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Sammanfattning
Inom radioterapi behandlar man cancer genom att bestråla tumören med hjälp av radioaktiv
strålning. För att uppskatta skadan på omkringliggande organ simuleras behandlingarna i förväg. Med
hjälp av dessa simuleringar kan man få en uppfattning om hur patientens organ kommer drabbas av
en behandlingsplan samt säkerställa att tumören blir behandlad. I dessa simuleringar kan ett organ
representeras med hjälp av en avståndstransform.
Det här examensarbetet undersöker en teknik, the fast marching method (FMM), för att beräkna
avståndstransformen på grafikkort (GPU). Metoden har intressanta egenskaper som gör det möjligt
att i vissa fall räkna ut färre voxlar än vad som behövs vid användning av vanligare metoder. Detta
kan leda till förtjänster både gällande minnesåtgång såväl som för beräkningshastighet av
implementationen av avståndstransformen. Att uträkningen av avståndstransformen är snabb är
viktigt då applikationen som simulerar behandlingen uppdaterar organrepresentationerna i realtid
och en användare ska inte behöva vänta på att detta ska ske. Att den här metoden kan minska
minnesåtgången för representationen av organen blir också av allt större vikt då mängden bilder och
deras upplösning fortsätter öka inom radioterapiplanering.
Som del av examensarbetet har en prototyp konstruerats. Den har använts för att utvärdera ovan
nämnda egenskaper samt hur lämplig FMM är för att användas i en GPU implementation. Denna
prototyp har gjorts med hjälp av NVidias Thrust bibliotek. Detta för att utvärdera biblioteket som ett
sätt att skapa kod som kan exekveras effektivt både på CPU och på GPU (performance portability).
FMM utvärderades med avseende på beräkningshastighet, precision och minnesåtgång. För att sätta
testresultaten av prototypen i ett sammanhang jämfördes de med en existerande implementation av
avståndstransformen. Evalueringen av Thrust biblioteket baserades på hur det upplevdes under
utvecklingen av prototypen med avseende på prestandan av den resulterande lösningen såväl som
hur lätt biblioteket var att använda.
Slutsatsen av den här rapporten är att FMM är en lovande teknik för att räkna ut
avståndstransformen. Att algoritmen är dåligt anpassad för exekvering på GPU vägs upp av att den
inte behöver räkna ut avståndstransformen för hela volymen, om förutsättningarna är de rätta. Detta
visas av resultat under goda förutsättningar där FMM implementationen uppvisar en minnesåtgång
av endast en tiondel. Detta medan den beräknar transformen dubbelt så snabbt som
avståndstransformen vald som jämförelse.
Gällande Thrust biblioteket drogs slutsatsen att det inte är väl anpassat för en implementation av
den här komplexiteten. Biblioteket har upplevts som ett hinder under majoriteten av utvecklingen av
prototypen och prestandan av den resulterande lösningen har visats vara dålig. Detta visas av
resultat där en specifik funktion i algoritmen implementerats utan Thrust vilket resulterade i en
uppsnabbning av den delen av algoritmen med mellan fem och trettio gånger.
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Chapter 1
Introduction
1.1 Motivation for project
Planning is important when treating cancer patients using radiotherapy to ensure that the target
region is treated, while patient organs are not too severely injured in the process. To enable this
simulations are done beforehand to estimate the radiation dose distribution in the patient. In these
simulations the target region and patient organs are defined as three-dimensional regions that can
be used to estimate the amount of dose delivered to each region. This information is then used to
determine how the patient should be treated.
The three-dimensional regions of target and organs can be defined using several procedures. A
common way is that the user delineates the regions manually from three-dimensional images of the
patient by drawing two-dimensional contours in a set of parallel image slices. Another way is to use
automatic segmentation algorithms that use contrast differences and edges in the three-dimensional
images to determine regions. In this procedure it is also possible to combine the results from several
imaging modalities, such as CT, PET and MRI.
In the software for radiotherapy treatment planning there is a need to have several different
representations of three-dimensional regions, for example as a set of parallel two-dimensional
contours, as a point-cloud, as a binary three-dimensional image, as a surface, and as a threedimensional Euclidian distance map. These different representations are used as input to dose
calculation algorithms, visualization, for transforming regions between different image modalities,
and also for persistent storage.
To make the software useful and consistent the correct representation of regions should be selected
for each usage scenario. To achieve consistency there is a need for fast and accurate algorithms for
transformation between the different representations. In the current software model the threedimensional Euclidian distance transform is, apart from being the most time consuming algorithm,
also pivotal for many of these transformations.
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1.2 Aim of thesis
The main goal of this thesis is to examine how to improve algorithms for representation of threedimensional regions in radiotherapy planning. Specifically, this is done by reviewing and testing an
algorithm for calculating the signed distance transform of three-dimensional regions using a graphics
processing unit (GPU). The choice of algorithm is made while taking into account properties such as
speed, memory consumption and accuracy. These properties also work as the basis for evaluating
the GPU implementation of the algorithm.
A general property of many distance transforms is that their approximations decrease in accuracy as
the distance to the surface increases. While the importance of metrics such as speed and memory
consumption may be intrinsically easy to recognize, the value of a distance transform of certain
accuracy is harder to define. In many cases an algorithm is required to generate a correct result in
some respect, but in this context it is acceptable that the distance transform differ from reality by
some margin. By how much the distance transform can be allowed to deviate varies between
different functionalities in the software.
In some applications in the software it might not be necessary to consider the entire image volume
but only a region extending to some maximum distance from the surface. In such cases a distance
map spanning the entire input three-dimensional volume may be superfluous and unnecessarily
costly to compute and maintain. It would instead be desirable to compute a partial distance map
defined only near the surface. In cases where this is true the benefits with regards to storage
memory consumption may be significant. As such, the ability to create such a distance map may be a
very beneficial property of a distance transform algorithm.
An additional objective of this thesis is to evaluate the NVidia Thrust library as a means of
implementing performance portable code (see Section 3.5.2). This goal is put into context by a
previous master’s thesis project [20] where the evaluation of OpenCL as a method of achieving
performance portability was conducted. As that study concluded that the results were not
satisfactory in this regard, part of this master’s thesis project works as a follow up study investigating
a different alternative with the same goal in mind.
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Chapter 2
Background
2.1 External beam radiotherapy
The software that is the basis for this project is concerned with the treatment of cancer using
radiation. Specifically, this master’s thesis project is concerned with external beam radiotherapy
where the radiation source is situated outside the patient on a gantry that can be rotated around the
patient. In contrast, Brachytherapy uses a radiation source that is placed near or inside the treatment
area. The gantry holding the radiation source has the ability to change the shape of the radiation
beam. This is done using collimators that narrow the field of exposure on the patient from the
radiation source. A collimator can be thought of as a set of “shutter blades” that alter the shape of
the radiation beam by varying the size and position of the gap created between any two opposite
blades (see Figure 2.1).

Figure 2.1: (left) A rotatable gantry with a radiation source (1) and collimators (2). (right) A close-up
of a multi leaf collimator shaping the radiation field. Figure from [23] and [22] respectively.
The radiotherapy planning software is concerned with modelling how the collimator should be
configured; how often and for how long each treatment session should be; and how many treatment
sessions there should be in total in order to deliver the desired dose.

2.2 Application overview
A simple chart of the workflow of the software is shown in Figure 2.2 and the following sub-sections
will go through each step in further detail.
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Figure 2.2: Flowchart of the radiotherapy software.
2.2.1 Input images
The software uses computed tomography (CT) [21] images as baseline for planning the treatment of
a patient. The images are obtained using X-rays to produce parallel image slices of the patient. These
two-dimensional slices are then stacked together to generate a volumetric image representation of
the patient’s body.
While CT images are the main input to the application, other imaging techniques are often used as
compliment when certain parts of the body may be hard to distinguish on the CT images. This is not
unusual for tumours, making the complimenting images very important in such cases. The
complimenting images could be obtained using magnetic resonance imaging (MRI) [21] or positron
emission tomography (PET) [21].
In CT images there is a direct relationship between the voxel intensity and the radiation absorption
rate of represented tissue. There are still no corresponding transformations known for MRI or PET
images. This is the main reason why CT images are needed as a foundation for the treatment
planning.
2.2.2 Image registration
If complementing imaging techniques are used image registration needs to be conducted after
importing the image series. I.e. a mapping needs to be created of corresponding positions in the two
image series. When the image series are used in subsequent steps to define the anatomy of the
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patient, the software needs to be aware of the relative positions of any two points designated in
either image series.
2.2.3 Anatomy and target
Once image registration has been performed, if any is necessary, the anatomy of the patient and the
target (tumour) can start being defined. That is, the user can start delineating the tumour and nearby
organs as regions of interest (ROI). This is typically done by the user going through the stack of twodimensional images and in each slice outlining the contour of the organ (or tumour).
A ROI is defined in three dimensions as a three-dimensional distance transform based on the stack of
two-dimensional contours that the user has defined. This distance map is, among other things, used
to visualize the ROIs in different ways to aid the user in the delineation process. One way of viewing
the ROIs is as a surface in a three-dimensional view of the body (shown in Figure 2.3). In this case, the
surface is obtained by triangulating the zero-level isosurface of the distance map. Another common
way of viewing the ROIs is as a contour in an arbitrarily oriented two-dimensional plane (see Figure
2.3). In order to create such a contour the distance transform is first sliced in the desired orientation
resulting in a two-dimensional distance map. At this point the contour can be obtained in a similar
fashion as the surface, i.e. by taking the zero-level isoline.

