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ABSTRACT located in this area. Actually, tumors are tissudsch
grow anarchically and do not care about symmetry.
Our research deals with a fully automatic and fast That is only after remarking an asymmetric area tha

localization of possible tumoral areas on computed their attention grows and they look more careftdythe
tomography scanner (CT Scan) images. The aim ef thi gray levels and to the structure regularity of tégion of
method is not to segment tumors but only to hidttlidgne interest to precisely locate the tumor.

areas where tumor has the greater probability to be In this paper, after a short description of thevjmes
located. To achieve this task, we use the bilateralwork on symmetry, we will first show how we can
symmetry of the human body and the asymmetry compute the global symmetry on axial slices of GRrb
introduced by the presence of tumors. Our work wasimages. Then we will add some spatial informatiod we
initially dedicated to the head and neck area bshould will show some of the preliminary results we alrgad
work well for any other body part and even betterrhore obtained. Finally we will conclude with promising
symmetric areas like the brain. perspectives for our approach.

1. INTRODUCTION 2. PREVIOUS WORK

When we look to an image, we first get a globalwithan Symmetry is known as an important mechanism totifyen
we “instinctively” focus very fast on some ‘“intetes the structure of objects and it was used in manyaios.
regions” in order to get more information aboutnthé&Ve Most of the approaches use an a priori knowledgéhen
can say that our vision system has a bi-scale teathie: image and the kind of symmetry we are looking for
first a larger scale to have a global view whereitkeare (rotational or bilateral). One of the first studieas made
not so important and than, a finer scale to foqusletails by Atallah [1] and it needed objects to be prestrae
and to analyze an “interesting region”. This is doghe points, lines or circles. Some morphological methed
fact that our environment is full of images and reve thinning or “grass fire” were tested but only omdny
super-computer as our brain cannot directly anadyzry images. Xia [2] provided a survey which also showresl
detail of the huge amount of information surrouigdirs at sensitivity of these methods. Reisfeld [3] providedirst
each moment. In order to manage this complex visionsymmetry detection which does not need object
situation, the brain use some characteristicg$b fiirovide recognition or segmentation. Kovesi [4] managed to
a quick selection of potential interesting areaseiduce compute symmetry without any a priori on the imagye
the amount of data to compute. Symmetry is onehef t using the local phase. An algebraic approach isgmted

most important of these characteristics. by Keller [5] which is based on the Fourrier tramsi.
The idea of the method described in this paper came In the medical imaging field symmetry was mainly
after an observation of the specialists modus ouiérar applied to the brain were statistical measures and

tumor detection on CT Scan images. In their cagene symmetry axis computation methods were proposed by
more than in the every day life, they use this dails Tuzikov [6]. A tumor detection method using histagrs
approach because of the huge amount of data which iwas also proposed by Wang [7].
stored into a CT Scan image. Their tumor detectton
based on several characteristics, but any lackilafebal 3. MATERIALS
symmetry is for them a serious alert. The humanyhsd
quite symmetric and if asymmetry appears on soinessl For testing our approach we used CT Scan imagesibec
there are very high chances to have a tumor which i this modality is the most used in radiotherapy piag for

two main reasons. The first reason is that scaimnages



contain anatomical information which offer the pb#iy

to plan the direction and the entry points of the
radiotherapy rays which have to target the tumat #mn
avoid some risk organs. The second reason is fh&dan
images are obtained using rays, which is the sdysiqal
principle as radiotherapy. This is very importaetéuse
the radiotherapy rays intensity can be computenh filoe
scanner image intensities.

For the preliminary tests we present in this aatigk
used images from three patients with very different
tumors: these images contains sometimes infected
ganglions, tumors close to the tongue in the higlaet of
the neck or closed to the larynx in the lower prthe
neck.

4. GLOBAL SYMMETRY MEASURE B

First of all, according to our bi-scale approache t
symmetry is a fast large scale characteristic. &ascale
means that details are not interesting and we toothe
image as if we were far from it. This means thdow
definition image is enough.

Scanner images contain information on 12 bytes, so
4096 gray levels. This range is reduced by the icaéd
doctors to a window of 8 bytes centered on theudiss
were tumors are possibly localized which are mathky
muscles.

For our algorithm we used just 12 gray level images
We made tests with other numbers of gray levelsiiawd
keep a high resolution as 256 gray level, we foomath
noise in symmetry computation and results are less
interesting. Moreover it is more difficult to chashe
remaining asymmetric gray classes. These tests eshow
that low resolution is not only used for computatio
reasons but it is very important for the final lesuwe
see here again that symmetry is a large scale ctkasdic.

We will use here an a priori on the type of symmetr
we are looking for: the human body has a bilateral
symmetry on its vertical axis according to the Niagittal
Plane (MSP). This MSP is a very important parameter
this is the symmetry planéntage 3. We first tried to co-
register the image with its left to right flippechage. But
this method is slow and results are sometimes isimgr
So we decided to concentrate our study on the ggwa
tumors are often located in this area because sran#le
alcohol which are the main head and neck tumorofact
have a direct contact with the airways.

