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Ahstract: In this study, a fast automatic method is proposed for the segmentation and \soalization of teeth
in multi-glice CT-scan data of the head The algorithen consists of five main procedwes. [nthe first part, the
matiditle and marilla are separated using maimum intensity projection inthe ywdirection and a step like region
separation algoritten . In the second part, the dertal region is separated using maximam intetsity peojecticn in
the z ditection, theesholding and cropping. In the third part, the teeth are rapidly segmerted using a region
growing algorittim based onfour thresholds which are usedto distingnish bebreen seed points, teeth and none
teeth tissue In the fourth part, the results are visualized using iso-suface extraction and sxface and volume
rendering, & semi-autom atic method is also proposed for rapdd metal artifact removal. Results on moultiple
datasets hawve shown the success of the algoritlen with the dentsl region separation atd segmentation
procedure taking an average of orly 2.4 sec to complete for each jaw making it at least tens of tim es faster than

atyy prevoasly proposed method

Eev words: Fast, multi- slice CT, maximum intensity projectiof, region growing

INTRODU CTION

Wty medical procedhares need specific parts of the
body to be visnalized for better diagnosis and treatmernt.
hlost times these patts and organs must first be
segmetited. If performed by hand, this will become a
tedious and time cotmen ing procedore. Mamy dgorithms
have beetn developed for the austomatic segmentation of
vatigus tissues. [n this regard atomatic segmentation of
teeth from the manditle andmaxillais a fuirly new subject.

Accurate knowledge of the 3D shape of teeth and the
positionn of the roots is wery impottard in many
maxillofaciad swgical applications, endodortic procedures
and treatment simulations (Cucchiara of al, 2004,
Fongracz and Bardosi, 2006). The atrangement of teeth
with respect to neighb oring tissue can only be recognized
by the 3D wisualization of teeth and their surrounding
tissue. For correct -asvalization of teeth,
se gt etitati on must be performed

The enamel of the teeth being the hardest substatice
in the body can easily be separsted using norma
thresholding bt this techmicque carmnot be applied to
other parts of the teeth like the roots because they hawe
pixel walues similar to neighboring none teeth tissues

(Fig. 1).

cotrect

Fig 1: The result of using normal thresholding on teeth
tissue. It iz evidernt that using thresholding the
teeth can not be cortectly segmented. Threshold
walues used for the three images are (o) 2800,
(b0 2000 and () 1200
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To segment teeth for correct visualization volumetric
data like CT-scan must be used. Currently most teeth
segmentation techniques have been proposed for 2d
radiology images of the teeth. For example Jain et al.
(2003} used a semi-automatic method to find the contour
of the teeth. Chen and Jain (2004) proposed a technique
based on active contours. Li er al. (2006) used a
variational level set technique in normal dental X-ray
images. Fevens et al. (2006) used pathological modeling,
PCA and SVM for tooth segmentation. Shah et al. (2006)
have used active contours without edges. Said et al. 2006
have used mathematical morphology. In methods which
use CT-scan data, algorithms have been proposed to
segment the jaw or all jaw tissues as a whole and not the
teeth only (Rueda et al., 2006). Other methods have been
proposed which segment the teeth interactively and not
automatically (Zhao et al, 2005, Lia et al., 2005).
Procedures have also been proposed which segment
models of the teeth obtained using 3D laser scanners
(Kondo et al., 2004). Current procedures which completely
segment the teeth from other tissues are based on the
level set method. Lia ef al (2005) have used a semi-
automatic hybrid technique which first uses the level set
to extract a whole tooth surface model.
Hosntalab et al. (2008) have used a panoramic projection

coarsc

and variational level set technique for complete teeth
segmentation, their techmique i1s based on a method
initially proposed by Keyhaninejad ef al. (2006). Methods
based on the level set method usually use the Hamilton-
Jacobi formulas seen below:
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Because of the need to perform numerous

mathematical procedures the level set method is not
considered a fast method. The current study has two main
goals. (1) presenting a very fast segmentation method
which is absent in earlier studies and (2) performing the
segmentation in a fully automatic manner. In all, the
algorithm has 5 main parts from beginning to end. In the
first part, the mandible and maxilla are separated. In the
second part, the dental region is found in all slices. Tn the
third part, the segmentation is performed. In the fourth
part, the results are visualized using surface and volume
rendering. The last part is an optional semi-automatic
metal artifact removal procedure.

