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1. Research background
Topology optimization: lightweight and high-performance structures
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Material mechanical behavior description：a long-term open 
question due to their intrinsic complexities and multiphysics effects 

SMA morphing wings Composites Ceramic aerogel
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1. Research background
Material nonlinearity：One of the main concerns in nonlinear topology optimization

Linear elasticity Material nonlinearity 

Ogden 1

Ogden 2

Linear elasticity Material nonlinearity 



 Material nonlinearity：Described with phenomenological or physical-based constitutive models 
calibrated from experimental and computational data

1. Research background

Traditional topology optimization framework

Theoretical calculationExperimental
measurement

Phenomenological or physical based constitutive modeling

Data
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 Instead of using empirical constitutive models, material data sets are directly used to describe the 
nonlinear constitutive relationship

1. Research background

Data-driven topology optimization framework

High-throughput computationsHigh-throughput experiments

Open material databases

Material 
big data
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2. Design methodology

 Conservation laws
 Equilibrium + Neumann

 Kinematics + Dirichlet

RResidual



Minimize an energy-based distance between C and M
C
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2. Design methodology

 Conservation laws
 Equilibrium + Neumann

 Kinematics + Dirichlet

M  Data-driven solver 
and

where
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T. Kirchdoerfer, M. Ortiz. CMAME (2016) 304, 81-101
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2. Design methodology

 Data-driven solver (Inner subproblem) 
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- sensitive to noises and outliers
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Expected local states

- Initially set β sufficient small that F(z, β) is convex 
(sufficient high temperature T that a large data cluster accounts) 

- Increase β to guide the solver towards minimum 
(decrease temperature T that a small data cluster accounts and the effect of outlier that is close to C than the data cluster is neglected) 

Simulate annealing to adjust β 1
T

β

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2. Design methodology
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2. Design methodology

 Data-driven solver (Convergence criteria) 
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2. Design methodology

 0R
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2. Design methodology

Moving Least Square (MLS)
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3. Numerical validation

Henky model

Material dataset I

Discrepancy vs. Computational cost
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3. Numerical validation

1618 bars

Ogden model
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 First and preliminary studies are made using datasets for the description of

material behavior in truss topology optimization

 Data-driven structural analysis employed for structural response analysis and

sensitivity analysis are developed based on MLS approach

 The proposed DDTO framework is appealing in engineering applications with

emerging new materials

Dimensionality
reduction

Continuum structure Different material datasets High efficiency
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4. Conclusions & perspectives
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