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Abstract

This paper describes how to automatically extract the pres-
ence and location of geometrical irregularities on a surface
of revolution. To this end a partial 3D scan of the workpiece
under consideration is acquired by structured light ranging.
The application we focus on is the detection and removal of
burrs on industrial workpieces.
Cylindrical metallic objects will cause a strong specular
reflection in every direction. These highlights are com-
pensated for in the projected patterns, hence ’adaptive 3D
scanning’.
The triangular mesh produced is then used to identify the
axis and generatrix of the corresponding surface of revo-
lution. The search space for finding this axis is four di-
mensional: a valid choice of parameters is two orientation
angles (as in spherical coordinates) and the 2D intersection
point with the plane spanned by two out of three axis of the
local coordinate system. For finding the axis we test the cir-
cularity of the planar intersections of the mesh in different
directions, using statistical estimation methods to deal with
noise. Finally the ’ideal’ generatrix derived from the scan
data is compared to the real surface topology. The differ-
ence will identify the burr.
The algorithm is demonstrated on a metal wheel that has
burrs on both sides. Visual servoing of a robotic arm based
on this detection is work in progress.

1. Introduction

The speed and ease at which objects can be digitized has
evolved substantially during the last few decades [4]. Nev-
ertheless the use of 3D scanning for the automation of in-
dustrial robotic manufacturing remains rather limited. The
latter might be explained by the hard to scan objects en-
countered in these environments, and the altogether still
limited level of automation of the 3D acquisition process.

Figure 1. Left: robotic arm and test object used;
right: range scan of test object with specular re-
flection compensation.

This work demonstrates a first attempt to progress into
automated robotic control by using inexpensive structured
light scanning.
First by the use of adaptive structured light we combine
cheap and robust scanning of possibly metallic objects.
Specular reflections make cylindrical metallic objects vir-
tually impossible to scan using classical pattern projection
techniques. A highlight due to the projector will almost al-
ways be cast directly into the camera. In order to avoid
this infamous over- and under-saturation problem in the im-
age we propose adaptive structured light. Based on a crude
estimate of the scene geometry and reflectance characteris-
tics, the local intensity ranges in the projected patterns are
adapted.
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Secondly, based on the resulting scans, we will automati-
cally locate artefacts (like burrs on a metal wheel) on the
surface geometry. The longer term perspective is to use this
localisation data for visual servoing of a robotic arm, which
can operate a manufacturing tool to correct the workpiece.
In a first stage we focus on burr detection on a surface of
revolution. To do so, the axis of this object and correspond-
ing generatrix should be determined automatically from the
data. Next a comparison of the measured surface topol-
ogy and the generatrix will allow to identify the burr. It
is primordial for our algorithm to be fast. The scanner can
already deliver its data on-the-fly. Online robotic control
however can be only achieved if high speed and low latency
is at hand in the entire control loop.

Work on the reconstruction of the axis and generatrix of
a surface of revolution based on 3D data points has been
done already on beforehand. Qian and Huang [14] use a
uniform sampling over all spatial directions to find the axis.
This direction is chosen where the intersection of the tri-
angular 3D mesh with planes perpendicular to the current
hypothesis for the axis best resembles a circle. This is done
by testing the curvature between the intersection points (de-
fined as the difference between the normals divided by the
distance between subsequent 2D vertices), which should be
constant for a circle. Here, a similar technique is used, but
the difference is that their data has to beε-densely sampled,
meaning that for anyx on the reconstructed surface there is
always anxi on the mesh such that‖ x − xi ‖< ε for a
fixed positive numberε. In other words, data points have to
be sampled all around the surface of revolution. In our case
however, the data is partial: only one side of the object is
given.
Pottmann et al. give an overview of methods based on mo-
tion fields in [5, 6], requiring the solution of a generalized
eigenvalue problem.
Orriols et al. use Bayesian maximum likelihood estima-
tion [13]. In their work a surface of revolution is modeled
as a combination of small conical surfaces. An iterative pro-
cedure is suggested where the axis parameters are estimated
first, then the generatrix is estimated. Using the latter they
make a better estimate of the axis, then again the generatrix
etc. Their main interest is a precise reconstruction of the
surface of revolution, not the application of an online esti-
mation procedure. The complexity of the algorithm is not
discussed in the paper either, but seems to be too high for
our application.

