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Abstract. Bruxism is the habit of tooth-clenching or gringlirt leads to tooth wear, among other problemss la
parafunctional habit, meaning an abnormal movemdsading to forces that are not compatible with tioeth
geometry, and resulting in high stresses. Amongctiresequences of Bruxism one can list loss of Hsiracture,
fracture of restorations, temporomandibular joirisarders, head aches, loss of implants, while thends derived
from grinding teeth may affect the quality of sleéy the individual or eventually other memberstioé family
(LAVIGNE et al 2008, LOBEZZO, 2001). In this papgbe quantification of the wear produced in teettamel of
bruxers is discussed. It can be monitored via &Wolup by the clinical dentist, questionnaires, diog of teeth in
different moments followed by analysis of the mo@@AOT, 2008). In order to try to quantify Bruxisgpecialists
from the areas of Dentistry, Computer Science, Klt&ciences and Engineering propose the followdpgroach,
which is described in the paper: Application of a questionnaire based on DAVIESO@Oto gather subjective
information on the development of the topographyheftooth surface, based in visual observation grfdrmation
from the patient]] Development of a computer program for image tresiinbased on computational vision with the
purpose to follow long term wear. The computationaion was designed based on the use of pictakentover time.
The analysis relates dental wear using the diffeegrin number of pixels, of each tooth betweenptbtures. The
software was developed to be able to quantify amalify the dental loss in cases of bruxism. Basedhe work
developed by BASTOS (2004), the global objectite groduce a methodology that, using profilometymputer
vision tools and follow up by the dentist, helputalerstand tooth wear mechanisms, monitor it amrdaute to the
development of new and effective clinical procestioereduce it
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1. INTRODUCTION

Dental wear is a pathology that bothers a largebmunof patients and worries Dental Heath profesdgmras the
derived loss in tissue is permanent and commordy I pain. Dental wear is often associated to Bmixthe
parafunctional habit of tooth grinding or clenchifBADER & LAVIGNE (2000) stated that the majorityf the
population (85-90%) will occasionally grind or oth teeth some time in their lives, ad even thahghtopic has been
subjected to extensive research, many of its aspaet not fully understood. Loss of dental mateffidcture of
restorations, worsening of temporomandibular dismsdor induction of serious headaches and productib
inconvenient nocturnal sounds are all possible epmsnces of Bruxism (LAVIGNEt al., 2008), as well as loss of
dental implants (LOBEZZO, 2006).

It is very important the follow-up of wear evolutioin clinical cases by the dentist to plan and etean
intervention. (KOYANO, 2008) noted that there isasiablished norm to guide the dental control cdnm@ogression.
In BASTOS (2004), the author described a study wepdicas of the affected teeth were produced fifemtint times
and used to characterize wear evolution along angperiod. In order to validate the procedure, slggested the
statistical validation of the replicas as valid iegfor the purpose of profilometry characterizatid teeth surfaces.

Digital images also were used to extract some im&ion of wear in several cases. In HAKEEAal. (2004), for
example, the authors present an approach the éstilma wear area of teeth using image processiingipies. The
method is limited to use in replicas of teeth bseait need manual interference in the scene (trer amea of each
tooth is painted to became more easily targetaiblgls may incorporate a lot of noise in the firedults and is not very
practical. Other works such as (YAMAN¥t al, 1998, LAURENDEAU et al, 1991) use principles of three-
dimensional reconstruction to estimate the tootlrwesing images. These particular processes ayeceenplicated
and need a lot of time and computation power tade All methods cited need also very sophisticagaipments
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(expensive cameras, laser sensors) and a veryottedtenvironment (illumination, calibrated camesgpports) to be
well used.

In the present article, the technique for produding replicas is improved with the use and test dfifferent
material. A Computer Vision algorithm is also prodd by researchers of the Computer Vision and Rwbot
Laboratory (VeRLab) in the Department of ComputereSce of UFMG, to semi-automatic detect changetath
outer surface level due to material loss using @i@tphs, all this in a non-structured environmernt with a simple
digital camera.

