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ABSTRACT

Multiple objectives must be considered in anatomy based dose optimization for high dose
rate (HDR) brachytherapy and a large number of parameters must be optimized to satisfy
often competing objectives. For objectives expressed solely in terms of dose variances,
deterministic gradient-based algorithms can be applied and a weighted sum approach is able
to produce a representative set of non-dominated solutions. As the number of objectives
increases, or non-convex objectives are used, local minima can be present and deterministic
or stochastic algorithms such as simulated annealing either cannot be used or are not
efficient. In this case we employ a modified hybrid version of the multiobjective optimization
algorithm NSGA-I/I. This, in combination with the deterministic optimization algorithm
produces a representative sample of the Pareto set. This algorithm can be used with any
kind of objectives, including non-convex, and does not require artificial importance factors. A
representation of the trade-off surface can be obtained with more than 1000 non-dominated
solutions in 2-5 minutes. An analysis of the solutions provides information of the possibilities
available using these objectives. Simple decision making tools allow the selection of a
solution that provides a best fit for the clinical goals. We show an example with a prostate
implant and compare results obtained by variance and DVH based objectives.

1. INTRODUCTION

In modern interstitial HDR brachytherapy, the dose distribution is evaluated with respect to
the irradiated normal tissue (NT), the planning target volume (PTV). Additionally, for organs
at risk (OAR) within or adjacent to the PTV the dose must be smaller than a critical dose
value D In practice, it is difficult if not impossible to meet all these objectives
simultaneously. Some of the algorithms only take into account the catheter geometry and
ignore the geometry of the PTV and OARs. Doses in adjacent OARs are reduced, by ftrial
and error, by manually changing the dwell times of dwell positions in their neighborhood. In
the last few years the anatomy of the PTV, and in some cases of the surrounding tissue
including OARs, have been considered using various objective functions (Lahanas et al
1999, Lessard and Pouliot 2001, Milickovic et al 2002). These algorithms now are described
as anatomy based. Single objective optimization algorithms transform the multiobjective
problem into a single objective problem by combining the objectives into a single objective,
e.g. by using a weighted sum of all objectives. The weights used, known also as importance
factors, are considered as a measure of the significance of each objective in the optimization
process. Even if the solution obtained is a global optimal solution, i.e. the best possible for
the aggregate single objective function, it is possible that by using other importance factors,
other better solutions can be obtained. With this approach all the available information on the
alternative possible solutions is lost. Until now these factors have been obtained empirically
although the method of their choice has never been discussed.

One goal of a treatment planning system should be the ability to have a fast response
to assist the clinician in obtaining good plans. Also it should provide all the information on the
possibilities given the objectives of the treatment. In order to explore the feasible region of
the solution space with respect to each objective, different values for the importance factors
in the aggregate objective function must be given, and then the results assessed.
Furthermore, the appropriate values of these importance factors differ from case to case.
This implies that for any new clinical case a large amount of effort is necessary for their
determination. While current optimization methods are single objective, the dose optimization
problem is a true multiobjective problem and therefore multiobjective optimization methods
should be used. Most realistic problems require the simultaneous optimization of many
objectives. It is unlikely that all objectives are optimal for a single set of parameters. If this is
so, then in principle there exist an infinite number of solutions. A multiobjective algorithm
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does not provide a single solution but a representative set of all possible solutions. Out of
these representative solutions a single final solution has to be selected.

For variance-based objectives, gradient-based deterministic algorithms due to their
efficiency allow the construction of the so-called Pareto or trade-off front. This contains all the
information on the degree of the competition between the objectives and which is necessary
for the treatment planner to select the solution which best fulfills the dose optimization goals.
For convex objective functions according to the conditions of the Kuhn-Tucker theorem
(Miettinen 1999), a global Pareto optimum can be obtained and the entire Pareto front is
accessible using the weighted sum method. A problem of this method, as found in most of
the conventional dose optimization algorithms, is that it cannot provide solutions in possible
non-convex parts of the Pareto trade-off front because a convex weighted sum of objectives
converges only to the convex parts of the Pareto front. Additional it can fail if local minima
exist.

For DVH based objectives, deterministic algorithms cannot be used. We modified for
this reason the genetic multiobjective optimization algorithm NSGA-I/I combining it with a
deterministic algorithm increasing its performance. This algorithm is not limited to convex
objective spaces and does not require importance factors. Additionally, we use an external
population for the accumulation of non-dominated solutions. We obtain 1000-2000 non-
dominated solutions in 2-5 minutes. Comparisons of the optimization results were made
using the Nucletron treatment planning system PLATO BPS 13.7.

