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abstract

Collision detection is a fundamental operation usedin a variety of areassuch ascom-
puter graphics,computer animation, robotics, computational geometry, visualization
and more. Often the problem of detecting collisions turns out to be the bottleneck
of the application. The reasonis that in involves testing pairs of primitiv es, thus
quadratic in nature. Hence,when large datasetsare usedin real-time applications, it
is most important to have collision tests donee�cien tly .

The collision detection problem hasbeenstudied extensively in the literature and
many algorithms have been developed in this area. However, the research of the
variant of collision detection in which objects may deform is still new and was not
exploredwidely. It is agreeablethat there is still a lot of room for improvements. The
known collision detectionalgorithms might perform very poorly whenobjects deform
sincefurther actions have to be taken as a result of a more complexmodel. In such
cases,thosealgorithms might be found unsuitable.

We survey the work that have beendone in collision detection in generaland in
collision detection of deformablemodels in particular.

We plan to research collision detection of deformablemodels in order to develop
e�cien t algorithms that will perform well in practice. We describeour current status,
the application we developed and our future plans.
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Chapter 1

In tro duction

Collision detection is an important operation in dynamic and deformablemodels.
Most usually when collision occurs, a speci�c reaction should follow. For example
changing the velocity and direction of movement, merging objects, modifying the
topology, breakingobjects into separatesmallerpiecesand more. Frequently, collision
changesthe 
o w of the software at hand. For instance,when a robot is detectedto
collide with the object it has to lift, its task will changefrom detecting the object
into carrying it [7].

Thereare two main reasonsfor the needfor e�cien t collisiondetectionalgorithms:
real-time environments and large models. Most often collision detection is performed
in real-time environments that requirean interaction with users.Unlessthe detection
is fast enough,it losesits relevanceand results in awkward performance.Frequently,
the modelsthat are usedconsistof very large geometricmodelsthat consumea lot of
time to process.Brute-force algorithms to detect collision take � (n2) detection tests
for n primitiv es. Such performanceis undoubtedly far from su�cien t, thus much
more e�cien t techniquesmust often be used.

Approaches to collision detection can be divided into two main classesof algo-
rithms. The �rst one is feature-basedwhich usestemporal and spatial coherenceto
maintain the closefeatures. Oneexampleis to tile a grid of voxelsand assignobjects
to the voxels that contain them. The secondand most widely classuseshierarchical
bounding volumes(or BV, for short). The idea is that levels of bounding volumes
cover the objects. At the top level, the bounding volume bounds the entire model,
and at the bottom one, it boundsprimitiv es. In between,it boundssubsetsof prim-
itiv e (seeSection2.1 for more details). The useof both classesis to e�cien tly prune
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4 Chapter 1. Introduction

subsetsof primitiv es that are well separatedsuch that two primitiv es in di�eren t
subsetscannot undergocollision. There were few hybrid methods that combined the
two classes.

Deformablemodelsis an areathat is widely researchedin previousyears. The idea
is to de�ne rules that generatedeformations. Frequently the target is physics-based
simulation in which real world modelsare desired. In this areareal-rime performance
are often required, thus the algorithms should be e�cien t.

When objects can deform, the situation is more complicated for detecting colli-
sions. Unlike with rigid bodies,a deformableobject may undergoself collision which
hasto be testedaswell. More importantly , the e�ciency of the data structureswede-
scribed above may degradesigni�cantly . The reasonis that the static nature of rigid
bodies cannot be exploited anymore. Consider,for example,a BV data structure. It
is usually constructed in a preprocessingstep and remain static during the simula-
tion. This is most appropriate whenthe objects are rigid. However, whenthe objects
deform, the BV hierarchy quality might degradein the form of very big bounding
volumeswhich result in many morecollision tests to perform. In such cases,it might
be neededto reconstructor update the BV in order to maintain e�cien t performance.
However, those tasks might take signi�cant time. As a result, data structures that
perform well with rigid bodies might not be suitable to deformablemodels. There
is still no convincing technique that provides good solution to the above problem in
the form of performancethat can be comparedto rigid body simulation. Someof
the research dealing with deformablemodels madedi�eren t assumptionson the dy-
namicity of the model, thus obtaining niceperformancewith the techniquesdiscussed
above. However, those assumptionposea limitation and suitable to certain models
and situations.

We developed an application to simulate particles moving freely in 3D. Particle
simulation canbe applied in several applicationssuch asmolecularmodeling and can
be extendedto simulate polygonal mesheswherethe particles represent the vertices.
We detect the collisions among the particles using two algorithms: the �rst one is
the DeformableSpanners[13] and the secondusesregular grid of voxelsthat hold the
particles. Those two techniquesare opposite in nature. The �rst one usessophisti-
cated data structure that behaveswell in theory, while the secondone is very simple
with no good worst casebound. We were interestedto take thosetwo as instancesof
techniquesand to understandunder which circumstancesoneoutperformsthe other.
We plan to test more techniquesand try to optimize the processby, for instance,
mixing di�eren t techniquesin di�eren t situations to achieve hybrid work. We tested
our software and present experimental results.
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The rest of this report is constructed as follows: We start by describing and
surveying the area of collision detection in Chapter 2. In Chapter 3 we present
the collision detection of deformablemodels problem and survey related work . We
describe our work on collision detection and plans for the future in Chapter 4. We
concludein Chapter 5.
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Chapter 2

Collision Detection

As we mentioned in Chapter 1, approaches to collision detection can be divided
into two main classesof data structures. Both cometo speedup collision detection
performanceby pruning collision tests betweenprimitiv esthat are too far to collide.
Most collision detection algorithms usea data structure that belongsto oneof these
classes.Interestingly, within thoseclasses,there is still a huge room to usedi�eren t
approaches in order to speedup performancein certain situations and models. The
ideasbehind both are simple and usually easyto implement. For more background,
we refer the reader to surveys done in this area [30], [24]. Next we present both in
depth.

2.1 Hierarc hical Bounding Volumes

The basic idea of the BV approach is to maintain a hierarchy of bounding volumes
that cover the entire model with geometric objects, most usually using a trees. A
typical way of such is the following. On the bottom of the hierarchy, each atomic
primitiv e (or, lessfrequently, a few ones)is boundedseparately. Then we gradually
bound groupsof bounding volumesor primitiv e subsetsaswe climb up the tree until
weconvergeto oneBV that boundsthe entire model at the root. Figure 2.1 illustrates
the idea. 1

Collision detection queriesare performedtop-down, comparingthe di�eren t BV's

1This example illustrates eight separateprimitiv eswhile usually setsof rigid bodies composedof
many primitiv esare involved. We chosethis example for the sake of simplicit y.
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8 Chapter 2. Collision Detection

for overlappingand prune onesthat do not overlap. More precisely, it is performedas
the following. We start from the root, gradually descendalongthe tree, testing nodes
that possibly overlap. For each node, we check if its children overlap. If they do, we
go onelevel down and check all its grandchildren for overlap (6 such tests) and soon
further down. In any case,whenwe processa node we proceedindependently with it
for detecting collision betweenprimitiv esthat are placedbelow. When we reach the
leaves,we explicitly perform collision detection of the corresponding primitiv es. See
Figure 2.2(b) for an illustration for the work on the input at Figure 2.2(a) in which
ellipsoid 3 translates. A modi�cation of this algorithm which is usually adapted, is
whenever two children overlap, we check the one with the smaller bounding volume
with the children of the other. SeeFigure 2.2(c) for an illustration of the sameinput
in Figure 2.2(a). It is immediatefrom the processabove that it is very important that
closeprimitiv esbe placedcloseto each other in the tree. By doing so, we maintain
smaller BV's and lessoverlapping tests to perform in general.

Sometimesit is necessaryto update the BV hierarchy whenobjects transform [26].
This is performedby updating the BV alongthe hierarchy from the leavesall the way
up to the root. SeeFigure 2.3 for an illustration wherea particle translates,resulting
in updating the ancestors'BV. In casesa rigid body transforms, all the BV's of the
tree have to be recomputedin such a bottom-top manner.

2.1.1 Designing Bounding Volume Hierarc hies

It is important to adapt the appropriate BV type to the model at hand in order
to achieve e�cien t performance. In this section we describe many designattributes
that one has to considerwhen coming to designcollision detection algorithm with
hierarchical bounding volumes.All theseattributes wereeither applied or considered
in the literature. In Section2.1.2wepresent many examplesrelevant for the discussion
below.