The rest of the paper is organized as follows: section 2
gives an overview of the structured light scanning. Section 3
discusses the axis localisation, and section 4 the burr detec-
tion. Results are shown in section 5 and section 6 explains
future work.

Figure 2. Top left: incomplete reconstruction due
to camera oversaturation. Top right: corrected
planar geometry using our technique. Bottom:
crossection for the line indicated above. One can
see the artefact due to level clipping, the circular
hole is due to the mirror reflection of the projector.

2. 3D scanning using adapted structured light

Before we explain how to do axis retrieval and burr de-
tection it is instructive to give a concise overview of the
’adapted structured light’. More details can be found in [9].

Pattern projection allows for fast and reasonably accu-
rate acquisition of 3D data. As only consumer grade hard-
ware is needed (a data projector and a camera) the tech-
nique is also inexpensive. No fragile moving components
are present either. However specular reflection (on metal-
lic objects) results in oversaturation in the highlight area, or
undersaturation in the other areas if one tries to compensate
the highlight by reducing the light intensity. Interreflections
and scattering will make that even for binary patterns not
only the pixels in the image resulting from fully illuminated
parts of the pattern are affected, but the pattern will rather
be ”washed out” in a complete area. In case sequential codi-
fication (see [7]) based on binary or Gray codes is combined
with interferometry [3] artefacts tend to occur even sooner.
As interferometry uses shifted 2D sine wave patterns, local
over- or undersaturation will make that the reflected sine
patterns will be clipped at the saturation level of the cam-
era. A strong periodical artefact occurs, see fig. 2.

To overcome this problem a two step approach is used.
First, a crude estimation of local surface geometry and re-
flectance properties are made. For the geometry a robust,
and low resolution time coded approach is applied. Ex-
tended filtering removes data with too much uncertainty.
Missing geometry is interpollated using thin plate spline
surfaces. The reflectance properties are taken into account
on a per pixel basis by modeling the path from camera to
projector explicitly. The test patterns needed for this are
submerged in the sequence of shots needed for the geome-
try.
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Figure 3. Left: reconstruction with and without
taking surface reflectance into account. Right:
uniform sine pattern and plane white illumination
as seen from the camera.

Next, a per pixel adapted intensity in the projection pat-
tern is used to force the reflected radiant flux originating
from the projector within the limited dynamic range of
the camera. On the photometric side, nonlinearities and
crosstalk between the color channels are modeled for both
the camera and projector. The outcome still is a very low
cost system, based on one normal camera and one LCD pro-
jector, that can deal with a wider category of objects. Figure
3 illustrates the result on a metal wheel, which will be used
as the example throughout the remainder of this paper.

A similar adaptive strategy was presented in earlier work
(see [12]) for real-time single frame reconstructions.

3. Axis reconstruction

After having explained how the mesh is generated, the
mesh data will now be analyzed. First, the axis of the cor-
responding surface of revolution is to be estimated. After-
wards we detect the geometrical anomaly (see section 4).

3.1. Overview

We reconstruct the axis of the surface of revolution cor-
responding to the triangular mesh. The data points are not
sampled uniformly around the axis. Determining the axis is
a 4D optimisation problem. A possible choice for the pa-
rameters is the angleφ with theZ axis, the angleθ with the
X axis in theXY plane, and a 2D point in theXY plane.