MATERIALS AND METHODS

Here, the datasets, the compiler and libraries used for
implementation, the computational environment and the
proposed algorithm will be described.

Data sets: Each dataset had between 39-112 slices with a
dimension of 512x512. All wnages had 16 bit signed
grayscale pixels with 12 bits of usable data which included
a range of between -1024 to 3071. Most datasets were
obtained using a SIEMENS sensation 64 CT-scan device
with FOV of 18x18 cm. Slice thicknesses were variable in
different images but were usually between 0.6 and 0.8.
To evaluate the effect of metal artifacts and image quality
on the segmentation procedure different datasets were
used which had different characteristics i terms of noise
and quality. The number of teeth varied between the
datasets.

Implementation: The algorithm was implemented using
Microsoft Visual Studio 2008 spl. The code was written
in C7 language. Most functions needed for dicom
image reading and processing were implemented using
the Insight Segmentation and Registration Toolkit
(Thanez et al., 2005). The Visualization Toolkit
(Schroeder et al, 2002) was used for iso-surface
extraction, mmplementation of color and opacity transfer
functions and also 3D visualizations.

Proposed algorithm: We now explain the proposed
algorithm. There are 4 main steps: (1) separation of
mandible and maxilla, (2)dental region separation,
(3) teeth segmentation (4) metal artifact reduction and
(5) visualization. The block diagram in Fig. 2 shows the
proposed algorithm.

In CT-scan images there exists a certain amount of
salt and pepper noise. To remove this noise originally a
3D median filter was used (Gonzales and Woods, 2005).
This filter was very time consuming n terms of umage
processing. We decided to replace this filter with a faster
filter that could de-noise present images efficiently.
Present first candidate was a 3D mean filter with a size of
1 1n all directions. Results showed that this filter was
efficient enough while being faster than the median filter.
We then changed this filter to a 2D mean filter. This filter
was even faster than the previously mentioned filter
without significantly affecting the final results. This was
chosen as the final filter. Other than a good increase in
processing speed another advantage that a mean filter has
over a median filter is that it smoothes the edges and the
resulting visualized images of the teeth will also become
smoother.
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Fiz. d: Block diagram of propossd alzorithm

Sep aration of mand b le and maxilla: Since, in present
algonthen the mandible and maxilla are each segmmearted
separately but wang a similar procedure we must first
separate the mandible and maxilla from each other then
segmment the teeth in each of themn separately. Usually;
there is no single slice that can be used to completels
separate the tavo jaws from each other becanse some of
the slices will contain parts of the teeth in them which
belong to both jaws. To perfonn the separation procedure
a novel fechnigue has been proposed. The techrigue iz
based on Waxiromn Intensity Projection (IVIF) and a step
like region separating algorithmm. The first step in this
procedure iz to chtain a MIP of the dataset in the ¥
direction (Fig. 3a). &s we can see by performing the WP
the region separating hoth jaws can be clearly ssen. We
tnust now find & wav to separate these two from each
other. To do this we first pass fhis image through a
threshold filter o 12 raove nione bone tissue (Fig. 3h). Hext
ineach row, we calculate the distance of the left edze of
the irmage to the nearest hore pixel inthat rowr. The rowr in
which the mentioned distance isa maxirom copsared
to the other rows a hre is drawn frorn the left side of
the lmage to the first bore pixel. From fhis poel a
verfical line 13 drawn wp 1 we reach the first bony

pixel. On this  wvertical Line, the same procedure is
performed whick was performed on the left side of the
lmage. Thiz procedure iz contirued untl we can no
longer racve right or upwards (Fig. 3c). By seeing the
result we can clearly see that the teeth in the mandible and
maxilla have heen separated from each other (Fig. 3d).
Usng thas step like line the regions are then separated
frotn each other. The distance betaeen the first and last
horizontal live is caleulated and all pixels beneath the step
like line are shiffed downwards the amount of this
distance in the woluretrc data. The resulting zapis then
filled with black pixels. The result is a volure with two
jaws which have been sepamted with a single slice
(Fiz. 3e). This wolurne is then separated into two solomes
with one containing the mandible and another containing
the maxilla,