Bounding volume typ e. This property determinesthe geometric type used to
bind the objectsof the model. Frequently, the following formula is usedfor measuring
the e�ciency of each type:

T = Nv � Cv + Np � Cp + Nu � Cu (2.1)



2.1. Hierarchical Bounding Volumes 9

Figure 2.1: Di�eren t levels of hierarchical BV: the model is on the left of each sub
�gure and its respective data structure appears on the right. Di�eren t sub �gures
highlight di�eren t levelsof the hierarchy.

(a) (b) (c)

Figure 2.2: Testingfor Collisions. Nodeswith the sametexture are testedfor overlap.
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Figure 2.3: Updating the BV when an object transforms.

Nv is the number of bounding volume pairs tested for overlap, Np is the number
of primitiv epairs tested for collision, Nu is the number of nodesin the hierarchy that
require updates (in caseupdates are necessary)and Cv, Cp and Cu are the costsfor
theseoperations, respectively. It is important to emphasizethat there is a trade o�
betweenthe numbersof tests represented by Nv and Np and the cost represented by
Cv and Cp. The more simple the bounding volume is, the bigger are Nv and Np,
but the smaller are Cv and Cp. Consider for examplean axis aligned bounding box
(AABB for short). The test for overlapping is very cheep,but we might have a lot
of redundant computations to perform asAABB might approximate the elements at
hand very poorly. This is the case,for example,with long-thin oriented polygons.
Their AABB volumesare much bigger, resulting in possibly many tests for overlap
that might be prevented had we allowed the bounding volume to orient (obtaining
oriented boundingbox or OBB for short). The BV would have beenmuch smallerand
approximate the primitiv esmuch better in such case. The result would be possibly
much lessoverlapping tests. However, the computationsinvolving OBB, both �nding
the bounding volumesand the overlapping test betweentwo OBB's, are much more
complicatedand time consumingthan thoseof AABB.

Gottschalk et al. [14] suggestthat simple BVs like spheresand AABB would
perform very well whentwo modelsare far apart but whenthey are in closeproximit y
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with multiple number of closestfeatures, the number of tests increases,thus more
complicatedBV's might work better.

Among the BV used in the literature we can mention spheres, AABB , OBB,
discrete orientation polytopes(k-dops), Spherical Shells, convexhulls and C-trees.

Ob ject perm utation within the data structure. We mentioned that locality
in bounding elements is very important in order to reducethe number of overlapping
tests. The questionthat is raisedhere, is how to achieve good locality. We could do
it by �nding the best matchesof a completegraph for each level of the tree, but the
costswould be exponential. Another possibility to obtain good approximation is to
usea greedyalgorithm in which for each group of primitiv eswe search for the closest
onesand bound them together. Sometimes,we can exploit model properties, such as
an embeddedsubdivision within the model.

Data structure up dates. Sometimesit is necessaryto update the BV [26]. In
this case,when an object transforms, we update its respective BV's, starting from
the leaf, all the way to the root. This processcould be costly and must be integrated
into the BV decision.

Appro ximation. Sincea collision detection query might be costly in certain sit-
uations, it could be possibleto stop at certain level of the hierarchy and to decide
whether a collision exists basedon the current overlapping. The question that rises
here is how good the BV approximates the primitiv e.

Degree of the data structure. This attribute determinesthe possibledegreesof
each node of the data structure. Frequently a binary tree is used, but other trees
(for instancewith degrees4 and 8) have beenusedaswell. Bigger degreesshould be
applied when there are more chancesfor collisions, thus reducing the height of the
tree.

Data structure construction: top-do wn or down-top. Determines how to
construct the BV tree. In the top-down approach, the entire model is gradually
subdivided according to somecriterion. In the down-top approach, primitiv es are
paired at �rst, and then BV's are paired, converging into the root.



12 Chapter 2. Collision Detection

Figure 2.4: Wrapped (left) and layered(right) spherehierarchies.

Detect or Rep ort. If reporting the colliding primitiv esis not important, it would
be desirableto apply an algorithm that only detects collision, which might be less
costly. Most of the work doneso far concentrated on reporting.

Data structure typ e. Most usually, treeswereapplied. However, there werecases
in which DAG was preferred.

Wrapp ed Hierarc hy vs. Layered Hierarc hy. There are two possibleways to
build a hierarchy of BV's [1]. In a layeredhierarchy, each BV is a result of bounding
its immediate children. In a wrapped hierarchy, the BV correspond to the bounding
volume of all the primitiv es(located at the leaves) in the respective sub tree. While
the �rst one is easier to build and maintain, the secondone better approximates
the model, allowing tighter BV �tting. It was shown that they produce the same
hierarchiesif the BV is K-dops (AABB is a special caseof a K-dop). Figure 2.4 (from
[1]) depicts the two kinds of hierarchieswhen sphereswere usedas the BV.

Hybrid data structure. It might be worthwhile to usedi�eren t BV at di�eren t
levels of the hierarchy. For example,using a tighter bounding volume at the top in
order to decreasethe number of branchesusedgreatly, but using lesstight and simple
bounding volume at lower levels.
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2.1.2 Related Work

In this sectionwe present related research and highlight the contributions and inter-
esting ideasof each. We emphasisthat this list is not completeand new results are
publishedvery often.
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(a) (b) (c)

Figure 2.5: The work with oriented bounding boxes.

OBBT ree: A Hierarc hical Structure for Rapid In terference Detection (Gottsc halk
et al.) [14]

This work usedOBB (Oriented Bounding Box - a rectangular bounding box at
an arbitrary orientation in 3-space).They wereable to test two OBBs for overlap in
about 100 operations on averagewhich is about one order of magnitude faster than
previousalgorithms. They showed that although the computationsinvolvedaremore
complicatedthan the oneswith AABB, the performancewith OBB is asymptotically
faster in many situations. In order to create the BV tree, they used a top-down
approach in which they partition the polygonsaccordingto which side of the plane
their center point lies on. Figure 2.5(a) depicts the hierarchy of OBB. Figures2.5(b)
and (c) depict the method used for testing overlap of two OBB's. It is done with
projection onto di�eren t axes| �fteen projections are required in the generalcase.

E�cien t Collision Detection Using Bounding Volume Hierarc hies of k-
DOPS (Kloso wski et al.) [26]

This work applied discrete orientation polytope (k-dop) as the bounding volume.
k-dop is a convex polytope whosefacesare determinedby the union of k half-spaces
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Figure 2.6: A comparisonof three BV for the sameobject. From left to right: AABB,
OBB, k-dop.

formed from the set of planes whosenormals are chosenin k di�eren t �xed direc-
tions and whoseposition along the normal is de�ned by the extreme point of the
object in the normal's direction. A comparisonwith AABB and OBB is illustrated
in Figure 2.6. This kind of bounding volume allow 
exibilit y using di�eren t k's for
balancing betweenthe time to test overlap and the tightnessof the approximation.
When k is large, the respectivek-dop approximate the convexhull. Figure 2.7depicts
di�eren t levelsin the hierarchy with di�eren t setsof k-dops. This work wasaimedfor
virtual reality in which someof the parts are stationary and the others are dynamic.
Thus the primitiv eswere partitioned into two respective sets. They show that it is
important for the k-dop orientation normalsto comeaspairs of collinearand opposite
oriented vectors and that two k-dops to have the sameset of respective half-spaces
in order to make the overlap test e�cien t. Under those assumptions,overlapping
test is simply performedby k=2 interval overlap tests, which is as trivial as checking
two AABB's for overlap and simpler than the checks betweentwo OBB's or convex
hulls. The idea is that two k-dopsdo not overlap if at least one results of projecting
onto oneorientation of the k-dop do not overlap. Sincethey allow objects to rotate,
during each rotation the k-dop hierarchy must be updated to maintain the samek-
dop orientations. Sincethis update can be costly, they developed two approximation
approachesthat work well in practice. Their hierarchical data structure wasa binary
tree which was built in top-down approach. The split was accordingto a plane or-
thogonal to oneof the three coordinate axes,such that it is alignedto a representativ e
point on the splitting triangle. The axis was chosenbasedon objective functions on
the volumes that the children occupy (such as min-max). They comparedamong
thosefunctions.
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Figure 2.7: Di�eren t levelsof the hierarchy with di�eren t k's and orientations. Each
squarecorrespondsto di�eren t level, while insideeach, four di�eren t k's with di�eren t
orientations are used.

