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Abstract

Symmetry detectiomims at discoveringedundacy in the form ofreoccurring structures in geometric
objects.In this paper, w present a new symmetry detection algorithmg&smetry represented psint
cloudsthat isbased oranalyzinga graph of surface features. We combine a general featurdiaietec
scheme with a RANSA®ased randomized subgraph searching algorithm in order to reliably detect reo
curring patters of locally unique structures. A subsequent segmentation step basainautaneouse-

gion growingvariant of the ICP algorithnis appied to verify that the actual point cloud data supports the
pattern detected in the feature graphs. We apply our algorithm to synthetic andntde&8D scannerat

ta sets, demonstrating robust symmetry detection regulte presencef scanning artifets and noise.

The modular and flexible nature of the grapdsed detection scheme allows for easy generalizations of
the algorithm, which we demonstrate by applying the same technique talatherodalities such asr-

ages or flangle meshes.

Categoriesand Subject Descriptoradcording to ACM CCB 1.3.5 [Computer GraphicsComputational
Geometry and Object Modeling5.3 [Pattern RecognitignClustering 1.2.10 [Avrtificial Intelligencd Vi-
sion and Scene Undganding

1. Introduction

Many realworld objects consist of parts that are appnoately similar to each other. For example, a fagade of a
building might contaira number of windows with congpable geometry. The automatic detection of sueh r
dundancies is a recent, very interesting research diredi®v05, PSG*06 MGP0G§ MSH*06, SKS0§ MGPO07.
Information alout similarities within one and the same shapgseful for a variety of applications, such asneo
pression, pattern recognition, shape caatih, andstatistical noiseemoval.

In this paper, we propose a new method for detecénccurring parts (froom o w o n j syminetrieda)l | e d
in point clouds from 3D scanning devices. Our paper makes two main contributions: First, we present a novel
approach to solving this problebased on building graphs of sait features and an efficient subgraph miatg
technique.We introduce a new randomized geometric graph matching algorithm, which is combined with a
generalized feature detector. We expect that this algorithmic approach might be useful for solving oteer geom
tric correspondence problems as wgkcondwe explicitly design our algrithm for detection of symmetries in
scanned point cloudatia sets. Our method handles reakld raw 3D scanner point clouds with noise artifacts
robustly

We evaluate our algorithm on multiple synthetic and-vealld 3D scaner data sets. In addition, we alsm€o
sider genalizations to image data and clean triangle meshes, demonstrating the generality of thepnovel a
proach.

2. Related Work

Symmetry detection in 3D shapes has recently gained a lot of interest. The probatdycoessful tdmiques

so far are based on transformation voting: A set of candidate correspondences between surface pbints is est
mated and a trangfimation between the according local neighborhoods is established. Similar to a Hoggh tran
form, a voting pocedure in transforation space is used to identify wallipported transformationsiaving
extractedsuchclusters of transformations, thecarding correspondences between surface patches can be easily
determined. Mitra et alMGPO0§ proposethis type of algorithm, using principal curvature directions to create
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Figure 1: Processingipelinei first a set of locdy unique features is detected, which then form a graph on the ok
surface. Next, subgraphs with matching topology and approximately matching geometric embeddimngcieel. eFrom
these discrete candidate matches, data points are assigned to symeggdmis using an ICBased simultaneous regic

growing algorithm, which yields the final result.

votes in a transfonation space of rotation, translation and scaling. A neddfih algorithm is used to extract
dominant transformation citers. The technique can be extled to an ophization technique that makep-a
proximately symmetric objects morensyetric MGPO07. Another voting approach has begmposed conau
rertly by [PSG*04, who use vting on reflective planes to detect planar refflee symmetries. Gal and Cohen