Dental region separation: To achieve higher proce ssing
speeds a dental megion separation procedure has been
uged. Four sarnple slices fromw a dataset canbe shownin
Fiz. da. To separate the dental region we get the Ivhxiranm
Intensity Projecton (OF) of a jaw in the z direction
(direction of the giowth of teeth) (Fig. db). & threshold
filter iz then nsed o reracwe all prcels withvalnes lower
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Fig. 3: Procedure for separating mandible and maxilla. {a) MIP in y direction, (b) result of threshold filter to remove none
bone tigsues, (c) inifial region separation lines, (d) final step like region separation line and (e) final separated
jaws

Fig. 4: Procedure for separating the dental region. (a) sample images from a dataset, (b) MIP in z direction, (c) result of
threshold filter and (d) sample cropped images using bounding rectangle of mask
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than the enamel, being the hardest substance in the
body (Fig. 4c). What remains of the image is the mask of
the teeth. The bounding rectangle of the mask of the teeth
is then used to crop all the images in the dataset (Fig. 4d).

Experiments on this algorithm showed that it had 2
weak points (which occurred in some datasets). To show
these weak points we will use Fig. 5 which iz the MIP of
one of this datasets. This data set has been used because
it suffers from both problems.

The first problem occurs when there are teeth in a
dataset which have their crowns missing (partially or
completely). If thege teeth are the farthest teeth from the
mid-line of the jaw they will not be induded in the dental
region. The reason for this iz that in these datasets the
result of the threshold filter (Fig. 5b) will not contain amny
part of these teeth in it unless a small part of the enamel
can still be seen in the thresholded image. The red linesin
Fig. 5 show the right side edge of the dental region that
will incorrectly be selected. The second problem occurs
because all present dataszets are obtained open-bite i.e.,
the patient’s mouth iz kept open while the CT-gcan device
is scanning the head. With the mouth open the teeth will
have a slight angle with respect to the fube the headisin
during imaging. Depending on this angle the roots of
the teeth may show up in a place lower than the crown in
the MIP image for some datasets. This problem usually
occurs in the mandible because the maxilla usually makes
a 90° angle with the CT-scan tube and to open the mouth
the mandible must be moved thus it creates an angle
which creates these errors. It must be noted that this error
does not always occur and we have shown a severe case
in Fig. 5. The red arrow in Fig. Sa points to the projection
of one of the roots. Since, the roots of the teeth are
softer than the enamel passing such an image through a

threshold filter that remowves all pixels not associated
with enamel will result in a mask which will not
include the rootz of the teeth in the slices which
have the roots in them. The wyellow line shows the
bottom side of the dental region that must be
zelected and the blue line shows the bottom side
that was selected which has excluded the root of one
the teeth.

To szolve the above mentioned problems we have
done 2 things: (a) we slightly decreased the threshold of
the threshold filter and (b) a margin of error has been
added to all sides of the bounding rectangle. The margin
of error from the top is small because we usually have no
problem at the top of the region. The one on the left and
right sides iz a little longer than the diameter of a typical
tooth and the one on the bottom is a little longer than the
length of the roots as viewed in a MIP image. The result
of the new technique can be shown in Fig. 6.

In datasets that the teeth are complete the dental
region separation procedure reduces the size of
processing region to about one sixth or fifth. In datasets
in which the patient has teeth missing the processed
region is reduced much more than this for instance in one
of thiz datasetz the processing region was reduced by
36 times!