2. METHODS

2.1. Multiobjective optimization.

The multiobjective optimization (MO) problem (also called multicriteria optimization or vector
optimization) (Miettinen 1999) can be defined as the problem of determining the following. “A
vector of decision variables which satisfies constraints and optimizes a vector function whose
elements represent M objective functions. These functions form a mathematical description
of performance criteria that are usually in conflict with each other. Hence, the term optimize
means finding a solution which would give the values of all objective functions acceptable to
the treatment planner.”

We call decision variables x;, j=1,2,...,N for which values are to be chosen in an
optimization problem. In order to know how "good" a certain solution is we need to have
some criteria for evaluation. These criteria are expressed as computable functions f(x),...,
fu(x) of the decision variables, which are called objective functions. These form a vector
function f. In general, some of these will be in conflict with others, and some will have to be
minimized while others are maximized. The multiobjective optimization problem can be now
defined as the problem to find the vector x=(x1,X2,...,Xn), i.€. solution which optimize the
vector function f, subject to the following conditions:

Jinequalities g, (x)20,j=12,....J
K equality constraints 7, (x)=0,k=1,2,...,K . (1)
The constraints define the feasible region X and any point x in X defines a feasible solution.
The vector function f(x) is a function that maps the set X in the set F that represents all
possible values of the objective functions. Normally we never have a situation in which all the
f(x) values have a optimum in X at a common point x. We therefore have to establish certain
criteria to determine what would be considered a "optimal" solution. One interpretation of the
term optimum in multiobjective optimization is the Pareto optimum.
A solution x4, dominates a solution x; if the two following conditions are true:
1) x4 is no worse than x; in all objectives, i.e. fi(xs) < f(x,) V j=1,2,....M
2) x4 is strictly better than x; in at least one objective, i.e. f(x,) < fi(x;) for at least one j e

(1,2,...,M}
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We assume, without loss of generality, that this is a minimization problem. x; is said to be
non-dominated by X, or xy is non-inferior to x, and x, is dominated by x;. Among a set of
solutions P, the non-dominated set of solutions P’ are those that are not dominated by any
other member of the set P. When the set P is the entire feasible search space then the set P’
is called the global Pareto optimal set. If for every member x of a set P there exists no
solution in the neighborhood of x then the solutions of P form a local Pareto optimal set. The
image of the Pareto optimal set is called the Pareto front.

2.2 Weighted sum approaches

The weighted sum method converts the multiobjective problem of minimizing the vector f into
a scalar problem by forming a weighted sum of all objectives. The weighting coefficients do

not necessarily correspond directly in a linear way to the importance of the objectives. The
M

problem is to minimize f(x)= w, f, (x) subject to the conditions (Eq. 1). If x* is a Pareto
m=l1

optimal solution then there exists a weight vector w=(w,,w,,...,w,,), such that x* is a

solution of the multiobjective convex optimization problem. For two objectives the weighted

sum is given by y=w, f,(x)+w, f,(X), i.e. f,(x)= —ﬁfl(x) +-2 . The minimization of the

W, W,
weighted sum can be interpreted as finding the value of y for which the line with slope
—w,/w, just touches the boundary of F as it proceeds outwards from the origin. It is

therefore not possible to obtain solutions on non-convex parts of the Pareto front with this
approach.

A representative convex part of the Pareto set can be sampled by running a single
objective optimization algorithm each time with a different vector of importance factors. We
call a set of importance factors vectors normalized and uniformly distributed if each

importance factor of each objective takes one of the following values: [l/k,k:O,l,..,k],
M

where k is the sampling parameter and w,=1,w; 20,V for each vector w. For M
j=1

- M +k-1) N -

objectives we have Y vectors. Each optimization run produces a new and distinct

nondominated point. The produced solutions will not necessary be uniformly distributed on

the Pareto front (Das and Dennis 1997).

Single objective optimization algorithms provide in the ideal case only one Pareto
optimal solution in one optimization run. Multiobjective evolutionary algorithms provide a
representative set of non-dominated solutions and are ideally suited for true multiobjective
optimization.
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2.3 Objective functions used in HDR brachytherapy dose optimization.

The aim of HDR brachytherapy dose optimization is to cover the PTV with at least some
specified dose value, and to protect the OARs and the surrounding normal tissue with dose
values above some specific level. The objectives functions which are used have a common
characteristic in that they penalize dose values above and or below these limits. These

objectives can be expressed as combinations of objective functions f, and f,, of the form:

N
1i0)= 0D, ~d (0D, ~d, ()’ (2
1 N
Ju(x)= N O(d;(x) = Dy )(d;(x) = Dyy)* (3)
where N is the number of sampling points, D, and D,, are low and high dose limits, d,(x) is
[1 x>0
the dose of the i" sampling point, @(x)=41/2 x=0 and o a parameter.
0 x<0

We obtain the objectives functions proposed for the inverse dose optimization problem for
prostate implants in Lessard and Pouliot 2001 by using o=1.

