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Abstract

Nowadays, Virtual Colonoscopy (VC) is an importaon-invasive alternative for the study
of the colon. Substantial research efforts haven likslicated to this method, and one of the
major challenges has always been producing accreststs in a short period of time. One of
the most crucial phases of VC is the detectionabfp candidates, where possible lesions on
the colon walls are automatically detected. Fretjyerthis stage requires intensive
computations and therefore it is important to depehew techniques for reducing its
execution time. This paper presents a techniquaditwmatic detection of polyp candidates
based on curvature analysis that reduces the eandirne using parallel programming in
CUDA. Additionally, we introduce a novel technigfee discarding false positive detections
based on the shape of a candidate in a planafTbet.obtained results show a remarkable
reduction in execution time with respect to a CRiplementation as well as a low rate of
false positives.
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1 Introduction

Cancer is the generic name for a group of diseesesisting on the division and abnormal reproductid body
cells. Cancers are named after the part of the bduhyre they start. When the cancer starts at tlem @r rectum is
calledcolon cancer or colorectal cancer. Nowadays, hundreds of persons in Venezuela [d]maitlions worldwide
[2] die of colon cancer. This type of cancer isatetl to the abnormal growth of tissue at the mudleaiscovers the
colon wall, called a&olorectal polyp. The most common type of polyp isretaplastic polyp, in which cells change
from one normal type to another. They have almastrigsk of becoming malignanfAdenomatous polyps can
become malignant. If these polyps are not deteetadl extracted on an early stage they can degenanate
transform into cancer.

An optical colonoscopy is the gold standard exationafor searching polyps in a patient’s colon. Hwer,
this procedure is very invasive and uncomfortablettfie patientVirtual Colonoscopy is an excellent non-invasive
alternative for colon polyp detection. In Virtuabldnoscopy, images from the patient’s colon argwap with a
Computer Tomography (CT) Colonography and these images are then processed and virtbedysed in a
computer, searching for polyp candidates.

Typically, VC medical workstations provide an autdio virtual flythrough inside the colon, which tbector
can stop at any moment and move the virtual colooys freely inside the colon. This searching pracedhas been
proved effective but it is well known that it caonsume a considerable amount of time to examinedhgplete
extent of the colon. Therefore, automatic polypedébn has been suggested as a method for rapaifying out
relevant areas of the colon to the medical dockmveral polyp detection methods have been propsdie
literature. Among others we can mention methodsdbam curvature analysis [3][4][5], curvature lin€§[4],
surface adjustment [7], heat diffusion fields [&)dawater-planes [9]. All these techniques requiréotaof
computations, producing long response times.

In this work, we present the parallelization of @lgorithm for automatic polyp detection method dzhen
curvature analysis proposed by Yoshida and Nagpif3his method, a shape index is computed faheaxel on
the colon wall, which requires the approximationfioét and second order partial derivatives, whigrtensive
computations are needed. These derivatives areeimgpited in a parallel algorithm using CUDA [10]Kitey
advantage of current NVidiaGraphics Processing Units (GPUS). Since curvature analysis can generate ruse
false positives, in this work we also propose ategy for discarding false positives by studying #ihape of the
polyp candidate in a longitudinal cut. Severaldegere performed on CT Colonography scans showingxaellent
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response time reduction, as well as an effectiveedse of false positives.

The following section describes previous works atomatic polyp detection and the parallelization\s
algorithms with CUDA, and then we describe our naniation of Yoshida and Nappi's method [3] and@SDA
implementation on Section 3. Following this, weatése tests and results of our method over six ©@obgraphy
datasets in Section 4. Finally, conclusions andréutvork are described in Section 5.

2 Previous Works

There are several methods for polyp detection dametric data. These methods usually implement pivases.
The first phase detects polyp candidates, whetetsiies that might be polyps are detected. On ¢hersl phase
false positives are discarded.