Appro ximation Hierarc hies and S-bounds (Stephan Cameron) [7]

S-bounds were developed to speed up the interferencedetection among robots.
They provide a way of localizing the search for collisions, thus speedup the query.
They aregeneratedby forming alignedboxesof the primitiv esin the model. Consider
Figure 2.8. It illustrates a robot and a stationary set. The task is to detect a
collision betweenthe two (Figure 2.8(a)). Then the bounding box of each primitiv es
is computed(Figure 2.8(b)). Figure 2.9(a) illustrates the work on the boundingboxes.
The primitiv esof each object are united, providing a bounding box of both. Then an
intersectionof the two is computed (denoted by I ). Thoseare the two rectanglesin
Figure 2.8(c). The next step is to �nd the primitiv esthat intersect I (Figure 2.8(d)).
This processis reiterated until it convergesinto small elements that are explicitly
tested for collision (Figure 2.8(f)). This schemewas also applied with convex hulls
(Figure 2.9(b)). A 3D illustration is provided in Figure 2.9(d).
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Figure 2.8: The stepsin detecting a collision betweena robot and a stationary set.

(a) (b) (c)

Figure 2.9: S-bounds
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Box-T rees for Collision Checking in Industrial Installations (Ha verk ort et
al.) [19]

A box-tree is a hierarchy which usesAABB. The starting point of this work was
that a query time for box-tree is O(n

2
3 + k), wheren is the total number of boxesand

k is the number of boxes intersecting in the query range. This bound was referred
asdisappointing. This work describesan algorithm that generalizesa 2D kd-interval
tree to 3D, while partitioning the input boxes into three subsets,according to the
orientation of their longestedge,and construct separatebox-trees for thesesubsets.
The worst casequery time achieved was poly-logarithmic, when working on CAD
modelsof industrial installations. There areother settingsin which such performance
cannot be achieved.

Spherical Shell: A Higher Order Bounding Volume for Fast Pro ximit y
Queries (Krishnan et al.) [28]

This work demonstratesthat BV could be pretty exotic. The BV chosenhere is
an intersectionbetweenthe spacebetweentwo concentric spheresand a conewhose
apex coincides with the common center of the two spheres. SeeFigure 2.10 for
an illustration. While the overlap test is only slower by a small factor compared
to OBB, they provide local cubic convergence(the BV approximates the surface
accurately up to the secondorder if the surfaceis expressedas a Taylor's series)to
the underlying geometry. This results in improved overall performancefor proximit y
queriesbetweentwo objects in closeproximit y con�gurations or betweentwo objects
with high-curvature surfaces.

Appro ximating polyhedra with spheres for time-critical collision detection
(Hubbard) [22]

This work useda hierarchy of bounding spheres.The idea is that spherescenters
werepositionedat the medial axis of the object in questionwhich wasapproximated
by voronoidiagram(Figure 2.11(a)). Then sphereswereplacedat the voronoivertices
and then the boundinghierarchy wasgeneratedaccordinglyby mergingclosespheres.
An octree of sphereswas also applied (Figure 2.11(b)). They listed a number of
requirements the preprocesswork of building the BV tree should meet: it must be
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Figure 2.10: A sphericalshell

automatic, building useful hierarchies without user intervention, must ensurethat
each hierarchy is an e�ectiv e search structure (e�cien t pruning) and generatesthe
best tight �t in each level of the hierarchy as possible.

2.2 Feature-based and Spatial Subdivision

The idea is to subdivide the spaceinto separateregionssuch that each holds a list
of primitiv eswhosereferencepoints intersect it. Then, in order to test for collisions,
it is su�cien t to test primitiv es in the sameregion or in two regions that share a
common boundary. Clearly the regionsshould be designedsuch that no primitiv e
intersectstwo non-neighbor regions,making the above heuristic useless.Among the
subdivisions usedin the literature, we can list uniform grid of unit voxels, oct-trees,
bsp-trees,kd-trees and R/R*-trees. The �rst one is very simple spatial subdivision
but it corresponds to a subdivision that is independent of the model shapes. Hence,
it could be very useful when the shape is distributed uniformly, but may behave
badly if many primitiv esare placed in few voxels, resulting in a quadratic behavior.
Data structureslikeoct-treesand bsp-treesareexamplesof feature-basedsubdivisions
that cometo correspond to the shapes of the model. Thus, they better distribute
the primitiv esalong their structure than the simple grid, resulting in potentially less
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(a) Spheresare placedaccordingto the medial axis (b) Octreesof spheres

Figure 2.11: Spheresare usedto bound the objects.

collision tests to perform for each query. However, they are more complicated and
require more time for construction and updates.

2.2.1 Subdivision Data Structures

In this section we present popular subdivisions that have been used for collision
detection tests.

Uniform Grid. The spaceis subdivided uniformly into a grid of cubes, or vox-
els. Only voxels that actually contain a referencepoint of primitiv esare explicitly
allocated. They hold lists of the corresponding primitiv es. Then the collision de-
tection query is performed by testing all pairs that belong to the samevoxel or to
two neighbor voxels (that sharecommonboundary). The idea is that two primitiv es
whosereferencepoint belongto non-neighbor voxelsare too far to collide. This data
structure requiresupdatesasobjects translate from onevoxel to another by updating
the voxels' lists.

Oct-T rees The idea is to subdivide the spacehierarchically to eight octant around
a point by three axis aligned planes tangent to that point (this point should be
determined as the center of the region being subdivided in somesense). Each box
created in this processis subdivided only if the number of primitiv es it contains is
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(a) (b)

Figure 2.12: An octree: (a) the spacesubdivision (b) the respective octtree

above someprede�ned threshold. The subdivision terminates also if the current box
is smaller than another threshold. Only leavesof the corresponding tree hold lists of
primitiv es. The result is a subdivision that correspond to the primitiv e distribution
(see Figure 2.12 an illustration; A 2D illustration of an octree for a half circle is
illustrated in Figure 2.13;the 2D versionof the oct-tree is calledquadtree), for a half
circle is illustrated in Figure 2.13). As with the uniform grid subdivision, collision
tests are performed within leaf nodesor among two leaf nodeswith tangent boxes.
The advantage of this data structure is that the maximum number of primitiv esin
any list is usually constant, in which casepotential bad casesas the uniform grid
may have are prevented. The cost we pay for that attribute is time to construct the
oct-tree and more di�cult updatesas primitiv estransform.

Two other data structuresarekd-treesand bsp-trees. They aresimilar to oct-trees,
but the subdivision operation is performed with respect to the distribution of the
primitiv es.While the cellsin the kd-tree are rectangular, the bsp-treesare polygonal,
thus generalizingthe oct-tree and kd-tree data structures. For more information on
thosedata structure, refer to [8].
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(a) (b)

Figure 2.13: A quadtreeof a half circle: (a) the plane subdivision (b) the respective
quadtree

2.2.2 Related Work

Below are two examplesof work that usespatial subdivision. Another work that use
such BV's and relate to deformablemodelsare presented in the following chapter.

The R*-tree: An E�cien t and Robust Access Metho d for Poin ts and Rect-
angles (Bac kmann et al) [4]

In this paper, an R*-tree is represented. It is a variant of an R-tree which is a B-
tree likestructure that is de�ned asthe following. A non-leafnode contains entries of
children associated with their bounding volumes. A leaf node contains entries of the
form object with its bounding volume. ParametersM and m are the maximum and
minimum number of entries in a node respectively (for both non-leavesand leaves),
such that 2 � m � M =2. The data structure is dynamic and allows insertion and
deletion. Hence,in order to maintain the number of entries of each node asrequired,
operations such as split has to be performedoccasionally. The criterion in an R-tree
is the sizeof the BV (AABB in this case). The R*-tree is de�ned as an R-tree, but
the criteria here contain margin and overlap of bounding boxes as well. By that it
waspossibleto improve the performanceassuggestedin Figure 2.14. At its top, a set
of 10 elements placedunder onenode have to be spitted as the upper bound M was
acceded. Below, four possibilities are presented. The three left splits are achieved
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Figure 2.14: Several split possibilities with R-tree and R*-tree

with R-tree for di�eren t ratios of m and M . The right split, achieved by R*-tree is
better than the other in the sensethat overlap doesnot occur and the two newnodes
are balanced. The R*-tree can be e�cien t with databasesystemsorganizing both
multidimensional points and spatial data.