A well chosen selection of all possible orientations of
the axis is tested. Which ones is explained in the next para-
graph, first we explain how the testing is done. For each of
the orientations, construct a group of parallel planes perpen-
dicular to it. Along the line defined by that orientation there
is a line segment where planes perpendicular to it intersect
with the mesh. The planes are chosen uniformly along that
line segment (see fig.4)
Test the circularity of the intersection of those planes with
the mesh (as explained in more detail in subsection 3.2), let
the resulting error bef(θ, φ). Retain the orientation cor-
responding to the intersections that best resemble circles.
This orientation is an estimate of the axis orientation and
hence determines two out of four parameters of the axis.

Figure 4. Determining the orientation of the axis.

First, consider all possible orientations the axis can
have (2D:θ andφ). Sample them in a uniform way (see
fig.5). To sample points uniformly on the surface of a
unit sphere it is incorrect to select spherical coordinatesθ
and φ from uniform distributions, since the area element
dΩ = sin(φ)dθdφ is a function ofφ, and hence points
picked in this way will be closer together near the poles.
To obtain points such that any small area on the sphere
contains the same number of points, chooseθi = iπ

n and
φj = cos−1( 2j

n − 1) for i, j = 0...n − 1 Test each of the
orientations and keep the one with the minimal error: call it
f(θ∗, φ∗).

Secondly, use steepest descent to diminish the error fur-
ther: the estimate just obtained has to be regarded as an ini-
tialisation in order to avoid descending into local minima.
Thus, its sampling is done very sparsely, we choosen = 3
(9 evaluations).
Gradients are approximated as forward differences (of the
orientation testf ) divided by the discretisation step∆θ. We

choose∆θ = ∆φ = π
2n . Then

[
θi+1

φi+1

]
=

[
θi

φi

]
− s∇f with

θ0 = θ∗, φ0 = φ∗ and s the stepsize, chooses = ∆θ
‖∇f‖2 .

If f(θi+1, φi+1) ≥ f(θi, φi) then s was chosen too big:
sj+1 = sj

2 until the correspondingf is smaller. If it does
not become smaller after say 5 iterations, stop the gradient
descent.
Then do a second run of steepest descent, using a smaller
discretisation step:∆θ = π

2n2 , using the same step size and
stop criterium. The result can be seen in fig.6.

In this way, determining the axis orientation takes about
30 evaluations off . Gradient descent descends only slowly
into minima that have very different medial axes, therefore
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Figure 5. top: non uniform point picking φj = jπ
n

,
bottom: uniform point picking φj = cos−1( 2j

n
− 1)

using Levenberg-Marquardt might seem a good idea. Un-
fortunately, each Levenberg-Marquardt step requires com-
puting a Newton Rapson stepsize, and thus the computation
of the hessian off . To approximate each hessian using for-
ward differences five costly evaluations off are necessary,
and even then the stepsize is to be determined as a line min-
imum, requiring even more evaluations off in each step
size. In this case, the problem is more or less symmetrical
for θ and φ (as can be seen in fig.10), therefore gradient
descent converges reasonably fast.

The test on circularity returns the center and radius of
the best circle that can be fitted to the data. Therefore the
other two parameters of the axis—determining the location
in space—can be estimated from those circle centers that
come as outputs of the best axis orientation retained. (for
more detail in the subsection 3.2)

3.2. Algorithm details

In a first step a quality number for each selected (θ,φ)
pair is computed, and the best of those orientations is se-
lected. Since this is the part of the software that is most of-
ten evaluated, it is likely to be the bottleneck on the trough-
put. Therefore an estimation of computational cost is ap-
propriate here.

Let V be the number of vertices of the mesh, andT be
the number of triangles in the mesh.

Figure 6. Axis detection result: estimated circles
in red, mesh points in black, intersection points in
green, circle centers in blue in the middle.

