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Abstract

Automatic beam angle selection is an important but challenging problem for
intensity-modulated radiation therapy (IMRT) planning. Though many efforts
have been made, it is still not very satisfactory in clinical IMRT practice
because of overextensive computation of the inverse problem. In this paper,
a new technique named BASPSO (Beam Angle Selection with a Particle
Swarm Optimization algorithm) is presented to improve the efficiency of
the beam angle optimization problem. Originally developed as a tool for
simulating social behaviour, the particle swarm optimization (PSO) algorithm
is a relatively new population-based evolutionary optimization technique first
introduced by Kennedy and Eberhart in 1995. In the proposed BASPSO, the
beam angles are optimized using PSO by treating each beam configuration as a
particle (individual), and the beam intensity maps for each beam configuration
are optimized using the conjugate gradient (CG) algorithm. These two
optimization processes are implemented iteratively. The performance of each
individual is evaluated by a fitness value calculated with a physical objective
function. A population of these individuals is evolved by cooperation and
competition among the individuals themselves through generations. The
optimization results of a simulated case with known optimal beam angles
and two clinical cases (a prostate case and a head-and-neck case) show that
PSO is valid and efficient and can speed up the beam angle optimization
process. Furthermore, the performance comparisons based on the preliminary
results indicate that, as a whole, the PSO-based algorithm seems to outperform,
or at least compete with, the GA-based algorithm in computation time and
robustness. In conclusion, the reported work suggested that the introduced PSO
algorithm could act as a new promising solution to the beam angle optimization
problem and potentially other optimization problems in IMRT, though further
studies need to be investigated.
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1. Introduction

Intensity-modulated radiotherapy (IMRT) is a powerful technology to potentially improve the
therapeutic ratio by using modulated beams to produce highly three-dimensionally conformal
dose distributions to the target, while sparing organs-at-risk (OARs) and normal tissues as
much as possible. The conventional IMRT planning starts with the selection of suitable beam
angles, followed by an optimization of beam intensity maps using inverse optimization methods
under the guidance of an objective function and the predefined dose prescription (Webb 2000,
Chvetsova et al 2005). Currently, the selection of beam angles is generally based upon the
experience of the human planner. Several trial-and-error attempts are normally needed in order
to find a group of acceptable beam angles. Although this leads to good treatment plans, they are
not necessarily optimal (Rowbottom et al 1998). This is partly because intensity modulation
can often compensate for suboptimally placed beams and optimum beam configurations may
sometimes be counterintuitive (Stein et al 1997, Wang et al 2004).

The requirement of automatic selection of optimal beam angles is particularly highlighted
in intensity-modulated radiation therapy (IMRT), in which highly three-dimensionally
conformal dose distributions are expected. It has been proved that the selection of suitable
beam angles is most valuable for plans with a small number of beams (<5) (Bortfeld and
Schlegel 1993, Soderstrom and Brahme 1995, Stein et al 1997, Rowbottom et al 1998), and is
also clinically meaningful for plans with a large number of beams (>9) in some complicated
cases, where the tumour volume surrounds a critical organ, or is surrounded by multiple
critical organs (Pugachev et al 2000, 2001, Gaede et al 2004). Furthermore, it has been
demonstrated that the plans with fewer but optimized beams could be as good as or better than
plans using a larger number of unoptimized beams (Stein ez al 1997, Hou et al 2003, Wang et al
2004).

To date, extensive efforts have been devoted to facilitating the technique of automatic
beam angle selection for IMRT planning (Soderstrom and Brahme 1992, 1995, Bortfeld and
Schlegel 1993, Gokhale et al 1994, Stein et al 1997, Haas et al 1998, Rowbottom et al 1998,
2001, Pugachev et a/ 2000, 2001, Pugachev and Xing 2001, Das et al 2003, Meedt et al 2003,
Djajaputra et al 2003, Hou et al 2003, Gaede et al 2004, Li et al 2004, Meyer et al 2004, Souza
et al 2004, Schreibmann and Xing 2004, Schreibmann ez al 2004, Wang et al 2004). Though
fruitful results have been achieved, the improvements are still not satisfactory, especially
on the optimization efficiency because of the handicap of extensive computation in IMRT
optimization. Tradeoffs always have to be made between the optimization accuracy and
the computation time. For example, to make the optimization problem tractable, previous
investigators employed compromising strategies for accelerating IMRT dose calculations
(Stein et al 1997, Pugachev et al 2000, John Cho et al 2004) and for identifying the most
preferred beam directions (Pugachev and Xing 2002). The influence of these approximations
on the optimization results still needs future investigation (Stein et al 1997, Wang et al
2004).

Among those published optimization algorithms adopted in radiotherapy planning, there
exist a bunch of natural algorithms, which borrow the intelligence from the organisms in nature
and inherit a global search mechanism. Some typical examples are the genetic algorithm (GA)
(Hou et al 2003, Schreibmann et al 2004, Li et al 2004) and simulated annealing (SA)
(Bortfeld and Schlegel 1993, Stein et al 1997, Pugachev et al 2000, 2001, Rowbottom et al
2001, Pugachev and Xing 2002, Meyer et al 2004). The results reported were promising
and encouraging for further research in this field. However, SA is intrinsically a sequential
algorithm because it describes a Markovian process, and it is consequently difficult to take
advantage of potential efficiency improvements that could result from parallel computation.
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In addition, as recognized by many other researchers (Hou et al 2003, Meedt et al 2003, Wang
et al 2004), SA algorithms explore a large number of candidate solutions, which may inevitably
prolong the optimization process. It has been commonly accepted that the SA algorithm is
good at local convergence, but its ability to converge to the global minima is relatively
poor. In contrast, GA is intrinsically a population-based parallel algorithm and usually
discovers the promising regions of search space very quickly, but it often needs too many
computations to reach local minima (Goldberg 1989, Renders and Flasse 1996, Gen and Cheng
2000).

