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Abstract

If a person with carious lesions needs or requests crowns or inlays, these dental fillings have to be
manufactured for each tooth and each person individually. We survey computer vision techniques
which can be used to automatize this process. We introduce three particular applications which
are concerned with the reconstruction of surface information. The first one aims at building up a
data base of normalized depth images of posterior teeth and at extracting characteristic features
from these images. In the second application, a given occlusal surface of a posterior tooth with a
prepared cavity is digitally reconstructed using an intact model tooth from a given data base. The
calculated surface data can then be used for automatic milling of a dental prosthesis, e.g. from a
preshaped ceramic block. In the third application a hand–made provisoric wax inlay or crown can
be digitally scanned by a laser sensor and 3D–copied into a different material such as ceramics.
The results are converted to a format required by the CIM system for automatic milling.

Keywords: dental images, teeth, image processing, segmentation, range images, 3D reconstruc-
tion, computer vision
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1. INTRODUCTION

The need for automatic tooth restoration systems is currently
rising due to the growing public awareness of the toxicity
of hand–made amalgam fillings and the financial crisis in
public health care to be observed in may countries. Existing
dental chair–site equipment for tooth restoration still requires
a fair amount of precious time and manual contribution of
the dentist and is currently restricted to smaller inlays and

�
Corresponding author

(e-mail: paulus@informatik.uni-erlangen.de
This work was partially funded by “Deutsche Forschungsgesellschaft”
(DFG))

veneers.
An integrated “Digitized Dental Office”, as it is now com-

mercially advertised, which allows for a complete automatic
measurement of cavities and prepared teeth, and which then
automatically constructs the required inlay or onlay, is still
only a perspective for the future.

Automatic processing of dental images and automation of
complex and time–consuming dental tasks is of particular
interest for computer vision and computer science. This topic
offers a variety of scientific challenges; some of them will be
discussed in the following.

In prosthetic dentistry, the general problem in dental im-
ages is to reconstruct or estimate surfaces, even if there is
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incomplete input data in the images, such as in the case of
cavities which have to be filled and for which the surface
has to be modeled such that the estimated original shape is
approximated. It is desirable that the machine produces an
output for the computed data which can be used for automatic
manufacturing, e.g. of an inlay.
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Figure 1. Upper and lower jaw of a human. Each jaw is divided into
a left and a right half. Each half consists of 8 teeth. 1, 2: incisors, 3:
cuspids, 4, 5: bicuspids, 6, 7, 8: molars

We now briefly introduce the medical terminology to be
used in the following, and also describe the relevant anatomy.
The human jaws and the medical names of the teeth are
depicted in Figure 1. The complete upper surface used for
chewing of the back teeth is called the “occlusal surface”.
The high points on the occlusal surfaces of the back teeth
(posterior teeth or molars) are called “cusps”. The trenches
are called “fissures”. The silver filling traditionally used to fill
cavities is called amalgam. Restorations that are used on the
occlusal surface of the posterior teeth are called inlays. Inlays
are an alternative to amalgam fillings. The first, second, and
third molars, those are the sixth, seventh and eighth teeth from
the center of the mouth to the back of the mouth. They are also
called back teeth and have 4 or 5 cusps and thus two fissures
which are approximately orthogonal. The medical description
of the cusps for a first upper molar are shown in Figure 2.

In Sect. 2 we survey the work flow in a dental office
and relate the various steps to computer vision and computer
science problems. Industrial solutions already exist for auto-
matic manufacturing of tooth restorations made of ceramics.
We give some details and restrictions of those technical
systems which use optical measurements.

The state of the art of those fields of computer vision which
are related to surface reconstruction and that are relevant for
dentistry is described in Sect. 3.

The first step of automatization is a CAD–modeling of the
restoration. A system for a semi-automatic design of tooth
restorations is presented in Sect. 5 based on (Meller, 1996).
From a library of digitized intact tooth surfaces the most
suited model tooth is chosen in order to copy the missing
surface part from it. Before this can be done its shape is
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Figure 2. Position and description of the cusp tips and the coordinate
axes for an upper molar

fitted to the prepared tooth making use of image warping
techniques.

A major prerequisite for this approach is a library of
normalized intact tooth surfaces. In Sect. 4 we propose a
method based on (Wolf, 1994) to build up such a library for
posterior teeth and to extract features from the tooth surfaces
which are appropriate for a data base query.

An alternative step to automatization is the modeling of
a provisional tooth restoration by hand in wax and the auto-
matic milling of this restoration from a preshaped block of
ceramics. In Sect. 6 we present a system based on (Küppers,
1995): A laser sensor is used to measure 3D–data from inlay
models moulded in wax by a human operator and the 3D–
data are then converted to a commonly used CAD/CIM data
format. Sect. 7 concludes the contribution.

2. MANUAL AND SEMI–AUTOMATIC TOOTH
RECONSTRUCTION

Medical treatment of teeth mostly takes place in the dentist’s
office. In addition to the dentist himself, several people are
involved in this process. Whereas in the year 1913 such a
room looked as in Figure 3, today only the dentist and an
assistant will be in the room with the patient. The following
vision for forthcoming computer applications in dental care
illustrates the goals of future developments in this field:

“Imagine a dentist of the year 2000 deciding to
make a crown for a patient. After conventionally
preparing the cavity, an optical imprint of the
prepared tooth and the jaw is recorded with a
miniature camera and directly sent to the computer.
The image data is then transformed into 3D data.
The relation to the antagonistic teeth is calculated
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Figure 3. Dentist department of Leipzig university 1913 (from a
catalog of Reiniger, Gebbert & Schall, Erlangen 1913)

and the chewing movement is simulated with the
geometry of the other teeth. A model tooth from
a data base is projected into this environment and
adapted to the surface of the antagonist. Errors of
the manual preparation are automatically corrected
and the form of the tooth is optimized. After deter-
mining the material, a CNC–program is generated
and the crown is ground within a few minutes. The
insertion of the crown and the inspection can be
done during the same appointment. Only the dental
technician is left standing.” (Stoll and Stachniss,
1990)

However, although great progress has been done in this
direction (as we will show in Sect. 2), the dentist’s chair will
not be taken over by robots within the near future. Up to now,
computers have only fulfilled administrative tasks in dental
practices. They are now about to find their way directly into
the work flow of the dentist. Among medical expert systems
providing decision support for treatment planning, image
processing capabilities become more and more important.
Today, dentists can already use computer support for an
automatic evaluation of X–ray images, the measurement of
tooth root canals (Verdonschot et al., 1990; Youngson et al.,
1995), tooth root surfaces or marginal fits of crowns, inlays,
marginal leakages (Grieve et al., 1993; Youngson, 1992),
assisted reconstruction of fissures (Hirano and Aoba, 1995),
diagnosis of approximal caries (Heaven et al., 1994), etc. In
combination with tomographic imaging devices, computers
are used for planning of maxillo–facial–surgery (Keeve et al.,

1996), or in combination with X–rays and photographs for
planning of orthodontic surgery (Faulhaber et al., 1996). In
another application 3D images of wax wavers, based on the
absorption of light by a dispersive medium, are used to detect
malocclusion and other dental abnormalities (Laurendeau
et al., 1991).