For each (θ,φ) pair to be tested:

1. Consider the plane through the origin perpendicular to
the direction chosen, which can be written using spher-
ical coordinates as:cos(θ)sin(φ)x+sin(θ)sin(φ)y+
cos(φ)z = 0.
Compute the distancesdj from the verticesj to that
plane dj = cos(θ)sin(φ)xj + sin(θ)sin(φ)yj +
cos(φ)zj .
This step (computingdj) requires5V flops and four
goniometrical evalutions. The aim is to test the inter-
section of these planes with the mesh for its circularity,
as is explained later on.

2. ConstructP + 1 parallel planes parallel to that plane,
for P a small number, e.g.P = 10 (see fig. 4):
cos(θ)sin(φ)x + sin(θ)sin(φ)y + cos(φ)z−Di = 0
for i = 0...P . ChooseDi such that the planes are
spread uniformly in the region where they intersect
with the mesh: let∆D = maxj(dj)−minj(dj)

P then
D0 = minj(dj) andDi = Di−1 + ∆D for i = 1...P .
This requires the calculation of two extrema overV .

3. We will now determine in between which two con-
secutive planes each vertex falls, calling the space be-
tween planei and i + 1 layer i. For each vertexj,
calculatelayerj = bdj−mini(di)

∆D c. Hence, vertexj
is in between the plane with indexi = layerj and
i = layerj + 1. This requires2V flops,V floor eval-
uations. Note that there are nowP − 1 intersections
between the mesh and the planes to be checked for cir-
cularity, since the plane with indexi = 0 and the plane
with index i = P intersect the mesh in only one ver-
tex: the one with the minimumdj for the former and
the one with the maximumdj for the latter.

4. For each triangle in the mesh: Leta equal the average
of the layer numbers of the three corners of the trian-

4



Automatic burr detection on surfaces of revolution based on adaptive 3D scanning. Submitted for review to 3DIM2005

gle. If the result is not an integer (and thus not all the
layer numbers of the three corners are the same), then
the triangle is intersected by the plane indexedbac+1.
In that case, rotate the triangle over−θ around the z
axis and−φ around the y axis (rotate(θ, φ) back to the
z axis). Triangles are considered small, hence omit cal-
culating the intersection of the plane with the triangle
but use the average of the corner values instead. Con-
struct a bag of 2D intersection points for each plane.
Then add the x and y coordinate of the average corner
coordinates to the bag corresponding to the intersected
plane. This costs 3T flops, T tests which if successfull
each take 8*3+6 flops more. Hence,≈ (3T +30P

√
T )

flops andT tests.

5. For each of the bags fit a circle through its intersec-
tion points. A non-iterative circle fitting algorithm
is used as desribed in [8], minimizingF (a, b, R) =∑n

k=1[(xi − a)2 + (yi − b)2 − R2]2 =
∑n

k=1[zi +
Bxi + Cyi + D]2 with zi = x2

i + y2
i , B = −2a,C =

−2b, D = a2 +b2−R2. Differentiating F with respect
to B,C and D yields a linear system of equations, only
using13n + 31 flops withn the number of 2D points.
The initial mesh is a noisy estimate, we deal with that
noise using a RANSAC scheme (for an overview see
[11]) over the intersection points to eliminate the out-
liers in the set of intersection points. RANSAC can be
used here because most of the points will have little
noise, and only a small fraction of them is very noisy
(like the burr). The following algorithm determines the
number of iterationsN needed. Lets be the number of
points used in each iteration, using a minimum yields
s = 3 (a circle has three parameters). Letε be the prob-
ability that the selected data point is an outlier. If we
want to ensure that at least one of the random samples
of s points is free from outliers with a probabilityp,
then at leastN selections ofs points have to be made
with (1 − (1 − ε)s)N = 1 − p. Hence, the algorithm
for determiningN :

N = ∞, i = 0, while N > i

• Randomly pick a sample (three points) and count
the number of outliers

• ε = number of rejectedpoints
number of points

• N = log(1−p)
log(1−(1−ε)s)

