James Keal!, Alexandre Santos'?,
Scott Penfold!?, & Michael Douglass!~

Simplex noise as training data
for learned 3D dose calculation

adelaide.edu.au | " o




Dose Calculation
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Machine Learning
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Machine Learning for Dose Calculation

GET DATA TRAIN DEPLOY

* Create Monte Carlo * Develop a model * Very fast
simulation architecture
» Use MC dose as accurate * Training takes a while

training data
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THE PROBLEM

Machine learning requires data




TRAINING DATA
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A POTENTIAL SOLUTION

Simplex noise as training data




Simplex Noise
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Simplex Noise
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EVALUATION

Simplex noise
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Encoding Fields
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H D U-N ET Source: Nguyen et. al. 2019
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RESULTS

Simplex noise




Error (%)
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CONCLUSIONS

Simplex noise is a viable source of high
quantity, high quality training data for dose
calculation using machine learning.

A model trained using the proposed

framework may be fast enough to use in
inverse optimisation algorithms/as a
secondary MU calculation.

james.keal@adelaide.edu.au