Broad-Phase Collision Detection Using Semi-Adjusting BSP-trees (Luque,
Com ba and Freitas) [32]

They proposeda new structure called Semi-Adjusting BSP-tree for representing
scenescomposedof thousandsof moving objects. An scheduling algorithm evaluates
locations where the BSP-tree becomesunbalanced, usesseveral strategies to alter
cutting planes,and deferupdatesbasedon their re-structuring cost. The motivation
of the work is to extend static nature constrain of spatial data structures to handle
moving objects. The idea is to maintain data structure that updatesitself asobjects
move without the needof completereconstruction. They partitioned the spaceusing
BSP-trees(Figure 2.15(a)), and maintain his e�ciency by scheduling and performing
various operations (such as the ones in Figures 2.15(b)-(d)). Those updates are
performedwhen the quality of the structure degrades.
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Figure 2.15: BSP-trees: (a) The partition and corresponding tree (b)-(d) The result
of operators split, swap and mergerespectively.

2.3 Discussion: Asymptotic Time Complexit y

The approacheswe described in this chapter are the most popular in this area and
usually improve the performanceof detecting collision greatly in comparison to a
brute-force method that tests all primitiv e pairs. However, in terms of worst case
asymptotic behavior, they do not make any improvement. Clearly, the running time
of a brute-force algorithm is �( n2) for n primitiv es. We next show that this worst
casehold for the approacheswe presented above even if the number of real collisions
is much smaller.

� Bounding Volumes. Considera setof n skinny parallel sticks and sphereBV.
They are arrangedsuch that a bounding sphereof each one intersectsall other
sticks. The result is testing all pairs of leaf nodesand quadratic time (note that
the sizeof the tree is linear in n).

� Spatial Subdivision. Considera grid of voxelspartitioning the space.It best
performs when the objects are well distributed. However, when this is not the
caseand the object referencepoints are located in few voxels, a quadratic per-
formanceis achieved. (if the number of voxels in which objects are equally dis-
tributed is C, then the number of collision tests is in the order of �( C(n=C)2) =
�( n2).)



Chapter 3

Collision Detection of Deformable
Mo dels

Deformable collision detection is an essential component in interactive physically-
basedsimulation and animation. Among applications that apply deformablemod-
els and need to detect collisions we can mention surgery simulations, entertain-
ment/games, robotics, computational biology and cloth animation.

Although a lot of research have beendevoted for the detection of collisions,most
of the work were aimed for rigid bodies and not proved to perform well when bod-
ies undergo deformation. The prime reasonfor that is the following. When object
remainsrigid, its respectivedata structures(which doesnot dependon the body con-
�guration) remainse�ectiv e| whenit transforms,it su�ces to transform a reference
associated point. However, if the body deforms,thosedata structure might turn out
to be inappropriate. It results in either ine�cien t collisiondetectionprocessor a need
to update or reconstruct the data structure, which consumestime. Considera BV
hierarchy. Whether it is neededto recomputethe BV when the body transforms or
not, the hierarchy should not changeas it re
ects the shape of the body, regardless
to its con�guration. However, if the body deforms,it is mandatory to update respec-
tiv e BV's. Worse, the desirablelocality property, where closeprimitiv esare placed
closein the data structure, may not hold anymore. There are even models in which
the deformation causestopology modi�cation. The result is many and large BV's
that overlap which require many more collision tests to perform. In order to improve
the performance,it might be required to reconstruct the data structure occasionally.
This work will consumetime and still the performancedegradesin betweentwo such

25
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reconstructions.

Several research projects weredevoted in recent yearsto cope with this challenge.
It wasshown that simpleBV's (mostly AABB and spheres)are much moreuseful for
deformablemodelsthan morecomplicatedones.The reasonis that the weight of BV's
updates is large here, thus simple BV's for which this operation is cheaper are much
more desirable. Another popular approach is to assumesmall or local deformation
in which the BV hierarchy doesnot degrademuch. Hence,data structures that were
suitable for rigid bodies were found appropriate here too.

Recently, Graphics processingunits (GPUs) have been increasinglyusedfor col-
lision and proximit y computations. GPUs are good in optimizing 3D vectors and
matrix operations, and complex computations on the frame-bu�er pixel or image
data. Di�eren t algorithms have exploited thesecapabilities to compute interference
or overlapping regionsor to cull away portions of the models that are not in close
proximit y. On the other hand, GPU-basedcollision detection algorithms often su�er
from limited precision. The low precision and sampling errors can result in missed
collisionsbetweentwo objects. Examplesof work using GPUs are [17], [3].

Threetechniquesthat recently becamepopular in this areaareStochasticmethods,
Distance Fields and Image-Space. We survey each below.

However, there is still a consensusthat for generalmodels there is still a large
room for improvements and there is still no method that solves this problem very
e�cien tly without inducing restricting assumptionson the model at hand.

A survey on this topic can be found at [38]. In the following sectionwe describe
research in this area.

3.1 Related Work

We survey both research that weredirectly aimedto collisiondetectionof deformable
modelsand techniquesthat may be usedfor deformablemodelsbut werenot directly
assignedto collision detection but may assistwith it.
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E�cien t Collision Detection of Complex Deformable Mo dels using AABB
Trees (V an Den Bergen) [39]

This work used AABB as the BV. As it has been shown that OBB are faster
for rigid bodies [14], this work presents a way to speed up overlap tests between
AABB's. They also show how to quickly update AABB trees when bodies deform,
thus �nding AABB tree as a method of choice for collision detection of complex
models undergoing deformation. The way is to re�t the BV's along the tree in a
bottom-up order. In order to avoid the overheadof recursion, the data structure is
implemented asan array. Although the re�tting may degradethe overlap quality, the
claim that unlessradical deformation occurs, the data structure will maintain good
approximation quality, thusdoesnot degradeperformancesubstantially . the situation
is almost mainly to do with a quick updating of the tree by re�tting boxesin tree in
a bottom-top fashion,updating with no recursion,partitioning the plane orthogonal
to the longestaxis and splitting box into two halves(not necessarilybalanced). An
observation presented hereis embeddedin the formula that holdsonly for AABB and
k-dops ([26])

B (S1US2) = B(S1)UB(S2)

whereS1 andS2 aretwo volumesof two nodesandB is the function that generates
BV. If this function holds, it allows us to construct and re�t the bounding volume
hierarchy in a bottom-top fashion.

Buc ketT ree: Impro ving Collision Detection Bet ween Deformable Ob jects
(Gano velli et al.) [12]

The hierarchy usedhereis constructedregardlessof the distribution of the prim-
itiv es. The spaceis subdivided recursively into eight octants and only the onesthat
contain primitiv esare retained. The bounding volume is AABB. They used three
sorted arrays for each axis, each stores all the primitiv es, in order to maintain the
position of the primitiv esin space.
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Robust Treatmen t of Collisions, Contact and Friction for Cloth Animation
(Bridson et al.) [5]

They presented an algorithm to e�cien tly and robustly processcollisions,contact
and friction in cloth simulation. Sincecloth is very thin, evensmall interpenetrations
can lead to cloth protruding from the wrong side. This is visually disturbing and
can be di�cult to correct. They developed collision handling algorithm that works
with any method for simulating the internal dynamics (i.e. stretching, shearing,
and bending) to e�cien tly yet robustly produce visually complex motion free from
interferenceasin Figure 3.1. The key idea is to combine a fail-safegeometriccollision
method with a fast (non-sti� ) repulsionforce method that modelscloth thicknessas
well as both static and kinetic friction. Their robust geometric collision algorithm
is the �rst scheme that guarantees no dynamic self-interferenceof cloth. For the
purposesof demonstrating their collision handling, they used a simple mass-spring
model for the internal cloth dynamics, as opposedto a true constitutiv e model. In
their basicmodel, particlesarearrangedin a rectangulararray with structural springs
connectingimmediateneighbors. Diagonalspringsprovide shearsupport, and springs
connectedto every other node resist bending. They usedAABB hierarchy in their
implementation. It is built bottom-up onceat the beginning of the simulation using
the topology of the cloth mesh. In onesweepthey greedilypair o� adjacent triangles
to get parent nodes,then in a sweepin the opposite direction pair o� theseto get the
next level up, and soon alternating sweepdirections until they are left with oneroot
node. They alsorecalculatethe hierarchy for each iteration of the collision algorithm

In teractiv e animation of cloth including self collision detection (Fuhrmann
et al.) [11]