2. PROPOSED METHODS

Profilometry measures in a nanometric scale a ghueface profile, with the possibility to be a uddbol for wear
characterization. The previously developed stud¢§BOS, 2004) involved a reduced sample size and avihumber
of shortcomings. The material used for the repliegoxy (Araldite ®), often presented micro bubblgkich made it
impossible to continue with the measurements. thied in repeating the complete replica procedérsearch was
then done for the choice of a more appropriate madtevith the choice falling into a low viscosigomposite resin.
The description and validation of the obtainediogg is given below.

The most convenient method to follow wear progmssshould be simple and accessible. The complementa
method to access wear was developed based in ipragessing, using photos that can be taken in lihie.cBy
following the progression of the loss of materidhem considering pictures taken in two different asions, the
profilometry data can be better interpreted with donsideration of the change in the position efrtfiddle line of the
tooth outer surface. With this purpose a computegmam was developed at VeRLab with the necessdmystness to
allow small changes in light and angles. The pnogig based on the superposition of images for argtooth, and
calculates the difference corresponding to matéo&s.

2.1. Profilometry

In contact profilometry a fine stylus displaces oaesurface registering its irregularities; thetieal displacements
are used as the basis for a two-dimensional graptesenting its profile. To obtain a three dimensiglot, a large
number of plane profiles are interpolated. The dat@gistered as a set of heights correspondinmpédks and valleys
(Figure 1). A large number of parameters are cated|, each for describing a given aspect of thghteidistribution,
and a subset of appropriate parameters can thseléeted to properly define the surface (MUMMERY92).

For this study, the following parameters were chose

1) Sa im/um): average roughness,

2) Sq (m/um): quadratic average roughness,

3) Sdq pim/um): quadratic average slope,

4) Ssc (14m): quadratic average curvature,

5) Ssk: asymmetry coefficient for the distributiogight curve,
6) Sku: curtosis coefficient.

The first and second parameters provide an ingighthe heights dispersion in relation to the medauriace of
the surface, while the next two help in charactegzheir shapes. Asymmetry and curtosis coeffisianeasure the
departure of the obtained surface from a standamshal distribution.

2.1.1 Replicas

As directin vivo application of profilometry is not possible, theewf replicas was proposed (BASTOS, 2004). In
the present study, 8 extracted teeth were usesl, @fination from volunteers under the proceedimgsaved by the
Bioethics Committee.

To improve the procedure, teeth were sectionedgatbair long axis and then in a place paralleltte surface
containing the area of interest (wear facet). Tdwh fragment was then stabilized in acrylic re3ihe tooth fragment
was then molded with addition-curing silicone ahd tbtained models filled with two materials theg¢ aot usually
used in Dentistry for similar applications: epoxsin and low viscosity dental resin (Figure 2). Theice of these
materials was due to the fact that they have thaired fluidity to copy details of the geometry gmvide specimen
with sufficient hardness to support the profilonggirocedure.

Profilometry tests (Hommel Tester T4000 from Homnrerke Gmbh) were performed over selected surfates o
the eight teeth and their replicas. The selectiothe® sample areas was made so that they had siangas. Filtering
was then applied, using a 0.05 mm filter as progpdse BASTOS (2008). After filtering, a threshold svapplied to
remove very high and low height amplitudes. Congmribetween the original tooth and its replica masle using 2-
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tailed Student t test for paired samples, with lahaof 0,05, described by Fisher (SAMPAIRO07).The comparison
was done using average values of the parametetsfdrdooth/epoxy replica and tooth/resin replica.
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Figure 1. Wear surface as obtained by profilometry.

Figure 2. Sample of a copy teeth in Flow low-vistyogesin.