In order to detect polyp candidates, Yoshida angpNE8] proposed in 2001 a method based on curgattirat
extracts a thick region of the colon wall to eliaie the largest possible amount of false positiVéés method
extracts 3D geometric attributes of the polyps gisirshape index and a curvature index, groupingppcandidates
and then determining other attributes that mighp neducing false positives. That same year, Géké&und Tomasi
[11] used aSupport Vector Machine (SVM) to eliminate false positives. They used ogbnal planes in the polyp
candidate, and extract geometric features that feedSVM in the training. They also consider voxeénsity to
feed up the classifier.

In 2004, Paik et al. [12] introduced an algorithailed Surface Normal Overlap (SNO), which is used for
colonic polyp detection as well as for lung noddégection in CT images. Their approach computegéah voxel
a score proportional to the number of surface nterieat pass through or near it. They noticed pudyp voxels
tend to have a higher score than other voxelstaltiee presence of convex regions in the surfagmlyfps.

In 2005, Kitasaka et al. [7] proposed a polyp détecmethod computing the curvature by means ofaser
fitting. At each voxel of the colon wall, a secodegree polynomial(x,y,2) is fitted to the voxel’s neighborhood,
using minimum squares. Changing the size of thghteirhood allows the detection of polyps with diéiet sizes.
The authors report they found less false positikias applying the curvature based method. That saae Bitter
et al. [9] proposed thevater-plane method. This method works over a triangulated am@fmesh of the colon,
extracted from the CT data. The method simulatasttie colon wall is being filled up with water fnoa vertex on
the mesh, from the outside of the colon, untilweer starts to spill out. The idea is finding #et of vertexes that
form an almost convex volume. According to thestse good candidates contain at least 20 vertexes.

In 2006 Zhao et al. [6] introduced a technique dbaracterizing and visualizing curvature lines loa tolon
surface in order to detect polyps. The basic ide@ ishow the colon surface using a local illumoramodel, and
enhance it by displaying the curvature of theséasas. This method works on the surface mesh ofa@xtracted
with the marching cubes technique [13], and with implicit iso-surfaces.elimain advantage of this technique is that
it allows enhancing virtual colonoscopy images dgiag the curvature lines which allows the radigdogo easily
characterize polyps. However, this method has eehladapted to automatic polyp detection.

Later in 2007, Konukoglu et al. [8] proposed to Hisat Diffusion Fields (HDFs) for polyp detection. The main
idea is using the heat diffusion process to geaematvector field which is correlated with the shapehe colon
wall. They found that the heat diffusion processggates a diffusion pattern singularity near theters of
protruding structures, like polyps. They supposeimprovement of Yoshida's method, but a direct carison
between both methods is not included. The main baaW of this method is its high computational regients.

In 2008, Huang et al. [5] researched on the ugbeiPareto front for evaluating and enhancing region growing
algorithms based on curvature, commonly used foeatieg polyp candidates. They evaluated and pregpaes
improvement of Yoshida and Nappi’'s work [3] andoaleported a reduction of 92% in the number ofef@ssitives
in comparison with the method of Paik et al. [12].

The works previously described show that it is pgmesto detect polyps using the explicit represtoia
(surface or mesh), or an implicit representatiosdipof grayscale values) of the colon wall. Vanéeijn et al. [4]
presented in 2009 a pattern for recognizing polwsch combines the two types of representatiomsraneals that
they are somehow complementary. Each of these apipes characterizes different aspects of the caredidwhich
are detected by means of the deformation of ari@ppresentation of the colon surface, or byriaification of
the intensity data that contains an implicit repreation.

Qui et al. [14] implemented an algorithm of disgmettand flattening of the coloVirtual Colon Flattening)
using CUDA. In our case, we use CUDA for accelegathe computation of the first and second denresti which
are needed for computing the curvatures on eachlaixhe colon walls. Our work is based on theapelization
of the curvature analysis, whose sequential vergsopresented in Yoshida and Nappi [3]. The tedmids
complemented with a heuristic for reducing falseifpees.