The restoration of damaged teeth now offers another field
of work for computers in dental practices. Today, the common
way of reconstructing teeth with carious lesions are hand–
made fillings made of amalgam or composite materials, or
inlays, onlays and crowns made of gold or ceramics. The
demand for amalgam fillings is currently decreasing due to
its supposed toxicity, whereas tooth–colored restorations be-
come more popular. Composite materials can only be applied
to very small defects, but ceramics is suitable for restorations
of various sizes.

The traditional and still common way of manufacturing
dental restorations from ceramics takes at least two visits
at the dentist’s. First the tooth is prepared by the dentist
for an inlay insertion. Then negative imprints of the upper
and lower jaw are generated. Afterwards, a positive plaster
model of the jaw is modeled by a dental technician —
another person involved in the manufacturing process which
makes the procedure more expensive. In most of the cases,
the tooth surface is then manually reconstructed with wax
and precisely adjusted to the opposing teeth by simulating
the movements of the jaw with the help of a so called
articulator. The provisional wax inlay is then used to form and
manufacture the ceramic inlay. It has to be considered that
the size of the ceramic inlay shrinks during the firing process.
The remaining gap has to be filled with low viscosity luting
materials with reduced mechanical properties which decrease
the life–time of the reconstructions. The whole procedure
requires high training skills.

In order to reduce the manual effort, CIM–systems have
been developed which allow the fabrication and insertion
of restorations from ceramics in one appointment. The first
task to be solved is to replace the conventional hand–made
impressions by a technical method that generates a 3D–
representation of the relevant parts of the tooth in computer
memory. We will survey such methods as well as various
forms of representations in Sect. 3. The 3D–representation
then has to be analyzed to design the shape of the restoration
to be produced. This process still requires manual interactions
but it is strongly supported by the computer. The designed
shape is converted into a data format suitable for CNC–
machines that can grind the inlay from a preshaped block of
ceramics within a few minutes.

However, complex solutions which reconstruct the dam-
aged occlusal surface from simulated movements of the jaw
and usage of the opposite teeth for modeling the required
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surface, are not expected to be available for clinical use within
the next few years; neither are fully automatic systems to be
expected which require no human interaction or correction.

Dental restorations made of ceramics can be fabricated by
CNC–machines in great detail. The question remains how the
shape of the restorations can be determined. One possibility
is a CAD–modeling of the restoration on the screen, after the
prepared tooth has been scanned.

A system working this way is the CerecR system
(Mörmann and Brandestini, 1989). An optical imprint of the
prepared tooth is taken intraorally with a sensor that produces
range images of the tooth surface (see below, Sect. 3).
Whereas the shape of the inlay inside the cavity can be
calculated directly from the range data, the chewing surface
is shaped manually in a CAD system on the screen. The inlay
can then be ground by an NC–machine from a raw block of
ceramics. Usually the produced inlay needs some corrections
with a diamond drill to achieve a smooth continuation of the
original tooth surface and to fulfill the requirements of the
chewing process, which takes precious time and unavoidably
removes healthy substance from the tooth.

Two other systems have been published as patent descrip-
tions, although no physical implementation is known to the
authors yet. Both use affine transformations of a 3D–model
tooth to adapt it to the given tooth and they mainly consider
the production of crowns instead of inlays and onlays for a
given incomplete tooth surface (Rekow, 1993; Duret, 1988a).

Another method is presented in (Gürke, 1997) where a
deformable 3D tooth model is adapted to intact model teeth in
an energy minimizing process. It is planned to use this model
to restore missing surface parts in future developments.

The system advertised by Andersona promises a complete
digital dental office which consists of a camera mounted
on a flexible arm, an image analysis system, and a system
for manufacturing inlays to appear on the market in near
future. The camera device uses a LED to light the teeth
and to capture a 3–D image with an accuracy of 15µm. An
interactive procedure allows for the in–office fabrication of
inlays, onlays, and bridges.b

Most of these systems are based on a library of model
teeth. Explicitly represented features of tooth surfaces are
required to choose the best model tooth from such a library.

aAnderson, P. (1996). Digitizing the dental office: Economical 3-D imaging
that could change procedures. Advanced Imaging, pp. 76–77.
bDetails on the system and scientific statements about the accuracy and the
reliability were not available to the authors at the time of writing.

3. TOOTH RECONSTRUCTION BY COMPUTER
VISION

In this section we describe various methods for 3D–
measuring of tooth surfaces and different forms of represen-
tations. We also sketch directions of further processing of
the generated data. In the following we only briefly survey
the principles for visual measurements; a more complete
overview is given in e.g. (Faugeras, 1993). A comparison of
different optical and mechanical methods for measurement in
dentistry can be found in e.g. (Lappe, 1996). Some forms of
3D–representations of surfaces are presented; a thoroughfull
treatment of this subject can be found in e.g. (Faugeras, 1993;
Stevenson and Delp, 1993)

Methods to gain 3D information from objects exist in
different forms. Mechanical range sensors (Alcañiz et al.,
1996) used intraorally or on a plaster model may outperform
optical devices in accuracy. The focus of this paper are
computer vision techniques and no attempt is made here to
compare the different methods of data acquisition.

Optical methods can be discriminated as passive and ac-
tive processes (Jarvis, 1993): Passive optical sensors recover
depth or range information from gray–level or color images
of the teeth. In order to compensate for the loss of information
due to the projection geometry, several views have to be used.
One setup for such sensing is stereo vision. In fact, this is
the only technique of this sensing category which is currently
used in dental applications, e.g. in (Hellwig et al., 1995).
Since two cameras are needed for this approach, an intra–oral
application is rather complicated. Other disadvantages are the
required calibrated setup and the need of features which have
to be matched in the two stereo images; the latter may be
difficult in images of teeth which have neither texture nor
prominent line or point features.

