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Abstract developed. Hierarchical space or object decompo-
sition reduce the complexity t0(n logn), where
In this paper we present a new framework for col-y, is the number of elements considered, typically
lision and self-collision detection for highly de- triangles, edges, or vertices. Sorting elements along
formable objects such as cloth. It permits to effi-axes can lead to linear complexity in good cases,
ciently trade off accuracy for speed by combiningbut remain quadratic in general. However, these ap-
two different collision detection approaches. Weproaches provide very little control of the compu-
use a newly developed stochastic method, whergation time. Currently, when none of them is fast
close features of the objects are found by trackenough, interactive simulations are impossible.
ing randomly selected pairs of geometric primi-  Our goal is to provide a method which, given an
tives, and a hierarchy of discrete oriented polytopegrbitrary bound on runtime, handles the collisions
(DOPs). This bounding volume hierarchy (BVH) is as exact as possible, hence allowing interactive ani-
used to narrow the regions where random pairs argation of arbitrarily large scenes. In this paper, we
generated, therefore fewer random samples are negropose a new collision detection framework which
essary. Additionally the cost in each time step forallows us to easily trade-off accuracy for computa-
the BVH can be greatly reduced compared to purgion time. It is based on the combination of two ap-
BVH-approaches by using a lazy hierarchy updateproaches: the first manages a set of randomly cho-
For the example of a cloth simulation framework it sen pairs of geometric primitives which iteratively
is experimentally shown that it is not necessary taconverge to local distance minima; the second is
respond to all collisions to maintain a stable simu-based on a hierarchy of bounding volumes which
lation. Hence, the tuning of the computation timehelps us to pick appropriate random pairs.
devoted to collision detection is possible and yields The remainder of the paper is organized as fol-

faster simulations. lows. We first briefly summarize previous work.
Section 3 presents the method based on the con-
1 Introduction vergence of randomly chosen geometric primitives.

The hierarchy of bounding volumes is presented in
Interactive simulation of complex deformable ob- Section 4 before the combination of these two meth-
jects such as cloth, hair, or biological tissues stillods 0 theHierarchy Accelerated Stochastic Colli-
remains a challenge in computer graphics. TWOSlon.Detectlons explained |n.S.ect|on 5. Finally the.
main tasks are involved: computing the dynam_o_btalned results and the validity of our approach is
ics of the objects subject to internal and externafliscussed.
forces, and detecting the collisions between the ob-
jects or within a single object. Though dynamics?2 Previous Work
can now be efficiently handled by methods based
on implicit integration [2], collision detection re- Numerous collision detection methods for various
mains computational expensive due to the inhererpurposes have been developed [18, 13]. Most
quadratic complexity of the problem since each eleof the work however focusses on convex polyhe-
ment may collide with any other one. Therefore ac-dra [17, 21], respectively methods for decomposing
celeration structures for the collision detection arenon-convex objects into convex parts [7]. However,



these approaches are not applicable for highly nonef the scene. Unfortunately, iteratively applied to a
convex objects such as hair or cloth. static scene, the method would repeat the same mis-
Currently, collision detection for non-convex takes while a better method would eventually de-
objects is mostly accelerated by bounding vol-tect all existent collisions. Given the impossibility
ume hierarchies. The bounding volumes appliecf €xamining all object pairs at each frame and the
range from spheres [24, 22], oriented boundingl€ed to examine all pairs to detect all collisions, the
boxes (OBBs) [10], axis aligned bounding boxeseXploitation of temporal coherence by reusing the
(AABBSs) [6, 29], and other discrete oriented poly- Previously obtained results is necessary.
topes (DOPs) [14, 32] to shell trees [15]. Temporal coherence has long been applied to
Most of these approaches, however, are not deigid bodies [6, 11]. Only recently methods em-
signed for deformable models as they rely on prePloying temporal coherence for deformable objects
computed data. Various researchers have tried 32ve been presented [12, 25]. Moreover, they al-
circumvent these problems and to adapt the metHow us to balance precision (i.e. completeness) and
ods to deformable objects by efficiently updating orSPeed. We thus build upon such a method and try to
rebuilding AABBs [29, 9]. It appears that AABBs cnrcu_mvent its cur_rent dra_wbe_tcks, which are later
perform better than more complex bounding vol-detailed. Our main contributions are: (1) an en-
umes like OBBs when dealing with highly de- hanced version of this apprpach, presented in the
formable objects since they can be faster updated€xt Section; (2) a new hybrid method to combine
It has also been pointed out that higher order treel$S advantages with the power of bounding volume
like 4-ary trees or 8-ary trees are more efficient tharierarchies, presented in section 5.
binary trees for deformable objects with many in-
tersecting or close areas like in the case of cloth o5 Active Pairs
human tissue, because fewer nodes need to be up-