3 Method

In this work we parallelized the work of [3] to éetnine polyp candidates. Initially, the patientdan is segmented
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using a region-growing algorithm. After this, thexels on the surface of the colon wall are obtaiffégkse voxels
are classified according to their curvature, araliged together to generate an initial list of patgmdidates. This
list is then refined, removing false positives lydying the shape of the polyp candidate on a tadgial cut. The
elements remaining in the list correspond to thypeandidates detected by the method. In the vietig, we
describe in detail each of the phases of the method

3.1 Volume Segmentation

In order to segment the volume, an intensity-bassgion-growing algorithm was used. The algorithrartst
growing from a seed voxel inside the colon lumethwin intensity corresponding to air, and ther&tts growing
through the neighboring air voxels. The growingqgess stops when it hits the voxels of the colonl.vidiis
process is described in more detail in [15]. Orneedir voxels are grouped, the resulting subvolisdilated until
the voxels of the colon walls are obtained.

3.2 Voxel Classification

The voxels on the colon wall are classified acaugdp their Shape Inde)sl() as proposed by Yoshida and Nappi
[3]. In their work, they proposed that voxels w3 close to 1.0 could be part of a polyp, since thikie is
associated with the shape of a cap and this skapmilar to the shape of a polyp, see Figure 1.

o v

S=0.0 9=0.25 3=0.5 9=0.75 S=1.0
(cup) (rut) (saddle) (ridge) (cap)

Figure 1: Relationship of the classic surfaces with thepghladex §) values

The Shape Index is computed as follows:

Sip) = l— lar‘ctaukl{p]-l_ k2 @)

2 = ky(@)— k(@)

wherek;(p) andk,(p) are the main curvatures at positjmrirhe main curvatures are the curvatures of maxiranch
minimum value, and to compute them we use the famproponed by Monga and Benayoun [16]:

RTHh + uTHu + (hTHh — uT Hu)? + 4(hT Hu)?
2
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with & = 2a V% 8la and/@® = dadb, beingf the function that represents the volume. In otdesbtain the

approximate value of the first and second degreéiapalerivatives at a specific point, we need trform a
convolution in that point with an appropriate colwimn kernel. That kernel is built based on thethod proposed
by Méller et al. [17], which can be summarized ist8ps: Build the 1D interpolation filters, disézetthe filters to
some number of samples, and build the 3D filters.
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3.2.1 Build 1D interpolation filters

Moller et al. [17] describe how to design interpima filters and derivatives with a minimum numedi@rror. In
order to do this, they use Taylor expansions fer shms of convolutions. They also established ithatrder to
build a 1D interpolation filter, first we have tefthe what derivative we want to reconstruct, whacision we
need in the reconstruction process, and what kit atinuity C" we need for the reconstructed function.

In our case, we need the following filters: a dative of degree 0 (also known as an interpolatitieryf, a
derivative of degree 1, and a derivative of de@eRegarding the precision, we tolerate and erfarder 3 and a
continuity of C%. An equation system is obtained from the Taylquamsion series and the restrictions given by the
degree of the derivative, the degree of the eand, the desired continuity. Solving this equatigstam produces
the formula for filterw(z), in several piecew(z). With and error of degree 3 and continu@; the interpolation
filter is defined by 4 pieces, the derivative ofgtee 1 is defined by 6 pieces, and the filter ferivhtive 2 by 8
pieces. Figure 2 shows two of the obtained filters.

We used the 1D interpolation filter and the 1D wdative of degree 1 from Moller et al. [17]. Usingianilar
procedure, we obtained the 1D filter for the deixeaof degree 2.

15

o Wz (D) | woy () | wo(m) | wy(2) Lo Wy () [ W=3(D) | w2 (D) | woa (D) | wo(@) | wi(2) | wa(n) | wa()

'EDANEA

0.6 00

-0.5
0.4

(a) _ (b)

Figure 2: Filter w(z) defined by 4 pieces for derivative 0 (a), andBlpieces for derivative 2 (b)

Let [W_g, W_g, W_p, WL, Wo, Wa, W, W3] =M . [t3, 12, t, 1]" be the general form of our 1D filters. The coefit
matrix M for each filter is shown in Figure 3.
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Figure 3: Coefficient matrix for each filter. (a) Interpdilan filter. (b) First derivative filter. (c) Secdn
derivative filter
3.2.2 Filter Discretization

