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Main Asteroid Belt
Distance from Sun: 2.1-3.3 AU

1 Ceres

Near-Sun
(L.

IJJ Ll tD

Jupiter Family Comets

Objects

Belt
Objects

(Credit:




Kuiper Belt
Distance from Sun; 30-50 AU
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We need thermophysical modelling for the
Inversion of physical properties

Size and shape
Density and porosity
Thermal inertia
Surface roughness

High
Albedo i
uchalkn N

o o . Brightness alone does
VISIbIe ng ht not correspond to size

Brightness corresponds

Infrared Light . e

High 4
Albedo '
“Chalk”

(credit: the planetary society)




We need thermophysical modelling for the =

|

Inversion of physical properties |
o

Size and shape
Density and porosity
Thermal inertia
Surface roughness

Brightness Temperature

(credit: ESA/JAXA)




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

Non-gravitational effects
- Yarkovsky
- YORP

- Sublimation recoil

Period (h)

o Swift (this work) e R°atiit;°"
/7
m DCT (this work and ref. 11) p

¢ Lowell 31” telescope (ref. 12) e \ Rotation
ya A

@

Recoil
force

Days relative to perihelion

(Bodewits et al, 2018)

Outgassing

(Agarwal, 2018)




We need thermophysical modelling for

Deciphering activity

Comets Active Main-belt objects Active Near-Earth objects Interstellar comets
\.

-

g,

(Hsieh et al. 2004)

-~

(Lauretta et al. 2019)  (NASA, ESA, D. Jewitt (UCLA))




Conventional
1D
Thermophysical
Model

(for an icy body)
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Numerical freatment

Asteroid:
Lagerros (19964, b, 1997, 1998), Capek &
Vokrouhlicky (2005), Rozitis & Green (2011) ,...

Comet:

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

mem = (1 - f)PdCd + _/piCi~
. Km = h((l - f‘)KLI + fKi)
solar radiation | ;
EO'TLO — Kq

[ i i —To = (1 - Ap)siFo,
shape, porosity, layering, ice — T PYFo

. 0 0
fraction, etfc. ki Teex = ~kn5-Tecxs + Zix, mdll ©  Temperature

conductivity, albedo, etc. i 9_) S 9_» Tt Zig o = 2K (T o),




Limitations

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

3000 facets 2 000 000 facets
(Jorda et al. 2016)




Limitations

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

Differences in
modeled
Yarkovsky effect
by assuming
different shapes

da/dt (AU/Myr)

(Xu et al. 2022)




Deep Learning - based thermophysical modelling

High-resolution modelling

Long-term modelling Moderate computation cost
Large parameter space

solar radiation
. . . Deep
shape, porosity, layering, ice

i Noarat - Temperature
fraction, etc. Neural —) Temperature

conductivity, albedo, etc. Network




ARTICLES nawre,

M) Check for updates

Deep Operator Neural Network . | |
(DeepONeT) (LU et CI|., 201 9' 202]) Learning nonlinear operators via DeepONet based

on the universal approximation theorem
of operators

U n i\/e 'sd | O p erda TOI’ A p p rOXi ma T|O n Th eorem Lu Lu®?, Pengzhan Jin ©23, Guofei Pang?, Zhongqiang Zhang ®* and George Em Karniadakis ®2X

(Chen&Chen, 1995)

A neural network can accurately approximate
any nonlinear operator for mapping from one
space of functions to another space of functions.

—»/\/

u(t) G(u(t))

u(t
6(u(t))



ARTICLES namre, | .

Deep Operator Neural Network . | |
(DeepONeT) (LU et CI|., 20] 9' 202]) Learning nonlinear operators via DeepONet based

on the universal approximation theorem
of operators

Lu Lu®?, Pengzhan Jin ©®%3, Guofei Pang?, Zhongqgiang Zhang ©* and George Em Karniadakis ©2
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Branch net, >
U —>
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Y —| Trunk net |<




A&A, 691, A224 (2024)
https://doi.org/10.1051/0004-6361/202451789 % t ron omy
© The Authors 2024 Astrophysics

DeepONet for asteroid
thermophysical modelling

Deep operator neural network applied to efficient computation

( / h ao eT d | . 2024) of asteroid surface temperature and the Yarkovsky effect

Shunjing Zhao!-2-3®, Hanlun Lei':2*®, and Xian Shi3®
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Training of the network

