Ciffus

Centro Singular de Investigacion
en Tecnoloxias da
Informacion

GPU-accelerated Level-Set
Segmentation

Julian Lamas-Rodriguez
Centro Singular de Investigacion en Tecnoloxias da Informacién
julian.lamas@usc.es
http://citius.usc.es

Dora B. Heras

Centro Singular de Investigacién en Tecnoloxias da Informacién
dora.blanco@usc.es
http://citius.usc.es

Francisco Argello
Departamento de Electrénica e Computacion, Universidade de Santiago
de Compostela
francisco.arguello@usc.es

Dagmar Kainmueller, Stefan Zachow
Department of Visualization and Data Analysis, Konrad-Zuse-Zentrum
fur Informationstechnik Berlin
kainmueller@zib.de, zachow@zib.de

Montserrat Boo
Departamento de Electrénica e Computacion, Universidade de Santiago
de Compostela

CAMPUS



mailto:julian.lamas@usc.es
http://citius.usc.es
mailto:dora.blanco@usc.es
http://citius.usc.es
mailto:francisco.arguello@usc.es
mailto:kainmueller@zib.de, zachow@zib.de

This work was supported in part by the Ministry of Science and Innovation,
Government of Spain, and FEDER funds under contract TIN 2010-17541, and
by the Xunta de Galicia under contracts 08 TIC001206PR and 2010/28. Julian
Lamas-Rodriguez acknowledges financial support from the Ministry of Science
and Innovation, Government of Spain, under a MICINN-FPI grant.



GPU-accelerated Level-Set Segmentation

Abstract

The level-set method, a technique for the computation of evolving interfaces, is
a solution commonly used to segment images and volumes in medical applications.
GPUs have become a commodity hardware with hundreds of cores that can execute
thousands of threads in parallel, and they are nowadays ideal platforms to execute
computational intensive tasks, such as the 3D level-set—based segmentation, in real
time.

In this paper we propose two GPU implementations of the level-set—based seg-
mentation method called Fast Two-Cycle. Our proposals perform computations in
independent domains called tiles and modify the structure of the original algorithm
to better exploit the features of the GPU. The implementations were tested with real
images of brain vessels and a synthetic MRI image of the brain. Results show that
they execute faster than a CPU-sequential implementation of the same method, with-
out any significant loss of the segmentation quality and without requiring distributed
parallel computer infrastructures.

1 Introduction

The level-set method [31] is a numerical technique for analyzing and computing interface
motion. Propagating interfaces occur in a wide variety of settings, and level-set methods
have a high number of applications, including physics, chemistry, fluid mechanics, combus-
tion, materials sciences, fabrication of microelectronic components, computer vision, and
image processing [36].

A key task in computer vision, medical visualization and medical image processing is the
identification of regions of interest using, for example, a segmentation process. Surgical
planning, navigation, simulation, diagnosis, and therapy evaluation all benefit from the
segmentation of anatomical structures, based on the properties of the images, such as
the observed intensities, as well as anatomical knowledge on the subjects [21]. The use
of level-set methods for image and volume segmentation has been demonstrated as an
effective technique [43]. The level-set segmentation process depends upon extrinsic factors
(e.g., the intensities or the texture of the image) and intrinsic factors (e.g., the curvature
of the segmented region) [34].

The graphics processing unit (GPU) has evolved from a graphics-specific accelerator,
with a fixed-function graphics pipeline, into a programmable vector processor with comput-
ing power exceeding that of a multicore CPU [23]. Nowadays, GPUs are high-performance
many-core processors capable of very high computation and data throughput. GPUs have
become general-purpose parallel processors with support for accessible application program-
ming interfaces (APIs) and industry-standard languages, which has spawned a research com-
munity that has successfully mapped a broad range of computationally demanding, complex
problems to the GPU [32], developing the field of GPGPU (General Purpose Computing
on the GPU) [5]. Recent years have seen the offspring of GPU-specific frameworks such
as CUDA from NVIDIA [7], BrookGPU from the Stanford University Graphics Lab [2], and
OpenCL from the Khronos group [6]. These solutions have leveraged the implementation
of high performance computing tasks on the GPU. CUDA is both a software development
kit (SDK) and an API that enables the C and C++ programming languages to be used
to code algorithms for execution on NVIDIA GPUs. BrookGPU is a compiler and runtime
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implementation of the Brook stream program language, a variant of C, for modern graphics
hardware. OpenCL is an open standard that provides cross-platform GPGPU capabilities.

In this paper we propose two alternative GPU implementations of the Fast Two-Cycle
(FTC) level-set segmentation algorithm [37]. The FTC method uses integer-only opera-
tions to update the level-set, making it quite appealing for its adaptation from CPU to
GPU, where integer computations can achieve excellent performance. Our objective is to
accelerate the segmentation of medical images, attempting to achieve real-time execution
with no significant loss of quality. We have tested our implementations using a synthetic
MRI image of the brain as well as clinical tomographic data of the brain.

The sequential implementation of the FTC method relies heavily on the use of linked
lists to track the active domain (i.e., the positions on the level-set field that might be
updated). However, linked lists cannot be efficiently implemented on GPU. Instead, our
implementations modify the structure of the original algorithm to exploit the features of
the graphical hardware.

First, the computational domain is partitioned into 3D fixed-size tiles that can be stored
in the shared memory of the streaming multiprocessors and can be efficiently processed by
the thread blocks. This partitioning requires the efficient handling of the transition between
neighboring tiles.

Second, the iterative structure of the original method is modified, adapting the number
of iterations in the algorithm to the features of the GPU, so the streaming multiprocessors
can compute several iterations on the tiles. This allows the exploitation of the shared
memory, which is faster than the global memory.

Third, a list of active tiles is maintained to compute only those tiles where a portion of
the front is present. Our second implementation restricts this list to those tiles where the
front is still unstable.