Particle swarm optimization (PSO) is a recent addition to evolutionary algorithms (EA)
first introduced by Kennedy and Eberhart in 1995. The foundation of PSO is based on
the hypothesis that social sharing of information among conspecifics offers an evolutionary
advantage. Partially inspired by animal social behaviours such as flocking of birds, PSO
originally intends to graphically mimic the graceful way in which they find their food sources
and save themselves from predators (Eberhart and Kennedy 1995). PSO is a population-based
stochastic optimization paradigm, in which each agent, named particle, of the population,
named swarm, is thought of as a collision-proof bird and used to represent a potential solution.
PSO is similar in some ways to other existing EAs, such as GA, but is defined in a social
context as opposed to a biological context. Compared to GA and SA, PSO is generally
characterized as simple in concept, easy to implement and computationally efficient (Eberhart
and Shi 2001). In addition, PSO appears to be robust to control parameters (Kennedy and
Spears 1998, Trelea 2003).

As an emerging technology, PSO has received a lot of attention in recent years, in
some conferences, such as Congress on Evolutionary Computation (CEC) and Genetic and
Evolutionary Computation Conference (GECCO), devoted solely to this topic (Hu et a/ 2004).
To date, PSO has been successfully applied in many fields, such as artificial neural network
training (Eberhart and Shi 1998b, Messerschmidt and Engelbrecht 2004), the optimal power
flow (OPF) problem (Abido 2002), the task assignment problem (Salman et al 2002), the
unit commitment (UC) problem (Ting et a/ 2003), quantitative structure—activity relationship
(QSAR) model construction (Cedeno and Agrafiotis 2003), multiple sequence alignment
(MSA) (Rasmussen and Krink 2004), multi-modal biomedical image registration (Wachowiak
et al 2004), multi-objective optimization (Coello Coello et al 2004), electromagnetic
optimizations (Robinson and Rahmat-Samii 2003, Boeringer and Werner 2004), blind source
separation (BBS) (Gao and Xie 2004), protein motif discovery (Chang et al 2004), etc. Most
of these applications demonstrated that PSO could give competitive or even better results in
a faster and cheaper way, compared to other heuristic methods such as GA. Generally, all the
application areas that the other evolutionary computation techniques are good at are the good
application areas for PSO (Eberhart and Shi 2004).

To the best of our knowledge, the increasingly popularized PSO algorithm has not been
investigated in the area of radiotherapy planning so far. In this paper, a new approach
named BASPSO (Beam Angle Selection using the Particle Swarm Optimization algorithm)
is proposed in order to improve the efficiency of the beam angle optimization for IMRT
planning.

The remainder of this paper is organized as follows. The principle of the PSO, the
strategies of parameter selection and the implementation of the problem-dependent PSO are
presented in section 2 in detail. In section 3, a simulated test case with known optimal beam
angles and two clinical cases are employed to verify the validity and efficiency of BASPSO
by comparing the computation time with a GA-based algorithm and by comparing the dose
distributions of the optimized plan with those of the manual plan. Finally, some discussion
and conclusions are presented in section 4.
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Figure 1. An illustration of the convergence of PSO in a two-dimensional search space.
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2. Materials and methods

In order to simplify the optimization and decrease the computation burden, the beam angle
selection and the beam intensity map optimization are normally separated into two iterative
steps (Stein et al 1997, Pugachev et al 2000, Hou et al 2003, Wang et al 2004). A similar
strategy is adopted in this paper. In BASPSO, a specified number of angle candidates contained
in particles are selected from a discrete angle candidate pool using PSO evolution strategies,
and then the corresponding intensity maps of these angles are optimized using a conjugate
gradient (CG) method under the guidance of an objective function. The principles and the
implementation are described in detail in this section.

2.1. Particle swarm optimization

PSO is similar to EA techniques in that a population of potential solutions to the problem under
consideration is used to probe the search space. However, in PSO, each agent (i.e. particle)
representing a potential solution moves in the search space and adaptively updates its velocity
and position according to its own flying experience and the flying experience of its neighbours,
aiming at a better position for itself. Moreover, each individual has a memory, remembering
the best position of the search space it has ever visited. Thus, its movement is an aggregated
acceleration towards its best previously visited position and towards the best individual of a
topological neighbourhood. For a better understanding of the global optimization paradigm
of PSO, the convergence of PSO in a two-dimensional search space is graphically illustrated
in figure 1 (Krink 2002).

Two variants of the PSO algorithm were developed (Parsopoulos and Vrahatis 2002): one
with a global neighbourhood, and one with a local neighbourhood. According to the global
variant, each particle moves towards its best previous position and towards the best particle
in the whole swarm. On the other hand, according to the local variant, each particle moves
towards its best previous position and towards the best particle in its restricted neighbourhood.
In this study, the global variant is adopted, though the local variant with a carefully designed
local neighbourhood may provide better properties for specified applications (Kennedy and
Mendes 2002).
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PSO starts with the random initialization of a population of individuals (particles) in the
search space and works on the social behaviour of the particles in the swarm. Each particle
is treated as a mass-less and volume-less point in a D-dimensional space. The ith particle is
represented as X; = (x;q, Xi2, . . ., X;p). The best previous position of the ith particle that gives
the best fitness value is represented as p; = (p;1, pi2, - - -, pip). The best particle among all
the particles in the population is represented by p, = (pg1, Pg2. - - -, Pep). Velocity, the rate
of position change for the ith particle, is represented as v; = (v;1, vi2, ..., V;p). At every
iteration, the velocity and the position of each particle are updated by using the two best values
according to the following equations:

vfjl =w- vf‘d + ¢y -rand () - (p,’-‘d — xfd) + ¢y - rand; () - (piﬁd — xf‘d) (1)
g =l @
Here k is the iteration number, d = 1,2,...,D,i = 1,2,..., N, and N is the size of the

population (swarm). c¢; and c¢; are two positive values called acceleration constants, rand; ()
and rand, () are two independent random numbers that uniformly distribute between 0 and 1
and are used to stochastically vary the relative pull of p; and p, (Clerc and Kennedy 2002). The
introduction of such random elements into the optimization is intended to simulate the slightly
unpredictable component of natural swarm behaviour. w is the inertial weight introduced by
Shi and Eberhart in order to improve the performance of the particle swarm optimizer (Shi
and Eberhart 1998b).

The first term on the right-hand side of equation (1) refers to the inertial effects of
the movement, so that an individual is not allowed to change the flight direction too fast.
The second and third terms refer to the memory of the individual and the group as a whole,
respectively. Summarily, equation (1) is used to calculate the particle’s new velocity according
to its previous velocity and the distances of its current position from both its own best historical
position and the group’s best historical position. Such an adjustment of the particle’s movement
through the space causes it to search around the two best positions. This means that if a particle
discovers a promising new solution, all the other particles will move closer to it, exploring the
region more thoroughly in the process (van den Bergh and Engelbrecht 2004).

