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Abstract

Radiation therapy is extensively used for cancer treatments. To compute radia-
tion dose distributions in proton therapy, Monte Carlo dose calculation is known to
provide better accuracy than analytical algorithms typically available in the treat-
ment planning system. However, due to the stochastic nature of Monte Carlo meth-
ods, the resulting dose maps suffer from unavoidable statistical noise, which may
affect clinical metrics such as the dose-volume histogram (DVH). A procedure to
quantify this statistical uncertainty is described and discussed in this work. Noise
can be reduced by increasing the number of simulated particles, which also increases
the computation time. In order to keep the calculation time practical, several noise
filtering techniques are studied here, including Gaussian and median filters, wavelet
threshold denoising (WTD) and the non-local means (NLM) filter. Improvements
regarding performance and speed of the NLM filter are proposed. The denoising
performance of all considered methods are compared using various image quality
criteria and dosimetric measures. Based on two test cases (i.e., lung and prostate
tumor), it was found that the evaluated methods provided acceleration of MC re-
sults towards stastically more accurate results. The improved NLM filter produces
the best results compared to the other methods.
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CHAPTER

Introduction

1.1 Context and motivations

Proton therapy

According to the World Health Organization, cancer is one of the leading causes of
death in the world. A large portion of the cancer patients receive radiation therapy
during their treatment. It is used either as the sole treatment or in combination
with other therapies, such as surgery and chemotherapy. Photon or electron therapy
is usually used. However improvements of the treatment can be expected by using
proton beams instead of the conventional photon and electron beams; we can take
advantage of the physical characteristic of proton beams, i.e., their finite range and
Bragg peak, to increase the dose to the target volume or to decrease the dose to
organs at risk [1]. Yet, to benefit from this increased precision in location, accurate
dose calculation engines for radiation treatment planning must be used.

Monte Carlo dose calculation

[Monte Carlo| (MC]) simulations are particularly suited for highly accurate dose (en-
ergy divided by the mass) predictions in proton therapy. MC dose calculation is a
stochastic calculation method where individual protons are simulated as they tra-
verse a numerical representation of the patient anatomy. The interactions of the
protons with their environment (e.g., scattering, energy deposition) are simulated
based on known probability distributions. This way, the energy deposited in each
volume element, termed voxel in this work, can be computed, hence generating a
two- or three-dimensional dose map. As MC methods readily allow the modeling of
the proton physics through complex geometries, they are very reliable and accurate
calculation techniques. In fact they are more accurate than the deterministic dose
algorithms conventionally used in the current treatment planning systems. This
explains the motivation for MC dose calculation engine in routine clinical practice.

However this high-accuracy method has two significant disadvantages: firstly,
its computation time is much longer compared to conventional deterministic meth-
ods and secondly, statistical uncertainties (also called noise) are introduced in the
calculated dose. Let us first discuss the simulation time issue.

Since the simulation time is proportional to the number of simulated particles,
the MC calculation can be accelerated by simulating a smaller amount of protons.
Nevertheless, as can be expected, the precision of the results strongly depends on
the number of simulated particles. To illustrate this, examples of a two-dimensional
dose map are shown in Figure these dose maps correspond to the pencil beam
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2 Chapter 1. Introduction

scanning proton therapy treatment of a prostate tumor initially planned with
the RayStation treatment planning system (TPS) and were computed using the fast
Monte Carlo code MCsquare [2, 3]. The left one has been obtained with 10° protons
in approximately 41min while the right one is the result of a simulation with 10°
protons generated in approximately 4s. The price that is paid for this tremendous
acceleration is observable by comparing the two dose maps: it is seen that the dose
distribution presented on the right is less homogeneous, it is corrupted by statistical
noise. We herewith come back to the second issue, i.e., the apparition of noise on
the dose distribution.

Figure 1.1: Reference and noisy dose maps obtained by simulating 10 and 10°
protons respectively.

Each voxel of a MC computed dose distribution always contains some statistical
uncertainty. This means that, for each voxel, the dose value X fluctuates around its
mean value. This fluctuation is measured by the standard deviation of the means
[sx} this quantity gives an estimate of the MC error. In the limit of a very large
number of particles, it can be shown that this error is inversely proportional to the
square root of the number of particles [N]

1
i (1.1)

Recalling that the simulation time is proportional to N, Equation implies that
the simulation time must be multiplied by 100 in order to reduce the error by 10.
Naturally, the smaller sx, the better the estimation of the dose value, however, an
error-free dose map would take infinite time to calculate. This explains why MC
simulations are slow.

Accelerating the MC dose calculation is of crucial importance for two main rea-
sons. Firstly, dose distributions must often be computed almost in real-time. For
instance, suppose that a patient is lying on the couch, expecting his proton therapy
treatment, then letting him wait for more than a few minutes is not a possible sce-
nario (because it increases the risk that the patient moves, because other patients
need to be treated, etc.). Hence MC simulations need to be done very quickly in or-
der to be used in routine clinical practice. Secondly, MC methods are also intended
to be used as a tool in treatment optimization: this means that multiple simulations
would need to be run for one treatment planning during the optimization algorithm.
This underlines once again the importance of reducing the simulation time.

Before discussing solutions to accelerate Monte Carlo simulations, we study the
impact of the noise on the dose-volume histogram (DVH].

Sxy X
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Effect of statistical uncertainty

Treatment plans are generally assessed by evaluating the DVHs for the target and
critical organs. It is thus natural to study how they are affected by the noise. As
indicated by its name, the DVH is an histogram relating dose to tissue volume.
It reads as follows: the height y corresponding to a dose z represents the fraction
of volume receiving a dose greater than or equal to x. Some typical DVH-based
metrics, such as the Dgs or the Dys, are usually examined by the clinicians: the Dgj
(resp. Dgs) is the minimal dose received by 95% (resp. 5%) of the volume.

Figure|l.2|gives an example of DVH for the target volume, where the Dgs and Dgs
are highlighted. The red curve depicts an hypothetical situation where the DVH
is a step function, i.e., the entire tumor receives a uniform dose [4]. In practice,
however, it is impossible to deliver the exact same dose to the full target volume
because of the trade-off between target coverage and organ at risk sparing; the blue
curve represents a more realistic situation. This figure also points out the sensitivity
of the Dg5 and Dy to the change of target DVH shape.

[1)(38 777777777777777777777777777777777777777777777 Figure 1.2: Illustration
of cumulative DVHs: the
s0r I red curve is an hypothet-
S ical case while the blue
2 curve represents a more
;i 40 | realistic situation. The
| broken lines indicate the

200 D95 and D05.

DO{’) ””” R S I R

Dose (Gy)

The effect of noise on the target DVH is shown in Figure [I.3} it displays DVHs
when different numbers of protons are simulated. As can be seen, the histogram
is blurred by the noise. Also, we observe that the Dgs and Dgs strongly vary, they
are therefore good quantities to quantify the effects of the noise on the DVH. Since
such a distorted DVH may mislead the clinician when evaluating the plan, the noise
indirectly affects the patient.

100 i i ;;;——————— Figure 1.3: [Illustra-
. \ tion of cumulative DVHs
80 .
when various numbers of
S particles are simulated.
E 1E5 The broken lines indicate
=i 1E6 the Dgs and Dgs.
S 1E7 95 05

—_—
20 |- g
D05 ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
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Remark that this blurring effect is negligible for critical organs DVHs, as pointed
out by Keall et al. in [5]. Indeed it was found that the steeper the DVH, the more
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significant the effect and, as the DVH associated with critical organs is a lot less
steep than the target DVH, it is almost not affected by noise. This is the reason
why this work focuses on target volume DVHs.

As can be seen, noise leads to the underestimation of the treatment quality. In
the light of those explanations, it is clear that a dose map that is too noisy cannot
be used for treatment planning assessment.

1.2 Problem statement

In the previous section, we have seen that the MC simulations can be greatly acceler-
ated by simulating fewer particles at the cost of noise increase. One possible solution
is to reduce noise from MC computed dose maps by means of post-processing de-
noising techniques. This solution is based on the idea that a MC dose map can be
modeled as the combination of the true dose distribution and noise. Mathematically,
this means that the dose in a voxel i, denoted as d(i), can be written as,

d(i) = P(s(7)), (1.2)

where s is the dose value produced with an infinite number of simulated particles
and P refers to the noise acting on the voxel value. As we are dealing with proton
hits, the noise follows a Poisson distribution [1]. More precisely, it follows a scaled
Poisson distribution: this notion will be further explained in the next chapter. This
equation is valid for each voxel of the dose map.

The main goal of this master thesis is to obtain an estimate of the true dose
map s based on the noisy one d, obtained by simulating fewer particles. This task is
analogous to image restoration problems in the field of image processing. Note that
denoising techniques must be used with caution as they can introduce a systematic
bias into the calculation. The initial trade-off simulation time versus noise is now
transformed into a trade-off between the noise and the systematic bias.

Based on Section [1.1] one might believe that reducing the noise present in a dose
map is not required and that it suffices to denoise the DVH, since the latter is used
by clinicians to assess the quality of a treatment plan. However it is not the only
tool used to evaluate a plan; isodose lines for instance are frequently employed to
represent dose distributions. Consequently we will focus on the denoising of the
dose maps in order to remain general.

In the current state of the art, there is a wide agreement that a post-processing
denoising step is a valuable technique (see [5, 6, |7]). Numerous techniques have
already been investigated: a vast majority of these are directly inspired by image
processing methods (e.g., convolution filters, wavelet denoising). However most of
the used MC test cases involve electron or photon beams and few deal with proton
therapy. Hence, in this work, we will review the performance of several proposed
algorithms when applied to MC proton dose maps.

1.3 Plan of the master thesis

This work is organized as follows:
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Chapter 1 : Introduction. This is the current chapter, it is intended to describe
the context and the challenges in proton therapy. We define the studied problem in
details and give the motivations and objectives of this master thesis.

Chapter 2 : Noise quantification. As the main purpose of this study is the
noise reduction of MC computed dose maps, a reliable measure of the statistical
uncertainty is required. This topic is addressed in the second chapter where two
approaches for noise quantification are tested and discussed.

Chapter 3 : Local and wavelet filtering. This chapter is dedicated to the
review of filtering techniques. In the first part, we introduce accuracy criteria that
will be used to assess the performance of the methods. Then, filtering techniques
such as Gaussian filter, median filter and wavelet threshold denoising are tested on
MC datasets and performances are studied.

Chapter 4 : Non-local filtering. In the fourth chapter, we present a non-
local filter which has already proved to be very efficient in the image processing
field. Multiple improvements of the algorithm are proposed and analyzed on MC
computed dose maps.

Chapter 5 : Conclusions. This final chapter provides a comparison between the
different discussed filters and exposes some of the remaining issues.

In the next chapters, two distribution test cases are used. The first dose distri-
bution corresponds to a PBS proton therapy treatment of a lung tumor, initially
planned with the Eclipse TPS. The resulting dose map is a 274 x 274 x 162 voxel
grid. It will be referred as the lung patient. The second dose distribution is the one
that has already been used earlier in this chapter: it is a patient with a tumor in the
prostate treated with a PBS proton therapy treatment planned with the RayStation
TPS. The dose map is a 256 x 256 x 71 voxel grid. It will be referred as the prostate
patient. Both dose distributions were recomputed using the fast Monte Carlo code
MCsquare [2]. The time needed to obtain the dose maps for various numbers of
particles is summarized in Table [I.I, Note that these timings confirm the linear
relation between the number of particles and the simulation time.

Number of simulated particles
106 107 108 10°
lung patient 9 95 225 5213
prostate patient 4 25 250 2491

Table 1.1: Computation times with MCsquare (in seconds).

The configuration of the computer on which all the computation were performed
is the following:

System: Linux
CPU: 2x Intel Xeon E5-2660 v4 (14 cores @ 2.0 GHz — 28 threads — 35 MB cache)
Memory: 128 GB
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Noise quantification

2.1 Introduction

Since the main goal of this master thesis is the reduction of the noise in MC computed
dose distributions, it is fundamental to define a quantity that provides information
about the amount of noise in such a dose map. This is a basic requirement to be able
to compare different denoising techniques. In the existing research studies about de-
noising, diverse metrics are used but these are frequently not documented, meaning
that it is not clear how the author quantifies the noise and, additionally, some of
the chosen metrics are not well suited to describe the complete noise distribution.