Or [GCO04q form clusters of quadratic Hace patches and use geometric hashingg8] to find symnetries in
objects. Inimage data, a Hough transform of salient feature points has been used by Loy and EEG6{to[

find symmaeric configurations. Meinet et al. MSH*06] propose a technique that uses a transformation te-gen
ralized moment functions in order to computebglosymmdries of 3D shapes. Localizedrsgnetries are e
tected by applying the algorithm hierarchically tetetted parts. A related strategy ioposed by $KS04:
Planar reféctive symmatries are detected by computing an aalignment of parts of a shape with itsefhe
iterative alignmenprocesss initialized by a PCAbased split of the object in halves; afterwards, an iteratively
reweighted leassquares aligment is corputed, where the reweighg cuts off outliers that corspond to non
symmetric parts of the object. Hubo et &MH*07] detect symmetries based on local descriptors and perform a
compression by aligning matching heightfields gradforming a PCA analysis of the resulting space of example
shapes. Kazhdan et aKCDO03] analyze objects for central symmetry and use this as a descriptor for shape r
trieval. Another very interesting application of symmetryedgon is shape completion: Thrun and Wegbreit
[TWO5] compute symmetries gfartially scanned objects using a brute force search and local desamithedg

and use this information to complement the partially acquired stedfieg occlusion constraints of the acduis
tion process into account.

In contrast to methods based on votiMEFP06 GC06 PSG*06 LEO6], our algorithm is based on a graph
matcding strdegy. The main advantage of this approach is that it can be potentially generalized to more general
matching criteria. With voting methods, the dimensionality of the transformation space increases withadditi
degrees of freedom which makes the detection problem harder to solve and computationally less efficient. In
addition, our algorithm can handle both local and global symmetries, the scale being omhingetdy the
level of detail that is used in tlfieature dtector. In contrast, global methodéGD03, MSH*06, SKS0§ have to
detect symmetries in a tafpwn fashion, relying on an initial symmetric degmosition. Vding methods are
also affected by this problem, as all votes are cast into the same transformation space. Without some kind of
partition, the transformation space might become cluttered so that detailed symmetries are hard to detect. Graph
based pattern nehing techniques have been explored in computer vidi@izenszwalband Huttenlocher
[FHO9 use treeshaped graphs of object parts with an appearance model to infer deformable stfigpeaco
tions in images. A graphased algorithm for 3 object retrieval has been proposed by Schnabel et al.
[SWW*08]: First, shape primitives are fitted to a point cloud, then the structure of the incidence graph is learned
and used to retrieve the object within a largélemtion usng a sigraph matching algorithm. To the best of our
knowledge, no previous technique has applied gladed matching techniques to detecting symmetries in
geometric bjects.

3. Overview

The pipeline of our symmetry detection algorithm i¢lioed in Figure1: We start by detecting locally unique
features orthe geometry. For this step, we use the recently proposed slippage feature algBB¥WTD3],

which is capable of detecting features in very general settings. From these features, we build a neighborhood
graph that dscribes the coarse scale siniifaistructure of the object. Details on this step are given in Sedtion

Given this graph, we employ a randomized subgraph search algorithm in order to detect reoccurrisgrpattern
this graph (Sectiod). Mapping the search for similarities to a subgraph matching problem reduces the amount
of information that needs to be processed draraby, which allows for an efficient solution to this ptem. In

order to make sure that the reduced, discretizkdiso matches the continuouslgfthed geometry, we perform

a final validation using a variant of an iteratislsestpoints (ICP) registration algorithriBM92, CM92] that
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performs simultaneous méing and region gwing over all detected patterns (Sect®)n Generaliztions of
this basic strategy aresdiissed in Sectiof. Finally, we evaluate our abgithm on various test data sets ¢Se
tion 8) and conclude with some ideas for further generalizations that the-lgaap pproach dows for in
Sectiono.

4. Building the Feature Graph

4.1 Feature Detection

Our whole approach is based on matching graphsatdirfie points. Therefore, the feature detection step is dec
sive for the attainable quality of the results. A big problem with feature detection techniques is that they typically
restrict themselves to a certain class of geometric features (such as banmpants on the surface where both
principal curvatures are large). Such a restriction is meant to makeetdatiah more reliable; however, it
strongly restricts the class of feature points that can be detected. Asequeort®, many regularities imjects

might remain unaticed by a featurddased symmetry detector, as no featungght beavailable in many regions

of the object.

We deal with this problem by employirige recently proposedi s | i [eataray @etection algorithm that
can detect fatures of arbitrary type with the same relidlyi as previous state of the art techniques (such as
[LGOY]). In the following, we give a brief oveiew of this algorithm; for further details and a quantitativel-eva
uation, seeBBW*08].

