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Abstract

Background: Ideally, inverse planning for HDR brachytherapy (BT) should
include the pose of the needles which define the trajectory of the source. This
would be particularly interesting when considering the additional freedom and
accuracy in needle pose which robotic needle placement enables. However,
needle insertion typically leads to tissue deformation, resulting in uncertainty
regarding the actual pose of the needles with respect to the tissue.

Purpose: To efficiently address uncertainty during inverse planning for HDR BT
in order to robustly optimize the pose of the needles before insertion, that is, to
facilitate path planning for robotic needle placement.

Methods: We use a form of stochastic linear programming to model the
inverse treatment planning problem. To account for uncertainty, we consider
random tissue displacements at the needle tip to simulate tissue deformation.
Conventionally for stochastic linear programming, each simulated deforma-
tion is reflected by an addition to the linear programming problem which
increases problem size and computational complexity substantially and leads
to impractical runtime. We propose two efficient approaches for stochastic lin-
ear programming. First, we consider averaging dose coefficients to reduce the
problem size. Second, we study weighting of the slack variables of an adjusted
linear problem to approximate the full stochastic linear program. We compare
different approaches to optimize the needle configurations and evaluate their
robustness with respect to different amounts of tissue deformation.

Results: Our results illustrate that stochastic planning can improve the robust-
ness of the treatment with respect to deformation. The proposed approaches
approximating stochastic linear programming better conform to the tissue
deformation compared to conventional linear programming. They show good
correlation with the plans computed after deformation while reducing the
runtime by two orders of magnitude compared to the complete stochas-
tic linear program. Robust optimization of needle configurations takes on
average 59.42 s. Skew needle configurations lead to mean coverage improve-
ments compared to parallel needles from 0.39 to 2.94 percentage points,
when 8 mm tissue deformation is considered. Considering tissue deformations
from 4 to 10 mm during planning with weighted stochastic optimization and
skew needles generally results in improved mean coverage from 1.77 to 4.21
percentage points.

Conclusions: We show that efficient stochastic optimization allows selecting
needle configurations which are more robust with respect to potentially negative
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effects of target deformation and displacement on the achievable prescrip-
tion dose coverage. The approach facilitates robust path planning for robotic

needle placement.
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1 | INTRODUCTION

In high-dose rate (HDR) prostate brachytherapy (BT),
hollow needles are inserted into the target tissue.
A radioactive source, usually Ir-192, is then inserted
through the needles usually via an afterloader.’ To deter-
mine the desired positions and dwell times of these
sources, an optimization problem is solved in clinical
practice 23 Here, several competing clinical goals have
to be considered, including sufficient dose in the clinical
target volume (CTV) and sparing of surrounding organs
at risk (OARs).

Multiple heuristic* and global®® optimization meth-
ods have been proposed for optimizing source posi-
tions and dwell times. For prostate BT, optimization
is often based on a transrectal ultrasound (TRUS)
scan where the CTV, OARs, and inserted needles are
reconstructed. The optimal position of the needles
is often not part of the inverse planning problem in
the current clinical workflow, where needles are first
inserted and reconstructed and then the dwell times are
optimized?

Typically, an operator inserts needles manually. How-
ever, several robotic systems for needle insertion appli-
cations in BT have been proposed in recent years which
promise increased needle placement accuracy® '3
Often, prostate implants rely on a template for needle
placement. In contrast, robotic needle placement offers
more flexibility since the needles can be inserted with-
out a common template which potentially also allows for
placement of skew needles. Skew needles increase the
available variations for needle placement and have been
shown to avoid critical structures, including the penile
bulb, while reducing the number of needles and achiev-
ing plan quality superior or equal to the clinical plans.'
However, the optimal needle configuration depends on
the anatomy of the individual patient and is hard to
predict beforehand.