Consequently the purpose of this chapter is to study various noise metrics in
order to select a standard noise quantification procedure. Some papers already
address this question in the case of electron and photon beams [5]; the question will
be handled here in the specific case of protons. As protons have different physical
properties than electrons and photons, distinct statistical uncertainty properties
can be expected. The selected quantity will then be used in the rest of this work to
compare the denoising techniques.

This chapter is organized as follows: in Section we rigorously define the
uncertainty we want to quantify. Two noise quantification procedures are thereafter
proposed and discussed in Sections [2.3] and [2.4]

2.2 Uncertainty characterization

As mentioned in [8], in a vast amount of publications, the authors do not give a
precise characterization of the measures of dispersion they are working with and,
as a consequence, the reader fails to identify which measures are reported. For
example, many authors express the uncertainty as a percentage without mentioning
the reference value of which the percentage is taken. Also, many forget to report
the volume on which the calculations are performed or which statistical measure is
used, e.g., the mean, the maximum value. As this type of confusion definitely needs
to be avoided, the uncertainties, to which it will be referred in the remaining parts
of this chapter, are defined here.

First of all the variance will frequently be mentioned, classically denoted by B;J:
it refers to the variance of the dose X in a voxel and is estimated as

: (2.1)
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where [n is the sample size, X; is the dose value in the selected voxel for simulation
1 and X, is the mean dose value of the selected voxel. The sample size n, is
the number of simulations, also called the number of batches. If the variance is
calculated for each voxel, we end up with a variance map, i.e., a 3D volume with,
in each voxel, a value for the variance. The standard deviation, denoted by oy, is
the square root of the variance.

Next to this, it will also be referred to the standard error of the sample mean,
denoted by [sx} it is computed for each voxel as

= X (2.2)

Sx \/TL_S

Clearly the standard error decreases as the number of batches n, grows, while the
standard deviation does not tend to change with increasing ng. This is the reason
why we are interested in the standard error: the more simulations are done, or
equivalently the more particles are used, the smaller the uncertainty on the dose
map. The standard error can also be reduced by simulating more particles per
batch, hence decreasing the standard deviation ox. As before, if sy is calculated
for each voxel, a standard error map is obtained.

The computation of the variance with Formula is fast but there are two
drawbacks associated with it: firstly, using this approximation, the o2 values have
their own statistical uncertainties. This means that the sample size n, needs to
be high enough in order to obtain a good estimate. In this study, 100 batches
are used. Secondly, as pointed out in [9], with an arbitrary grouping of particles
into batches, we ignore any correlations between incident particles. The history-by-
history method, described in [10], eliminates these problems but also makes it more
difficult to use parallel computing and hence indirectly leads to an increase of the
simulation time. As one of the main concerns of this work is to keep the simulation
time practical, the history-by-history approach will not be adopted here.

2.3 Approach 1: histogram-based measure

The first approach to quantify the noise present in a dose map is based on the
distribution of the standard error sy. After having computed the standard error
map as explained in the previous section, an histogram is extracted from these data
with, on the z-axis, the standard error and, on the y-axis, the number of voxels.
Then, based on this histogram, the value that best represents the standard error
distribution must be selected, e.g., the mean, the median, the maximum or the 95th
percentile value. These different values are examined in this section.

Prior to this, recall that all the voxels do not provide relevant information from
a clinical point of view. For instance, one is not interested in the uncertainty of
the voxels that contain low or no dose since these regions have almost no impact on
the patient. In fact a large fraction of the voxels contain low dose values: if these
voxels are taken into account in the calculation, the obtained uncertainty value will
be mainly based on irrelevant regions, hence leading to an irrelevant uncertainty
estimation. Furthermore the uncertainty is higher in regions with low dose since
there are fewer interactions. This confirms once again that low dose voxels would
skew the noise quantification. Therefore it is not just recommended to remove
these voxels, it is necessary. In this study voxels with values smaller than 10%
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of the maximum dose are not considered. This threshold value has been selected
experimentally, based on visual inspection of the dose map.

Additionally the dose delivered in the voxels located outside the patient is not
important from a clinical point of view: the corresponding voxels are therefore not
considered in the uncertainty computation.

Removing all the low dose voxels as well as the voxels outside the patient, the
histogram displayed in Figure is obtained for the lung patient with ny, = 100 and
105 protons per simulation. Note that this histogram is based on slightly more than
1% of the total number of voxels. Along with the histogram the following measures
are shown:

1. the maximum standard error of the sample set;

2. the mean standard error of the sample set;

3. the median value, i.e., the value that separates the lower half values from
the higher half;

4. the 95th percentile, i.e., 95% of the samples are below this value;

0.03 1 Figure 2.1: Normalized
m— 111aX1ImuIn :
— mean histogram of the stan(;
0.025 median dard error with N = 10
== 05th perc. and ng = 100.
=
& 0.02
5
=
S
= 0.015
S
2
=
= 0.01
0.005

00 0.05 0.1 0.15 0.2 0.25 0.3 0.35

Standard error

Before analyzing the obtained results for various simulation parameters, let us
make a few remarks about the above-mentioned measures. One commonly uses the
mean value to describe the distribution of the standard error: however, without
any information about the dispersion of the data around the mean, this measure is
worthless. A similar comment can be made for the median value, in fact, the situa-
tion is even worse as it does not take into account the value of the extreme samples,
meaning that we have no clue of how big the uncertainty is in the tail of the dis-
tribution. This issue is solved using the maximum value: with this measure, the
magnitude of the largest standard error is known. In practice, the clinician is mainly
interested in the maximum uncertainty value: suppose this uncertainty concerns an
organ at risk, then this information is crucial. However, the maximum value tends
to be an unstable measure, it strongly varies with the simulation outputs, and may
not be adequate: this will be verified below. The 95th percentile is considered as an
alternative solution to the maximum.
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The four measures are calculated for multiple cases given in Table 2.1} the cases
differ in the number of simulated protons N per simulation and/or the number of
simulations n,. Since the same total number of particles is simulated in cases 1 and

Case 1 Case 2 Case 3 Case 4
N = 1e+06, | N = 1e4+07, | N = 1e4+06, | N = 1le+05,
ngs = 100. ngs = 10. ngs = 200. ns = 100.
maximum 3.13 5.11 2.16 10.90
mean 0.94 0.91 0.65 3.85
median 0.77 0.73 0.54 3.61
95th perc 2.09 2.17 1.47 6.97

Table 2.1: Standard error of the sample mean (x107!) in Gray for various simu-
lation parameters (lung patient).

2, it is expected to have a similar level of uncertainty for both situations. This is
indeed approximately verified for all the measures, except for the maximum value
which strongly changes. This confirms the instability of the maximum value.

Let us compare cases 1 and 3: for the latter, two times more batches are used, the
uncertainty should be divided by v/2 compared to the first case. This proportionality
is respected for all the measures. Finally, comparing cases 1 and 4, there should
be a proportionality coefficient of about /10 between the two columns, which is
approximately true for all measures.

0.55 0.55

05 0.5
0.45 | : 0.45
—e—Imaximuin

—e—Imean
0.4 0.4}

Hle(hﬂll —— maximum
—e-95th perc —e—Imean
ar | L .
0.35 0.35 median
W —e-95th perc
0.3 0.3

0.25 0.25

0.2 0.2
0.15| 0.15|

Olp—o— e 0.1}

| | I | I I | | | | | | | | | | | |
0’051 2 3 4 5 6 7 8 9 10 0'051 2 3 4 5 6 7 8 9 10

trial

(a) N =105, ns = 100, 10 trials.

trial

(b) N =107, ns = 10, 10 trials.

Figure 2.2: Uncertainty levels for various simulation outputs (in Gray).

As said earlier, the standard error has its own statistical uncertainty: however,
to assess the uncertainty level of a dose map, it is important to work with a measure
that does not fluctuate — or barely fluctuates — with the simulations. This is not the
case with the maximum value, it considerably changes depending on the simulation
outputs. This is confirmed by the plots displayed in Figure [2.2} it shows the value
taken by the uncertainty measures as a function of the trial (for each trial, the
computation is based on a different group of simulation outputs). Clearly it is seen
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on both graphs that the maximum value is unstable. Also, the fluctuation grows
when the number of batches decreases, which was also awaited. From this figure it
is also observed the 95th percentile is very stable. One can therefore consider to use
a smaller number of batches.

Based on the above discussion we conclude that the 95th percentile is a well suited
value as it gives us information on the almost worst case scenario and is stable. In
the following, it will be referred to as[sx g5} Note that, since the information from a
3D volume is reduced to one unique number, our noise estimate will of course only
give us a rough idea of the noise level.

2.4 Approach 2: proportionality coefficient

The second approach to quantify the uncertainty is based on the following assump-

tion: for a Monte Carlo simulation, the relationship between the variance o2 and
the dose D in each voxel is approximately linear, i.e.,
o = aD, (2.3)

where « is the fitting parameter. Equation amounts to say that the value in
each voxel follows a scaled Poisson distribution: indeed it states that the variance is
equal to the mean multiplied by a scale a. Equation also means that the same
a can be found for every voxel of the map. This hypothesis has been tested and
validated in [5] for electron and photon beams. Moreover it has been found that
lines of different slopes were observed for voxels of different densities.

The goal of this section is to establish whether this assumption is valid in proton
therapy. If such a parameter o can be found, it could be used as an uncertainty
measure afterwards. This factor could also be considered in the context of DVH
deconvolution, as proposed in [4].

Assumption testing

To verify the validity of the hypothesis according to which there is a linear relation-
ship between the variance and the dose, simulations in the simplest configuration
possible are made, i.e., a beamlet is simulated in water. Beamlets can be seen as
elementary functions such that, when summed according to some weights, they form
the total dose distribution. Hence a beamlet is a small ray and corresponds phys-
ically to the dose delivered by one spot. Simulating one beamlet in water leads to
the dose map given in Figure 2.3a; only a slice is shown here. Obviously, if the
assumption is not verified for this simple case, it will also not be valid for other,
more complex situations (multiple beamlets, inhomogeneous medium, etc.).

Figure 2.3b| shows the squared standard error as a function of the dose. The
variance o2 has been computed based on 100 simulations with each time 10° protons
and the dose is collected from the mean dose map (i.e., averaged over the 100
computed dose maps). It is clear that a line is not obtained; instead of that, the
data seem to be organized along two lines, giving rise to a v-shape. There is thus
no linear relationship between the variance and the dose in the case of the protons.
As the physics behind interactions of protons with matter is different from the one
behind photons and electrons, this conclusion was to be expected from a physical
standpoint.
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y-location

50 100 150 200 250 0 50 100 150 200 250 300 350 400 450
. Dose [Gy]
z-location

(a) Slice 75 of the dose map. (b) Squared standard error [Gy?] as a func-
tion of the dose [Gy].

Figure 2.3: Beamlet in water (N = 10°, n, = 100).

To better grasp this point, let us briefly examine the photon physics. First of
all the interaction between a photon and the matter is uncertain: the number of
interactions follows a Poisson distribution of parameter A. Moreover, after a photon
interacts, it is often scattered and can be considered as leaving the photon beam.
The mean deposited energy per interaction is approximately constant with depth.
Based on this short reasoning, the mean dose in a voxel i, referred to as D;, can be
written as,

D; = B\, (2.4)

where [ represents the mean deposited dose due to an interaction, which is approx-
imately constant in a homogeneous medium, and J\; is mean interaction number in
voxel 7. Since the mean equals the variance for a Poisson process, it comes

and the linear relationship between variance and dose is found. Note that this
reasoning is based on a simplified view of the interactions between photons and
matter and that other mechanisms should be taken into account to obtain a better
estimate of the dose.