dated in each time step and the recursion depth duﬁ:he goal of our new method callddtive Pairsis to

ng ovgrlap tests '_S lower [27, 1_6’ 20]'_ efficiently detect collisions between two meshes or
Besides bounding volume hierarchies recent colgejt.collisions within a single mesh. An active pair

lision detection methods for deformable obje(:tsmay be any pair of geometric primitives (vertices,
have relied on distance fields [5, 8], graphics hardgqges, triangles, etc.) of the concerned meshes. The
ware or image-space techniques [1, 19, 30], angresented method exploits temporal coherence be-
spatial subdivision methods, dividing the scene intqyeen consecutive time steps and provides the user
voxels [33, 28]. with the ability to trade detection completeness for
Methods based on curvature and orientation t@omputation speed. A method similar to our active
accelerate self-collision detection have also beepairs was originally developed in cooperation with
presented for cloth simulation [31, 23].  Self- Raghupathi et al. [25]. In the remainder of this sec-
intersection needs special attention, since thin obtion we therefore present the complete method and
jects are subject to tunnelling effects due to timealso detail our specific contributions.
sampling. To avoid the tunnelling a continuous mo-  puring the collision detection process with the
tion from the start to the end of each time step hagctive pair method at first a set of active pairs is
to be considered as a whole rather than consideringhosen randomly. For reasons of clarity, in the il-

initial and final states separately. Continuous colli-jystration of a self-collision of a deformable body
sion detection has been studied for both dEfOI'mab|g:igure 1) only point-point pairs are shown. Each
[4] and rigid bodies [26]. of these pairs then iteratively converges to a lo-
Generally, a fast method is not enough for in-cal distance minimum by repeatedly replacing each
teractivity. Since realistic scenes can be arbitrarilyelement by its topological neighbor with smaller
large, all the methods mentioned above will eventudistance compared to the other elements (Figure
ally fail to provide interactive frame rates. To ob- 1(a)). If the distance falls below a given proxim-
tain interactivity, we need to allow the user to tradeity threshold, a collision is detected. Often, colli-
off precision for speed during the collision detec-sions between deformable bodies are not isolated
tion between deformable objects. A naive approactbut they are grouped in collision clusters, each of
would simply focus on an arbitrarily reduced subsethem corresponding to a pair of colliding areas (Fig-
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Figure 2: A collision cluster. Two new active pairs
have converged (black lines) and thereby detected
Figure 1: Self-collisions of a deformable object. new collisions (around the lines). In the same time
The active pairs of points are shown in black. (a) Anstep the previously detected collisions have been
active pair has converged iteratively to a local dis-Updated and yield new detected collisions.
tance minimum. (b) A collision has been detected
and the associated collision cluster is encircled. (c) ) o
No active pair is present yet. (d) A collision has hot guarantee to find all the collisions unless we

been detected too late and an intersection already 2!l Possible pairs. Let us denotetection ra-
occurred. tio the number of detected collisions divided by the

number of actual collisions. This ratio as well as
the computation time devoted to collision detec-

ure 1(b)). Especially for this case the active pairtion depends on the number of active pairs we use.
method rapidly finds all nearby collision pairs dur- By tuning the number of active pairs the trade-off
ing the described convergence process. A local dissetween detection ratio (quality) and computation
tance minimum where no active pair is present, suctime (speed) is possible. In the remainder of this
as in Figure 1(c), might eventually lead to an un-section we investigate how to obtain a good detec-
detected collision (Figure 1(d)). The probability to tion ratio and we discuss the consequences of in-
create an active pair in a certain region before atomplete collision detection.
intersection occurs depends in part on the number Robustness is a major question, since we can
of new active pairs we create at each time step. Ifnot guarantee to detect all the collisions. In such
during or at the end of a convergence process, tha case the bodies can intersect each other (Figure
elements of an active pair are far from each otherl(d)), and then it is important to ensure that the col-
or if they are moving apart, then we can considetlision response does not suddenly react by a high
that the probability of detecting a collision by this amount of potential energy which would make the
active pair in the near future is very low. This pair system unstable. When computing the reaction to
can thus be considered useless and discarded.  a collision (edge-edge or vertex-triangle collision),