The rest of the paper is organized as follows. Section 2 briefly introduces previous
works on GPU-based level-set solvers. Section 3 describes the CUDA architecture. Sec-
tion 4 presents the fundamentals of level-set segmentation, and, more specifically, the FTC
method. Section 5 examines our two proposals of the CUDA-based FTC method. Sec-
tion 6 analyzes the experimental results, and provides a comparison to recent works on
GPU-based level-set segmentation. Finally, Section 7 concludes discussing the results and
main contributions.

2 Related Work

Level-set solver algorithms are usually classified into two different groups, known as narrow-
band and sparse-field methods [22]. In order to avoid a level-set computation within the
entire image volume, acceleration is achieved by restricting the computation to relevant
regions of interest. The narrow-band approach [11] updates only a small region of the
image (typically a band of a few voxels) surrounding the front. On the other hand, the
sparse-field approach [44, 33] keeps a list of active data elements in the whole domain,
which is updated after each iteration of the algorithm. The FTC level-set segmentation
algorithm [37] is a sparse-field method that uses two linked lists with the coordinates of the
surface that encloses the level-set volume.

Besides improving the speed of level-set computation, memory usage has been another
key issue in the design of level-set methods. Quadtree and octree-based methods, using
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adaptive meshes that store the values of the level-set function in their vertices, were devel-
oped in [39, 40, 25]. The sparse block grid method, which divides the domain in fixed-sized
tiles and stores only those traversed by the front, was introduced in [12]. A similar approach
was also used to develop the Sorted Tile List method [42], which further reduces memory
requirements.

The first GPU implementation of a level-set method was proposed in [35]. This im-
plementation performed the calculations required to evolve the level-set field by executing
blending operations in the back framebuffer of the GPU. Borrowing ideas from the narrow-
band and sparse-field algorithms, a memory-adaptive approach dividing the domain in 2D
tiles that are loaded into the GPU on demand was introduced in [22]. Based on previous
work, a CUDA sparse-field solution, which largely reduced the number of processed elements
and the required computational time by keeping a list of active elements in the whole do-
main, was proposed in [34]. At the same time, a CUDA narrow-band method was developed
in [18] keeping a list of active tiles that is traversed and updated in parallel (regretfully, this
solution requires the use of GPU atomic operations, which degrades performance). More
recently, a GPU implementation of the Sorted Tile List method was described in [17], and
an OpenCL-based solution for multi-object level-set segmentation was introduced in [24].

To the best of our knowledge, the only existing GPU implementation of the FTC method
is described in [41]. However, it is focused mainly in 2D datasets and analyzes only a single
step of one of the cycles of the algorithm. Our solution has been designed for 3D datasets
and implements the complete FTC method.

3 GPU architecture

A programmable GPU consists of several many-core processors capable of running hundreds
of threads concurrently. Modern GPUs offer a high computational power and, in addition,
a very high memory bandwidth. In this section we present a brief review of the Fermi GPU
architecture employed in our implementations. An extended review can be found in [26].

The NVIDIA's CUDA architecture is organized into a set of streaming multiprocessors
(SMs), each with many streaming processors (SPs), also known as CUDA cores [29]. The
number of cores depends on the device model; e.g., the GeForce GTX 580 features 512
processor cores grouped into 16 SMs of 32 SPs each. These cores can manage hundreds
of threads in a single program multiple data (SPMD) programming model. Figure 1 shows
a schematic diagram of this architecture.

In the CUDA computational model, programmers run thousands of threads that are
grouped into independent thread blocks, which in turn are grouped into a grid that conforms
a virtual architecture where the CUDA program is executed. Every piece of code that is
executed on the GPU is called a kernel. The programmer can freely configure the number
of threads per block and the number of blocks in the grid that a kernel is going to launch,
always within the limits of the architecture. Although this programming model is oriented
towards a fine-grained level of parallelism [19], it also can be used to implement solutions
with a coarser level. In any case, the workflow must always be mapped to thread blocks
that operate independently.

When the kernel is executed, thread blocks are assigned to multiprocessors and executed
in parallel. A multiprocessor can run more than one thread block at a time depending on
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Figure 1: Simplified streaming-multiprocessor architecture for an NVIDIA Fermi GPU.

the resources required by the thread blocks. If more thread blocks are launched than there
are available multiprocessors, some thread blocks might have to wait for a multiprocessor.

The memory hierarchy is organized into a global memory, a read-only constant memory
and a texture memory. These memory spaces are in an off-chip location and are available
for all the threads. Global memory is shared between all SMs, and data must be loaded from
the CPU memory into the global memory space before it can be accessed by any thread.
There is an on-chip shared memory space available per block which enables an extremely
rapid read/write access to the data (roughly 100x faster than global memory). Each thread
block usually stores the portion of the data that is going to process from global memory
into this memory and copies the results back to global memory. The contents in the shared
memory space are automatically invalidated after the kernel execution. Prioritizing the use
of the shared memory space over the global memory space is recommended, but the decision
is up to the programmer [28].

All global memory accesses are cached. The on-chip per-SM memory can be configured
to be partially used as an L1 cache, aside from the space already devoted to shared memory.
There is also an L2 cache common for all SMs.
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Communication between threads can be achieved and through the shared memory space
and using synchronization barriers. However, these barriers only affect all the threads in
a thread block. As it was noted before, each thread block is independent from all others,
which precludes the sharing of data between threads from different blocks.

4 Level-set segmentation

In this section we briefly introduce the mathematical fundamentals of the level-set methods
and discuss the characteristics of the local level-set methods. We also describe the FTC
method [37], intended for fast segmentation of similar quality to other approaches based
on the solution of partial differential equations.