Active visual range sensors apply specialized light sources
such as different colors, stripes or lines to the object. Depth
information is calculated by suitable mathematical methods,
usually based on triangulation. Laser sensors also belong to
this category of sensors.

For “structured light” and “Moiré algorithms”, a stripe pat-
tern of known stripe distance is projected onto the surface of
the tooth with a small parallax angle to an observing camera.
Range information is reconstructed from the distortion of the
stripes in the projected image (Wahl, 1986). A combination
of holographic and Moiré methods applied to tooth surfaces
is described in (Duret, 1988b). A very common principle for
3–D reconstruction is triangulation where an object is lit by
a ray and the reflection is recorded from another viewpoint.
From the disparities to a reference position the distance of
the object is estimated. To allow for accurate measurement
of an object, a laser can be used to light a single point
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which is then moved over the complete object. Since this
requires scan times of approximately 10 seconds per tooth,
an area sensor can be used and several laser rays are used
to light a line. More speed–up is possible using the “phase
measurement triangulation (PMT)” where the projected pat-
tern is modulated in phase and viewed from slightly varying
viewing positions. It can be shown that the phase shift is
proportional to the height of the object (Gruber and Häusler,
1992). In contrast to Moiré methods, the calculation of the
depth of each point does not depend on neighboring points
which minimizes measuring errors. This method is used in
the CerecR system (Mörmann and Brandestini, 1989). In this
system a telecentric optical system is used to measure the 3D
surface of the object. This means that the object is observed
from infinitum, yielding parallel optic rays and a mapping
without bias. In order to avoid reflections and to guarantee
clear stripes in the image, the teeth are prepared with titanium
powder prior to image acquisition. An accuracy in x–, y– and
z–direction of approximately 30µm is obtained with scanning
times of a fraction of a second. The sensor provides intensity
and range images with a resolution of 700 � 480 pixels. An
LED is used for lighting in the range of 840 nm. A typical
example of the images is given in Figure 4. The resolution in
depth is approx. 7 � 3 mm if 256 discrete range values are used.

Range images F � � fi j � 0 � i � M � 0 � j � N such as Figure 4 (bot-
tom) measured with one of the above mentioned methods
represent objects by discrete values at discrete locations:

fi j � f � x0 	 i ∆x 
 y0 	 j ∆y ��� (1)

Arithmetic operations on range images like rotation, calcula-
tion of derivates, curvatures and so forth, lead to the problem
of interpolating to values between these discrete locations.
After rotation, for example, of such data the discretization
grid will no longer be rectangular and the exact values can
not be stored in the form of (1).

One approach is to approximate the range data by trian-
gular patches as they are used in computer graphics. Tooth
reconstruction is one application of the system described in
(Häusler and Karbacher, 1997) which uses triangles with a
patch size adjusted to the local curvature.

A parametric surface fit of the range data facilitates an
analytic calculation of all desired properties and also requires
less storage than the raw range data or triangles. Especially
in areas with no abrupt changes, tooth surfaces can thus be
described elegantly.

So called NURBS (non–uniform rational B–splines) are
often used for modeling range data, e.g. in (Stoddart et al.,
1994). (Farin, 1991) and (Ritter, 1996) propose a new method
based on curved triangles for an accurate tooth surface model.
These two methods are well suited for visualization. The

Figure 4. Input data: gray–level image (top), range image (bottom).
The bright areas in the top and bottom of the range image correspond
to object points outside the depth range of the camera.

goal in our case is different: the complete 3–D model has
to be used to manufacture an inlay in ceramics using CNC–
machines. These devices can be controlled via standardized
interfaces; one of them is the surface model for the car indus-
try by “Verein der Automobilindustrie“ which is commonly
used (VDA–FS (DIN:Deutsches Institut für Normung e.V.,
1992), DIN 66301). This standard defines a data format for
the representation of surfaces for parts of automobiles; the
data format is suited for automatic configuration of produc-
tion lines. General parametric polynomials in u and v are used
here for surface representations with p and q as the maximum
order of u and v:

X � u 
 v ��
q

∑
k � 0

p

∑
j � 0

a jku jvk (2)

Y � u 
 v ��
q

∑
k � 0

p

∑
j � 0

b jku jvk (3)

Z � u 
 v ��
q

∑
k � 0

p

∑
j � 0

c jku jvk � (4)

The syntax defined in the standard is of minor interest here.
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In (Besl, 1988) the following bivariate polynomials are
used with great success for 3–D object recognition in range
images

g � n 
 C 
 x 
 y � � ∑
i

�
j � n

ci jx
iy j � n �

4 � 
 (5)

where g approximates the range values at x 
 y coordinates; x
and y are computed from the values fi j by a shift to the origin
and scaling, and the matrix C consists of the coefficients c jk
in Eq. 4. Other approaches to surface approximation can be
found in e.g. (Solina and Bajcsy, 1990). Generally, range data
has to be clustered to surface patches of varying size which
are then approximated by these polynomials.

When multiple views have to be combined to surfaces (as
in e.g. (Soucy and Laurendeau, 1995; Chen and Medioni,
1991)), the problem is how to register and fuse these images
and surfaces. A semi–automatic system for reconstruction of
tooth data is described in (Ozaki et al., 1987); reference points
for matching have to be marked by a human operator.

In addition to range information, technical devices such
as the CerecR system often also provide intensity images of
the object. Most well known image processing methods are
applicable for intensity and range images such as filtering,
segmentation, etc. which can be found in text books such as
(Paulus and Hornegger, 1995).

4. FEATURE DETECTION FROM OCCLUSAL
SURFACES

In the following we describe our first system for automatic
tooth restoration. The feasibility of this approach is demon-
strated with the first upper molar. For reconstruction of other
kind of teeth, few modifications would have to be done
to adapt the segmentation and normalization process. This
system is composed of two parts. The first part is used to build
a data base of intact tooth surfaces; the task of the second part
(Sect. 5) is concerned with the restoration process.

The range images used in this system were captured with
the CerecR sensor (Sect. 2). We apply a median filter to
eliminate noise of the image which result from the projected
grid. Contour points are detected in the gray–level image
which are then connected to contour lines (Sect. 4.0.1). The
enclosed area is used as a mask for the gray–level and range
image and separates the tooth data from the background. In
the range image the central fissure is detected. This line is
approximated by a 2D regression line in the x–y–plane and
one in the x–z–plane; the definition of the coordinate axes was
given in Figure 2. The maximal elevations on the cusps are
localized and used for a rotation of the gray–level image and
range data to a normalized position (Sect. 4.0.2). After a final

scaling step features are computed which serve as parameters
for the data base query on tooth surfaces.