A similar reasoning cannot be used with protons in view of the two next remarks.
Firstly the interaction of protons with matter is continuous and does not occur at
some discrete time, as with photons. The delivered dose is not constant at all: it
depends on the stopping power, which varies with the energy of the beam and with
depth . In other words, the delivered dose will be different every time a proton
interacts with matter. Those two elements lead to a non linear relationship between
dose and variance, which is observed in Figure [2.3b]

Uncertainty shape analysis

As mentioned earlier, the data seem to be organized along two lines of different
slopes. This begs the following question: to which voxels in the original dose map
corresponds the points along both lines?
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To answer this question, a value equal to 1 is assigned to the voxels corresponding
to the data points coloured in red in Figure , while a very small value (i.e., 0.05)
is assigned to the voxels corresponding to the blue points. The obtained map is
plotted in Figure 2.4b} the voxels corresponding to the red (resp. blue) dots are
given in yellow (resp. light blue). The zero dose voxels are given by the dark blue
region. From this it appears that the red dots correspond to the voxels before the
beam stops, where the Bragg peak occurs. Note that a similar pattern is obtained
when the nuclear interactions are not simulated; the described phenomenon is hence
not due to the nuclear interactions. The same procedure is repeated, but this time

02+ . }
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& 0.1F ;
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0 L L L L L L L -
0 50 100 150 200 250 300 350 400 450 o
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(a) Squared standard error [Gy?] as a func- (b) Projected map.

tion of the dose [Gy]. Same data as in Fig-

ure

Figure 2.4: Classification of the voxels for a beamlet in water (N = 10°, ny = 100).

with another simulation configuration: two beamlets are now simulated in water

(see Figure 2.5)).
As can be seen in Figure a simi-

lar pattern is obtained when plotting the

dose versus the squared standard error,
. 200 i.e., a v-shape. Classifying the voxels
as done earlier, the same conclusion can
150 be drawn: the red points correspond to
the voxels where the Bragg peak occurs
. (see Figure [2.6b). '
Based on these two experiments, the
200 existence of two types of uncertainties is
% gsuspected in the case of protons. The
250 first uncertainty type corresponds to
0 low stopping power: an error in this

—
=
(==}

y-location
g

50 100 150 200 250
2-location range has small consequence for the fi-

nal dose map, as low doses are deliv-
ered, hence leading to smaller uncertain-
ties. This gives the line with the small-
est slope. The second uncertainty type
corresponds to high stopping power: in this case, small position differences between

Figure 2.5: Two beamlets in water, slice
75 (N = 105, ny, = 100).
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two dose maps have huge impact, as the delivered dose is very large. This therefore
gives the line with the largest slope.

15

10

=

0 50 100 150 200 250
Dose [Gy] 50 100 150 200

(a) Squared standard error [Gy?] as a func- (b) Projected map.

tion of the dose [Gy].

Figure 2.6: Classification of the voxels for two beamlets in water (N = 105,
ns = 100).

Influence of an inhomogeneous medium

The purpose of this section is to examine the shape of the graph dose versus variance
when the particles are travelling in a medium with different densities. As said earlier
it has been noticed in that lines of different slopes are observed for voxels of
different densities in the case of photons and electrons; a similar effect is expected
for the protons.

A third experiment where a single beamlet goes through the lung of patient is
performed. The density map and the beamlet are displayed in Figure 2.7b] The
resulting graph variance versus dose is given in Figure As expected, the data
points are much spread. The above-mentioned v-shape can still be observed.

Multiple beams in an inhomogeneous medium

The most general situation is now studied, namely multiple beams are simulated
into the human body. In the first place, the same density map as in the previ-
ous experiment is used; a treatment plan computed with Eclipse is simulated with
MCsquare (see the axial view in Figure . The resulting variance/dose graph
is shown in Figure [2.8b, Secondly, a treatment plan computed with RayStation is
simulated in the prostate patient (see Figure . The variance/dose graph is in
Figure [2.9b

For both simulations, the two lines observed earlier are now difficult to see.
Instead, a cloud of points is observed; this cloud seem to be delimited by two lines,
as shown in red in Figure [2.9b, This is however very approximate.



14 Chapter 2. Noise quantification

240
220
200
180
160
140
120
100
80
60
40
20
0

(b) Axial view (slice 75).
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Figure 2.7: One beamlet in an inhomogeneous medium (N = 10°, n, = 100).
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(b) Axial view (slice 75).

(a) Squared standard error [Gy?] as a func-
tion of the dose [Gy].

Figure 2.8: Lung plan (N = 10°, n, = 100).

Discussion

All the discussed examples point out the fact that there is no linear relationship
between dose and variance in the case of protons. However, a particular pattern
seems to be frequently observed, namely data points organized between two lines.

Hence, although no linear relationship is observed, this proportionality-based
approach can potentially be used for noise quantification. One possibility would be
to quantify the noise with the slope of the two lines that delimit the data points (for
instance the full red lines in Figure . Another approach would be to quantify
the noise using the slope of a line in the middle (for instance the dotted red line in
Figure and a measure of the dispersion along this line. Note that, with the
two suggested methods, a high number of batches n, needs to be used, otherwise,
many outliers appear and the uncertainty is over-estimated.

If such methods work, it would allow the quantification of the noise using a
measure representative of the entire distribution. This is an advantage compared
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Figure 2.9: Prostate plan (N = 107, n, = 100).

to the previous approach, i.e., histogram-based measure. Hence, we emphasize that
this method should be further investigated with other test cases.

2.5 Conclusions

Two approaches for quantifying the noise in MC computed dose maps have been
tested in this chapter. Both approaches rely on the batch method to estimate the
standard error in each voxel of the considered dose map. The challenge is to find
the measure that best summarises the error in all voxels.

Regarding the histogram-based method, it has been concluded that the 95th
percentile of the standard error is the most suited measure as it gives relevant
information about the whole distribution, and more specifically about its tail.

The second approach was not conclusive: it was indeed found that the relation
between variance and dose is not linear for proton beams. Consequently no propor-
tionality coefficient can be used to quantify the noise. However a particular pattern
seem to be frequently observed: the data points are spread between two lines. We
make the hypothesis that these two lines are linked to different types of uncertainties
(corresponding to high and low stopping power). Hence this method could poten-
tially be used for noise quantification. It should be further investigated with other
test cases.

As a final conclusion, the 95th percentile of the standard error will be used as
standard measure to quantify the noise in the remaining of this work.



CHAPTER

Local and wavelet filtering

3.1 Introduction

In this chapter, we propose a solution to the problem described in the introduction,
namely the reduction of the noise present in MC computed dose maps. Our solution
relies on filtering methods: a filter is a post-processing step that is used to remove
unwanted components. Of course, by removing image components, we also risk to
remove useful information and hence to introduce bias in the data. The trade-off
noise versus simulation time discussed earlier is now transformed into a trade-off
noise versus bias.

More specifically, two local filters are studied in this chapter, i.e., the Gaussian
and median filters. For both filters, the denoising process of a pixel is performed
using its neighborhood, hence their categorization as local. A third filter, called the
wavelet threshold denoising, is also studied; this technique cannot be categorized as
a local filter, it belongs to the Wiener-like methods, which proceed by a threshold
on space-frequency coefficients. All the mentioned methods are inspired by image
processing methods.

The plan of this chapter is the following. Before describing the methods in details,
we introduce in Section [3.2] the accuracy criteria used to evaluate the performances of
the tested techniques. These criteria will also be used in the next chapter. Methods
are then explained and tested in Sections and [3.4 The goal here is not to
examine all aspects of MC denoising, but rather to inspect the quality of the filtered
dose maps in terms of specific denoising metrics. Discussion and conclusions can be

found in Sections 3.5 and [3.6]

3.2 Accuracy criteria

To assess the performance of the studied filters, one needs to use multiple denoising
metrics. These are described in this section, along with their purposes. Remark
that, as we possess benchmark dose maps, which are simply obtained by simulating
a high number of particles, full-reference metrics can be used. Direct comparison
with the reference dose map makes the image quality assessment very reliable. Most
of the following accuracy criteria have been introduced by Kawrakow in [6] and have
become standards in this domain.

1. Visual inspection — Examining the filtered dose map with the human eye di-

rectly tells us if the used algorithm yields poor results, e.g., information loss,
over-smoothing or presence of artifacts. Isodose lines or dose profiles may also

16
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be inspected. Additionally, looking at the difference between the filtered and
noisy dose maps (i.e., the data removed during the denoising process) may be
interesting: ideally this substraction should yield an image of the noise only, it
should not present any structure.

Visual inspection is, however, subjective and inaccurate, it is thus not sufficient
to judge the performance of a filter.

2. Mean squared error (MSE|) comparison — The mean squared error is the
square of the Euclidean distance between the benchmark dose map z, and the
filtered dose map zy, i.e.,

1 N
MSE(z,,zf) = N > (s — x44), (3.1)

=1

where the index ¢ denotes the ¢th pixel and N is the number of pixels in the dose
map. A smaller MSE indicates that the estimate is closer to the reference dose
map. This numerical quality measurement is objective, since it does not rely on
any visual interpretation, and is simple and inexpensive to compute, which makes
it attractive.

With the MSE, it is assumed that all the pixels of an image are equally important.
This assumption is false in our case since we have little interest in low or no
dose samples. To address this issue, only the pixels whose dose value are above
10% of the maximum dose in the benchmark image will be taken into account
for the MSE computation. Also, the MSE considers constant variance for all
doses and, as shown in the previous chapter, this assumption is not verified here.
Finally, as reported in [11], a small MSE does not assure a high visual quality.
Consequently, one should not rely on the MSE only. It reflects however well the
relative performances of the algorithms.

3. Edge preservation index (EPI) comparison — This is used to control whether
the edges of the structures are preserved after the filtering process [12]. Let vy,
and y; be the edge maps of the benchmark and filtered dose maps respectively;
such an edge map is obtained by using for instance a Laplacian filter. The edge
preservation index is then computed as

N
X (Ui = Uri) (Yri — i)
EPI(z,,2f) = = ~ : (3.2)
> Wri — Yri)? X (Wi — Ura)?

i=1 i=1

where s stands for the mean value of s. This equation is in fact the correlation
between the signals y, and y, it measures how similar two signals are. This index
varies from 0 to 1: the closer to 1, the better the edges are preserved.

Edge preservation is important since biased knowledge about edges might impact
the surrounding healthy tissues, which must be avoided as far as possible.

4. Dose volume histograms (DVHES) comparison — As explained in the first
chapter, the DVH is one of the tools used by the clinician to evaluate a treatment
plan. It is then only natural to assess the quality of a filter based on this metric.
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More specifically, the Lo-norm of the difference between the reference and filtered
DVHs, denoted by [[ADVH][s| will be analysed. Also, we will compare the ex-
treme values of the DVH, namely the and the [Dys] Doing so, information
about the tails of the curve is taken into account.

5. Energy conservation — If a filter removes useful information, instead of only
reducing the noise, then the data are biased. To verify that a filter does not yield
biased dose maps, one possibility is to control that the total energy is conserved
after filtering. Indeed, physically, the total dose must not be conserved, but
the energy must. The energy map is easily computed based on the dose map:
the latter must simply be multiplied by the density map. Then, we study the
ratio between the total energy extracted from the filtered dose map and the total
energy from the reference one. Ideally this ratio must be equal to 1.

6. 95th percentile uncertainty — We will also use this measure, defined in Chap-
ter [2 in order to quantify the standard error of the sample mean. Computation
will be done based on 10 different dose maps. Recall that we refer to this measure

by 5X,95-

3.3 Methods

The studied denoising methods are presented in this section. The two first meth-
ods, namely Gaussian and median filters, are basic filtering techniques that are
widely used in image processing [13]. Their two- and three-dimensional versions are
described. Afterwards we consider a more advanced technique, called the wavelet
threshold denoising, investigated by Deasy et al. in the radiation therapy context
in |7). Finally we describe a variance-stabilizing transform which is used to deal
with the Poisson nature of the noise.

3.3.1 Gaussian filtering

The Gaussian filter is a linear smoothing operator that can be used to reduce the
noise of an image. The idea behind it is to replace every pixel of the dose map with
a weighted average of its neighborhood.
For instance, in Figure the 3-by-3 neigh-
borhood of pixel ¢ is represented in blue; with the
3-by-3 neighborhood Gaussian filter, the value of 7 is approximated by
o a weighted sum of the values in the blue window.
pixel i +— N The size of this neighborhood can be modified,
~—] this is the first parameter of the Gaussian filter:
the larger the size, the more blurred the filtered
image.
The weight associated with each neighbor is
computed based on the Gaussian distribution,
which has the following form in two dimensions:

Y

Figure 3.1: Pixel grid with pixel G(z,y) =
¢ and its 3-by-3 neighborhood.