Feature detection: The feature detector works directly on point clouds. For each input peibtanalyses a
spheical neighbohood N§(p;). The key idea is: in order fqu to bea good feature point, the acatignment
problem of N9 (p;) with itself should be uniquely defined. This means, if westegithis piece of geometry with

itself, a unique positonandoneat i on shoul d resul t. A necessadlipy requi

page® of t H geonmeirydscsmall®@G04: We set up an ICP alignment objective function that suness

the squared poirtb-plane distance for this patch with itself at the given location. Obviously, the error itself will
be zero buttte Hessian matrix of the error function with respect tetians and translation will reveal how well
conditioned the autalignment problem isGG04. We computea slippage value for all surface points and-pe
form meanshift clusteing in order to extract local extrema of this measure. These extrema b#uerieal
feature pointsTo deal with fatures at various scale levels, we extend this algorithm by performing the-extra
tion for several neighlvbood sizesa, &,,doubling in each stepg,; = 2¢e;. The correct scale for the features

is determined automatically bymaing mearshift clusteing on the adimensional manifold of surfaces in scale
space.We denote the resulting feature pointskasi =1 én. The sca is given bye(k;) and the associated
neighbahood of input points biX(k;).

Feature matching: In order to detect matching featurege use a descriptor based on curvature histograms in
concentric rings within eaciN(k;). We consider all girs of featurepoints k;, kj); correspondence pairs for
which the descriptors do not match arscdrded.The remaining pairs of features are candidate matches where
the local neighbidood of the feature point is approximately similar.

4.1.1 Graph Generation

Given the compwd feature points, we construct a graph that connects feature points with each other in a local
neighborhood. From a theoretical point of view, a complete graph of all connections would provide the richest
pool of subgraphs to examine for reoccurring patteHowever, the solution to the matching problem in such a
densely connected graph becomes too expensive in practicefofeewe build only &-nearest neighbor graph

of features (tyjrally: k = 20). The underlying assumption for this simjgiiftion & that first, reoccurring pattesn

related to symmetries we want to detect are locallymeott: If features far away correlate with each other, there

will be other features in between that belong to the same symmetry. Second, we assume that we naght miss
few feature points that drop out of our detection scheme but it is unlikely to miss a large number (such as 20
neighbors) at the same time. Therefore, the restrictiorktnearest features graph is sufficient for our problem
setting.We denote the feate graph byG = (K, E), K = {k;, ék.}, E1 {1, n} x {1, n}.
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We also store the set of matching feature pairs along with the matching residuals as a quality measure. Please
note that no edges are added to the graph at this stageattive fraph encodesly the spatialrelation of su-
face features.

5. Sub-Graph Matching

5.1 Problem Statement

Given a graph of features, we want to determineesponding subgraph&.his means, we want to identifysdi
joint subsetss® I K that are symmetric. Thadexi refers tothe class of symmetric subgraphanging from 1
to ns, andj to the instance index within each clasdt instancesets S” := (s, ... s{ln} describe parts of the
graph that are siitar to each otheMWe refer to the whole dlection of instance sets assgmmetrysetS. Simi-
larity within an instanceneansthatthe corresponding subgraphs are close to each other according to a distance
function distg:

"Lt gy, o1 {L.#SV) i dist(S)), S!) ¢ e
A set of sbgraphs where all pairs of elements aimilar to each other form a@nstancesetS". We allow for
multiple instancesets describing different classes of simités (such as windows, doors, brickjut these
instances have to consist of disjoinétfeesk;. Please note that we use a aigte function to definsubgraph
similarity, not an equivalence relatiom particular our similarity is not transitive; it is possible thatbgmaphs
0: andg, are similar, as well ag, andgs, but notg; andgs, because the distance between thesdswarger than
the permitted threshold. Therefore, we demand pairsitsdarity of all subgraphs within each instance set. We
might also conpute different maximalnstance sets that contain commobgaphs but which are not the same.
Thus, in practice he result might depend on the subgraph at which the search hasitiegdi This is an irdx
rent problem; in general, a strict eqalance redtion cannot be defined without making #rary decisions
(think of two shapes morphing into each other). Wildrass this problem by resorting to a pairwise matching
criterion and use Random Sample ConsengBANSAC) algorithm [FB87] to maximize the descriptive power
of the tracted nstances.