Several features were tested for evaluating the robustness
of the segmentation algorithm compared to the results of
human evaluation by a dentist.

4.0.1. Segmentation
The aim of the segmentation process in our system is to sepa-
rate the tooth from its neighbors and from the background.
The Sobel–operator creates an edge image from the input
intensity image. The resulting normalized edge orientations
and edge strength values are used as input for the detection
of line segments based on a hysteresis threshold method
(Harbeck, 1996). The hysteresis threshold method starts with
high and global thresholds. Since line segments in at least
three corners of the tooth are expected to be sufficient to
determine the entire contour, the image is divided into four
quadrants. If no line segments could be detected in one
quadrant, a new line following process with locally adapted
thresholds is performed. All detected line segments are shown
in Figure 5. Line segments corresponding to contour lines of
the adjacent teeth, inside the tooth, as well as line occlusions
have to be discarded. In the next step the remaining line
segments are combined to a closed contour.

For this, the line segments are ordered according to their
position and curvature; intersections of line segments are
resolved. The completion to a closed contour is achieved
by dynamic programming. The approach is to find a contour
which maximizes the sum of the edge strength values in
the gradient image. The number of possible paths between
the end of one line and the beginning of another can be
reduced by restricting the number of possible transitions
while searching for the optimal path. This means that in case
of a horizontal gap you always have to move a step forward;
steps backwards and transitions up or down are forbidden.
This guarantees that all paths between two contour lines
have the same number of pixels, such that the sum of the
edge strength values can be used as a measure which can be
computed and compared in a simple and efficient way.

4.0.2. Normalization
For a dentist it does not cause any problems to distinguish
different teeth. Geometric properties like size, shape, number
of cusp tips, etc. are well suited to identify a special tooth. But
there might exist other not directly evident features which can
be used to identify or even to describe the surface of a tooth
with only few parameters. For determining those features and
to build up a data base of intact teeth it is helpful to have all
teeth in a normalized position. Since the disto–palatal cusp is
generally the lowest elevation on the molar (cmp. Figure 2),
we would like to have this cusp always at the same position
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Figure 5. Top: Detected line segments, black lines mark valid
contours, gray lines mark discarded line segments. For a better
visualization the line segments have been enlarged. Some segments
appear to be connected although there is a small gap between those
segments. Bottom: Closed contour superimposed to the intensity
image

in the image to facilitate feature extraction and comparison.

Figure 6. Position of the deepest points on the central fissure

A parameter which varies little among different images
in our application, is the camera position relative to the

object. In order to move the image into a reference position,
a translation and a rotation in three dimensions is required
resulting in six parameters.

One possibility is to use three rotational angles γ 
 β 
 α
around x 
 y, and z–axis and three translational vector com-
ponents. Three rotational angles are sufficient in our clinical
setup because the tooth is extracted from the image so that
translations do not occur. Translation as well as the correction
of distortions resulting from projection can be omitted.

With respect to the reference position, these angles have to
be chosen in such a way that they can be uniquely determined
in any image. The angles should be as small as possible,
since otherwise the effort for resampling the range image will
be considerably larger. For setting up a data base this is no
problem, but for a real–time application, as described in the
next section, where the model tooth and the damaged tooth
have to be in the same normalized position, this might be
a restriction. In our approach, reference information for the
normal position was obtained from the central fissure and the
position of the cusp tips. Whereas the course of the central
fissure is a unique and reliable feature, the position of the
cusp tips changes with the age and the abrasion of the tooth.

To determine the two rotational angles β and γ, the course
of the central fissure is searched in the range image and
then approximated by a straight line. The central fissure runs
between the four major cusps and marks the lowest points on
the occlusal surface. The alignment of the tooth in the x–y–
plane is done by its regression line.

A property common to all points on the central fissure is
that no neighboring point is lower. Anatomic knowledge of
the occlusal surface of the first upper molar guarantees that
the lowest point is usually located close to the oblique ridge
in the middle of the occlusal surface. Another low point is
located on the other side of this ridge. The position of these
two points is illustrated in Figure 6. The goal of the first step,
detection of the lowest points, is to find one of those points.

For this task we developed a mask operator which eval-
uates a measure for every point on the occlusal surface by
summing up the differences of the range values between the
current point fx � y and the other points fx

�
i � y �

j within the mask
of size 11 � 11. The point indicated by the minimum of these
values is used as the starting point for the detection of the
central fissure. The course of the central fissure in the range
image is again determined by dynamic programming. In our
application, a path inside the occlusal surface is searched
which is minimal with respect to the average height.

Searching for a minimal path for every allowed point
inside the occlusal surface yields a two–dimensional array
which contains the average height for an optimal path, in
sense of a minimal height, from the starting point to every
point inside the valid area. To determine the central fissure
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which runs across the occlusal surface, the outer points of the
allowed area are considered; only those points are possible
starting and ending points of the central fissure.

The search space is divided into four areas, two horizontal
and two vertical each. In each of them, a point is searched
which represents the path with the lowest height beginning in
the starting point. If one point is found in each of these four
sections, two more or less orthogonal lines can be determined
corresponding to the two fissures. If less than four points are
found, i.e., if only a starting point for a line is found, the
ending point is assumed to be in the opposite section and the
end point’s position is estimated.

Figure 7. Detected central fissure (top) overlayed with the regres-
sion line (bottom)

The rotational angles α and β can now be uniquely deter-
mined from the course of the central fissure, by calculating
the regression coefficient of the 2D regression lines in the
x–y–plane and x–z–plane.

By rotating the tooth by α in the x–y–plane, the position
can be normalized in a way that the computed regression line
runs parallel to the x–axis of the image. Rotating the tooth by
β makes it possible to set up the tooth in the x–z–plane.

The method for the detection of the cusp tips is based on
the idea that the four cusps of the tooth after normalization
are always located at the corners of the enclosed rectangle. To

determine the tip position we developed a two–stage method.
In the first step we compute the mean value in a 9 � 9 mask
which is moved across the image to determine local maxima
in each corner of the tooth. As a result we receive the pixel
coordinates mi � � xi 
 yi � T, 1

�
i

�
4, of the local maxima, as

well as the average height t̄i.
In the second step the position of the tips is evaluated

from the determined height and coordinates. For an exact
localization we use an area which is much greater than
the mask used before. To obtain this area we determine
all neighboring points with a height greater or equal to the
average height t̄i decreased by approx. 300µm. We calculate
the center of gravity for this area which is assumed to be the
tip of a cusp.

