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Abstract

In this paper, we proposeto combine Kazhdan's FFT-based approach to surface reconstruction from oriented points with adaptive
subdivision and partition of unity blending techniques. This removesthe main drawback of the FFT-based approach which is a high
memory consumption for geometrically complex datasets. This allows us to achieve a higher reconstruction accuracy compared with
the original global approach. Furthermore, our reconstruction processis guided by a global error control accomplishedby computing

the Hausdor

distance of selectedinput samplesto intermediate reconstructions. The advantages of our surface reconstruction

method include also a more robust surface restoration in regions where the surface folds back to itself.
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1. Intro duction

Many of today's applications make use of 3D models re-
constructed from digitized real-world objects such as ma-
chine parts, terrain data, and cultural heritage. In spite
of recen progressin dewveloping speedyand reliable meth-
ods for surface reconstruction from scattered data [1{6]
(seealso referencestherein), the quest for fast, accurate,
and adaptive surfacereconstruction techniques capable of
processinglarge and noisy datasets remains a major re-
seard issuein computer graphics and geometric modeling
areas[7{12].

Recerily, Kazhdan intro duceda novel and elegarn FFT-
basedreconstruction technique [3]. His approad is able to
reconstructasolid, watertight modelfrom an oriented point
set. He approades the reconstruction problem indirectly
by rst determining the integral of the characteristic func-
tion of the domain bounding the input point setinstead of
the function itself. Using Stokes' theorem this volume in-
tegral can be transformed into a surfaceintegral which is
dependen on positions on the boundary of the volume and
the corresponding normal directions. As the oriented input
point set can be seenas a sampling of this boundary, it
can be usedto approximate the surfaceintegral and with
it the integral of the characteristic function. To nally ob-
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tain the characteristic function of the datasetitself, the in-
tegration is conductedusingthe inverseFFT. This method
allows a robust and fast reconstruction of a solid and wa-
tertight model from noisy samples.On the other hand, the
approad hasa high memory requiremert dueto its global
nature. The integral of the characteristic function hasto be
sampledon a uniform grid for the whole volumein order to
be ableto apply the inverseFFT. This limits the maximal
reconstruction resolution of the approach on today's com-
puters to a level wherethe reconstruction of ne details of
the input data is not possible.Furthermore, the approach
has no global error cortrol and its globality prevents the
accurate reconstruction of regionsof the input data which
are closeto ead other but represen disconnectedregions
of the surface.Our work proposesa simple solution to over-
cometheselimitations while preservingthe advantages of
the global approac.

The generalidea of our technique is to employ an error-
guided subdivision of the input data. For this, we compute
the bounding box of the input and apply an octree subdivi-
sion. In order to decidewhether an octree leaf cell needsto
be subdivided, we compute a local characteristic function
for the points inside the cell using the global FFT-based
approad. This is a non-trivial task sincethe points inside
acelldoin generalnot represen a solid. We proposea solu-
tion to that problem to avoid that surfaceparts are created
which are not represenied by points. If the resulting local
approximation inside the cell is not accurate enough, the
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Fig. 1. Left: Local curve approximation for points inside and in the
vicinit y of a leaf cell (inner rectangle). The dashed line indicates the
irrelevant region of the reconstructed solid. Right: Real 3D example
of the sketch in the left image after pruning meaningless regions of
the solid.

cell needsto be subdivided. By iterating this procedure,we
compute overlapping local characteristic functions at the
octree leavesfor eadt part of the input with a user-de ned
accuracy We obtain the nal reconstruction by combining
the local approximations using the partition of unity ap-
proach and extracting the surface using a polygonization
algorithm. One advantage of our adaptive approad is that
the characteristic function is only determined closeto the
surfaceand not for the whole volume. As the reconstruc-
tion accuracyis mainly limited by memory requiremerts,
this allows us to obtain higher reconstruction resolutions.
Additionally , the adaptivenessallows us a more accurate
reconstruction of strongly bendedregionsof the input.
The rest of this paper is organizedas follows. Section 2
presens details of our surface reconstruction technique.
The data partitioning step and the computation of a lo-
cal characteristic function for eadt cell is described in Sec-
tion 2.1. Their integration into a global function and the
extraction of the nal surfaceis preseried in Section 2.2.
We shaw results of our technique in Section 3 before we
concludeand describe future work in Section4.