1 2 2
T4y ) (3.3)

2mo? P ( 202



Chapter 3. Local and wavelet filtering 19

where o is the standard deviation of the distribution. This is the second parame-
ter of the filter, it controls the spread of the distribution and hence the degree of
smoothing of the filter: the larger o, the more smoothed the image. The weights of
the filter are computed by producing a discrete approximation of this distribution
over the neighborhood. Given the shape of the distribution, it is clear that the
weight corresponding to the central pixel (i.e., here pixel 7) is the highest, relative
to its neighborhood.

In fact, the Gaussian filter amounts to a convolution of the image with a Gaus-
sian kernel.

The extension to a three-dimensional filter is direct: it suffices to take a 3D
window and to compute the weights based on the 3D Gaussian distribution.

3.3.2 Median filtering

The median filter is another basic filter often used in image processing. Unlike
Gaussian filtering, it is a nonlinear technique. It works similarly as the Gaussian
filter, the only difference is that each pixel is replaced with the median value of its
neighborhood, instead of a weighted average of the neighborhood. Recall that the
median of a set is the value that separates the higher half of the set from the lower
half. The only parameter of this filter is the size of the neighborhood. Again the
extension to 3D is direct.

Under certain conditions, the median filter is known to better preserve the edges
of the structures in the image than the Gaussian filter [14]. This claim will be
verified in the next section.

3.3.3 Wavelet threshold denoising

Before detailing the wavelet threshold denoising method itself, let us briefly
explain what wavelets are and why they are useful in this context.

One must know that wavelets are basis functions, satisfying some mathematical
properties, used to represent functions or data [15|. In the present work, wavelets
are used to represent the dose distributions: for instance, for a N x N dose map,
the value of the dose D in pixel (i, j) is approximated by means of wavelets v, .,
ie.,

N N
= Z Z ConnPrmn (1, 7)), (3.4)

where c¢,,, are the wavelet coefficients. This can be seen as the transformation of
the dose distribution into the wavelet space: this first step is called the discrete
wavelet transform . There exists various wavelet families, e.g., Haar, Leg-
endre or CDF. In the following the 9,7-biorthogonal symmetric wavelets are used
(shown in Figure : with this wavelet family, the discrete wavelet transform can
be efficiently computed using the so-called lifting scheme [16].

The benefits of wavelets for denoising can now be explained: it appears that the
wavelet transform concentrates the image features in a few large-amplitude wavelet
coefficients, while the remaining small-amplitude wavelet coefficients carry mostly
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Figure 3.2: FExamples of
9,7-biorthogonal symmetric
wavelets.

noise. We say that the transform has a localizing property. Hence, noise can be
reduced by shrinking or even removing the small-amplitude coefficients, without
affecting the quality of the main image features. We will refer to this second step
as coefficients thresholding.

Regarding the thresholding, we must define the threshold function and value.
These will greatly impact the denoising process, especially the threshold value ¢:
too small a value will result in poor denoising performances while too high a value
might bias the data. Here we use hard thresholding [17], which is described by the
following function:

_)oa it |z >t
() _{ 0 if |z <t. (3:5)

The threshold value ¢ is chosen as a percentage [f] of the wavelet coefficient maximum
Comax, €.8., all coefficients under 6 = 10% of ¢,y are thresholded. Various percentage
values will be tested during the experimentation part.

Also, we add without delving into the details that a multiresolution wavelet
transform is done, meaning that the computed wavelet coefficients are associated
with different scales of the image. In short and simplified, some wavelet coefficients
correspond to the large scale features of the image while other correspond to the
small scale features. As the largest scale coefficients contain the overall shape of the
dose distribution (and hence no noise), it is kept untouched during the thresholding
step [1§].

After the thresholding step, the dose distribution can be reconstructed by sim-
ply performing an inverse discrete wavelet transform on the thresholded coefficients.
This is the last step of the denoising process.

The complete procedure is summarized in three steps:

1. Computation of the discrete wavelet transform of the dose map.

2. Wavelet coefficients thresholding.

3. Computation of the inverse discrete wavelet transform to reconstruct the
dose map.
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Additionally, note that orthogonal wavelet transforms are not translation invari-
ant; this means that the processing of an image and a translated version of the image
give different results. To remedy this issue, spin-cycling is performed, i.e., we use
the denoising technique on the original image and on the eight images shifted by one
grid point and average the results. It has been shown that the use of spin-cycling
reduces small artifacts introduced by the wavelet transform [7]. The extension of
this method to three dimensions is not studied here. When the W'TD is applied to
a 3D dose map, it is done on a slice-by-slice basis.

3.3.4 Variance-stabilizing transform

As already mentioned in Chapter [2, dose distributions obtained with Monte Carlo
simulation are corrupted by scaled Poisson noise with varying scale. Instead of deal-
ing with the denoising problem by taking the noise statistics directly into account,
it can also be approached indirectly through variance stabilization. This technique
is explained in this section.

Let X be a random variable following a Poisson distribution. Hence the mean
of X, denoted by E[X], is equal to its variance. This fact complicates the denoising
process as there is a correlation between the variance of the noise and image data.
To address this problem, the idea is to apply a transform A such that the variance
of A(X) becomes approximately constant. This transformation was proposed by
Anscombe [19],

A:X — VX (3.6)

Under this transform, A(X) is approximately a normal random variable with mean

2,/E[X] and variance 1. In a nutshell, we can say that this transform gaussianizes
the noise. This is useful for denoising as an image with approximately Gaussian
noise with known variance is easier to filter [20]; indeed, there is in principle no
correlation between the variance of the noise and the image data anymore.

After the application of this transform, the denoising methods discussed above
can be used. The data are then reconstructed with the inverse Anscombe transform.
Hence, in the experimentation part, the next three-steps procedure is followed:

1. Application of the Anscombe transform to the noisy dose map.
2. Filtering using the methods described in the previous sections.
3. Application the inverse Anscombe transform to the filtered dose map.

3.4 Results

To assess the performances of the above described filters, wet set up a denoising
experiment based on two test cases given in Chapter[l} Only the results obtained for
the lung patient are shown here as both test cases lead to similar conclusions. In the
first part, we study the two-dimensional version of the methods: each slice of the dose
volume is treated independently for the other. Then, in the second part, the three-
dimensional Gaussian and median methods are tested. Better performances are
expected with 3D filters, as more information about the neighborhood is used. The
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variance-stabilizing transform explained in Section is applied in combination
with each filter.

For the Gaussian and median filters, built-in MATLAB functions were used. We
implemented the WTD method, using codes from [21] for the forward and backward
discrete wavelet transforms.

3.4.1 Two-dimensional study

Figure[3.3]shows the isodose contours obtained with various filters. It is seen that the
three algorithms produce smooth isodose lines, despite all the noise present in the
original noisy dose map. This is particularly true for the WTD method, the contours
even seem slightly over-smoothed. Noise is still present with the Gaussian and
median methods; small speckles can be seen in the bottom right corner. Additionally,
some edges are not recovered with these two methods, e.g., the transition between
the large spot in the center and the right beam.

reference noisy

Gaussian 3 x 3,0 =1 median 3 x 3 WTD 6 =0.6

\ \

Figure 3.3: Isodose lines for various 2D filters (lung patient, slice 60).

For the WTD method, Figure [3.4] gives the value of accuracy measures with
respect to the threshold, and more specifically with respect to 6, defined as the
percentage of the wavelet coefficient maximum. We recall that, in the current im-
plementation, the high-scale wavelet coefficients are not thresholded during the pro-
cess. Hence, it makes sense to let 6 vary from 0 to 1. Two observations are done
based on this figure. Firstly, the optimal # is approximately equal to 0.6 based on
the mean squared error. Secondly, using a f-value larger than 0.6 does not have a
huge impact on the measures: the MSE slightly increases while the other measures
are almost constant. Selecting the exact optimal value of # is therefore not crucial
here.
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Table gathers the accuracy values attained with the filters for various pa-
rameters. Note that the energy conservation ratio, mentioned in Section is not
given in the table as the ratio was found to be nearly equal to 1 for each test, hence

indicating no bias.
= Se—o—o= 100 I

o | ADVH]|, |
0.6 2 | i
—o— MSE 20
——EPI
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Figure 3.4: Wavelet threshold denoising — Resulting accuracy criteria values for
different thresholds, computed as a percentage # of the wavelet coefficient maximum.

Table shows the results when the two parameters of the Gaussian filter,
namely the filter size and the standard deviation o, varies. The best scores are

MSE | EPT [[JADVH[| | sx 5

noisy 0.56 | 0.48 138 0.73
Gaussian filter (2D)

3x3,0=05| 029 | 0.61 101 0.53
3x3,0=1 0.20 | 0.74 94 0.38
3x3,0=2 0.20 | 0.70 98 0.37

O9x5,0=1 0.22 | 0.76 113 0.33
Median filter (2D)

3x3 0.26 | 0.56 94 0.46
5x5 0.37 | 0.50 134 0.38
WTD (2D)

§=0.1 0.33 [ 0.51 68 0.50
=06 0.23 | 0.67 53 0.29
=1 0.26 | 0.67 53 0.29

Table 3.1: Comparative values for different two-dimensional filters with varying
parameters (274 x 274 x 162 dose map, lung patient).

obtained for a 3 x 3 filter with ¢ = 1. For ¢ < 1, the outcome is noisy while for
o > 1, it is over-smoothed, as indicated by the EPI. A 5 x 5 filter size yield good
MSE, EPI and uncertainty values but a high error in the DVH. Median filtering
strikingly underperforms compared to the other methods. The WTD method yields
the smallest error in DVH and 95th percentile uncertainty; resulting MSE and EPI
are however slightly inferior than with Gaussian filtering. Remark that the experi-
ments have been performed both with and without using the Anscombe transform:



24 Chapter 3. Local and wavelet filtering

no significant improvement is observed by using this transform, except for the MSE.
However, as all the measures are slightly improved, we continue to use it.

Figure displays the DVHs extracted from the reference, noisy and filtered
dose maps. We naturally want the difference between the reference and filtered
DVHs to be minimal. As can be seen, the WTD method yields the best perfor-
mance. The deviation of the Dgs and Dgs from the reference value is the smallest.
The Gaussian and median curves are almost exactly on top of each other.

100 Figure 3.5: DVH cor-
responding to lung pa-
80 tient with noisy, refer-
_ ence, Gaussian (3 X 3,
~ == 1101S :
X 60l | referyence o = 1), median (3 x 3)
= 40| | — Median (2D)
- — WTD
20 |-
0 l l l l l l l l | | i -l
40 42 44 46 48 50 52 54 56 58 60 62 64

Dose (Gy)

Regarding the computation time, the Gaussian and median algorithms generate
the filtered dose map instantaneously (less than 1s). The DWT method takes slightly
more time (approximately 2.5s).

3.4.2 Three-dimensional study

The 3D Gaussian and median filters are investigated in this section. Table gives
the resulting accuracy measures for various filter parameters. Corresponding isodose
lines are shown in Figure 3.6, For both methods, it is seen that the results are not
strikingly better than in the two-dimensional case. In general smaller MSE, EPI
and sx g5 values are observed.

Gaussian filter (3D)

3x3x3,0=04] 036 |0.55 112 0.59
3x3x3,0=05] 020 |0.68 91 0.42
3x3x3,0=1 0.15 | 0.78 110 0.23
Median filter (3D)
3x3x3 0.20 | 0.64 114 0.30
5x5xh 0.47 | 0.63 196 0.19

Table 3.2: Comparative values for different three-dimensional filters with varying
parameters (274 x 274 x 162 dose map, lung patient).
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A smaller window size must be taken, it leads otherwise to an over-smoothed
dose map where some edges totally disappear; see for instance the isodose contours
obtained for median filter with a 5 x 5 x 5 filter in Figure [3.60 Remark as well
that the edge linking the central dose spot and the right beam is not retrieved, with
neither Gaussian nor median filter. Only the two-dimensional WTD succeeds in this
task.

(GGaussian Gaussian
3x3x3,0=05 3x3Ix3,o=1 Median 3 x 3 x 3 Median 5 x 5 x 5

L

v 0 0 0

\ \ \ \

] o 4

Figure 3.6: Isodose lines for various 3D filters (lung patient, slice 60).