By restricting the difference between the mesio–palatal
cusp and the mesio–buccal cusp to a fixed value, the last
rotational angle γ can be determined uniquely from the height
of the cusp tips. Together with the rotational angles α and
β, all unknown positional parameters are now determined.
The original range data are rotated by these angles, i.e. the
rotation is discarded and the image is resampled by bilinear
interpolation between four neighboring values. For 3D rota-
tion it can happen that some areas after rotating are hidden
from other object points. It may also occur that points which
were hidden in the non–normalized image are visible in the
resulting image. In our specific application, these problems
will not occur because of the teeth’s shape and since the
expected rotational angles in our setup are small.

To determine the height on the sampling grid all points
have to be considered which lie close to it. In our application
we used a piecewise linear approximation of the tooth which
determines a first order regression surface for a set of points.
The height for every point on the sampling grid can be
evaluated from this plane.

After rotating the range image to a normalized spatial
position the image is resized to a fixed size. The positions
of the cusp tips are transformed according to the rotational
angles and the scaling factor and used as initial occlusal
features of the upper first molars.

4.0.3. Results
The number of samples was 60 images of intact upper molars
from 40 different middle Europeans, 15 to 30 years old, which
were used for the initial setup of such a data base. In the next
section we will show that even a small data base like this
can be used successfully for the reconstruction of damaged
teeth. Since teeth of different ethnic groups differ in size and
shape (Ozaki et al., 1987), the data base can be extended
with additional images according to the target group. To judge
the quality of the automatically detected cusp tips, 20 range
images, displayed on a monitor, were manually evaluated



3D Computer Vision for Tooth Restoration 9

by a dentist, twice. Although humans are not very good at
interpreting 2D displays of 3D images, it is a common way
to mark the specimen on a monitor, because often it is only
possible to take optical imprints. Additionally the effort of
setting markers directly on the specimen and extracting these
markers automatically from the acquired images is prone to
errors. The average distance of the manually marked position
of the cusp tips was 0 � 1 mm for the same images. Therefore
we used this human reproducible accuracy to compare the
results of an automatic and manual evaluation. In general
the comparison shows a good correspondence. The average
distance between the automatic and human evaluation was
approx. 0.17 mm. In 70% of the cases the distance between
the marked tip positions was less than 0 � 1 mm. A comparison
of the results is shown in Figure 8 (Sect. 4.0.3). More details
on this system can be found in (Wolf, 1994; Wolf et al.,
1996a; Wolf et al., 1996b).

Figure 8. Comparison of manually (white circle) and automatically
(black square) marked cusp tips

5. AUTOMATIC TOOTH RESTORATION VIA
IMAGE WARPING

In this section, we present RecOS, (Reconstruction of Oc-
clusal Surfacesa) (Meller, 1996), a method that makes use of
an intact chewing surface of a model tooth to determine the
chewing surface of an inlay, onlay or crown to be ground
by a CNC–machine e.g. from ceramics. The model tooth
can be chosen from a data base of range images based on
Sect. 4. Presently, no fully automatic selection of teeth from
the model data base exists.

The method uses the technique of image deformation to
provide a congruence between range images of the model
tooth and the prepared tooth such that the missing part
aGerman patent no. 19642247

is determined by the deformed model tooth. The image
deformation is defined by a number of pairs of mutually
corresponding feature points in both range images. Feature
extraction techniques including active contours (Kass et al.,
1987) are used to detect these points. A new approach for
contour–matching is proposed to match corresponding fea-
ture points of the two different teeth. The goal is to reduce the
amount of healthy material which has to be removed when an
automatically manufactured inlay is inserted into the prepared
tooth (cmp. Sect. 2).

The steps of our method are described in the following
sections: In order to copy range data from the intact chewing
surface of a model tooth the range images of both teeth are
made congruent by an image deformation of the model tooth
that is based on extracted feature points as control points.
In Sect. 5.1 we describe the detection of these points; in
Sect. 5.2 we show the matching of corresponding points in
both images which is a prerequisite of the image deformation
in Sect. 5.3. After copying the range data into the cavity, a
final height adjustment of the inlay surface ensures a smooth
transition between inserted and original tooth surface. Results
are discussed in Sect. 5.4.

5.1. Feature detection
The detection of the outer contour lines of both teeth as
one part of the required control points for the image defor-
mation step is performed in two steps. The first step is a
rough estimation of the centers and outlines of each tooth
in each range image. A ring–shaped mask with diameters
large enough to cover the tooth outlines of differently sized
teeth is moved across the gradient image of the range image.
The sum of the gradient values within the mask is associated
with the center pixel. Local maxima in the resulting image
of gradient sums represent possible tooth centers. The local
maxima are detected with a modification of the watershed
transformation (Vincent and Soille, 1991) that reduces the
number of detected regions by merging lower regions with
local maxima to higher ones as the algorithm proceeds. The
method allows to detect even the partly visible neighboring
teeth and prepared teeth with a sometimes incomplete outline.
From the detected tooth center we cast rays in each direction
and select the points with maximal gradient value on the ray
as a first estimate for a point on the tooth outline. Figure 9a
shows the ring mask at the three detected tooth centers
together with the contour estimation.

The second step uses the active contour or snake ap-
proach (Kass et al., 1987). In our application we chose a
number of N � 200 control points, also called snaxels, to
describe the shape of the outer contour line. Initial snaxel
positions are defined by the contour estimation resulting
from the first step. During the iterative energy minimization
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process, the snaxel positions are changed until the sum of
the gradients along the contour is maximized and the local
curvature is minimized. To define the external energy of the
snakes, noise in the gradient image of the range image is
ignored by just considering gradient values above a threshold.
The gradient image is blurred, inverted and superimposed
to the original range image. Therefore, by minimizing the
snaxel values in this image as the external energy, the slope
of the tooth leads naturally into the ditch that is formed by the
blurred inverted tooth contour gradient. Thus it is possible to
approximate the tooth outline and to span gaps in the outline
of the prepared tooth caused by a cavity. If necessary, larger
gaps can be spanned with user support semi–automatically.
The contours of the neighboring teeth can be used to define
the crucial approximal contact of the contour. Line crossings
of two neighboring contours cause the concerning snaxels
to be pulled to their tooth center. An example of a detected
outline is given in Figure 9b where adjacent snaxels are
connected with lines.