• incrementi

Applying this to the wheel data yields:
tolerance[mm] 2.5 1.7 .83 .42 .21

% rejected 6 8 16 46 61
dNe 3 4 6 28 73

As the noise level is in the order of magnitude of 1mm,
5 RANSAC iterations will do. In each iteration, take
3 points at random and fit a circle through these points

using the algorithm described. Determine how many
of all the points lie within a region of 1mm on each
side around the estimated circle. After the iterations,
use the circle estimate corresponding to the iteration
that had the most points inside the region to remove all
points outside this uncertainty interval.
Since the number of iterations and the fraction of the
data used is small, the computational cost of the itera-
tions can be neglected. As can be seen in figure 1 the
data is rougly outlined on a rectangular grid. Since the
triangles in the mesh have about equal size, the num-
ber of triangles intersected by a plane is in the order
of magnitude of the square root of the total number of
triangles. Hence, removing the points outside the tol-
erance interval costs≈ P (8

√
T ) flops and≈ P

√
T

tests.
Afterwards run the circle fitter algorithm on all points
but the removed outliers: this step costs≈ P (13

√
T +

34) flops, and two extrema overP which can be ne-
glected sinceP � V .

6. To measure the quality of this orientation: after esti-
mating the circle, compute the distances between each
intersection point and that circle. Average over all the
intersection points in a circle, and over all circles. Re-
turn the result as the quality number.
See section 5 for results.

Approximating cost of computing the two extrema over
V and the floor overV as3V flops, this brings the cost of
the algorithm on≈ 10V + 3T + P (51

√
T + 34) flops and

2(V − 1) + T tests.
For every triangulationT = Vo + 2Vi − 2 with Vo the ver-
tices at the edges of the mesh, andVi the vertices inside the
mesh (V = Vi + Vo). Starting from empty data structures,
the first triangle is only constructed at the third point, hence
”−2”. Every point that is added outside this triangle adds a
new triangle, hence ”Vo”. Every point that is added inside
one of the triangles divides that triangle in three, or two tri-
angles are added, hence the ”2Vi”.
This however is only valid for meshes that consist of only
one triangulation strip. Otherwise, the formula is only valid
for each strip. In our case, most meshes are built up as a
single strip.
Again approximating the mesh as a square deformed in
three dimensions, the number of vertices in the mesh is
about the number of vertices along one of the sides squared.
Therefore, approximatingVo as4

√
V andVi asV −Vo, the

cost becomes≈ 16V −12
√

V +51
√

2P
√

V − 2
√

V ) flops

and4(V −
√

V ) tests, hence O(V). For big meshes≈ 16V
flops and4V test.

Therefore, reducingV will increase the speed substan-
tially. The mesh discussed contains123 × 103 triangles.
The implementation that uses all triangles currently takes
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Figure 7. Left: rays indicating where the mesh dif-
fers most from the estimated circles. Right: a
transparent plane indicates the estimated axis and
intersects the mesh at the location of the burr.

several seconds to complete (at 1.6Ghz), too much for an
online version. A solution is mesh simplification. Recent
mesh simplification algorithms take the shape of the mesh
being simplified into account and hence also perform noise
reduction while simplifying. For an overview, see [2].

As the two angles of orientation of the axis have been
found, we now have to determine the two other parameters
to fix the axis: its intersection with a plane spanned by two
of the three axes of the local coordinate system. All es-
timated circle centers are located along the axis. Project
these noisy 3D circle centers onto a plane perpendicular
to the axis orientation. Then determine the most accurate
axis center. Averaging these 2D circle center points would
incorporate outliers. Hence, a different approach is used:
a RANSAC scheme eliminates the outliers and determines
which point is closest to the other points. Now all four pa-
rameters of the axis have been determined.