As it was difficult to find a good MSP, we decidid
use a vertical axis called “M” on Image 1 and leckin
the middle of the throat which should be on the MBire
symmetry is simply computed by subtracting the
histograms of the windows “A” and “B” centered dret
“M” axis (Image ). We obtain the result called “S” on
Figure 1 The result is normalized for each bean in order
to avoid false alarms with classes having manylpixe

Top -Image 1: Symmetry Axis
Bottom -Figure 1:Assymetry classes

When the “S” curve is close to the horizontal atie
gray levels are quite symmetric: there are as nmaxsls
of this gray level on both parts of the symmetrysax
When the curve “S” is far from the horizontal awis have
asymmetric gray levels.

We also can see if the asymmetry is due to pixels o
the right or left side and to locate the side whbeetumor
is. We assume that the tumor is located on the cfidiee
most important asymmetric classes which was verifie
all our images.

When we reconstruct an image from the “S” curve
we get thdmage 3 Onlmage 2 we can see the initial CT
Scan and the specialist segmentation. Thage 3is
obtained by assigning to the 4 more asymmetricsemthe
values they have on the “S” curve. In all casestihe
classes with the highest asymmetry are enoughdorithe
a coarse tumor location, but we consider 4 clagsasoid
to loose any useful information about the tumoouasfirst
image database is not yet representative. We daismt
more classes because they just introduce useléess no
We only made 2D tests until now but at this stage w
should have enough information to detect if tumars
suspected in a slice or not. We just have to coenpug
asymmetry classes on all the slices and compane the
values. If asymmetry dramatically grows on a conmseat
of slices, tumors are probably located within thslees.

This global symmetry measure was implemerited
Matlab and it only uses a simple thresholding tate the
airways, a bounding box of the airways to get tHé axis
and a 12 bins histogram subtraction.



From top to bottom:
Image 2: Original image and specialist’'s segmewotati
Image 3: Asymmetry classes on the image
Image 4 : Spatial information
Image 5: Final result and specialist segmentation

The hole process needs a mean of 1.5 seconds under
Matlab. Even for modern scanners with a 1 mm reiswiu
on the Z axis and their almost 260 slices shoutd tanly
6.5 minutes in Matlab. This relative time should
dramatically decrease after a C implementation.

5. SPATIAL INFORMATION

Until this point we just made a global asymmetoydst As
you can see olmage 3even if we visualize better the gray
levels composing the tumor, there is still a lonofse (as
muscles have often gray levels closed to tumorsg W
rapidly get some spatial information by computiray f
each asymmetric class the sum on a large window (16
pixels size). This is equivalent to a median filigr

The spatial map is computed ilmage 4 The
resolution is very low because of the large windsine
used for the filtering but we get images where the
approximate tumor locations is quite clear. Thiages
are quite similar to those of functional images RiST
images (Positron-Electron Tomography).

By multiplying Images 3 and 4we can mix the
information from the global asymmetric classes witib
spatial information. We do not obtain a good spatia
definition which is not our purpose but we elimmatuch
of the noise. After an image opening and a meditatihg
we get the finallmage 5 where the tumor is well
highlighted. The two last steps use textural infation.

These spatial computations should be applied only o
the sets of slices eventually containing tumors and
detected by the global symmetry to avoid useless
computation. In Matlab the spatial information adchean
of 20 seconds. Usually there are not more thanlid@ss
were the tumor is located in, so the hole timeaeeha 3D
approximation of the tumor should be about 10 n@suln
this case too, the C implementation should higlelgrdase
the computation time.

6. RESULTS

We can see some results from theages 6 and 8vhere
you can see the specialist segmentation. Even igf th
method aims only to visualize the suspect grayl$ewery
difficult tumors are well detected and almost segiee
(Images 7, ¥ We made some preliminary tests on several
patients with tumors located closed to the throad a
larynx, and each time we had a positive asymmetry
response in the majority of the slices containhmeytumor.
As we use the image intensity information, someadium
parts as the necrosis or sometimes some periptiesaés
considered as tumoral but having different gragleware
not detected for instance.

No parameter is needed except the filtering window
size which can be fixed once. All the process ikyfu
automatic and fast.



From top to bottom:

Image 6: Original image and specialist’'s segmewotati
Image 7: Final result

Image 8 : Original image and specialist's segmentat
Image 9: Final result

7. PERSPECTIVES

The purpose of this research is to obtain a systhioh
will be able to rapidly detect the potential tumaeea and
show a coarse location of the tumor in this voluifieis
visualization should be a considerable help fomteglical
doctors who will only have to validate or not thdsst
results. They will be able to spend more time vilie
patients then with their computer screen.

Another major effect is that as tumors are quitdl we
located, other finer scale segmentation methods bean
used to refine these results. Seeds or other limitedel
parameters could be automatically initialized fribra first
large scale analysis and reproduce the entire adhesc
human vision model.

8. CONCLUSION

This work is still at its beginning but the firgsults are
already encouraging. First of all more tests aexlad and
the 3D generalization should be done rapidly. This
generalization could bring some more information by
comparing the asymmetric classes in neighbor slices
Finally the algorithm will be implemented in C toake it
faster. We will also try this method on other bquyts as
the brain where it should work too. And last but least

we will try to incorporate finer scale methods twarately
and (semi)automatically segment the tumors.
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