After extracting the tooth from the background, charac-
teristic feature points in the occlusal surfaces are detected.
Typical features of molars are the number and the positions
of the cusp tips as well as the shape of the fissures. Cusp tips
are detected as local maxima with an algorithm similar to the
one described in Sect. 4. In addition it can also be applied to
incomplete surfaces with missing cusps. Points of the fissure
which lie on the intersection of the fissure and a straight
connection between two adjacent cusp tips are detected by
searching for local minima on these lines. The positions of
the inner feature points for a prepared chewing surface are
shown in Figure 9c.

5.2. Feature Matching
The image warping technique to be applied in the following
is based on pairs of control points, in our case contour and
characteristic feature points of the model tooth and their
corresponding points in the prepared tooth. The problem of
correspondence is well–known from stereo–vision or motion
detection (Niemann, 1990). Our solution reduces the 2D
search problem to a 1D matching of the sequences of snaxels
obtained from the snake approach of Sect. 5.1. The contours
of two teeth of the same type (e.g. molars) are similar. This
similarity can be described by four criteria which are invariant
with respect to scale, translation and rotation. These criteria
are determined for each snaxel yielding four sequences of
measured data per tooth (Figure 10):

1. The distance ri from each snaxel to the tooth center M
2. The local curvature φi at each snaxel Pi � � xi 
 yi � T,

approximated by
φi � γi � γi

�
1 with γi � arctan yi

� yi � 1
xi

� xi � 1

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

(a)

(b)

(c)

Figure 9. Rough estimation of tooth centers and outlines (a) in the
gradient image, the refined contour (b) and characteristic feature
points inside the chewing surface (c).

3. The distance ci of each snaxel to the nearest cusp tip
4. The distance di of each snaxel to the nearest detected

fissure point

The aim of the matching process is to determine a mapping
of the snaxels maximizing a suited measure of similarity for
the sequences of measured data for the two teeth. The match-
ing process is subdivided into two steps. In the first step, the
displacement that maximizes the similarity of the two contour
lines is computed by searching for a displacement jmax =
argmax j rab

�
j � , where rab

�
j � denotes the correlation coefficient

of the sequences of measurement vectors ai 
 bi 
 i � 1 � � � N of
the prepared tooth and the model tooth contour, respectively.
The similarity criterion tab

�
j � � ∑N

i � 1 aib �
i

�
j � mod N can be

interpreted as a vectorial version of the cross–correlation
coefficient known from statistics.

In the second step, we apply a method originating from
speech recognition, “Dynamic Time Warping” (Niemann,
1990), to determine a nonlinear mapping of the contour
points. This method minimizes the summed up Euclidean
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Figure 10. Each snaxel of both teeth is associated with a 4D vector of normalized values. These vectors of both contours are mapped to each
other using cross–correlation and “Dynamic Time Warping”.

distances between measurement vectors of snaxels that are
mapped to each other. This minimization can be formulated
as an optimal path search in a 2D search space; the algorithm
is illustrated by an 1D signal in Figure 11. In our application
we allowed skipping or repeating single positions in the
mapping of the contours. Minimization over a restricted range
of possible mappings is achieved by dynamic programming.
A result can be seen in Figure 12 where the model tooth
is visualized inside the prepared tooth and corresponding
feature points are connected with lines.

Afterwards, the characteristic feature points inside the
occlusal surfaces are assigned to each other according to the
mapping of the contour points next to them. In case of feature
points hidden in the cavity area of the prepared tooth, the
assignments are omitted.

5.3. Image Warping and Height Adjustment
The pairs of control points can now be used to deform the
range image of the model tooth to achieve a congruence
of both teeth. A coordinate transformation g : g � x 
 y � �
� g1 � x 
 y ��
 g2 � x 
 y � � is performed where g1 and g2 are cal-
culated as scattered data interpolation functions based on
the control points. We use radial base functions known as
Hardy’s multiquadrics that have been successful applied to
image warping (Ruprecht and Müller, 1993). A resampling
of the range image follows. An example of a range image
of the deformed model tooth is shown in Figure 13a. The
area in the model tooth corresponding to the cavity can now
be copied into the prepared tooth. As positions of cusps and
fissures have been adjusted in both images by the image
deformation, the surface relief of the model tooth is very close
to the unknown original one of the prepared tooth. However,
an additional height adjustment step is needed, because the
image warping did not change the height values of the model
tooth. The height difference of the deformed model tooth and

1
2
3
4

0

1
2
3
4

0

0 1 2 3

Test signal

Reference signal

mapped test signal

slopemax

Figure 11. Nonlinear mapping of an 1D signal: Starting at the lower
left and ending at the upper right, the warping function defines
which position of the test signal is to be mapped to which position
of the reference signal. Whereas the mapping of the starting and
ending position is fixed, each position of the reference signal may
be mapped to the same position as its predecessor, to the next
or to the next position but one of the test signal. E.g. position 2
of the reference signal may be mapped to positions 1, 2 or 3 of
the test signal. In this case the minimum difference of the signal
values yields a repetition of position 1. A pointer is set back from
the position yielding the minimum, and only this optimal path is
remembered.

the prepared tooth at the cavity edge can be taken as a set
of control points for another 2D interpolation. The resulting
surface is an estimation of the difference between the surfaces
of the deformed model tooth and the unknown original one.
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Figure 12. The result of the feature matching process. The inner
smaller contour shows the feature points of the model tooth, the
outer one belongs to the visible range image of the prepared tooth.
Corresponding feature points are connected with lines.

The cavity is filled with height values which result from an
addition of the difference image and the values in the model
image. The result is a fully restored occlusal surface with a
smooth transition between the restored part and the tooth and
a natural continuation of the occlusal relief (Figure 13b).

5.4. Results
Our method was implemented in several modules of the
Khoros image processing system (Rasure and Young, 1992).
The image warping step takes about 300 seconds when the
whole image is deformed. If the deformation is restricted
to a local area around the cavity, much processing time can
be saved. The height adjustment depending on the size of
the cavity needs between 150 and 400 seconds. All other
processing steps require much less processing time. In order
to evaluate the quality of the achieved results, we tested
our approach with the following experiment: In ten range
images a dentist manually blackened appropriate areas in the
range images to simulate cavities of three different sizes (see
Figure 14). Then the data base of intact model teeth Sect. 4,
not including the prepared test teeth, was used to reconstruct
the damaged area of the teeth automatically. Afterwards the
results were compared with the original chewing surface.
Since a possible tilt of the inserted surface relative to the
original surface has been removed by the height adjustment
step the average height difference between the reconstructed
and the original surface part gives a good quality mea-
surement of the restoration. Depending on the size of the
cavity the mean height difference h̄ � 1

L ∑L
i � 1

�
zi � f � xi 
 yi � �

between the original surface zi and the computed surface
f � xi 
 yi � was within a range from 0 � 2 mm to 1 � 0 mm, where L
denotes the number of pixels inside the cavity. In comparison
with the mean height difference measured on CerecR–inlays
(Mörmann and Mattiola, 1996) the error could be halved.