Figure 2.3: (left) A three-dimensional view of a patient anatomy with ROIs represented as surfaces.
(right) ROIs visualised as contours in a two-dimensional slice created by letting a plane intersect the
three-dimensional image. The orientation of the plane can be seen in green in the left image.
To further help in visualising the anatomy of the patient it is possible to perform algebraic operations
on the ROIs. This can, for example, be useful if the tumour is intersecting part of an organ. The user
can then choose to visualise only the intersection of the two ROIs or subtract the target to see how
the organ would look if the tumour is removed. The available algebraic operations are intersection,
subtraction and union. These are implemented by combining the respective distance maps in
different ways.
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In some cases it may be desirable to add a margin to a defined ROI. This is typically the case for the
tumour. After the target has been defined a safety margin is then added to the ROI to compensate
for any potential movement of the tumour during treatment. It may seem counter-intuitive to make
the area to be radiated larger than necessary, but it is important to make sure that the entire tumour
is treated. Potentially causing some damage to tissue that might have been spared is preferable to
the alternative of missing some part of the tumour and having to treat the patient again.
The operation of adding a margin to a ROI is currently not implemented using the distance map
representation of it. This might seem strange as the distance transform holds exactly the desired
information for adding a margin to the ROI. Likely the explanation for not using the distance map is
that the current computation of it does not provide sufficient precision.
2.2.4 Manual planning
When the anatomy of the patient has been defined, the user can go on to model the radiation fields
to be used in the treatment. There are many parameters to take into consideration in this process.
The user must decide how many treatment sessions there should be as well as the properties of the
radiation field for each session with regards to field orientation, field strength and shape. The goal of
this process is to create a treatment plan that delivers sufficient amounts of radiation to the tumour
while at the same time causing as little damage as possible to nearby organs and tissue.
2.2.5 Optimisation planning
As an alternative to manually defining the radiation fields as described in the process above, the user
can utilize an optimiser. In this case, the user must instead define target dose distributions in the
tumour and surrounding organs, i.e. the minimal dose that must be delivered to the tumour and the
maximum doses that can be tolerated in the organs. The optimiser then tries to solve this constraint
based optimisation problem to arrive at a suggested treatment plan.
2.2.6 Dose calculation
The dose calculation simulates a treatment performed according to the specified treatment plan to
estimate the radiation dose delivered to the patient. As touched upon earlier the dose distribution in
the body can be calculated using the information from the CT image. At each point that the radiation
beam passes through the dose deposited stands in relation to the intensity of the corresponding
voxel from the CT image.
2.2.7 Review
After the dose calculation is done it is up to the physician to evaluate the plan based on the
estimated dose delivered to the tumour and nearby organs. The overall goal is to determine if the
dose delivered to the target is sufficient and if the damage to nearby organs is acceptable.
In the reviewing process the expected dose distribution in an organ or tumour can be presented to
the user in terms of different statistics. Typically the user looks at graphs demonstrating how large
part of the organ or tumour will be receiving some minimum dose. In order to compile these
statistics the distance map of a ROI is used to define the extent of that organ. The dose calculation
has defined the expected dose in dose points throughout the body. For a given point the distance
transform of an organ can be used to evaluate if that point lies inside or outside the ROI, i.e. if the
corresponding value in the distance map is positive or negative.
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If the plan is found satisfying it is approved by a physician and exported from the application to a
record-and-verify system that will manage the plan during treatment.

7

8

Chapter 3
Theory
This chapter introduces important theoretical concepts that the project builds upon. Particularly it
gives a thorough theoretical background to the fast marching level set method used in this project to
compute the distance transform.

3.1 Dense and sparse images
The concept of only storing non-zero values for sparse matrices is common in the field of sparse
linear algebra [24]. The underlying idea is simply that unnecessary information should be excluded
from the matrix representation. In computer science this concept is usually referred to as a sparse
array.
For this project that idea is applied to the storage of images. The images in this context are threedimensional distance transforms, i.e. each voxel’s value is its estimated distance from some defined
surface. This project is particularly concerned with distance transforms that are only defined close to
the surface. This typically means that a significant portion of all voxels are left without being
computed and are consequently unnecessary to store in the resulting image. This motivates the
introduction of sparse image storage.
There are of course different ways to represent these sparse data structures. In this project the
choice is to store the sparse images as key-value pairs, where each key is linearly mapped to a
coordinate and its corresponding value is the estimated distance value at that coordinate.

3.2 The distance transform
This section will briefly introduce the concept of a distance transform as well as describe a few
common algorithms for computing it.
A distance transform is used on an image to define distances to a surface for all points not lying on
the surface. More specifically, a distance transform is applied to a binary image containing feature
and non-feature voxels. The result of the operation is an image where all non-feature voxels contain
a value representing their distance to the closest feature voxel [12]. For the purposes of this project a
feature is typically a surface in a three-dimensional image and the distance transform then gives each
voxel a value representing its distance to that surface.
The specific uses of the distance transform that this project is concerned with are discussed in
Section 2.2. The distance transform can, however, be applied to many different practical problems
and the reader is referred to [8] for a thorough survey of techniques and applications.
The exact Euclidean distance transform can be computed using a simple, but slow, brute force
distance transform algorithm [15]. It is often practical, however, to use other faster algorithms that
approximate the distance while introducing some error in the transform. Jones et al. [8] distinguish
three different approaches of approximating distance values when calculating the distance
transform. These are chamfer distance transforms (CDT) [14], vector distance transforms (VDT) [13]
and Eikonal solvers. Common for all of them is that they are used in an operation performed in two
steps [8]. The first step is concerned with defining a boundary condition, i.e. determining values of
9

voxels close to the surface. The second step uses the distance transform algorithm to propagate the
values of the initial condition to the rest of the volume. This propagation of values can be done either
using sweeping or wavefront schemes. In a sweeping scheme the algorithm processes the volume in
a systematic manner from one side to the other. This typically requires several passes of the
algorithm over the volume to compute the distance transform. As a contrast, wavefront schemes
start computing values at the initial surface and then propagate these values outward in order of
increasing distances to the surface.
CDTs estimate the value of a new voxel by applying a distance template to its neighbours. The
smallest sum of a neighbouring voxel’s value and corresponding template value is chosen as the
estimated value for the new voxel (see Figure 3.1).

Figure 3.1: Table (right) showing what values to choose for a and b in the templates (left) for different
chamfer types. Figure from [8].
In a VDT each computed voxel stores a vector to its closest point on the surface instead of a scalar
value. The vector of a new voxel is computed from the vectors of its neighbours.
Finally a distance transform can be produced by solving the Eikonal equation. This wavefront scheme
is the method chosen for calculating the distance transform in this project and it is described in detail
in the following section.

3.3 The Fast Marching Level Set Method
The Level Set Method [2] is concerned with approximating the behaviour of interfaces whose speeds
are dependent on the curvature of the front. The motivation for this method is that numerical
approximation algorithms based on direct parameterizations of the front can be disadvantageous
due to their adherence to local properties of the solution [1]. However, by considering the front as a
level set of a function defined in a higher dimension the global properties may be preserved [1]. In
the 3-dimensional case, this is done by introducing a function
(1)
where

is the domain of the volume. A surface
* ⃗| ( ⃗)

may then be described by
+

where is arbitrary and the function defines the embedding of the surface model [3]. The same
idea holds for a two-dimensional front and is illustrated in Figure 3.2.

10

(2)

Figure 3.2: Φ, the embedding, is shown as a function of x and y. Letting k (the level or iso value) vary
with time results in the level set of Φ corresponding to the two-dimensional front at time t. The plane
shows the current iso value and the circular intersection the corresponding level set of Φ.
The motion of the surface may be described either statically or dynamically. In the static
representation the embedding is unchanging and the different states of the moving surface are
represented in the model by letting vary with time:
( ⃗( ))

( )

(3)

This representation is restrictive in that it disallows the surface to reverse its direction of motion [3].
However, while the dynamic representation does not suffer this restriction, the monotonicity of the
static representation is not an obstacle in this context of calculating the distance transform. Consider
the case of a curve propagating outwards from an initial state with a speed ( )
. Let the
embedding be described by the surface ( ), i.e. (
) is the time at which the curve reaches
the point (
). The surface, shown in Figure 3.3, satisfies the equation
|

|

(4)

where
is the gradient of the arrival time surface [4]. This is a form of the Eikonal equation and as
it is written it simply states that the gradient of is inversely proportional to the speed of the
curve .
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Figure 3.3: (a) Initial front ( ). (b) Front at time t. (c) The embedding surface T(x,y), i.e. the arrival
time of at point (x,y). Figure from [1].
The narrow band method [25] is an important concept in the context of the Fast Marching Level Set
Method. The idea of the narrow band approach is that for the current zero level set to be computed;
only a neighbourhood of that zero level set should be considered instead of the entire embedding .
In general the narrow band method may have some arbitrary width of the neighbourhood which
implicitly defines how often a reconstruction of the neighbourhood is needed. In the case of the Fast
Marching Level Set Method, however, the width is set to one and the neighbourhoods are
recalculated at each step, resulting in a “fast march” [4].
Put simply, The Fast Marching Level Set Method, introduced by Sethian [5], uses the narrow band
approach when solving (4) from the theory of Level Sets as described above. Sethian suggests
approximating the squared magnitude of the gradient with the following formula when computing
grid point values:
‖

‖

{

(
(
(

)
)
)

(5)

where is the value to be computed and , , , , , are the values of the neighbouring
grid points [23, 25]. Note that any non-defined value of a neighbouring grid point is considered
infinitely large. Further, the formula assumes a three-dimensional context with a voxel lattice of unit
distance. Figure 3.4 illustrates the six-connected neighbourhood of voxel A.