They presented a systemfor interactive animation of cloth, which can be usedin
e-commerceapplications, gamesor even in virtual prototyping systems.In order not
to restrict the shape of the cloth they useda triangulated mesh,which servesasbasis
of a mass-springsystem. Their algorithm is able to animate a pieceof cloth in real-
time. During the animation, collisionswith the environment and self collision, which
is integrated easily in this system, are handled. They mentioned that self collision
detectioncanbehandledby either resolvingthem after they happenedor never letting
them occur. They solve the problem approximately by not testing particles against
triangles and edgesagainst each other, but they consideronly pairs of particles. In
order to keepthe particles apart, they addedconstraints betweennearby particles. In
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Figure 3.1: The friction betweena rotating sphereand a pieceof cloth draped over
it createsa complexstructure of wrinkles and folds

order to speedup the tests, they built a BV hierarchy of the triangles and tested the
hierarchy against itself for collisions. Sincethey were testing only particles against
each, other the hierarchy wasbasedon them and not on triangles. The structure of
the hierarchy doesnot changeduring animation and is computed from the 
at cloth
in advance. After each time step the hierarchy is updated from bottom to top. The
bounding boxesare madelarger to take into account the distancethe particles should
keep. Finally, the hierarchy is traversedin order to �nd nearby particles. They claim
that this algorithm is usefulasan approximate method for interactive virtual reality
applications.

Collision and Self-collision Handling in Cloth Mo del Dedicated to Design
Garmen ts (Pro vot) [35]

They presented a method for collision handling applied to the semi-rigid mass-
spring cloth model. This method supports multiple collision detection. The work is
basedon time intervals. Within an interval [t0; t0+ � t], the position andvelocities can
be computed. They detect whether oneor more collisionsoccurred during this time
interval. The typesof collisionsinvolvedare point-triangle and edge-edge. They used
boudning boxeshierarchy to optimize the processand another optimization basedon
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the property that when a given zone(provided it is a connex)hasa su�cien tly \lo w
curvature", it cannot self-intersect.

E�cien t collision detection for mo dels deformed by morphing (Larrson
and Moller) [29]

They presented an e�cien t collision detectionalgorithm speci�cally developed for
models deformedby meshmorphing (also called meshblending). They usedseveral
BVs (AABB, K-dops and spheres).They showed how the bounding volumescan be
conservatively updated using the samemorphing function as used for the vertices.
Sinceonly the bounding volumes,and not the entire geometryin them, are updated,
this operation is extremely fast. ConsiderFigure 3.2. They constructedBV hierarchy
for sourceand target shapes(Figure 3.2(a)) that correspond to the commontopology
of the shapes. Then during morphing (illustrated in Figure 3.2(b) for another set),
the BV is morphed with the samefunction and not necessarilytightly bounds the
shape. In addition, the bounding volumes are only updated lazily in a top-down
manner, which further improvesperformance. This way of re�tting the volumesis
expected to work very well for all types of deformationswhere there is an e�cien t
bounding-volume update function available that is not dependent on knowing the
details of the model geometryinside the bounding volumesbut still able to re�t each
volume reasonablytightly .

CULLIDE: In teractiv e Collision Detection Bet ween Complex Mo dels in
Large Environmen ts using Graphics Hardw are (Go vindara ju et al.) [18]

They addressedthe problem of collision detection amongmoving objects, either
rigid or deformable,using graphicsprocessingunits (GPUs). The claimed that at a
broad level, such algorithms can be classi�ed into two categories:useof depth and
stencil bu�er techniquesfor computing interferenceand fast computation of distance
�elds for proximit y queries.However, such algorithm su�er from three limitations: the
bandwidth to and from the graphicscardsis not increasingas fast as computational
power, many of thesealgorithms are mainly restricted to closedobjects and most of
the current algorithms are designedfor a pair of objects and not intended for large
environments composedof multiple moving objects. Givenan environment composed
of triangulated objects, their algorithm computesa potentially colliding set (PCS).
The PCS consistsof objects that are either overlapping or are in closeproximit y.
They usevisibilit y computations to prune the number of objects in the PCS. This is
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(a) Hierarchy of sourceand target shapes (b) BV during morphing

Figure 3.2: data structure for [29]

basedon a linear time two passrenderingalgorithm that traversesthe list of objects
in forward and reverseorder. They useda three stepspipeline: object level pruning,
sub-object level pruning and exact collision detection (�rst two are donein GPU and
the third in CPU). The advantagesof their algorithm is the following. It is relatively
simpleand makesno assumptionabout the input model. It canevenhandle\p olygon
soups". It involvesno precomputationor additional data structures(e.g. hierarchies).
As a result, its memory overheadis low. It can easilyhandle deformablemodelsand
breakable objects with deforming geometryand changing topology. Their algorithm
doesn't make any assumptionsabout object motion or temporal coherencebetween
successive frames. It can e�cien tly computeall the contacts amongmultiple objects
or a pair of highly tessellatedmodelsat interactive rates.

Based on this work, they developed another algorithm that performs visibilit y
querieson the GPUs to eliminate a subsetof geometricprimitiv esthat arenot in close
proximit y [16]. They presented an extensionto CULLIDE to perform intra-object or
self collisions between complex models. The main extensionsover COLLIDE are
generalizingthe formulation of PCS to check for both inter-object and intra-object
collisionsand improving the pruning and culling algorithm to compute collision-free
subsetsbasedon visibilit y computations.
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In teractiv e Collision Detection between Deformable Mo dels using Chro-
matic Decomp osition (Go vindara ju et al.) [15]

They devisedan algorithm to acceleratethe processof detecting collision in de-
formablemodelsthat consistof triangle meshfor cloth modeling and medicalsimula-
tion. They detect collisionsamongprism that represent the swept volumeof triangles
betweentwo time steps. They de�ne a chromatic subdivision that constitutes inde-
pendent sets which partition the mesh. They use graph coloring algorithm on the
dual graph of the mesh to construct the subdivision. Using this subdivision, they
perform two typesof collision detection: intra-set (testing primitiv esof the sameset)
and inter-set (testing primitiv esfrom di�eren t sets). The algorithm is a combination
of several techniquesin four stages(two for the broad phaseand two for the narrow
phase)which is discussedbelow.

� AABB hierarchy is embeddedon the model. The purposeis to cull primitiv es
that do not overlap.

� Cull morenon-overlappingprimitiv eswith the useof 2.5D and 1D overlap tests.
The 2.5D testscorrespond to the work with GPU introducedin [18] (seeabove)
and 1D tests correspond to similar tests on the projections of the AABB and
performedon the CPU.

� Perform primitiv esoverlapping tests using vertex-edgeand edge-edgetests.

� Perform similar tests on adjacent primitiv es.

Using thosetests, they achieved a much better performancedue to the avoidance
of many falsetests that were not performedthanks to their broad phasesteps.

Dynamic collision detection in virtual realit y applications (Ec kstein and
E. Schomer [10]

They presented data structures and algorithms for dynamics collision detection
in virtual reality applications. The idea is to detect collision of the swept volumes
of the objects induced between two time steps and report contact time. They use
hierarchiesof BV's, each can be either a sphereor an OBB (the smaller one) which
is built in a top-down fashion. Each BV enclosesthe respective objects, both at the
beginningand at the endof a motion step. The degreeof each node is between2 and
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Figure 3.3: The partition regionsfor the splitting step

6 and depends on the worst quality of the di�eren t BV's and that directs them in
the split step. They present two such methods. In the �rst one, they �rst compute
the BV of the entire sceneand compute its geometriccenter. Then in each step they
look for a facewhich maximizesthe distancefrom its BV center. The center of this
facewill be a new center. Now they redecomposethe facesto the new set of centers,
basedon the minimal distancesto centers. The secondmethod splits the spaceto 2
to 6 regions(seeFigure 3.3) and partitions the facesaccordingly.

BD-T ree: Output-Sensitiv e Collision Detection for Reduced Deformable
Mo dels (James and Pai) [23]

They introducedthe BoundedDeformation Tree,or BD-Tree,which can perform
collision detection with reduceddeformablemodels at costscomparableto collision
detection with rigid objects. The idea is that the algorithm is e�cien t only when
the deformation is very limited (such asmodelswith vibrating objects). They useda
wrappedhierarchy of spheres.Sincethe deformationis limited, the hierarchy topology
will not have to be updated. They update the bounding spheresby recomputing the
center as a weighted averageof the points, and the radius is increasedsuch that it
will bound the e�ect of each component (seeFigure 3.4 for an illustration).