4. Burr extraction

Given the 4 coordinates of the axis, the surface can then
be respresented in 2 dimensions: the position along the axis
and the radius at that position. This is the generatrix (as can
be seen on the left of fig.11). Now that the axis is estimated,
compare the mesh data to the ideal generatrix.
In the case studied—a wheel—the geometrical anomaly is
parallel to the axis orientation. It is assumed to be in this
outline of the algorithm:

• For each of theP − 1 circular intersections of the win-
ning axis orientation, determine the distance between
each intersection point and the estimated circle (no ex-
tra calculations needed : this has already been calcu-
lated in section 3.2).

• Then find the location on each circle of the point
(bxi, byi) with the maximum distance (i = 1...P − 1).
For each circle that location is defined by the angle
αi in the circle plane with the circle center(cxi, cyi)
as origin of the angle. In section 3.2 the intersected

Figure 8. Determining the burr location given the
axis. In this case α = (α1 + α2 + ... + αP−3 +

αP−1)/(P − 1)

points have been rotated from orientation(θ, φ) back
to the Z axis. That data can now be reused to cal-
culate the angles: theZ coordinate can simply be
dropped to convert the 3D data into 2D data:for
i = 1...P − 1 : αi = tan−1( byi−cyi

bxi−cxi
)

• The lines in fig.7 all indicate the burr orientation cor-
rectly, such that the average of the anglesαi would be
a good estimate of the overall burr angleα. However,
the burr may have been too faint to scan on some places
on the surface. Hence it is possible that some circular
intersections do not have the correctαi. Therefore, to
make it more robust, a RANSAC scheme is used over
thoseP − 1 angles, withs = 1. Assuming no more
than a quarter of the angles are wrong and requiring a
99% chance that at least one suitable sample is chosen,
the number of iterationsN = d log(0.01)

log(.25) e = 4. Choose

the tolerance e.g.t = 5π
180 .

For N iterations: randomly select one of the circles
iRand and Determine how many of the other circles
have their angle within an anglet of the burr angle of
this circle: |αiRand

− αi| < t.
• Select the circle where the tolerance test was success-

full most often, discard circles that have aαi outside
the tolerancet. Then average theαi over the remaining
circles (see fig. 8), this is the burr angleα.

We now have determined the axis and the burr angle relative
to the axis, uniquely identifying the burr in 3D space.

5. Results

The entire algorithm currently takes10sec to complete
using a mesh with123×103 triangles on a 1.6Ghz Pentium-
M processor. The better part of that time is spent on the axis
detection part. Therefore, mesh simplification will substan-
tially reduce this time.
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Figure 9. Wrong solutions corresponding to local
minima of the error function as shown in fig.10:
left: ”bounding box” approach, right: ”maximum
circle center distance” approach.

5.1. Axis orientation detection

Now the entire algorithm has been explained, we look in
more detail into several possibilities to measure the correct-
ness of the tested orientation:

• If the tested orientation was the correct orientation, the
resulting circle centers should be collinear on a line
orientated in the same way. Hence the x and y coor-
dinates of the estimated circle centers should coincide
after the circles have been projected onto a plane per-
pendicular to the chosen orientation. One can use the
area of the smallest bounding box in that plane con-
taining all circle centers. This approach is cheap: it
only requiresO(P ) operations which can be neglected
compared to theO(V ) of the entire evaluation algo-
rithm. If the quality number is plotted as a function
of θ andφ, it can be seen that this approach has local
minima that almost compete with the global minimum.
The error function can be seen in fig. 10. The orienta-
tion selected is the correct one, but other orientations
have quality numbers that are only slightly bigger.

Figure 9 displays the mesh rotated over−θ around the
Z axis and−φ around theY axis (rotate(θ, φ) back to
theZ axis). The results of our algorithm are also plot-
ted: the mesh points in white, the intersection points
with theP planes in green, the estimated circles in red.
TheX axis is in red, theY axis in green, theZ axis
in blue; in blue the circle centers. Figure 9 visualizes
one of the local minima in the(θ, φ)-space with this
”bounding box” error function: it is clear that this ori-
entation also produces a small bounding box, but it still
selects the wrong orientation.

