Towards an automatic tumor segmentation using itertive watersheds
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ABSTRACT

This paper introduces a simple knowledge model @n(Computed Tomography) images which provides heytel
information. A novel method called iterative wateeds is then used in order to segment the tumors.

Moreover, a fully automatic tumor segmentation rodtlwas tested by using image registration. Soméngprary
results are very encouraging and give us hope taimohn interesting tool for the clinic. Tests wemade on head and
neck images, nevertheless, this is a generic metiooking on all kinds of tumors.

The iterative watersheds and our model are firsibduced, then PET (Positron Emission Tomograpinygdes
registration on CT is described. Some resultsevhtive watersheds are compared using either tinéagomatic or
fully automatic mode. Finally we conclude by a dission about operator’s interaction and importantre work.
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1. INTRODUCTION

Image segmentation plays a crucial role in medit@ging by facilitating the delineation of regioakinterest. Our
issue deals with head and neck tumors and rislks &egg@mentation such as ganglionic areas or spinous.

Knowledge on precise position or volume of tumand aisk areas is capital for radiotherapy plannifige doses of
radiation depend on tumor’s volume and the rayst @avsid the risk areas. At this moment all the nsegtation is done
manually. The time needed by a specialist to dcaaual segmentation is up to three hours, that i tivb need of a
tool which saves time is very important.

There are numerous segmentation techniques in aleidiaging depending on the region of interest [@je most
relevant ones for our problem are atlas-guidednigetes [7] and region growing segmentation metha{]8]. Some of
them use a semi-automatic approach and still neadk soperator interaction. Others are fully automatnd the
operator has only a verification role.

In this work, we had first a semi-automatic applodot some 2D tests were made giving good hopetaddully
automatic method. The results of the semi-autommaticle with or without the knowledge model and thématic
mode with the knowledge model are compared. Thmsatation of risk areas is a distinct problem drigl hot treated
here.

After introducing some preliminary notions we wdiéscribe the iterative watershed method [1][2], dbmi-automatic
and fully automatic approaches.

2. PRELIMINARY NOTIONS

2.1. Watershed

The principle of the watershed technique is todfamm the gradient of a grayscale image into a dogyohic surface.
Let us consider that all minima of the image bec@mearces from which water floods and forms “catchtadasins”
immerging the surface. This algorithm stops wheo ¢atchments basins from two different sources mWetobtain a
watershed which is the boundary between the twamnainfluence zone. For more details, refer to [3].

The main problem of this initial method comes frtima fact that real images are often noisy so, thegea lot of local
minima which lead to over-segmentation.



2.2. Marker-based watershed
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Figure 1: Marker-based watershed principle

In order to avoid the over-segmentation problerolagsical solution is to use markers inside andidetthe tumor.
Figure 1 shows the principle of marker-based whttissegmentation [3]. The main difference is thatilmmersion of
the gradient surface begins only from selected erargA and B) and not from all minima.

Image 1. Marker-based watershed principle

As we can see in Image 1, there are two initialkeiasets. The blue interior line labels the ingidet of the tumor, the
yellow exterior line, the outside. If we use thesarkers as initial flooding sources, we obtain oty catchments
basins so two areas delimited by the watershedhnbibere the red line between the interior ancettierior lines.

2.3. Gradient Vector Flow (GVF)

In our case, watersheds are calculated using tdiegt vector flow (GVF) instead of the classicedient. The GVF
[4] is a diffusion of the classical gradient whicas here the interesting property to give more htetig the important
edges, therefore results are less sensitive t@ nois

The main problem of this method is to obtain aafgparameters which work for all images we couldetri®r our
application. Moreover, the GVF is an iterative noethso a too high number of iterations could selipincrease the
overall computation cost. After many tests we obese that, for our set of images and using a sipglameter set, the
watershed results are smoother and more robust ifsg the GVF instead of the gradient.



3. ANOVEL SEGMENTATION TECHNIQUE: THE ITERATIVE WATER SHEDS

3.1. Levell and 2

The images we have are often noisy and real turnondaries are fuzzy. Instead of trying to obtainustikely
“perfect” segmentation, our method has a moresgalapproach: we add a fuzzy area with a tumobaidity between
0 and 1. In order to do this, we use iteratively Watershed technique [1][2].

A first watershed is computed from the two initrahrkers as showed in Image 1. In the case of time-aetomatic
approach, this initial markers are provided by aerator using mouse clicks. These clicks locatelpixvhich are
automatically linked by lines. The pixels which &g to these lines are all considered as markdrs. dperation is
needed two times: a first time for the inside madet and a second time for the outside marker set.

