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Abstract:  We present a data structure and an agorithm
for efficient and exact interference detection amongst com-
plex models undergoing rigid motion. The algorithmisap-
plicable to al genera polygona models. It pre-computes
a hierarchical representation of models using tight-fitting
oriented bounding box trees (OBBTrees). At runtime, the
algorithmtraverses two such trees and testsfor overlaps be-
tween oriented bounding boxes based on a separating axis
theorem, which takes less than 200 operationsin practice.
It has been implemented and we compare its performance
with other hierarchical data structures. In particular, it can
robustly and accurately detect all the contacts between large
complex geometries composed of hundreds of thousands of
polygons at interactive rates.

CR Categories and Subject Descriptors: 1.3.5 [Com-
puter Graphics]: Computationa Geometry and Object
Modeling

Additional Key Words and Phrases: hierarchica data
structure, collision detection, shape approximation, con-
tacts, physically-based modeling, virtua prototyping.

1 Introduction

The problems of interference detection between two or
more geometric modelsin static and dynamic environments
are fundamental in computer graphics. They are aso con-
sidered important in computational geometry, solid mod-
eling, robotics, molecular modeling, manufacturing and
computer-simul ated environments. Generally speaking, we
areinterested in very efficient and, in many cases, rea-time
agorithms for applications with the following characteri-
zations:

1. Modd Complexity: The input models are composed
of many hundreds of thousands of polygons.

2. Unstructured Representation: Theinput modelsare
represented as collections of polygonswith no topol-
ogy information. Such models are aso known as
‘polygonsoups and their boundariesmay have cracks,
T-joints, or may have non-manifold geometry. No ro-
bust techniques are known for cleaning such models.
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3. CloseProximity: Intheactua applications, the mod-
els can come in close proximity of each other and can
have multiple contacts.

4. Accurate Contact Determination: The applications
need to know accurate contacts betweenthemodel s(up
to theresol ution of themodel sand machine precision).

Many applications, like dynamic simulation, physically-
based modeling, tol erance checking for virtual prototyping,
and simul ation-based design of large CAD models, have all
these four characterizations. Currently, fast interference
detection for such applicationsis a major bottleneck.

Main Contribution: We present efficient algorithms
for accurate interference detection for such applications.
They make no assumptions about model representation or
the motion. The agorithms compute a hierarchica repre-
sentation using oriented bounding boxes (OBBs). An OBB
isarectangular bounding box at an arbitrary orientationin
3-gpace. The resulting hierarchical structureis referred to
as an OBBTree. The idea of using OBBs is not new and
many researchers have used them extensively to speed up
ray tracing and interference detection computations. Our
major contributionsare:

1. New efficient algorithms for hierarchical representa
tion of large model s using tight-fitting OBBs.

2. Useof a‘separating axis' theorem to check two OBBs
in space (witharbitrary orientation) for overlap. Based
on thistheorem, we can test two OBBsfor overlap in
about 100 operations on average. This test is about
one order of magnitude faster compared to earlier al-
gorithmsfor checking overlap between boxes.

3. Comparison with other hierarchica representations
based on spheretrees and axis-aligned bounding boxes
(AABBs). We show that for many close proximity sit-
uations, OBBs are asymptotically much faster.

4. Robust and interactive implementation and demon-
stration. We have applied it to compute al contacts
between very complex geometries at interactive rates.

The rest of the paper is organized in the following man-
ner: We provide a comprehensive survey of interference
detection methods in Section 2. A brief overview of the
algorithm is given in Section 3. We describe algorithms
for efficient computation of OBBTrees in Section 4. Sec-
tion 5 presents the separating-axis theorem and shows how
it can be used to compute overlaps between two OBBs
very efficiently. We compare its performance with hierar-
chical representations composed of spheres and AABBsin
Section 6. Section 7 discusses the implementation and per-
formance of the algorithms on complex models. I1n Section
8, we discussion possible future extensions.
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2 PreviousWork