Figure[3.7/shows the DVHs extracted from the Gaussian and median filtered dose
maps. The curve extracted from the WTD map is also shown for comparison; note
that the WTD is applied on a slice-by-slice basis. We see that the latter performs
better than both 3-dimensional methods.

100
80
= - == noisy
60 [ |--- reference
g Gaussian (3D)
'—'g 40 — Median (3D)
-~ — WTD (2D)
20
0 I I I I I I I I I L
40 42 44 46 48 50 52 54 56 58 60 62 64

Dose (Gy)

Figure 3.7: DVH corresponding to lung patient with noisy, reference, Gaussian

(3 x 3 x3,0=0.5), median (3 x 3 x 3) and WTD (¢ = 0.6).

The 3D Gaussian filter runs in less than 2s while the 3D median filter runs in
approximately 23s (both for a 3 x 3 x 3 filter size).
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3.5 Discussion

Relative algorithm performances strongly depend on the ranking metrics. For in-
stance, regarding the two-dimensional methods, the Gaussian filter yield the best
scores based on the mean-squared error, the edge preserving index and the 95th
percentile uncertainty. However, if we focus on visual inspection of the isodose con-
tours and on the DVH curve, the wavelet threshold denoising method appears to
be superior. It is thus difficult to declare a winner in absence of a more definite
preference for one metric over another. Still, since the WTD algorithm also shows
good scores for MSE, EPI and sx g5 — these are slightly less good than the metrics
obtained with the Gaussian filter, as seen earlier — we can say that it outperforms
the other filters in general.

The threshold used for wavelet denoising has been selected in a rather heuristic
manner. Other more sophisticated methods exist, such as SUREShrink, VisuShrink
and BayeShrink [22]: they aim the minimization of a specific criterion. Such methods
could be used to further improve the wavelet denoising. However, as described in
the results, selecting the optimal or a near-optimal value has no huge impact on the
accuracy metrics.

Computation time for 2D methods is negligible (especially compared to the
Monte Carlo simulation time).

Finally, scores obtained with 3-dimensional methods are surprisingly not far
better than with the 2-dimensional methods. The Gaussian filter outperforms once
again the median filter based on every denoising metrics. Additionally, the Gaussian
filter runs instantaneously while the median filter takes about 23s to produce an
output.

The 2D WTD still surpasses the 3D Gaussian methods regarding isodose lines
smoothness and shape and error on DVH. This supports the implementation of the
3D wavelet filter in order to further improve the performances of the algorithm.

3.6 Conclusions

The first — basic but important — conclusion is that filtering techniques indeed reduce
the noise present in dose maps. The time needed to achieve this task is undoubt-
edly smaller than the time required by the MC simulation with higher number of
particles. Filtering is thus a useful post-processing step which can be used to im-
prove isodose line smoothness and dosimetric accuracy, at almost no cost. Hence
MC denoising is a desirable component of the proton therapy treatment planning.

Relative algorithm performances strongly depend on the ranking metrics. All
these metrics are necessary to evaluate the performance of denoising methods. If
all the accuracy criteria are taken into account, the wavelet threshold denoising
method yields the best results overall. As expected, three-dimensional methods
yield (slightly) better results. This encourages us to test other 3D methods.
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Non-local filtering

4.1 Introduction

As the study of filtering techniques in the previous chapter was conclusive, we con-
tinue in the same direction in the present chapter. Our attention turns to a po-
tentially more efficient filter type, namely non-local filtering. In particular, the use
of the so-called non-local means filter is investigated for MC computed dose dis-
tributions. This method, as well as the proposed improvements, are described in
Section [4.2] Results are reported and discussed in Section [£.3] A final comparison
between this filter and the ones studied on the previous part is made in the last
chapter.

4.2 Methods

4.2.1 Non-local means denoising

The non-local means (NL-means) filter has first been introduced by Buades et al.
in 2005 [23]. It relies on a simple principle: replacing a pixel value with a weighted
average of similar pixels. Two pixels are said to be similar if both pixels, along with
their neighborhood, have a comparable dose level. As there is no reason to assume
that similar pixels will be located close to each other, a search for the closest pixel
values must be done across a vast portion of the pixel grid. Hence the NL-means
filter tries to take advantage of the high degree of redundancy of a whole image.

This technique could be highly powerful in the present context since there exist
a lot of analogous patterns in the dose maps. Think for example of a beam traveling
through water, the resulting dose map shown in Figure presents plenty of similar
patterns, which are not exclusively located near each other.

Figure 4.1: Example
of similar patterns in a
dose map (corresponding
to one beam in water).
The red box is the en-
vironment of a selected
pixel ¢ and the white
boxes are the detected
patches similar to i.
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Algorithm

Let us now describe the method in details: given a discrete noisy image v = {v(i) |
i € I}, the estimated value N L[v](7), for a pixel ¢, is computed as a weighted average
of all the pixels in the image,

NL[)(i) = > w(i, j)v(i), (4.1)

jEI

where the weights w(i, j) depend on the similarity between the pixels ¢ and j and
are such that 0 < w(i, j) <1 and >, w(i, j) = 1.

The similarity between pixels ¢ and j is computed based, not only on the value
in a single point, but on the whole neighborhood of 7 and j. Let N denotes the
neighborhood (also called the similarity window) of pixel k: it is a square window of
fixed size centered at k. Its half width is denoted by [f] its full width is thus 2f + 1.
The similarity between i and j depends then on the similarity between v(/N;) and
v(Nj). Remark that comparing the value of a whole neighborhood instead of a single
point makes the method more robust.

The similarity is measured using the weighted Euclidean distance, || v(N;) —
v(Nj) |5,, where a > 0 is the standard deviation of the Gaussian kernel. The
weighted distance is needed as every pixel of the similarity window has not the same
importance: the central pixel for example will have the highest weighting in the
similarity measure relative to its neighbors.

The weights of Equation are then defined as,

1 I vN:) = v(NG) 5.0
wliv i) = gy e ( = ) (42)
where C'() is a normalizing constant. Pixels that are similar will consequently have
larger weights in the average. The filtering parameter |h controls the decay of the
exponential and hence the decay of w(i, ).

It follows from the above description that, for each pixel ¢ € I, we must com-
pute its similarity with every other pixel j € I. Suppose that we are dealing with a
d-dimensional dose map, where d = 2 or 3 in this work, of size N¢. Then, this means
that N4 x N9 x (2f + 1)? operations are required for the weight computation. As
this calculation is computationally intensive, the research region for similar pixels is
restricted to a search window of size (2s+1)%, which is much smaller than the whole
image. The overall complexity of the algorithm is then N x (2s + 1)? x (2f + 1)%.

The different elements of the method are summarized in Figure [4.2]

Remarks and improvements

As reported in [23], the NL-means algorithm yields very good results. However
the method is slow: even when the search area is limited to a 5 x 5 window, the
method takes more than 30s to denoise a 512 x 512 image with a 3 x 3 similarity
window. This is problematic in our situation as the goal is the denoising of a 3D
volume within a limited time. Hence we obviously need to find a way to speed up
the method.
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search window (2s+ 1) x (2s+ 1)
similarity window (2f + 1) x (2f +1)

BN
N

A .
pixel ¢

Figure 4.2: Schema of the NL-means method (s = 2, f = 1). The orange arrow
gives the movement of the similarity window across the search window.

As a second comment, observe that the use of a search window in the algorithm
amounts to searching similar pixels in a larger neighborhood, but still locally. This
means that, despite its name, the non-local means algorithm is local. To benefit
from the full power of the algorithm a search through the whole image should be
performed.

We therefore face two challenges: make a search across a larger region while
reducing the computation time of the process. Our solution is based on two in-
gredients: firstly we take advantage of the data we are using in order to reduce
the number of pixels to filter. Secondly we use a data structure suited for nearest
neighbor search in high dimensional spaces, namely the vantage point tree (vp-tree).
Before further detailing the proposed algorithm, let us briefly examine the vp-trees
and the motivation to use these.

4.2.2 Vantage point trees

Before considering the vantage point tree, let us look into the Nearest Neigh-
bor problem. The latter can be formulated in the following way. Let S
be a d-dimensional metric space and Sp C S be a finite subset that represents the
database against which NN queries are made. For a query ¢ € S, the NN problem
consists in finding a single minimally distant member of Sp. This may be written
as NN(q, Sp) [24].

In the present context, S is the Euclidean space R?/ “)d, where d = 2 or 3, as
will be shown in Section [4.2.3l The subset Sp will be referred to as the similarity
set. The dimension of S increases rapidly with the size of the similarity window,
e.g., for a 3 x 3 x 3 similarity window, its dimension equals 27. Hence S is a high
dimensional space.

In order to efficiently perform the NN search through the similarity set, the latter
must be somehow organized. This is where the vantage point tree comes in. The
vantage point tree is a data structure used to organize general metric spaces such
that the K nearest neighbors (K-NN search) of a query can be efficiently found.
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The structure is especially valuable when working in high dimensional spaces.

To build the vp-tree, the first step is to select a data point (i.e., the vantage
point) in the space. This point can be randomly chosen. Then the data points are
partitioned into two parts: half of the data points are enclosed in a hypersphere
with the vantage point as center and radius pu, this creates the inside subtree, while
the other half of the data points are outside this hypersphere, forming the outside
subtree. The radius p is the distance from the vantage point to the median value
of the data set. In Figure [£.3] this first partitioning corresponds to the salmon pink
curve and hence to the root in the associated tree.

Source: [25].

> Figure 4.3: Vantage point

tree. Tree data structure and

) corresponding space partioning.
JARN\®

The inside and outside subtrees are then further divided by recursively applying
this procedure: in Figure this leads to the cyan curves, then to the yellow one,
etc. Doing this, we obtain a structure where neighbors in the tree are likely to be
neighbors in the space.

The K-NN search through the vp-tree is a recursive branch-and-bound tree
search in which a variable keeps track of the closest neighbors yet encountered.
For more details, we refer the reader to |24].

4.2.3 VP-tree based non-local means denoising

As pointed out in Section [4.2.1] improvements of the NL-means filter are necessary
in order to take fully advantage of its potential while keeping the computation time
acceptable in real applications. In this section a solution is proposed to tackle this
challenge. We first describe the main two additional elements on which our method
is based, namely pixel selection and vp-tree search. The complete algorithm is given
afterwards. In the following, the description is first provided for two-dimensional
filtering in the interest of simplicity. The generalization to 3D is given at the end of
this section.
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Pixel selection

Firstly we exploit the data type we are working with, i.e., dose maps. As already
mentioned earlier, there are plenty of low or null dose regions in a dose map. Since
we have little interest in these regions from a clinical point of view we decide to
only filter the pixels whose dose value is above a selected threshold. Doing this, the
number of pixels to process is drastically reduced.

In practice the pixel selection step is done by sliding a (2f +1) x (2f 4+ 1) window
across the pixel grid; if the sum of the dose values inside the window is above a
specified threshold, the dose values inside the window (also called a patch) are stored
together with the central pixel location. If not, the patch is not saved. Remark

that the selection window has the same size as the similarity window mentioned in
Section An example of this step is displayed in Figure [4.4

H

A

Figure 4.4: Pixel selection step. (Left) A selection window is slid across the pixel
grid. If there is enough dose, the pixel patch is stored (e.g., green windows). If not,
the pixel patch is not saved (e.g., red window). (Right) Resulting pixel selection.
White (resp. black) pixels are (resp. are not) selected.

Each selected (2f + 1) x (2f + 1) patch is stored as a (2f + 1) x 1 vector in
a matrix (as shown in the explanatory Figure . So, suppose that n patches are
stored after this step, each one corresponding to one pixel, then we end up with a
matrix P of size (2f + 1)% X n.

VP-tree search

After the pixel selection step we need to find, for each selected pixel, the [K] most
similar pixels (among the selected one). This problem can be reformulated as: for
each column p of P, find the K closest neighbors of p among P. Using the notation
introduced in Section we need to perform a K-NN(p,P) search for each p of
P. Note that the search is made in a space of dimension (2f + 1)?, i.e., the size of
the similarity window.