Including the optimization of needle configurations
in the inverse treatment planning problem has been
proposed before."*~'° However, a major unaddressed
challenge in the context of prostate BT is the tis-
sue deformation and displacement during the inser-
tion which may influence the position and shape of
the prostate and OARs?? Additionally, the deviation
between the planned and actually inserted needle posi-
tion can influence the dose distribution. While magnetic

resonance imaging (MRI) or TRUS can be used to guide
the needles more accurately, the problem of prostate
deformation remains. Therefore, an additional TRUS
or MRI scan after needle placement is often used to
locate the needles and determine the shape and posi-
tion of the prostate during treatment?’?? Then, the
optimization of the source dwell times is based on the
actual needle positions and the deformed and displaced
prostate. However, the initially planned needle configu-
ration is not necessarily robust to the deformation and
displacement of the prostate or positioning errors of the
needles?®

Uncertainty has rarely been studied in HDR-BT
for inverse treatment optimization® but its impact on
the treatment quality has been recognized?* Few
approaches exist to account for uncertainty in the
delineation in the inverse optimization problem utiliz-
ing min-max optimization.2>2® Here, the optimization
problem is extended by including several possible seg-
mentations to increase the robustness of the solution
to segmentation errors. However, the robustness of
the needle configuration itself to CTV deformation is
not considered.

We have previously studied stochastic optimization
for uncertainty in needle placement and tissue defor-
mation and implemented an approach in which we
extended the original planning problem to consider
deformed volumes2”-28 While the results were promis-
ing, the runtime was infeasible for optimization of
needle configurations.

In this work, we study the optimization of needle
configurations considering the uncertainty of needle
positioning and tissue deformation. We evaluate the
robust needle configurations then by optimizing dwell
times and source positions similar to the conven-
tional approach. The proposed workflow for robust
treatment plan optimization is shown in Figure 1.
In essence, we propose more efficient versions of
stochastic optimization and use it as a heuristic to
identify robust needle configurations. We show that
treatment quality improves when considering uncer-
tainty with respect to tissue deformation and tissue
displacement during the optimization of the needle con-
figuration. Additionally, we study whether the flexibility
of robotic needle positioning can improve treatment
plan quality when considering uncertainty due to tissue
deformation.
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FIGURE 1 The proposed workflow for / stochastic deformed / / deformed patient geometry /

optimization of robust needle configuration
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configuration optimization plan

and displacement after needle insertion.

2 | METHODS

2.1 | Inverse planning by linear
optimization

We solve the inverse treatment planning problem for
the static case by linear optimization. To represent
the problem, the CTV and OARs (urethra and rectum)
are discretized.

The linear optimization problem is set up with respect
to a given needle configuration. Since there are no
known optimal needle configurations, especially when
considering the flexibility in position and orientation of
robotic needle placement, we sample needle positions
and orientations based on randomized heuristics. We
model needles as straight line segments from the per-
ineum to the basal part of the prostate. As a needle
start point we sample a random point in the projection
of the prostate on the axial slice through the perineum.
The needle end point is a random point in the pro-
jection of the prostate on the axial slice through the
basal part of the prostate. We introduce the maximum
lateral offset to control the skewness of the needles.
The lateral offset is the distance projected on the axial
slice between the point in the perineum slice and the
basal slice. A maximum lateral offset of zero results in
parallel needles.

We only allow needles with a minimum distance of
the needle radius from the urethra and other sampled
needles. Note however, that the urethra is only con-
toured inside the prostate in our retrospective dataset.
For puncture avoidance in a clinical application, the
complete urethra needs to be contoured on all slices
and needle implantation should be avoided anterior of
the urethra. In our experiments we consider 18 gauge
needles with possible source positions which are dis-
tributed equidistantly along the needle with a distance
of 2 mm.

For each voxel i and source j, dose coefficients a;; are
calculated in the CTV and OARs for an HDR source of Ir-
192, using the TG-43 formalism for a line source?® in our
in-house framework. These dose coefficients represent
the dose delivered by a source to a specific voxel per
dwell time of that source.