Optimized Spatial Hashing for Collision Detection of Deformable Ob jects
(T escher et al.) [37]

They proposedan approach to collision and self collision detectionof dynamically
deforming objects that consist of tetrahedrons (but can be adapted to other object
primitiv es). The proposedalgorithm employs a hash function for compressinga po-
tentially in�nite regular spatial grid. It canbe generatedvery e�cien tly and doesnot
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Figure 3.4: BD-tree: the e�ect of a deformation step on the center and the radius of
the bounding sphere

require complex data structures. The algorithm classi�es all object primitiv eswith
respect to small grid AABB. Therefore,a hashfunction mapsthe 3D boxes(cells) to
a 1D hash table index. As a result, each hash table index contains a small number
of object primitiv esthat have to be checked against each other for intersection. In
a �rst pass,all vertices of all objects are classi�ed with respect to these small 3D
cells. In a secondpass,all tetrahedrons are classi�ed with respect to the same3D
cells. If a tetrahedron intersectswith a cell, all vertices,which have beenassociated
with this cell in the �rst pass,are checked for interferencewith this tetrahedron (see
Figure 3.5 for an illustration). In order to have an e�cien t performance,the optimize
the parametersof the algorithm which are the hashtable sizeand grid cell size. The
complexity of the algorithm is O(npq) where n is the number of primitiv es,p is the
averagenumber of cells intersectedby a tetrahedron and q is the averagenumber of
vertices per cell. If p and q are constant (that is when the cell size is chosento be
proportional to the averagetetrahedron size and there are no hash collisions), the
running time is linear on the input. The algorithm doesnot detect whether an edge
intersectswith a tetrahedron.

Collision and Self-Collision Detection: E�cien t and Robust Solutions for
Highly Deformable Surfaces (V olino and Thalmann) [33]

They detected collisions using a hierarchical algorithm that takes advantage of
curvature properties giving us full power of hierarchical algorithms for self-collision
situations. As they intended to cope with highly deformedsurfaces,like those ob-
tained for surfacewrinkling, they neededan algorithm that keepsbeing very e�cien t
for self-collisiondetection. The idea of their work is to speedup self-collisiondetec-
tion by taking advantage of adjacency, using somegeometricalproperties in order to
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Figure 3.5: Hash valuesare computed for all grid cells covered by the AABB of a
tetrahedron. The tetrahedron is checked for intersection with all vertices found at
thesehash indices

skip collision detection within someareasor between adjacent areas. By applying
thoseproperties, they got an averageself-collisiondetection time proportional to the
number of colliding elements.

Real-Time Simulation of Deformable Ob jects: Tools and Applications
(Bro wn et al.) [6]

This paper presents algorithms for animating deformableobjects in real-time. It
focuseson computing the deformation of an object subject to external forcesand
detecting collisions among deformableand rigid objects. The targeted application
domain is surgical training. exploit the fact that many deformationsare local. By
propagatingforcesin a carefully orderedfashionthrough an elasticmass-springmesh,
they e�ectiv ely limit the computationsto the portions of objects that undergosignif-
icant deformations. To acceleratecollision detection, they pre-computehierarchical
representations for all objects in the scene;when objects are being deformed, they
only update thoseparts of the hierarchiesthat needto be modi�ed. They usea hier-
archy of spheres.In order to be able to useBV algorithm e�cien tly with deforming
bodies, proposea new spheretree whosebalancedstructure is computed only once.
When an object deforms,the structure of its tree remains�xed, i.e., no sphereis ever
added or removed; only the radii and positions of somespheresare adjusted. The
update is donebottom-up, only for deformingtriangles; each sphereis updated once.
Thus it is e�cien t when the deformation is local.

E�cien t Main tenance and Self-Collision Testing for Kinematic Chains
(Lotan et al.) [31]

This is an examplefor assigningdata structure for a speci�c problem. The kine-
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(a) the hierarchy (b) a deformation of a link

Figure 3.6: data structure for [31]

matic chain is studied in robotics and is a useful model for motion of biological
macro-molecules. It is a serial linkage composedof N links and N � 1 joints. In
this model, local changeshave global e�ects. Thus a change to a joint angle may
bring together piecesof chain that werepreviously far a part. They usedOBB asthe
bounding volume. ConsiderFigure 3.6. Figure 3.6(a) illustrates a hierarchy of 8 links
with 9 joints. Then the joint betweenL4 and L5 transform (Figure 3.6(b)). Under
this case,the links of the subtree, E, cannot collide with each other, but they can
collide with links of the subtree,F 0. Also note that collision may occur betweenlinks
of subtreeF 0. Theseobservations are taken careof during the processingof a query.
The worst casetime for a query is O(n4=3), but they mentioned that in practice the
performanceis much better.

Collision Detection for Deformable Necklaces (Guibas et al.) [1]

Closely related to the work above. They studied deformablenecklaces| 
exible
chainsof balls, or beads, in which only adjacent beadsmay intersect. They usespheres
as the BV. They achieved a time of O(n2� 2=d) in d-dimensional,d � 3, for collision
checking. The underline assumptionon the beadsis that the ratio betweenthe sizes
of each pair is boundedby a constant factor. The main contribution is that their BV
canbee�cien tly maintained underdeformationand remain tightly �tting. They used
wrapped spherehierarchy to achieve better �tting. Its construction takesO(n logn)
time and maintain the hierarchy in � (n logn) time, while in practice the actual time
is closeto linear.
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Figure 3.7: TPR*-tree

The TRP*-T ree: An Optimized Spatio-T emp oral Access Metho d for Pre-
dictiv e Queries (T ao et al.) [36]

Basedon R*-trees (TPR stands for Spatio Temporal R tree), they developed a
dynamicdata structure for predictivequerieson moving objects. The ideais to usethe
insertion/deletion algorithms of the R*-tree to minimize penalty metrics to enhance
performance. The velocity of each object (along each axis) has to be constant and
known in advancefor someperiod of time in the future. The bounding boxeshas2d

velocities (d is the model dimension), a positive and negative velocities to each axis
which are determinedas the maximum/minim um velocities of the boundedobjects.
Then, the bounding cubes extend accordingto the respective velocities and use for
time queries.Sincethe boundingboxesget bigger,they shouldbe updated. It is done
either whennewvelocities are given or whenperforming insertion/deletion. Consider
Figure 3.7. The model contains 6 objects with velocities as indicated. The initial
con�guration is on the left, and the con�guration after 2 secondsare depicted on
the right. Note how bounding boxesare extendedwhen their corresponding objects
move.

STAR-T ree: An E�cien t Self-Adjusting Index for Mo ving Ob jects (Mag-
dalena et al.) [34]

This is another work basedon R*-trees to variousrangequeries(STAR standsfor
Spatio-temporal self-adjustingR-tree) on space-time.The possiblerangesfor plane-
time aredepictedin Figure3.8(a). The data structure maintains auxiliary information
to update itself locally when performancedeteriorates. The idea is to project each
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(a) Possiblespace-timerangequeries

(b) Approximating the bounding segment

Figure 3.8: STAR tree

axis and �nd the bounding segment, astime passes.ConsiderFigure 3.8(b). The left
part represents the placesalong a speci�c axis objects are located along time (the
straight lines). Let C denotethis structure. Two polygonal chains (upper and lower
boundaries)bound thoselines. Each vertex on thosemark a topologicalchangeon the
bounding segment. Thus those correspond to time points where the corresponding
data structure has to be updated. In order to reducethe number of updates (thus
enhanceperformance),they usea data structure that waspresented in [2]. This data
structure is an "-approximation of C which contain lessvertices (the right part of
Figure 3.8(b)). This data structure requires1=

p
(") vertices to exist. Thus " is a

trade o� betweenapproximation and complexity of C.

A Morphology-Based Topology Mo di�cation Algorithm for Deformable
Mo dels (Duan et al.) [9]

They proposeda topology modi�cation algorithm basedon mathematical mor-
phology. The idea is to construct a signeddistancefunction around colliding regions
and then apply closing operation to create a distance function. In order to apply
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Figure 3.9: An exampleof topology modi�cation when cllision occurs

topology modi�cation, they useda particle-basedcollision detection. When collision
occurs,the topology around the collisionwill be modi�ed (seeFigure 3.9). They were
interestedmorein dilated collision in which dilated surfacescollide. They usedhybrid
approach for that which includesuniform occupancygrid for fast collision rejection
and boundingsphereswithin the sameor neighbor grid cell to detect dilated collision.