• One of the sides of the bounding box is too long, hence
one could use the maximum length of the sides of the
smallest bounding box as a quality number. This is a
upper bound for the maximum distance between any
two circle centers. This approach diverges from the
global minimum as can be seen in figure 9: the orien-
tation displayed is the wrong one, but also has collinear
circle centers along the chosen orientation.

Figure 10. Quality number of axis orientation as
a function of θ and φ, both ranging from 0 to π.
Top: using minimum bounding box of circle cen-
ters; below: using distances to estimated circles.

• A better approach is to compute the distances between
each intersection point and that circle, after estimating
the circles. Average over all the intersection points
in a circle, and over all circles. This usesO(

√
V )

flops, more that the previous two, but still negligable
compared to the entire algorithm, which isO(V )
As can be seen in figure 10, the global minimum
is more pronounced and local minima are less pro-
nounced than in the ”bounding box” approach. Fig.6
and fig.7 use this approach.

5.2. Generatrix accuracy test

In order to test the correctness of the axis estimate, cal-
culate the distance of every vertex to the axis, and plot them
in 2D (left of fig.11): the distances horizontally, the posi-
tion along the axis vertically. For a analytical expression of
the generatrix one needs to fit a curve through those points.
The thickness of the bounds of the generatrix points gives
an indication of the accuracy. Calculating this thickness as
a function of the position along the axis yields values of
about 5 to 7 mm, thus the maximum difference with the fit-
ted curve is about 3 mm. It is our intention to make an on-
line version of this burr extraction procedure and hence use
it for visual servoing. Automated removal of the burr will
probably require other sensors than vision alone. For ex-
ample, when the end effector of the robot arm touches the
burr, the removal itself will require force control. There-
fore, a fusion of sensory inputs—possibly at very different
frequencies—will be needed. Because we will need differ-
ent sensors at close range anyway, an accuracy of about 3
mm is enough. The right side of fig.11 shows the mesh plot-
ted in cylindrical coordinates: the ’dist’ axis is the distance
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Figure 11. Left: axis and generatrix, right: dis-
tances to the axis as a function of the angle per-
pendicular to the axis and the distance along the
axis; the burr is clearly visible.

from each point to the axis of the surface of revolution, the
’angle’ axis is the angle each point has in a plane perpen-
dicular to the axis of the surface of revolution and the ’axis’
axis is the distance along the axis of the surface of revolu-
tion. In green are the estimated circles in the same coordi-
nate system. The data is almost constant along the ’angle’
axis, as expected.

6. Future work
The resulting triangular mesh can be aligned to scans ac-

quired from other viewpoints. This is done by use of the
iterative closest point algorithm (ICP), [10, 1]. So far, we
have not used ICP. The fairly good initial alignment of scans
needed by ICP to converge is no problem as we plan to
mount the moving scanning unit on a robot arm. Hence,
rough relative transformations between the different view-
points are known.

7. Conclusion
This paper presents a robust technique for the detection

and localisation of flaws in industrial workpieces. More
specific we worked on burr detection on surfaces of revo-
lution. As range scanning of metal objects is non-trivial,
the infamous specularity problem had to be catered for ex-
plicitly. This is done by using an adaptive structured light
approach.
The algorithm runs in three steps. First the orientation of
the axis is extracted from the scandata. Secondly the axis
is localized correctly in space. Finaly these parameters are
used to extract the generatrix of the surface. The data is then
compared to this generatrix to detect the burr.
Extended use of RANSAC estimation procedures renders
the algorithm robust against outliers. Next to this we ex-
plicitly check if our solution is correct by the apllication of
a set of secondary tests. Correctness of the detection is im-
portant as we plan to use this data to do robotic servoing,
and to correct for the flaw in the workpiece. The latter is
part of ongoing research.
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