2.2. Computer Vision Approach

Computer Vision is the area of Science dedicatedbtaining models of the world based on digital ges We
define our problem as a necessity of monitoringttieth wear in a large time interval using just ges of the mount of
a patient. This is a very complicated problem, aad not be resolved by simple techniques. Firstheed a very
sophisticated camera with a high resolution CCDQ@MOS) sensor, because the wear we intend to measay be
very small (less than millimeters). Another problénthe illumination in the instant of the imagepttae, which
constitute an important feature in some computsiori problems. As the tooth wear occur in largerivdl of time (in
general, months or even years), it became imp@assiblkeep the illumination conditions invariable ancommon
clinical dentist.

In order to facilitate the image processing in ¢benputer vision algorithms, it is desirable alskéep the camera
(and the patient) static between the acquisitiothefe images, but it is also a very problemasads once the time
between images is very large. Even if the dentysg to frame the image in order to match with ges taken months
later, the final result will be a variance of thegmal one, because camera parameters such dsdistance and lens
distortion. The camera can also change in this.time

The methodology presented in this part of the payss developed with the requirements of to be rotusll
problems discussed above. We try to estimate thih twear of a patient comparing images taken ifeift instant
times and with different illumination and camerawiconditions. With this, it is possible to estimdhe tooth wear
from images taken by a non-calibrated camera iraaalibrated environment, which represents a comuoiimical
dentist.

The proposed method is divided in three stepsa (ie-projection of the images using projective getoyn (11)
segmentation of each tooth and (Ill) the estimatibthe tooth wear using the profile. This profigerepresented by a
function that describes the shape of the tooth wherimage was taken. The method uses optimizégicmiques to
compare tooth wear in different intervals redudihg error arising from image processing. The methees as input
photographic images and provides a qualitativenegton of dental wear in a given period.
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2.1.1 Projective Transformation

In this first step, we have two images taken fréva $ame patient (but not necessarily with same iG@mehese
images may present different illumination condifcand perspective views, but they represent tranrdtion of the
same patient. We can calthe image taken before the teeth wear (withoutwead!’ the image taken after the teeth
wear (some months after). As we comment beforeintlagie planes define by the camera in differentimstimes may
have a different position in space, as can be seEigure 3. If we taken a image form a scene witttinct views, the
information of the image (represented by the poirdadx’ correspondent to thé point on the scene) will certainly be
different. This must be treated before comparedtfierences in the image relative only to the toatar.

In order to be able to compare directly the imagaad|’, we must first align the image plane on the spabés
will permit to correct the effects of scale betwdka images (due to the distance or zoom variatfidhe camera), and
the rotation in relation to the scene. This aligntr@an be made by estimating the function thatasgmts the geometric
variation between these two images in the spads.filihction is generally called projective transhation.

The projective transformation is widely used in goter vision as it is able to describe differerws of the same
scene in the 3D space (GRACIAS, 2000). This transétion is modulated by the homographic functiod (ojective
transformation), defined as a function H (FORSYTHP&®NCE, 2002). It needs correlated points in thmesplane in
3D space in different images, as shown in Figure 3.

Figure 3. Projective transformation between twdedént view of the same scene.
Source: NEVES (2006).

The projective transformation is able to describeesal types of movements. The most simple is itid model
that may model rotation and translation. The siritjfanodel represents scale, rotation and trarsiafi he projective
model represents all distortion in images: rotatimanslation, scale, shear and projective digortin this work a
projective model is used since tooth images afedif to be acquired in general.

In order to be able to estimate the projective dfammation between two images, we need to find some
correspondent points among them that describeaime points in the three-dimensional scene, asiageigure 3. To
do so, we must employ a technique that is robusitéallumination problem mentioned before. Them, use the SIFT
as a methodology to determinate such points.

2.2.2. SIFT (Scale Invariant Feature Transform)

The Scale Invariant Feature Transform (SIFT) (LOWE, £00s an efficient filter to extract and descrikey
points of images. It is robust method to treatneéntoise, bad illumination, occlusion and minor hes in viewpoint,
diminishing mismatches in points matching. Figushdws an application example.