4.1 Level-set fundamentals

The level-set method is a numerical technique for tracking interfaces and shapes. Let
0(x,t) : R" — R, where x € R", be an n-dimensional Lipschitz continuous function. A
closed (n— 1)-dimensional hypersurface I' is implicitly defined as the k level-set of ¢:

L() = {x € R"| 9 (x,1) = k}. (1)

The hypersurface, also called front, curve or interface, encloses a (sometimes multiply
connected) open region denoted as Q. Level-set methods compute the motion of I", and
consequently, the deformation of Q. The level-set function should verify the following
properties [30]:

o(x,1) <0 ifxeQ
o(x,0) >0 ifx¢gQ
o(x,1)=0 ifxedQ=TI(s).

A typical level-set function is the signed distance function to I". The propagation of
the front is linked to the evolution of function ¢ through a time-dependent initial value
problem [36]. Let I" with k = 0 be the zero level-set of ¢; in order to derive an equation of
the motion of this level-set function and match the zero level-set with the evolving front,
the level-set value of a particle in the front with path x(¢) must be zero:

¢(x(1),) =0. (2)
Thus, the movement is directed by the following first-order partial differential equation:
do(x(1),1) dx(1)
b i WALV v/ . —0.
S vo(x(n.n - SE =0 )
Let F be the speed in the normal direction, i.e.,, F = d);([l) -N, where N = %. The
evolution equation can be rewritten as:
do(x(t),t
WD 4 ¥vo| =0 (4)
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b(x,1=1) /

Figure 2: State of the level-set function ¢ at two different moments in time.

which is the level-set equation originally given in [31]. The level-set update equation used
in level-set methods is defined as:

O(x,1+Ar) = §(x,1) + AtF |V (x,1)]. (5)

Figure 2 shows how the front evolves between two different moments in time. In this
figure, the front I' is a 2D hypersurface delimited by the zero level set of ¢ in a 3D space.
The front is represented by a thick line, and the region Q enclosed by the front appears in
light gray. On the left, the front is in its initial state (r =0). When ¢t =1, the level-set
function has changed, hence implicitly delimiting a different front. In this particular case,
the front has grown outwards.

4.2 Local level-set methods

Tracking the evolution of ¢ over the entire domain as given in Equation (5) is not compu-
tationally efficient. As we have mentioned in Section 2, several methods, known as local
level-set methods, have been developed to restrict computations to relevant regions in the
domain. Local level-set methods work under the assumption that only the points close to
the front (i.e., where ¢ ~0) are of interest, as is the case of level-set—based segmentation.

Two of the most common strategies that can be found in the literature are the narrow-
band and the sparse-field methods [11, 44]. These methods limit the evolution of ¢ to a
tube surrounding the front. Thus, let ¢ be a distance function to I', the update equation
in (5) can be rewritten as:

o(x,t+Ar) =

_ {¢><x,r> ool >7 o

O(x,1) + MF|V(x,1)| i [¢(x),1] <y

where 7 is the radius of the tube, delimiting the size of the active domain.

It is not necessary to recompute the position of the tube in every iteration of the
evolution process. In fact, narrow-band techniques only update the active domain when
the front reaches the edge of the tube. While the active domain remains unchanged, only
the positions of the level set ¢ enclosed by the tube are computed. On the other hand,
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sparse-field techniques, such as the FTC method, update the active domain more often,
every few iterations, and the tube surrounding the front is narrower, containing a small set
of positions [44, 33]. In either case, both strategies reduce the computational complexity
of updating the level-set field from O(n?) to approximately O(n?) in a 3D domain with
cross-sectional resolution n.

Quadtree and octree methods are other level-set solutions well known in the litera-
ture [39, 40]. A quadtree mesh in R? (or an octree mesh in the case of R?) is a hierarchical
structure composed of cells organized in L levels. The root cell, which covers the whole
domain, is at level 0, and each cell at level / may contain 22 smaller subcells (or 23 subcells
in 3D domains) at level I+ 1. The construction of the mesh is a refinement process which
guarantees that the smallest cells are close to I'.

In quadtree and octree level-set methods, the values of ¢ are computed and stored
only in the vertices of the cells of the mesh, which is reconstructed in every iteration of
the algorithm. The use of an adaptive mesh makes it difficult to use high-order finite
difference schemes [42], so these methods rely on semi-Lagrangian schemes, such as the
CIR scheme [13, 38], to resolve the level-set equation given in (4). The computational
complexity of each step of these level-set methods is O(mlogm), where m is the number
of elements in I".

Sparse block grid methods [12] use small fixed-size tiles that represent the narrow band
surrounding I'. Unlike other narrow-band methods, these methods do not need to store the
full grid of data containing all the values of ¢; instead, sparse block grid methods reduce
significantly the memory requirements by keeping only the tiles that are traversed by I, i.e.,
the active tiles. Particularly, the Sorted Tile List method [42, 17] uses a list of active tiles
lexicographically sorted by coordinates. As the front evolves, tiles are added and removed
in the active domain. Although the sorted list must be reconstructed at each iteration of
the algorithm, keeping the lexicographical ordering ensures a linear computation complexity
O(p) for each step, where p is the number of active tiles.

One common issue with local level-set methods is the reinitialization problem: every
time the active domain is updated, the values of ¢ that were outside in previous steps must
be recalculated to ensure that ¢ is a distance function in the new active domain. There
are several approaches to solve this problem, which range from following the gradient of
¢ to using iterative approximations that converge into the distance function to the zero
level-set.

4.3 The FTC method

The FTC method described in [37] is an approximation of a sparse-field level-set method. It
computes the motion of an implicitly represented front on a discrete and uniformly sampled
grid D, as shown in Figure 3(a). Given an object region Q C D, the front (the dashed line)
is located between the sets of points L;, and L,, (in dark and light gray, respectively).
These two sets of neighboring points are defined as:

Ly, ={x|x€Q and Jy € n(x) such that y ¢ Q} (1)
Low ={x|x¢ Q and Jy € n(x) such that y € Q},

where (x) = {y € D| Y}_, [yx —xx| = 1} is a discrete neighborhood of x. The algorithm
can be generalized to any choice of neighborhood.
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Figure 3: Representation of the level-set front in a 2D discrete grid (a) and example of
evolution of the front (b).