Figure 13. The deformed model tooth, the restored tooth surface,
and the inlay.

6. TOOTH SURFACE REPRESENTATION

In the systems described in Sect. 4 and in Sect. 5 we used
the CerecR sensor. We now describe a system based on
(Küppers, 1995; Paulus et al., 1995). which used 3D data
captured by a high–precision laser sensor (Mehl et al., 1996).
These images — together with the transformation data of the
moving capturing device — are used to create a 3D range
map of the object. Surface patches of arbitrary order are fitted
to the range data and the object is transformed to normal
position. Surface patches were computed for the range data
as described by various authors (Besl, 1988; Besl, 1990;
Solina and Bajcsy, 1990). After resampling of the surface
data, the images are matched using maximum elevations and
derivatives at these locations. A 3D–representation of the
surface is created which is again approximated by patches and
represented in standard format suited for CNC machines. We
compare results for dental applications of 2nd and 3rd order
surface approximations.
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Figure 14. Range images manually marked with differently sized
cavities

Our approach shows how to obtain high–precision 3D
CAD–models of already existing inlay or crown restorations
which are manually created as wax models by the dental
technician (Sect. 2). The chain of automation for tooth re-
construction in this system thus starts at a later stage, than in
the two systems described so far.

6.1. Active Measurement
Tooth model as well as wax model are scanned outside of the
mouth to record 3D data. In order to improve the accuracy
of the 3D shape measurement and to overcome the prob-
lem of shading within the object’s surface, the provisional
restoration is measured in a two–step approach (Mehl et al.,
1996). First, the object is mounted on an actor (computer
controlled gonio stage) and measured at different tilt angles
and rotations around the vertical axis of the tooth with a high–
precision laser sensor using the triangulation principle. By
obtaining the profile of a light stripe at the speed of a video
frame of a CCD chip, the 3D–data are acquired within a few

seconds. The partial data sets are combined to one single 3D–
data set using the movement information of the actor refined
by matching the partial information using overlapping areas.
A second step is necessary due to the inaccuracies of the
translational information. To select only those points from
the data set for approximation which are useful for the re-
construction, a new test criterion is introduced. Thereby, even
rapid changes in depth can be modeled with high accuracy.
The resulting inlay can be manufactured in ceramics by a
CNC–machine. The sensor accuracy is 10 µm; the maximum
error for approximation is 4 µm (Mehl et al., 1996).

6.2. Surface Fitting
Our algorithm for surface approximation by a finite number
of surface patches has four input arguments: a set of 3D–
coordinates of possibly scattered points, the size of the rectan-
gular area to be approximated � px 
 py � , the minimal distance
ξ in z direction which a point belonging to the patch must
have to at least another point in the patch, and the maximal
tolerable approximation error δ; i.e. range data does not have
to be provided in a rectangular grid as in (Eq. 1, p. 5).

The size of the patch has to be chosen in such a way that a
reasonable number of data points can be found inside, in order
to allow for a stable estimation of the surface parameters. If –
on the other hand – the size of the patch is large and if many
points can be found inside this area, the approximation error
for this patch will be large.

In the first step we divide the x � y space into rectangular
boxes of fixed size px � py, and calculate a parametric de-
scription from the 3D–values inside these areas using Eq.(5).
Depending on the number of samples inside a cube, bivariate
polynomials of varying order are approximated using least
square fitting. In our application the maximal ξ has to be
chosen for each tooth separately as well as δ. For molars with
a patch size of px � py � 100µm a value of δ = 4µm turned out
to be a good choice. The resulting neighboring patches differ
considerably in their orientation at the borders (Figure 15, left
shows this effect for the projection on the x–z plane).

In order to smooth transitions between neighboring
patches, approximation of range values considers the sample
values in parts of the adjacent volumes as shown in Figure 16.
In addition to smoothing, this also increases the number of
sample points for the approximation (Figure 17). A higher
order polynomial or a smaller patch size can be chosen which
can represent even small details in the range image.

Additionally, the patch support px � py is reduced in size
for areas close to the border of the upper surface, resulting
in sizes from 350µm2 down to 70µm2. A “corner test” uses
the values of the reconstructed parametric surface fit at the
corners of the supporting rectangle. If these range value are
considerably larger (using a threshold) than the maximal z–
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Figure 16. Range for calculation of surface parameters

coordinate value or smaller than the minimum value, the
patch is marked “undefined”. Only in rare cases this leads to
elimination of correct values close to very steep descents.

The following functions were used for judging the approx-
imation error in a patch with L 3D–values � xi 
 yi 
 zi � T 
 1 �

i
�

L calculating the differences between sensor data zi and
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Figure 17. Patches with smoothing

computed surface values f � xi 
 yi � :

n fmax � max � �
zi � f � xi 
 yi � � 
 1 �

i
�

L � (6)

n f̄ � 1
L

L

∑
i � 1

�
zi � f � xi 
 yi � �

(7)

The error value n fmax is the maximal difference of a range
value to the approximating polynomial surface of degree n,
the number n f̄ is the mean difference of all range values.

Another function is used to measure the amount of outliers:
the value n f̄δ is the mean difference for the range values which
lie in patches with a surface–fit–error smaller than δ:

P : ��� i �
1

�
i

�
L;

�
zi � f � xi 
 yi � ���

δ �
n f̄δ � 1

�
P

�
P

∑
i � P

�
zi � f � xi 
 yi � � � (8)

Table 1 lists results for six teeth where in (8) a δ of 4µm is
chosen; the small differences between n f̄δ and n f̄ show that
the occurrence of large errors is very rare, and the limit of
4µm is much smaller than the sensor noise of 10µm. Large
values of n fmax can be found only at borders of the object and
could be eliminated by the corner test as can be seen from the
small value of n f̄ .