The algorithm has four major steps:

e Scale-space extreme detectionThe first stage searches over scale space asifference of Gaussian
function to identify potential interest points.

» Key point localization - The localization and scale of each candidatetgsidetermined and key points
are selected based on stability measures.
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» Orientation assignment- One or more orientations are assigned to eaghdket localization based on
local image gradient directions. All future opevas are performed on image data that has been
transformed relative to the assigned orientati@ales and location for each feature, thereby piingid
invariance to these transformations.

« Key point descriptor The local image gradients are measured at thetedlscale in the neighborhood of
each key point. These are transformed into a reptason that allows for significant levels of lbshape.
The description vector is divided by the square mfdhe sum of squared components to obtain plgrtia
illumination invariance.

Figure 4. :Application- Example of SIFT.
Source: LOWE (1999)

In this work, SIFT is used to match points of #@me tooth in different images, and with this infation it is
possible to retrieve the homography matrix and stdjoe point of view for each image. However SiEThot perfect,
since it will not automatically discard outlierse.i pair of points that are incorrectly matchedthis work, we use the
epipolar geometry along with robust estimators wesed to to tackle this problem. This geometrydsatibed in a lot
of works (HARTLEY & ZISSERMAN, 2003; ZHANG, 1998;RUCCO & VERRI, 1998).

The RANSAC algorithm (RANdom SAmple Consensus) (HBER & BOLLES, 1981) is used to robustly
estimate the epipolar geometry. It consists oftaraiive method to estimate parameters of a mattieahanodel from
a set of observed data which contains outliens. & non-deterministic algorithm in the sense thatresult is provided
up to a probability, which increases with the numioé iterations. Finally, after the outliers aremaved, the
transformation to adjust the point of view for mllages is estimated. After this step, the tootHileris determined
using segmentation in the images.

2.2.3. Image Segmentation

Image segmentation is one of the key problems mpeaer vision area, and it can be described aditapevery
pixel according to an equivalence class. Idealéy dlasses correspond to distinct objects in thaesda other words,
the result of image segmentation is a set of reg@ma set of contours extracted from the image. dduivalence class
may be defined based on characteristics such &$ gojor, intensity, and gradient. Typically, segiadion is used as
one of the steps for object recognition from images

After correct the images in the previous step, vilkapply a segmentation algorithm to identify tteoth in the
images. To do so, we use a very simple approachdbas the assignment of a threshold to binarizertfage. This
image is use to estimate the profile of the tooth.

2.2.4 Estimation of Tooth Profile

A profile in the image can be considered as a sp&tion of data where each vector index repregbathigher
(or lower) intensity in the image correspondingat@ixel classified as Tooth for each column of thigge. So, the
profile represents the outline of the tooth in image as a function of its lines and columns. Ideorto obtain this
profile an edge detector was used. A few examplesdge detectors are Canny, Sobel, Prewitt. Oneetbfile has
been obtained for each image that will be usechéndomparison, the next step is to estimate the aemss time
intervals. This is basically performed by estimgtihe difference between these profiles.
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2.2.5 Estimation of Tooth Wear

At least, all profiles estimated previously coule bised to generate some kind of estimation of teatar in the
given time intervals. The homography matrix cardude error which difficults the perfect equivalenoetween two
profiles. To minimize those differences it can lsedian optimization method: the Levenberg—Marqusliethod. This
method have been demonstrated a very robust toolptonize non-linear functions. In this case spealfy, the
considered functions are the profiles of the chometh (d). The chosen transformations are affimenaturelike
translation, rotation, so that the geometry woutd be changed, in order to not introduce errorh@ system. In
general, the Levenberg—Marquardt Method, minimitkesdifferences making it possible the comparisdhomt noise.