We set fixed upper bounds to dose in CTV and
OARs and optimize the CTV coverage (V4qp) by mini-
mizing the slack representing the underdosage in the
CTV. This leads to an optimization problem of the
form

min Z S; (1)

S;ES

Ax+s>b )
Ax —s, < by, 3)
Siy Su,i 2 01 vsii vsu,i (4)
Z Su,i < Ssum (5)

Suj,'ESu
Xj < Omax, VX (6)
2 % < Drnax Y

XjEX

where A is the matrix of dose coefficients, x is the vec-
tor of dwell times, s; are the entries of a vector s of
slack variables measuring the deviation from the lower
bound b, on the dose for each voxel in the CTV. Sim-
ilarly, the vector s,, describes the upper dose slack in
all volumes of interest (VOIs). Furthermore, upper dose
bounds b,,, upper dwell time bounds d,,.x, and upper
total dwell time D, are restricted for the source dwell
times x;. Non-zero dwell times in the solution represent
the set of active sources.

Since linear optimization results in the optimal solu-
tion with respect to the given constraints and needle
configuration, we can directly compare the impact of
different needle configurations on the plan quality. We
refer to the linear problem with the undeformed CTV
as LP. LP can be considered the reference approach
as it assumes a perfect treatment geometry and
neglects uncertainty.

In reality, this assumption often does not hold, and we
therefore consider that source dwell times are computed
for the deformed CTV after needle insertion, that is,
when information is available about the actual deforma-
tion by needle insertion, for example, after US imaging.
We construct the linear optimization problem similar to
LP but based on the dose coefficients of the deformed
CTV to compute the final treatment plan and the corre-
sponding clinical metrics. We refer to this linear problem
of the deformed CTV as the deformed LP (DLP).
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(a) single transformed (b) multiple transformed

CTV CTVs (deformation likeli-
hood)
FIGURE 2 Example coronal slice of a single transformed CTV

(a) and a representation of multiple overlaid deformed CTVs (b),
representing the deformation likelihood. Red indicates the contour of
the original delineated CTV and blue the deformed CTV contour (a).
The distribution of the deformed CTVs (b) is shown in shades of
grey. Dark grey pixels correspond to a higher likelihood that the CTV
is deformed to the respective position, lighter grey corresponds to a
lower likelihood (b). CTV, clinical target volume.

2.2 | Uncertainty modeling

When inserting the needle, there is uncertainty with
respect to the needle position relative to the tissue,
mainly due to tissue deformation and tissue displace-
ment. We model this uncertainty by creating randomly
sampled deformations of the original volume. We define
voxel correspondences, that is, voxels in the original
volume that correspond to voxels in the deformed vol-
ume. Here, we use fix points at the border of the organ
and shift voxels at the tip of the needle by adding
an offset sampled from a constrained normal distribu-
tion along the needle trajectory. Using thin plate spline
interpolation,* we shift all remaining voxels of the origi-
nal volume to represent the deformation. This approach
is similar to previous geometric models for deformation
modeling3" We study deformations of different mean
values and with different standard deviation of the con-
strained normal distribution. We overlay M deformations
as shown in Figure 2 and call this representation the
deformation likelihood. The values in the deforma-
tion likelihood correspond to the likelihood that a voxel
belongs to the deformed volume.

2.3 | Optimization of needle
configuration

We propose to create robust treatment plans by solving
the inverse optimization problem for multiple candidate
needle configurations as shown in Figure 3. First, we
sample N needle configurations and compute the defor-
mation likelihood for each configuration, respectively, as
described before. We solve a stochastic inverse plan-
ning problem for each needle configuration by including
the respective deformation likelihood with the needle

configuration. The resulting objective value provides a
heuristic for the quality and robustness of the nee-
dle configuration. We select the configuration with the
best objective value as the best needle configuration
and compare three different stochastic inverse plan-
ning approaches which we introduce in the following
sections and illustrate in Figure 4.