Figure 3.4: The six-connected neighbourhood of voxel A. Figure from [6].
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Formula (5) approximates the squared partial derivative of

by using first order finite differences:

(
where G is the voxel lattice and
expressed as follows [6]:

and

)

(6)

denote backward and forward differences and are

,

-

,

,

-

-

,

-

(7)

By doing the corresponding approximations for the partial derivatives with respect to y and z, the
length of the squared gradient of T may be expressed as
‖

‖

,

(8)

which combined with (6) and (7) results in (5).
Sethian observes that due to the structure of (5) the information propagates only from grid points
with smaller values to larger values [4]. This suggests an algorithm that constructs a solution to (4) by
working its way from the inside out, i.e. from smaller grid point values to larger ones. Thus, the Fast
Marching Level Set Method works as follows:
1. Initialization
a. Freeze all grid points with initially defined values.
b. Calculate the values for all six-connected neighbours of frozen grid points
and mark these neighbours as part of the narrow band.
2. March
a. Select from the narrow band; the grid point
b. Remove

that has the smallest value.

from the narrow band and freeze it.

c. Add any neighbours of

to the narrow band.

d. Re-compute the value of all neighbouring grid points to .
e. Repeat from beginning of March.
The algorithm is here described in a simplified manner and the reader is referred to [4] for Sethian’s
more detailed version. The value of a grid point is calculated by inserting (5) into (4), which gives the
following equation:
{

(
(
(

)
)
)

to which the largest solution should be chosen [6].
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,

(9)

Although this is a general algorithm for computing the movement of a front, it is easy to adjust it to
the special case of creating a distance field. Consider a surface moving at unit speed, i.e.
. Then
the computed arrival time is simply the shortest distance from to a point on the surface at
time
[8]. For an extensive review of other applications of the Fast Marching Level Set Method
the reader is referred to [7].

3.4 The High Accuracy Fast Marching Method
The fast marching algorithm’s use of the narrow band method has a positive impact with regards to
speed. However, it also results in a negative effect when it comes to the precision of the calculations.
While applying the narrow band method to create the fast marching algorithm has great positive
impact with regards to speed, it also results in a negative effect when it comes to the precision of the
calculations. Bᴂrentzen [6] illustrates a very simple example where the standard fast marching
method suffers from its inaccuracy. Consider the case illustrated in Figure 3.5 where the front
emanates with unit speed from the black grid point.

Figure 3.5: Two-dimensional example showing the problem with FMM. Figure from [6].
The two grey points have already been estimated and the next grid point to be computed is the
white one. This is done, as described above, by taking the largest solution to (9) for
, which
yields the following equation:
(

)

(

)

,

(10)

where the solution is given in , which denotes distance units and defines the distance between
two neighbouring grid points. The solution to above equation gives the estimated distance value of
√

whereas it is evident that the correct value is √

. The estimation consequently

introduces an error of almost
. Had the front emanated in a linear fashion, however, the
estimation would have been correct. This suggests that the problem lies in the algorithms inability to
account for the curvature of the front [6]. This may seem ironic, considering the motivation for the
algorithm in the first place, and it has prompted the development of the High Accuracy Fast
Marching Method (FMMHA).
The only difference between the ordinary Fast Marching Level Set Method and the higher accuracy
version is in the approximation of the partial derivatives. The FMMHA replaces the first order
differences of the ordinary method with second order differences [6]:
,

-

,

-

,

-

,

-

,

-

,

-
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As can be seen by these equations, the second order differences need voxels at a distance of 2
to
be defined. Further the method requires that the value of the voxel in the 6-neighbourhood of is
greater than that of the voxel lying 2
away, i.e. the point lying further away from must be closer
to the surface (See Figure 3.6). For example, in the case of backward difference with respect to x
,
- [6]. In the case that both these conditions are
this can be expressed: ,
not met, first order differences may be used [6].

Figure 3.6: Green voxels are valid for FMMHA approximations, while red voxels are not allowed in
them. Grey voxels are further away from the surface than their mirrored counterparts and are thus
ineligible for both FMM and FMMHA. Blue voxels are allowed in ordinary FMM computations.

3.5 GPU Programming
In this section GPU programming in general as well as NVidia’s Thrust library will be described. Also,
the concept of performance portability will be introduced.
The sequential model of programming as introduced by von Neumann [26] in 1945 has been the
standard way of developing software applications for a long time [16]. Up until a decade ago the
speed at which such applications could be run steadily increased as the clock frequencies of central
processing units (CPU) kept increasing. Since 2003, however, this performance increase of single
CPUs has slowed because of physical limitations in terms of heat-dissipation and energy consumption
[16]. Instead the overall processing power is increased by using multiple CPUs (cores) on each chip.
This motivates the development of parallel programs in order to fully utilise the potential of next
generation hardware.
As parallel programs become more common the use of GPUs for performing computationally heavy
parallelisable operations has emerged as a programming field of its own. To put it in very basic
terms, a GPU can be viewed as a processing unit with very many simpler cores, compared to a
modern multicore CPU which maintains the high performance for each core but offers only a few
cores in total [16]. Different applications may benefit more from execution on one platform or the
other. An example of where GPUs are especially powerful is of course in the field of three15

dimensional graphics, which has driven the development of the GPU in the first place. But it is not
unusual to find useful applications of the GPU within scientific computing, where a prominent
example is linear algebra.
In this project the GPU is explored as an option for computing the distance transform.
3.5.1 CUDA
As mentioned in the previous section some tasks are better suited for execution on GPU while other,
typically sequential, tasks are preferably run on a CPU. It is for this reason quite likely that an
application could benefit by performing some of its tasks on the CPU and others on the GPU. To
support the creation of applications combining execution of CPU and GPU code NVidia introduced
the CUDA (Compute Unified Device Architecture) programming model [16].
CUDA enables the programming of GPUs in a more standard like fashion than what was the case in
the beginning of the GPU-era, when running a problem on the GPU required it to be reformulated in
terms of standard graphic operations. CUDA offers an abstraction level where the programmer can
define the structure of the executing cores to fit the data parallelism of the specific problem. This is
done in terms of threads structured into different blocks. All threads of a kernel perform the same
instructions but on different data according to the single-program, multiple-data parallel
programming model [16]. The idea of the thread abstraction is visualised in Figure 3.7, where code is
executed on the CPU (host) from the top down. At certain points in the host execution the GPU
(device) is called through kernel calls. Each such kernel call is structured into a grid of blocks which in
turn is built up of a set of threads. The grid and block dimension, i.e. number of blocks in the grid and
number of threads in a block, are properties that can be defined by the programmer to suit the
specific problem of that kernel call.

Figure 3.7: Example execution of code running on CPU with two GPU kernel calls. Figure from [16].
In order to process data on the GPU it must first be transferred from the host to the device. This is
done before a kernel is launched and once completed the data resides in the GPU’s global memory.
Global memory is accessible to all threads in the execution. However, reading data from global
memory takes relatively long time. In order to reduce latencies introduced by global memory reads
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this data can be cached. There is a L1 cache for each individual block as well as a L2 cache shared by
all blocks. There is also a shared memory per block that can be specifically controlled by the
programmer to help reduce the number of global memory reads.
To increase the speed per byte of the memory reads from global memory entire chunks of data are
transferred at once to the L1 cache. One such chunk is called a cache-line and consists of 128 bytes
that are stored consecutively in global memory. This feature corresponds well to the assumption the
GPU is tailored after, i.e. the concurrent processing of large amounts of parallel data.
Different generations of NVidia graphics cards may differ in their design and consequently have other
properties in terms of the characteristics described above. The parallel computations of this project
have been executed on an NVidia GTX 470 graphics card supporting the Fermi architecture (compute
capability 2.0).
3.5.2 Performance portability
One reason for the divergence of CPU and GPU-based systems is the aim of improving performance
relative to energy usage [17]. The separation, however, leads to problems concerning the
development and maintenance of code for different kinds of systems. In this context there are
currently two different approaches regarding programming. The first is platform-specific and is
exemplified by NVidias CUDA programming language which is discussed in the previous section. As a
contrast the portable approach aims at providing an interface to produce platform independent code
that can be run regardless of underlying architecture. An example of this is OpenCL [18], which
however has the drawback of needing adaption to each new system configuration to gain decent
performance [17].
The desired solution would be one where the code is portable, but is also able to automatically adapt
to the current system in order to deliver reasonable performance without reconfiguration. This
notion is often referred to as performance portability [17].
3.5.3 NVidia’s Thrust Library
The Thrust library [9] is an attempt at providing a performance-portable, easy-to-use interface to
CUDA to develop code that can be run both on NVidia GPUs and standard CPUs. It is a means for
programmers to define their parallel algorithms on a high level and leaving it up to the library to
choose an appropriate implementation based on the current platform.
Thrust is a C++ library of common parallel algorithms, such as sorting and reduction. The best-effort
adaption to each specific platform is accomplished by having separate implementations of an
algorithm. The best way to implement an algorithm can differ between systems and in this way
Thrust can simply select the appropriate one.
Thrust can provide developers with benefits in terms of productivity and robustness of the code [9].
Even if CUDA code can be configured to produce programs of high performance it can at the same
time be a time consuming process. Using an easier high-level library with a slight decrease in
performance might then be the more cost-efficient choice.
This project is in part conducted as a practical evaluation of Thrust with regards to productivity and
performance of the resulting code.
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Chapter 4
Implementation
This chapter will chronologically describe the steps taken to go from the original serial CPU version of
the FMM/FMMHA algorithm as described in [6], to a parallel GPU implementation using the NVidia
Thrust library. The terms FMM and FMMHA will be used interchangeably from here on and the high
accuracy version will be assumed unless otherwise stated.