The manipulation of a particle’s velocity according to equation (1) is regarded as the
central element of the entire optimization, thorough understanding of which is the key to
understand the optimization as a whole (Robinson and Rahmat-Samii 2004). The second term
in equation (1) introduces a stochastic tendency to return towards the individual’s previous
best position. Psychologically, it is a tendency to remember and return to regions in the
psychological space that have demonstrated promise, i.e., to combinations of beliefs that have
seemed good or reinforcing (Kennedy 1997). The third term in equation (1) is derived from
the successes of others, which is considered as a social influence term. Effectively, the variable
P keeps moving, as neighbours find better and better points in the search space. As a particle
swarm searches over time, individuals are drawn towards one another’s successes, with the
usual result being the clustering of individuals in optimal regions of the space (figure 1).
Clearly, a particle further from the global best or the local best is more strongly pulled from
its location, and therefore moves more rapidly than a closer particle. The particles continue
to gain speed in the direction of the locations of greatest fitness until they pass over them. At
that point they begin to be pulled back in the opposite direction. It is this overflying of the
local and global extrema that is believed to be one secret to the success of PSO (Kennedy and
Eberhart 1997, Kennedy 1998, Robinson and Rahmat-Samii 2004).

During the evolution of the swarm, the performance of each particle is evaluated by
a predefined fitness function, which is problem dependent. Assuming the fitness function
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Initialize population
Do
For k = 1 to Maximum Iteration Number K
For i = 1 to Population Size N
Update the personal best position using Eq. (3)
Update the global best position using Eq. (4)
For d = 1 to Dimension D
Update the velocity v,, using Eq. (1)
Update the position x,, using Eq. (2)
Next d
Next i
Next k
Until termination criterion is met

Figure 2. The pseudocode of the particle swarm algorithm.

Fitness(X;), described in section 2.4, to be maximized, the personal best position of each
particle p; and the global best position p, are updated after each iteration (generation) using
the following two equations, respectively:

x¥*1: Fitness(¥*') > Fitness(pt*')

2k+1
el — _ - ] R (3)
Pi pr: Fltness(xf.‘“) < Fltness(pff”)
ﬁ];’l = arg max Fitness(p}*"). 4)
Pi

The pseudocode of the PSO algorithm described above is outlined in figure 2, from which
we can observe that PSO can be implemented in a few lines of a computer code, and it requires
only primitive mathematical operators.

The real strength of the particle swarm derives from the interactions among particles as
they search the space collaboratively (Clerc and Kennedy 2002). Numerous examples coming
from nature have demonstrated that social sharing of information among the individuals of
a population may provide an evolutionary advantage. This was the core idea behind the
development of PSO (Parsopoulos and Vrahatis 2002). In a social science context, PSO
enhances individuals by both sharing information between each other and their individually
acquired knowledge.

Originally, PSO works based on the social adaptation of knowledge, and all individuals
are considered to be of the same generation. In contrast, GA works based on the evolution
from generation to generation, so the changes of individuals in a single generation are not
considered. There are several key issues that should be pointed out between PSO and GA
(Rahmat-Samii 2003). (1) One advantage of the PSO over the GA is its algorithmic simplicity.
The GA typically requires three major operators: selection, crossover, and mutation. In PSO,
however, there is one simple operator: velocity calculation. (2) Both GA and PSO have several
numerical parameters that need to be carefully selected. However, the robustness to control
parameters makes their selection even easier for PSO (Trelea 2003). Clerc and Kennedy
(2002) even suggested that no problem-specific parameters might need to be specified. (3)
Another difference between GA and PSO is the ability to control convergence. Crossover
and mutation rates can subtly affect the convergence of GA. De Jong et al (1997) had noted
that the crossover might not perform especially well on functions featuring high modality.
However, Kennedy and Spears (1998) had demonstrated that PSO was hardly affected at all
by increasing the modality of problems. Furthermore, it has been shown that the decrease of
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(a) discreteangles | 0 | 5 [10[15]20[25][30]35] - [355]

(b) angle indices | 0 | 1 | 2 |3 | 4

slel7[~[n]

(c) a particle (0,2,3,57)

Figure 3. An illustration of particle representation.

inertial weight dramatically increases the swarm’s convergence. Stagnation may occur in GA.
In PSO, however, this effect can be controlled or prevented easily, for example, by decreasing
the inertial weight during the evolution process (Eberhart and Shi 1998a, Clerc and Kennedy
2002). (4) The conceptual bases of these two algorithms rest upon two completely different
philosophies. PSO is based upon social swarm behaviour, and GA is based upon genetic
encoding and natural selection. These conceptual differences could be potentially utilized to
develop some hybrid methods with a better performance, which will be further discussed in
the last section of the paper.

2.2. PSO for beam angle optimization

In this section, we describe the formulations of the PSO algorithm for the beam angle
optimization in IMRT planning. The beams in this study are restricted to the coplanar ones,
and the beam angles are specified according to the International Electrotechnical Commission
(IEC) convention. The search space covering the total 360° gantry rotational angles are
discretized into equally spaced directions with a given angle step, such as 5° or 10°. These
discrete angles are called trial angles and they comprise the search space of the optimization
problem, an illustration of which is shown in figure 3(a).

One of the key issues to successfully apply PSO to a specified engineering problem is
the representation scheme, i.e., finding a suitable mapping between the problem solution and
the PSO particle. Those discrete angles in this paper are positive integers and comprise
a non-continuous integer search space. In order to solve this optimization problem using
the PSO algorithm, these discrete angles are indexed by a group of continuous integers in
increasing order, which is demonstrated in figure 3(b). These indices constitute a continuous
integer search space with a range of [0, 71] when the whole 27 gantry rotational angle
is divided by angle steps of 5°. Then the particles are represented using these indices.
The dimension of the search space D, i.e., the number of elements in a particle, is equal
to the planner-defined beam number in a treatment plan, and the values of the elements
(i.e., the coordinate components of the position) are the angle indices. Figure 3(c) illustrates a
representation of a particle X; = (x;q, Xi2, Xi3, Xi4, X;5) as (0,2, 3, 5, 7) for a five-beam plan,
in which five indices are contained: 0, 2, 3, 5 and 7, corresponding to the beams with angles
0°, 10°, 15°, 25° and 35°.