The resulting watershed which is shown in red betwthe two markers on Image 1 is considered aiscarttarker for a
second watershed which gives three regions (in$idey and outside). To illustrate this iteratioe wan say that the
watershed called W in Figure 1 become a third nmrackibed C in Figure 2.
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Figure 2: Iterative watershed (Level 1)

On Image 2 (left), we can see the new segmentatidrits three areas :
Inside the red interior line, the tumor is suretggent.
Between the red interior line and the green extdine, the tumor presence is strongly possibles fikelihood
of presence decreases when moving from the redditfee green one.
Outside the green exterior line, there is no tumor.
This algorithm can also be used a second time I(Bvby adding to the previous markers the two sessilting from
level 1: the watersheds W1 and W2 in Figure 2 bextra markers called D and E in Figure 3.
We obtain five concentric regions from “inside™tmutside” with a decreasing tumor likelihood: Imagéright).
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Figure 3: Iterative watershed (Level 2)

The final segmentation could usually be the mostréx line for Level 1. Nevertheless, sometimeg,sblecting the
exterior line, some healthy tissues are includethéentumor for Level 2. In Image 2 (right), for exgle, the third blue
line seems to delineate the tumor much better tieifourth green line does.



Actually, we obtain more accurate results with UeReiterations by using a dilatation of the exterlme and by
transforming it in a more precise outside markér®@éher enhancements are possible and will bedesion.
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Image 2: Segmentation at level 1 (left), levelight)

3.2. Knowledge model

We realized that working directly on images withaupriori knowledge is good, but we could have dretesults by
adding some of the rules the physicians apply limeigte the tumors on CT images.
Here are the simple rules used for our knowledgdahn

Tumors cannot exist outside the body !

Tumors cannot exist in airways.

Tumors invade very rarely bones and, in this uthjikase, their aspect change and become visitdgutar.
The CT images are coded on 12 bits, so 4096 gvasleWhen fixing a 256-grayscale window (W1) onselas, which
is the tissue with the closest gray level valuesnfia possible tumor, we threshold automatically deaels which are
out of range, as fat tissues, areas which aredrmutbe body, airways and bones. These appear te whithe image.
The fat tissues can be isolated on another 256sgedsy window (W2) and added to the current imageusing
Min(W1,W2). We must keep the fat tissues becauséutimor has a great possibility to develop inside.
Finally we apply a basic thresholding and we getahlways, bones and outside of the body.
On Image 3, we can see in red these parts of thsli€d. Our model implies that tumor cannot develtgide this red
area, so we automatically add it to the initialside marker set provided by the operator.




4. TOWARDS AN AUTOMATIC SEGMENTATION SYSTEM

The semi-automatic mode already provides an impbttme reduction needed by the operator to segimentumor.
Nevertheless, we can use other imaging modaliiesder to find a fully automatic tumor segmentatioethod.

In this section, we will see two important imagingpdalities, CT and PET, and how to use them in rotde
automatically reproduce radiologist’s mental praged

Only 2D tests were made in this work. We selectediunally the corresponding CT and PET slices orfZhexis but,
for a future 3D extension, this stage should becauntematic too.

4.1. About CT and PET images

CT imaging provides detailed cross-section of ussiorgans and other body parts. The CT scan cosliiieeuse of a
digital computer together with a rotating X-ray aev The X-ray principle governs CT: as X-rays p#ssugh the
body, they are absorbed or weakened at differereidecreating a profile of X-ray beams of differstrength. The X-
ray registers on film and creates an image asibeaseen in Image 4 (left).

PET belongs to functional imagery techniques usiagers. In this case it is a metabolism tracembge tumors are
hyperactive, so we hope that tumor cells will &ttnaore tracers and for a longer time. A very sraaibunt of labelled
compound (called radiotracer) is introduced inte ffatient usually by intravenous injection andrafte appropriate
uptake period, the scanner measures the concentidtihe tracer in tissues.

During its decay process, the radionuclide emitpogitron which encounters an electron from the aurding
environment. The two particles combine and anrinigach other resulting in the emission in oppatitections of two
gamma rays of the same energy.

The image acquisition is based on the externaktieteof the emitted gamma-rays: a valid annildatevent requires a
coincidence within 12 nanoseconds between two tteteon opposite sides of the scanner. For accejgtiedidences,
lines of response connecting the two detectorsleen through the object and used in the imagenstoaction. We
can see a PET on Image 4 (right): tumors have iniginsities due to an important tracer concentnatio

Image 4: A CT slice at muscles grayscale (lef@,dbrresponding PET slice (right)

The PET image has very poor anatomic informatiahafow resolution. We can only see the neck coraod the two

tumors which are very well highlighted. That is &ese of this lack of anatomic information that FEBges are never
used directly for radiotherapy planning. Moreovbe doses of radiation are easily computed frons€an images but
not from PET images. That is why the final tumogreentation is always done on CT scan. Radiologis¢sPET just
to have a quick localization of the tumor, and teegment it manually directly on CT.