4.1 Test environment
This section will introduce the open source projects ITK and VTK as well as describe the motive for
and implementation of a test environment.
4.1.1 Motive
From the start of the project it was apparent that some means of evaluating the calculated distance
transform would be necessary while developing the code. This has been very important both in the
initial implementation to assert that the calculations are correct, as well as in the following
optimization phase of the project, to evaluate the effects of each optimization. At this point it is
important to remember that while an optimization in general should not change the outcome of the
algorithm, in this particular case the original algorithm is not possible to parallelize in an efficient
manner without doing so [99]. This, in conjunction with the fact that the algorithm contains an
intrinsic error, makes output changes due to optimizations acceptable out of necessity. However, it is
still something that must be carefully evaluated.
One solution to this problem of detecting drastic changes to the output of the transform would be by
using unit-tests or some similar means of automated signalling when output values get too skewed.
Although this might have been sufficient it would very likely have been hard to determine how the
output image was behaving purely by analysing the output values. Instead some sort of visualization
of the distance transform’s output is preferable in order to get a better understanding of what
effects a certain change in the code has on the output image. With this in mind, the first part of the
project was dedicated to creating a test environment using the Visualization Toolkit (VTK) and the
Insight Segmentation and Registration Toolkit (ITK). While the initial intent was mainly to use the test
environment to assert that the error of the distance transform was kept within tolerable limits, it has
during the course of the project proved very useful for benchmarking and result generation as well.
The test environment is shown in Figure 4.1.
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Figure 4.1: Test environment. (top left) A three-dimensional representation of a level set of a distance
transform. The level is defined by the yellow slider. (top right) Replica of top left view, used for
comparing two different distance transform results. (bottom left) Two-dimensional intersection of the
plane shown in top left. (bottom right) Corresponding intersection from top right.
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4.1.2 The Insight Segmentation and Registration Toolkit
The Insight Segmentation and Registration Toolkit (ITK) is an open source toolkit used to create
programs for image segmentation and registration. It was instigated by the United States’ National
Library of Medicine and is now widely used in the analysis of medical images [27]. Although its uses
are in no way restricted to medical imaging, it is easy to find important real life applications of such
image analysis algorithms within this area.
ITK has been used mainly for three different applications in the test environment. First it has served
as a way of generating data. This data has been basic three-dimensional images that work as input to
the distance transform as well as corresponding exact Euclidean distance transforms that are used to
determine the error of the implemented algorithm. Second, ITK was used in applying the
implemented transform on the data. This was done by implementing a custom ITK filter that is
connected to the distance transform code and applying this filter to the input image data. Finally, it
has been used in benchmarking of the FMMHA algorithm. The Maurer distance transform filter,
which is one of several filters that ITK provides to calculate the Euclidean distance transform, was
chosen as benchmark and was applied to similar data as the FMMHA distance transform. The choice
of benchmarking transform was based on a report by Tustison et al. [19] which suggests it is a
preferable choice over ITK’s implementation of the Danielsson distance transform.
It should be noted that while the FMMHA algorithm as implemented and described in the report (see
Section 4.2) takes a starting shell as input image the Maurer filter as provided by ITK needs to be
applied to a binary representation of the data. Figure 5.1b illustrates an example of a starting shell
for a sphere and Figure 5.1c its corresponding binary representation.
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4.1.3 The Visualization Toolkit
The Visualization Toolkit (VTK) is an open source system that is concerned with three-dimensional
computer graphics, image processing and visualization [28]. The use of VTK is one of several
alternatives that are supported by ITK as a means of displaying data generated by ITK.
In this project VTK was used to create a side-by-side three-dimensional display of the isosurfaces of
two arbitrary distance transforms. The purpose is to compare the result of the implemented distance
transform to one supplied by ITK or to an exact distance transform calculated in ITK. The user
interaction is limited to only one of the displays, while the other one mimics the behaviour of the one
controlled by the user. This assures that the side-by-side displays shows corresponding views as the
user navigates through the image volume. A slider has been implemented to change the value of the
level set that the isosurface represents. It is necessary to be able to change the level of the isosurface
so that the entire three-dimensional dataset may be navigated.
Finally VTK was also used to create a two-dimensional plane that the user can control to define
intersections through the surfaces in the three-dimensional displays. These intersections are then
shown in two separate two-dimensional displays, one for each of the distance transforms, and help
the user illustrate the internal structures of the distance transforms at the current iso set level.
An additional visualization tool that VTK provides is the ability to render objects as a wire frame as
illustrated by Figure 4.2. This feature can work as a compliment to the two-dimensional plane
intersections in showing the interior of the figure defined by the isosurface.
Although significant time was spent in order to learn VTK and implement the test environment it has
as expected proved very useful in development to be able to visualise three-dimensional isosurfaces
as well as 2 dimensional plane intersections.

Figure 4.2: Wireframe representation of a level set of the distance transform applied to a cube.
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4.2 Serial CPU Implementation of FMMHA
4.2.1 Motive and implementation details
A serial implementation of the FMMHA is made as a natural way of getting familiarized with the
algorithm and learning how and why it works. It serves also as a starting point for subsequent serial
as well as parallel FMMHA implementations, although the parallel implementations in particular
require considerable reconstruction of the code.
The general idea of the FMMHA is that the information from some initial condition is propagated
outward in a wavelike motion. In the context of calculating a distance transform the initial condition
is a set of points of the lattice close to the surface of the object, where the distance is already
defined. A special, but particularly interesting, case of such an initial condition is the set of points
whose distances to the surface are close to zero, i.e. the points that represent the surface of the
object.
When the algorithm starts the initial condition is considered frozen, i.e. the distance values for those
grid points are considered correct and final. The frozen grid points are used to compute the distances
at their neighbours. The set of grid points with estimated distance values that are not yet frozen is
called the narrow band. The way in which the algorithm propagates outwards is by selecting the grid
point in the narrow band with the smallest estimated distance to the surface, and freezing it. The
distance values of the neighbours of this newly frozen grid point are computed and consequently
added to the narrow band. The next grid point of the narrow band with the smallest estimated
distance is frozen and the process repeats.
The original serial code is designed to adhere to the FMMHA algorithm as described by Bᴂrentzen
[6] to as large an extent as possible, with a few exceptions. Bᴂrentzen goes into great detail
describing a heap data structure to store the narrow band to get fast access to the closest grid point.
While such a feature may be important in general for the FMMHA algorithm, this serial
implementation is made with the explicit intent of evolving into a parallel solution where grid points
are frozen in larger chunks with the result that other aspects become more important (See section
4.4). Another difference between this implementation and the one described by Bᴂrentzen is the
introduction of a stopping condition. This is crucial for the algorithm to be able to exploit the benefit
of not having to compute the distance transform for an entire volume but only in the section
currently of interest. A short pseudo code that illustrates the concept of the algorithm is shown in
Figure 4.3
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Figure 4.3: Short pseudo code illustrating the FMMHA implementation.
Both the narrow band as well as the computed image, i.e. the frozen voxels, are represented as
sparse arrays. This makes it possible to only store voxels of interest, i.e. voxels that are computed,
and potentially save vast amounts of memory.
An important part of the algorithm that has up until now been left out is the actual computation of
distances of the neighbours of newly frozen grid points. This section is one of the most stable
throughout all implementation phases as the distance calculation varies very little, if at all, when
going from a serial context to a parallel solution. Any speedups in this calculation instead come from
doing the computations for several grid points at once. An implementation of the distance
calculations as described in Section 3.3 is relatively straight forward and is described in quite detailed
pseudo code in [6]. One of the few intricacies lies in choosing whether to include narrow band grid
points in the computations or only use values from points that are already frozen. Although either
choice seems to be legitimate, Bᴂrentzen notes that tests show a negative effect of including narrow
band points [6]. In this project the distance calculations are made without including narrow band grid
points.
4.2.2 Program structure
The actual implementation of the FMMHA algorithm may be executed in a self-contained
environment to calculate the distance transform. However, it needs to be connected to the test
environment for proper evaluation of the result. This is done by implementing a custom ITK-filter and
simply plugging the code of the FMMHA implementation into that filter. In order to enable compiling
the test environment and the algorithm implementation with different toolsets, the FMMHA code is
exported as a DLL to be used by the user defined ITK filter.
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4.3 Using NVidia’s Thrust library
This section will shortly introduce some basic concepts needed for a thrust implementation.
The next step in the development process was concerned with learning the basic concepts of
NVidia’s Thrust library, how to use it for greatest benefit and what limitations it entails. This was
done by converting the basic C++ code into building blocks using Thrust algorithms and data
structures. In particular the data structures thrust::host_vector and thrust::device_vector are
fundamental in basic thrust development. These are very important but simple concepts that let the
developer transfer data between the host (CPU) and the device (GPU) with very little effort. Once the
CPU implementation is adapted to using thrust:host_vector data structures in place of ordinary
arrays, the code can be made to run on the GPU by essentially only switching them to
thrust::device_vectors.
The narrow band and the calculated image are both stored in a sparse manner as introduced in the
previous section. This could be represented as a set of structures containing a voxel index together
with its value. In general, though, in the context of GPU programming it is advised to implement such
data relationships as Structures of Arrays (SoA) instead of Arrays of Structures (AoS) [9]. The reason
behind this suggestion is that it is more likely to get coalesced reads from global GPU memory if
values to be read are stored sequentially. Following the advice, the sparse data structures are
implemented as structures of arrays, i.e. indexes of voxels are stored in a separate array and their
values are stored in corresponding positions in a value array. In general, the serial Thrust
implementation is straight forward. However, the chosen method of representing sparse data
structures requires the use of Thrust’s “zip-iterators”. These iterators let algorithms iterate through
the sparse data structures as though they were stored as an array of structures, i.e. the voxel index is
stored together with the voxel value.