5.2 The Subgraph Distance Function

As distance functio, we currently use a simple rigid matching function. We consider this a first step im-explo
ing graphbased symmetry detection.i$t at least congaually straightforward to apply momgeneralmatching
criteria such as a graph matching with isometribgathan Euclidian embedding or a fault tolerant comparison
of subgraph topologies.

The rigid matching criterion needs correspondences to be established between feature points in all subgraphs
of an nstance. This will be done automatically during the gramatching algorithm (see Sectiérb). From
these comspondences, a leastjuare optimal transformation matrix is computed that maps cormisggoints
to each other. We then form a score based on the average distaratiref f@ints to their transformed casre
ponding points and average distortion of length of edges in the graph. Two subgraphs are similar, if the rigid
mapping leads to a score below a user ddfiheesholde

5.3 Graph Matching Objectives

Our symmetry deteain criterion is capable of detecting a large variety of vayilmetriesS={S?, &V}
Therefore, we proceed in two steps: First, we want to compute maximal symmetries. However, usually even a
large number of such maxinal solutions exist. Thereforg) a second step, we look farell-supportedsolutions;

we regad a solution as more convincififga large number of coesponding features and instances give evidence
that it is not spurious.

Maximal symmetries: A symmetrysetSis maximal, if no more siilar subgraph can be added to the solution
without violating the previously defined conditioi®ecause of the disjointness requirement, we caimope an
existing symmetry set in multiple, possibly competing, directions: On the one hand, we can &ddahdub-
graphs to an instance set, which means one and the same pattern has been found at more places than previously.
We refer to such an operationiastanceexpansionA second operation is adding more features to an instance.
This means, we retaité same number of pattsrthat are siridar, but make each subgraph larger by adding
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another fature that is reoccurring in all subgraphs
of an instance. We call such an operatiofeature
expansion A third opeestion is adding a newnk
‘§,' : stance set to theysmetry set. This means, we
""" EEE— detect a new pattern, not matchingeyously
(a) regular pattern (b) canonical symnetry known oneghat appears multiple times in outafe
ture graphG. We call such an operationpattern
expansion As all sibbgraphs in a symmetry set are
‘ ; 3 e forced to be disjoint, all of tls® moves are compe
NI 3 = o3 [ ing, leading to different, mually exclusive ways of
; 1 ; e creating maximal symsatry sets. It is easy to see
T I e 5 il that ewmerding all valid, maximal possibiies
might lead to an expongal number of solutions.

- S

<

F

(c) alternative symnetry (d) complex symmetry ) ) ]
In the following, we will developan expasion

strategy that creates maximal sets according te he
rigicregdl arity rules thaxt vyiel
Figure 2: A simge regular pattern can exhibit a large number jmal sets. By restarting the search algorithm on
of maimal symretries. different random initiakationsfollowing the RAN-
SAC paradigm, we compute an éstate of a op-
timal solution in the sense of being tHeest
supported of all regular, maximal solutions.

5.4 Inherent Ambiguities

A fundamental problem in symmetry detection is thengimenon of inherent ambiguities. This can be usider
tood by loding at typical regular pattesithat occur in partigdar in geometrie®f manmade objects. For exa

ple, cansider a wall casisting of an array of bricks, laid out on a simple regular @ffidure 2). We could
consider instances of bricks, cowvg the whole wall. Alternatively, weotild also form instance sets consisting

of subsets of bricks, such ssts ofadjacentbricks or even irregular subsets that reoccur one or more times. Such
regular structures can be described using group théd@PPg: We consier the group of rigid transforan

tions. The transformationB that map regular pattesto a symmetric configuration such as depicte&igure2

can be described by repeated ampiin of geneator transformationss;:

. =G11AG,? ALAG X

where the range of exponentss subject to additional index constraints (in our example, the instance is only
valid foriq, i» | {0,..,3} if T, moves a brick to the left, ankh downwards by one). Given a product that $iass

the index constraints, any multiplication with products of generators will again form a valid instance ifrthe ove
all product still satisfies the constraints.