2.3.1 | Stochastic linear program

One approach to implement stochastic inverse planning
with linear optimization is to add rows to the matrix A and
vectors s and b corresponding to each deformed vol-
ume in the deformation likelihood.2” Thereby we create
a stochastic linear program (SLP) with

™
]

k<)
]
)
I

(8)

for N deformed volumes where Aq,..,Ay are the
respective matrices of the dose coefficients, the vectors
b4, ..., by N constrain the upper dose in the deformed
volumes, and sq, ..., sy are the additional vectors of
the slack variables. However, with this approach, the
problem size increases proportional to the number of
considered deformations. Since computational effort
for solving linear optimization problems increases at
least polynomially with problem size? solving linear
optimization problems quickly becomes impractical as
the numbers of deformations increases. Computational
effort is especially critical when the optimization prob-
lem needs to be solved multiple times to find robust
needle configurations.

2.3.2 | Averaged stochastic linear program
Instead of extending A, s, and b, we can average the
dose coefficients to create an averaged stochastic lin-
ear program (ASLP). Therefore, the entries of A are
8yn= w for every voxel v, source n, and
deformations 1, ..., M. For each voxel in the original vol-
ume we determine the dose coefficients for the same
voxel in each deformed volume and calculate the aver-
age. Thereby, the resulting optimization problem is of the
same size. However, this representation does not fully
capture the goal of treatment planning since it does
not lead to an optimization of the average coverage
over many deformation fields but rather optimizes the
average dose distribution. Therefore, it may not neces-
sarily lead to adequate coverage for actual deformations
optimized by DLP.
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FIGURE 3 Flowchart of the needle
optimization process. First, a needle
configuration is identified which is robust to
uncertainty of the CTV shape with respect to
N randomized configurations by stochastic
linear optimization considering uncertainty.
Here, compare multiple approaches. Dotted
lines indicate repeating blocks 2 to N-1. i
Second, the inverse problem is solved for the b
best needle configuration and a sampled b
deformation to determine the final source
dwell times. CTV, clinical target volume.
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lllustration of the different stochastic optimization approaches for M = 3 deformations. In SLP (a), the new matrix of dose

coefficients A is extended by dose coefficient matrices for every deformed volume. Note that the vectors of constraints and slack variable are
also extended. In ASLP (b), entries of the new matrix A contain averaged values from corresponding voxel positions in deformed volumes. u
indicates the averaging operation. In WSLP (c), we calculate the new dose coefficient matrix A at voxel positions of the volume which
encompasses all deformed volumes. An additional vector C counts the number of voxel occurrences. Darker red corresponds to a higher
number of occurrences. ASLP, averaged stochastic linear program; SLP, stochastic linear program; WSLP, weighted stochastic linear program.

2.3.3 | Weighted stochastic linear program
We are not interested in optimizing the average dose
in each voxel but in meeting the clinical goal of maxi-
mizing coverage and respecting dose constraints. When
considering uncertainty, we try to fulfill these goals in the
majority of expected scenarios. While SLP does approxi-
mate this goal well, SLP is computationally expensive. To
address these issues, we introduce a weighted stochas-
tic linear program (WSLP). Here, we discretize the
positions which each deformed volume can occupy. For
each considered deformation field, we count the number
of voxels which fall into each cell of the discretized grid.
We estimate the dose coefficients for each grid cell and
optimize a linear problem of the from

min )’ s; (9)
S;ES

Ax +s>b, (10)

Ax—s, <b, (11)

z su,i < Ssum (12)
Sy,i€Sy
S, 8, >0, Vs;, Vs, (13)
X < dpaxs VX (14)
2 % < Dinax (15)
XjEX

where A contains the dose coefficients of the grid cells.
The vector s contains slack variables s; for every grid
cell of the CTV while the vector s, contains slack
variables s, ; for grid cells of all VOIs. The vector s

. . A M
is comprised of entries §; = ¢; - ;. Here, ¢; = —, which

describes the number of occurrences ¢; of voxels in grid
cell i relative to the number of deformation fields M. Sim-
ilarly, entries of the vector s, are §,,; = ¢; - s, j,where s, ;
are entries in the upper dose slack vector s,,.