At each step of the animation loop, we updatewe thus consider edges and triangles as inelastic
each active pair by iterating it until convergence isrigid bodies with non-zero thickness and geomet-
reached at a new local minimum resulting from theric constraints. The velocities are handled simi-
motion of the bodies. Due to temporal coherencearly to [4], while intersections are solved using the
in the animation, the number of necessary iteration§ame method extended to positions. Due to object
is generally small. At each iteration of one pair, stiffness and damping, position and velocity correc-
the neighboring pairs are visited for possible contions are then partly propagated to neighboring el-
secutive collisions and detected collisions are addegiments. An acceptable behavior is thus obtained in
to the list, as well as the possibly new closest pai@reas where a significant number of collisions are
replaces the current active pair. We actually storgletected. Additionally, to handle intersections we
the visited pairs in a hash table and look for thecould apply recent methods for untangling cloth [3].
closest not already visited neighboring pair to avoid The active pairs method described in this paper
tracking the same local minimum twice. Collision strongly improves previous stochastic approaches.
clusters are progressively detected either by growthVhile in [25], only pairs of edges are considered,
around the currently detected collisions, or by thewe generalize to a variety of geometric primitives:
convergence of new pairs, as illustrated in Figure 2combinations of points, edges and triangles. The

With the presented active pairs method, we ca®Pnly requirement is that the distance between two
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primitives must be computable. In addition, voxelstween twok-DOPs is implemented by interval tests
could also be used for volumetric objects. Addi-similar to the common AABB test, indicating dis-
tionally, we start the converging process by usingointness as soon as one pair of intervals is disjoint.
pairs of points, since in this case distance compuThus, the maximal number of interval testskis2
tation is faster than for the other primitives. When(in the overlapping case). In order to detect/all
the elements are close enough, we switch to the eXOP proximities within a distance, eachk-DOP
act distances of the two primitives, since they ards enlarged by an offset af/2 in each of itsk di-
locally more accurate and provide more relevant infections.
formation for collision handling.
In earlier work, for each new collision, the as- 4.2 Hjerarchy Generation
sociated collision cluster was fully detected using a
recursive search. This is extremely expensive anfor k-DOP bounding volumes, as for AABBs, the
can be highly redundant, as several new colliding®Ptimal bounding volume for a node in the hierar-
pairs may appear around the same cluster at eadfy can be easily computed by merging its child
time step (Figure 2). As detailed in the results secbounding volumes. Conversely the hierarchy can be
tion, we found our presented approach experimerefficiently built using a top-down splitting method.
tally much more efficient. In our implementation first the longest side oka
DOP is determined by the face pair with the maxi-
. . mum distance. Subsequently théOP is split par-
4 Bounding Volume Hierarchy allel to this face pair through its center. As some
polygons are generally cut by the splitting plane,
Using only a stochastic method to find new closeney are assigned to that child node which would
regions between two meshes has a major drawbackgntain the smaller number of polygons. In the
The candidate pairs, where the iterative search fogwer hierarchy levels, if all polygons happen to be
the close regions begins, are, by the design of thgyt, each of them is assigned to its own node. Fi-
method, randomly distributed over the completeng)ly, as the corresponding vertices for the node are
mesh. Nevertheless, often the close regions b&mown, thek-DOPs can be optimally fitted to the
tween two meshes are restricted to a rather SmaUnderIying faces. Although this method is simple,
area of the complete mesh. it turns out to be efficient on the one hand and to
To overcome this drawback of the pure StOChaStiQ)roduce well balanced trees on the other hand.
collisions detection we combined it with a bounding Previous approaches emp|0yed binary trees to
volume hierarchy ok-DOPs. In this section we de- store the hierarchy since they require the smallest
tail the bounding volume hierarchy used, its advannumber of overlap tests. However for deformable
tages over other possible choices, and our strategighjects 4-ary trees or 8-ary trees have shown bet-