Interference and collision detection problems have been
extensively studied in the literature. The simplest algo-
rithms for collision detection are based on using bounding
volumes and spatial decomposition techniques in a hier-
archica manner. Typical examples of bounding volumes
include axis-aligned boxes (of which cubes are a specia
case) and spheres, and they are chosen for to the simplicity
of finding collision between two such volumes. Hierar-
chical structures used for collision detection include cone
trees, k-d trees and octrees [31], sphere trees [20, 28], R-
trees and their variants [5], trees based on S-bounds|[7] etc.
Other spatia representations are based on BSP's [24] and
its extensions to multi-space partitions [34], spatial repre-
sentations based on space-time bounds or four-dimensional
testing [1, 6, 8, 20] and many more. All of these hierarchi-
ca methods do very well in performing “rejection tests”,
whenever two objects are far apart. However, when the
two objects are in close proximity and can have multiple
contacts, these al gorithmseither use subdivisiontechniques
or check very large number of bounding volume pairs for
potentia contacts. In such cases, their performance slows
down considerably and they become amajor bottleneck in
the simulation, as stated in [17].

In computational geometry, many theoretically efficient
algorithms have been proposed for polyhedral objects.
Most of them are either restricted to static environments,
convex objects, or only polyhedral objectsundergoingrigid
motion [9]. However, their practical utility is not clear as
many of them have not been implementedin practice. Other
approaches are based on linear programming and comput-
ing closest pairsfor convex polytopes[3, 10, 14, 21, 23, 33]
and based on line-stabbing and convex differences for gen-
eral polyhedral models [18, 26, 29]. Algorithms utilizing
spatial and temporal coherence have been shown to be effec-
tive for large environments represented as union of convex
polytopes[10, 21]. However, these dgorithmsand systems
are regtrictive in terms of application to general polygo-
nal models with unstructured representations. Algorithms
based on interval arithmetic and bounds on functions have
been described in [12, 13, 19]. They are able to find al
the contacts accurately. However, their practica utility is
not clear at the moment. They are currently restricted to
objects whose motion can be expressed as a closed form
function of time, which is rarely the case in most appli-
cations. Furthermore, their performance is too slow for
interactive applications.

OBBshave been extensively used to speed up ray-tracing
and other interference computations[2]. In terms of appli-
cation to large models, two main issues arise: how can
we compute a tight-fitting OBB enclosing a modd and
how quickly can we test two such boxes for overlap? For
polygonal models, the minima volume enclosing bound-

ing box can be computed in O(n®) time, where n is the
number of vertices [25]. However, it is practica for only
small models. Simpleincremental algorithmsof linear time
complexity are known for computing a minimal enclosing
ellipsoid for a set of points[36]. The axes of the mini-
mal ellipsoid can be used to compute a tight-fitting OBB.
However, the constant factor in front of the linear term for
this algorithm is very high (amost 3 x 10°) and thereby
making it aimost impractical to use for large models. As
for ray-tracing, algorithms using structure editors[30] and
modeling hierarchies[35] have been used to construct hier-
archies of OBBs. However, they cannot be directly applied
g) compute tight-fitting OBBs for large unstructured mod-
S.

A simple agorithm for finding the overlap status of two
OBBs tests al edges of one box for intersection with any
of the faces of the other box, and vice-versa. Since OBBs
are convex polytopes, algorithms based on linear program-
ming [27] and closest features computation [14, 21] can be
used aswell. A general purpose interference detection test
between OBBsand convex polyhedronispresented in[16].
Overall, efficient agorithms were not known for comput-
ing hierarchies of tight-fitting OBBsfor large unstructured
models, nor were efficient agorithms known for rapidly
checking the overlap status of two such OBBTrees.

3 Hierarchical Methods & Cost Equa-
tion

In this section, we present aframework for evaluating hier-
archica data structures for interference detection and give
a brief overview of OBBTrees. The basic cost function
wastaken from [35], who used it for analyzing hierarchical
methods for ray tracing. Given two large models and their
hierarchical representation, thetotal cost function for inter-
ference detection can be formulated as the following cost
equation:

T =N, xCy+ N, xCp, (D
where

total cost function for interference detection,
: humber of bounding volume pair overlap tests
. cost of testing apair of bounding volumes for overlap,
: isthe number primitive pairstested for interference,
: cost of testing apair of primitivesfor interference.