2. Adaptiv e FFT-based Surface Reconstruction

In this section, we presert our adaptive FFT-based sur-
facereconstruction technique (in the following denoted as
AdFFT) in detail. We rst describe the error-controlled
subdivision of the adaptive octree structure and the com-
putation of overlapping local surface approximations for
the input points assaiated with the octree leaves.Wethen
integrate the local approximations using the partition of
unity approach to reconstruct the nal model.

2.1. Adaptive Octree Suldlivision

The generalidea of the partition of unity approad is to
divide the data domain into seweral piecesand to approx-
imate the data in these domains separately The result-
ing local approximations are then blended together using
smooth and local weighting functions which sumup to one
over the whole domain.

In orderto nd local characteristic functions of the do-
main bounding the input point cloud, we rst compute the

axis-aligned bounding box of the input data. We then ap-
ply an adaptive octree subdivision of this bounding box.
In order to decide whether a cell needsto be subdivided,
we compute the characteristic function of this cell and its
vicinity with a xed accuracy If the surfaceextracted from
this characteristic function approximates the points in the
cell su cien tly closeaccordingto a user-de ned accuracy
the cell hasnot to be subdivided further.

How to compute the characteristic function for a cell of
the octreeis not obvious, asa straightforward application of
the global FFT-based method always determinesa charac-
teristic function represering a solid, whereasthe points in
a cell form in generalnon-closedsurfacepatches. To avoid
that irrelevant surface parts occur in the local character-
istic function, we usethe construction shown in Figure 1.
We embed the octree cell including its oriented input sam-
plesat the certer of alarger cellwith doubled edgelengths.
In order to allow a smooth transition betweenadjacert lo-
cal characteristic functions later in the integration step, we
add points in the vicinity of the original octree cell to the
construction. In our implementation, we chooseall points
in the octree leaf cell scaledby a constart factor ¢ around
its certer for the computation of the local approximation.
If the parameter c is small, few samplesin the neighbor-
hood of the octree cell are consideredto compute the local
approximation. This might causethat reconstructions of
adjacert octree cellshave no smooth transition acrosstheir
commonboundary. Therefore, it is important that the pa-
rameter c is su cien tly large sothat enough neighboring
samplesare considered. According to our experiments a
constart factor of c = 1:8 works well for all performedtests.

By using the global FFT-based method with a xed res-
olution (2° in our implemertation) on the larger volume,
we then compute its characteristic function at regular grid
positions. As the shape of the octree cells is usually not
cubical, we transform all candidate data points and nor-
malsto t into a cubeto enablethe useof the FFT. Fig-
ure 1 sketchesthe idea behind this construction. The sur-
facepatch inside and in the vicinit y of the octree cell is cor-
rectly reconstructed and the irrelevant surfacepart of the
solid is outside of the inner cell. This works in the major-
ity of the casesasthe irrelevant surfacepart hasa curved
shape (seeFigure 1). Additionally , adding su cien t sam-
plesin the vicinity of the octree cell increasesthe diame-
ter of the shape that the unwanted part doesnot crossthe
smaller cell. In rare cases,the crossingcannot be avoided
dueto very di erent alignment of octree cell and local sur-
faceapproximation. But sincethe resulting unwanted sur-
face parts are small and distant to the real surface they
can be pruned easily during the polygonization. The right
image of Figure 1 shows a real example of a local surface
approximation for an octree cell and its vicinity.

To measurethe accuracy of the resulting local approxi-
mation, we construct a meshfrom the computed character-
istic function usingthe Marching Cubesalgorithm [13]and
compute the Hausdor distance of selectedsamplesinside
the cell to the mesh. If the average computed Hausdor



Fig. 2. Left: All local characteristic functions of octree cells con-
taining the nal iso-surface have a common resolution. This allows
an easy interp olation between adjacent cells. Right: Example octree
con guration for partition of unity blending. A corner point p of a
Marching Cubes cell and radial kernels of octree cells with centers
ci and cj are shown.

distance is above the user-de ned error, the cell needsto
be subdivided further. If a cell is empty, no approximation
needsto be computedand weleaveit untreated. In orderto
guarartee an e cien t computation of the Hausdor error,
we useonly a subsetof points inside the octree cell. In our
implemertation we select10% of the cell points to obtain
a stable estimation.