Segmentation: Once the dental region has been separated
the segmentation procedure will be started. The
segmentation process iz basically a region growing
procedure performed in 3 steps involving 4 thresholds
(TH1-TH4) which are constant for all datasets. All
thresholds have been obtained by a thorough examination
of many different teeth images and their values are based
on the anatomical features of the teeth. They have been

Fig. 5: (a) result of MIP of one of the datasets and (b) result of threshold filter on mip image. The yvellow line shows the
bottom edge of the region that should have been selected and the blue line shows the region that has been
wrongly selected. The red line shows the incorrectly selected right side of the image
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Fig. 6: (a) region selected using modified algorithm and (b) region selected using mitial algorithm, one of the teeth and

half of another have been missed

fine tuned using results obtamned from multiple datasets.
We will now explain why we used these thresholds. The
fine tumng procedure will be explained after the
segmentation procedure.

Thl: This threshold is used to locate the seed points
needed for the region growing procedure. As we know the
enamel of the teeth is the hardest material in the body and
it 18 only located in teeth. With this point in mind a
threshold can be easily found in which all pixels having a
value above 1t will be part of the enamel and consequently
part of the teeth. We call this threshold TH1. In cases
which we have metal artifacts these artifacts will also be
chosen as seed points but since these metal artifacts are
themselves either in the teeth or connected to them they
will not pose a problem for us.

Th2: The initial value of this threshold is selected slightly
above the pixel value of bones which the roots of the
teeth reside in. This 13 a stopping threshold which stops
the teeth region from spreading into the bones. This is the
most important threshold.

Th3: Tn the beginning of the algorithm a mean filter was
used for smoothing and noise reduction mn all images. The
result of this filter caused a reduction in the value of pixels
which are located in boundary locations mn which their
neighbors have lower values than themselves. If these
pixels are part of the teeth they would not be included as
teeth because of their decreased value. In the final part of
segmentation pixels above this threshold that have a teeth
neighbor but themselves have not been segmented as
teeth will be added to the tooth region. The mitial value of
this threshold was found by studying the pixel values of
the teeth in boundary locations after the mean filter.

Th4: This threshold 13 chosen so that all pixels above it
are bony tissue and all pixels below it are non-bony
tissue. Only pixels which have a value higher than Th4

will be processed m the segmentation procedure. This
threshold is used to achieve higher processing speed and
to remove all none bone tissue.

It must be noted that because of the difference in the
anatomical features of the mandible and maxilla we will
have different TH2’s for them.

The following condition
thresholds: Th1>Th2>Th3>Th4.

There are two reasons for separately segmenting
the mandible and maxilla. The first one as stated 1s that
we have different TH2s for them. But the second and
most important one 1s that in the segmentation
procedure we start from the seed pomnts (which are
located in the crown) and move towards the roots to grow
the tooth region. So, mn the mandible we are moving
upwards and in the maxilla we are moving downwards.
Because we are segmenting the teeth in each jaw in
opposite directions we must first take them apart and then
perform the segmentation procedure on each of them
separately.

exists between the

Segmentation steps: There are three main steps. They aim
of the first step is to select the seed points also an initial
region growing is performed. In the second step most of
the region growing (segmentation) procedure is
performed. Tn the third step boundary regions degraded
due to the mean filter are also added to the teeth region.

Step 1: Here, we choose the mnitial seed points. All pixels
higher than Thl are marked as the seed pomts. As already
mentioned all these pixels will only be located m the
enamel of the teeth. Once the seed points have been a
minor region growing procedure 1s also performed. All
pixels which fulfill the following conditions are added to
the region: (a) their value is higher than Th4 (i.e., they are
bony tissue) and (b) they are in a neighborhood of
1 (in 3D space) from the seed points. In this step most of
the enamel will be segmented.
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Step 2: In this part most of the teeth will be added to our
region. The only remaming parts will be some pixels m the
outer and inner boundaries of the teeth whose values
have been lowered by the mean filter. For pixels to be
included i the tooth region in this step they must fulfill
the followmg conditions: (a) their value 15 higher than Th4
(1.e., they are bony tizssue) and (b) they have an already
segmented neighbor in the neighborhood of 1 in all
directions whose value 1z above Th2. If we are processing
the maxilla the z neighborhood 1s only regarded from the
bottom and in the mandible only the z neighborhood from
the top 1s processed. In other words the z neighborhood
1z one sided and depends on the structure (mandible or
maxilla) we are processing. The reason, as we stated
before is that since the seed points are in the crown we
grow our region from the crown towards the roots and to
do thiz it suffices to use the data of the last slice
processed and there is no need to use the mformation in
the next slice. It must be noted that this step 1s repeated
on the dataset until one of the 2 followmg conditions 1s
met: (a) the number of pixels added to the region in the
last iteration were less than 50 and (b) the dataset has
been iterated 10 times. Although in most datasets the
process stopped after 3-4 iterations the maximum number
of iterations has been selected as 10 as a precaution even
though this condition will never occur for nearly all