4.4 A parallel Fast Marching Method
This section will describe the reasoning behind not strictly following the fundamentally serial
FMMHA. It will also bring up the main concerns of parallelising the method.
4.4.1 Introducing chunks
In order to strictly adhere to the Fast Marching Method algorithm as presented by Sethian, the
freezing of narrow band voxels has to be done one by one, from the inside out. The algorithm relies
on the chosen voxel having the smallest value of all non-frozen voxels [4]. Since the information of
the algorithm flows from the inside out, as described in Section 3.3, the value of the non-frozen voxel
closest to the surface cannot be affected by any other non-frozen voxel [4]. This condition, however,
leaves little room for parallelization of the algorithm. A strict adherence to Sethian’s algorithm might
present some opportunities for parallelisation, e.g. even if only one voxel is frozen several
neighbours of that voxel need to be recomputed. In this project, however, it is not judged to be
enough for the desired performance on a GPU. This prompts the decision to break the constraint and
introduce the concept of a chunk-size that defines how many voxels from the narrow band may be
frozen in each iteration of the algorithm. This chunk-size parameter is of great importance in the
evaluation of the implementation, as it defines by how much the strict adherence to the algorithm is
broken and in how large degree the computations can be run in parallel. Introducing this chunk-size
parameter enables computation of distance values of more voxels at once, since the number of
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neighbours of newly frozen voxels in each iteration generally increases if more voxels are frozen
simultaneously.
4.4.2 Initialisation
A general description of a Fast Marching Method implementation is separated into two parts; one
initialization step and one marching step. This is evident from the description of the algorithm in
Section 3.3 as well as by Bᴂrentzen’s suggested implementation [6]. However, the initialisation step
is mainly concerned with freezing the initial condition and the implementation of it does not change
considerably as the project transitions to a parallel solution. As such, the initialisation step is mostly
ignored in the majority of this section.
4.4.3 Chunk size
The first difference in the marching-loop of the algorithm is that a chunk_size needs to be defined.
While this parameter could be statically assigned, the choice is made to let the chunk_size parameter
vary with the size of the narrow band. This parameter is very important for the performance of the
implementation and the reasoning behind this choice will be described in some further detail.
The theoretical reason behind not freezing several voxels at once has been described above in
Section 4.4.1. To illustrate the problem with a practical example, imagine the same scenario as
described in Section 3.4 but with the difference that both the white voxels are to be frozen at the
same time (see Figure 4.4a). The leftmost white voxel has now only got one voxel to rely on in its
distance computation and it should be clear that where it previously estimated its distance to
√

it will now get an estimated value of

, resulting in an even worse estimation. At this

point, one may argue that the problem has already been solved with the transition to the FMMHA
algorithm. This is only partly true, though, since the added information that the FMMHA provides
would come from a single direction only. Even if it would be able to approximate the distance better
than the original method in some cases (see Figure 4.4c), it cannot be guaranteed that a
neighbouring voxel would not contain additional information about the curvature of the interface
(illustrated in Figure 4.4b). Simply put, if two voxels next to each other are frozen at the same time,
the one closer to the surface loses its opportunity to affect the other one.

Figure 4.4: An illustration of the problem with computing several voxels at once. From A’s point of
view (a) and (b) is the same scenario. No more information of the front is received in (b) when using
FMMHA.
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Following the reasoning above, the algorithm may benefit from selecting voxels to be frozen in such
a way that they are geometrically distributed as evenly as possible over the narrow band. One way of
achieving this would be to inspect all voxels of a chunk before freezing them and making sure that
they fulfil some geometrical condition, e.g. no two voxels from the same chunk are neighbours.
Another approach is to simply limit the chunk_size to some portion of the narrow band and rely on
the random distribution of the voxels with the smallest values to supply sufficient sparseness. While
both these strategies could be combined, the choice in this project has been to only use the latter.
This choice makes sure that each chunk only contains voxel values smaller or equal to those of the
next chunk being processed by the algorithm, thus at least keeping to the smallest value first
principle for chunks even if it is broken internally in each chunk.
How large portion of the narrow band that the chunk_size should constitute and how large the
maximum chunk_size allowed should be are questions discussed in Section 5.2
4.4.4 Stopping
The stopping condition makes sure that the algorithm does not continue its march longer than
necessary, to ensure that as much time and memory as possible is saved. When the march may stop
is a precondition that must be defined by the caller of the algorithm in terms of distance from the
surface.
In this context there are two points of interest in the parallel implementation. The first is that it is
important to maintain the narrow band ordered by the voxels’ distance to the surface when
evaluating if the algorithm has propagated far enough from the initial condition to satisfy the
precondition. Logically, the narrow band should always be sorted in such a way and this condition
would not even be worth mentioning. However, the sparse image representation together with the
use of the Thrust library complicates things. Consider the seemingly simple operation of adding
neighbours of newly frozen voxels to the narrow band. The desired behaviour of the operation is to
merge together the set of new narrow band voxels with the existing set of narrow band voxels, while
keeping the entries unique with regards to their indexes but sorted with regards to their values.
Thrust has not been found to provide any clear cut function that corresponds to such an operation.
Instead the implementation utilizes the Thrust set-union operation, which in this case requires the
sets to be sorted by index. Thus, the narrow band voxels are alternatingly sorted by index and by
value in different stages of the march.
The second point to keep in mind when transitioning to a parallel solution is that the last chunk being
processed by the march-loop most likely will contain some voxels breaking the stopping condition.
This last chunk would consequently need to be searched to find the proper position to cut it. This is
not implemented, though, with the motivation that such a search would introduce a cost in itself and
the total benefit should not be significant.
4.4.5 Freezing voxels
The operation of freezing voxels from the narrow band is essentially the same as the one described
above of adding voxels to the narrow band. It is implemented in the same way with the use of
Thrust’s set-union operation. One issue that has not yet been brought up, though, that concerns both
these operations is memory management. Memory allocation on the GPU is a costly operation [10]
and should preferably not be done during the iterating march of the algorithm. With this aim the
implementation defines two different parameters. One is concerned with pre-allocation of total
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memory needed for the entire execution. The amount of memory specified by this variable is
allocated on the GPU before the execution starts. The other variable defines by how much the total
memory should be increased in case it runs out during the marching step. Ideally an accurate
estimation of the total memory required can be made automatically based on the size of the input
surface and target distance of the transform. This part of the algorithm is yet to be implemented
though, and at its current state the application requires the user to explicitly assign these variables.
4.4.6 Find neighbours
After a set of voxels has been frozen their neighbours that are not already frozen should be
recalculated and inserted into the narrow band if not already part of it. The first step associated with
this task is to identify the set of voxels whose distances need to be recalculated. This operation can
be expressed as a combination of several Thrust functions. The set of all neighbours of the newly
frozen voxels can be computed given the stride of the three dimensional coordinate system. The
desired set of voxels can now be obtained by simply removing any duplicates and already frozen
voxels. Determining which voxels are frozen is done by intersection of the two sets, i.e. the set of all
neighbours and the set of frozen voxels.
4.4.7 Recompute neighbours
The re-computation of neighbours is an operation that given a set of indexes of desired voxels should
estimate appropriate distance values for those voxels based on the already computed image, i.e. the
array of frozen voxels. The estimation of a voxel’s distance is based on the values of its frozen
neighbours and the process can be described in three steps. First, the neighbours of the voxels need
to be found. Second, the values of those neighbours need to be retrieved from the data structure
containing the already computed voxels. Third, these values are used to compute the distance
estimations as described by Bᴂrentzen [6].
The task of finding neighbours is similar to the one described in the previous section and will
consequently not be described in any further detail here. As described in Section 4.2 the
implementation of the distance calculations is the same as in the serial version of the solution. The
one difference is that Thrust is used to run the code in parallel.
The second task, concerned with retrieving distance values, has been the focus through a large
portion of this project. The desired operation could be called gather-by-key and would, as the name
suggests, given a set of keys; return, from a key-value data structure, the set of values corresponding
to the input keys. This or a corresponding operation has not been found to yet be included in the
Thrust library. Further, it has been shown to be difficult to implement an efficient parallel solution
corresponding to this operation, using only basic operations included in Thrust.
The first attempt at a Thrust-based gather-by-key implementation is comprised of the basic setoperations intersection and union. However, this has to be done separately for each voxel that
requires recomputation in order to keep the structure of its neighbourhood intact. The implications
and attempted solutions for this are discussed in following sections.
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4.5 Profiling
Profiling is a very important step in the development process of software running on a GPU [29].
While the same may be true for any application, the unpredictability of the effects of a change in this
context makes it exceedingly so. Profiling has been used consistently throughout the project to
evaluate each step in the iterative development process. This section shows how profiling is
executed using NVidia’s profiling tools and conveys conclusions drawn from the results.
After running the code through the profiler the result is illustrated visually as shown in Figure 4.5.
When looking at a profiling result for the first time it can be difficult to understand and this report
will only focus on discussing certain parts of it that are of particular interest. One is concerned with
how the data flows through the application and is illustrated by the three lines entitled “MemCpy”.
They show host to device, device to host, and device to device memory copies respectively. A second
aspect is the computation sequence shown on the line entitled “Compute”. This line shows which
kernel is executed at a specific point in time and in particular if any work is done at all at that point.
Third and last, the list of kernels under the compute line shows how large portion of the total
execution is spent in each kernel. Generally this information would indicate what parts of the code
are most time consuming. In this case, though, when using Thrust, the kernel names are quite
complex and it takes considerable effort to deduce which section of the code they refer to. This
effect of the generic structure of Thrust will be discussed further in Section 6.1.

Figure 4.5: Example of a profiling result. The compute line is marked with green and the three lines
above it are the MemCpy lines.
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At a first glance of the profiling result (Figure 4.5) a repeating pattern is easily distinguishable. This
repetitive behaviour is explained by the nature of the algorithm in the way that it solves the Eikonal
equation, i.e. by iteratively expanding the narrow band from the initial condition and freezing the
values behind it. Each repeating segment corresponds to one iteration of the march-loop.
In general, it can be seen by Figure 4.5 that there is a lot of copying of memory back and forth
between host and device. Most of this can likely be explained by pointers being sent to or returned
from Thrust kernel calls and should intrinsically not cause a detrimental effect on the performance.
However, closer inspection reveals that a relatively large amount of time is spent waiting after each
memory copy (see Figure 4.6). The code needs to synchronize after each kernel call in order to
continue.

Figure 4.6: Zoomed in profiling result revealing time losses associated with memory copies. Notice on
the compute line that no work is being performed between the yellow markers.
The combining of basic Thrust functions to generate the desired operations in the code has led to a
large number of kernels being executed. A good example of this is the first gather-by-key
implementation discussed in the previous section, where each voxel requiring a recomputation
needs an individual kernel call. This is, of course, very inefficient and prompts an attempt to reduce
the number of kernel calls. While this high frequency of kernel calls is consistent throughout the
entire execution, the focus of this project has mainly been to optimize the gather-by-key operation.
This decision is made for several reasons. First, focusing on only part of the code makes it easier to
investigate the underlying problem to get a better understanding of it. Second, the gather-by-key
operation is a relatively common operation compared to some of the others that the FMM
implementation utilizes. I.e., it is an operation for which applications could be found outside this
specific project. Finally, even though the profiling results change throughout different optimization
stages of the project, the time spent by the gather-by-key operation is consistently a significant
portion of the total execution time.