As explained earlier, the vp-tree is a data structure that is suited for nearest
neighbor search in high dimensional spaces. It corresponds thus well to our needs.
In this work, we used an implementation of the tree construction and NN search
initially written as part of the construction of K-NN graphs for clustering in [26].
It takes as input the matrix P and returns a matrix M of size K x n such that
the i-th column of M contains the index of the K closest patches of patch i (see

Figure [4.5)).
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eaCh patCh all the patCheS are K Closest neighbors
is vectorized combined in a matrix are found
position (i, 7)

of central pixel

search via vp-tree

/N

P=

K xn

2f +1)2 x 1 2f +1)2xn

Figure 4.5: Visualization of the steps and corresponding matrices. At the end of
the pixel selection step, each selected patch is vectorized leading to a (2f +1)? x n
matrix P. The indexes of the K closest neighbors of each column of P are then
found using the vp-tree structure, leading to a K x n matrix M.

During the search, every query is treated independently from the other, meaning
that the knowledge of the neighbors of a pixel is not used to find the neighbors of
another pixel. This allows the parallelization of the code with Open Multi-Processing
(OpenMP). We will come back to this comment in Section [4.2.4]

VP-tree based NL-means algorithm

After the pixel selection and the nearest neighbors search steps, the classical NL-
means algorithm, as given in Section [4.2.1] is performed. It only remains to mea-
sure the similarity of each patch with its neighboring patches in order to compute
the weights. Afterwards the central pixel value of each patch is replaced with the
weighted average of its neighbors, leading to an image where the noise is reduced.
The complete algorithm is given by Algorithm [1] below. In the remainder of this
text, this method will be referred to as [VP-NLM]/1.

Let us get back to the input arguments of the algorithm. Naturally, the input
image must be given. The size of the similarity window (and hence the selection win-
dow) is also specified: intuitively, the larger the window size, the more information
about the neighborhood is used and hence the more accurate the method is. How-
ever a too large window size might bias the filtered image. The filtering parameter
h can be adapted too: the higher its value, the smoother the image appears.

Finally the number of closest neighbors to be found K is specified: the more
neighbors are used, the better the denoising process. Note that, if a high number
of neighbors is searched, we risk finding neighbors that are not especially similar
anymore. Yet this is not a problem as the similarity of the neighbors is afterwards
calculated during the weight computation: hence an unsimilar neighbor will receive
a small weight and will not affect the quality of the image.

In order to study the complexity of the algorithm, suppose as before that you
have a N x N image. The pixel selection step makes it difficult to express the
complexity in terms of N, since the number of selected pixels n depends on the
image. One can only say that n = aN?, where 0 < o < 1. In practice, with our
data, we have n < N2, as will be shown later.

Tree construction executes in O(nlog(n)) time, and search is under some circum-
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Algorithm 1: VP-tree based non-local means denoising

1 Input :image I to be denoised, half width of the similarity window f,
filtering parameter i, number of neighbors K.
Output : denoised image I.

Boundary handling.
Pixel selection: for pizel i do

Take the neighborhood p; of pixel ¢

if sum p; > threshold then

‘ Store vectorized p; in matrix P together with pixel index .

end
VP-tree construction for database P.
K-NN(p;,P) search for each p; in P.
Classical NL-means algorithm: for p; in P do

Compute the similiarity of p; with closest neighbors.

Compute the weights w;.

Replace value of the pixel ¢ with weighted average of neighbors.

© 00 N O A wWN

- e e
w N = O

end

[y
S

stances and in the limit, O(log(n)) expected time for each query[T| [24]. Hence, the
search for similar patterns through the whole dose map requires O(nlog(n)) time,
whereas the search required O(N?) time for the initial version of the algorithm. The
weight computation requires afterwards O(n) operations.

VP-tree based NL-means algorithm (3D)

Note that we have described the improved algorithm in the two-dimensional case
for the sake of simplicity. However it can easily be generalized to 3D by using 3D
windows for pixel selection and similarity computation. Let f; = 2f+1 be the width
of a window. Then we must use f; X f; X f; selection and similarity windows.

For computational purposes, we restrict the search area along the third dimen-
sion, i.e., smaller 3D volumes are treated independently from each other. Indeed
treating the entire 3D volume all at once is computationally intensive and leads to
a lot of useless work in our case: as can be seen in Figure 4.6 one slice exhibits
plenty of redundancies, there is thus no need to explore the whole 3D volume to find
similar patterns. Also, the most similar patterns are most often located in the same
region. So, when searching for similar patterns of a pixel in slice 1, there is little to
be gained from scanning the last slice. In fact it appears from the experimentation
that the results are better when restricting the search to smaller volume.

As a consequence a new parameter f, is added for the 3D implementation in
order to give the size of the search window along the third dimension: for example
f» = 3 means that volumes of 3 slices are handled one after the other.

!'Note that the complexity is given here in the asymptotic case, i.e., as n — oo. This justifies
why it is independent of the dimension of the query and the number of neighbors to be found.
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Figure 4.6: Example of similar pixels selected using the vp-tree. The green dots
are the 100 closest neighbors of the red dot.

4.2.4 Accelerated VP-tree based NL-means algorithm

When analysing the time taken by each step of the previous algorithm we have
observed that the main part of the computation time is used to perform the nearest
neighbors search through the vp-tree. For this reason, we focus on the acceleration
of this step in order to further speed up the NL-means algorithm. We hope to have a
speedup large enough to allow the use of even bigger windows and hence to improve
the reduction of the noise in a limited time.

Let us come back to the following remark concerning the vp-tree search: during
the search, every query is treated independently from the other, meaning that every
search is a completely new search. Doing so, we do not exploit the symmetry of the
relation « is close to » (if 7 is close to 7, it follows that j is close to 7). Our idea is to
take advantage of this symmetry to accelerate the search through the vp-tree. This
is done as follows: after having found the nearest neighbors of pixel i, we attribute
the exact same neighbors list to the identified neighbors. Let us clarify this with the
example based on Table 4.1; in this example, the nearest neighbors of pixel a are
{b, ¢,d}. The same neighbor list is then attributed to b, ¢ and d (except at the place
of the query itself, which is replaced by a). The work of finding the closest neighbors
in the tree for b, ¢ and d is thus avoided. Note that parallelization during the search
is more complex in this case, as the queries are dependent from each other.

a ble|d

b al|lbl|b
—

c clalc

d d|d]|a
Table 4.1

With this algorithm, it is recommended to use a relatively small number of neigh-
bors. Indeed the more neighbors are used, the faster the method goes but the more
approximate it becomes. Note once again that a bad neighbors choice does not bias
the dose approximation since a weight based on the similarity is associated with
each neighboring values; it only reduces the denoising power of the method.
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It is worth emphasizing that j being the closest neighbor of i does not imply
that ¢ is the closest neighbor of j or, in other words, the relation « is the closest
neighbor of » is not symmetric. This means that, by applying the above rule, a list
of (hopefully close) neighbors is attributed to some pixels, instead of the list of the
exact closest neighbors (as with the previous algorithm). Hence this method — that
we will call VP-NLM /2 — is a sub-optimal version of VP-NLM/1.

Regarding the complexity of this accelerated algorithm, a short reasoning sug-
gests that the number of searches to be performed is approximately divided by the
number of neighbors.
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4.3 Results and discussion

In this section, we test the proposed denoising algorithms based on two different
experiments : the first one consists in reducing the noise present in a 3D dose map,
it is thus similar to what has been done in the previous chapter. Results are reported
and discussed in Section [£.3.1] In the second experiment the aim is to reduce the
noise of a collection of beamlets; this will be explained and discussed in details in

Section [4.3.2

For the original version of the non-local means filter, a MATLAB implementation
written by Buades et al. is used. We improved it by implementing the two proposed
algorithms, namely VP-NLM/1 and 2, with MATLAB, based on the vp-tree code
given in [20].

4.3.1 Filtering a dose map

To assess the performance of the two described filters and evaluate the speedup
gained by using these filters instead of the standard NL-means filter, we set up a
denoising experiment with the two test cases given in Chapter [II The results are
assessed using the same quality metrics as in the previous chapter (see Section .

In the following, when a 2D filtering method is used to filter a 3D dose map, it
means that each 2D slice is filtered separately by the 2D method and then recom-
bined into a 3D volume. When a 3D method is used, we set f, = 3. The filtering
parameter h has been determined experimentally and set to A = 2.5 in both cases.

Results for the lung patient

Let us first report the results for the dose map corresponding to the lung patient.
The reference (resp. noisy) dose map is obtained by simulating 10® (resp. 10°)
particles using the fast Monte Carlo code MCsquare. The visual performance of the
methods is compared in Figure .7 The two-dimensional standard NL-means filter
is referred to as Buades. The 3D dose map has been filtered using Buades method
with a 3 x 3 similarity and a 5 X 5 search window in approximately 18 minutes. With
our new algorithms, we can afford to use a larger similarity window, here a 5 x5 x5
window is chosen. The filtered dose map is obtained in 10 minutes with VP-NLM/1
and 3 minutes with VP-NLM /2. The original method is thus significantly speeded
up.

It is clear that the VP-NLM algorithms yield improved dose maps: for example,
the red oval shape is not totally recovered with Buades, while it is perfectly recovered
with the two other methods. Also, the dots present at the right bottom corner in
the noisy image are almost completely removed by the VP-NLM methods. Hence,
as expected, using larger search windows can favor the reconstruction of an image
in some cases.

Regarding the differences between the outputs of VP-NLM/1 and VP-NLM/2,
we remark that the latter is noisier. This is especially apparent in Figure 4.8, where
the dose profiles along x = 180 are displayed: the last subplot corresponds to the
VP-NLM/2 filtered output which is less smooth than the other, especially towards
the end. We see here the impact of attributing the same neighbors list to multiple
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Reference

Noisy

Buades

VP-NLM/1

VP-NLM/2

Figure 4.7: Visual inspection of a slice of the dose map (lung data): (i) reference,
(ii) noisy, (iii) filtered dose map obtained with Buades with a 3 x 3 window using a
5 x 5 search zone, (iv) filtered dose map obtained using VP-NLM/1 with a 5 x5 x 5
window, K = 100 and (v) filtered dose map obtained with VP-NLM /2 with a 5x5x5
window, K = 30.
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Figure 4.8: Dose profile along x = 180 corresponding to the same methods and

parameters as in Figure The red line in the first subplot represents the cut.
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pixels. This figure shows once again the superior results obtained with VP-NLM/1:
observe that, with this method, the reference dose profile is almost fully retrieved.

Table displays the accuracy criteria for the same dose map when diverse pa-
rameter values are selected, i.e., different window sizes and numbers of neighbors K.
The two- and tree-dimensional versions of the methods are studied. As a reminder,
the used accuracy criteria are described in Section [3.2] The computation time is
given here as an indication.

Tlmlng [S] MSE | EPI ||ADVH||2 5X,95
noisy / 0.56 | 0.48 138 0.73
Buades (2D), h = 2.5
3x3 5x5 | 1110 [ 023 ]067] 62 [ 047
VP-NLM/1 (3D), h =25
3x3x3 f.=3 K=230 140 0.20 | 0.60 58 0.34
3x3x3 f.=3 K=050 144 0.18 | 0.63 53 0.36
3x3x3 f.=3 K=100 188 0.17 | 0.65 39 0.28
3x3x3 f.=3 K =200 265 0.16 | 0.66 36 0.26
5x5x5 f.=3 K =100 612 0.16 | 0.72 54 0.23
VP-NLM/1 (2D), h = 25
3x3 K =100 94 0.28 [ 0.55 63 0.42
5 x5 K =100 136 0.26 | 0.57 48 0.36
VP-NLM/2 (3D), h = 2.5
3x3x3 f.=3 K=230 73 0.27 [ 0.51 71 0.40
5x5x5 f.=3 K=30 183 0.24 | 0.55 44 0.37
TXTxT f.=3 K=230 479 0.27 | 0.55 43 0.38
VP-NLM/2 (2D), h = 25
55 K =25 85 0.34 [ 0.49 91 0.45
X7 K =25 68 0.34 | 0.51 75 0.45

Table 4.2: Comparative values for different non-local means algorithms with vary-
ing parameters (274 x 274 x 162 dose map, lung patient). Similarity and search
window sizes are indicated for Buades filter.

The first striking observation is that the computation time of the initial method
(Buades) is drastically reduced. Comparing it with the two proposed methods makes
little sense since a full search is performed with the new algorithms, i.e., there is no
restriction in the search area anymore. However, it is clear that the computation
time of the proposed methods is always way smaller than the initial one.