To define the filtemw(z) from its piecesw(z), we have to consider that the support of eacbepig(z) is [0,1], but it
represents the domairk[k+1] in w(zr) according to Figure 2. Hence, we defimgr)=w(z+k). From the obtained
filters we create the 1D kernels. For this we tafgaally separated samples on the domain of the.fitthe samples
are not taken on the borders of the filter sinegrthialue is always zero. Therefore, if we needhitainy samples,
we must divide the filter domain ipt+1 intervals of the same size, and the samplesbaillaken in the points that
are between two intervals. It should be noted jhaust be an odd number. In the tests that we peddme used
several filters of different sizes, varyindetween 11 and 29.

3.2.3 3D Filter Construction

Each of the 3D convolution kernalgis obtained from the following formula:
H" [:-'j-' k] = “’Ix [:-] " “’I_'!.' [J[] " wz [k]

wherew,, w, andw, are the 1D kernels of the derivatives that we wartgbtain in thex, y andz, respectively. For
example, to build the kernel that approximates \thkie 3%/0x%, w, would have the values obtained for the 1D
kernel of the second degree derivative, whiiljeandw, would have the values obtained by the 1D interjpmia
kernel (derivative of degree 0). In order to apjrate all the required partial derivatives, 9 cdation kernels are
built, 3 for the first degree partial derivativé§iox, of/dy, of/oz; and other 6 for the second order partial denesti
Ofloxé, ofloy?, ofiloZ, o%1(oxdy), %f1(0x02), °FI(dyoz).

Once the convolution kernels are obtained, theeshf the first and second order partial derivativethe
points on the surface of the colon wall are appmated. LetC be an array storing that set of points, and assgimi
that the central position of a filt&¥ is point (0,0,0), the value of the convolutiortli®e pointp in C is given by the
formula:

fLl= ) flo+al- Wil

qeD )

wheref“?[5] is the value of the partial derivative jmapproximated by the convolution kernél Thosep+q
values out of the volume are clamped to the volbiaeler. This is done in order to avoid any abrugt because
this could produce incorrect polyp detections.

Computing the convolution for all poingsin C is a process that requires intensive computing tikie reason,
this part of the method is implemented using pargrogramming in CUDA, whereby multiple threads dae
executed in multiple CUDA processing cores. Theegahidea is to have multiple threads execute times
instructions for different data. If the executiamé of threads was unlimited, each thread couldmdedifferent
convolutions of ap in C. However, there are restrictions on the executingetof threads, so the computation
assigned to each thread is just a term on the $uhe@onvolution for g in C. On each thread activation, a term is
computed, and the partial sum with that term isatpd. In order to avoid consistency problems, lineads must be
synchronized before computing each term of the Sthis process is repeated until all the terms efabnvolution
are computed.

In order to reduce the amount of synchronizatieash thread computes one term of each of the Sotations
which must be done for each point. This way, ehcbatd activation performs 9 computations of thenfor

acum = acum + f{[p+q].W[q]

wherep represents the positiom,y,z) of a voxel of the colon wall in the volume, agdepresents a translation
(dx,dy,d2) necessary to compute a term of the convolutidmwdeen the voxep and the filte’W centered omp (see
Figure 4). Each CUDA thread receives a positioim C and a translation in the convolution filters. A thread
computes the convolution terffp+q].W[q] for 9 filters W, so it performs 9 multiplications. On every exéautof a
thread, it accumulates that term in its accumuléoum), which is equivalent to performing 9 sums. Whénte
threads that compute a term of the convolution theit execution, the execution of the threads tiitcompute
the next term starts. When all terms have been atedpand accumulated on the threads, another griopgsitions
pin Cis processed, until all the entriesGrhave been processed.
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3.3 Candidate Selection and Grouping

Usually, the top part of a polyp looks like a clerefore we need to select voxels whose neighlogrimas a

— acum_+-flp+ql.W,[q]

A /@ “@ — acum +=flp+q].We[qg]

CUDA W[q] for g

threads [ kernels
s — acum +=flp+q].W [q]
Subvolum — gcum+—flp+q].W,(q]
aroundp/@ — acum+=f]p+q].W,[q]