QE0zs

Given this cost function, various hierarchical data struc-
tures are characterized by:

Choice of Bounding Volume: The choice is governed
by two conflicting constraints:

1. It should fit the origina model as tightly as possible
(to lower N, and N,,).

2. Testing two such volumesfor overlap should be asfast
as possible (to lower ).

Simple primitives like spheres and AABBs do very well
with respect to the second constraint. But they cannot fit
some primitives like long-thin oriented polygons tightly.
On the other hand, minimal ellipsoids and OBBs provide
tight fits, but checking for overlap betweenthemisrelatively
expensive.

Hierarchical Decomposition: Given alarge model, the
tree of bounding volumes may be constructed bottom-up or
top-down. Furthermore, different techniquesare known for
decomposing or partitioning a bounding volume into two
or more sub-volumes. The leaf-nodes may correspond to
different primitives. For general polyhedra models, they
may be represented as collection of few triangles or convex
polytopes. The decomposition a so affectsthevaluesof N,
and v, in (1).

Itisclear that nohierarchical representation givesthe best
performance al thetimes. Furthermore, given two models,
the total cost of interference detection varies considerably
with relative placement of the models. In particular, when
two models arefar apart, hierarchical representations based
on spheres and AABBs work well in practice. However,
when two modelsarein close proximity with multiplenum-
ber of closest features, the number of pair-wise bounding



volume tests, N, increases, sometimes also leading to an
increase in the number pair-wise primitive contact tests,
N,.

For a given model, N, and N, for OBBTreestend to
be smaller as compared to those of trees us ng spheres
or AABBs as bounding volumes. At the same time, the
best known earlier agorithms for finding contact status of
two OBBs were amost two orders of magnitude slower
than checking two spheres or two AABBSs for overlap.
We present efficient algorithms for computing tight fitting
OBBs given a set of polygons, for constructing a hierar-
chy of OBBs, and for testing two OBBs for contact. Our
algorithms are able to compute tight-fitting hierarchies ef-
fectively and the overlap test between two OBBs is one
order of magnitude faster than best known earlier methods.
Given sufficiently large models, our interference detection
algorithm based on OBBTrees much faster as compared to
using sphere trees or AABBS.

4 Building an OBBTree

In thissection we describe a gorithmsfor building an OBB-
Tree. The tree construction has two components: first is
the placement of atight fitting OBB around a collection of
polygons, and second is the grouping of nested OBB’sinto
atree hierarchy.

We want to approximate the collection of polygonswith
an OBB of similar dimensionsand orientation. We triangu-
late all polygons composed of more than three edges. The
OBB computation a gorithm makes use of first and second
order statistics summarizing the vertex coordinates. They
are themean, p, and the covariance matrix, C, respectively

[11]. If the vertices of the ¢'th triangle are the points p?,

q‘, and r, then the mean and covariance matrix can be
expressed in vector notation as:

n

uIQZ(p +4q' +1'),

=0

1 i | i i .
Cir = 3, (P;Pk + @;ax +151%), 1<5,k<3

=0

where n is the number of triangles, p° = p’ — 4, @ =
q’ —u,aﬂdr =1 —p Each of themisa 3 x 1 vector,

eg. p' = (pl,pz,ps) and C;;, are the elements of the 3
by 3 covariance matrix.

The eigenvectors of a symmetric matrix, such as C, are
mutually orthogonal . After normalizingthem, they are used
as abasis. We find the extremal vertices along each axis
of thisbasis, and size the bounding box, oriented with the
basis vectors, to bound those extremal vertices. Two of the
three eigenvectors of the covariance matrix are the axes of
maximum and of minimum variance, so they will tend to
align the box with the geometry of atube or aflat surface
patch.

The basic failing of the above approach is that vertices
on the interior of the model, which ought not influence
the selection of a bounding box placement, can have an
arbitrary impact on the eigenvectors. For example, asmall
but very dense planar patch of verticesin theinterior of the
model can cause the bounding box to align withit.