Since the original PSO works on a real-valued search space, especially, the particle
positions (i.e., the angle indices in this paper) calculated using equation (2) are real numbers, a
conversion is needed between the real-valued positions and the positive-integer-valued indices.
To facilitate the process, this conversion is simply realized by dropping the sign and truncating
the real-valued position to the closest integer. This conversion is only applied to x;‘; Uin
equation (2) after it is calculated, and the rest of the items in equations (1) and (2) are the
same as the original PSO. Such facilitation has been proved feasible and does not seem to
significantly affect the performance of the PSO algorithm (Salman et a/ 2002, Laskari et al
2002, Parsopoulos and Vrahatis 2002).
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| Generate discrete angle search space; index the discrete angles
N7
| Calculate the dose deposition matrixes for all volumes at each discrete angle
V
| Initialize population with random position X and velocity V vectors
M
| Loop iteration |

!

| For each particle X; |

!

Optimize the beam intensity maps using CG
method based on the beam angles contained in the
particle; calculate the optimized dose distribution

12
| Evaluate the fitness using Eq. (6) |
7
According to the fitness value,
update the personal best position using Eq. (3);
update the global best position using Eq. (4)
12
| Update the velocities using Eq. (1) |
12
| Update the positions using Eq. (2) |
7
Are all particles looped? No

\|,Yes

No Is termination criterion met? |
\I/ Yes

The angles in the global best position are
the optimal beam angles
7

| Stop optimization

Figure 4. The flow diagram of the presented BASPSO algorithm.

The individuals in the swarm are initialized by randomly setting their positions and
velocities using the angle indices. During the iteration, if the value of a new position component
calculated using equation (2) is greater than the up limitation of the search space, it will be
reset. For example, if the value of a new position component is 75, which is greater than
71, the up limitation of [0, 71] when the whole 360° gantry rotational angle is discretized
in increments of 5°, the value 75 will be replaced by 3, the remainder of 75 divided by 72.
It should be noted that, at any time of the optimization process, no two components in an
individual are allowed to have the same values, which means that beams with the same angles
are not allowed in a treatment plan. For an individual, if a new component value calculated
using equation (2) already exists in it, a random small integer will be added to this value till
no collision exists.

Figure 4 illustrates the flow diagram of the presented BASPSO algorithm. After the
initialization of the swarm, the optimization will be implemented iteratively. At each iteration
(generation), the updating of the velocity and position is applied to all particles. For each
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particle with a new position, an optimization of beam intensity maps is carried out using
the conjugate gradient (CG) method with the beam angles contained in the particle. The
corresponding optimized dose distributions are calculated for the evaluation of the fitness of
the particle.

The optimization iteration will be terminated if the predefined maximum iteration number
is reached, or the best particle position of the whole swarm cannot be further improved after a
sufficiently large number of successive iterations. The angles contained in the best individual
Pe = (DPg1, P2, - - -, Pgp) Will be regarded as the optimal set of beam angles.

2.3. Parameter selection in PSO

The inertial weight @ is employed to control the impact of the previous history of velocities
on the current one. The role of w is considered critical for the convergence behaviour of PSO
(Parsopoulos and Vrahatis 2002). The parameter w has characteristics that are reminiscent of
the temperature parameter in simulated annealing and is used to regulate the tradeoff between
the global exploration and local exploitation abilities of the swarm. A large inertia weight
facilitates global exploration; while a small one tends to facilitate local exploitation, i.e., fine-
tuning the current search area. The empirical investigations conducted by Shi and Eberhart
(1998a, 1998b) indicated that the PSO with the inertia weight in the range [0.9, 1.2] on average
would have a better performance. Furthermore, by linearly decreasing the inertia weight from
a relatively large value to a small value through the course of a PSO run, PSO tends to have
more global search ability at the beginning of the run while having more local search ability
near the end of the run.

In this study, the inertial weight w is selected to be a monotonically decreasing function
of the iteration k. Given a user-specified maximum weight wp,x and a minimum weight @i,
the inertial weight w is updated as follows:

a)k+1 — a)k + (a)min - wmax) ) (5)
K
Here K is the predefined maximum number of iterations. It has been demonstrated that 0.9 for
®Wmax and 0.4 for wy,;, can greatly improve the performance of PSO (Shi and Eberhart 1998a,
1998b).

c1 and ¢, are also called cognitive and social parameters, respectively, and they are used to
bias the particle’s search towards its own best previous position and towards the best experience
of the swarm. In the psychological metaphor, the cognitive term represents the tendency of
organisms to repeat past behaviours that have proven successful or have been reinforced by
their environment, whereas the social term represents the tendency to emulate the successes
of others, which is fundamental to human sociality (Cedeno and Agrafiotis 2003). These two
parameters are not critical for the convergence of PSO. However, proper fine-tuning may result
in faster convergence and alleviation of local minima. An extended study of the acceleration
parameter in the first version of PSO is given by Kennedy (1998), in which ¢; = ¢, = 2 were
proposed as default values. Recent work reports that it might be even better to choose a larger
parameter c| than parameter c,, but with ¢ + ¢, < 4 (Carlisle and Dozier 2001).

Since there was no actual mechanism for controlling the velocity of a particle, it is
common in particle swarm optimization to define a maximum velocity V., for each modulus
of the velocity vector. Usually, the upper limit of the each modulus of the position vector is
used as the maximum velocity. This limitation enhances the local exploration of the problem
space and it realistically simulates the incremental changes of human learning. It was found
that PSO works well if V. is set to the value of the dynamic range of each variable (Eberhart
and Shi 2001). As for the beam angle optimization studied in this paper, for example, the
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value of the dynamic range of the angle index is 71 when the whole 360° gantry rotational
angle is discretized in increments of 5°. Then V,x will be set to 71.

Work done by Eberhart and Shi (2000) indicated that the effect of the population size on
the performance of the PSO method is of minimum significance. The typical range for the
number of particles N is 20 to 40. Actually, for most of the problems N = 10 is large enough
to get good results. For some difficult or special problems, one can try 100 or 200 particles
as well (Shi and Eberhart 1998a, 1998b, Eberhart and Shi 2000, Clerc and Kennedy 2002,
Hu et al 2004).