J, \\-% acumg+=flp+q). Wslq]

flp+q] \@ — acum+-flp+q].W;(q]

— acumg+=flp+q]. Welq]

Givenp,g — acum+=flp+q].W,[ql

Figure 4. Parallel execution of the algorithm in CUDA

likely shape. As can be seen in Figure 1, if tHeeafS is close to 1.0, the surface near this point prissa shape
similar to the desired shape. Empirically, we bet & voxel can belong to a polypSf> 0.85. Voxelss satisfying
this condition are stored in an array we GlBased on tests done by Yoshida and Nappi [3]eioandidates
usually gather on top of polyps. Hence, we can gnaxel candidates by their proximity, considerthgt they can
be part of the same polyp or structure. In ordeadoomplish the grouping, a 3D boolean arBawith the same
dimensions of the original volume was created, #wedpositions of the selected points are markee. dlgorithm
for grouping voxels is the following:

Create an empty gro@pand an empty auxiliary queag

Move any given voxel fror8to Q, and unmark it as selectedBn

Extract a voxe¥ from Q, and add it to grou(.

Check in a cubic region aroundor other nearby voxel which are selected as aglinarked irB.
If such voxels are found, insert thenQndelete them fron$, and unmarked them B

If there are voxels still left i@, return to step 3.

N o o s~ R

If no voxel remains i, groupG is considered a polyp candidate, and therefdgestored in a list of
groupsLG.

8. If there are voxel remaining 8) return to step 1.

Each of the obtained groupsli will be considered a polyp candidate. Howeveis itecessary to employ an
additional technique to verify that in fact the etxassociated to the group are part of a strugtithethe shape of a
polyp. For this, we defined a heuristic for deterimj whether the group is a good polyp candidateair by
studying the shape of a planar cut of the candidate

3.4 Planar Cut Extraction

Each polyp candidate has a group of voxels assatiat it, which we suppose are located in the tofhe polyp.
Assuming so, then the volumetric cenkgrof these voxels must be located inside the pohgditionally, if we
compute a normalized vectbrcorresponding to the average normal to the vaxetle same group, and we locate
its origin atP,, then we can suppose tidipoints towards the top of the polyp. UsigndP,we can construct the
equation of a pland?(Py)-N=0, which then allows us to capture an image cpmeding to a planar cut of the polyp
candidate (see Figure 5), so that we can stucgshépe later on.
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3.5 Selective Analysis

After obtaining the image of the planar cut we gmalit for selecting strong polyp candidates arstalid possible
false positives. It is expected that the image @auntain an isolated figure, that is, a regiorhvgtey intensities
(corresponding to tissue) completely surrounded bggion with dark intensities (corresponding . df this does
not occur, most likely the grey region would intasthe border of the image, indicating that iskaty that the

Toxel =
aroup

Figure 5: Planar cut of the polyp candidate

candidate is a polyp. In this case, the candidatiscarded (see Figure 6). For detecting isolfitedles, we use a
region-growing algorithm seeded in the center efithageP,, with an appropriate threshold.

Even if an isolated figure is found, if the shadetle grey region is too elongated then it is ugljkto
correspond to a good candidate (see Figure 6b)diBoarding such candidates we consider the rel&ibetween

p?

the region’s perimetep and areaA: R(p, A) 4 , which indicates how elongated is the region. iRstance, for a
circle R(p, A)® 12,36 ; for a squardR(p, A)= 16 : and for a rectangle with longest side9 and shortest side1,
R(p, A= 40  Note that the higher the valueRthe longest is the figure. Therefore, we could thi®criterion for
discarding candidates with elongated shapes.

(@) b) (©) (d)

Figure 6: Analysis of the planar cut. (a) Strong polyp cdadi. (b) The region presents an elongated shapbkes
candidate is discarded. In (c) and (d), the candigadiscarded since the grey region interseetsnttage border
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For computing the perimeter of the region founthia planar cut, we simply count the number of isixe the
border of the region. For computing the area, wentthe number of pixels inside the region. Follogvthis, those
candidates with a value d® higher that a certain threshold, are discardederAthe analysis, the remaining
candidates are considered strong polyp candidates.