The expression ¢; - s; incentivizes the optimizer to ful-
fill the lower dose bound by, when ¢; is large in the
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TABLE 1 Delineated VOI sizes and average number of dose calculation points of the undeformed geometries of the patients (P1 to P5) in
this study.

VOl P1 P2 P3 P4 P5
Prostate 30.2 cm?® 26.7 cm® 24.8 cm3 44.3 cm3 28.7 cm®
Rectum 4.4 cmd 3.4 cm? 4.3 cm? 6.3cmd 8.2 cm3
Urethra 0.7cmd 0.8 cmd 0.6 cm® 1.1.cm?3 1.7 cm®
Dose calc. points 2167 2147 1784 3341 2384

Note: We use needles of 200 mm length, 2 mm source tip offset and 2 mm source spacing for all experiments leading to 99 dwell positions per needle.

TABLE 2 Parameters of the constrained normal distributions
which we use to sample deformation fields of the CTV.

Mean Maximum
4 mm 6 mm

6 mm 10 mm

8 mm 14 mm

10 mm 18 mm

particular cell, that is, when the cell is part of the CTV
in many deformations. In that case, slack is expensive
because it is multiplied by c¢; ~ 1. Therefore, the opti-
mizer will prioritize the dose in the respective cell. When
a cell is less populated, then ¢; >> 1 and a small slack
value can compensate large doses. The same logic
applies to the upper dose slack s,,.

24 |
setup

Patient data and experimental

In this retrospective study, we base our treatment
planning evaluation on data from five patients previ-
ously treated with HDR-BT. Prostate (CTV) and bladder
and rectum (OARs) are delineated by medical experts
according to GEC-ESTRO recommendations without an
additional margin to the prostate.>®> The VOI sizes are
shown in Table 1.

We follow the dose prescriptions for HDR-BT boost
according to the GEC-ESTRO guidelines.23 We optimize
for a prescribed CTV dose of 15 Gy in one fraction and
set hard upper constraints on the dose in the rectum
and urethra of 12.35 and 15 Gy, respectively. The upper
constraint on the shell is tuned such that 95% coverage
of the prescription dose in the CTV is achieved with 14
needles, that is V499 = 95%.

We evaluate different CTV deformation magnitudes
shown in Table 2 in the range of previously reported
values?® For ASLP and WSLP, we create deforma-
tion likelihoods by sampling M = 1000 deformations
compared to M =100 deformations for SLP due to
computational practicability.

We additionally compare the results after DLP for all
approaches, that is, the optimal treatment plan for the

optimized needle configuration and the deformed CTV.
We study different numbers of needles, and average
the results from experiments with 10 different deformed
CTVs for DLP to improve statistical robustness of the
results. Note that we use different random seeds to
deform the CTV for DLP than we use to generate the
deformation likelihood. We sample N = 100 randomized
needle configurations to find the most robust configu-
ration for the respective deformation according to the
different approaches. For significance tests we use the
student’s t-test and report the significance for p-values <
0.01.

3 | RESULTS

3.1 | Coverage without DLP

First, we evaluate the coverage after the stochastic opti-
mization without adapting the source weights to the
actual deformation. The source weights are optimal with
respect to the stochastic optimization problem while
coverage is evaluated and averaged for 100 deformed
volumes. Thereby, we analyze how much information
about the deformation is represented in the stochastic
optimization approaches. Figure 5 shows the result-
ing coverage for all patients and 100 different needle
configurations for increasing mean deformation. Cover-
age decreases for increasing mean deformation. Note
that 95% is achieved when deformation is not con-
sidered. On average the source weights determined
by the stochastic optimization approaches can better
maintain the coverage especially for larger deforma-
tions. Differences of LP compared to the stochastic
approaches are statistically significant with p < 10~ for
all mean deformations except for the difference between
LP and ASLP for 4 mm mean deformation where
p = 0.021.