In order to get reasonable results, we need to resolve these ambigoitiear algorithmwe have decided to
impose an additional regularity constraint to make the algorithm find the simplest and most frequently occurring
instantiation patterns. This will yield the smallest possible subgraphs that are instantiated as much as possible. In
termsof the group of rigid ration, it will try to find soltions with transformations that have no more common
divisor.

5.5 Matching algorithm

With these considerations at hand, we can desigbgraph matching algorithm. Our algorithm is based on a
RANSAC approah: We start with small seedmnetry sets and extend these to maximal sets using #he pr
viously described expansion moves.

Initialization: The outer loop of the RANSAC graph matching algorithm creates the smallest possible non
trivial subgraphs, which aredges from the graph, with candidate espondences. For this, we compare all
edges to all other edges according to our subgraph distansarengiatz. This means, we select glirs €, g)
of edges where the dfires at both end points match betwdlem two edges and the edge length is within the
defined threshold We assign an importance valok(e i dist(g, g)) to each edge correspondersrel add up
the score foall reoccurencesof eachedge thus favoring edges that @ur more frequentlyWe then useni-
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portance samplingcaording to this importance value to randomly create an initial sgtrgnset that contains
only one instance of one single edgeceeoring several times in our model.

Expansion: In order to compute the most regular, the simplest possibléuilding blocks for our symmetry
set we chose to always first perform instance expansion tomiz our current candidate symmesst fol-
lowed by feature xpansion. This means, we first find all edgerespadences to the seld initial edge. A
terwards, we add more features to these initial subgraphs until no more expansion is possible. This second step
considers all edges incident to nodes in the current subgiéfErgth and angles of these outgoing edges match
our errorthreshold in all sbgraphs of the instance, the outgoing edge is added to the model. This step is repeated
until no more expansion is possible. Once an instancenipleted,additiona) digoint instances are computed
by iterating this random s#pling algorithm until no more solutions are fou(umhttern expansion)

Outer loop: The outer loop of the RANSAC algorithm evaluates the symmetry sets obtained this way. We
perform a number of iterations (typically &@esufficient) d the instance search, and theompute a score for
each saltion. The score is given by the number of instancadiplied by the number of subgraphs in each
instance, which again is weighted by the number of features involved in each of these. In this way, we compute
the most compbe solution, where symmetries are best supported in the sense of supported by the largest number
of features and reocming subgraphs found.

Robustness to noiseOur method relies on distingtisble descriptors. If a dataset is very noisy amdm-
plete, his is not the case. To avoidcorrectsymnetries we a@d an ICP erification step in the pattern expa
sion When wehavedecided to take an edge, we use the transformatabiixito copy a small piece of geometry
to the target edge. Only if ICP converdhsre, the edge is takefioo muchnoisealsocauses the algorithm to
detect multiple classes tifie same geometrgue to slight variations in feature cosge, but it still retrieves
symmetries for most object$o solve this, we can apply a second stter a class is completed:aNake ra-
dom edges of the found classmigers and seah for them in the remaining dafBhis step revealall instances
in the noisydataexperimentgFigure 3a right)

6. ICP-basedRegion Growing

Having found symmetric featuremnstellationsas ascribed in the previousection, we now want to transfer
these symmriesto the point cloud We need this step to associate actual geometry with the discrete regularity
paterns we have coputed so farFirst, we consider the case afingle instance set: This means, we are given
symrretric subgraphs with sets ofdeiresF,, &, and rigid trasformatiors T;; that maps every feature point

in F; to the corresponding feature pointfp(as computed by the graph matching algorithrthwhe rigid ds-

tance mesure). We initialize region greing by putting every feature poiktl F; in a priority queuesorted by
distance to the featur@&/e then iteratively pop the priority queue and add Intedging points to the queue if they

fit the suface aroundr; when being transformed bY;; (neighborhood is detmined bya precanputed k-
nearest neighbor graph of the data point cldayplically k = 12). At this point,we need a measure that defines
the distance fromraarhitrary point to the surfa Due to noise in the data and diffeses indiscretizatiorwe
cannot use the trivial nearest nagr approach. Instead we useaiant of an MLSprojection to define the
surface and to measure the distance between tiectd points. To project a i X, we computea local ta-