4.6 Optimization
A large part of the development was spent cycling through the profiling and optimization steps with
the goal of producing an implementation of reasonable speed compared to the benchmarking
algorithm. The optimizations made in these iterations are discussed in this section.
In a relatively early stage of the project, it stood clear that the parallel Thrust implementation did not
reach its full potential. The benchmarking measurements did not reflect the results that should be
expected when running the algorithm on GPU. As described in the previous section, profiling
revealed a very large number of kernels being launched by the Thrust code as well as the
synchronization cost of each launch. At this point, the suspicion was that a large part of the problem
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could be due to the relatively poor implementation of the gather-by-key operation where a Thrustcall was made for each value to be computed in the current chunk.
A first attempt at improving the efficiency of this part of the code was made by creating a cache of
the combined neighbours of all voxels to be calculated in the current chunk. While this change
marginally improves the performance of the gather-by-key code section, it does not address the
main problem with the large number of Thrust calls.
The difficulty in parallelizing the gather-by-key operation lies in trying to keep the association
between the voxel and its neighbours when retrieving their values form the calculated image. This
can easiest be explained in terms of neighbourhoods. Imagine a two-dimensional neighbourhood
shown in Figure 4.7 In order to estimate the value of pixel A, all pixels of the neighbourhood need to
retrieve their values from the calculated image. Then those values need to be given to the distance
calculation function in an order corresponding to their relative positions to A. When done serially,
this poses no particular problem. However, when attempting to do the same operation in parallel
using the Thrust library it becomes more complicated. For the majority of the necessary functions in
the parallel FMM implementation, ways can be found of combining basic Thrust functions to acquire
the desired operation. Such solutions may in general have inconvenient side effects, e.g. the
reordering of the narrow band described in Section 4.4.4. In this case however, the precondition of
the Thrust set-operations to use sorted sets severely complicates the task of keeping the association
between A and its neighbourhood. In the first attempt at implementing this gather-by-key operation
this was solved by isolating the neighbourhoods from each other, resulting in the implementation
discussed above, using one Thrust call per neighbourhood. As evident by the profiling, though, this is
not a good solution.

Figure 4.7: The neighbourhood of A.
In a subsequent attempt at solving this problem of association between A and its neighbourhood an
implementation was constructed that uses a permutation sequence. This sequence allows the
reordering of the combined set of neighbours before using the Thrust set operations. It then helps
reordering the values back to the correct order once they are retrieved from the calculated image.
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While this solution takes care of the problem of many thrust calls the number of kernel calls is not
reduced significantly.
A final attempt at implementing a gather-by-key operation using Thrust was conducted. This time the
aim was to give as much control as possible over to Thrust to see if that can help solve the problem.
In previous instalments the Thrust functions had been used for purposes that are not strictly the
intended ones. E.g. set-intersection was used to extract a set of neighbouring values from the
computed image and set-union was used to map them back together with their corresponding
indices. While this combination performs the necessary work it may well suffer from how the
functions are implemented in Thrust internally, i.e. make Thrust solve a problem that is harder than
the one being modelled. In essence, the gather-by-key operation is a search of some sort performed
in parallel. For each element in the set of keys to be found, a search for that key should be made in
order to retrieve the corresponding value. As such, this final attempt at a Thrust based
implementation use the Thrust for-each function together with a custom binary search. In this
version of the code there were user-defined parameters controlling how many thrust calls should be
made to this for-each function in each chunk. Although this version performed better compared to
previous versions with regards to speed, it still cannot be configured to reduce the number of kernel
calls that Thrust makes. Consequently the synchronization delays discussed earlier are still present.
Despite the attempts described above of implementing an efficient gather-by-key operation, the
major issue of kernel call synchronizations was still not solved. At this point it was suspected that the
problem may lie in the way Thrust works and that its somewhat serial nature, which requires
synchronization after each function call, is too much of a hindrance for this particular problem. Thus,
subsequent optimization efforts break the constraint of using Thrust and instead implement the
gather-by-key operation using custom CUDA kernels. These are described in Section 4.7.

4.7 CUDA
As described in the previous section the Thrust based optimizations did not yield satisfying results,
prompting the development of a custom CUDA kernel. This decision has a two-fold motive. First, it
serves as an investigation into the part Thrust plays in the sequential-like behaviour of the algorithm.
Second, it further estimates the value of using Thrust as the development time of the CUDA kernel
can be compared to that of the Thrust implementation.
4.7.1 Brute force kernel
The first solution using CUDA is very conscious about the limited problem sizes that are exposed in
the gather-by-key operation. As discussed in Section 4.4.3 the chunk_size determines how many
voxels may be computed simultaneously and in general this is not sufficiently large to occupy the
whole capacity of the GPU in terms of concurrent threads [11]. In an attempt to utilize as many
threads as possible this implementation solves the problem by organizing the CUDA threads in a twodimensional grid with dimensions corresponding to the amount of keys to find and total amount of
keys respectively (see Figure 4.8). Each thread in the grid is then responsible for performing one
comparison between a key to find (row) and a key in the store (column).

32

Figure 4.8: Illustration of the idea behind the brute force kernel. Each thread is responsible for
performing one comparison, between one key to find and one key in the store of frozen voxels.
4.7.2 Kernel with lookup-table
The second CUDA solution is less concerned with the occupancy of the kernel and instead focuses
more on the latency induced by global memory reads. The cache-line for cached global memory
reads is 128 bytes [11]. This means that every time the kernel needs to read a value that is stored in
global memory, the GPU is forced to transfer the entire 128 byte segment where the value is stored.
Once this 128 byte segment is read though, it is stored in the L1 cache and at that point the data in
the segment can be read very efficiently by that block. In the first CUDA solution the latency induced
by the global memory reads could not be covered by computations since the actual work to be
performed by the kernel is more or less only a comparison. With this second attempt the idea is to
create a one-dimensional kernel that performs a binary search where each thread is responsible for
finding one key in the store. However, a binary search needs to access memory positions relatively
far apart in the data structure that it is searching in it. This would likely lead to whole cache lines
being loaded in order to read only a single value before moving on in the search. This second CUDA
attempt solves that particular problem by constructing a lookup-table and storing it in constant
memory before the kernel is launched. This lookup table consists of the N top elements in a binary
tree representation of the key-store, where N is a parameter decided by the user (illustrated in
Figure 4.9). This lookup table allows the kernel to start the binary search in elements stored in
constant memory. Given an N large enough a thread can narrow down the binary search enough by
only accessing constant memory so that it can determine within which 128 byte segment in global
memory its desired key resides. N must not be too large, however, to make sure that the lookuptable fits in the constant memory cache.
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Figure 4.9: Example of a binary lookup tree stored in constant memory.

34

Chapter 5
Results and analysis
A large part of this project has been concerned with comparing a custom made implementation of
the fast marching method as a means of calculating the distance transform to a benchmark
implementation from the ITK library. In this chapter measurements of correctness and performance
as well as the benchmarking results will be covered.

5.1 Test setup
The system on which these results have been computed is summarised in Table 5.1.
Type
CPU

Model
Intel Xeon 5150

GPU

NVidia GTX 470

Description
2 cores,
2.66 GHz,
(System RAM 3 GB)
448 CUDA cores,
Core clock 607 MHz,
Memory 1280 MB,
Memory Bandwidth 133.9 GB/sec,
Memory clock 1674 MHz,
Compute capability 2.0

Table 5.1: System summary.
The FMM distance transform is largely computed using the GPU while the benchmark algorithm from
ITK, presented in Section 4.1.2, runs on CPU.
The tests are done by applying the two distance transforms to two different surface phantoms in a
{200,200,200} volume. The first phantom is a sphere centred at the centre of the containing volume
with a radius r. The second phantom is a cube centred in the containing volume with a radius r
defining the shortest distance from the cubes centre to the centre of a side. I.e. a sphere with radius
r could exactly be enclosed by a cube with radius r.
The two distance transforms require different representations of the input surface as described in
Section 4.1. The ITK transform is applied to a binary image while the FMM transform takes a starting
shell as input. The binary image is created by defining all voxels inside the surface as 1 and all others
as 0. The starting shell is created as an exact distance transform extending with some width from the
surface. Figure 5.1 shows the starting representations of the two phantoms as well as cross-sections
of them using the test environment discussed in Section 4.1. Only one input image of the cube is
shown as there is no visual difference between them.
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Figure 5.1: Starting representations of the two phantom surfaces used for testing. (a) An image of the
cubic surface intersected by the help plane discussed in Section 4.1. (b) The input surface of the sphere
phantom used by the FMM distance transform. (c) The binary representation of the sphere as used by
the Maurer distance transform from ITK. (d-f) Cross-sections of respective volumes above.
The error of the distance transforms is computed as a difference between the respective output
images and an exact Euclidean distance transform. In these results the benchmark algorithm can be
used as a reference point for the performance of the FMM distance transform, even if the difference
in representation of input images skews the comparisons to some degree. For this reasons only
voxels that are computed by the FMM algorithm are considered in the error estimation. I.e. the error
is estimated for all voxels up to the target distance from the surface. Only positive distances are
considered, i.e. points lying on the outside of the initial surface.
Section 4.4.5 introduces the concept of memory management in the FMM implementation.
However, the automatic estimations of memory that the distance transform will need are not yet
implemented. These parameters are instead defined to appropriate default values. The potential
gain of fine tuning the parameters should not be significant assuming that large enough chunks are
allocated each time the memory runs out. The default memory allocation size is 10 000 elements.
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5.2 Correctness
An important concept for this project is the sacrifice of precision of the computed distance transform
in order to increase the level of parallelisation, as explained in Section 4.4.1. This section begins with
presenting the error of the implementation when run serially as a baseline for comparisons with
more parallel versions. The measurements are expressed as an error relative to the exact Euclidean
distance transform. They are presented together with corresponding results for the benchmarking
algorithm from ITK.
The error is measured for both the sphere and the cube phantom surface. First the distance
transforms are applied to the spherical surface with radius 25 du (distance units). The input shell to
the FMM transform has a width of 3.0 du and the target distance is 20 du. Second the transforms are
applied to a cube with radius 25 du, an FMM input shell of width 3.0 du and a target distance of 20
du. The error statistics for these tests are shown in Table 5.2 and histograms of the errors of the
transforms are shown in Figures 5.2 - 5.4 respectively. No histogram is shown for the ITK transform
applied to the cube, since it can compute that transform exactly.
Transform

Mean
Error

FMMHA Sphere

0.0036

Mean
Magnitude of
Error
0.0039

Standard
Deviation
0.0029

Max
Negative
Error
-0.0093

Max
Positive
Error
0.0104

FMMHA Cube
0.0535
0.0547
0.0906
-0.1070
0.2946
ITK Maurer Sphere -0.1970 0.1970
0.1297
-0.9607
0
ITK Maurer Cube
0
0
0
0
0
Table 5.2: Error statistics of the FMMHA and Maurer transforms applied to a sphere of radius 25 du
and a cube with radius 25 du, both with a target distance of 20 du.