The aim of this section is to do the same thingmuattically: just a quick registration of PET on @ilorder to have a
good idea of the tumor place, then we use thetiteravatershed technique to find a finest segmantat



4.2. Rigid registration

4.2.1. Quick registration

As PET images have no anatomic information, itasywdifficult to perfectly register PET on CT. Wallviry here to
use the only global information we have in PET: ¢batour of the neck. As we cannot compare thelasef the body
using CT and PET, we will only compare the genehalpe of the body. We assume here that if bodyitoceos on CT
and PET images are well registered, the insidevp#iralso be well registered.

In order to do this, we first binarize both imagssfollowing in Image 5.

Image 5: Binarized CT slice (left), binarized PHi€es(right)

Then we compute CT and PET bounding boxes andrseffitiest of all we simply register the two centeksscaling on
X and Y axis will register exactly the two boundibgxes. This first registration lets us check thain proportions are
quite similar. In Image 6 we can see the extearlme which is the PET contour, registered togteyscale CT scan.
Inside, we have the black lines which are tumodges as segmented by simple thresholding on PEGeisna

Image 6: Bounding box PET/CT registration for twiffedent slices

As it can be seen in Image 6 (left), the resutather good, but it is due to the fact that theduim quite close to the
image center. On the right, we can see that wheumor is a little far from the center, the regigon is not so good.
We can conclude that a rotation is needed heratlaree the results.



4.2.2. Refining the results

As we can compare only binary CT and PET imagesptitimization criterion (C) for our rotation wille to minimize
the number of pixels which are different from CTRBT:

C= XORCT, PET) with X andY, the CT and PET image size
X Y

Now we perform a rotation of the PET in order tonimize C. We can make computation restrictionstenangular
range because the images have a quite similartatiem: we compute rotation only on a range frorf teb5°.

Image 7: Image 6 after rotation only (left), aftetation and bounding box resizing (right)
The rotation will slightly change the PET boundibngx size (Image 7, left), so we have to rescal® ifjet a total
registration between bounding boxes (Image 7, Yigite result becomes good but we can expect te heetter one
by using a non-rigid registration in order to coatply warp PET on CT images on tumor’s neighborhood

4.3. Non-rigid registration

Image 8: Choice of the landmarks (left), Imagetérahin plate spline transform (right)



As PET and CT contours are already quite well teggsl by the rigid transformations applied in thievipus sub-
sections, we can automatically choose landmarksdonon-rigid registration.

In order to automatically choose landmarks on Cdl BET contour images, the tumors’ bounding boxsiedu We
make an orthogonal projection from the bounding boxhe CT and PET contours as it can be seenagénd (left).

This method lets us have more landmarks on theooesitloser to the tumor and less markers on cosfoarts which
are far from it. Our aim is to obtain a more acteiragistration on the areas close to the tumomatdar from them in
some less interesting parts.

For instance, as we can see in Image 8 (left), & 1P landmarks (three projections from each sfddeotumors’

bounding box) and we perform a transform using-thate splines (TPS) algorithm [5] to warp the P&T the CT

image. This algorithm provides a perfect alignmémt all landmarks: if we use many of them, we walbtain a

morphing of the PET contour image onto the CT contmage.

As we use only 12 markers we do not have a penfeephing but the registration in the tumor areadse accurate
enough, as it can be seen in Image 8 (right). Wiencav try to predict from the segmented PET tunegistered on CT,
the markers we need for the iterative watershedbode

4.4, Markers prediction and final segmentation

Let us consider the segmented PET tumor after tragisn on CT as shown in black on Image 8 (rightiter a
morphological cleaning, inside and outside marlkeespredicted by simple dilatation and high paksriing: Image 9
(top). Then, we use the iterative watershed meihadder to obtain a finest segmentation.

The Image 9 (bottom-right and left) shows a zoomttanresult on both of the two tumors. Here theelle method
using the knowledge model was applied.

Image 9: Markers prediction (top), a zoom on thelfresult on the two tumors (bottom-right and)left



5. RESULTS

In this section, we will present and compare soewmults obtained with both semi-automatic and faliytomatic
methods. We will also compare results using orthetknowledge model introduced in section 3.