gent coordinate sfem via principal component analysis (PCA), fit a bivariate quadratimpotial to the data
points in a least squares sense and move the yoimo the computed polynomial. We use andtad Gaussian
window function w= exp( [X|[/s?) to define the spport for PCA and leastquares fting. We adapt the par
meters to the amount of noise andariation in sanpling density Using this surface representation, we also
compute a nomal for the projected poinin order to decide whether pointsandy from two potentially symne-

tric pieces of geometry match, we project both points onto their local surface, then transform the result in one
coordinate system using ;, and measure the distance of the points antheftorresponding normals. If both
differences are within a threshold, we have found a symmetric point on thetgedfor multiple instances, the

test is executed for all pairs of points and considered successful if all paieedWWhile we keep addig points

to a regionthis way we mark every visited point with an id according to thatdee where the region growing

has been startedf a point has been marked withather region id, we skift so that we compute disjoiné+

sults, as in the discretase. As we start from a discreteution that maximizes the miber of subgraphs in its
instances first, and numbers of features involved second, we expect to perform region growing on the simplest,
most elementary building blockBisjoint growing accating to smallest distance now again tries to compute the
simplest decomgsition into building blocks. As demonstrated in the result section, thisskie is not perfect,

but yields reasonable results in practiceorder to handle multiple instance s&t§ we perform the same alg
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rithm simultaneously on all instances. In paiiée, points are assatied with at most one instance so ttie
resulting symmetry sedor the points is still strictly disjoint.

Improving the accuracy: The initial transformatiors T;; are not necessarily the bestatchingtransforna-
tions between two symmetric patches. Bsplly smaller patches tend to have small errors in rotation. When a
sufficient number of neigpboring points are added to the region, we use ICP aligntaeémprovethe transfo-
matiors.

7. Extensions

The scheme can be easily extended to other data modalities than point clouds. As an example, we apply the alg
rithm to bitmap images and triangle meshes. In the latter case, we assume that we have a cdnisistgntly

lated mesh that has gect symmetries up to numerical precision. Détecsymmetric parts is useful in reverse
engineering apptations, where only a triangle soup of some original construction plan is known aniihal
instancing schemlieasbeen lost andhould be recompatl

Images: In the case of symmetry detection images, we employ the standard OpenCV corner detector
[HS8§ in order to compute feature points. As feature descriptor, we compute a simple histbgodon values
within a ciralar neighborhood of fixed sizegdius: 6pixels). We then run the same graph matching algorithm
as in the point cloud case (we actually use the same code, with featurentegicesencapsulated accordingly).
Region growings peformed similar to the point cloud case; however, MLS projections are not necessary and
thus omittedIn order to define theeighborhood f t h e i dwe jus engoy thendhesgbborhood on the
pixel grid.

Triangle meshes:For reverse engineerig i p e iarfgle measlies, tve place one feature point at the bar
center of each triangle and use the vector of sorted side length as desgs@toradditional preprocsag step,
we detect polygons formed by triangles and retriangulate theséstatly, as this tends to be the main source
ofinconsstenc y e ven i n Wepuserthe &giangle medhaconaectivity to create an initial feature graph.
Again, we then execute the same graph matching algorithm. Region growing is rssanede the tiangular
case.

8. Results and Applications

We have implemented the proposed algorithm and applied it to a number of benchmark data setse We
lookedat three different caseSynthetic data, reallorld scanner data and data from other modalities.

Synthetic data: We haveconstructed a data set conisig of a plane withabout50 sketched facemmbossedn
various orientationshgight fields constructed using image editing softydfigure 3(a) shows the resulEvery
instance oftie face is recognized except for the face in the middle that is incorptbie sense that it shares a
double feature with another face, which is not covered in our disjoint symmetries mléalse note thah¢
borders of thedetectedregionresultingfrom region growingare entirely defined by the contact with other i
stances and the bordédext, we have addeGaussian noise with standard d#an s = °10% of the height
field amplitude, which is quite substtal. In this example we used IGRIring pattern expansion, agstribed in
chapter 5.5.