datasets. The reason of our precaution is situations in
which the teeth region might spread m the mandibular or
maxilla bone. Sunulated results showed that m cases
which this event occurs the iteration will continue for tens
of times adding false positive pixels (pixels wrongly
segmented as teeth) to the region. To prevent these pixels
to be added to the region we limit the number of iterations
thus limiting the mean error rate in cases which such
situations might occur.

Step 3: Because of the mean filter we used at the
beginning of the dental region separation procedure some
of the pixels which were on the boundary of the teeth
expertenced a reduction in value. This value reduction
prevented these pixels from being included in the tooth
region. Also there are always some pixels which are part
of the tooth but naturally have a lower wvalue than
expected. Pixels which met the following conditions have
been segmented mn this step: (a) their value 15 higher than
Th4 (i.e., they are bony tizssue) and (b) they are m a
neighborhood of 1 (in 3D space) from pixels already
segmented as teeth and they themselves have a mntensity
value higher than Th3.

The 2D results for 4 datasets can be shown m Fig. 7.
The wisualized 3D results will be shown after the
visualization procedure.

o°% 40 p QW ¢ oa
oa o

Tp -« I Begmming o

Fig. 7: 2D results of the segmentation procedure. Each row has 5 slices of a dataset from different locations. None teeth

tissue has been shown using gray color
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Threshold fine tuning procedure: At the beginning of the
segmentation section we explained why we chose Thl-
Th4. The initial values of these thresholds are based on
the anatomical knowledge of the teeth. Except for Th2 the
final value of the other thresholds 1s easily found. As we
said Thl 1s selected just below the value of the enamel.
The value of Th3 1s found by observing the boundary
pixels of teeth after the mean filter and Th4 is chosen so
that none bone tissue will be removed A slight error in
these thresholds is tolerable and is not critical in the
segmentation procedure since in the worst possible case
they will only create a minor number of false positive
pixels. But Th2 is different and very critical in the
segmentation procedure because if 1t has a value too low
we will get many false positive pixels and if we choose a
value too ligh we will have many false negative pixels
(tooth pixels which are not selected as teeth). The fine
tumng procedure 13 performed separately for the mandible
and maxilla datasets.

Tt must be clarified that for an acceptable
segmentation in each dataset Th2 has a range with the
following relationship: BL;<Th2,<BU, In which Th2, is the
acceptable threshold for dataset i, BL,; is the lowest
acceptable value for Th2, to have a successful
segmentation in dataset i and BU, is the highest
acceptable value for Th2;, to have a successful
segmentation 1 dataset 1. If Th2, 1s selected lower than BL.
unacceptable amounts of false positive pixels will be
added to the teeth region and if Th2, 1s lugher than BU;
many teeth pixels will be left out of the segmentation
procedure. If the region between BL, and BUj, 1s called R,
we can find a Global Region (GR) which has the following

property:
GR=R, nE,nR;n..nEk,

The bottom boundary for this region is chosen as the
final global value for Th2.