We also compare the speedup achieved with VP-NLM/2 with respect to VP-
NLM/1: for the same window size, an acceleration of a factor 2 to 3.5 can be
observed. Nevertheless, when examining the accuracy criteria, it clearly appears
that the accelerated VP-NLM/2 yields poorer results, as already noticed based on
the dose map and profile. We note that the 3D methods perform better than their
corresponding 2D methods.

Concerning the impact of the parameters value for VP-NLM /1, we unsurpris-
ingly see that the more neighbors are sought, the better the quality measures are
(but the higher the calculation time is). For VP-NLM /2, it has been experimentally
observed that using too high a number of neighbors degrades the results (not shown
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here), as already suggested before. Then, regarding the impact of the window size,
increasing the size of the similarity window does not always result in better outcomes.

90 -
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70 [~ |- -- noisy
S 60 | |- - - reference
o ol VP-NLM/1 (3D)
= — VP-NLM/2 (3D)
§ 40 - | — Buades (2D)
30 - WTD (2D)
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10 |-
l l l l l l
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Figure 4.9: [DVH]| corresponding to the lung patient with (i) noisy, (ii) reference,
(iii) VP-NLM/1 (3 x 3 x 3 window, K = 100) (iv) VP-NLM/2 (5 x 5 x 5 window,
K = 30) (iv) Buades filter (3 x 3 similarity window, 5 x 5 search zone) and (v) WTD
(2D) with 6 = 0.6.

The [DVHE are shown in Figure [£.9] The curve associated with VP-NLM/1 is
the closest to the reference curve. It confirms again the good results obtained with

this method.

Results for the prostate patient

We now turn on to the reporting and analysis of the second data set: a 256 x 256 x 71
dose map for a patient with a tumor in the prostate. This dose map contains fewer
slices than the previous one: the computation time needed to filter the dose map will
therefore be shorter. The reference (resp. noisy) dose map is obtained by simulating
10% (resp. 107) particles using the fast Monte Carlo code MCsquare.

The visual performance of the methods is compared in Figure 1.10] As above, a
small window size is used for Buades algorithm for computational purposes and a
larger window size is taken for the two other methods. Note that the filtering with
Buades method is realized in 6.3 minutes. The dose map obtained with VP-NLM/1
(in 2.5 minutes) seems visually close to the reference dose map and is compara-
ble to the Buades dose map. VP-NLM/2 (obtained in 2.5 minutes) yields once
again a noisy image. The impact of the pixel selection step is visible for the VP-
NLM methods: indeed, as explained earlier, only pixels whose dose value is above
a defined threshold are processed. Hence noise is still present in the low dose regions.

A comparative table, similar to the one displayed for the previous data set, is
given in Table From this table, it appears that a large window size leads to less
good results for the tree-dimensional methods in this case.
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Reference Noisy Buades

VP-NLM/1 VP-NLM/2

Figure 4.10: Visual inspection of a slice of the dose map (prostate data): (i) ref-
erence, (ii) noisy, (iii) filtered dose map obtained with Buades with a 3 x 3 window
using a 5 x 5 search zone, (iv) filtered dose map obtained using VP-NLM/1 with
a 3 x 3 x 3 window, K = 200 and (v) filtered dose map obtained with VP-NLM /2
with a 7 x 7 x 7 window, K = 30.

The resulting DVHs are given in Figure the curves extracted from the VP-
NLM filtered dose maps are on top of each other and are the closest to the reference
curves.
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Figure 4.11: corresponding to the prostate patient with (i) noisy, (ii) ref-
erence, (iii) VP-NLM/1 (3 x 3 x 3 window, K = 100) (iii) VP-NLM/2 (5 x 5 x 5
window, K = 30) (iv) WTD with § = 0.6 and (v) Buades filter (3 x 3 similarity
window, 5 x 5 search zone).
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Timing [s] | MSE | EPI | ||[ADVH]|2 | sx.95
noisy / 0.85 | 0.64 105 0.59
Buades (2D), h = 2.5
3x3 5%5 | 380 ] 036]086] 22 ]0.34
VP-NLM/1 (3D), h = 2.5
3x3x3 f.=3 K=30 68 0.30 | 0.83 36 0.30
3x3x3 f.=3 K=50 69 0.27 | 0.85 34 0.29
3x3x3 f.=3 K=100 95 0.26 | 0.86 26 0.26
3x3x3 f.=3 K =200 145 0.26 | 0.87 24 0.24
bx5x5 f.=3 K=100 255 0.31 | 0.87 40 0.20
VP-NLM/1 (2D), h = 2.5
3x3 K =100 100 0.38 | 0.83 A7 0.36
5x5 K =100 173 0.37 | 0.85 29 0.29
VP-NLM/2 (3D), h = 2.5
3x3x3 f.=3 K=30 37 0.42 | 0.76 44 0.36
bx5x5 f.=3 K=30 67 0.46 | 0.76 19 0.33
TXxTx7 f.=3 K=30 148 0.53 | 0.75 24 0.33
VP-NLM/2 (2D), h = 2.5
3x3 K =30 39 0.55 | 0.73 74 0.45
5x5 K =30 50 0.52 | 0.74 42 0.39
Tx T K =30 75 0.55 | 0.75 24 0.37

Table 4.3: Comparative values for different non-local means algorithms with vary-
ing parameters (256 x 256 x 71 dose map, prostate patient).

Discussion

The reported results confirm the good performances of VP-NLM/1: the denoising
process is well performed and the computation time is drastically reduced (compared
to Buades method). We emphasize that the standard NL-means filter has not been
improved strictly speaking, it has only been accelerated. As it allows the use larger
similarity windows and the full search, the denoising process can in some situations
be improved.

Now that the calculation time is smaller, the use of this algorithm can be con-
sidered for real-life applications. For example, we remember from Table that
the noisy and reference dose maps for the lung patient are obtained in 9s and 525s
respectively. As good results are obtained in approximately 200s with VP-NLM/1
(according to Table , a reliable dose map can be obtained in one half on the
time previously required. For the prostate patient, the speedup is even more con-
siderable as the noisy and reference maps are obtained in approximately 25s and
2491s respectively. Since the filtering process takes about 150s with VP-NLM/1,
the speedup factor is close to 15.

For the second discussed method, namely VP-NLM /2, the computation time is
clearly accelerated but the price to pay for this acceleration is that the denoising
process is less efficient. As often we face a trade-off between speed and accuracy.
Additionally, this method is strongly dependent on the order of the list of the pixels
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that must be filtered. Indeed, for the first pixel in the list, we will always search the
closest neighbors while for the last one, there are a lot of chances that we will not
have to. Other approaches could therefore be tested. For example, we could imagine
a random shuffle of the list before the search; this would prevent from placing the
performance of the method in the first pixels only. Another possibility would be to
select the pixels that already possess a neighbors list and, for each of these pixels,
perform a nearest neighbors search with a probability p. These two probabilistic
approaches are meant to redistribute the chances between all the pixels of having a
list of nearest neighbors and hence having a better dose approximation.

Regarding the impact of the parameters, we note that, in general, increasing
the size of the similarity window does not always give better results. The optimal
window size is dependent on the data set that must be filtered. It appears that a large
window may lead to the loss of details. The effect of the filtering parameter A has not
been shown here as it has not a huge impact on the results, as studied experimentally.
Too high h-values (i.e., h > 3) tend to produce slightly over-smoothed dose maps.
Finally, concerning the number of neighbors, the more neighbors are taken, the
better the outcome is for VP-NLM /1. This is not the case for VP-NLM/2: taking
too high a number of neighbors leads to a rough approximation of the dose value
for some pixels and is thus not recommended.

4.3.2 Filtering beamlets

In this section, we set up a new denoising experiment where the purpose is the
reduction of the noise in a collection of beamlets. Before examining and discussing
the results obtained with the proposed algorithm, let us describe in details the goal
and challenges of the experiment.

Figure 4.12: Example of beamlets (lung patient): the left image is the total dose
map and the two rights images are examples of beamlets that are summed to generate
this dose map.

As explained in Section [2.4] a proton beam can be decomposed in so-called beam-
lets, i.e., smaller rays. Indeed the dose maps that have been examined throughout
this work can be seen as a weighted sum of beamlets. For instance the dose map
associated with the patient with a tumor in the lung is made of 243 beamlets; ex-
amples of such beamlets are shown in Figure [1.12] Beamlets are very useful (e.g.,
for dose calculations treatment planning, for intensity distribution optimization)
but, the computation of such a family of beamlets is extremely expensive in time.
For information purposes only, the computation time needed per beamlet is given
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in Table when different particle numbers are used per beamlet; this table is of
course specific for the lung patient. Based on this table, we see that more than 1
day is required to obtain the 243 beamlets with 10° particles per beamlet. Hence, to
reduce the calculation time, fewer proton are simulated per beamlet; however, the
resulting family of beamlets is very noisy.

Number of simulated particles per beamlet
S5E4 1E5 1E6
Timing [s] 23.5 40.9 358.5

Table 4.4: Mean time needed for the computation of a beamlet with fast Monte
Carlo code MCsquare (in seconds).

The challenge here is thus the reduction of the noise present on beamlets with
the proposed algorithm. In order to make the denoising process even more efficient,
we will take advantage of the large amount of beamlets that we have. Indeed, as
pointed out in [23], the non-local means algorithm is particularly valuable when
there are plenty of redundancies in the image, which is logical in view of the nature
of the algorithm. Hence, combining multiple beamlets would add similar patterns
and therefore improve the denoising process. So, in a nutshell, the idea here is
to reduce the noise present in a beamlet by using dose values coming from other
beamlets. This technique is comparable to the method proposed in [27] where patch
dictionaries are build before effectively denoise the images.

In practice, this is done by simply giving a subgroup of beamlets as input to the
algorithm, this way the vp-tree search is performed through the whole subgroup of
beamlets. The VP-NLM/2 method is not tested here as we have seen in the previous
section that its performances were inferior. Only the VP-NLM/1 algorithm is tested.

Table gives the comparative results for two sets of noisy beamlets when dif-
ferent sizes of subgroup are used. For instance, when the subgroup size is equal to
5, this means that each beamlet is filtered using pixels contained in itself and in 4
other beamlet dose maps. A subgroup size equal to 1 means that each beamlet is
treated independently. Once again, the timing per beamlet is provided for infor-
mation purposes. For each beamlet, the mean squared error between the reference
(obtained with 10° particles/beamlet) and filtered dose map is computed based on
the non-zero dose pixels of the reference only. The mean squared error for each
beamlet is displayed in Figure [4.13] In Table 4.5 we show the mean and total MSE
(total refers to the sum of the 243 MSE-values). The total MSE between the ref-
erence and noisy collection of beamlets with 5E4 particles (resp. 1E5 particles) is
0.77 (resp. 0.41). Remark that the impact of the parameters of the VP-NLM/1 is
not studied here, we only observe the effect of the subgroup size.

We have two main observations: firstly, it is clear that the MSE decreases with
the subgroup size. In other words, the more beamlets are combined, the better
the performances. Hence we could logically combine the whole set of beamlets
with the hope of having the smallest MSE possible. However the gain obtained by
combining steadily more beamlets decreases. We can thus suppose that there is no
need to combine all the beamlets together, as there are already lots of redundancies
in smaller groups. Additionally, using such a large subgroup size would lead to a
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computation time potentially higher than the time needed to compute the reference
beamlets.

Subgroup Timing [5 mean MSE total MSE

size (1073) (1071)

1 17 1.61 3.91

5E4 particles 2 20 1.39 3.38
/beamlet 5 35 1.27 3.10
10 55 1.25 3.05

1 15 1.41 3.43

1E5 particles 2 18 1.19 2.89
/beamlet 5 29 1.04 2.54
10 53 0.98 2.40

15 67 0.97 2.36

Table 4.5: Comparative values for different subgroup sizes for two noisy collections
of beamlets. The VP-NLM/1 (3D) method is used with a 3 x 3 x 3 window, h = 2.5
and K = 100.

Secondly, note that the time needed for the filtering of a 3D beamlet is way
smaller than the time required to filter a 3D dose distribution (as given in the pre-
vious section). It is due to the fact that the beamlets are very sparse matrices.
Consequently the number of pixels that must be processed per beamlet is small (as
only nonzero pixels are filtered).

