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Various studies utilizing image recognition
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Nuclear fusmn Predlctlng dlsruptlons [J. Kates-Harbeck

4 Astrophysics: Estimate of horizontal velocity fields on )
the solar surface [Ishikawa, A&A 2022]
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4 Geography: Update on the human footprint index,
which quantifies pressure of humanity on the Earth,
from satellite images [Keys, Environ. Res. Lett. 2021]

Wind farm installation (Texas, USA)

Irrigated agriculture (Cairo, Egypt)

\_

v’ Convolutional neural network (CNN) models

v’ Introduction of CNN models into transport study



Predictions about turbulent transport in fusion plasmas

» Fusion plasma performance depends on turbulent transport.
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Turbulent transport simulations with gyrokinetic codes

e GKV [watanabe NF2006] solves the time evolution of the
perturbed distribution function f(kx, ky, z, v, u).

= Investigations into underlying turbulence physics
- Predictions about turbulent fluxes
—>Huge computational resources are required.

* An enormous amount of calculation data is

generated.

=1t is hard to directly handle 5D data.

v The evolving processes are visualized as images.
=2 A new tool to reduce the computational cost

Linear calculations

Nonlinear calculations
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Patterns of the distribution function in the wavenumber space
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* A nonlinear calculation with GKV for JT-60U plasma parameters sme-ongid OV 16 .Saturat'on ‘

— JT-60U #45072@p=0.76: ITG/TEM
— 4,608 cores x 60 hours @ITO
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We focus on plots of the square of the perturbed
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distribution function, |f
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Initial fluctuations are givenin —1.5 < k,, < 1.5. kx



6/23

Patterns of the distribution function in the wavenumber space
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* A nonlinear calculation with GKV for JT-60U plasma parameters

— JT-60U #45072@p=0.76: ITG/TEM § |

— 4,608 cores x 60 hours @ITO %
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Strategy to forecast turbulent fluxes with low computational cost

12
By recognizing |f‘ images, CNN models predict

Wl
oL T S = oo I : :
1. Saturation t|me @@ S somn - - Saturation t!me
[Narita, Honda, Maeyama and Watanabe 3 eoe) - Saturation time
2022 Nucl. Fusion 62 086037] g T .| /- Saturation time
2. Heat flux corresponding to the image @@ & S
[Honda, Narita, Maeyama and Watanabe SRR 0 10 20 30 40

Timet
v’ The saturation time changes
depending on the initial condition.

2023 Contrib. Plasma Phys. €202200137] et s
3. Heat flux A t ahead of the image

4. Saturated fluxes: Our ultimate goal
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CNN models to predict

1. Saturation time

2. Heat flux corresponding to the image
3. Heat flux A t ahead of the image



9/23

Convolutional Neural Network model: EfficientNet

EfficentNet. 87 https://arxiv.org/abs

EfficientNet (ENet) [Tan ICML2019] N

i Agosraesse ===~ Smoesanc. /1905.11946.
e A CNN model emerged in 2019 P

~ >.."
=" ...=*"" Inception-ResNet-v2

* Pre-trained with ImageNet datasets
e Variants with different network depth: We use EfficientNet-B4.

* Very high transfer learning performance & Fine tuning
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Modified for the |f|” patterns: unfrozen


https://qiita-user-contents.imgix.net/https%3A%2F%2Fimgur.com%2F8AEOwTL.png?ixlib=rb-1.2.2&auto=format&gif-q=60&q=75&s=f6b5b0063995c297ada710d84d287165

The simulation time is predictable from the image.

* Feed images and their corresponding time in T
the growing phases into the model 3 10000
O 100}
* In the saturation phase, the link b/w the image iy
and the time is lost due to its stochastic nature. 2 oo
* Number of data § |
— Train: 2,016 et
] . 2.755 5.005 10.734
— Validation: 288  1rue —¥ ~3.100 5.100 11.000 |
— Test: 576

High predictability!

Extremely high determination coefficient R?: 0.9949
=» Excellent prediction evenly over the entire time period

=>» Feasible to get ENet forecast the saturation time

Rz(yrﬁ] =1-
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Application of the model for efficient runs

* Training data: “Base” case (black line)

* Execute several runs with different initial amplitudes (High/Low) and get images at an early stage (t = 5)

- Real time: 6~10 hours
Imagesatt =5 letog —F——
Base High Low 1e+06 [
v [ T W L
= 10000 |
S 100f
g [
o 1]
(@} L |
L2 oot —— Base-
! % 0.0001 | —— High 1
Esti q - 5 1e06t / — Low |
stimate — — Q [ |
t=6.726 t=17.437 w 1e-08 ]

saturation time o
% /\ 11055 110 15 20 25 30 35 40 45 50 55 60

[ It will be saturated soon. ] [ It is still in the midst of the growing phase. ] ’ | ot o
8 16 25 :Correct saturation time

v The saturation time can be roughly forecasted at an early stage.
v’ Save numerical resources by keeping the fastest case and eliminating the rest.