Actual 3D scanner data:We have tested the approach on three differemitworld 3D scanner data sets. The
first example shows a historical artifact with multiple engraved figuresmqfestrias (Figure 3b). Although the
object is marmade and thus shows some shape variation, oarithligy is able torecognize two instanced-a
most completely, up to a smallfien at the head of the horse, where the shape variation is to drastitirthe
figure on the same piece is gedn@lly too different under our employed rigid matching criterion so that no
correspondenceistiect ed. The second example shows a scan of
from the 18th centurfigure 3(c). Similar to the engraved horse, two out of three instances are detected. The
third instance is missed due to noise and acquisition holes. Balconies and windows are detected sEparately.
third exanple is a scan of a smallay house model, which has been hand modeled, therefore showingnenly i
perfect symmetriefFigure 3d). In this example, our algorithm detects all saliemhsetries except from three
small windows where the feature deter wasnot able to provide sufficient coveradeor deteting features on
a smaller scale, such as roof tiles, the resolution of the 3D scan is nciestff
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Triangle meshesand bitmap images We have tested the variant of our algorithm for reverse engineering
perfecttrimg| e meshes on parts of the wemntdinsalamgeamountiofgo wer pl
dundancy but does not provide the original building plan with theritigtn stricture. For this clean situation,
we were able to get again praetly perfect detection results, as shownFigure 3(e). Applcation of our alg-
rithm to bitmap images that show reoccurringiswages also leads to a very good recognition rate. For example,
we were able to fully aomatically dentify the symbols of a circuit diagram and identify reoccurring phrases in
a Japanese translation of the ttad o n a | Ger man pigued). fode to joyo (

Computation time: Our algorithm consists of different steps with varyt@mputational costs: The initial
feature detetion is rather expensive and takes about 10 minutes for the examples shown here. The computation
times of the graph mating and region gming steps were in the range of a few minutes in exeimple. It
depemls on the quality of the input. In the face example without noise, with well distinguishabletbesdti
takes only a few seconds per step. In the noisynple much more time is needegtbuse many ICP testir-
ing pattern expansioare necssary. Inour examples region gnong on the point clousl takes also a femi-
nutes, plus a couple of minutes t@gympute a knearest neigbor graphof the original sample points.

9. Conclusionand Future Work

We have presented a novel approach to symmetry detéstgeometric data. Unlike previous approaches, the
new tedinique is based on a subgraph matching algorithm. The different approach has some advantages over
previous techniques: It does not require the detection of the global symmetry structure priafitay rsamall

scale symretries and can be potenitia generalized to more general matching criteria that cannot be described
by voting in transformation spaces. In this paper, we deliver a proof of concept that such an approach-can actua
ly perform reliablesymmetry detection, by combinirthe novel randomized graph matching algorithm veith

stable and general feature detection technana a region growing geometric vadimn step In future work,

we would like to examine geratizations to isometric mahing (using geodesic lengths on surfaces instead of
rigid Euclidian transforr&ions) as validation criterion, as well as more gené¢opldogy-basedgraph matching
techniques. The gragtased pproach might also be useful in more general shapehmgtprdlems, such as
multi-view deformable regiration.
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(a) Faces synthetic data setileft: features, middledetected subgraphsght: symmetry detection resulthe left imge in each column
shows the plain heightfield and the right image the version svith°10% Gaussian noise.

(b) Engraved horseman (historical artifact) Left: Slippage features, middle: symmetgtection resultright: matching esiduals
(blue = low, red = high). Data set ourtesy of Allan Chalmers.

(c) Zwinger at Dresden(3D scan of the actual building)left: features, middle: symmetry detection result, right: matching resifadh
set ourtesy oMarkus Wacker.

(e) Application to triangle meshes:All instances of the same type are coded in the saloe. For such clean data, we obtain a more or
less perfect recognition performance.

(9) Application to image data: Lefti circuit diagram (from left to right: input, features, feature graph, detected subgraphs, finaesymm
tries after growing; corresponding instance obtain the same color). Rig@panese text; top: input image, bottom: Rgiped subgraphs.

Figure 3: Example data setsith symmetry detection results.
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