for accelerating the hierarchy update. ter performance [20]. This is mainly due to the fact
that fewer nodes need to be updated and the total
4.1 Bounding Volumes update costs are lower. Additionally, the recursion

depth during overlap tests is lower and therefore the

We have chosek-DOPs as bounding volumes, be- memory requirements on the stack are lower. For
cause they usually fit more tightly around meshesur results we have chosen 4-ary trees and did not
than spheres, while being much faster to update thagee significant differences to 8-ary trees.
OBBs [29]. Generally, the hierarchy update re-inserts the ver-

A k-DOP [14] is a convex polyhedron defined by tices into the leak-DOPs and builds the innes-
k halfspaces. The halfspaces are given by their noPOPs by unifying thek/2 intervals of the child
mals which are the same for altDOPs. If the bounding volumes. Because this hierarchy update
set of directions is chosen to be the positive anadtan be costly we use a lazy hierarchy update. In this
negative x-, y-, and z-axes, thénDOPs are just scheme, parts of the hierarchy, where vertices did
AABBs. not move more than a certain distance, can be omit-

Thek-DOP bounding volume is built by inserting ted during the hierarchy update. Thus, the hierarchy
points into an initially emptyk-DOP by updating update is accelerated for slow parts of the scene and
its k/2 intervals accordingly. The overlap test be-for small time step sizes. As detailed in Section 5
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this lazy update perfectly fits to our stochastic ap- update(A and B) buttom-up as detailed in Section 4.2

proach. traverse(A,B)
if A and B do not overlaghen
return
5 Combined Method end if

if A and B are leavethen
. . _return intersecting leaves (DOPs)
Having presented the separate methods in the previ- else

ous sections, we now will focus on the combination for all children A[i] and B[j] do

of stochastic collision detection andkaDOP hier- ent(;ﬁ}\é?fse(A[i],BU])
archy. end if

Bounding volume hierarchies have been shown stochastic Detection as detailed in Section 3, while
to be very efficient for collision detection of de- picking the active pairs out of the intersecting leaves
formable objects [29, 16, 20]. Nevertheless they ofAandB.
have two major drawbacks. First, the hierarchy
needs to be updated in every time step due to thg Resylts
deformations of the objects, which is very time con-

suming. Second, bounding volume hierarchies argo show that a detection ratio below 100% is suf-
usually built around triangles or tetrahedrons, andicient to ensure a stable simulation we used the
return colliding or nearby pairs of these. Neverthehounding volume hierarchy method (100% detec-
less an efficient and physically correct collision re-tion ratio) and carried out the collision response
sponse needs to be employed on the vertex levebnly for randomly selected collisions. Even for a
Therefore, in a second collision detection step, allery challenging cloth simulation (very thin object,
close triangle pairs are checked for proximities bej e, high risk of interpenetrations) we experimen-
tween two edges, or a vertex and a triangle, whergy|ly found that a response (detection) ratio as low
the necessary collision response can be easily ags 209% can be enough (Figure 4) to get good visual