2.4. The fitness function

The quality of each individual (i.e., a plan) is evaluated by a fitness value, and the purpose of
the optimization is to find the individual with the maximum fitness. The fitness value of an
individual is calculated by

Fitness(X;) = Fnax — Fonj(X;), X; = (Xi1, Xi2, ..., Xip). 6)
Here X; is an individual containing angle candidates, and here the swarm size D is the beam
number in a treatment plan. Fp; (X;) is the value of the objective function of individual X;,
and Fp,.x is an approximate estimation of the maximum value of the objective function (Li
et al 2004). The beams with angles in X; are divided into pencil beamlets (also called rays), and
all the rays are expressed as a vector 7. The purpose of the optimization is to find a treatment
plan which minimizes the difference of the dose distributions between the prescribed and the
calculated dose under the guidance of an objective function. The basic form of the objective
function used in this paper can be written as

NT
Fap(®) = 8- w; - d;@) — p;)? (7)
j=1
dj(Z)=Zajm-zm. 3)
m=1

Here NT is the number of sample points in the volume, § = 1 when the point dose in the
volume breaks the constraints, else § = 0, w; is the weight of the jth point, d; is the calculated
dose of the jth point in the volume, p; is the prescribed dose of the jth point in the volume,
Ny is the total number of rays, aj, is the dose deposited on the jth point from a unit weight
of the mth ray, and z,, is the intensity of the mth ray.

2.5. Beam intensity map optimization using CG

In order to evaluate the performance of each individual according to their corresponding
optimized dose distributions, an optimization of the intensity map is applied to each new
individual using the beam angles contained in it. The optimization is efficiently implemented
using a CG method (Spirou and Chui 1998, Zhang et al 2004, Li et al 2004), which can be
written as

Z(k+1)()\) =70 4. 0+ o
[V Fopj ZED) — Vg GR)] - V Foy G**D) -

RO+D — vy 70Dy _ _ h. 10
o6 (@) VFai(Z0) - V Fopi(Z®) ‘ (10)

Here k means the kth iteration, 7*) is the vector of beam intensity maps of the kth iteration,
Fopj(Z®) is the objective function value calculated using equations (7) and (8), V Fop; (%) is
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the gradient of the objective function at point Z*, and A is the step size of the kth iteration,
which can be easily calculated using a one-dimensional linear optimization, such as the golden
section method. .

Equation (10) is initialized by setting A"V = —VF,;(ZV), and the optimization
of intensity maps is terminated when (Fonj(Z®) — Fopj(Z4™))/Foj(Z®) is less than a
sufficiently small value (0.001 is experientially used in this study) after the kth iteration, or
the maximum iteration number is reached. The final objective function value reflecting the
dose distribution difference between the optimized and the prescribed is saved to calculate the
individual fitness using equation (6).

Mathematically, rays (i.e., beamlets) with negative weights will appear during the
optimization of the intensity maps, which is not physically realizable. To deal with this
problem, the non-negativity of ray weights is treated as a hard constraint that may not be
violated under any circumstances in our study (Li et a/ 2004).

As for the problem of being potentially trapped in local minima by using a local search
method such as CG, several investigators have studied it in detail (Deasy 1997, Borgers and
Quinto 1999, Wu and Mohan 2002, Alber et al 2002, Llacer et al 2003, Jeraj et al 2003, Zhang
et al 2004). One of the main conclusions is that dose—volume constraints make the feasible
space possibly non-convex and therefore possibly lead to multiple minima. Fortunately, it
has been demonstrated that even when multiple minima do exist for some specially designed
cases, those minima are very close to each other in cost and the resulting treatment plans are
practically identical, with no clear evidence having been found that multiple minima present
impediments to finding a suitable IMRT solution (Wu and Mohan 2002, Llacer et al 2003,
Zhang et al 2004). Even though these limited studies cannot be considered conclusive, the
results do increase our confidence in the validity of gradient methods in IMRT optimization.

2.6. Dose calculation

The dose calculation in BASPSO is based on a pencil-beam-based three-dimensional full
scatter convolution (FSC) algorithm, in which both the scatter effects and tissue heterogeneity
correction are involved with high precision. Instead of simply omitting the scatter doses
for the computation efficiency during the optimization process, the BASPSO technique takes
into account the majority of those scatter effects. To speed up the calculation under the
condition of not markedly sacrificing the accuracy, except the commonly used tricks such as
pre-calculation of the dose deposition for all volumes at each discrete angle, some special
measures are adopted, such as the indexing of the dose deposition matrixes. The details can
be found in our previously published paper (Li et al 2004).

3. Results

In order to verify the presented BASPSO technique, first a simulated phantom case with
obvious optimal beam angles is carefully designed to study if BASPSO can find the optimal
beam angles within a reasonable computation time. Then a clinical prostate tumour case
is used to demonstrate the advantage of the presented PSO-based optimization technique
again. The results of the PSO-based optimization are compared with those of a GA-based
optimization algorithm developed in our previous study (Li et al 2004). All the tests are run
on a personal computer (Intel Pentium 4, 3.0 GHz, 512 MB RAM) with a Microsoft Windows
XP Professional operating system.

The following optimization parameters are selected for all test cases in this section. The
search space is sampled with a discrete angle step of 5°, which results in 72 discrete angles in
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Figure 5. The simulated phantom case including a rectangle-shaped PTV with known optimal
beam angles and the dose distribution of the plan with optimized angles. For a four-beam plan, the
obvious optimal coplanar beam angles are 0°, 90°, 180° and 270° (the white dotted straight lines).
The optimized beam angles are the same as the known optimal ones.

the candidate pool among the whole 360° coplanar gantry angle. Based on the principles of the
PSO parameter selection described in section 2.3, we use a swarm of 30 particles, acceleration
constants ¢; = 2.5, ¢, = 1.5, and the maximal velocity Vi,,x = 71. These parameter values
are empirically determined based on adequate test runs and conform to most settings in our
existing applications, though a better optimization performance could be potentially achieved
by fine-tuning of these parameters. For a relatively fair comparison, a population size of 30
is used for the GA-based optimization, the same as the swarm size of PSO. 0.95 and 0.01 are
used for the crossover and mutation probability of GA, respectively. Also, both of the PSO
and GA algorithms start with a random initialization and adopt the same termination criteria,
i.e., the optimization is terminated if the maximum iteration (generation) number of 200 is
reached, or the global best particle (individual) is not updated in 10 successive generations.