Focused on optimization, the FTC method defines ¢ as an integer function that can
take values from the limited set {—3,—1,+1,43}. Considering interior points as those
points inside Q but not in L;,, and, conversely, exterior points as those points outside Q
but not in Ly, ¢ locally approximates the signed distance function:

+3 if X is a exterior point

+1 ifXELout
_ 8
P =9, ifx e L, (8)

—3 if x is a interior point.

The front evolves outwards or inwards by adding or removing points x in L;, and Ly,
hence changing the value of ¢(x), and updating the neighboring points accordingly in order
to keep a consistent representation of the front. Figure 3(b) shows the result of the front
evolving outwards and inwards in two different positions in the discrete grid of Figure 3(a).

Listing 1 shows the workflow of the FTC method in pseudocode. The algorithm is
iterative, and for each external iteration two different loops are executed: cycle one and
cycle two. Ny and N, are, respectively, the number of iterations assigned to cycle one and
cycle two. Cycle one corresponds to a data dependent evolution, i.e., the front evolves
depending on the input data from the image or the volume being segmented. Cycle two
applies a smoothing via Gaussian filtering that makes the front evolve based on its curvature.

Both cycles execute similar steps, summarized in Equation (5), but with a different
speed function F. Cycle one uses Fy;, which is a function of the image data and can also
depend on the geometric properties of the front. This function is defined in accordance to
the segmentation problem. Cycle two uses a smoothness regularization speed Fj,;, which
is proportional to the mean curvature. Thus, the FTC approximates the evolution of the
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fori=1—N; do
execute cycle one
stopCond < check stopping condition
if stopCond then break
end for
fori=1— N, do
execute cycle two
end for
if not stropCond then
repeat again from line 1
. end if

eceoNa RN RH

==
= O

Listing 1: The FTC algorithm.

front as if F = F;+ Fj;. Evolution depends on the sign of the speed function: the front
“advances” if the sign is positive, and “recedes” if the sign is negative.

The segmentation consists in the iterative execution of cycles one and two. The process
finishes when the stopping condition is satisfied:

\V/X & Loula Fd(X) S 0 (9)
VX € Ly, Fd(X) >0,

or if a prespecified maximum number of iterations is reached.

The goal of the FTC method is to localize object regions within images and volumes.
Only the points closer to the front are of interest, and, in consequence, the active domain
is a very narrow band of two-voxel width. The method uses two speed functions, so its
update equation can be written as:

g(Fy,9(x,t))  for cycle one

(])(X,H—l):{ (10)

g(Fnr, 0(x,1)) for cycle two’

where g transforms the values of ¢ (x,7) into ¢ (x,7+4 1) to make the front advance or recede
according to the value of the speed function at each point x.

Notice that the update equation in (10) does not consider the gradient of ¢. The front
evolves with no need of solving PDEs, and the evolution is strictly controlled by the values
of the speed functions. Thus, the values of ¢ are just labels that identify positions within
the front, inside and outside the object region Q (similar to the label fields used in other
sparse-field approaches, such as [44]).

While restricted to discrete and uniformly sampled grids, the FTC method keeps features
from the level-set methods that are relevant to image and volume segmentation, such as the
automatic handling of topological changes. The method converges to the expected object
region as long as the initial level-set field ¢ and the speed function verify the conditions
established in [37], and no reinitialization is required during its execution.

5 Implementation of the FTC method in GPU

In this section we propose two variants of the FTC method implemented in CUDA.

10
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1: <identify initial active tiles (in global mem.)>

2: fori=1— N, do

3 <execute cycle one (N, iters. in shared mem.)>
4: <identify active tiles (in global mem.)>

5: stopCond < <check stop. cond. (in gl. mem.)>
6: if stopCond then break

7. end for

8: <execute cycle two (N, iters. in shared mem.)>

9: <identify active tiles (in global mem.)>

10: if not stopCond then

11: repeat again from line 1

12: end if

Listing 2: Updating the level-set field in the GPU for proposal 1. GPU calls appear enclosed
by less-than and greater-than signs. The remaining code is executed by the host.

As described in Section 4.3, the original FTC method uses two linked lists containing
the positions where the front is located. When the front evolves, these lists are continuously
updated to represent the last state of the front. As linked lists cannot be efficiently imple-
mented on GPU, a different approach was used in our proposals. They are based on the
idea of partitioning the domain into fixed-size tiles that can be stored in shared memory and
processed by the thread blocks. Our proposals use a broader representation of the active
domain, which is composed by the tiles where the front is located. The evolution of the
front is computed in parallel for each of the active tiles without requiring frequent updates
of the active domain. Our proposed changes of the FTC method require an alteration of
the original algorithm's structure, as explained below.

The first proposal (proposal 1) modifies the number of iterations of cycles one and two
to map the algorithm to the GPU, avoiding computations that do not imply a significant
evolution of the front.

The second proposal (proposal 2) differs in that it performs a more restrictive selection
of active tiles, hence reducing the size of the active domain. This improves the performance
with no significant loss of quality.

Both proposals of the FTC have the same memory requirements: they allocate a buffer
in GPU'’s global memory to store the 3D volume data. Two 3D buffers are also allocated
to store the current and previous level-set field, ¢""#¢ and ¢/ These buffers are of the
same size of the volume and contain 8-bit data. Both the level-set field and the volume
data are divided into fixed-size tiles.

Additional buffers are required to track the active tiles on the field during the execution
of the algorithm: eight 1D buffers to store the coordinates of the active tiles and two 3D
buffers, U and V, used as scratch-pads. These buffers contain as many elements as tiles
used to divide the volume.