plied. results.
In the previously presented stochastic collision

detection, the C.0||I.S.I0n getectlon is carried out d';jﬁ.l Comparison with other methods
rectly on the primitives; to do so, edge-edge an
vertex-triangle distances have to be computed. Fowe compared our method with two other methods:
most collision response schemes this measuremeréssimple stochastic approach as described in Section
are needed as well. However the drawback of the without hierarchy acceleration and an efficient hi-
stochastic collision detection is that there exists n@rarchical bounding box method basedieBPOPs
control at all where the random pairs are placedas described in Section 4. As a test framework, we
Due to this equal distribution across the whole col-incorporated the collision detection module into a
lision objects, most random sample pairs may beloth simulation system.
generated in areas without any collision. For a static scene (torus and ellipsoid) we show
Our new approach combines this stochastic colthat the detection ratio of our presented method
lision detection with a bounding volume hierarchy.rapidly converges to 100% (Figure 3). The con-
In this combination, the drawbacks of both methodssergence is much faster than with a pure stochas-
can be minimized. The process involves two stepstic method, because all randomly picked pairs are
first a collision detection on the-DOP -hierarchyis already close to local minima. To achieve the
performed, returning all colliding leaves of the hier- same speed of convergence with the pure stochas-
archy tree. Each leaf can contain a specified numbeic method, many more random pairs are necessary.
of triangles or other primitives. Then in the second For a dressed woman (Figure 4) and a dressed
step, a stochastic collision detection as described iman (Figure 5) the combined hierarchy accelerated
Section 3 is performed, where the random samplgtochastic collision detection shows a much lower
pairs are created only on the colliding leaves. collision detection time than the pure bounding vol-
The algorithm for the collision detection processume hierarchy or the stochastic method (see Table 1
between two objects with the corresponding BVHsand 2). This is because it is not necessary to recom-
A andB is then: pute all collisions in every time step; instead, one



obtains temporal coherence by keeping a list of col
lisions from step to step. Beyond that, the stochasti| 10+ ]
method is directly employed on the colliding primi- ///J/_/_/-)F**'/'

tives (vertices, edges, triangles, etc.) and no furthg _ o
—e—with hierarchy
—=—without hierarchy

computation is needed as for the pure hierarchicg
method. Additionally, as detailed in Section 5, the
hierarchy update is faster and the detection of col
liding DOPs can be faster as more faces are put int
a DOP and therefore fewer DOPs are in the hierar
chy. Compared to the pure stochastic method th{ ,
combined framework achieves a much higher de
tection ratio with the same number of random sam; | ‘ ‘ ‘ ‘ ‘
ples, because they are only generated in "definitel 1 4 7 10 13 16
close” areas. We note that in our set-up the pur imestep

stochastic method needs about three times as much

random samples to achieve the same detection ratio. _ _ ) _
Figure 3: Detection ratio depending on time step.

We also challenged our presented method witlFor same number of randomly created candidate
a complex catwalk animation. Therefore we com-pairs per time step, the presented method converges

puted this dynamic scene with two different settingmych faster than the pure stochastic method.
of our method. Once with 100 new active pairs per

time step and once with 50 new active pairs per time collision detection setup k-dops active p. combined

80 4

70 4

detected collisions in %

step. During the animation we thereby achieved Total Collision Detection 16.5 213 5.8
collision ratios between 40% and 80% (Figure 6(b)) Hierarchy Update 1.9 13 13
Detection of colliding DOPs 4.4 0 2.3

respectively 20% and 70% (Figure 6(c)). For both

settings the catwalk simulation remains stable dur-

ing the complete time of 16 seconds (400 frames offable 2: Collision detection times for the dressed
1600 time steps). Single frames of this simulationman (avatar 25000 faces, shirt 4400 faces, trousers
are compared to the results of a collision detectio000 faces) measured in seconds for the simulation
with a pure BVH (Figure 6(a)) and a detection ratioof 50 time steps.

of 100%. The corresponding calculation times are

compared in Table 3 and show that without a sig- . .

nificant loss of quality a speed-up of a factor two is6-2 ~ Discussion and future work

possible_. With less quality an even larger speed-uplthe presented work helps to significantly speed up
was achieved. simulations and can, for example, be employed in a

All measurements of computation times in this rapid-prototyping environment for cloth or in a real-

paper were made on a 2.4 GHz Pentium IV withtime simulation of tissue. The active pairs approach
1GB RAM. allows tuning of the computation time by limiting

the number of geometric elements processed at each
time step. A significant speed-up has been obtained
Collision detection setup k-dops active p. combined With respect to an efficient method based on bound-

L{Jtal C%”islzoréDetection 3%-2 9(1]-3 lg-g ing volume hierarchies. Conversely, the bounding
ierarchy Update . . . . . -
Detection of colliding DOPs 1.1 0 53 Vvolume hierarchy approach provides us with a con-

venient way to initialize relevant active pairs. Com-
bining these two approaches seems promising.
Table 1: Collision detection times for the dressed Though this framework has always shown to be
woman (avatar 53000 faces, dress 3800 faces) megyster than pure hierarchical methods and yielded
sured in seconds for the simulation of 100 timegiaple collision results for all tested examples, we
steps. have to mention that there is no guarantee that the
simulation is always stable for a certain collision
ratio, and there is no absolute guarantee to obtain