4 Test and Results

The main goal of the tests was counting the nurobéalse positives removed by the selective analysiuristic,
and comparing the response times between a segualgorithm for CPU and the parallel algorithm GPU
presented in this paper. Six CT Colonography d&taseere employed for the tests. Table 1 shows the
characteristics of the test datasets along withrdsilts of the first test for counting the numloérdetected
candidates and the number of false positives rethove

Several key parameters were set for the first f&st.the region-growing algorithm which separates tissue
from the air during the planar-cut analysis, we &é¢hreshold of 45 for processing datasets 2, 3, dnd 6. For
dataset 1 we set the threshold to 950 since iahagler dynamic range and higher intensity valles tthe other

datasets. For studding the shape of the tissuenggithreshold oft (4] >30 was set.

Initially, we varied the size of the convolutiortdrs for the derivative approximation (tlfe parameter)
between 131and 2§ samples, in order to find the most appropriate &z the tests datasets, and then we found that
the size of the kernels affected considerably the af the detected candidates. Moreover, we nittetdsetting the
kernel size to 13and 2#was enough to detect polyp candidates of diffesets. Therefore, the kernel size was set
to these two values for the first test, see colkamnel size in Table 1. Nevertheless, it was expected thdt thiese
settings, in many cases we were going to detectdhee region with both kernel sizes. Thereforealse computed
the number of detected candidates combining bothekesizes, but eliminating repeated detections, tee last
column of Table 1. This table also shows the amafitetected candidates (see coludatections) which ranges
from 249 to 760, although the majority of them kter on discarded by the planar cut analysis ¢sdemnfalse
positives).

Table 1: Test datasets and results for the first test

Dataset Dimensions Size Kernel Detections False Candidates Candidates
(XXYXZ) (MB) Size positives per kernel  (combined)
13 266 266 0
1 512x512x442 221 0
21 268 268 0
13 334 334 0
2 512x512x544 272 2
21 296 294 2
13 760 748 12
3 512x512x548 274 18
21 734 722 12
4 512x512x469 234 13 302 300 2 2
21 249 249 0
13 388 387 1
5 512x512x463 231 5
21 387 382 5
13 404 402 2
6 512x512x426 213 3
21 383 380 3

From all datasets, we only had a medical repord&dasets 5 and 6. These two datasets were acduaradhe
same patient. Dataset 5 was acquired in proneigosind dataset 6 in supine position. They weré lottained
from [18] along with their medical reports. For sketwo datasets, all the polyps mentioned in thdicaéreports
were detected by our approach. Figure 7 showsssieés of the detected polyps, along with a fewefglositives.
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Figure 7. Polyp candidates obtained from datasets 5 afa)) &Real polyps diagnosed by a medical doctor) (b,c
False positives

We also performed aglectronic biopsy [19] on the two diagnosed polyps in datasets 5@rithe technique
consists of producing a translucent version ofMeimages by mapping the intensity values in tHgioal data to
different colors and opacities, in such a way thatinterior structure of the polyps can be visiltethe translucent
image the interior of metaplastic polyps lookseliént than the interior of adenomatous polyps. feigushows the
electronic biopsy for the two diagnosed polypsiguFe 7a.

Figure 9 shows screenshots for some of the deteciiodatasets 1, 2, 3 and 4. Notice that all efrtthave the
typical shape of a polyp. However, we did not haveedical report for these datasets. Thereforegcowdd only
employ the electronic biopsy technique to rule falge detections in these results. Figure 10 shbeslectronic
biopsy technique being applied on the three poatpthe bottom of Figure 9. Notice that Figure 16bkis different
than the others, because this detection actuathggponds to a residual stool ball, not to a polsigures 10a y 10c
look similar to the images in Figure 8, but we dimt have any medical report to prove that theseeakpolyps.
Therefore, it was impossible for us to calculak abtual accuracy of our method.