For =0 we obtain a set of objectives which we call DVH based objectives. The
advantage of using these objectives is that the results in terms of objective values are more
intuitive to understand than dose variances or objectives given by Lessard and Pouliot. We
use the following set of objectives:

Npry
bl __ O(D; —d.) as the fraction of PTV with D < D,
PTV i=l
PTV 1 Norv Vv Vv
fy =—— 0O, —-D,) as the fraction of PTV with D > D,,
PTV i=l
. 1 NéAR . X
fow=———©(d,~D,,) as the fraction for the |" OAR with D >D, .
O4R =l
1 Nyr 2
for = N_ D, as the average squared dose in the surrounding normal tissue.
NT j=1
D] is the prescription dose, or lower dose limit and D, is the high dose limit in the PTV.

fyr is the mean quadratic dose in the surrounding normal tissue. N, , N,, and N/, are
the number of sampling points in the PTV, normal tissue and in the j” OAR. The objectives
7, £ and f,, are proportional to the DVH values at the corresponding dose values.
As a fraction they are normalized in the range [0, 1]. The dose values are expressed as
fractions of the prescription dose. If the sources are limited inside the PTV then the range of
the values of f,, is of comparable magnitude to the other objectives and the objectives are
therefore approximately normalized.

The use of the square of the dose value ensures that high dose values are more likely
to be avoided in the NT than are the more uniformly distributed moderate dose values. For
D,Z, we use a value of 1.5 times the prescription dose. The dose is not normalized on any
particular point or set of points.

In Milickovic et al 2002 we have shown results using gradient-based optimization
algorithms for objectives that correspond to the case o=2. We called these objectives
variance-based objectives. We have chosen as normalization the average dose on the PTV

surface. This dose value D, is set to be equal to the prescribed dose. The isodose of an
optimal dose distribution of the prescription dose coincides with the PTV surface. To obtain
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such a dose distribution the dose variance f; of the sampling points (dose points) uniformly

distributed on the PTV surface should be as small as possible. If the source dwell positions
are inside the PTV then the use of an additional objective for the surrounding NT is not
necessary. The avoidance of excessive high dose values inside the PTV is controlled by the

dose distribution variance f, inside the PTV. Normalized variances are used:

1@ -my 1Y d —m,)
fs _N_3i:1 mS2 , fV _N_Vi:I m,,2
Where mgand m, are the average dose values on the PTV surface and within the PTV
respectively, and N, N, the corresponding numbers of sampling points. The objective
space of (fs,f,) is convex and gradient-based algorithms converge to the global Pareto
front. If OARs are to be considered then an additional objective is included for each OAR:
1 Nom @(diOAR _DCOARmS )(diOAR _DCOARmS)z
fOAR - NOAR i (D OARmS)2

c

Where N, is the number of sampling points in the OAR and DCOAR is the corresponding

critical dose as a fraction of the prescription dose or reference dose which is the average
dose on the PTV surface.

2.4 The non-dominated sorting genetic algorithm (NSGA-/I)

Multiobjective genetic algorithms have been used in external beam radiotherapy (Haas et al
1998) and in brachytherapy (Lahanas et al 1999). Now more powerful algorithms are
available. True multiobjective evolutionary algorithms, MOEAs do not require importance
factors, as reported in Wu and Zhu 2001.

Deb et al 2001 proposed the multiobjective genetic algorithm NSGA-I/ that combines
elitism and a mechanism to distribute the solutions as much as possible over the entire local
Pareto set. Elitism is a method that guarantees that the best ever found solution would
always survive the evolutionary process. For multiobjective optimization elitism requires that
some portion of the non-dominated solutions will survive.

We have modified this algorithm by including an initialization by a gradient-based
optimization algorithm and an archiving option. We describe some important aspects of this
algorithm and the modifications that we applied.

2.4.1 Original algorithm

In contrast to single objective genetic algorithms where each individual is assigned a fitness
value based on a single objective value, which determines the quality of this individual, there
is no such single value for a true multiobjective optimization algorithm. It is therefore natural
to use the dominance relation to classify an individual of the population. NSGA-II classifies a

population P in mutually exclusive equivalent classes P; ie. F,nP =0 Vi#j and

k
P=UP . These classes are called fronts. The number of classes varies from generation to
i=1

generation and the members in each class are equivalent. That is, it cannot be stated which
individual is better. This classification which is called non-dominated sorting is implemented
as follows.

All non-dominated individuals are classified into one category and assigned a dummy
fitness value or rank. These classified individuals are therefore ignored and from the
remaining members of the population the non-dominated individuals are selected for forming
the next layer. This process continues until all members are classified. Individuals of the first
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layer have the highest fithess while members of the last layer are assigned the smallest
fitness. All Individuals from the first layer produce more copies in the next generation and
therefore the population evolves towards the Pareto front.