We improve the agorithm by using the convex hull of
the vertices of thetriangles. The convex hull isthe smallest
convex set containing al the pointsand efficient algorithms
of O(nlgn) complexity and their robust implementations

Figure1: Building the OBBTree: recursively partition the
bounded polygons and bound the resulting groups.

are available as public domain packages [4]. Thisisanim-
provement, but till suffers from a similar sampling prob-
lem: asmall but very dense collection of nearly collinear
vertices on the convex hull can cause the bounding box to
align with that collection.

One solution is to sample the surface of the convex hull
densely, taking the mean and covariance of the sample
points. The uniform sampling of the convex hull surface
normalizes for triangle size and distribution.

One can sample the convex hull “infinitely densely” by
integrating over the surface of each triangle, and allowing
each differential patch to contribute to the covariance ma-
trix. The resulting integral has a closed form solution. We
let apoint x* inthe ¢"th triangle be parameterized by s and
tasin:

X :pi—l—s(qi —pi)—l—t(ri —pi), s,t €[0,1]

The mean point of the convex hull isthen

= ( //xdsdt) 1712”:;2( g 1)

i=1

wherem’® = areaof i'thtriangle = 1|(q’—p*) x (r'—p?)|.
Theelements of the covariance matrix C havethefollowing
closed-form,

1 irpemi =i miNg=i | =i | =i
Cir = %Zm[(pj+Qj+rj)(pk+QIc+rk)
i=1
+PPL + qa T, 1< k<3
wherep’' =p' — i1, @ = q' — uandr—r—

Givenan algorithmto computetight-fitting OB Bsaround
agroup of polygons, we need to represent them hierarchi-
caly. Most methods for building hierarchies fall into two
categories: bottom-up and top-down. Bottom-up methods
begin with a bounding volume for each polygon and merge
volumesintolarger volumesuntil thetreeiscomplete. Top-
down methods begin with a group of al polygons, and re-
cursively subdivide until all leaf nodes are indivisible. In
our current implementation, we have used a simple top-
down approach.

Our subdivision ruleisto split the longest axis of a box
with a plane orthogonal to one of its axes, partitioning the
polygons according to which side of the plane their center
point lies on (a 2-D anaog is shown in Figure 1). The
subdivision coordinate along that axis was chosen to be



that of the mean point, x, of the vertices. If the longest
axis cannot not be subdivided, the second longest axis is
chosen. Otherwise, the shortest one is used. If the group
of polygons cannot be partitioned adong any axis by this
criterion, then the group is considered indivisible.

If we choose the partition coordinate based on where the
median center point lies, then we obtain balanced trees.
This arguably resultsin optima worst-case hierarchies for
collision detection. It is, however, extremely difficult to
eval uate average-case behavior, as performance of collision
detection algorithms is sensitive to specific scenarios, and
no single algorithm performs optimally in all cases.

Given amodel with » triangles, the overall timeto build

the treeis O(n 17 n) if we use convex hull, and O(n Ign)
if we don't. The recursion is similar to that of quicksort.
Processing fitting abox to agroup of » trianglespartitioning
them into two subgroups takes O(n Ign) with convex hull
and O(n) without it. Applying the process recursively
creates atree with lesf nodes O(lgn) levels deep.

5 Fast Overlap Test for OBBs

Given OBBTrees of two objects, theinterference algorithm
typicaly spends most of its time testing pairs of OBBs for
overlap. A simple agorithm for testing the overlap status
for two OBB’s performs 144 edge-face tests. In practice,
it is an expensive test. Other agorithms based on linear
programming and closest features computation exist. In
this section, we present a new algorithm to test such boxes
for overlap.

One trivia test for digointness is to project the boxes
onto some axis (not necessarily a coordinate axis) in space.
Thisisan ‘axial projection.” Under this projection, each
box forms an interval on the axis. If the intervals don't
overlap, then the axis is called a ‘separating axis for the
boxes, and the boxes must then be digjoint. If theintervals
do overlap, then the boxes may or may not be digoint —
further tests may be required.