The contents in ¢"¢“? are initialized by the user, who sets the position and size of the
initial seed from which the front evolves. This seed is constructed in the host's memory,
and copied to GPU altogether with the volume data as part of the initialization step.

11
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5.1 Proposal based on modifying the structure of the FTC method

The workflow of this proposal is shown in Listing 2. The GPU calls invoked from the host
code are enclosed by less-than and greater-than signs, along with the type of memory used.
The algorithm starts by identifying the initial active tiles based on the contents of ¢"% . At
this stage, a tile is considered active if, and only if, at least one element in the tile belongs
to the exterior border of the front, denoted as L, in the original FTC:

Ix € Tile(¢™), X € Loy (11)

The remaining tiles are considered inactive and need no processing.

The process of identifying active tiles at the beginning of the algorithm (line 1) is as
follows. For each initial active tile, a value of one is written into the scratch-pad buffer U.
When all values have been written, U is compacted [15]. Using the auxiliary buffer V,
a condensed coordinate list of active tiles, denoted by A, is generated. Compaction was
partially implemented using the C++ template library for CUDA Thrust [9].

After the initialization, the algorithm follows the general steps as the original FTC
algorithm already described in Section 4.3. However, the workflow has been modified to
optimize the GPU execution, as shown in Listing 2. First, the host code is no longer required
to iterate through each of the individual steps of both cycles, as this is done internally in the
device code. Two CUDA kernels, denoted as cycle-one and cycle-two kernels, execute N;
and N, iterations of cycle one and cycle two, respectively. The main differences with the
CPU implementation are discussed below.

With respect to the sequential code, a new loop has been added to execute several
groups of iterations of cycle-one kernel for each main iteration of the algorithm. A new
parameter Ny determines the number of times this loop is executed. The cycle-one kernel
applies N; times the iterative process that results in the evolution of the front, which
is independently performed within each tile. However, due to the restricted size of the
dimensions of these tiles (8 x 8 x 8 in our case), applying this iterative process more than
8 times does not have any effect, as the front cannot be moved beyond the edges of the
tile. The solution consists in using values of N less or equal to 8, and executing the kernel
calls (lines 3 and 4 in Listing 2) within this new loop, so the active tiles are recomputed
more frequently, allowing the front to evolve a greater distance before being modified by
the cycle-two kernel. It should be noted that for cycle two there is no similar parameter as
the number of times this cycle is executed is commonly less than 8.

The cycle-one and cycle-two kernels launch as many thread blocks as active tiles. Within
the kernel code, each thread identifies the active tile assigned to its thread block and, from
its identifier in the thread block, it also infers the coordinates of the element in the volume
data and the level-set field that must process. Then, the level-set field data from ¢ is
copied into a 3D buffer in shared memory that accommodates all the elements belonging to
a tile including an additional overlap region. This overlap region is needed as the processing
of an element requires its neighboring elements. The overlap region is not modified during
the kernel execution.

Our implementation of cycle one uses an overlap region with a width of one element for
each tile of data. For cycle two, a larger overlap region might be needed depending on the
size of the smoothing filter, which is set by the user. Therefore, the process of loading data
into the shared memory space must be general enough to be easily extended to any possible

12
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Figure 4: lterative process of loading a 4 x 4 tile of data into GPU shared memory.

configuration of tile size, thread-block size and overlap-region width. Figure 4 shows the
process of loading 6 x 6 data elements into the shared memory space using a block of 4 x 4
threads. The thread block is shifted over the set of data in four steps.

Splitting the workflow into tiles processed in parallel generates inconsistencies that must
be fixed. An example is shown in Figure 5. The front evolves to the right (subfigure (a)),
staying in the middle of tiles 1 and 2 (subfigure (b)) and leaving the exterior border (L)
outside the tile. Then, tile 2 is activated (subfigure (c)). In the next iteration of the
algorithm, L,,, is added to tile 2, where the inconsistency is fixed. The code to perform
this operation is shown in Listing 3. In this code, i; denotes the coordinates of an element
on the edge of a tile, and i;, denotes the coordinates of a neighboring element in an adjacent
tile.

Once the inconsistencies on the edges of the tile have been fixed, the evolution of the
level-set field is computed in an iterative way. This process is identical in both the cycle-one
and cycle-two kernels, with the sole exception of how the speed function is calculated.

Listing 4 shows the code executed by cycle one and cycle two. This code computes
the evolution of the front in N iterations according to the values of the speed function f
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Figure 5: An example of fixing inconsistencies in shared memory.

(where N = N; and f = F, for cycle one, and N =N, and f = Fj,, for cycle two). ¢*"*? s
modified on shared memory (coordinates i;) and finally copied into global memory (¢""¢,
coordinates ig).

Once cycle one and cycle two's code has been executed, and before finishing the kernel
execution, a thread in each of the thread blocks starts the process of checking if its thread
block’s tile and the adjacent ones will be active in the next iteration of the algorithm. The
current tile is considered active if it contains an element belonging to the exterior border
of the front (Lyy):

3x € Tile(¢p"9¢d) x € Loy (12)

Additionally, an adjacent tile is considered active if the closest edge on the current tile
contains at least one element from the exterior border.

After the active tile list has been built, the stopping condition is checked. A kernel call
evaluates the stopping condition for each element in the level-set field that belongs to an
active tile. Checking the stopping condition requires the computation of F; for all elements
that belong to the exterior and the interior border of the front (L, and L;,, respectively).
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for all elements € Edge(¢*"*?) parallel do
if ¢shared (i) = +3 and ¢*"*?(j)) = —1 then
(Pshared(is) « 41
end if
if ¢shared (i) = —3 and ¢*"¥*?(j)) = 4-1 then
¢shared(is) — 1
end if
end for

NSO RN

Listing 3: Fixing inconsistencies in GPU shared memory.

for all elements € Tile(¢***"?) parallel do
fori=1— N do > N can be N; or N,
[ F(ip) > F can be F; or Fy,
outwardsEvolution(f)
inwardsEvolution(f)
end for
(Pwrite(ig) — (Pshared(is)
end for

OO RN

Listing 4: Cycle-one and cycle-two evolution process in GPU.