3.1. A simulated test case

Figure 5 shows a simulated case with a rectangle-shaped planning tumour volume (PTV) in
a cylinder phantom. It is obvious that 0°, 90°, 180° and 270° are the known optimal beam
angles if four coplanar beams are used for the treatment plan (Soderstrom and Brahme 1992,
Li et al 2004), shown as the white dotted straight lines in figure 5. The size of the PTV is
3.0 cm x 4.0 cm x 2.0 cm, and the size of the voxel volume is set to 0.3 cm x 0.3 cm x
0.5 cm for the PTV. The size of the pencil beam is 0.5 cm x 0.5 cm at the isocentre plane.

For an elaborate analysis, the optimization task runs 10 times. It should be noted that,
because the known optimal angles of this simulated case are equispaced, here for all of
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Figure 6. The fitness value versus generation number curves of the PSO- and GA-based
optimizations for the simulated case. Note that the fitness values are those of the current best
individual (plan).

Table 1. Performance comparisons of the PSO- and GA-based optimizations for the simulated
case.

Minimum Maximum Mean
Optimization ~ Run computation  computation  computation  Success  Success
algorithm times  time time time times rate®
GA based 10 3 min 50 s 5min 20 s 4 min 35 s 10 1.0
PSO based 10 3min15s 4 min 30 s 3min 40 s 10 1.0

2 The fraction of the number of optimization runs in which the optimal result was found.

the 10 runs, particles with equispaced angles are not allowed to appear during the random
initialization, in order to fully test the efficiency of the proposed BASPSO algorithm. The
same policies are also applied to the GA-based optimization.

As expected, the same optimal angles are successfully found for all the runs of PSO-
and GA-based optimizations, which are 0°, 90°, 180° and 270°, the same as the known
optimal ones. The corresponding dose distributions are shown in figure 5. Table 1 lists the
minimum, maximum and the mean computation time of these runs. From the table we can
observe that all the runs are finished within a computation time of 6 min, a very short time
because of the relatively small volume size of the PTV and simple anatomy structures of the
simulated phantom. Meaningfully, though both of the two algorithms find the optimal beam
angles successfully, the PSO-based optimizations need relatively less mean computation time
than the GA-based algorithm. The improvement in computation efficiency is not noticeable,
which may be attributed to the fact that the computation time listed here includes not only
the optimization time, which is optimization engine dependent, but also the computation
time spent on the pre-calculation of the dose deposition matrixes and the final refined dose
calculation when the optimization task is terminated, which is independent of the optimization
engine. Regardless of this independent computation time, the improvement of the optimization
resulting from the PSO is sure to be noticeable.

Figure 6 shows the fitness value versus generation number curves of one GA-based
run and one PSO-based run for this simulated case. Note that these two runs are with the
least computation time among those 10 runs for GA and PSO algorithms, respectively, and
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Figure 7. The anatomic structure of the clinical prostate case and the dose distributions of the
manual plan (a) and the optimal plan (b). There are in total five volumes involved: 1—bladder,
2—rectum, 3—PTYV (prostate), 4—right femur head, 5—Ileft femur head.

the fitness values are those of the current best individual (plan), i.e., the previous global best
particle in PSO, and the current best chromosome in GA. This figure shows that the PSO-based
optimization converges faster than the GA-based optimization.

3.2. A prostate case

Figure 7 shows a relatively complicated clinical prostate (PTV) case, in which the PTV is
surrounded by four OARs, namely, bladder, rectum, the left femur head and the right femur
head. The sizes and relative positions of the volumes change substantially from slice to slice,
and on most of the slices the contours of the rectum and bladder overlap with the PTV. The CT
slice intervals are of 0.5 cm, the size of the voxel volume is set to 0.5 cm x 0.5 cm x 0.5 cm
for the PTV, bladder, left and right femur heads, and 0.3 cm x 0.3 cm x 0.5 cm for the
rectum, because of the relatively small volume size. The dose prescription to the PTV is set to
7600 cGy, which is normalized to 100%. Table 2 lists the defined constraints for all the
volumes.

Optimization with seven coplanar beams is studied using the PSO- and GA-based beam
angle selection algorithms, and the improvement in dose distribution resulting from beam
angle optimization is studied by comparing with that of a manual plan with a set of seven
coplanar beams with angles of 0°, 50°, 100°, 150°, 210°, 260° and 310°, which has become
an informal standard in some institutions and oncology centres for the beam set-up for clinical
prostate cases. For a fair comparison between the two algorithms, the optimization runs 20
times for both of the algorithms. More runs are performed compared to the simulated case in
section 3.1, mainly because this prostate case is more complicated.
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Table 2. The constraints for the volumes of the prostate case shown in figure 7.

Volume Constraints

PTV (prostate) Prescription: 7600 cGy

Bladder The volume receiving doses higher than 6000 cGy: <20%
Rectum The volume receiving doses higher than 6000 cGy: <25%
Left femur head The volume receiving doses higher than 4500 cGy: <10%
Right femur head  The volume receiving doses higher than 4500 cGy: <10%

Table 3. Performance comparisons of the PSO- and GA-based optimizations for the prostate case.

Minimum Maximum Mean
Optimization  Run computation  computation  computation  Success  Success
algorithm times  time time time times rate®
GA based 20 28 min 43 s 35min 20 s 32 min 36 s 19 0.95
PSO based 20 23 min 20 s 31 min 38 s 26 min 25 s 20 1.0

2 The fraction of the number of optimization runs in which the optimal result was found.

Independently, all the 20 runs of the PSO-based algorithm and 19 runs of the GA-based
algorithm find the same optimal beam angles: 10°, 60°, 110°, 155°, 200°, 250° and 300°. The
remaining one run of the GA-based algorithm gives suboptimal beam angles: 10°, 60°, 110°,
150°,200°, 250° and 300°. The only difference between the suboptimal and the optimal angles
is a 5° angle for the fourth beam. The finally obtained fitness value is 0.9053712 x 10% for
this suboptimal result, and 0.905 3507 x 10% for the optimal one. This difference is so small
that almost no difference could be found on the dose distributions. Rigorously, the reasons for
GA producing a suboptimal result need further investigation in order to enhance the robustness
of the GA-based algorithm. An imaginable reason for the failure to achieve the optimal result
is due to a premature convergence to a local one.