3.2 More Approac hes for Deformable Mo dels

In this sectionwedescribefewapproachesfor detectingcollisionof deformablemodels.
More details can be found at [38].

3.2.1 Sto chastic Metho ds

The idea is to provide inexact methods to speedup the detection step. This can be
justi�ed by several observations. First, polygonalmodelsarejust an approximation of
the true geometry. Second,the perceived quality of most interactive 3D applications
doesnot dependon exactsimulation, but rather on real-time responseto collisions. At
the sametime, humanscannot distinguish betweenphysically-correctand physically-
plausiblebehavior of objects.

There are two methods that useprobabilistic principles in fairly di�eren t ways.
The �rst one(An averagecaseapproach) doesnot check explicitly for collision of the
primitiv es. Instead, is usesa probabilit y for collision estimatedfrom the distribution
of the polygonsinsidea grid, and combinatorial reasoningabout the probabilit y that
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a cell contains many polygonsfrom both two objects. The secondmethod (Stochastic
Collision Detection Basedon Randomly SelectedPrimitiv es)selectrandom pairs of
colliding featuresasan initial guessof the potential intersectingregions.This method
can be further augmented by ensuring that the sampling covers features from the
entire body and that the featuresare already closeenough. When the object moves
or deforms, the method consider temporal coherencein the sensethat if a pair of
features is closeenoughat a time step, it may still be interesting in the next one.
This form active pairs that are tested. In Addition, random pairs are added to the
list of active pairs at each time step to track more collisions.

3.2.1.1 Related Work

Hierarc hy Accelerated Sto chastic Collision Detection (Kimmerle et al.)
[25]

They presented a newframework for collisionand self-collisiondetectionfor highly
deformableobjects such as cloth in which they trade-o� accuracy for computation
time. They combined two approaches: the �rst managesa set of randomly chosen
pairs of geometricprimitiv eswhich iterativ ely convergeto local distanceminima; the
secondis hierarchy of bounding volumes(k-dops) which helps to pick appropriate
random pairs. The way they chooseactive pairs to be tested is the following. At �rst
a setof activepairs is chosenrandomly. Each of thesepairs then iterativ ely converges
to a local distance minimum by repeatedly replacing each element by its topologi-
cal neighbor with smaller distancecomparedto the other elements (Figure 3.10(a)).
If the distance falls below a given proximit y threshold, a collision is detected (Fig-
ure 3.10(b)). A local distance minimum where no active pair is present, such as in
Figure 3.10(c), might eventually lead to an undetectedcollision (Figure 3.10(d)). If,
during or at the end of a convergenceprocess,the elements of an active pair are far
from each other, they are discarded.At each stepof the animation loop, they update
each active pair by iterating it until convergenceis reached at a new local minimum
resulting from the motion of the bodies. To overcomethe drawback of possiblepure
stochastic collisionsdetection they combined it with a bounding volume hierarchy of
k-DOPs. First, a collision detectionon the k-DOP -hierarchy is performed,returning
all colliding leavesof the hierarchy tree. Then in the secondstep,a stochastic collision
detection wherethe random samplepairs are createdonly on the colliding leaves.
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Figure 3.10: Stochastic Collision Detection. The active pairs of points are shown in
black

3.2.2 Distance Fields

Distance �elds specify the minimum distanceto a closedsurfacefor all points in the
�eld. The distancemay be signedin order to distinguish betweeninside and outside.
The evaluation of distancesand normalsneededfor collisiondetectionand responseis
extremely fast and independent of the geometriccomplexity of the object. A distance
�eld D : R3 ! R de�nes a surfaceas the zero level set, i. e. S = f pjD(p) = 0g.
In contrast to other implicit representations, a simple function evaluation alsoyields
the Euclidean distance to the surface. Collision detection betweendi�eren t objects
is carried out point-wise when using distance �elds. If both deformableobjects are
volumetric, vertices on the surfaceof one object are comparedagainst the distance
�eld of the other object and vice versa.A collisionhasoccurredif D(p) < 0. Distance
�elds do not only report collisions, but also compute the penetration depth at the
same. In order to take deformationsof the objects into account, the distance �elds
are updated beforeeach time step. The actual collision detection is carried out by a
hierarchical method. Although e�cien t algorithms for computing distance�elds have
beenproposedrecently, this generationis still not fast enoughfor interactive appli-
cations, wheredistance�elds have to be updated during run-time due to deforming
geometry. However, distance�elds provide a highly robust collision detection, since
they divide spacestrictly into inside and outside. It is also worth mentioning that
the method is well-suited for volumetric objects.



42 Chapter 3. Collision Detection of DeformableModels

3.2.3 Image-Space

This approach commonlyprocessprojectionsof objects to acceleratecollisionqueries.
Sincethey do not requireany pre-processing, they areespecially appropriate for envi-
ronments with dynamically deformingobjects. Furthermore, image-spacetechniques
can commonlybe implemented usinggraphicshardware. They can be usedto detect
collisionsand self-collisions. Image-spacetechniquesusually work with triangulated
surfaces.Topology changesof objects do not causeany problems. Sinceimage-space
techniqueswork with discretizedrepresentations of objects, they do not provide ex-
act collision information. The accuracy of the collision detection depends on the
discretization error. Thus, accuracyand performancecan be balancedin a certain
rangeby changingthe resolution of the renderingprocess.

3.2.3.1 Related Work

Volumetric Collision Detection for Deformable Ob jects (Heidelb erger and
Teschner) [21]

The algorithm is basedon a Layered Depth Image (LDI) decomposition of the
intersectionvolume. LDI data structure storesmultiple depth valuesper pixel, thus
can be used to approximate volumes. While most methods considersurfaces,this
work is volumetric. The LDI provides a discrete representation of the intersection
volume and allows volume-basedcollision queries. The generationof LDI is acceler-
ated by graphics hardware. First they use AABB (not hierarchical data structure;
thus no preprocessingwork is required) to �nd collision regions. Then, within these
regions,they computeLDI representation. Finally, using Booleanoperations on the
LDI representation, they obtain the intersection. The three stagesare illustrated in
Figure 3.11. Another work with LDI is [20].
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Figure 3.11: Collision detection stepsof [21]

CInDeR: Collision and In terference Detection in Real-time using Graphics
Hardw are (Knott and Pai) [27]

This paper proposesan image-spacemethod for detecting interferencebetween
solid polyhedral bodies. The algorithm makesuseof virtual ray casting to determine
which portions of the edgesof the polyhedronsin questionlie within volumesenclosed
by other polyhedrons. Among the properties of this techniquesare:

� No special data structures are required.

� No preprocessingof models is required.

� The algorithm's expectedasymptotic running time is linear in both the number
of objects being tested and the number of polygonscomprising the objects.

The precision of interferencecomputations is constrained by the resolution of
the frame bu�er region that they render into. Interferencedetection is performed
by point-sampling the sceneand looking for object edgesthat are interior to other
polyhedrons. This is doneusing hardware raycasting.
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Chapter 4

Curren t Work

We implemented a software tool to detect collision among particles that translate
in space. Particles are de�ned as points and a collision among them is de�ned as
a pair of particles being closeone to each other. Such software could be useful for
molecular modeling applications. Another way to illustrate the collision is refer to
particles asballs with the sameradius. Our work can relate to several models. First,
it could simulate deforming bodies if we attach topology to the particles, such that
they approximate the body boundaries(see[9]). Another potential model can be of
moleculararrangements whereparticles correspond to molecules(thus have volume).
Currently we only support balls of the same size, but we can partially relax this
assumptionif we bound the ratio betweenthe biggestand smallestball. We usetwo
techniques in our implementation, each represents an extreme approach. The �rst
one, DeformableSpanners is an implementation basedon the paper by Gao et al.
[13] 1. They presented a sophisticateddata structure on particles in 3D, whoseone
abilit y is to perform collision detection. The purposeof this work is to provide nice
theoretic boundson construction query times. However, the constants for detecting
collision are huge. Thus, it is interesting to check how it behaves in practice. We
describe this work in detail in Section4.1. On the other hand, our secondtechnique,
Uniform Grid, is very easyto understandand implement. However, theoretically it
can provide quadratic worst casetime if the particles are not well distributed. We
present results obtained with two techniques,where for the Uniform Grid approach
we useseveral voxel's sizes.