The best results were obtained with polynomials of degree
3 and 4 with a parameter range of 120µm2. The mean approxi-
mation error was 2 � 4µm. The error reduction by the use of the
restrictions described above is obvious from the differences
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Order 1 Order 2 Order 3 Order 4

Tooth 1 fmax
1 f̄ 1 f̄δ

2 fmax
2 f̄ 2 f̄δ

3 fmax
3 f̄ 3 f̄δ

4 fmax
4 f̄ 4 f̄δ

z0 4303.7 5.6 3.2 2824.7 3.5 2.7 54.5 2.6 2.5 48.6 2.5 2.4
z1 2194.0 5.1 3.2 356.9 3.1 2.7 68.2 2.7 2.5 25.8 2.5 2.4
z2 9127.8 7.7 3.0 22200.1 12.3 2.5 5606.0 5.7 2.3 224.0 3.2 2.3
z3 1322.1 7.8 3.0 10120.1 9.1 2.6 1971.5 3.7 2.4 698.1 5.2 2.2
z4 61.1 5.1 3.0 43.1 3.5 2.6 37.5 3.1 2.4 245.0 3.0 2.4
z5 46.3 4.8 3.1 34.3 3.1 2.7 14.1 2.6 2.4 351.1 4.2 2.5

Table 1. Approximation error for six teeth using polynomials of different order. All units in µm.

of n f̄ and n f̄δ. Computation time however grows quadratically
with the number of parameters. Figure 18 shows some results
on real teeth. The calculated surface was resampled to range
images for visualization.

(a) Varying order ap-
proximation without
smoothing

(b) First order ap-
proximation

(c) Varying order
approximation (gray
shading)

(d) Varying order ap-
proximation(mesh plot)

Figure 18. Tooth surface. White spots mark undefined patches

6.3. Data Fusion
The range data from several views are now fused to a
complete 3D–model of an object. The fusion and matching

is performed on resampled range data. The final 3D–model
is again represented as parametric surface patches. Image
registration is done with a system described in (Neugebauer,
1991) which requires input data sampled in a rectangular
grid. Range data are thus resampled from the computed
surface patches of the single views. One view is chosen as a
model of the object. All other views are then matched against
this model. Matching is done using a Levenberg–Marquard–
algorithm. Distance is computed pixelwise for all known
corresponding points in model and object. The algorithm
minimizes the mean distance of the surfaces.

The normalized and matched views are now integrated
to a complete model, using the calculated transformation
parameters. This model is again approximated by parametric
surfaces.

6.4. Results
The system was tested with several different objects in addi-
tion to teeth. Results are shown in Figure 19. The white spots
inside the hole are occluded areas not visible to the sensor and
could be filled with interpolated values. If the dentist knows
about this property of the system, appropriate preparation can
avoid this behavior.

Original range data were recorded with 5122 floating point
values. Usually, 10 images were used for the construction
of a complete 3D–model. A typical surface reconstruction
uses approximately 3000 surface patches. For each patch,
the parameter vector consisting of p 
 q 
 aik 
 bik 
 cik 
 1 �

i
�

p 
 1 �
k

�
p as well as the range for the patch is stored

as required by Eq. 2–4. The data format is defined by the
VDA–FS standard (DIN:Deutsches Institut für Normung e.V.,
1992). For a typical tooth this requires approx. 540 Kbyte
storage.

7. CONCLUSION

Computer vision and computer graphics become more im-
portant in dental care as computers are used not only for
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Figure 19. Parts of a tooth with a preparation for the restoration of a
cavity (top left, top right). Finite element graphics (bottom). White
spots mark undefined patches.

administrative tasks but for diagnosis based on medical im-
ages and for the design of dental prostheses as well. After
introducing existing systems for automatic tooth restoration
we presented two own systems as further improvements. A
library of digitized intact tooth surfaces can be built by image
processing methods that extract features from the surfaces; a
most suited model surface for a given prepared tooth can be
selected by the human operator. Further work is required to
find distance measures of tooth features that can be used to
automatize this selection.

Image warping is used to adapt this model surface to the
given one to determine the shape of a dental prosthesis. As
an alternative, a provisional wax inlay can be 3D–copied into
computer memory. In both methods the computed data serve
as input for the grinding of the prosthesis from ceramics by
CNC–machines. Until now the accurate fit of automatically
calculated NC–fabricated inlays within the cavity – an issue
not covered by the described methods – is still a problem
to be solved. The 3D modeling of the complex chewing
process of both jaws has not yet been simulated on computers

satisfactorily as well. The dental assistant in contrast can use
a physical device for the simulation of the jaw movements.
These are issues yet to be solved in future research. Therefore
the second method we described might produce inlays with
higher quality for the moment. But it obviously has a lot
of disadvantages compared to the first method: the physical
imprints of the jaws, the time–consuming task of manual
modeling by the dental assistant and the time delay of the
insertion in a second appointment only.

Although the systems shown in the previous sections have
not been fully combined to a common system yet, they
indicate the direction for further research and development
which will improve and speed up dental work. In principle,
CNC machines as well as new material for inlays and onlays
can be used in combination with computer vision to build a
complete automatic system in the near future.

In consideration of the ongoing process of automatization
in this area we hope that future developments will still respect
the experience of human experts and may lead to lower
costs for dental restorations and thus enable more people to
improved dental care.
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DIN:Deutsches Institut f ür Normung e.V. (1992). CNC-Maschinen
/Num. Steuerung. Beuth.



3D Computer Vision for Tooth Restoration 17

Duret, F. (1988a). Method of making a prosthesis, especially a dental
prosthesis. Technical report, United States Patent Nr. 4742464.

Duret, F. (1988b). Method of making a prosthesis, especially a
dental prosthesis. Technical report, United States Patent Nr.
4742464.

Farin, G. (1991). NURBS for curve and surface design. Philadelphia
Society for Industrial and Applied Mathematics.

Faugeras, O. (1993). Three–Dimensional Computer Vision – A
Geometric Viewpoint. MIT Press, Cambridge, Massachusetts.

Faulhaber, D., Ranganath, S., Weierich, P., Sim Heng, O., Kassim,
A. A., and Kuen Fui, L. (1996). Registration of lateral X-rays
and photos for orthodontic surgery. In ICARCV’96, The Fourth
International Conference on Control, Automation, Robotics and
Vision, Vol. 2, pp. 768–772, Westin Stamford, Singapore.

Grieve, A. R., Saunders, W. P., and Alani, A. H. (1993). The effects
of dentine bonding agents on marginal leakage of composite
restorations–long-term studies. Journal of Oral Rehabilitation,
20(1), 11–18.
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Mustererkennung (Informatik 5), Universit ät Erlangen–N ürn-
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