The IMRT dose distributions of the manual plan and the optimal plan found by the
optimization algorithm are also shown in figure 7. From these dose distributions we can see
that, with a higher conformity, the PTV in the optimal plan is more tightly surrounded by
high doses, and the OARs are spared high doses for larger volumes, especially for the rectum,
compared to the dose distributions of the manual plan. The dose—volume histogram (DVH)
comparisons shown in figure 8 also demonstrate the better results of beam angle optimization.
There is no big difference in beam directions between the two plans, whereas the optimization
algorithm gives much better dose distributions; this improvement is mainly because of the
complicated anatomy structures and the great influence of the intensity-modulated beams on
the dose distribution.

Statistics on the optimizations of the two algorithms are listed in table 3. From the table
we can find that most of the runs are finished within 25 to 35 min, which is relatively long but
clinically acceptable. The longer optimization time may be mainly explained by the relatively
complicated anatomy structures and large volume sizes. Remarkably, the table shows that the
PSO-based algorithm is more efficient and robust than the GA-based one. Compared to the
GA-based algorithm, the PSO-based algorithm reduces the mean computation time from 32
min 36 s to 26 min 25 s, about 19% of the computation time is saved.

Figure 9 shows the fitness value versus generation number curves of one GA-based run
and one PSO-based run for this prostate case. Similar to the simulated case in section 3.1,
the selected two runs are the fastest runs among the 20 runs in the PSO- and GA-based
optimizations. Again, this figure demonstrates the faster convergence of the PSO algorithm
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Figure 8. DVH comparisons of the manual plan and the optimal plan for the prostate case.

compared with the GA. The difference in the convergence could be partially explained by
the smoothness of the curves. The curve of PSO is smoother, especially the part before the
generation number of 60, which means that the global best particle is continuously updated in
each generation. In contrast, there are many steps on the curve of GA just after the generation
number of 10, which indicates that the best individual in GA is not further improved during
those generations.



A particle swarm optimization algorithm 3507

1.0

S B SUI S e

L T et

meeenees GA-based optimization
—— PS0O-based optimization

Fitness Value (x 1.0ES)

40 50 60 70 30 90 100 110 120 130 140
Generation Number

Figure 9. The fitness value versus generation number curves of the PSO- and GA-based
optimizations for the prostate case. Note that the fitness values are those of the current best
individual (plan).

Figure 10. The anatomic structure of the head-and-neck case and the dose distributions of the
manual plan (a) and the optimal plan (b) at the sagittal plane. Besides the visible volumes at this
sagittal plane, i.e., 1—PTV, 2—brain stem, and 3—spinal cord, both eyes are also involved in the
fields. The isodose lines are 100%, 90%, 80%, 70%, 50%, 30% and 10%.

3.3. A head-and-neck case

A head-and-neck tumour case shown in figure 10 is employed to demonstrate the performance
of the proposed algorithm again. Besides the PTV, there are four critical structures involved
in the fields: the left and right eyes, the brain stem and the spinal cord. From the sagittal plane
shown in figure 10 we can see that the sizes and relative positions of the PTV vary substantially
from slice to slice. The CT slice intervals are 0.5 cm, the size of the voxel volume is set to
0.5 cm x 0.5 cm x 0.5 cm for the PTV, and 0.2 cm x 0.2 cm x 0.5 cm for the left and right
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Figure 11. DVH curves of the volumes: (a) PTV, spinal cord and right eye, and (b) brain stem and
left eye of the manual plan and the optimal plan for the head-and-neck case.

eyes, the brain stem and the spinal cord. The dose prescription to the PTV is 5000 cGy, which

is normalized to 100%. The defined constraints for all the volumes are tabulated in table 4.
Seven coplanar beams are used for both of the PSO- and GA-based algorithms, and the

dose distributions are compared with that of a manual plan with a set of seven equispaced

coplanar beams with angles of 0°, 51°, 103°, 154°, 206°, 257° and 309°.

Similarly, the

optimization runs 20 times for both of the algorithms in order to get a fair comparison.
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Figure 12. The fitness value versus generation number curves of the PSO- and GA-based
optimizations for the head-and-neck case. Note that the fitness values are those of the current
best individual (plan).

Table 4. The constraints for the volumes of the head-and-neck case shown in figure 10.

Volume Constraints

PTV Prescription: 5000 cGy

Lefteye Max dose: 1000 cGy

Right eye Max dose: 1000 cGy

Brain stem  Max dose: 3000 cGy; the volume receiving doses higher than 2000 cGy: <20%
Spinal cord  Max dose: 3000 cGy; the volume receiving doses higher than 2000 cGy: <20%

Excitingly, all the runs of the two algorithms find the same optimal beam angles: 20°, 55°,
95°, 130°, 180°, 255° and 320°. The IMRT dose distributions at the sagittal plane are shown
in figure 10 for the plans with manually selected and computer-optimized beams. From these
dose distributions we can see that the PTV in the optimal plan is more tightly surrounded by
high doses with a higher conformity, and the brain stem and the spinal cord being visible at
this sagittal plane are spared high doses for larger volumes, compared to the dose distributions
of the manual plan. The improvement in dose distribution resulting from the beam angle
optimization is demonstrated again by the DVH comparisons shown in figure 11, from which
we can clearly observe that, besides the brain stem and spinal cord, both eyes receive high
doses with less volumes without sacrificing the dose distribution of the PTV.

Table 5 lists statistics on the optimizations of the two algorithms. From the table we
can see that all the runs are finished within 27 min, a clinically acceptable computation time.
Again, the table shows that the PSO-based algorithm is more efficient than the GA-based one.
The mean computation time is reduced from 24 min 39 s to 19 min 12 s, about 22% of the
computation time is saved by the PSO-based algorithm compared to the GA-based algorithm.

The corresponding fitness value versus generation number curves are illustrated in
figure 12 for one GA-based run and one PSO-based run for this head-and-neck case. Similarly,
the selected two runs are the fastest runs among the 20 runs in the PSO- and GA-based
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Table 5. Performance comparisons of the PSO- and GA-based optimizations for the head-and-neck
case.