In the presenceof noiseit might happen that the error
criterion cannotbereachedeverywhereonthe dataset. This
leads to an oversuhdivision of octree cells in very noisy
regionsuntil subcells contain not enoughsamplesto allow
arobust local reconstruction. To avoid this, weintroducea
stopping criterion to ensurea minimum number of samples
in non-empty cells. We x this lower bound to be 0:5% of
the number of input points.

2.2. Integration

After the subdivision step, we obtain an octree with
leaveson di erent depths which are either empty or con-
tain a sampling of a local characteristic function which has
the sameresolution for all leaf cells. In order to obtain a
common global resolution for all local characteristic func-
tions, we reconstruct leaveswith lower tree depths, which
are larger octree cells, using a higher resolution inside each
cell (seeleft illustration of Figure 2). This allowsusto blend
and to interpolate betweenadjacen cellsand to apply the
Marching Cubesalgorithm on this uniform grid. To obtain
the nal reconstruction, we interleave the extraction of the
iso-surfaceand the combination of the local characteristic
functions. In order to be able to extract an iso-surfaceof a
characteristic function which has a value of oneinside the
surfaceand zerooutside of the surface,we needto choosean
appropriate iso-value. We follow the global approach and
chooseit asthe averagevalue of the characteristic function
valuesobtained at the input samples.

Our Marching Cubesimplementation processesll octree
cellsfor which local characteristic functions have beencom-

puted. As the local characteristic functions overlap eat
other, cubescloseto the boundary of octree cellshave more
than one characteristic function value assaiated with its
corners. To mergethem into onevalue, we usepartition of
unity blending. More precisely if we denotethe corner po-
sition p and useour octree data structure to nd all local

function valuesf fo;:: :; fy g at this position which areasso-
ciated with the cellsfcy;:::;cn g, we determine the global
characteristic function value as
P N
¢ = _pizo Wifi
g =
iN:O Wi
where
wi = Gi (jici  pij,);

and c; is the certer of the cell ¢;. The certer of the radial
Gaussianweighting function G;( ) is xed at c¢;. The band-
width is chosensud that grid positions, which are farther
from ¢; than the radius including the overlap of the cell
G, have weights closeto zero. For illustration seethe right
image of Figure 2.

After determining the global characteristic function val-
uesfor the corners of the cubes, we can interpolate them
acrossthe cube edgesto compute the position of the cho-
seniso-value. Our Marching Cubesimplementation inter-
polatesthe resulting global function quadratically.

3. Results

In this section, we presert results of our reconstruction
algorithm. We compare our method with seeral state-of-
the-art reconstruction techniques. Furthermore, we apply
our method to real-world laserscannerdata aswell aslarge
and complex point cloud data and discuss computation
times and memory consumption.

Resultsof our reconstruction algorithm are shown in Fig-
ures 3-6. The reconstructionsin Figures 5 and 6 are shown
in at shading to illustrate faceting. The meshesin Fig-
ures 3 and 4 are renderedin Phong shadingto bring out
small details on the surfaceas single triangles are not vis-
ible. Tables 1 and 2 summarize details for the preseried
reconstructions.