Collision q§tection setup k-dops 100 act. p. 50 act. p. the ACM Symposium on Virtual Reality Soft-
L?é?;ﬁﬂ";ﬂ%%;eetemon 332 123 12;’ ware and Technology, VRST, Taipei, Taiwan
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[2] D. Baraff and A. Witkin. Large Steps in Cloth
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GRAPH pages 43-54, 1998.
D. Baraff, A. Witkin, and M. Kass. Untan-
gling cloth. ACM Transactions on Graph-
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22(3):862-870, 2003.

a certain collision ratio for a specified number of [4] R. Bridson, R. Fedkiw, and J. Anderson. Ro-
active pairs (as with any other non-exact method) bust treatment of CO"iSionS, contact and fric-
In the future, we plan to apply this framework tion for cloth animation. ACM Transactions
to other kinds of geometric primitives, such as vox- on Graphics 21(3):594-603, 2002. Proc.

els, to implement continuous detection to avoid tun- ~ ACM SIGGRAPH 2002.

nelling effects, model and handle the collision clus- [5] R. Bridson, S. Marino, and R. Fedkiw. Sim-
ters more efficiently, strictly bind the computation ulation of clothing with folds and wrinkles.
time, and design reaction methods more suited to  In Proc. ACM/Eurographics Symposium on
scattered collision modelling and late intersection ~ Computer Animationpages 28-36, 2003.
discovery. Additionally it would be useful to find a [6] J. D. Cohen, M. C. Lin, D. Manocha, and
more theoretical approach to these new techniques M. Ponamgi. I-COLLIDE: An Interactive and

to be able to dynamically set the number of random  Exact Collision Detection System for Large-
pairs or to predict the collision ratio. Scale Environments. [iBymposium on In-

teractive 3D Graphicspages 189-196, 218,
1995.
[7] S. A. Ehmann and M. C. Lin. Accurate and
We have presented a new framework for collision fast proximity queries between polyhedra us-
detection between deformable objects. It is the first ~ ing convex surface decomposition. @om-
to efficiently allow a tunable trade-off between ac- puter Graphics Forunwvolume 20, pages 500—
curacy and computation time. Since collision de- 510, 2001. ISSN 1067-7055.
tection is the main bottleneck in the animation of [8] A. Fuhrmann, G. Sobotka, and C. Gross. Dis-
deformable surfaces, we believe that it is a firststep ~ tance fields for rapid collision detection in
toward an efficient control of computation time in physically based modeling. RRroceedings of
interactive applications. GraphiCon 2003pages 58-65, Sept. 2003.

[9] F. Ganovelli, J. Dingliana, and C. O’Sullivan.
Buckettree: Improving collision detection be-
tween deformable objects. Proc. of Spring
Conference on Computer Graphics SCCG,’00
2000.

[10] S. Gottschalk, M. Lin, and D. Manocha. OBB-
Tree: A hierarchical structure for rapid in-
terference detection. In H. Rushmeier, edi-
tor, SIGGRAPH 96 Conference Proceedings
pages 171-180. ACM SIGGRAPH, Addison
Wesley, Aug. 1996.
[11] L. J. Guibas, D. Hsu, and L. Zhang. H-
walk: Hierarchical distance computation for

Table 3: Collision detection times for the catwalk
animation (avatar 53000 faces, dress 3800 faces)[3]
measured in seconds for the simulation of 1600 time
steps.

6.3 Conclusion
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Figure 4:Dressed woman (avatar 53000 faces, dress 3800 faces) with 100%, 20% and 10% collision re-
sponse ratio.

Figure 5:Example of stochastic collision detection and response in a cloth simulation (avatar 25000 faces,
shirt 4400 faces, trousers 4000 faces).

@ (b) (©

Figure 6:Catwalk animation calculated with a BVH collision detection (a), and the presented Hierarchy
Accelerated Stochastic Collision Detection (b) and (c) (avatar 53000 faces, dress 3800 faces).