Finite populations tend to converge to a small part of the Pareto front. This
phenomenon is called genetic drift and requires special mechanisms to prevent this
occurring. For each member of the population an estimation of the density of solutions
surrounding it is calculated using the so-called crowding distance measure: the population is
sorted for each objective function value in their ascending order of magnitude. The solutions
with the smallest and largest value are assigned a very large distance estimate to guarantee
that they will be selected in the next generation. This helps to significantly increase the extent
of the population on the Pareto front. All other solutions are assigned a distance value equal
to the absolute difference in the function values of two adjacent solutions. The overall
crowding distance is the sum of the individual distance values to each objective.

The elitism is used by combining the population of children Q; and the parent
population P; at generation t together. A non-dominated sorting is applied and a new
population is formed. A population of children Qs from P, is formed using a binary crowded
tournament selection, crossover and mutation.

2.4.2 Modifications: Hybridization using supported solutions and archiving

Comparisons of NSGA-II with other genetic algorithms show that it generates efficiently
solutions close to the global Pareto front only for problems with a small number of
parameters. A statistical analysis shows that a very large number of generations are required
to approach the global Pareto front. The population initially moves fast towards the global
Pareto front but slows down finally and approaches the Pareto front only asymptotically.

If a small number of individuals are moved on the global Pareto front using an
efficient optimization algorithm, then they efficiently attract the other individuals in their
neighborhood. These so-called supporting solutions (Gandibleaux et al and Milickovic et al
2001) improve very significantly the performance of evolutionary elitist algorithms and enable
a fast accumulation of solutions close to the global Pareto front. We combine the NSGA-//
algorithm with a deterministic algorithm. The idea is to improve the diversity along the front
and to guide the population closer and faster towards the global Pareto front. It is important
to include if possible solutions that define the extent of the Pareto front, i.e. the optimal value
of each individual objective.

Even by applying constraints for more than three objectives the size of the Pareto
front can be large and a very large population would be necessary to cover as uniformly as
possible the desired part of the trade-off front. We therefore employ to NSGA-/I an archiving
method in which an external population is filled with all the non-dominated solutions found. At
each generation, each solution of the genetic population is compared with all the individuals
of the external population. If a solution for the genetic pool dominates solutions for the
external population and if it is non-dominated by them then it is added to the external pool
and all the dominated solutions are removed. If the population has reached its maximum
size, as set by the user, then the non-dominated solution replaces a solution that has the
highest number of individuals in its neighborhood. This mechanism prevents accumulation of
solutions in a part of the objective space and allows a more uniform coverage of the Pareto
front by the archived solutions. The non-domination tests usually require much less time than
the function evaluation and the non-dominated sorting. Therefore a very large number of
non-dominated solutions can be acquired quickly. The accumulation of non-dominated
solutions is shown as an example in Fig. 1 as a function of the generation of the genetic
algorithm.



A Hybrid Evolutionary Algorithm 8

2000 —# Accumulated solutions
1500 |-
1000 |-
500 |-
0 . , . . . . , . . |
0 50 100

Generations

Figure 1. Example of the number of accumulated archived non-dominated solutions as a function of
the generation number.

The average linkage method can be applied if necessary to reduce the number of
solutions without modifying their distribution. In this case all solutions are considered initially
as a single cluster. The distance of two clusters is given as the average distance between
pairs of individuals across the two clusters. Two clusters with minimal distance are merged
into a larger cluster. This procedure is repeated until the number of clusters reaches a user
specified size. Finally, a point is selected from each cluster with minimal average distance to
all other points inside the cluster.

We call this modified version of NSGA-Il, as the modifications are essential for the
performance of the algorithm for large-dimensional and multi-objective problems, the non-
dominated sorting archived and supported genetic algorithm or NSASGA.

For the NSASGA algorithm a population of strings is formed, each string storing a set
of dwell weights and a floating-point double precision representation is used. The crossover
and mutation probability P, and P, must be limited in the respective ranges 0.7-1.0 and
0.001-0.1. We use a population size of 300. Tests obtained empirically have shown that the
optimization results do not change significantly after 100 generations. This is because the
population is initialized with a deterministic algorithm. Otherwise it would require 1000 or
more generations to produce similar results.

We use an adaptive mutation and crossover operator (Deb and Agrawal 1995). Two
parents with variables x;' and x produce two new variables y;' and y;? using a probability
distribution P():

1 2
Yi = )i

1 2
X. —xi

1

0.5(m+1)p 1
P(B)=1050+1) l+1 , B=
'377

The parameter 17 determines the distance of the children from their parents. The probability
distribution produces near-parent solutions with a larger probability than solutions far from
the parents.

