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We need thermophysical modelling for the
Inversion of physical properties

- Size and shape
- Density and porosity
- Thermal inertia
- Surface roughness
...

(credit: the planetary society)



- Size and shape
- Density and porosity
- Thermal inertia
- Surface roughness
...

(credit: ESA/JAXA)

Hera flyby of Deimos
We need thermophysical modelling for the
Inversion of physical properties



Non-gravitational effects
- Yarkovsky
- YORP
- Sublimation recoil
- ...

We need thermophysical modelling for the
Reconstruction and/or prediction of dynamical evolution

(credit: R. Binzel/Nature)



Non-gravitational effects
- Yarkovsky
- YORP
- Sublimation recoil
- ...

(Agarwal, 2018)

(Bodewits et al, 2018)

We need thermophysical modelling for the
Reconstruction and/or prediction of dynamical evolution



Comets Active Main-belt objects

(Hsieh et al. 2004)

Interstellar comets

(NASA, ESA, D. Jewitt (UCLA)) 

Active Near-Earth objects

(Lauretta et al. 2019)

We need thermophysical modelling for
Deciphering activity



Conventional 
1D
Thermophysical 
Model
(for an icy body)
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Numerical treatment

• solar radiation
• shape, porosity, layering, ice 

fraction, etc.
• conductivity, albedo, etc. 
• ...

• Temperature

Asteroid: 
Lagerros (1996a, b, 1997, 1998), Capek & 
Vokrouhlicky (2005), Rozitis & Green (2011) ,...

Comet:
Mendis+(1977), Fanale+(1984), Kömle+(1992), 
Prialnik+(1991), Kührt+(1994), Davidsson+(2002), 
Capria+(2003), Gundlach+(2012), Keller+(2015), 
Hu+(2017, 2021),...



- High-resolution modelling
- Long-term modelling 
- Large parameter space

3 000 facets 2 000 000 facets
(Jorda et al. 2016)

High computation cost

Limitations



- High-resolution modelling
- Long-term modelling 
- Large parameter space

High computation cost

Differences in 
modeled 
Yarkovsky effect 
by assuming 
different shapes

(Xu et al. 2022)

Limitations



Moderate computation cost

Deep 
Operator
Neural  
Network

Deep Learning - based thermophysical modelling

• solar radiation
• shape, porosity, layering, ice 

fraction, etc.
• conductivity, albedo, etc. 
• ...

- High-resolution modelling
- Long-term modelling 
- Large parameter space

• Temperature



Universal Operator Approximation Theorem 
(Chen&Chen, 1995) 
A neural network can accurately approximate 
any nonlinear operator for mapping from one 
space of functions to another space of functions.
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Deep Operator Neural Network 
(DeepONet) (Lu et al., 2019, 2021) 



Deep Operator Neural Network 
(DeepONet) (Lu et al., 2019, 2021) 

! " 	 $(! " )



DeepONet for asteroid 
thermophysical modelling
(Zhao et al. 2024)



Insolation curves: Gaussian Random Field (GRF)

Training of the network

Formation of training dataset
- Input

- Random insolation 
curves

- Random physical 
parameters

- Output
- Surface temperature 

derived by numerical 
simulations

Ensure 
generalisation



Performance assessment



Performance assessment



Performance assessment

(Zhao et al. 2024)



Computation cost

(Zhao et al. 2024)



Integrated high-fidelity Yarkovsky 
accelerations in orbit propagation 

Applications
High-fidelity Yarkovsky effect

(Zhao et al. 2024)



Applications 
Physical properties inferred by Yarkovsky effect
(Hui et al. to be submitted)  

- Previous works: Dziadura+ (2023, 
2024)

- Using the trained network to 
generate lookup tables of 
Yarkovsky effect over a large 
parameter space  



ThermoONet – Deep Learning-based network for comet 
thermophysical modelling (Zhao et al. in press)



- Average error: 2%

ThermoONet – 
performance assessment



ThermoONet – computation cost



Best-fit parameters:

Dust mantle thickness
X = 3.61mm

Ice fraction: 
F = 0.644%

Applications
ThermoONet for fitting cometary water production rate curve

Data from Läuter et al. (2020)



With a varying depth of 
dust mantle

Applications
ThermoONet for analyzing the variation of comet’s dust mantle



With a varying depth of 
dust mantle

Applications
ThermoONet for analyzing the variation of comet’s dust mantle

(Fornasier et al. 2016, Filacchione et al. 2020)



Applications
ThermoONet for retrieving properties of comets by fitting 
their water production rate curves

Data from Combi et al. 
(2019)



(Credit: ESA)
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Next steps
- Network training with larger training dataset

- Integration of trained networks in the analyses of observation data, 
e.g. Gaia, NEOWISE, etc.

- Improved networks trained with more sophisticated models and real 
measurements. 

Thank you for your attention!

Email: shi@shao.ac.cn
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