How many such tests are sufficient to determine the con-
tact status of two OBBs? We know that two disjoint convex
polytopes in 3-space can adways be separated by a plane
which is parallel to a face of either polytope, or paralle
to an edge from each polytope. A consequence of this
is that two convex polytopes are digoint iff there exists a
separating axis orthogonal to a face of either polytope or
orthogonal to an edge from each polytope. A proof of this
basic theorem isgiven in [15]. Each box has 3 unique face
orientations, and 3 unique edge directions. This leads to
15 potential separating axes to test (3 faces from one box,
3 faces from the other box, and 9 pairwise combinations
of edges). If the polytopes are digjoint, then a separating
axis exists, and one of the 15 axes mentioned above will
be a separating axis. If the polytopes are overlapping, then
clearly no separating axis exists. So, testing the 15 given
axes isa sufficient test for determining overlap status of two
OBBs.

To perform the test, our strategy isto project the centers
of the boxes onto the axis, and aso to compute the radii
of the intervals. If the distance between the box centers as
projected onto the axis is greater than the sum of the radii,
then the intervals (and the boxes as well) are digoint. This
isshownin 2D inFig. 2.

We assume we are given two OBBs, A and B, with B
placed relative to A by rotation R. and trandation T. The
half-dimensions(or ‘radii’) of A and B area; and b;, where
i =1, 2,3. Wewill denotethe axes of A and B asthe unit

Figure 2: L is a separating axis for OBBs A and B
because A and B become disjoint intervals under projection
onto L.

vectors A* and B, for : = 1,2, 3. These will be referred
to asthe 6 box axes. Note that if we use the box axes of A
as abasis, then the three columns of R. are the same as the
three B* vectors.

The centers of each box projects onto the midpoint of
itsinterval. By projecting the box radii onto the axis, and
summing the length of their images, we obtai n the radius of
theinterva. If theaxisis paralel to the unit vector L, then
theradius of box A’sinterval is

A = Z |ClZ'Ai . L|

A similar expression isused for .

The placement of the axisisimmaterial, so we assume it
passes through the center of box A. The distance between
the midpoints of theintervalsis|T - L|. intervals. So, the
intervalsare digoint iff

IT L] > |a;A" L+ ) [b;B"- L

This simplifies when L is a box axis or cross product
of box axes. For example, consider L = A' x B2. The

second term in the first summation is
lazA? - (A x B?)| = |apB?- (A% x AY)]

= |a2B?- A3

= |a2Bj]

= az|Ra)
The last step is due to the fact that the columns of the
rotation matrix are also the axes of the frame of B. The
original term consisted of a dot product and cross product,
but reduced to amultiplicationand an absolutevalue. Some

terms reduce to zero and are eliminated. After simplifying
all theterms, this axis test lookslike:

|T3R22—T2Ra2| > az|Rap|+az|Raog|+b1|Ras|+b3|Raa|

All 15 axis tests simplify in similar fashion. Among al
the tests, the absolute value of each e ement of R is used



four times, so those expressions can be computed once
before beginning the axis tests. The operation tally for
all 15 axis tests are shown in Table 1. If any one of the
expressions is satisfied, the boxes are known to be digoint,
and theremainder of the 15 axistests are unnecessary. This
permits early exit from the series of tests, so 200 operations
Isthe absol utewor st case, but often much fewer are needed.

Degenerate OBBs:  When an OBB boundsonly asingle
polygon, it will have zero thickness and become a rectan-
gle. In cases where a box extent is known to be zero, the
expressionsfor thetestscan befurther simplified. Theoper-
ation countsfor overlap testsare givenin Table 1, including
when one or both boxes degenerate into a rectangle. Fur-
ther reductionsare possiblewhen abox degeneratestoaline
segment. Nine multiplies and ten additions are eliminated
for every zero thickness.