For DVH based objectives a large variety of solutions is possible. If the Pareto front is
very large then for a small population, some important parts of the Pareto surface may not be

occupied. It is possible to use constraints which allows to restrict the population into parts of
the objective space which are of particular interest. Such a constraint when used for the DVH

4)
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based objectives is ;""" < 0.7, i.e. only solutions with a PTV coverage of at least 30% are

considered.

2.5. Decision-making tools.

For single objective optimization methods there is only one optimization result and the only
decision necessary is whether or not to accept the solution. For multiobjective optimization
decision-making tools are necessary to filter a single solution from a Pareto front that
matches at best the goals of the treatment planner.

A utility function is a model of the decision maker’s preference that maps a set of
objective functions into a value of its utility. The goal is to maximize the utility. One such
utility function is the Conformal Index COIN (Baltas et al 1998) that is now extended for the
inclusion of OARs. It is additionally a measure of implant quality and dose specification in
brachytherapy. COIN takes into account patient anatomy, both of the tumor, NT and OARs.
COIN for a specific dose value D is defined as:

Noar i i g
CY)I]V:CI-C2 H(I_VOAR(Di>DLr1t)\ (5)
=1 V' our
PTV,
C, = 6
'TUPTV (6)
c, = PTVD (7)
VD

The coefficient c; is the fraction of the PTV (PTVp) with dose values of at least D. The
coefficient ¢, is the fraction of the calculated (body) volume with dose values of at least D

(V,) that is covered by the PTV. It is also a measure of how much NT outside the PTV is
covered by D. V'cs is the volume of the i" OAR and V'cs(D > D!

crit

) is the volume of the

OAR that receives a dose that exceeds the critical dose D’

crit
NOAR OARs.

In the case where an OAR receives a dose D above the critical value defined for that
structure, the conformity index will be reduced by a fraction that is proportional to the volume
that exceeds this limit. We describe the dependence of COIN on the choice of the reference
dose value as the COIN distribution. If D is chosen to be the reference dose D,y then the
ideal situation is COIN = ¢, = ¢c,= 1. COIN assumes in this form that the PTV, the OARs and
the surrounding normal tissue are of the same importance.

In the case that a treatment planner considers one objective to be more important
than the others, a display table of a list of values for all solutions of the objectives, COIN,
DVHs for all OARs, the NT and the PTV of each solution is provided. Additionally, the
extreme dose values are also provided. The entire table for every such quantity can then be
sorted and solutions can be selected and highlighted by the treatment planner. Constraints
can then be applied such as to show only solutions with a PTV coverage 100c, larger than a
specified value. The PTV coverage is the percentage of the PTV that receives at least 100%
of the prescription dose. This reduces the number of solutions and in this way the treatment
planner understands the available possibilities. The DVHs of all selected solutions can be
displayed and compared.

. The product in Eq. 5 covers all

Another decision-making tool is the display of projections of the Pareto front onto a pair of

M
selected objectives. For M objectives the number of such projections is ( 5 \ The position of
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selected solutions can be seen in these projections this helps to identify their position in the
multidimensional Pareto front. This permits quantitative understanding of the degree of
correlation between the objectives and of the possibilities provided by the non-dominated set.
The Pareto front provides information such as: How much can an objective be optimized and
how this modifies the other objectives values? What is the range of values for each
objective?

3. RESULTS

We present results of NSASGA for a 83 cm?® prostate implant with 15 catheters and 125
active source dwell positions. We considered as OARs the urethra and the rectum for which
the corresponding critical dose values were set to be 1.25 and 0.75 times the prescription
dose of 9.0 Gy. This is a special treatment case with a high dose per fraction so that the
protection of urethra from an overdose due to a high prescription dose is important. The
objective values have been obtained from 500 sampling points quasi-randomly distributed
inside the PTV and OARs. For the surrounding NT 2000 sampling points were used.
Sampling points inside the catheters were excluded in order to avoid fluctuations of the dose
variances. For the sampling points on the PTV surface we used uniformly distributed
sampling points uniformly distributed on the triangulated PTV surface with a surface density
of 3 points/cm? (Lahanas et al 2000).

We used two sets of sampling points, a set of 2000-3000 points for the calculation of the
objectives values during the optimization. The DVHs presented here and derived parameters
such as COIN for all solutions to be used for the decision making process were obtained
from a set of 20000 sampling points in each object. The DVHs obtained from the PLATO
BPS system were obtained from 30000 sampling points.