3.2 | Correlation to DLP objective values
Additionally, we evaluate how well the stochastic opti-
mization correlates with the final optimization value
of DLR that is, the final treatment plan. Thereby, we
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FIGURE 5

Boxplots of the coverage of the CTV without DLP for 14 needles and increasing amount of deformation. Shown are the

resulting coverage for all needle configurations where source weights are optimized by the respective approach. CTV, clinical target volume.
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FIGURE 6 Scatter plots of corresponding objective value of the stochastic optimization and objective value for the deformed CTV after

sampling for all experiments, optimization methods, and patients P1, ..., P5. ASLP and WSLP objective values are calculated with a deformation
likelihood composed of M = 1000 deformations while SLP includes M = 100 deformations. ASLP, averaged stochastic linear program; CTV,
clinical target volume; SLP, stochastic linear program; WSLP, weighted stochastic linear program.

analyze whether we can use the stochastic optimization
as heuristics to search for robust needle configurations.
In Figure 6 we show scatter plots of the resulting objec-
tive values. The plots show the relationship between the
stochastic optimization and the final optimization after
sampling particular deformations. When we compare
the objective values of LP with the DLP objective values,
we see less correlation with respect to the spearman
correlation (0.92 + 0.05) compared to the ASLP

objective value (0.96 + 0.02), WSLP objective value
(0.99 + 0.01),and SLP objective value (0.98 + 0.01).
Here, we calculate the correlation for each patient,
mean deformation, and number of optimization sam-
ples individually and average the results. Additionally,
the standard deviation is indicated. Differences between
LP correlation and all stochastic approaches are sig-
nificant with p < 10~'2. Differences between ASLP
and the other stochastic optimization approaches are
also significant with p < 10~8. WSLP and SLP are not

significantly different with p = 0.065.

3.3 | Runtime comparison

In this work, we propose to search for an optimal
needle position by evaluating randomized candidate

108 M Dose coef. calculation
B Optimization

10°
10’
LP SLP

10° ) .
ASLP WSLP

runtime [ms]

-
o
N

FIGURE 7 Average runtime of the studied approaches for
inverse optimization. The runtime is split up in dose coefficient
calculation and optimization of the resulting problem. Note the
logarithmic scale on the y-axis.

configurations. Therefore, the stochastic optimization
needs to be calculated for every candidate configu-
ration. We evaluate the runtime on an AMD Ryzen
9 3950X CPU. Considering the runtime difference in
Figure 7, where an optimization of SLP including dose
coefficient calculation takes on average 36.92 min com-
pared to 17.27 s for WSLP, we evaluate the search only
for LB, ASLP, and WSLP. An end to end optimization
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Boxplots of the coverage of the CTV for 14 needles and increasing mean deformation. Needle configurations are optimized with

the respective stochastic approaches. Dwell times are optimized with DLP. CTV, clinical target volume.
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FIGURE 9 3D dose comparison for the optimal needle configuration with respect to LP optimization (a) and WSLP (b). Dwell times are
optimized with DLP in both cases. Needles in yellow; voxel color corresponds to the dose with higher dose in red. WSLP, weighted stochastic

linear program.

with 100 candidate needle configurations takes on
average 59.42 s with WSLP when using distributed
computing with 100 parallel optimizations on four
machines.

3.4 | Coverage results with DLP

Figure 8 shows the resulting coverage after the search
for the optimal needle configuration for the respective
stochastic approaches. Note, that the final dwell time
optimization is computed for sampled deformations, that
is each computed treatment plan is optimal with respect
to the needle configuration. We show here how the
magnitude of deformation affects the coverage. While
needle selection with ASLP and WSLP still improves
the coverage compared to LP large deformation of
the CTV decreases mean coverage to 80.44% and
83.99% for ASLP+DLP and WSLP+DLP, respectively
at 10 mm mean deformation. While coverage with
ASLP+DLP is only significantly better for 6 mm mean
deformation (p = 0.009), WSLP+DLP is significantly
better than LP+DLP for all tested mean deformations
(p £0.01). The mean OAR dose volume constraints
including Dy, of the rectum (8.24 Gy, 8.21 Gy, and
8.14 Gy for LP+DLP, ASLP+DLP, and WSLP+DLP),
D4 of the urethra (14.77 Gy, 14.70 Gy, and 14.74 Gy
for LP+DLP, ASLP+DLP, and WSLP+DLP), and Djg

(14.08 Gy, 14.03 Gy, and 14.10 Gy for LP+DLP,
ASLP+DLP, and WSLP+DLP) are within GEC-ESTRO
recommendations.®® Additionally, Figure S1 shows
similar results for an increasing number of needles.