5.1. Results close to the reality

At level 2, within the tests with our database saig region does not include visible tumor and da#sdlepend a lot on
initial markers position. Image 10 shows an exagila level 1 segmentation on a CT-scan sliceowitfknowledge

model (bottom-left) and using our model (bottomhat)g The corresponding slice (+/- 1 mm) after suyge the patient
(Image 10, top) shows the tumor as a white areadimg muscles (red) and bones (white-yellow). Thian anatomic
image which can be considered as a “gold standarddur validation process. After resection, theytex which is a

quite rigid structure was freezed so we can consfd it had exactly the same shape inside thg.bod

Image 10: Segmentation on a CT image without m@utom-left) , using our model (bottom-right) and
corresponding real image after surgery (top)

We can see that, without model, the watershed’sriextline does not include all visible tumor arie tairway is
included in the tumoral area. When using our motel,result is more reliable: all visible tumorinside the exterior



green line. Moreover, the airway is not includedhjch is important when we know that the volumereation is very
important in radiotherapy doses computation. Thecisfists we met were very interested by this nawehor
visualization. They appreciated its more realigiizzy approach which reduces segmentation varigbili

In the case of the semi-automatic approach, fa& ¢éixiample, the segmentation needed 19 clicks witkoowledge
model and only 10 clicks using the model.

If we use the automatic approach, the initial meskare more realistic than the few human providedkers in the
semi-automatic mode, because the PET images haaod resolution of tumors. So, as we already déithitial
markers are more realistic than for the semi-autmnmaethod, the final result will be more accurate.

For instance we made only 2D tests but, as a fl@Drextension of our method, as PET tumor segmentabntain 3D
information, we will use 3D inside and outside neaskon CT for the iterative watershed method.

In this configuration the automatic mode will briadditional 3D information, which is not the cagdhe current semi-
automatic mode.

5.2. Operator intervention

Our semi-automatic technique when the knowledgeahizdnot used divides by three the average tipstsby the
operator during a manual segmentation: tests shdweatdt is necessary to perform 8 to 20 clicks giee instead of 30
to 50 clicks [1][2]. When using the knowledge mbaes only need from 7 to 12 clicks depending amdu shape.
Moreover, the iterative watershed only needs clickpoints where the operator has no doubt so,cadetision is
necessary, he spends less time per click.

Finally, we can sometimes use the fact that neigldtioes have close characteristics to automagicatedict the
markers position.

Image 11: Interpolation from neighbor slices (radyl prediction: inside markers (green), outsidekarar(blue)

Image 11 shows in red in the middle the interpolatbetween the two neighbor slices. We can thenudigg
dilatations, predict in green the position of theide marker set and in blue the position of thsida marker set.

The overall time the operator needs to do the sarumatic segmentation using knowledge model b#seative
watersheds is about an average of 11 times shthetemanual segmentation.

In the case of the automatic method, the operat@niention is minimized. His interventions aimasly to check
computer’s decision. For the final system, the usilrcheck the CT and PET 3D contour, then thedpred 3D
markers labeling the inside and outside tumor amas the final segmentation result obtained by itheative
watershed. He will be able to interact with thetsgs at these times if the result is not satisfagtotherwise he will
just have to press the OK button.



5.3. Reproducibility

For the semi-automatic mode, we tested the iteratisatershed reproducibility on four very differemimors by
computing the percentage of difference betweeretterior region area (inside + fuzzy) when usinges of twenty
different markers per tumor. The average differescabout 5% with a 1.5 average variance. This #&ptoducibility
results were qualified as very encouraging by spists.

When we use the automatic mode, the CT/PET regitres always the same, consequently inside atsidmimarkers
are the same, so, the iterative watershed reseltha same. The automatic method is fully reprimec

6. CONCLUSION AND FUTURE WORK

This work showed the feasibility of an automatienar segmentation method using both CT and PET imagée

presented an enhancement to our semi-automatatitewatershed segmentation technique using alsikmpwledge
model and a PET/CT images co-registration.

We then compared the results using the semi-automatde with and without knowledge model and théyfu
automatic mode. Within our tests, both our novensentation method called iterative watershed aedathitomatic
segmentation method based on PET/CT co-registrat®nery promising.

For future, an extensive validation of the automatdde on a larger data set is needed and 3D ¢stredpn using 3D
contours of CT and PET images is necessary.

Moreover, we saw that our knowledge model led toemyecise segmentation with less information. \& Isere that
high level information about images is really uséfumedical imaging. For instance, our model isyvsimple but, it

could integrate more sophisticated rules. For &jtaur model should be associated to a textureysinaechnique in
order to have a more accurate segmentation withgeecise initial markers.
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