OBBs with infinite extents: Also, when one or more
extents are known to be infinite, as for afat ray or plane,
certain axis tests require a straight-forward modification.
For the axis test given above, if a, is infinite, then the
inequality cannot possibly be satisfied unless R, is zero,
in which case the test proceeds as norma but with the
az|Ra3p| term removed. So the test becomes,

0 and
az|Roa| 4 b1|Ras| + b3|Raa|

Ry =
|TsR2 — ToRa| >
In general, we can expect that Rs, will not be zero, and

using a short-circuit and will cause the more expensive
inequality test to be skipped.

Operation | Box-Box | Box-Rect | Rect-Rect
compare 15 15 15
add/sub 60 50 40

mult 81 72 63
abs 24 24 24
Tablel: Operation Counts for Overlap Tests

Comparisons: We have implemented the algorithm
and compared its performance with other box overlap al-
gorithms. The latter include an efficient implementation
of closest features computation between convex polytopes
[14] and afast implementation of linear programming based
on Seidel’salgorithm[33]. Notethat thelast twoimplemen-
tations have been optimized for genera convex polytopes,
but not for boxes. All these algorithms are much faster
than performing 144 edge-face intersections. Wereport the
average time for checking overlap between two OBBsin
Table 2. All thetimingsarein microseconds, computed on
aHP 735/125.

Sep. Axis Closest Linear
Algorithm Features Programming
5—7us | 45— 105us | 180 — 230 us
Table2: Performance of Box Overlap Algorithms

6 OBB's vs. other Volumes

The primary motivationfor using OBBsisthat, by virtue of
their variable orientation, they can bound geometry more
tightly than AABBTrees and sphere trees. Therefore, we

reason that, all el se being the same, fewer levelsof an OBB-
Tree need to be be traversed to process a collision query for
objects in close proximity. In this section we present an
analysis of asymptotic performance of OBBTrees versus
AABBTrees and sphere trees, and an experiment which
supportsour anaysis.

In Fig. 9(at the end), we show the different levels of
hierarchies for AABBTrees and OBBTrees while approxi-
mating a torus. The number of bounding volumes in each
tree at each level isthesame. The ¢ for OBBTreesismuch
smaller as compared to ¢ for the AABBTrees.

First, we define tightness, diameter, and aspect ratio of
a bounding volume with respect to the geometry it covers.
Thetightness, =, of a bounding volume, B, with respect to
the geometry it covers, (&, is B’s Hausdorff distance from
G. Formally, thinking of B and (& as closed point sets, this
is

T = MK Q’Eng dist(b, g)
The diameter, d, of a bounding volume with respect to the
bounded geometry i sthe maximum distanceamong all pairs
of enclosed pointson the bounded geometry,

d= maele dist(g, h)

)

The aspect ratio, p, of abounding volume with respect to
bounded geometry isp = 7/d.

D e
il

Figure 3:  Aspect ratios of parent volumes are similar to
those of children when bounding nearly flat geometry.

We argue that when bounded surfaces have low curva
ture, AABBTrees and sphere trees form fixed aspect ratio
hierarchies, in the sense that the aspect ratio of anodein the
hierarchy will have an aspect ratio similar to its children.
Thisisillustratedin Fig. 3 for plane curves. If the bounded
geometry is nearly flat, then the children will have shapes
similar to the parents, but smaller. In Fig 3 for both spheres
and AABBS, d and r are halved as we go from parents to
children, so p = d/r is approximately the same for both
parent and child. For fixed aspect ratio hierarchies, = has
linear dependence on d.

Note that the aspect ratio for AABBs s very dependent
on the specific orientation of the bounded geometry —if the
geometry is conveniently aligned, the aspect ratio can be
closeto 0, whereasiif it isinconveniently aligned, p can be
close to 1. But whatever the value, an AABB enclosing
nearly flat geometry will have approximately the same p as
its children.