Again, possible inconsistencies in the values of the level-set field derived from the tile-based
updating must be fixed.

5.2 Proposal based on reducing the number of active tiles

This proposal modifies the previous one by using a different criterion to select the active
tiles in lines 4 and 9 of the pseudocode in Listing 2. The objective is to reduce the number
of active tiles by not setting as active those tiles where the front is already stable, hence,
not launching thread blocks that would compute tiles where the front would not evolve.
Our proposal requires a final iteration processing the entire front.

As the segmentation front grows in size and complexity, the number of active tiles in
the level-set field also increases. But only one subset of the front is growing at any given
time and some parts of the front stabilize long before the segmentation finishes. In proposal
1, tiles that belonged to the stabilized front were still considered active tiles, although they

do several iterations until stop. cond. is satisfied
execute lines 2-9 of Listing 2
(use a more restrictive criterion for active tiles)
end do
recompute active tiles using less restrictive criterion
do only one iteration
execute lines 2-9 of Listing 2
end do

Listing 5: Updating the level-set field in the GPU for proposal 2.
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Figure 7: Segmentation of the BrainWeb volume at different stages of execution.

did not require more computation. In proposal 2, a tile is considered active if, and only if:

Fy(x) >0 if X € Loy

13
Fd(X)<0 if X € L. ( )

Vx € Tile(¢*hared), {

It should be noted that this is the same check as the stopping condition (see Equation (9)).

Listing 5 shows the workflow of this new proposal. The same algorithm as for our first
proposal is executed, only changing the criterion to identify active tiles. At the end of
the algorithm, an additional iteration is applied, this time identifying the active tiles with
the less restrictive previous condition, hence obtaining all the tiles that are traversed by
the front. This performs a smoothing operation even on those tiles where the front was
already stable and had not evolved in the last iterations. The computational cost of this
operation is greater than the sum of the previous iterations. Even so, our results show that
the overall performance of this proposal is better than the previous one with no significant
loss of quality.

6 Results

Our tests were performed on an NVIDIA GeForce GTX 580 with 512 processor cores grouped
into 16 SMs of 32 SPs each, at a clock rate of 1.544 GHz, and with 1.5 GB of global memory.
Each SM has 64 kB of RAM with a configurable partitioning of shared memory and L1
cache (16 kB of shared memory and 48 kB of L1 cache, or vice versa). In our tests we
have selected a large cache. Additionally, a unified L2 cache of 768 kB is available for all
SMs [27, 29]. The CPU sequential version of the original FTC algorithm was evaluated
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Cache type Intel Core i7  NVIDIA GTX 580

L1 64 kB / core 43 kB / SM
L2 256 kB / core 768 kB
L3 8192 kB n/a

Table 1: CPU and GPU cache memory hierarchy

on an Intel Core i7 with four cores at 2.8 GHz (that can reach 3.7 GHz for intensive
computational tasks that require only one thread of execution) and 8 GB of RAM [16].
Each core has separate L1 caches for instructions and data (32 kB for instructions and 32
kB for data), and a unified L2 cache. Table 1 presents a summarized description of the
different memory hierarchies. Our code was compiled using the NVIDIA nvcc compiler
provided by the CUDA 4.0 toolkit under Linux. The sequential code was compiled with
gcc version 4.4.3.

Given that the main objective of our work is to achieve a close-to-real-time execution of
the FTC algorithm by adapting it to the GPU, we have to compare our GPU implementations
to the original CPU one as described in [37]. To this end, we used the same speed function
as the authors of the FTC algorithm:

. +1 if I(X) S [[1,[2]
Fa(x) = {—1 otherwise, (14)

where I is the image, and [I}, 5] is the range of intensities in the region to be segmented.

Performance has been evaluated by measuring the execution times and speedups ob-
tained by our proposals, and comparing those measures to the CPU execution of the FTC
algorithm. Moreover, the quality of the segmentations has been assessed using the Dice
coefficient [14], which is an index commonly applied to compare segmentation results to a
known correct segmentation. For two segmented object regions Q; and Qj, it is defined
as:

2. |.Q1 ﬂ.Qz|
Q1] +[Q]

The Dice coefficient is a special case of the kappa statistic (k) [45]. Values of Kk > 0.6
indicate substantial agreement [20], although in the literature it is more common to find

Dice values of 0.9 as representative of desirable segmentation quality when a ground truth
is available.

d(Q1,) = (15)

6.1 Performance and quality measurements

We present two sets of results. First, we validate our proposals by segmenting a synthetic
MRI image of the brain for which a ground truth segmentation is available. Second, we
measure the performance of our proposals segmenting blood vessels in a brain CT.

In order to assess the quality of our proposals, we have used a volume downloaded
from the BrainWeb Simulated Brain Database [1]. This database contains a set of realistic
MRI data volumes produced by an MRI simulator and it is broadly used in other published
works. Customized simulations can be generated by setting a wide variety of parameters,
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Image No Ni N N, o© Time Speedup Dice coeff.
BrainWeb  CPU impl. - 30 3 3 2 2346s - 0.95
GPUprop.1 5 6 3 3 2 00957s 2.5x 0.96
GPUprop.2 5 6 3 3 2 0565s 4.2x 0.96

Table 2: Segmentation parameters used in our tests and results obtained for the BrainWeb
volume of size 181 x 217 x 181 segmenting gray and white matter.

including slice thickness and noise level. In our tests, we have used the anatomical head
model without brain lesions, T1 modality, a slice thickness of 1 mm, an infinitely high signal
to noise ratio, and 20% level of intravoxel intensity non-uniformity. The final result of the
simulation is an MRI image of size 181 x 217 x 181 bytes with uniform coordinates. We
have segmented the gray and the white matters of the brain, comparing our results to the
ground truth available at the BrainWeb database.

