective Reached?Novel Laminate Family 

Discovered

Yes

No

?
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Bayesian Optimization For Cryotank Design
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Objective Function: Find the minimum weight for a given 
                 material/laminate family using HyperX Sizing

1. Import the Laminate Family and Material Properties
2. Run HyperX Sizing
3. Collect weight (w) and minimum margin (m) for every zone
4. Return “Score” for the HyperX-optimized design

𝑠𝑐𝑜𝑟𝑒 = ෍

𝑖=1

𝑛

ቊ
𝑤𝑖

100 ∗ 𝑤1

 𝑚𝑖> 0
 𝑚𝑖 < 0

Bayesian Optimization: Find the best material, angle difference between plies, and laminate 
    family configuration by minimizing the objective function

HyperX API Function Purpose

db = hx.Open(db_file) Open the HyperX Database

db.ImportMaterialsFromExcel(file) Import the material 

properties and laminate 

family

project = db.SelectProject(proj_name) Get the project

db.DesignProperties.Get(dprop).

DesignVariables.Get(1).

RemoveSizingMaterials() 

Remove the previous 

laminate family

db.DesignProperties.Get(dprop).

DesignVariables.Get(1).AddMaterials(LF_ID)

Add the new laminate family

project.SizeZones() Resize the zones for optimal 

laminate

zones = project.Zones Get all zones information

zone = zones.Get(ids) Get an individual zone

margin = zone.GetMinimumMargin() Get the minimum margin for 

the zone

weight = zone.Weight Get the weight of the zone
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Bayesian Optimization Workflow
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Initial Data

1. Randomly select a material, 
angle difference, and laminate 
family rule set

2. Generate the laminate family 
and HyperX Import File

3. Evaluate the optimal stacking 
sequence with HyperX

4. Repeat for n (10) iterations to 
build an initial data model for 
Bayesian Optimization

1.

2.3.

Bayesian Optimization

1. Use BayBE Python Package to 
determine the next best 
material, angle difference, and 
laminate family rule set to try

2. Generate the laminate family 
and HyperX Import File

3. Evaluate the optimal stacking 
sequence with HyperX

4. Repeat for n iterations until 
model converges on a best 
global configuration

4.
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Design Space in this Study
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6 Characterized Matrix Materials

⋮

⋮

13 Angle Increments: 3° ≤ 𝛿 < 15° 4 Laminate Family Classifications

312 Configurations → ~6500 Laminate Candidates Per Zone
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Optimization Results
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Parameter Result

Matrix Material Arkema Elium

Angle Difference 14°

Laminate Family Structure Case 1

Weight 56.96 lbs

Minimum Margin 0.0585

True minimum found by performing HyperX sizing 
optimization for all material/angle difference/laminate family 
combinations possible (brute force optimization) 
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Final Design
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Novel Layups Discovered



National Aeronautics and Space Administration

www.nasa.gov

Conclusions

• First-generation ML capability (based on Bayesian Optimization) for 

optimizing choice of Laminate Families (LFs) in HyperX

• Extensive use of HyperX API to enable HyperX use in-the-loop as the 

objective function

• Application to NASA composite Cryogenic Hydrogen Tank 

– Multiple options for the thermoplastic matrix material

– Multiple Laminate Family rules

• Successfully determined optimum LF and design in 7 iterations
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Potential Future Work
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• Current Methodology relies on user defined rules for generating 
the laminate family based on a fixed 𝛿 between plies
• Only enforced that the angle between plies is at most 𝛿 → 

unexplored design space with varying 𝛿𝑖

• Future Work: Use Genetic Algorithms at each iteration to define 
new laminate families to consider
• After n Bayesian Optimization (BayBE) iterations, collect the 

best performing laminate family main stacking sequences
• Using a genetic algorithm, generate a new set of laminate 

family cases to evaluate
• Re-evaluate only the new generation of cases using BayBE
• Repeat for m generations
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