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Purpose:

The inclusion of motion and uncerta inty in treatment plan optimization
requires the use of a potent iall y |arge number of geometric instances
(' scenarios), which may be computati onal ly intractable.

We seek to provi de a fast, flexi ble approach that is practical to
i mplement.

Method and Mater ials
When using a gra dien t-based optimization method, we have found that not
every voxel and scenario needs to be computed at every step to converge

to a near -optim al solu tion.

We first create a malel of the dose actually delivered to the pat ient

for a given set of beamlet inten sit ies and geometric  scenario. Based on
t his dose, we calcul ate the valu e of an objective function, a measure of
how far a dose is fr om satis fyin g our clinical goals. We typic ally

minimize  the expecte d value of this obj ective function.

On each step of the opti mization , we use several scenario samples to
estimate the expecte d object ive. To further speed up the estimate, we
only calculate the dose to a fra cti on of the voxels within the patient
per scenario. We use this sampling to estimate the gradient, which  we
use in a gradien t-based optimization algorithm. At each step of the
algorithm  we use sample new scenari os and voxels.

W automatically tun e the sampli ng rate for various str uctures by
choosing the number of scenarios and voxels samples per step that
nmnimizes the varian ce in the estim ated objective.

Results:

So far we have teste d the al gori thm on 5 cases with a variety  of
treatment sites and several diff ere nt motion models for | MRTand IMPT.
Based on these cases, we fin d that voxel sampling combined with scenario
sampling is over an order of magit ude faster than scenario sampling

alone. This acceler atio n is achiev ed without sacrificing plan quality.
Conclusion:
The new approach is a fast, flex ibl e way of incorporating uncertainty

i nto the optimiz atio n.