Figure 6 shows selected slices and a volume rendering of the BrainWeb volume with a
transfer function sensitive to soft tissue. Figure 7 shows the progressively GPU-segmented
brain rendered as an isosurface. The segmentation process was implemented in Amira [10],
and all the screen captures were taken within that application. The image data are ren-
dered using a volume rendering technique with a transfer function that results in a high
transparency. Initially, the segmentation volume takes the shape of a sphere whose starting
position and size has been configured by the user. As the segmentation progresses, this
initial seed grows following the shape of the region expected to be segmented. The process
ends when the segmentation volume cannot evolve any longer. This segmentation needed
roughly 20 MB of the GPU global memory.

Table 2 contains the list of parameters used by the FTC implementations. Ny indicates
the number of times the cycle-one kernel is called for each iteration of the algorithm (this
parameter is only applicable to the GPU implementations). Ny and N, are the number of
iterations that correspond to cycle one and cycle two, respectively. N, is the Gaussian-filter
size for the smoothing operations. Finally, ¢ is the variance term of the Gaussian filter.

Table 2 also details the results obtained in terms of time, speedup (calculated with
respect to the CPU execution of the original FTC algorithm), and Dice coefficient (measured
against the aforementioned ground truth). GPU proposal 1 is 2.5 times faster than the
sequential implementation, whereas GPU proposal 2 achieves a speedup by a factor of 4.2.
In both cases, using the GPU to parallelize the segmentation results in a noticeable increase
of the performance. In addition, the Dice coefficient values obtained establish our proposals
as valid segmentation solutions, at least as good as the original FTC method. Besides, it
can be seen that reducing the number of active tiles in GPU does not impact the quality
of the segmentation.

Additional results were obtained by segmenting a dataset comprising several contrast-
enhanced brain vessel CT images that presented some observable cases of aneurysms. All
datasets are represented as a uniform (regularly spaced) scalar field. Scalars are encoded
as 16-bit integer values. Table 3 shows the size of the images (labelled as A80, A81,
A83, and A86) and the space required in the global memory of the GPU to perform the
segmentation according to the memory space requirements detailed in Section 5. Figure 8
contains selected slices of the set of images used in our tests. Figure 9 shows the progression
of the GPU segmentation of the vessel images.

18



GPU-accelerated Level-Set Segmentation

Figure 8: Selected slices from the images used in our tests. From left to right: A80, A81,
A83, and A86.

Figure 9: Segmentation of the A80 image at different stages of execution.

Table 4 details the parameters used for the three implementations in each case of study,
and the results obtained in time and speedup, validating our proposals for accelerating the
segmentation without requiring expensive high performance computers. These results are
also shown in Figure 10. Our tests show that GPU proposal 1 of the FTC algorithm is at
least as fast as the CPU implementation, even for small segmentation volumes such as the
brain vessels. GPU proposal 2 is three to eight times faster, as reducing the size of the
active domain results in a better performance.

In order to analyze the influence of the number of active tiles and the number of
iterations with respect to the execution time some experiments have been performed over
the BrainWeb volume. Figure 11 represents the number of active tiles each time the
computational domain is updated in our two GPU proposals for the BrainWeb case of
study. The segmentation starts with a computational domain of nearly 500 active tiles,
and, in the case of proposal 1, reaches nearly 4000 active tiles at the end of the process,
when the segmentation volume is at its maximum size. Some noticeable drops happen each

Image Size Glob. mem.

consumption
A80 160 x 161 x 226 22.3 MB
A81 181 x 176 x 204 249 MB
A83 146 x 174 x 255 24.8 MB
A86 182 x 133 x 119 11.0 MB

Table 3: Properties of the images of brain vessels used in our tests.
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Image No Ni N N, o Time Speedup
A80 CPU impl. - 30 3 3 1 1400s -
GPUprop.1 6 6 3 3 1 00977s 1.4x
GPUprop.2 6 6 3 3 1 0222s 6.3x
A8l CPU impl. - 30 3 3 1 0999s -
GPU prop. 1 5 6 3 3 1 0.789s 1.3x
GPUprop.2 5 6 3 3 1 0205s 4.9x
A83 CPU impl. - 30 3 3 1 189s -
GPU prop. 1 5 6 3 3 1 1447s 1.3x
GPUprop.2 5 6 3 3 1 0240s 7.9x
A86 CPU impl. - 30 3 3 1 0314s -
GPUprop.1 5 6 3 3 1 0310s 1.0x
GPUprop.2 5 6 3 3 1 0.09%s 3.3x

Table 4: Segmentation parameters and results obtained for the images of brain vessels.

time cycle two is computed, as this cycle has the effect of slightly shrinking the volume.
The shape of the curve depends on the volume being segmented, but it tends to stabilize
towards the end of the process.

GPU proposal 2 presents a completely different behavior. The number of active tiles
increases up to nearly 1500 tiles, and then experiences a decrease until the end of the
algorithm, as shown in Figure 11. Some spikes occur regularly, as the number of active tiles
increases after each execution of cycle two. This effect is explained below.

The speed function used in cycle two, Fj,;, does not consider the intensities of the
volume being segmented, but the shape of the segmentation volume. Nevertheless, as
shown in Section 5.2, active tiles are selected by checking whether elements in the tile fulfill
the stopping condition, which is inherently related to the way the front grows and stabilizes
during cycle one. This means that an element in the front that is already stable (i.e., that
fulfills the stopping condition) can evolve following the criterion used in this proposal after
the execution of cycle two. This activates its current tile (and possibly the adjacent ones),
thus increasing the number of active tiles.