The fine tuning procedure is as following: We
umnplemented the complete algorithm using the C
programming language. Then for a number of our
datasets which were selected for the fine tumng
procedure we performed the following: we chose a very
high value for Th2 so no segmentation would take place
in step 2. We then lowered its value until the teeth were
segmented. We kept on lowering Th2 until we reached
an acceptable number of false positive pixels. The
value of Th2 was then recorded (BL,). We then moved to
the next data set. Since, we will use the bottom boundary
of the final global region as Th2 there 1s no need to find
BU

It

The final threshold used for Th2 was the maximum
value of BU’s recorded for the datasets. This threshold
was then used as the global threshold for the datasets.
Most of the datasets used in the fine tuning procedure
were the ones which had higher quality images and lower
amounts of metal artifact noise. Tt must be noted that
since the final value of Th2 was different from Th2
obtained for each dataset, all present datasets were used
in the final assessing procedure. The global value of Th2
is considered appropriate because correct results were
obtamed from datasets which were not used m the fine
tuning procedure.

Visualization: Once present images are segmented they
need to be visualized. Here, 2 kinds of mmages will be
produced. The first image only shows the teeth. This 1s
visualized using surface rendering. The second image is
a volume rendered image showing the teeth and other
bones with different opacities. Except for the optional
metal artifact reduction section which 1s semi-automatic all
other parts of the segmentation and visualization are
automatic.

For visualization an imtial iso-surface extraction
procedure is performed. The surfaces of the segmented
teeth are extracted from the volume. These have been
labeled as teeth in the segmentation procedure. To show
the teeth 1solated from other tissue we sunply render the
extracted surface of the teeth. For visualizing the teeth
with the bones volume rendering is used. In this part the
teeth are shown with complete opacity and bones are
shown with a low opacity and different color. By domng
this we can visualize the position of the roots with respect
to the bones they reside in. The final result for some of
this datasets can be shown in Fig. 8.

Metal artifact reduction: Here, we will ntroduce a novel
post processing segmentation procedure. This process
can only be used in places where the metal artifacts have
introduced false positive pixels. In pixels where the metal
artifact has degraded the image m a way that the algorithm
has produced true negative results this process cannot be
applied.

We will first explain the knowledge which tlus
method 15 based on then we will explain each block. As we
know the teeth are mostly elongated parallel with the
7 axis with a small cross section in the X-Y plane. In
contrary, teeth metal artifacts are spread as lines in the
X-Y plane which intersect in nearly one pomt which 1s the
source of the metal which has caused the artifact and they
only have a short length in Z. The length in 7 is equal to
the length of the artifact in Z which 1s small compared to
the length of the teeth. This can be shown in Fig. 9.
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Fig. 8: Visualized resultz of 4 jaws. Images in left column are surface rendered teeth and the images in the right column
are the teeth zhown with the bones uzing volume rendering

Fig. 9: Red arrows show metal artifactz in segmented image of maxilla. The two small parts shown with blue arrows are
partz of teeth from opposite jaw. They have been added to zhow the effect of the metal artifact reduction
algorithm on artifacts which lie directly above or beneath the teeth
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Using these near opposite characteristics of teeth
and artifacts we can implement a method to clear out the
metal artifacts We first find a weighted image of the
segmented teeth in the Z direction. What we mean by a
weighted image is an image in which the value of each
pizel is equal to the total number of slices in which the
corresponding pixel 1s segmented as being part of the
teeth, The reason the z direction is used is that the teeth
are elongated in the z direchion and the artifacts are not
elongated in this direction. The weighted image 15 amask
of the teeth where the pixels corresponding to the artifacts
are shown darker. Passing this mask through a threshold
filter we will get a secondary mask which does not have
pizels corresponding to artifacts in it This mask can be
used to remove artifacts in all slices. Figure 10 shows the
weighted image.

As it can be seen the place where the artifacts
were are darker than the teeth Now that we have the
weighted image we have to pass this image through a
threshold filter with multiple threshold walues. The
results are then wiewed and the image which has the
lowest threshold wvalue which does not have metal
artifacts in it is selected. This image will be used by the
systern  as the metal artifact reduction mask The
output images of tlus filter, for threshold values
between 3 and 8 can be shown in Fig. 11. The image
in Fig. 11e has been selected as the mask because the
metal arfifacts have been removed in it The value of the

threshold used was 8 Values higher than 8 can also be
used but they will cause more of the teeth pizels to be
removed.