We used dose calculation point look-up tables (LUT) in which the kernel values for
each dose calculation point and source dwell position pair were calculated and stored in a
table in a preprocessing step. If we ignore the preprocessing time then the calcucation time
for the dose distributions is independent of the form of the dosimetric kernel. We used
dosimetric kernels obtained by Monte Carlo simulation (Angelopoulos et al 1991, Sakelliou et
al 1992, Karaiskos et al 1998 and 1999).

The dose distribution around a cylindrical source is not isotropic, due to the
attenuation of the photons in the active source material, the encapsulation material, the
source drive cable, etc. Due to the cylindrical rotational symmetry the dose rate in a uniform
isotropic medium is a function only of r and 6. The orientation of each source is determined
from the catheter geometry and at each source dwell position a vector is calculated which is
parallel to the cylindrical source axis and in opposite direction to the source drive cable.

The calculations were performed using a 933 MHz Intel Ill Windows NT computer
with 512 MB RAM. The optimization time depended mainly on the number of possible dwell
positions. The calculation of the statistics, and of DVHs for up to 1000 solutions requires 2
min. A speedup by a factor of two is possible with available standard 2 GHz PCs.

For the optimization with variance based objectives we used the limited memory
Broyden-Fletcher-Goldberg-Shanno (L-BFGS) algorithm (Liu and Nocedal 1989). We used
as optimization parameters the square root of the dwell times. This avoids completely
solutions with negative dwell times and constraints for positive dwell times are not necessary.
Numerical experiments based on 100000 optimization runs, using up to hundred different
sets of importance factors provide evidence for global convergence, i.e. the results does not
depend on the starting point. Additional comparisons with simulated annealing suggests that
the solutions are global optimal.

We study the influence of the initialization of NSASGA with L-BFGS. We compare the
Pareto fronts obtained by NSASGA for variance and DVH based objectives with the Pareto
sets obtained by L-BFGS or simulated annealing.
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We compare the dose optimization results obtained with variance based and DVH
based objectives. Additionally we include a comparison with the optimization result obtained
using Nucletron Plato BPS 13.7 system.

3.1 Variance-based objectives

We compare the Pareto fronts from L-BFGS and NSASGA for variance based objectives with
and without initialization. For the comparison we did not use any constraint for fLPTV . For the

initialization with L-BFGS we use a sampling parameter k=4, i.e. we initialize 35 members of
the population with solutions from L-BFGS using variance based objectives. The two-
dimensional projections of the non-dominated sets are shown in Fig. 2. We include the
Pareto set obtained with k=19 (816 solutions) for L-BFGS. The optimization time for L-BFGS
was 234 s. The optimization time for NSASGA with and without initialization was 134 s and
136 s respectively. The corresponding numbers of obtained non-dominated solutions were
1996 and 1511.

NSASGA no init 01
NSASGA init :

1E-5

0.01
E
3
1E-4
1E6
1E3 1E-3L
E R
5 3 r
wx ot
1E-5 1E-5{
1ET 1ET
1E9 z 1E : :
0.1 f Ts 1E6  f iE4 0.01
v Urethra

Figure 2. Two-dimensional projections of non-dominated solutions obtained by NSASGA with and
without initialization. Included are the solutions found by L-BFGS.
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3.2 DVH based objectives

We compare the Pareto front for DVH based objectives obtained with NSASGA with and
without initialization by L-BFGS. We compare the NSASGA Pareto front additional with the
Pareto front obtained with fast simulated annealing FSA (Szu and Hartley 1987). For
NSASGA we use the same initialization as for the previous test with variance-based
objectives (k=4). The optimization time with and without initialization was 219 s and 231 s
respectively. The number of accumulated solution was 1332 and 2000 respectively.

For FSA 330 solutions (k=7) have been generated with 100000 iterations per solution.
Additional the algorithm was initialized with solutions obtained by L-BFGS using DVH based
objectives which were approximated by:

1 Npry

fLPTV = G(Dllj _d;)(DZ _di)a
Pry =l
prv 1 Nomv v Vo
fH - G(di_DH)(di_DH)
Npry i
Noar ) )
fdw=r— O, =D},)d,~DL)"

OAR i=1

with a=0.05. The optimization time for FSA was 26 hours. In Fig. 3 we show three
two-dimensional projections of the non-dominated solutions from NSASGA, with and without
initialization, and the result from FSA. The non-uniform distribution of solutions obtained by
FSA is an indication that local minima exist and degenerate cases, i.e. for the same set of
importance factors different objective values can be obtained although their weighted sum is
constant. For the variance-based objectives we do not observe degenerate cases and the
Pareto fronts obtained by L-BFGS and FSA are identical. If we consider the results of FSA as
global optimal then NSASGA provides a fairly good representation of the global optimal
Pareto front.
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Figure 3. Three two dimensional projections of non-dominated solutions obtained by NSASGA with
and without initialization. Included are solutions found by FSA.