FMM Sphere
35 000
30 000
25 000
20 000
15 000

FMM

10 000
5 000
0

Figure 5.2: Histogram of the error of FMMHA presented in table 5.2. Edge-bins contain all values
outside the specified intervals. Approximately 837 000 voxels are compared.
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ITK Sphere
180 000
160 000
140 000
120 000
100 000
80 000

ITK

60 000
40 000
20 000
0

Figure 5.3: Histogram of the error of ITK’s Maurer distance transform presented in table 5.2. Values
larger than -0.05 are all gathered in the right-most bin. Approximately 837 000 voxels are compared.

FMM Cube
250 000

200 000

150 000
FMM

100 000

50 000

0

Figure 5.4: Histogram of the error of FMMHA applied to the cube phantom presented in table 5.2.
Approximately 465 000 voxels are compared.
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In the assessment of the FMM transform the difference in input of course make the results hard to
compare to ITK’s Maurer transform. The mean error of the radius of the binary starting
representation used by the ITK transform is approximately -0.0233. In this sense the Maurer
transform has a clear disadvantage with regards to the evaluation of the error when computing
spherical shapes. However, when the surface can be exactly represented with a binary image, as for a
cube, the Maurer transform can compute the distances with exact accuracy. It is hard to estimate the
gains associated with a binary representation, e.g. with regards to speed of the computations.
Section 4.4.1 introduces the concept of using chunk sizes to increase parallelisation as well as the
negative effects large chunk sizes has on the correctness of the resulting transform. Table 5.3 shows
the error statistics together with run times for different chunk sizes of the respective transforms.
Chunk size one means that the transform is computed serially, one element at a time. The chunk size
is defined by two parameters; one limiting the size based on a fraction of the narrow band, the other
as a static upper limit. When using large static upper limits the fraction limit helps contain the chunk
sizes at the beginning of the algorithm when the narrow band only contains few voxels. For all tests a
narrow band fraction of 0.4 is used as complementing limit to those listed, unless another fraction is
specified within parenthesis.

Transform

Chunk
Size

Runtime
(seconds)

Mean
Error

Mean
Standard
Max
Max
Magnitude
Deviation
Negative Positive
of Error
Error
Error
FMM Sphere 1
3 600
0.0036
0.0039
0.0029
-0.0093
0.0104
10
320
0.0036
0.0039
0.0029
-0.0093
0.0104
100
31
0.0036
0.0039
0.0029
-0.0093
0.0104
1 000
4.2
0.0031
0.0039
0.0036
-0.0173
0.0105
10 000 0.89
-0.0637 0.0665
0.0770
-0.4377
0.0261
FMM Cube
1
7 500
0.0535
0.0547
0.0906
-0.1070
0.2946
10
620
0.0541
0.0547
0.0891
-0.0710
0.2948
100
61
0.0546
0.0551
0.0891
-0.0670
0.2947
1 000
8.2
0.0548
0.0565
0.0917
-0.1676
0.2948
10 000 0.98
-0.0917 0.0944
0.1691
-1.0551
0.1023
Table 5.3: Errors depending on chunk size for the FMM distance transform with a target distance of
20 du applied to phantoms of a radius of 25 du.
For the evaluation of the FMM transforms performance in terms of computation speed the problem
size is increased. This is done by increasing the radius of the phantoms as well as the target distance
of the transform. The errors of these tests on larger problem sizes are shown in Table 5.4. The radius
of the phantoms is increased to 50 du and the target distance is also increased to 50 du. The error
statistics is displayed together with chunk sizes and run times. Only chunk sizes larger than 100 are
considered based on the fact that the error is relatively stable before that point, which can be seen in
Table 5.3.
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Transform

Chunk Size

Runtime
(seconds)

Mean
Error

Mean
Standard
Max
Max
Magnitude Deviation
Negative Positive
of Error
Error
Error
FMM Sphere 100
660
0.0027
0.0028
0.0018
-0.0078
0.0087
1 000
81
0.0027
0.0028
0.0018
-0.0078
0.0090
10 000
13
-0.0116 0.0157
0.0226
-0.1294
0.0115
20 000
5.8
-0.1074 0.1096
0.1121
-0.5263
0.0214
100 000
4.2
-0.1870 0.1895
0.2095
-1.1837
0.0406
100 000 (0.6) 3.0
-0.6440 0.6444
0.5418
-2.5473
0.0859
FMM Cube
100
1400
0.0721
0.0734
0.1041
-0.0670
0.3178
1 000
156
0.0723
0.0736
0.1053
-0.1616
0.3173
10 000
19
-0.0496 0.0595
0.0957
-0.5779
0.1812
100 000
4.5
-0.3895 0.3902
0.5461
-2.6849
0.1023
100 000 (0.6) 3.8
-0.4269 0.4280
0.6058
-3.2693
0.1949
ITK Sphere
-0.1382 0.1382
0.1010
-0.9519
0
Table 5.4: Errors depending on chunk size for the FMM distance transform with a target distance of
50 du applied to phantoms of a radius of 50 du.
Tables 5.4 show a clear relationship between the error of the distance transform and the runtime.
This relationship is further displayed in Figure 5.5, which shows a plot of the standard deviation of
the error as a function of the number of voxels computed per second.

Relation of error and speed for sphere and cube
0.7

standard deviation of error

0.6
0.5
0.4

Sphere r=50

0.3

Sphere r=25
Cube r=50

0.2

Cube r=25

0.1
0
0

500 000

1 000 000

1 500 000

2 000 000

voxels / second

Figure 5.5: The standard deviation of the error as a function of FMM computations speed in voxels /
second. Data labelled “r=25” is taken from Table 5.3 and data labelled “r=50” is taken from Table 5.4.
Figure 5.6 shows transforms computed with chunk sizes of 100 000 and 0.6 narrow band fractions
where the errors can be detected visually. The iso-surfaces at 30 du are displayed. The figure also
contains corresponding iso-surfaces for transforms computed with a chunk size of 100 as reference
points.
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Figure 5.6: Comparison of iso-level surfaces at 30 du. (a) FMM Distance transform computed with
100 000 chunk size and 0.6 fraction. (b) FMM Distance transform computed with 100 chunk size. (c)
FMM Distance transform calculated with 100 000 chunk size and 0.6 fraction. (d) FMM Distance
transform computed with 100 chunk size. (The plane shown in the images is the reference plane used
for displaying two-dimensional intersections as illustrated by Figure 5.1.)
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5.3 Performance
One of the basic ideas of the FMM implementation is the introduction of chunks of voxels being
computed at the same time in order to increase the algorithms level of parallelisation. It is natural
that the distance transform can be computed faster for higher chunk sizes. The relationship between
chunk size and run time of the current implementation is shown in Figure 5.7 according to the data
from Table 5.4.

Relation of runtime and chunk size
10000

runtime in seconds

1000

100

Sphere
Cube

10

1
1

10

100

1000

10000

100000

chunk size

Figure 5.7: FMM runtime in seconds as a function of chunk size. The transform is applied to phantoms
of radius 50 du. Target distance is 50 du. (Note: Axes in logarithmic scale.)
The slow runtimes of low chunk sizes, which are especially noticeable in the serial runs reported in
Table 5.3, are due to the entire implementation being tweaked with the assumption of being run
with a significant level of parallelisation. E.g. the algorithm is implemented to use the GPU, which is
not a feasible solution for serial runs.
As shown in the previous section the runtime of the algorithm is tightly connected to the error of the
resulting distance transform. Assuming that a 0.1 standard deviation of the error is tolerable, the
current implementation can compute the transform with a speed of up to approximately 0.7 million
voxels / second, depending on the shape of the initial surface. This is to be compared with the ITK
Maurer distance transform that computes the transform for the entire volume in about 2.5 seconds
corresponding to a speed of 3.2 million voxels / second. The concept of this implementation of the
FMM, however, is to sacrifice speed in terms of voxels computed per second to allow for the sparse
representation of the resulting distance transform, which primarily conserves memory. Further, the
FMM is a wavefront scheme and can as such possibly avoid computing the transform for the entire
input volume. A beneficial example in the context of the radiotherapy software is a distance
transform of a torso.
Assume that a torso can be approximated with a cylinder of height 1 m and a radius of 20 cm.
Assume further that the radiotherapy software needs the distance transform to be defined for voxels
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up to 3 cm in either direction of the surface. A typical resolution in this context is somewhere
between 1 and 5 mm. Table 5.5 shows the amount of computed voxels for the FMM implementation
compared to a sweeping scheme distance transform for some different resolutions. The containing
volume is assumed to be a rectangular cuboid with sides 100, 50, and 50 cm. These theoretical
computation times assume the use of ITK’s Maurer transform (3.2 M voxels/s) as well as an
acceptable standard deviation of 0.1 (0.7 M voxels/s).
Resolution

Voxels in
entire
volume

Voxels
computed by
FMM

ITK
computation
time (seconds)

FMM
computation
time (seconds)

1 mm
250 000 000 25 100 000
78.1
35.9
3 mm
9 260 000
931 000
2.89
1.33
5 mm
2 000 000
201 000
0.625
0.29
Table 5.5: Theoretical evaluation of memory consumption and effective computation times of the
implemented FMM distance transform and ITK’s Maurer distance transform. These are theoretical
values for applying the transforms to an approximation of a torus. See text for further description.
(Voxel quantities are rounded to three significant digits.)