An example of the difference in the resulting 3D dose
distribution is shown in Figure 9 and the DVH for this
case in Figure S2. The two needle configurations cause
a difference in deformation. The resulting inverse opti-
mization problem leads to a higher coverage of the
prostate for the needle configuration resulting from the
WSLP-based search.

In Figure 10 we show the impact of increasing nee-
dle skewness in the candidate needle configurations.
Here, the lateral offset controls the maximal skewness
of the needles. It is the upper limit of the distance from
the needle tip to the needle rear end in the axial slice.
Note that we add additional candidate needle configu-
rations with larger skewness to the original candidate
needle configurations. Therefore, needle configurations
with larger lateral offset also contain needle configura-
tions with lower lateral offset. Generally, higher needle
skewness allows for a larger improvement in coverage
of WSLP+DLP over LP+DLP optimized needle config-
urations. This improvement is even larger for increasing
number of needles up to a mean improvement in cover-
age of 3.44 percentage points for 14 needles and 12 mm
skewness compared to 1.33 percentage points for 0 mm
skewness. Note, that the coverage also improves with
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skewed needles for the undeformed target as shown
in Figure S3.

Figure 11 shows how a mismatch of assumed defor-
mation and actually observed deformation affects our
approach. Here, the parameters of the stochastic uncer-
tainty we use to optimize the needle configurations
differ from the deformation for DLP. While the improve-
ment in coverage is generally larger when assumed
mean and evaluated mean deformation are similar,
small differences only show a small degradation in
the coverage improvement. A decrease in coverage
only occurs for small evaluated deformation and large
assumed deformation.

4 | DISCUSSION

As our first result, Figure 5 confirms the clinical prac-
tice and shows that optimizing dwell times on the actual
patient geometry after needle insertion is sensible when
considering even relatively small deformation. The cov-
erage can increase above the 95% which was planned
on the static geometry due to occasional favourable
deformations. However, in the majority of cases the cov-
erage decreases by over 10 percentage points. While
the stochastic approaches improve coverage over LP
and thereby show that relevant information is captured

in the stochastic optimization problems, the dwell times
need to be optimized for the actual patient geome-
try after the selection and placement of the optimal
needle configuration.

Considering Figure 6, we show that SLP, ASLP, and
WSLP are good heuristics for predicting the quality and
robustness of needle configurations when introducing
CTV deformation. WSLP shows the strongest correla-
tion indicating that it can best approximate the problem
of maximizing the average coverage compared to ASLP
which approximates the maximization of the average
dose distribution.

As shown in Figure 7, the runtime of SLP makes its
use for the optimization of needle configuration infeasi-
ble. ASLP and WSLP only add a small additional runtime
to the reference inverse optimization. ASLP requires
more runtime than WSLP since the dose coefficients
need to be calculated for every deformation, whereas
WSLP only calculates the dose coefficients on the dis-
cretization grid. The slightly larger optimization problem
of WSLP has a smaller impact on the runtime in our
experiments. A comparison to other methods is diffi-
cult due to the different hardware and different problem
sizes (dose calculation points and dwell positions). Still,
our approach for inverse optimization is in the range of
the previously published IPIP optimization which had
an average runtime of 30.1 s34 Furthermore, needle
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optimization can easily be parallelized which profits from
modern hardware.

Applying the proposed heuristics to a needle config-
uration search, Figure 8 shows that the coverage can
be improved compared to an LP guided search which
does not consider deformation uncertainty. Note that
we mainly show the coverage results here, since we
optimize for coverage by solving a linear optimization
problem with the same hard upper dose constraints for
the VOlIs for all experiments with the same patient. This
allows us to directly compare plan quality by comparing
coverage, while other clinical dose indices remain similar
due to the hard constraints.