3. RESULTS AND DISCUSSION

3.1. Results of Replicas

The values of t were calculated for each paransteording SAMPAIO (2007), using an Excel spreadshifer
the calculus of t of Student a table that expretseslifference level of significance. In this lgvand with 7 degrees of
freedom, the value given by the table is 2.36%h&se conditions, the value of t calculated fohegaarameter must be
within the interval of -2.365 and +2.365 (2-tailelgpha) for no difference. Tab. 1 shows the found&des and indicate
that the copies in resin as well the copies in gpase not statistically different from the originedoth at 95%
significance. That means that it is possible torasdels both in epoxy and in Flow resin to studyesfticial texture. In
this case, the studg vivois possible and superficial changes that are nisctld by other methods in a short period of
time, could be used. The use of copies in Flownraibws an improve for replica achievement. Iis fraper only the
steps of validation and materials tests were mladtein the future, this methodology will be conregtto the Computer
Vision methodology to try to evaluate the dentaklin a single population aiming the predictiomental wear.

Table 1. Means andfor SaandSqSdqSscSskandSkufor surfaces in the tooth and in epoxy and in flesin replies

Parameters Tooth epoxi flow resin
Value mean t mean t
Sa 0,272 0,262 1,33 0,282 -0,36
Sq 0,352 0,332 0,94 0,302 1,60
Sdq 0,102 0,172 -1,10 0,102 -0,22
Ssc 0,102 0,162 -1,62 0,142 -1,46
Ssk -0,17 @ -0,09@ -1,45 -0,06 @ -2,02
Sku 3,342 3,312 0,21 3,292 0,46

Same letters in same line indicates that theretisignificant difference among parameters mearth@mooth, epoxy
and flow resin replies surfaceS;pof »-tailed affa 595~ 2,365)

3.2. Computer Vision

To test the method, images taken from a model astpt of a human arcade were used. This model s& 10
simulate wear without having to wait for long p&scof time. Afterwards, the same method was useihfages of real
tooth. Later, the program was tested with photdgsapken from a patient for a period of 18 months.

3.2.1. Test with Models

A model in plaster that was grinded in the canirgs wsed in this phase. In order to determine #resformation
matrix between those two images, the SIFT algorithas used producing corresponding points in bothges, as

described before. Correspondences can be seergimeFb, where blue lines connect matched pointbaith two
images.
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Figure 5 Corresponding points in both images using SIFT.

In order to register both images, the homographiecsformation that was determined from the corredpoce step
using SIFT was applied to the second image (todith wear). This registration step enables viewimg $econd image
as if it was taken from the same camera pose d&shene.

The next step is the identification of the tootlfile. In this case, primer is done a manual selacbf a section
from the images of this singular tooth. The Fig@réa) presents the cut on the original image ofdéeine without
wear. From this section of the image, is done #garentation to determinate the correspondentsidéle process
generates binary images like those shown in Fi§ui® in relation to Figure 6 (a).

(@) (b)
Figure 6 (a) section of the original image (Fighjeand (b) its binary image.

The threshold value chosen for the segmentatiathisfimage was estimated from the intensity hisiogrin this
particular case, a intensity pixel value of 40 ZB5) was chosen. All the pixels with intensity \eduabove this
threshold were classified dgeth From image 6 (b) it is simple to determine theth’s profile by the simply applying
an edge detection step using one of the sever&lotiein the literature, such as Canny, Sobel, etc

The final step consists of comparing the profilghaf tooth as registered by the time spanned im&gms, the profiles
of the same tooth taken at different times candmapared directly in the same scale (number of pjxef the image.
For example, Figure 7 is the result of applyingtth@sformation to the second image profile.
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Figure 7. Comparison between two profiles aftergraress of optimization.

Finally, as we can see, it is necessary to comirel values into real metric values, in order tmw the tooth wear
in terms of a millimetric area. To do so, we neadriow the relationship (constagt) between pixels in the image and
distance in the real world. In other words, we dediscover how many millimeters a pixels can repn¢ on the image
plane. This is easily accomplished with a simplibcation step using a precise target (a millineetrler, for example)
whose image is acquired and computed as pixeldihmaters (pixel/mm). We can directly convert théfatient area
between the profiles of the Figure 7 multiplyingstialue byK,.