Training on the Cyclone base case

* Training has been performed with JT-60U data so far.

* For a more versatile model, training has also been
performed with the Cyclone base case (CBC), which is a de
facto standard DIlI-D parameter set for benchmarking tests.

JT-60U #45072@p=0.76 Cyclone base case (CBC)
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22.2

Cyclone base case (CBC) 1
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The model trained on CBC is applied to JT-60U simulations to check its versatility.



13/23

Application of the CBC-trained model to JT-60U simulations

* High performance for the simulation time of CBC test data: R? = 0.9945

The CBC-trained model is applied to the 3
different radial positions of JT-60U #45072.
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v’ The CBC-trained model works well to predict
the simulation time for the ITG/TEM cases.

Test data of CBC _Simulation time
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v’ The simulation time is
overestimated for the ITG case.




ITG/TEM (CBC original)
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Generalization of the predictor for different dominant instabilities
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The images are generated with the 3 cases to train the models.
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R/Lr, | R/Ly, | R/Ln | T/T,
ITG/TEM (CBC original) 6.92 6.92 2.22
ITG 6.92 0 2.22 1
TEM 1 8 3 3
TEM
. . . . . 2 . .



Methodology for actual application

* The original CBC model overestimates the simulation time for the
JT-60U@p=0.26 case, in which the ITG mode predominates.

Model for ITG/TEM (CBC original)
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IT-60U@p=0.26
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Very good performance!

v The dominant instability is estimated by the linear calculation ~1/103 times the
computational resources of the nonlinear calculation.

=» The best predictor is selected based on the pre-performed linear calculation.
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CNN models to predict

1. Saturation time

2. Heat flux corresponding to the image
3. Heat flux A t ahead of the image



Toward the prediction of heat fluxes

12
The images show |f| normalized to [0, 1].

=>»They do not give information on any absolute values.

=>» The trained model predicts fluxes well on training data,

but not at all on unknown data.
Different heat fluxes depending on species

v'CBC: Electron Qg max~150 & lon Q; ax~500 '

Multimodality: Multi inputs including
images and values

Pseudo images: Images including
several kinds of species
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Multimodal CNN model

|8 values

-2
v’ Heat fluxes depend on ||

N
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5
MLP MLP - %
L * 3layers with 256, 128 units * 3 layers with 256, 128 units .. =
Q- i ! o sigmoid £
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Training and test with CBC data

» Data in the growing phase are divided into Time £ Electron heat fulx Q lon heat flux Q;
training/validation/test cases. n & SNRE s
0 /’ 175 ’}/ 500 ,‘/,
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Predictive performance for unknown data

: : : Training: CBC |
e CBC-trained model is applied to JT-60U #45072 @p=0.50. o G g‘.u . ‘ Eolgctron
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CNN models to predict

1. Saturation time

2. Heat flux corresponding to the image
3. Heat flux A t ahead of the image
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Recurrent neural networks to predict heat fluxes A t ahead

t=099 ___ o _____________!
/: ___________________________________ \\
£=1.00 3%, | .-
‘T:J% MLP ’f \i Recurrent neural network eat
Conca :» (RNN): MLP A
%) » CNN: ’ tenate | Gated Recurrent Unit (GRU)
£ EfficientNet-B4 — =
\ £ ICI ,I|
:_i_______________________________T_____________________________________ ‘| . Heat fluxes
t=101 . O_"E_t_o_________________,'» NN GRY » MILP » A T ahead
Preliminary results for CBC data . ——
_ . IQy s ectron|... ped fce | 5 ;Sitest <
* Window size: 10 x lon - wane | BT
—_ :'_: 400 g | ‘,. s
e At=1 S o.,s/ﬁ* " Electro
 Training and validation: datain 0 < t < 40 % = A
o Test:t > 40 TE £ st
v" Heat fluxes a little further ahead are S g |
0 on

predictable even in the saturation phase.

True
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Summary

We have developed the CNN models to predict
1. Saturation time
v Transfer learning
2. Heat flux corresponding to the image
v' Multimodality & Pseudo images
3. Heat flux A t ahead of the image
v RNN + CNN
Future work
* Forecasts for saturated fluxes based on data generated in the initial phase
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