Results for coverage show that needle configurations
which are optimal when deformation is not considered
can be suboptimal when deformation is considered. In
our experiments, larger deformation generally reduces
the coverage also for ASLP and WSLP optimized nee-
dle configurations. Larger deformations usually caused
the prostate to move away from the needle tips which
reduced achievable coverage. Since the needle position
is commonly adjusted during image guided insertion,
this could be avoided. If this behavior is modeled in our
simulation, our approach could still be applied to search
for the optimal needle configuration.

Considering Figure 10, we have shown that skew
needles can further improve the coverage in stochastic
optimization, which are not necessarily intuitive con-
sidering Figure 9. The improvement of WSLP+DLP in
general and larger lateral offset in particular increases
with increasing needles count due to larger deforma-
tions and displacements of the CTV with a larger
number of needles. The original CTV shows less overlap
with the deformed CTVs for a larger number of needles,
leading to the increased improvement with WSLP+DLP
over LP+DLP

In practice, predicting the correct stochastic deforma-
tion is challenging. However, Figure 11 indicates that
small differences in the assumed deformation compared
to the actual deformation only lead to small degrada-
tion in coverage. Still, correctly predicting the stochastic
deformation will lead to optimal results with the pre-
sented approach. In general, several factors impact the
treatment quality including several dosimetric indices
and other clinical goals, for example, the number of
needles. Our approach could lead to reduced margins,
reduced numbers of needles, and increased dosimet-
ric indices due to more robust needle configurations.
The clinical workflow we propose would start with a
3D scan, for example CT, MRI, or potentially TRUS,
and contouring of the relevant VOls. Based on this
image data, the needle configuration is optimized. Sub-
sequently, the treatment continues similar to the current
workflow by TRUS guided (robotic) needle insertion and
dwell time optimization.

There are several limitations of our results. First, we
evaluated our approach on a small number of patients.

Nevertheless, we showed significant improvements in
coverage for the stochastic approaches over the non-
stochastic approach. In this study, we use a simple model
to simulate deformation with stochastic uncertainty. Sev-
eral previous works have studied the interaction of
tissue and needles during needle insertion.3>-3" These
methods are often model based, for example geometry
based models or finite element method (FEM) simula-
tions, or they are data driven including machine learning
methods. Our approach for deformation simulation is
geometry based which does not necessarily resemble
the exact physical tissue parameters. Note however, that
obtaining exact tissue properties is typically difficult and
that current physical models do not yet reflect the full
complexity of needle-tissue interaction. Moreover, our
purpose is to increase robustness to possible deforma-
tions, independently of their physical cause. A simple
model resulting in a large shape variation may there-
fore be preferable for robust planning. Still, our results
should be validated with more sophisticated deforma-
tion models which better resemble the clinical data. Note
that the method can be adapted to different deformation
models.

Robustness of the treatment plan is commonly
addressed by adding additional margins to the CTV.
However, the deformation depends on the needle
configuration and is hard to accurately predict.
When deciding for a fixed margin there is a trade-
off between increased toxicity in normal tissue and
insufficient dose coverage in the CTV. In contrast, our
approach finds an optimal solution with respect to the
expected deformation.

Our approach for the optimization the needle con-
figuration is a random search with a heuristic based
on stochastic linear optimization. Other heuristic opti-
mization methods including simulated annealing for the
optimization of needle configurations®® can be extended
by our heuristic to improve the robustness of the
optimized needle configurations.

5 | CONCLUSION

Tissue deformation presents a challenge when planning
optimal needle configurations. We apply and compare
different approaches for stochastic linear planning to
compute a heuristic for the robustness and quality of
candidate needle configurations. We show that the nee-
dle configurations can be computed quickly and lead to
good plan quality when deformations occur. We illustrate
how the proposed approach can be used to search for
optimal needle configurations which are robust to CTV
deformation and improve the CTV coverage.
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