4.4 Conclusions

In this chapter, a new filter type has been tested, namely a non-local filter. As
its name suggests it, the non-local means filter uses the information of the whole
image and not only the direct neighbors of a pixel; this is what differentiates this
filter from the ones covered in the previous chapter. The NLM filter is especially
powerful for reducing the noise of images with lots of redundant patterns. Since
dose maps present plenty of redundancies, the NLM filter suits the situation.

However, the NLM filter, as initially proposed by Buades, is still local in a cer-
tain sense and is extremely slow. To remedy theses issues, we have proposed an
algorithm which is truly non-local and performs the filtering much faster. This al-
gorithm, called VP-NLM/1, is based on the vp-tree data structure to perform the
nearest neighbor search. It has shown very good performances regarding the timing
and the denoising process. For the same window size (e.g., 3-by-3) a speedup factor
close to 11 has been observed. This method has also been tested in the case of
beamlets filtering: when combining the denoising of multiple beamlets, the total
mean squared error between the reference and filtering dose maps is divided up to
a factor 2.

A second method, called VP-NLM/2, has been built with the aim of further ac-
celerating the filtering process. It takes advantage of the possible symmetry of the
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Figure 4.13: Mean squared error between reference (i.e., 10° part./beamlet) and
noisy collection of beamlets for different subgroup sizes. The subgroup size is indi-
cated in the legend.

relation « is the neighbor of » in order to perform less searches trough the vp-tree,
which is the most time-consuming part of the process. VP-NLM /2 is faster but less
efficient. Yet this method is promising, areas for improvement are given earlier in
the chapter.
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Conclusions

Denoising as post-processing step

The present work demonstrates that denoising methods considerably reduce the sta-
tistical fluctuations in Monte Carlo computed dose distributions for proton therapy
while decreasing the error with respect to the reference dose map. For both studied
test cases, the statistical uncertainty, measured by the 95th percentile of the stan-
dard error of the mean, is divided up to a factor 3. Additionally the mean squared
error between the reference and filtered dose distribution is reduced up to a factor
3.5. Consequently, by using a denoising method on a dose map computed with a rea-
sonable number of protons, the overall computation time needed to obtain a reliable
dose map is significantly reduced. We therefore emphasize that this post-processing
step should be added in the MC based treatment planning.

Two issues encountered during the work should be investigated. Firstly one of
the main challenges with denoising methods is to decrease statistical errors as much
as possible without introducing systematic errors. It is even more important in
the present context as systematic error may have a direct impact on the patient
treatment. In the current study the potential bias introduced in the filtered dose
maps is measured using the energy conservation ratio (see Section ; it has
been defined based on a physical reasoning. However it appears that this ratio is
close to one for all the tested techniques, hence leading to the conclusion that no
bias was introduced by any of the filtering techniques globally. Yet it provides no
information locally, e.g., edge blurring, introduction of large errors in a few pixels.
We believe that the energy conservation ratio is not suited to accurately measure the
bias. Hence, we judge that other metrics should be investigated in order to detect
systematic errors more accurately. Note that the edge preservation index provides
a partial solution to this issue regarding the edge blurring.

Secondly, we were only able to make a comparative study here ; this means that
the performances of the methods are compared with each other but it cannot be
stated whether the noise is enough reduced. Indeed, as far as we know, there is for
the moment no defined acceptable noise level for proton therapy dose maps. This
medical decision must be taken based on the judgment of clinicians. We hence point
out the need to establish which uncertainty level is acceptable for proton therapy
dose evaluation.

46
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Filtering techniques

Filtering techniques were selected as denoising methods in this work. Various filters
have been tested on two dose distributions. All the denoising metrics indicate the
superiority of the non-local means filter over the techniques tested in Chapter 3,
i.e., Gaussian filter, median filter and wavelet threshold denoising. This superiority
is also confirmed by Figure 5.1} it shows the difference between the filtered and the
reference dose map, scaled by the square root of their sum,

y—x

NE=

where x and y are the reference and filtered dose distributions. Equation [5.1] is
known as the Fisz transformation [28]. It yields the remaining noise of the filtered
image and it approximately follows a Gaussian distribution.

Hence, as one expects from a good denoising method that it removes noise only,
this substraction should ideally yield an image where the features of the initial
map are not visible. Clearly, this is not the case for subplots (a), (b) and (c):
the geometrical features can be easily distinguished and the noise has a specific
structure, similar to the shape of the beams.

Flz,y) =

(5.1)

(a) WTD (b) Gaussian

—0.1

—0.2

-0.3

—04

—0.5

Figure 5.1: Noise study for various filters (prostate patient): (a) WTD with 0 =
0.6, (b) 3D Gaussian filter with a 3 x 3 x 3 window and o = 1, (¢) 3D median filter
with a 3 x 3 x 3 window, (d) non-local means filter with h = 2.5 and 3 x 3 similarity
and 5 x 5 search windows, (¢) VP-NLM/1 method with A = 2.5, a 3 x 3 x 3 window
and 100 neighbors and (f) VP-NLM/2 method with A = 2.5, a 3 x 3 x 3 window
and 30 neighbors.

Similar observations can be made for the non-local filters, but it is way less strik-
ing, especially for the VP-NLM methods. It therefore confirms that the latter better
preserves the features of the dose distribution. Note that contours are less noticeable
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with VP-NLM/2 than with VP-NLM/1: the reason for this is not that the former
method better preserves the edges, it is due to the fact VP-NLM/2 produces noisier
dose maps compared to VP-NLM/1, as explained earlier.

A final comparison between all studied filters is provided in Figure[5.2] It shows
the isodose lines in a similar fashion to Figure[3.3| and highlights once again the su-
perior performances of the VP-NLM method, e.g., the method succeeds in perfectly
recovering the transition between the large spot in the center and the right beam,
as opposed to the other filters. Small speckles are however still noticeable in the
bottom right corner.

reference Gaussian ( Median (
(10® protons) 3x3x3 WlndOW 3x3x3 Wlndow
o=1.
noisy Wavelet (2D) VP-NLM/1 (3D)
(105 protons) 9 —06. 3 x 3 x 3 window,
=3,h=25
and 100 neighbours

Figure 5.2: Isodose lines for all studied filters (lung patient, slice 60).

Deep learning algorithms

Deep learning is part of the broader family of machine learning methods. These al-
gorithms rely on neural networks which are able to recognize patterns, after having
been trained with a large amount of data. These are widely used in image pro-
cessing. For more details, we refer the reader to [29]. Deep learning is currently
investigated in the context of proton therapy for dose map denoising.

The aim of this section is to compare the performances of a deep learning method
with the VP-NLM/1 filter. The deep learning algorithm considered here has
been implemented by J. Asensi. Approximately 2.5 hours were needed to train the
algorithm; this step must however be performed once and for all. Both denoising
methods are tested on a dose distribution different from the ones previously used in
this work. The test case corresponds to a PBS proton therapy treatment of a lung
tumor, initially planned with RayStation. The resulting dose map, obtained with
MCsquare, is a 512 x 512 x 148 voxel grid. This sudden test case change is dictated
by the DLA implementation: for the moment the latter requires a specific data for-
mat. In addition, the network has currently been trained to reduce the noise present
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in dose maps obtained by simulating 107 particles. Hence the dose map obtained
with 107 protons is considered here as the noisy image. The reference dose map is
produced by simulating 10° protons.

Resulting dose distributions are shown in Figure [5.3, Remark that the dose map
considered as noisy seems very similar to the reference one: the denoising process is
therefore less challenging than in the previous chapters. Indeed, earlier in this work,
the dose maps considered as noisy were computed based on 10° protons.

No striking difference between the outputs of the denoising methods can be
observed with the naked eye. Both methods seem to succeed in recovering the

reference dose map. Small speckles are however visible in the corner of the dose
distribution produced by the VP-NLM filter.

(a) reference (b) noisy

Figure 5.3: Visual inspec-
tion of a slice of the dose
map: (a) reference obtained
with 107 particles, (b) noisy
dose map obtained with 107
particles, (c) filtered dose
map obtained the deep learn-
ing method and (d) filtered (c) deep learning algorithm  (d) VP-NLM/1 filter (3D)
dose map obtained using VP-
NLM/1 (3D) with a 3 x 3 x 3
window, nK = 100 and h =
2.5.

Accuracy criteria introduced in Section [3.2| are presented in Table The VP-
NLM filter has been tested with two different window sizes: in case (i), a 3 x 3 x 3
window is used, while in case (ii) we use a 5x5x 5 window. Case (ii) yields obviously
better results, but also requires a much larger computation time. Hence the user
itself must choose between speed and precision.

Based on Table we see that DLA outperforms the VP-NLM filter: the com-
putation time with DLA is significantly smaller than with VP-NLM. The MSE
associated with DLA is smaller than the one associated with VP-NLM. However
better results are obtained with VP-NLM regarding the norm of the DVH difference.

It is worth noting that the deep learning tool used here is part of a library
highly optimized to reduce the computation time. Additionally the deep learning
denoising process has been performed on a very powerful graphics processing unit
(GPU), i.e., the Geforce Titan X. On the other hand, the tested VP-NLM filter is a

prototype currently implemented in MATLAB; it could however be easily rewritten
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Timing [s] | MSE | EPI | [ADVH|,
noisy / 1.161 | 0.243 73
DLA 43 0.088 | 0.881 30
VP-NLM (i) 870 0.371 | 0.409 17
VP-NLM (ii) 1818 0.149 | 0.615 12

Table 5.1: Comparative values for DLA and VP-NLM filters with (i) a 3 x 3 x 3
window, nK = 100 and h = 2.5 and (ii) a 5 x 5 x 5 window, n/ = 100 and h = 2.5
(512 x 512 x 148 dose map, lung patient).

and optimized for GPU computing. Hence a comparison between the computa-
tion times makes little sense here and should not be taken into account to assess
the performances of the methods. Timing is presented for information purposes only.

This brief analysis shows that deep learning algorithms are very promising to
reduce the noise in dose distributions. However this method presents some disad-
vantages, compared to the filters discussed in this work. Firstly, as mentioned earlier,
the current implementation requires specific data format, which is constraining.

Secondly a very large amount of data is needed to train the algorithm: the more
data we have, the more efficient the denoising process will be. One might notice
that this reasoning also applies to the VP-NLM filter: the more similar patterns
there are in an image, the more efficient the denoising process is. The difference is
that, with DLA, the data are provided in advance in order to train the network and
they come from plenty of different patients, hence making the dictionary of similar
patterns larger. This also implies that if an unusual pattern is observed in the dose
distribution, the DLA will fail to denoise this pattern.

Perspectives

We have seen that the VP-NLM method produces the best results, compared to
the filters studied in Chapter [3, However the computation time associated with
this filter is still large; further work regarding the acceleration of the method may
hence be interesting. The method might be accelerated by further parallelizing
the algorithm and/or by using GPU computing. Another idea would be to pursue
research regarding the VP-NLM /2 method, which tries to use the likely symmetry
of the relation « is a neighbor of », and to make the method less sensitive to the
initial pixel ordering.

Finally, it has been shown in the previous section that deep learning algorithms
have a great potential for denoising. These algorithms should surely be further
investigated and tested on a larger set of test cases.
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DLA deep learning algorithm
DVH dose-volume histogram
DWT discrete wavelet transform
EPI edge preservation index
MC Monte Carlo

MSE mean squared error

NN Nearest Neighbor

PBS pencil beam scanning

VP-NLM vantage point tree based non-local means

WTD wavelet threshold denoising
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List of Symbols

Dos refers to the minimal dose value that 5% of
the volume receives.

Dgs refers to the minimal dose value that 95% of
the volume receives.

K is the number of neighbors, used in the context
of non-local means algorithm.

N is the number of protons simulated with the

MC method (per batch).

|ADVH]||, is the Lo-norm of the difference between the
reference and filtered DVHs.

0% is the variance of the dose X in a voxel.

0 is the percentage of the wavelet coefficient
maximum, used in the context of wavelet
threshold denoising.

f is the half width of the similarity (and selec-
tion) window, used in the context of non-local
means algorithm.

h is a filtering parameter, used in the context of
non-local means algorithm.

N is the number of simulations or batches.

Sx is the standard error of the sample mean.

5X.95 is the 95th percentile of the standard error of

the sample mean.
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