3.3 Comparison of solutions obtained with variance and DVH based objectives

3.3.1 Variance-based objectives

The maximum COIN value obtained from the 816 L-BFGS solutions with variance-based
objectives was 0.51 and the PTV coverage was 86%. In this case 15% of the urethra and 1%
of the rectum receive a dose value above their corresponding D.; value. If we set a
constraint of at least 90% coverage for the PTV then the maximum COIN is 0.43 and the
PTV coverage for this solution is 92.2%. We then have a 24% overdose in the urethra and a
4% overdose in the rectum.

A treatment planner considered this as the best solution. The reason is that there is a
strong trade-off between the coverage of the PTV and the overdose to the urethra volume.
From a PTV coverage of 92% - 94% the overdose to the urethra volume increases rapidly
from 24% to 66%. The histograms for the DVHs of the PTV and the urethra for all solutions
and for the selected solution are shown in Fig. 4. We include the best solution found by a
treatment planner with the planning system PLATO BPS 13.7.
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Figure 4. DVHs for a) the PTV, for b) the urethra of all non-dominated solutions obtained by L-BFGS
for the prostate implant. The solution selected by a treatment planner is shown. Included is the best
solution found using PLATO BPS 13.7.

3.3.3 DVH based objectives

We applied a DVH based optimization with NSASGA. 1679 solutions were accumulated in
227 sec. The maximum COIN we obtained was 0.766 and the PTV coverage for this solution
was 86.5%. The overdose volume to the urethra and rectum was 3%. If we set a minimum of
90% coverage then we obtain the best solution for the urethra with a 21% overdose and with
a 6% overdose for the rectum. The PTV coverage for this solution is 92.4%.

The optimization results are very similar to the results obtained with L-BFGS and
show that the critical dose in the urethra sets a rigid constraint. In Fig. 5 we see the tradeoff
between the three objectives a) PTV coverage b) the percentage of volume of urethra with
overdose and c) the percentage of volume of rectum with overdose. Two-dimensional
projections of Fig. 5 are shown in Fig 6. For a PTV coverage larger than 85% there is a rapid
increase of the overdose volume in the urethra up to 70%, see Fig. 6a. If the critical dose for
the urethra is 1.25 times the prescription dose then only with a PTV coverage of around 80%
can we completely protect the urethra. In Figure 6b we see that the rectum overdose volume
increases with the PTV coverage. At 100% PTV coverage solutions with a rectum overdose
between 8% and 12% can be found.

The DVH of the PTV, the urethra of all solutions of NSASGA is shown in Fig. 7. The
solution selected by the treatment planner using the decision-making tools is marked in this
figure.
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100
Figure 5. Trade-off
between three objectives: PTV coverage, percentage of volume of urethra overdose and rectum
overdose. The three two dimensional projections are shown. These show the trade-off between two
objectives.

Comparing the NSASGA and L-BFGS results with those obtained using the Nucletron
PLATO BPS 13.7 system we found the following. For the best result that we obtained with
PLATO for the urethra, the overdose was 60%, the PTV coverage 87% and the COIN was
0.25. Although an experienced treatment planner spent approximately 1 hr it was not
possible to find a solution with a better protection for the urethra. The DVHSs of the PTV, the
urethra of the selected solution generated by L-BFGS, NSASGA in comparison to the
solution that was obtained by PLATO are shown in Fig. 8.

Figure 6. Tradeoff between a) PTV coverage and volume of urethra with overdose, b) PTV coverage
and volume of rectum with overdose (see also Fig. 5).
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Figure 7. DVHs for a) the PTV and for b) the urethra of all non-dominated solutions obtained by
NSASGA for the prostate implant. The solution selected by a treatment planner is shown. Included is
the best solution found using PLATO BPS 13.7.
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Figure 8. DVHs for a) the PTV, for b) the urethra for a solution selected from the non-dominated set
produced by L-BFGS and NSASGA for the prostate implant. These solutions are compared with a
solution obtained with Nucletron PLATO BPS 13.7 after 1 hour by an experienced treatment planner.
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4. DISCUSSIONS AND CONCLUSIONS

In the past, emphasis has been given to optimization methods that provide a single solution.
Such a solution, obtained by a weighted sum approach, is some unknown point, probably on
the convex part of the global Pareto front. If for a given set of importance factors the result is
not satisfactory, and if it is possible, then importance factors would be changed and by trial
and error, the results would be compared with the previous solutions. As the number of
objectives increases it is more difficult to guide the optimization engine to the desired result
or possible result, which are not always the same result. Some of the treatment planning
systems do not even provide this possibility. Therefore a treatment planner sometimes has to
rescale or modify the dwell times or even manually select other source dwell positions based
on information of dose distributions. This is in order to increase the PTV coverage and/or to
protect OARs from overdose.

