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Motivation

- Beam angle optimization
IS Important in proton
therapy

* Non-convex problem
* Solution:
Bayesian optimization
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I Bayesian optimization

* Does need a function expression for the objective function to
be minimized

- Only few function evaluations needed to find minimum -
reduced time consumption

Input: O Output:
Few initial func- —— ———> Best estimate of
tion evaluations function minimum
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Bayesian optimization
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Bayesian optimization
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Bayesian optimization
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Bayesian optimization
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Bayesian optimization
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Bayesian optimization
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Bayesian optimization
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Beam angle optimization

Beam Fluence
Treatment score

configuration optimization
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Beam angle optimization

Beam Fluence optimization

Treatment score

configuration ECHO

Bayesian optimization
Find next beam configuration,
Xpext, 10 €valuate

» Automated fluence optimizer:
Expedited Constrained Hierar-
chical Optimization (ECHO)*

Treatment
- Bayesian optimization score
* Treatment score function ECHO
— Dosimetric indices Optimize for configuration x, eyt
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Materials and methods

 Five head and neck patients

» Two co-planar beams
— 558 beam configuration candi-

dates CTV
. : —PTV
* Ground truth  configuration ——MANDIBLE
(lowest treatment score) ——ORAL CAVITY
. . PAROTID
* Manual  beam  configuration OROPHARYNX
selection -SPINAL CORD
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Results — Convergence

Absolute number of configurations
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— Algorithm

Results — Dose distribution - Planner
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Results - Dosimetric indices
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Results - Timing
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Bayesian optimization time (sec)

Bayesian
optimization is very
time efficient!
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Summary

* Beam angle optimization for proton therapy

- Bayesian optimization
— At most 4% of the configuration needed to be evaluated
— Time efficient

* Flexible framework

— Any metric can be included

— Any fluence optimizer can be used
v Constrained optimization

* Future: Include robustness
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