-

Figure 8: Electronic biopsy of two polyps diagnosed by alioal doctor in datasets 5 and 6. Both polyps apjmea
be adenomatous polyps
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Figure 9: Polyp candidate examples obtained from datasets3 and 4

@) (b) (©)

Figure 10 Polyp candidate examples obtained from datasets3 and 4; (a) and (c) appear to be adenomatous
polyps, while (b) turns out to be a residual stoall

We also implemented a sequential version of ogorghm for CPU, in order to compare its executiivne
with the GPU version proposed in this work. Bothisiens were executed in the two Personal Comp(RCs)
shown in Table 2. The results of the tests fohedataset, each test PC and each kernel size ana sh Table 3.
In the first PC, we achieved a reduction betweeft Gihd 74.67% in execution time, meaning our progose
algorithm is between 2.5 and 3.94 times faster thanCPU version. In the second PC we achievediaction in
execution time of between 94.73% and 98.14%, megamim proposed algorithm is between 19 and 53 tiaster.

It is worth mentioning that the CUDA thread hietay groups the threads in blocks, where each bihaska
shared memory space of fast access for the thieddsging to the same block, therefore allowingdbkaboration
between such threads for increasing the respomge Given that CUDA allows the developer to ded¢idenumber
of threads per block, we performed several testagimg the number of threads per block. Howeversigoificant
change in the response times was observed, wipleceto the times reported in Table 3.

Table 2 Characteristics of test computers

. Graphics
Operating # Cores GC GC
#PC CPU Mem. Card .
System GC Bandwidth Memory
(GC)
Intel Core 2 Quad Windows GeForce
3GB . 96 64 GB/s 640 MB
2.40 Ghz XP 32 bits 8800 GTS
Intel Core i3 Windows 7 GeForce
. 448 133.9 GB/s 1280 MB
3.07 Ghz 64 bits GTX 470

Table 3 Results for the second test: Execution timedHersequential algorithm (CPU) and the parallebaigm
in CUDA (GPU) per dataset, test PC and kernel size

. Time (seconds)
# Dataset # PC Kernel size CPU GPU
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13 110 34
1 21 537 136
1 13 89 3
2 21 484 10
13 102 37
1 21 470 123
2 13 78 4
2 21 401 10
13 247 93
1 21 1195 372
3 13 200 7
2 21 1077 20
13 85 34
1 21 409 126
4 13 69 3
2 21 369 10
13 94 39
1 21 484 169
° 13 76 4
2 21 436 11
13 89 36
6 1 21 436 140
5 13 72 4

21 393 10
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5 Conclusion and Future Works

In this work we have described the acceleratioramfalgorithm for the automatic detection of polymking
advantage of the parallelism provided by currergipbics cards. Specifically, the detection was peréa by
curvature analysis, which requires the computatibthe first and second order derivatives of theels in the
colon wall. This computation was implemented in CAJOThe results show a reduction in execution tirhem to
98% when comparing the CUDA version of the alganittvith a sequential version for CPU. Several testse
also performed changing the amount of CUDA thrgaatsblock, but no significant change in the respaitee of
the algorithm was observed between the differesiste

A new heuristic was implemented for removing potgmdidates which do not have the shape of a polyis.
heuristic consisted on analyzing the 2D shape @fcdndidate on a planar cut of the polyp, invohilsgperimeter
and area. The amount of removed false positivels this heuristic is significant. Furthermore, thegosed that
planar cut analysis could be easily integrated witter detection methods, such as the one develop&itasaka et
al. [7].

The final polyp candidates obtained by our progoslgorithm are strong polyp candidates accordintheir
shape. However, we could not compute the accurboyromethod because we do not have medical refarsl|
test datasets.

As future work we propose performing more testsl @malyzing the results with medical doctors for
determining a concrete percentage of sensitivity fafse positives rate. It would also be usefufgrening tests
involving plain polyps, for determining whether quiopose method can detect them or not. Additign#tle planar
cut analysis could be used to segment the polypsfahe dataset. The idea would be moving theearenit the cut
in the direction of the normal forward and backvearsb as to obtain several cuts which comply withdonditions
of the selective analysis and then select the woo@iresponding to the tissue region on every cut.
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