It should be noted that the chart in Figure 11 also shows the very last iteration of the
algorithm of the second proposal, where the domain is recomputed so all tiles traversed by
the front are considered active. This final stage, whose main purpose is to recompute the
whole front as it is done in the original FTC implementation, has the highest number of
active tiles and, hence, consumes a great percentage of the total computation time of the
algorithm.

Figure 12(a) shows a cumulative graph of the computation time distributed between the
cycle one, cycle two, and the evaluation of the stopping condition in the GPU proposal 2
(excluding the final stage) for the segmentation of the BrainWeb image. It can be observed
that the computation time consumed by each iteration describes a curve consistent with the
number of active tiles in the domain (see GPU prop. 2 in Figure 11). Figure 12(b) shows,
for the same case of study, how the total computation time is distributed between the
kernels for all iterations, including the final stage. Neither figure shows the time consumed
to compute and maintain the active domain as this overhead is negligible. Note how the

20



GPU-accelerated Level-Set Segmentation

required computation time for cycle one is always much higher than for cycle two, as it
requires a greater number of iterations (see Table 2).

6.2 Comparison to other works

Comparing our results to other level-set—related works is not a straightforward task. Gen-
erally, level-set—based algorithms have a broad variety of applications, and even in the
segmentation field, there is a fair amount of highly specific solutions that are not suit-
able for a direct comparison. Besides, it is not possible in some cases to access the same
databases used in other works. Moreover, not all solutions are focused on speeding up the
computation time.

As mentioned in Section 2, one of the first implementations of the level-set—segmentation
in CUDA is described in [34]. This solution uses a fine-grained computational domain whose
tracking accounts for the 77% of the total computation time, and requires 7 seconds to
complete the segmentation of the gray and white matter from a 256° volume obtained from
the BrainWeb database on an NVIDIA GeForce GTX 280 [3].

Our GPU proposals of the FTC method split the volume into (8 x 8 x 8)-voxel tiles,
dramatically reducing the size of the active domain and making the computation time
required to track it negligible. In order to compare with the work published in [34], we
have also evaluated our implementations on an NVIDIA GTX 295 [4], which has two cores
with similar characteristics to the single-core GTX 280 (although the GTX 280 has slightly
higher clock and memory frequency). In this comparison, we used just one of the cores
of the GTX 295. Our second GPU proposal of the FTC method required 1.1 seconds to
segment a similar volume from the BrainWeb database of size 256 x 256 x 181. We can
conclude that our implementation can be more than six times faster than the approach
described above.

A more recent CUDA-based approach is presented in [17], with applications in surface
reconstruction. Results are shown for collapsing the Stanford Dragon model (which can
be obtained from the Stanford 3D Scanning Repository [8]) reconstructed on a grid of
5123 voxels as a benchmark, taking roughly 10 seconds to collapse the model on an NVIDIA
GeForce GTX 280. We repeated the same benchmark with our second GPU proposal,
requiring 2.9 seconds to complete the task on an NVIDIA GeForce GTX 295. For the
reasons expounded above, our solution is approximately more than three times faster.

6.3 Final remarks

In our implementation of the FTC method, the active domain is divided in tiles, and the
computations are entirely performed in the GPU. Our approach makes intensive use of the
shared memory space, which has a latency close to that of the register space, much lower
than any other available CPU or GPU memory. We expect the next GPU generations to
increase the size of the shared memory space, so our solution could use bigger tiles, and
hence, improve its current performance by reducing the number operations in the global
memory space.

An alternative hybrid implementation partitioning the segmentation tasks between the
CPU and the GPU could be considered. This approach would necessarily require to share
data between the CPU and the GPU memories due to the dependencies between tiles.
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However, this communication would be through the PCl bus, which has a small bandwidth
compared to the GPU memory bandwidth, and would result in the major bottleneck. Our
solution could also be ported to multi-CPU architectures, or implemented in OpenMP to
exploit currently widespread multicore CPUs.

The approach taken in our proposals, which roughly follows the steps (1) partition the
problem in independent tasks, (2) solve each task in the shared memory space, (3) resolve
dependencies by detecting and fixing inconsistencies, could be applied to other problems
with a similar pattern of dependencies. The data must be divisible in chunks where a few
steps of the solution can be processed independently, and the implementation must be able
to detect and solve any possible discrepancies that might appear.

7 Conclusion

In this work we accelerate the segmentation of the brain from medical image data by the
implementation on the GPU of the FTC algorithm. With this objective we implemented
two proposals that are characterized by avoiding unnecessary computations and increasing
the overall performance without impacting the segmentation quality.

Common to both proposals is the fact that the computational domain is partitioned
into fixed-size tiles that can be stored in shared memory and efficiently processed in parallel
by the CUDA thread blocks on the GPU. This partitioning requires to handle an overlap
region per tile and to fix inconsistencies among data computed in neighboring tiles. Also
in both proposals the iterative structure of the algorithm is modified to better exploit the
GPU features. A list of active tiles is required to avoid computations in tiles where the level
set can no longer evolve. To this end, in our first proposal this list contains all the tiles
that are traversed by the front at any given moment. Our second proposal uses a more
restrictive criterion to reduce the size of the active domain.

Both implementations have been executed on an NVIDIA GeForce GTX 580, and their
performance has been compared to the sequential version executed on a CPU. We obtained
speedup values between 3x and 8x for the brain vessels of the medical image dataset con-
sidered. Our results are competitive when compared to other recent GPU implementations
of level-set methods.
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Figure 10: Performance measures in time (a) and speedup (b) for the images of brain

vessels.
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GPU-accelerated Level-Set Segmentation
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Figure 11: Active tiles during segmentation for the BrainWeb volume in both GPU propos-
als.
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GPU-accelerated Level-Set Segmentation
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Figure 12: Computation time for BrainWeb segmentation distributed between the main
steps of the algorithm for the GPU proposal 2.
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