1The respective code was provided by the authors of the paper. The author of this work would
like to thank An Nguyen from Stanford University for helpful advisesand for implementing speci�c
code upon request
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Another abilit y we implemented is for the sake of using hybrid methods. The
idea is to be able to seamlesslyswitch betweentwo techniques,whenever a potential
to improve performanceby that is detected. Such casesare encouragedwhenever
switching to a di�eren t technique improve the query time. Obviously this improve-
ment should beat the time for this switch. We are currently able to do that with
the two above techniques,but it is still unknown how to e�cien tly detect when this
switch is worthwhile.

We useVisual C++ .NET environment for our implementation and extensively
usethe openGl library.

4.1 Deformable Spanner

In this sectionwe describe in detail the work of Gao, Guibas and Nguyen [13].

For a set S of points in Rd, an s-spanner is a graph on S such that any pair of
points is connectedvia somepath in the spannerwhosetotal length is at most s times
the Euclideandistancebetweenthe points. The main ideaof this work is to provide a
dynamic deformablespannerthat is goingto be maintained whenpoints( or particles)
translate. They proposeda (1 + ")-spannerwith O(n="d) edgesfor an " parameter.
The data structure they usedis hierarchyof discretecenters. A set of discretecenters
with radius r for point setS is de�ned asa maximal subsetS0 � S such that the balls
with radius r centered at the discretecenters contain all the points of S but any two
centers areof a distanceat leastr away from each other. The hierarchy is constructed
as the following. S0 is the original point set S and Si is a set of discretecenters of
Si � 1 with radius 2i , for i > 0. The data structure supports dynamic insertion and
deletion of particles. Belo is a result summeryof their work:

� For any given ", the spannerbuilt using the above technique gives a stretch
factor of 1 + ".

� The total numberof edgesis O(n="d) andthe maximum degreeof G is O(log�=" d)
where� is the ratio betweenthe distanceof the furthest particlesand the closest
one,or the aspect ratio.

� Dynamic insertion and deletion of points in the spannertakesO(log�=" d).

� The spannercan be constructedin time O(log�=" d).
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� The kinetic spanneris e�cien t, responsive, local and compact. Speci�cally , the
total number of events in maintaining G is O(n2logn) under pseudo-algebraic
motion. Each event can be updated in O(logn=" + d) time. Each point is
involved in at most O(logn="d) certi�cates.

There are several applications of this work such aswell separateddecomposition,
all near neighbors query, 1 + "-nearestneighbor, k-center and our interest, collision
detection. They describe a method to �nd the closestpair in the following way. They
construct a 1 + "-spannerwhere " < 1. Then the closestpair must have an edgein
G. Otherwise, " would have to be greater than 1. They usea kinetic priorit y queue
to maintain the closestpair. Using this method, they can check whether there exists
a collision by testing the closestpair. However, this is still not a generalcollision
detection. Omitted from their paper, the way to do it is to traversethe nodesat the
lower level, both check lower level children of the samenode, and oneswhoseparents
sharean edge.The work is linear, but the constants involved are huge.

Figure 4.1 depicts a 2D input set and the respective deformablespannerhierar-
chy (the red edges). Two particles (surrounded in top-left image) were found to be
colliding.

4.2 Exp erimen tal results

We usedthe following structure for our experiments. It includeseight equally struc-
tured sets of particles that are initially placed at di�eren t octants in space. Then
each movestowards the origin, while each particle hasa random noisy factor. By do-
ing that, the clusterssimultaneouslycollide and then separateby continuing moving
along their generaltra jectories. We tested several such clusters. In each time we use
di�eren t density in each cluster. Figure 4.4 contain screenshots of the simulations.
A zoom in is depicted in Figure 4.3. SeeFigure 4.2 for a 2D illustration.

We tested the grid method with di�eren t voxel sizes, the deformable spanner
and a brute force approach which simply check all pairs.2 Tables4.2 and 4.3 and
Figures4.5,4.6and 4.7 depict the results (seeTable 4.1 for abbreviations).

2For the tests with 64000particles, it was impossiblewith our machines to test the deformable
spannerand the brute force approach. However, it was evident that the grid outperforms both.
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Figure 4.1: Deformablespannerexample: di�eren t layers
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Figure 4.2: 2D particle set - 1600particles (colliding particles are painted in red)

Figure 4.3: A zoom in on a 3D set (colliding particles are painted in red)
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Abbreviation Explanation

#par input number of particles
#col number of collisions
#tes overall number of tests performed (in millions)
time total time (sec.)
bf brute force

Table 4.1: Abbreviations

grid size
0.125 0.25 0.5

#par #col #tes time #tes time #tes time
1000 3237 0.67 0.41 4.47 0.39 19.37 0.83
8000 233473 43.63 4.93 280.86 13.38 1224.77 54.29
27000 2730301 498.18 40.14 3202.03 160.87 13934.85 956.27
64000 15411495 2785.77 223.35 17920.65 942.09 78091.97 8067.43

Table 4.2: Experiment results

The immediate conclusionis that the grid method beats the deformablespanner
algorithm for those input sizes.3 More then that, the deformablespanner is even
slower than the brute force approach. This results hold even for big datasets(the
64000particles). It is very likely that the sameconclusionswould have beenachieved
with other datasets. Since the deformable spanner time is linear (but with huge
constants), it would be interesting to get results for much bigger input sets. However,
such datasetswould evidently be impractical for real-time simulations, at least for
machinessuch asthe onewe used(note that even the biggerdatasetswe usedare not
suited for real-time applications). Not surprisingly, the running time is proportional
to the number of tests being performed. This is true for all approaches. Among the
various grid sizeswe used, it is evident that a small sizeof voxel is greatly desired.
Thus it is recommendedto usethe smallestvoxel sizeso that two colliding particles
are located in either the samevoxel or in two neighbor ones.

3The time for 1000 particles was too fast for the time resolution to be precise. However, it
indicates that grid outperforms the deformable spannerhere too.
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(a) 64000particles (colliding particles are painted in red)

(b) 8000particles (colliding particles are painted in red)

Figure 4.4: 3D particle sets
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def spanner brute force
#par #col #tes time #tes time
1000 3237 3.24 2.16 49.95 1.67
8000 233473 2600.26 701.822 3199.6 306.47
27000 2730301 29306.16 8602.29 36448.65 3760.53

Table 4.3: Experiment results

Figure 4.5: 3D particle set: number of collisions
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Figure 4.6: 3D particle set: number of tests
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Figure 4.7: 3D particle set: time
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4.3 Future Work

There are several directions to extendour work further. Onedirection is to add topo-
logical relationship amongthe particles in order to simulate surfaces.This will require
the abilit y to modify the topology in casesof collisions(possiblyusing the technique
in [9]). Another possibility is to support di�eren t sizesof balls (not supported by
the current deformablespanner),or even moreshapesto have a more generalmodel.
Another direction for future research is to add other typesof techniquesto be used
in a hybrid approach and to establishcriteria which oneto selectin which situations.

We presented several research work performed in the area of deforming models.
Many assumedthat the topology or the initial structure of the input remain static
or were not proved to work well in such cases.An interesting direction would be to
relax this assumptionin order to support more dynamic models.
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Chapter 5

Conclusions

Collisionsdetection is oneof the most important and challengingtopics in computer
graphics. As performing collision detection is a costly task and sinceoften the model
contains very large input and requiresreal-time performance,e�cien t algorithms are
crucial. The challengeis even greater when objects may deform, sinceit complicates
the common data structure and induces big overhead. However, the research for
deformable models is still young, although very active in recent years. Hence, it
might have still room for nice enhancements.

In this work we presented the various popular approachesdeveloped for collision
detection. We concentrated on the two main approaches in this area, namely hier-
archy of bounding volumesand spatial subdivision. We described them in detail and
presented research that have beenperformed in many variants of each. We focused
on the work that have beenperformed with deformablemodels. This work usually
apply popular data structures in a way to speed up the performancewhen objects
deform or restrict the models' degreesof freedomto make the work more e�cien t.

Both for rigid and deformablebodiesthereareno uniquemethod that beatsothers
in any situation. Di�eren t methods behave di�eren tly under di�eren t situations.
There are always trade o�s to consider when applying the two approaches above.
Thosedepend on the model. We described thosetrade o�s in detail.

We presented our current work that comesto detect collision amongmoving par-
ticles in space. We applied two di�eren t techniquesand comparedthe results. This
work still has no valuable contributions, but we regard it as a starting point for the
future. Evidently, there might be many directions for extension.
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