Minimum Maximum Mean
Optimization ~ Run computation  computation  computation  Success  Success
algorithm times  time time time times rate®
GA based 20 23 min 16 s 26 min 55 s 24 min 39 s 20 1.0
PSO based 20 18 min 41 s 20 min 8 s 19 min 12's 20 1.0

2 The fraction of the number of optimization runs in which the optimal result was found.

optimizations. Again, this figure shows that the convergence of the PSO algorithm is faster
than GA in the context of the beam angle optimization problem.

4. Discussion and conclusions

In this study, a particle swarm optimization (PSO) based solution is proposed for the problem
of beam angle optimization in IMRT planning. The so-called BASPSO technique combines
the PSO and the CG algorithms together. Summarily, the main idea of BASPSO is to interpret
each particle as a solution to the beam angle selection problem and to let these particles
explore the search space. The optimization results of a simulated case and two clinical tumour
cases (a prostate case and a head-and-neck case) demonstrate that the presented PSO-based
algorithm is valid and efficient and can provide the optimal beam angles within a clinically
acceptable computation time. The results of the two clinical cases show that the optimal
plan can noticeably improve the dose distributions compared to the manual plan, even the
differences are not too large between the optimal and manual angles (e.g., the prostate case).

Furthermore, the preliminary comparisons indicate that, as a whole, the PSO-based
algorithm seems to outperform, or at least compete with, the GA-based algorithm in the
context of the computation time and the robustness. However, it should be pointed out that
the computation time is not absolutely comparable, because different evolution mechanisms
are adopted in the PSO and the GA algorithms, and the performances of these two algorithms
are dominated by different parameters with different physical or mathematical meanings.
Despite all this, the results show that PSO is attractive and competitive with GA. We now
consider a thorough comparison of PSO with GA before concluding that one algorithm
absolutely outperforms another. Specially, the robustness of PSO to control parameters has
been regarded as a major strong point over GA (Kennedy and Spears 1998). This study has
not concentrated on the robustness property of PSO; though it has been preliminarily revealed
during our experimental tests to determine the PSO parameters. The robustness of PSO over
GA is an important focus to be systemically investigated in the coming work.

The optimization of beam angles for IMRT planning is important but challenging work
because of the extensive computation (Webb 2000). As mentioned earlier, the common strategy
for beam angle optimization in IMRT is to treat the beam angle selection and the beam intensity
map optimization as two iteratively implemented separate steps. At present, the algorithms for
the beam intensity map optimization are relatively mature, and gradient-based algorithms are
commonly used. In fact, the computation burden should be attributed to the necessary global
search methods, which is one of the main working directions to improve the optimization
efficiency. This paper has concentrated on the latter issue, and the beam intensity maps are
optimized using the available CG algorithm. Of course, it would be interesting to attempt
to simultaneously optimize both the beam angles and the intensity maps using PSO, which
would be investigated in our future works.
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To our knowledge, the presented study is the first attempt at proposing a PSO algorithm
for the problem of radiation treatment planning optimization. Though the results of our pilot
study are appealing, it is worth mentioning that the current study is very preliminary for the
PSO-based beam angle optimization applied in the IMRT planning. There is still much work,
requiring further insight, to be carried out for the successful and efficient application in clinical
practice, such as the more suitable mapping of the radiotherapy optimization problem to PSO
search space, robustly adaptive selection of PSO parameters, and so on. In addition, further
studies involving a larger number of prostate, head-and-neck and lung cancer cases with more
complex structures are required to confirm the general applicability of the proposed approach.
In fact, there is much further work needed before the proposed PSO-based optimization
algorithm becomes an efficient routine tool in IMRT practice.

The PSO algorithm is based on a simplified model of the swarm theory, in which the
birds or particles use their own experience together with the swarm experience in order to
find their food or nest. From the socio-cognitive viewpoint, this means that the mind and,
as a consequence, the intelligence, are social attributes. A feature of the PSO paradigm
that distinguishes it from other evolutionary computation paradigms is its reliance on the
individual’s memory and the group’s finding. The characteristic of memory makes the
knowledge of good solutions to be retained by all particles. Whereas in GA, the valuable
information contained in those preferable chromosomes would potentially be destroyed or lost
after the crossover operation (Gen and Cheng 2000). Furthermore, the constructive cooperation
between all particles in a generation provides more chances for particles in the swarm to share
preferable information between them compared to GA, in which the information sharing only
happens between two parent individuals in a generation. We think that these features of PSO
would be the partial explanation for its better convergence compared to the GA.

As an emerging population-based heuristic optimization algorithm, PSO has gained
increasing popularity in recent years due to its interesting philosophy and the optimization
effectiveness. So far PSO appears to be a very useful technique for solving hard global
optimization (GO) problems, and a good alternative in the cases where other techniques fail.
The development of PSO is still ongoing, and there are many unsolved issues in PSO such as
the thorough convergence analysis and the mathematical validation of particle swarm theory.
Also, further research is required to fully comprehend the dynamics and the potential limits
of this technique (Kennedy 1998, Parsopoulos and Vrahatis 2002, Hu et al 2004, Kennedy
2004).

An interesting point that should be mentioned is that the standard PSO begins by
initializing a random swarm. Unless there is a prior knowledge about the parameter space, the
initial particles are typically distributed uniformly about the space to facilitate a global search.
Some studies have shown that a specially designed initialization helps the algorithm explore
the search space more efficiently (Hu et al 2004). It is expected that the performance of PSO
for beam angle optimization could be improved by a problem-dependent initialization with
the guidance of some prior knowledge such as the computer-calculated beam scores (Gokhale
et al 1994, Pugachev and Xing 2002) and expert knowledge (Xing et al 1999, Li et al 2004).

It would also be interesting to study the feasibility and effectiveness of these hybrid
algorithms by combining PSO and GA or SA. The apparent mutual exclusivity philosophies
between PSO and other heuristic algorithms (such as the social context of PSO versus the
biological context in GA) leaves open the possibility of integrating the two techniques. Now
an important research trend on PSO is to merge or combine PSO with the other evolutionary
computation techniques (Eberhart and Shi 2004, Hu er al 2004). Especially, the hybridization
of PSO with GA has been increasingly studied because both of them are population based.
There are indications that in several instances the hybridized approach outperforms either CA
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or PSO working individually (Boeringer and Werner 2004, Coello Coello et al 2004). It is
expected that better performances could be achieved for the beam angle optimization problem
by fine-tuning the parameters of PSO itself and by hybridizing PSO with other EAs, which is
one aspect that we would like to explore in the future.
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