3.2.2 Tests with Real Tooth

In the sequence, images taken directly from thepd mouth were used to test each step of théadetAll the steps
of the procedure described above were followednlitlt images taken at three distinct time intervatgure 8 presents
the final result of the comparison among profil&@soth wear, which corresponds the difference ofsravhich is
estimated by computing the area under the cuwas,found to be: 0.1 nfmfor the second image in relation to the
first, and 0.18mr from the third image with respect to the firseoAs it is the case of any real system, the ptege
method is affected by noise, which at this momanthe study, it has not been estimated. Howeverrésults show
that the both the proposed technique and methodppiecable.

Figure 8. Final result to the application of thetimoelology with images of real teeth.

3.2.3. Tests with Volunteers Replica

Finally, tests with volunteers models based onilmoktry replicas (Figure 2) were made to verifg tipplicability
of the method. In this case, the tooth is alsoraneaof a different patient. The time differencevieen images was of
approximately six months.
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The final result, comparing among profiles (in eifnce of pixels) is presented in Figure 9. Therdeihed value
was 1.2. Again, it is possible to notice a siguifit difference between the two profiles that gadgstorrespond to
teeth loss due to dental grinding.

pixels
8

— Profile 1
— Profile 2

pixels
Figure 9. Final result using pictures of replicas.

It still remains to be determined how to estimatetth wear from the obtained results. One possibliation is to
estimate quantitatively or qualitatively. This sgud under way and one of the priorities is to defa quality metric
from the noise free estimative. Statistical valiolatof the results was not possible yet due tostmall sample size.
Nevertheless, preliminary results indicate veryniging applications and it motivates the continuatof the study.
One very important issue to be considered is ndibere are a several methods of noise reductiomages, and
applying more precise segmentation methods andowvimy image resolution may also help in obtainetiebeguality
images with better signal to noise ratios.

The biggest advantage of this method is that &@hdisthes a foundation for automatic wear estimatising images
acquired in a very simple way. As it is, the methimeés not require any special lighting calibratisrspecific camera
angles and positions, which means that it coul@dmly used at any dental office where typicallgsth conditions are
not controlled and even if they were, it would lerwdifficult to guarantee they would remain thensafor long time
intervals. In the future, we understand that i tw possible to apply this method to estimatevitblame of dental loss,
by taken and processing several pictures fromaheegeeth from different views.

4. CONCLUSIONS

Profilometry seems to be a very sophisticated rekemethod and replicas have shown to be adegoiagptoduce
superficial texture which makes it practical tofpem in vivo study. The detection of the initial wear withol tdental
structure loss in macro scale is an advantage,hanaine would be the study of texture parametecs their
relationship to wear mechanisms. The use of replioastudies was successfully tested. The impronemnemodel’s
technique, including the use of Flow resin, madsagier to use profilometry.

As the digital image technology and the use of asepvision algorithms increases in several ardas,use of
photographs and Computation Vision seems to becaasaible solution and viable way to obtain predat. The
main problem is that these processes are veryteffdry external factors such as illumination, pecsipe views and
camera parameters, which makes the problem verpleamin this study, a method that can effectivedyp clinicians
to measure dental loss due to dental wear in a sienple and less dependent of external factorspeasented and
tested. These studies could contribute to the relseand development of biomaterials.

Both methods present here still are under developr@ed presented very promising results. As futuoeks, the
application of both methodologies to one singleugre intended to evaluate the process of dentat.\W#e also intend
to analyze the error in the image processing metlogg in order to reduce the noise in each stefhefprocess. We
desire to make all these steps as automatic asbfmss facilitate the use by dentists. This metlstil may be extend
to estimate the volume loss of teeth, as mentidmefdre, which constitute a more complicated probfesm the
Computer Vision point of view.
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