A method has been proposed by Xing et al 1999 in intensity modulated beam
radiotherapy for the selection of a set of optimal importance factors. In this approach the
problems of the importance factors have only been replaced by another set of importance
factors used for the DVH based objectives that steer the optimization engine. This requires
some knowledge that is not always available a priori. In some cases the range of the
importance factors for each objective may differ significantly. In Souza et al 2001 a weighted
sum approach with a mixed integer programming algorithm was presented and it was
reported that the weights for the five objectives used should be in the range 300-500, 300-
2000, 1-300, 5-100 and 10*-10". Even if finally, a single set of weights was used for all
optimizations, the determination of an unique optimal set is difficult and does not always
gives the best result or even a satisfactory result. Additionally, due to physical constraints,
some ideal DVHs must be used even if it is unknown as to what can actually be achieved.
Finally, if a solution is presented then the treatment planner has no insight into what
alternatives solutions could have been selected.

In brachytherapy it is difficult to quantify was is meant by a optimal dose distribution,
in the presence of OARs and treatment planners have their own insight at to how a dose
distribution will be “optimal” for a particular type of cancer in a particular location. This means
that an optimization engine should provide to the treatment planner with all possibilities that
can be achieved.

Deterministic gradient-based algorithms are very powerful and a few 100 solutions
can be obtained in 1-2 minutes. Using the hybrid genetic algorithm NSASGA we obtained
representations of the trade-off surfaces with 1000-2000 solutions in 2-5 minutes. For DVH
based objectives this large number is necessary if more than one OAR has to be considered.
The objectives are directly related to the DVHs which finally are used in the decision making
process. There is no need for any dose normalization. The surrounding normal tissue is
considered and there is no artificial use of variances that are employed as an approximation
to the optimal dose distribution. The DVH based objectives are less restrictive than the
variance based objectives. The results when compared with a weighted sum based global
optimization FSA algorithm are similar but FSA requires for the same number of solutions
many hours or even days rather than 2-5 minutes!

The dose normalization applied with the variance-based objectives protects the
surrounding normal tissue as long as there are no source dwell positions outside the PTV. If
the source dwell positions inside the PTV are distributed such that large parts of the PTV are
not left empty, then if we can ignore the OARs we then obtain the best COIN values. The
solutions obtained by L-BFGS are global Pareto optimal. The normalization limits the
maximum coverage of the PTV with the prescription dose in the case when the reference
isodose surface due to a poor distribution of source dwell positions is such that it cannot
have the shape of the PTV surface. The dose distributions with the DVH based objectives
allow a greater coverage since it does not requires any dose normalization.
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The complexity of the Pareto front increases rapidly with the number of objectives.
This is a problem not only for multiobjective optimization methods but is a general problem if
one has to consider many OARs. We have transformed the dose optimization problem into a
decision-making problem. Although this approach assumes an ability of the treatment
planner to understand the possibilities offered from the large number of solutions we believe
that this is not a serious problem and that a treatment planner can filter out using the simple
decision making tools an appropriate solution in 2-3 minutes. The planner obtains first
information of the possibilities from the range of DVH values for all structures of interest and
from other quantities such as maximum dose, COIN etc. If none of the objectives is preferred
then COIN can be used for the selection of a good solution. However this is not always true
as for example shown for the prostate implant case. This demonstrated that a simple utility
function cannot be used and that additional information such as provided by the non-
dominated solutions is valuable and necessary for the decision.

NSASGA provides in approximately five minutes or less, a large number of non-
dominated solutions. An additional 2-3 minutes are required to select a solution that satisfies
in the best possible way the planners’ objectives. Comparison with other implants made but
not presented here show that the result is almost better and in the worst case as good as the
solution provided by PLATO BPS, which in difficult cases requires a manual intervention by
the treatment planner which in some cases may take 1-3 hours and sometimes even without
a satisfactory result.

NSASGA does not require any importance factors, is not restricted to a special class
of implant sites or type and do not need any special adjustment from case to case. NSASGA
using the DVH based objectives provide solutions that cannot be obtained by the
deterministic variance based objective algorithms such as L-BFGS due to the restrictions of
the dose distribution or due to the problems of obtaining solutions in non-convex spaces.

As the “evolution” of evolutionary algorithms is continuing, their performance due to
for example new and better niching mechanisms, or due to inclusion of local search
operators will allow us to obtain faster and better results. We believe that this finally will make
this class of algorithms the choice for multiobjective dose optimization in brachytherapy. First
results of the application of NSASGA for the inverse planning problem in brachytherapy,
where not only the source dwell times but also the optimal position and number of catheters
has to be found, are encouraging.
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