5.4 Impact of CUDA kernel
During the final stage of the project a CUDA kernel was developed to replace part of the Thrust code,
as described in Chapter 4. The intent was to investigate if Thrust itself was an obstructing factor in
the aim of increasing the computation speed of the FMM implementation. This section shows a
comparison of runtimes of the pure Thrust implementation and the solution where a part of the code
has been swapped out for a custom CUDA kernel (described in Section 4.7.2).
Chunk size Runtime
Runtime
Accumulated
Accumulated
Thrust
CUDA
time in Thrust time in
(seconds)
(seconds)
function
CUDA kernel
100
824
661
175
5.8
1000
105
84
24
1.3
20 000
7.56
5.82
1.98
0.375
Table 5.6: Comparison of the “gather-by-key” function implemented using Thrust compared to a
custom CUDA kernel. The accumulated times state how much time of the total runtime was spent in
the gather-by-key function. The FMM distance transform is applied to a sphere phantom with radius
50 du and the target distance is 50 du.
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Chapter 6
Conclusions
6.1 Achieving performance portability using Thrust
While this project on one hand has evaluated the FMM as a means of computing the distance
transform, it has at the same time worked as an evaluation of the Thrust library. This section will
summarise the experience of working with the library.
Thrust is not an intended be all end all solution to performance portability as explained by Bell and
Hoberock [9]. It is very likely convenient for many applications, especially with regards to memory
management and data transfers back and forth between host and device. However, in the specific
context of this project it has shown to be more or less problematic to use in almost every step of the
way. This is probably due to two reasons:
The first is that Thrust does not appear entirely suited for the current problem domain of sparse
images, where the support for sparse data manipulations seems to be somewhat lacking. This has,
apart from the necessity of using so called zip-iterators, prompted several attempts at workarounds
for some specific operations that are apparently not yet implemented in the library. E.g. there exists
a sparse data counterpart of the standard sort algorithm, called sort-by-key, but not for the relatively
basic gather and scatter operations. Also, while zip-iterators are fairly easy to grasp conceptually,
they introduce significant code complexity and makes the code less intuitive and harder to
understand.
The second likely reason for the problems with using Thrust is that the FMM algorithm in itself is
difficult to parallelize in any efficient manner. As such it requires cooperation between the different
steps of the algorithm when implementing it on GPU. For example, memory latency could be covered
by doing computations on one part of the problem while data for another part is transferred from
global memory to shared memory on the GPU. This cooperation between different parts of the
algorithm has shown very hard to accomplish while using Thrust, as each thrust call is performed in
isolation. Bell and Hoberock claim that this is especially a problem when the problem does not offer
enough computations compared to memory accesses [9]. They suggest solving the problem by the
fusion of several Thrust algorithms using e.g. transform iterators and permutation iterators.
However, if such a solution is possible to achieve in this scenario it has not been found, suggesting
that the complexity of the code starts becoming an issue.
An important measurement in this context is the quality of the code produced using Thrust. As seen
by table 5.6 the CUDA implementation is clearly faster. The poor quality of the Thrust solution could
of course in large part be due to inexperience and lack of knowledge of how to use the library. If so, it
is interesting to note that the CUDA kernels were developed over the course of a single week with no
prior experience of CUDA, while closer to a month was spent trying to improve the Thrust
implementation.
A lesser complication experienced with the Thrust library is the actual structure of the
implementation of the library. It is built up with several layers where decisions are made how to
connect the code to the underlying layer depending on the circumstances. The actual CUDA code is
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at the bottom of this layered structure. While this set up probably is very efficient and logical to
develop, it constitutes some interesting problems when trying to use the library. First it makes it very
difficult to profile the code in an efficient way, since the kernel calls have very complex and long
names, making it hard to determine what part of the code each kernel corresponds to. Secondly, the
layered structure makes it hard to get a grasp of what CUDA code is run for a specific Thrust call
when looking through the source code. While this might not be the most common problem as the
purpose is to just use the Thrust calls as they are, it still caused complications in this particular
project while trying to figure out why the Thrust implementation was running slowly.
Altogether the Thrust library has not been found to be a suitable option for achieving performance
portability, based on the experiences in this project. In particular the library seems hard to use to
implement more complex functionality, especially in a context of sparse data representation. One of
the most significant results of this project as an evaluation of Thrust is the fact that a particular
function could be implemented in CUDA in one week, resulting in a speedup of between five and
thirty times.

6.2 Using FMM to compute the distance transform on GPU
This evaluation of the FMM implementation of the distance transform is mainly concerned with
three different measurements of performance. These are consumed memory, computation speed
and error. While the first two are very important in any situation, a distance transform that has a too
large error is not at all usable in the current context of an application used for radiation therapy.
Thus, an important feature of the FMM parallelised in the way described in this report is the ability to
sacrifice computation speed for the benefit of precision, or vice versa. It is easily configurable to run
with as much parallelism as possible while still keeping the error on an acceptable level, by changing
the chunk size.
One of the main ideas behind choosing the FMM algorithm to compute the distance transform is that
it is a waveform scheme which easily can be stopped mid execution to give a transform defined close
to the surface but not for the rest of the containing volume. If a dense representation of images
would have been used the FMM would still have had the benefit of not having to compute all voxels
in the volume. But to further benefit from its wavelike behaviour sparse image representation is
used, as discussed in Section 3.1, to reduce the consumption of memory. While the advantage of
using sparse images can be substantial as shown in Table 5.5, it complicates the algorithm and
increases the time it takes to compute each voxel. One of the main reasons for this slow-down is the
lookup time of neighbours, which in a dense representation would have been constant. In this sparse
data solution, however, the optimisation of the neighbourhood lookup function has been one of the
main focuses of the project. In the same way that the sparse image representation brings some
drawbacks, a clear disadvantage with using a waveform scheme for computing the distance
transform on GPU is that its propagation is irregular and memory accesses are ill conformed and hard
to coalesce.
While the sparse image representation certainly is a factor in the long computation times per voxel it
is probably also an effect of using Thrust and not being able to fully optimize the use of the GPU. As
evident by Table 5.6 the gather-by-key operation is more than five times faster than the best solution
found using Thrust for a chunk size of 20 000. If a low error is desired and a chunk size of 100 is used
the CUDA kernel is almost thirty times faster. This suggests that the benefit of a full CUDA
46

implementation would affect the runtimes of low chunk sizes more, decreasing the time necessary to
sacrifice in order to increase precision. If similar speedups are possible for remaining parts of the
algorithm, a full CUDA implementation could approach runtimes closer to 1.4 seconds (3M voxels/s)
for a chunk size of 20 000 and 28 seconds using a 100 chunk size. This is of course only speculation at
this point, but it is not unlikely that even better performance could be achieved considering the
potential for cooperation between different parts of the algorithm. E.g. could creating a single kernel
for the entire algorithm open up additional room for covering the many memory transfers with
computations, such as computing distances given a neighbourhood of a voxel.
Even if it is hard to determine the potential performance of a FMM implementation completely
written in CUDA, the current solution still shows potential if the conditions are right as shown in
Table 5.5. The effective runtimes in the theoretical example of calculating the distance transform for
a torus are twice as fast as those of the ITK sweeping scheme and only a tenth of the memory is
needed to store the resulting distance map.
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Chapter 7
Discussion and future outlook
Given the conclusion above that the usage of the Thrust library likely had a negative impact on the
performance of the FMM implementation it would naturally be interesting to re-implement the
entire solution using CUDA instead. As discussed in the previous section, the re-implementation of a
part of the algorithm using CUDA showed a significant increase in performance, which suggests that
the improvement of a full CUDA implementation could be substantial.
Further improvements of the algorithm implementation that would be interesting to try out include
using a hash table for storing the sparse images. As mentioned in this report the lookup times in
these data structures motivated the creation of the CUDA kernels. While the CUDA implementation
increased the lookup times to a point where they are only a fraction of the total runtime (see Table
5.6), it would still be interesting to see the effects of using hash tables allowing even more efficient
lookups. Related to this issue of inefficient lookups is an optimization which reduces the amount of
lookups needed in the sparse image containing the frozen voxels. Currently the only way to know if a
voxel has a stored value in that sparse image is to search for it and this is information that is
frequently used in the algorithm. It might instead be advantageous to use a secondary binary data
structure that only records whether or not a voxel is frozen.
The general feeling when developing the prototype using Thrust was that it was quite easy to use and
efficient as long as the problem could be solved using one or two basic Thrust functions. But as the
complexity of the problem grows the combinations of functions become harder to combine in a
simple way and the efficiency of the code suffers. In this specific case the alternative to a platform
independent Thrust implementation would be one CPU implementation and one using CUDA for the
GPU. And it is noteworthy that learning how to program basic CUDA kernels was quite simple and
quickly resulted in better performance. Further, it is likely a good idea to have some general
knowledge about GPU programming when trying to implement a GPU solution, regardless of what
interface is used. Of course, if the task to be carried out is simply to sort an array as quickly as
possible, then Thrust would be very well suited for that and not much knowledge about a GPU would
be needed at all. But such simple tasks are probably not too common.
With that said, the field of GPU programming is still relatively young and just recently NVidia has
introduced their new Kepler architecture (compute capability 3.0) [30], which among other things
allow kernels to be launched from the GPU itself. This could potentially have a large impact on the
Thrust library concerning the combining of several functions and getting them to work together
efficiently, which has been pointed out to be a large problem in this thesis.
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