Because the threshold filter has also removed some
of the pixels which might correspond to the teeth we
slightly dilate the selected mask to compensate for the
useful pixels that have been removed. The dilated result
of the selected mask can be shown in Fig. 12,

Now, we use the dilated image as a final mask to
reduce metal artifacts from all slices. To perform this
task all pizels in all slices of the segmented teeth which lie

Fig. 10: Weighted image of segmented dataset with
artifacts. Red arrows point to pixels
cotresponding to metal artifacts

Fig. 11: (a- f) The result of passing the initial mask through athreshold filter with thresholds 3-8
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Fig. 12: Final mask

Fig. 13: (a} Before and (b} after metal artifact reduction

outside the mask area are removed. The result of the metal
artifact reduction procedure can be shown in Fig. 13.

RESULTS AND DISCUSSION

Results were evaluated in terms of sensifivity,
specificity, precision, accuracy and relative overlapping
with the following definitions:

Sengitivity : True positive/{True positivetFalse
negative)

Specificity : True negative/(True negativetFalse
positive)

Precision : True positive/{True positive+False
positive)

Accuracy : (True positivetTrue negative)/Total
samples

Relative

overlapping : True positive/{True positivet+ Falge
negativet+False positive)

In which:

True pogitive : No. of pixels correctly segmented as
teeth tissues

: No. of pixels incorrectly recognized as
teeth tissues due to the failure of the
technique

Falze negative : No. of pixels of mizssed teeth tissues

True negative : No. of pixels correctly separated as non-

teeth tigsues

False positive

To calculate the accuracy the total samples were
calculated after image cropping {dental region separation).
Teeth were segmented by hand to be used as gold
standard. These were then compared with the results
obtained by the algorithm for evaluation.

Table 1 shows the results obtained for the datasets.
The average relative overlapping is 86%o and the average
segmentation time is 2.46 sec which is extremely fast.

The relative overlapping index was used to assess a
segmentation failure or success. A value above 0.85 was
regarded as success and a value below it a failure. In the
18 jaws processed we had 4 failures. All failures occurred
because of high metal artifacts. Of the 4 failures 3 of them
also had low quality images. As we will show in the
discussion section using the metal artifact algorithm we
can easily convert some of the failed segmentation into
successful ones.

In datasets with lower amounts of metal artifacts or
higher quality images the relative overlapping index was
above 90% with datasets which had high quality images
and little or no artifacts this was above 95%.

An overall analysis of the results showed that most
falze negative and false positive pixels were the result of
metal artifacts and/or low quality images. What we mean
by low quality imagesis images which have been digitally
zoomed for better viewing. In these images the overall
pixel intensity values are slightly lower than normal
images thus some of these pixels will have final values
lower than Th2 and will be missed in the segmentation
process. Metal artifacts can have three kinds of effects
which result in failures. The first effect causes false
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Tahle 1: Segmentation resulis

Jaw Mo, S enaitivity Syecificity Precision L ouracy Felative overlappine Segrmentation tirme {zec)
1 0o 099 099 099 0sn 1.551
2 074 094 0.56 IRk 047 5062
3 074 noe 0.2a 04 0ea 3.782
4 n.za 009 n.oa 0oy Q& 2172
5 o9 o9 098 oo ne7 3188
i 0o 009 0.94 0.oa neg 2563
7 Rela] noe 093 097 ned 3375
B 094 099 099 099 054 2156
9 093 099 099 099 083 2453
10 0es 099 nag 09 094 1.703
11 093 oo n.oa 0.oa 095 1.562
12 noe oo 0.os 0o a7 1.750
13 0oz 099 027 097 0Es 1.891
14 0.a0 099 0oz 0oz neg 2037
15 a0 099 0oz 0oz nee 1.828
16 099 099 0.9g 099 097 1487
17 077 099 097 09z 074 2953
18 0a7 099 0aa 099 09a 1.750
Arerage 0.a0 nog 0.24 0oy 026 24a0

Fig 14:{a) Faled segmentation due to an increase in false
positive pixels and (b)) result of metal artifact
reduction algorithim which turned the failure into
& SUCCESS

positive pizels because of a great increase in pixel
intensity values adjacent to the metal source. Forinstance
one ofthe faled segmentation can be shownin Fig 14 In
thiz dataset although the teeth pixels were separated
correctly but the metal attifacts caused an overall error