Batch size 600

Epochs 30,000

Initialization normal distribution

Loss function MSE

Method Adam (B, = 0.8,5, =0.99)
0.001

Initial learning rate

Formation of training dataset
- Input
- Random insolation
curves Ensure
- Random physical [ generalisation
parameters
- Qutput
- Surface temperature
derived by numerical

simulations . . ,
0 100 200 300
(deqg)

o
©

o
o

=

Radiation flux
o
D

o
N

Insolation curves: Gaussian Random Field (GRF)



Performance assessment
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Performance assessment
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Performance assessment

(Zhao et al. 2024)
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Computation cost

10 7 ——— . . —
103.,5. /
102-.,
@ ] —— Simulation
g 1011i —— DeepONet (GPU)
= : —4— DeepONet (CPU)
100 3
10714
10724
0 2500 5000 7500 10000 12500 15000 17500 20000
N

(Zhao et al. 2024)



Applications
High-fidelity Yarkovsky effect

Integrated high-fidelity Yarkovsky
accelerations in orbit propagation

-1.50 -1.00 -0.50 0.00 0.50 1.00 1.50 400 -2.00 000 2.00 4.00
X (au) X (au)

Property Phaethon 2001 WM41 _
Bond albedo Ap 0.122 0.332 £
Emissivity € 0.9 0.9 h
Thermal inertia I’ (J m~?s~ /K1) 300 300
Density p (kg/m?) 1500 1500
Diameter d (km) 3.1 2.5
Direction of Spin axis (4, 8) (318°,-47°) (72°,61°)
Rotation period P (h) 3.6 s
100 200 300 400 50 100 150
Temperature (K) Temperature (K)

(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
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ThermoONeft — Deep Learning-based network for comet
thermophysical modelling (Zhao et al. in press)
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ThermoONef —
performance assessment

- Average error: 2%
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ThermoONet — computation cost

104 J ///
—e— Simulation

102 - —4— Deep Learning (GPU)
—4— Deep Learning (CPU)

Time (s)

100 -

o R .

0 2500 5000 7500 10000 12500 15000 17500 20000
N



Applications
ThermoONet for fitting cometary water production rate curve

Heliocentric Distance (au)
3.56 2.24 1.3 2.33 3.66

1028 <

Best-fit parameters:

| == Fitting from SA and BGD
| 1 Observations

Global Water Production Rate (mol/s)

10?7 % Dust mantle thickness
g X=3.61mm

0 5 lce fraction:
F=0.644%

1025 - E

Data from Lauter et al. (2020)

2014-08-12 2015-02-24 2015-09-10 2016-02-09 2016-08-29
uTC



Applications

ThermoONeft for analyzing the variation of comet’s dust mantle

Heliocentric Distance (au)

—

o
N
=]
1

1027 4

1026

Global Water Production Rate (mol/s)

3.56 2.24 1.3 2.33 3.66
e - Best fitting with variable depth N
10° 1 ---- Best fitting with fixed depth
] —-— Fitting with fixed depth for peak
[ Observations
2014-08-12 2015-02-24 2015-09-10 2016-02-09 2016-08-29

e

Dust Mantle Depth (mm)

With a varying depth of
dust mantle

Heliocentric Distance (au)

3.56 224 13 233 3.6
45
4.0
35
3.0 1
251
2014-08-12 2015-02-24 2015-09-10  2016-02-09 2016-08-29
uTC



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

Heliocentric Distance (au)
3.56 2.24 1.3 2.33 3.66

With a varying depth of
dust mantle

Heliocentric Distance (au)

3.56 2.24 13 233 3.66
Inbound and outbound orbit: Closest to the Sum:
Dusty nudleus and cold icy coma Fresh ice revealed on nucleus, 45
dust-nch coma ’g
E
Nudeus appears red Nutleus appearts blue, £ 4.0
(oma appears biue oma appears red 8
[a]
2
= 354
©
=
8
A 3.0
2.5 1
2014-08-12 2015-02-24 2015-09-10  2016-02-09 2016-08-29

uTtc

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




Applications

ThermoONeft for retrieving properties of comets by fitting

their water production rate curves

Global Water Production Rate (mol/s)

Global Water Production Rate (mol/s)

1028

10%

102°
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Oort Cloud
srs. | LUTUre Distance from Sun: 2000-200 000 AU

Tianwen-2
DESTINY+ "

, R NEO surveyor
New Horizons = N ;

Comet
Interceptor

(Credit: ESA)




Next steps

- Network training with larger training dataset

Integration of frained networks in the analyses of observation datq,
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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