In Figure 4 we compare our technique with the global
FFT-based and the recenly proposed Poisson-basedap-
proach [9]. The latter method reformulates surfacerecon-
struction asa sparsePoissonproblem to overcomethe lim-
ited reconstruction accuracy of the FFT-based technique.
To compare the three algorithms, we reconstructed the
XYZ RGB Dragon model as detailed as possibleusing the
maximal feasibleresolution for all approaces.Due to the
lower memory consumption of the Poisson-basedpproac
and our method (see Table 1), both techniques are able
to reach higher reconstruction resolutions than the FFT-
basedmethod. This allows them to faithfully capture ne
details for instance on the scalesof the model. While both
algorithms producealmostidentical reconstruction results,
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Fig. 3. Reconstructions of the Thai Statuette created using the global
FFT-based approach (a), the Poisson-based approach (b) and our
technique (c). Although the reconstructions (b) and (c) were created
using the samegrid resolution, our approach (c) preserves ne details
more accurately. This can be observed for instance on the woman's
necklace or the elephant's trunk.

our approach hasasigni cantly better time and peakmem-
ory performance than the Poisson-basedtechnique. Fig-
ure 3 shaws another comparisonbut reconstructions of the
Thai Statuette are not created using the maximal but, if
feasible,the samegrid resolution. The result obtained us-
ing our algorithm shawn in Fig. 3(c) is more detailed than
the Poisson-basedn Fig. 3(b). This is visible for instance
onthe trunk of the elephart and the nedlace of the woman
model. On the other hand, a closeobsenation of our results
on the belly of the woman statuette shows that our ap-
proach can reconstruct small bumps on the surface.These
poseno problem asthey can be removed, for instance, by
smoothing the surfaceslightly subsequenlyto reconstruc-
tion. Note that although the Thai Statuette and the XYZ
RGB Dragon model were decomposedinto thousands of
patches(seeTable 2), our reconstructionsshow no blending
artifacts. For all modelsin this paper, we choosean overlap
of 5 cellsto smoothly blend adjacert reconstructions.
Figure 5 shows a comparison of recert state-of-the-art
surface reconstruction techniques with our approac. As
input data we choosethe headof the original Dragon range
scansfrom the Stanford 3D ScanningRepository. We com-

(a) FFT [3], reconstruction time: 1m15s, peak memory: 1.4 GB

(b) Poisson [9], reconstruction time: 65m15s,
peak memory: 2.1 GB

(c) our approach (AdFFT), reconstruction time: 21m10s,
peak memory: 1.6 GB

Fig. 4. The XYZ RGB Dragon model is reconstructed using the
FFT-based (a), the Poisson-based approach (b) and our tech-
nigue (c). The meshesare computed using the maximal feasible reso-
lution for all methods. The zooms show that the FFT approach is lim-
ited in its reconstruction accuracy due to its high memory consump-
tion while the Poisson-based method and our technique achieve an
almost identical high reconstruction accuracy. Note that our method
needs less memory and reconstruction time to obtain these results.

pare our approach with the recenly proposed learning-
basedreconstruction technique using Support Vector Ma-
chines (SVMs) [14], MPU [15], RBF+PU [16], the global
FFT-based method [3] and the recertly proposedPoisson-
basedreconstruction technique [9]. The gure shaws that
SVM, MPU and RBF+PU create noisy reconstructions of
the Dragon head scansand produce additional zero-lewel
sets around the surface. Due to the global nature of the
FFT approad, it robustly reconstructs noisy real-world
data but hasproblemscapturing regionswherethe surface
folds bad to itself. By localizing the global approac using
adaptive decomposition and partition of unity blending,
our algorithm accurately reconstructs those regions while
retaining the robustnessof the global approac. Results
of the Poisson-basedapproac shaw that its robustnessis



(b) SVM [14]

(a) input data

(e) FFT [3]

Fig. 5. Comparison of our reconstruction approach (g) with other state-of-the-art techniques. We illustrate

(c) MPU [15] (d) RBF+PU [16]

(f) Poisson [9] (g) our approach (AdFFT)

results on the Dragon head

composed of registered range scans from the Stanford 3D Scanning Repository. Notice that our technique is more robust on noisy data than
previous approaches (b)-(d) and generates a more faithful reconstruction in highly bended regions than the global FFT-based method (e).
Its robustness is comparable to the recently intro duced Poisson-based technique. Corresponding timings are reported in Table 1.

comparableto our technique. Note that somemethods, as
for instance MPU and RBF+PU, obtain a better perfor-
manceon real-world data by utilizing scanningcon dence
values, while our approach is robust on noisy data with-
out using additional scanninginformation. Similar to com-
putational geometry approaces, SVM is mainly suited to
reconstruct clean data. Its performancein the presenceof
noise can be improved, for instance, by preprocessingthe
point cloud [17] beforereconstructing a surface.