Fig 15 The effect of metal artifacts in preventing
pizels from being added to the tooth region. Blue
arrows point to the source of artifacts which are
two meta implants. Red arrow points to roots
which should have been added to the tooth
region

that created a falure. Although this cannot really be
caled a failure, because even if a Lewel Settechnique were
used these pixels would still have been incorrectly
segmented, unless the artifacts were removed. By using
the metal artifact reduction algonthm these faled
segmentation are easily converted to a success. The
complete metal artifact reduction procedure only took
859 msec forthis dataset.

The second effect metal artifacts have 15 in places
where the intensity value of pixels near the metal source
are highly reduced. In these cases since the algonthm
starts from the tip of the crown and mowves towards the
roots if a tooth has decreased pixel value in a single slice
the parts of the tooth after that slice wall no longer be
added to the region This can be shownin Fig 15 The

2042



S Applied Sel, 9 §T1): 208 1- 2044 2009

Fig léa:(a) Isclated teethin a failed dataset and(he) teeth
shown with hones from two different Wews. Eed
arrow points to a seed point crested because of

the kigh amounts of moetal artifacts

two metal im plants (shown with blue arrows) cavsed one
atid a half of the roots to be missed in the segmentation
procedure (red arro).

The third and most devastating effect that meta
artifacts can have sometimes ocours in extrem dy nolsy
images (metal artifact nodse). In these cases the meta
artifacts can increase the walue of none-tooth bones so
much that they swpass the seed poind threshold (Thi).
These pivels will then be selected as threshol ds and the
bote will wrongly be segnented as teeth In Fig 16 we
caty see such a case. The incorrect seed point caused the
matditle to be segm ented instead of teeth. Also the metal
attifacts had degraded a few slices of two of the teeth
preventing the roots of those teeth from heing father
segmetted Because the mandible was being segmented
we had the highest processing time for thi s dataset (about
5 sed).

The average segmenting time was 2.46 secona
2GHz processof). Thiz is wery fast in terms of
image processing.  In personal  communications
Eevhaninejad of & (2006) have stated that their al gorithem
executed i 15-20 min on a processor nawing at 3 GHz
(wlichis an average of 1150 sed). H oantal ab ef . (2008))
have also stated a similar timme. Jifwce, both of their
algoritton s were implemented using matlab and were
executed on computers with a higher processor speed
thaty ours we cannot know the read amount of increase of
speed in this algorithun. Using the current merticoned
values we cat see that presert algorithim performes moore
thaty 450 times faster than these algonithims The main
reasony for this tremendous increase in speed is the fact
that they hawve used level 2ot techii ques which are much
sl owr et than intensity based segm entation

Hosntalab ef &, (20057 have also proposed a metal
artifact reduction procedure which is based on a
butterworth filter. This will also perform wery slowly
because of the need to take the images into the frequency
dotain and back again As stated before this metal
attifact reduction algoritten ordy took 859 msec to ex enate
for the datset in Fig. 14 which is wery fast.

We were not able to compare the segmerntation
results of this adgorithem qualitatively with these studies
because they used different indexes to ewaluate their
al goritham.

CONCLUSION

Ith thiz study, arapid and atomoatic method for the
segmentation atd Wssalization of teeth has heen
proposed. Wewr techrd ques were proposed for separation
of tnatidible and maxilla, segmertation of teeth and metal
attifact reduction. The separation of the mandible and
maxilla was based on MIFP and a step like region
separating procedure. Teeth segmertati on was performed
using an intensity based region growing procedure. The
metal artifact procediure was based on a mask created from
the weightedimage of the segmerted teeth. The dgorithm
was evaluated using multiple datasets. Results showed
the algorithm had a high success rate and the average
titn & needed for segmentati ot was ordy 246 sec which is
extretnely faster than fredously proposed methods which
needed an average of 1150 sec to executs. The future
plang incdude finding a method to reconstruct images
degraded by meta artifacts,
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