Figure 6 analyzesthe e ect of blending on the results
of our surface reconstruction algorithm in more detail.
For this, we computed a reconstruction of the original
Armadillo range scansusing our method. Figure 6(b) il-
lustrates the patches without overlap usedto create the
integrated reconstruction shavn in (c). Figure 6(d) showvs
a mean curvature plot of (c). The results indicate that no
visible blending artifacts closeto the cell boundaries are
intro duced by our approach.

4. Conclusion & Future Work

In this paper, we have suggestedto localize Kazh-
dan's global FFT-based reconstruction approac [3] by
using adaptive subdivision and partition of unity blend-
ing. We have shown that our method presenes the re-
silience of the global approach and is more robust against
noisethan previous state-of-the-art surfacereconstruction
technigques. Furthermore, our reconstruction process is
error-cortrolled, is capable of delivering a reliable surface
reconstruction from noisy real-world data, and allows an
accurate restoration of highly bendedregions. The lower

(a) input data (b) approx.

patches

(c) ADFFT (d) mean

curvature

Fig. 6. The original Armadillo dataset composed of 114 registered
range scansfrom the Stanford Scanning Repository (a) and a recon-
struction from the noisy data using our method (c). Image (b) illus-
trates the patcheswithout overlap usedto reconstruct the Armadillo
model. Figure (d) shows the mean curvature of our reconstruction
(red represents negative and blue positive mean curvature values).
Although the nal reconstruction is composed of many patches, the
mean curvature plot doesnot show blending artifacts.

memory consumption of the method allows us to achieve
a higher reconstruction accuracy and enablesto capture
ne and small details in large and complex point clouds.
Another attractiv e feature of our method consists of its
readinessfor an out-of-core implemerntation.

In the future, we plan to adapt our method in order to
take into accourt con dence valueswhich are often asso-
ciated with digitized point samples.We are con dent that
this will further increasethe robustnessof our approad.
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Table 1

Timings and memory consumption for the reconstructions shown in Figure 5. All results were computed on a 2.66 GHz Pentium 4 with 1.5GB

of RAM.
method reconstruction ‘polygonization lmemory‘user-de ned error (global resolution)
SVM [14] 42s ‘ 5m15s 304MB 110 4
MPU [15] 1m40s 164MB 7 10 3

RBF+PU [16] 2m33s 34s 98MB 110 %

FFT [3] 8.9s 1.4s 179MB (256°)
FFT [3] 1m42s 9.2s 1.1GB (5123)
Poisson [9] 1m56s 68MB (2563)
Poisson [9] 7m02s 247MB (512%)
AdFFT 42s 1m03s 119MB 1:7 10 3 (2563)
AdFFT 3m08s 4m58s 462MB 1:2 10 3 (512%)

Table 2

Reconstruction information for the models presented in this paper and computed using our method. The character N denotes the number
of input samples and M the number of used patches. The results were computed on a 2.66 GHz Pentium 4 with 1.5GB of RAM (only the
Statuette and the XYZ RGB Dragon were computed on a 2.4GHz AMD Opteron with 3GB of RAM).

model ‘ N ‘reconstruction polygonization ‘memory‘ error ‘global resolution’ M ‘

Thai Statuette 5M 6m46s 11m15s 2.2GB |24 10 4 10243 2260,

XYZ RGB Dragon|3.6M 11m15s 9mb54s 1.6GB |1:9 10 * 10243 2614
Dragon head scang485K 3m08s 4m58s 462MB |1:2 10 8 5123 874
Dragon head scang485K 42s 1mO03s 119MB |1:7 10 3 256° 626
Armadillo  scans (2.4M 1m22s 55s 273MB |11 10 3 256° 565

available. The Dragon and Armadillo dataset are courtesy
of the Stanford 3D scanningrepository. The Thai Statuette
is courtesy of XYZ RGB. This work was supported in part
by the European FP6 NoE grant 506766(AIM@SHAPE).
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