Since an OBB dignsitself with the geometry, the aspect
ratio of an OBB does not depend on the geometry’s orien-
tationin model space. Rather, it depends more on the local
curvature of the geometry. For the sake of analysis, we
are assuming nearly flat geometry. Suppose the bounded
geometry has low constant curvature, as on the surface of
a large sphere. In Fig. 4 we show a plane curve of fixed
radius of curvature » and bounded by an OBB. We have
d = 2rsing, and r = r — rcosd. Using the smal angle

approximation and eiminating ¢, we obtain = d?/8r. So
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Figure 4: OBBs: Aspect ratio of children are half that of
parent when bounding surfaces of low constant curvature
when bounding nearly flat geometry.

7 has quadratic dependence on d. When d is halved, 7 is
quartered, and the aspect ratio is halved.

We concludethat when bounding low curvature surfaces,
AABBTrees and spheres trees have = with linear depen-
dence on d, whereas OBBTrees have r with quadratic de-
pendence on d. We haveillustrated thisfor plane curvesin
the figures, but the relationships hold for surfaces in three
space aswell.

Suppose we use N same-sized bounding volumes to
cover a surface patch with area A and require each volume
to cover O(A/Nf) surface area (for smplicity we areignor-
ing packing inefficiencies). Therefore, for these volumes,
d = O(\/A/N). For AABBs and spheres, = depends
linearlyond,sor = O(1/A/N). For OBBs, quadratic de-
pendenceond givesusOBBs, 7 = O(A/N). So, tocover a
surface patch with volumesto agiventightness, if OBBsre-
quireO(m) bounding volumes, AABBs and sphereswould

require O(m?) bounding volumes.

Most contact scenarios do not require traversing both
trees to al nodes of a given depth, but this does happen
when two surfaces come into parallel close proximity to
one another, in which every point on each surfaceis close
to some point on the other surface. Thisismost commonin
virtual prototyping and tolerance analysis applications, in
which fitted machine parts are tested for mechanical con-
sistency. Also, dynamic simulations often generate paths
in which one object comesto rest against another. It should
be also be noted that when two smooth, highly tessellated
surfaces come into near contact with each other, the region
of near contact locally resembles aparalel close proximity
scenario in miniature, and, for sufficiently tessellated mod-
els, the expense of processing that region can dominate the
overal collision query. So, while it may seem like a very
special case, paralldl close proximity isan abstract situation
which deserves consideration when designing collisionand
evaluating collision detection algorithms.

Experiments: We performed two experiments
to support our analysis. For the first, we generated two
concentric spheresconsisting of 32, 000triangleseach. The
smaller spherehad radius 1, whilethelarger had radius 1+¢.
We performed collision queries with both OBBTrees and
AABBTrees. The AABBTreeswerecreated usingthe same
process as for OBBTrees, except that instead of using the
eigenvectors of the covariance matrix to determine the box
orientations, we used the identity matrix.

Figure5: AABBs (upper curve) and OBBs (lower curve)
for parallel close proximity (log-log plot)

The number of bounding box overlap tests required to
process the collision query are shown in Fig. 5 for both
tree types, and for a range of ¢ values. The graph is a
log-log plot. The upper curve isfor AABBTrees, and the
lower, OBBTrees. The dopes of thethe linear portionsthe
upper curve and lower curves are approximately —2 and
—1, as expected from the analysis. The differing dopes of
these curves imply that OBBTrees require asymptotically
fewer box tests as afunction of ¢ than AABBTreesin our
experiment.

Notice that the curve for AABBTrees levels off for the
lowest values of ¢. For sufficiently small values of ¢, even
the lowest levels of the AABBTree hierarchies are inade-
guate for separating the two surfaces — all nodes of both
are visited, and the collision query must resort to testing
the triangles. Decreasing ¢ even further cannot result in
more work, because the tree does not extend further than
the depth previously reached. The curve for the OBBTrees
will also level off for some sufficiently small value of e,
which is not shown in the graph. Furthermore, since both
trees are binary and therefore have the same number of
nodes, the OBBTree curve will level off at the same height
in the graph as the AABBTree curve.

For the second experiment, two same-size spheres were
placed next to each other, separated by a distance of . We
call this scenario point close proxi mity, where two nonpar-
allel surfaces patches come close to touching at a point.
We can think of the surfaces in the neighborhood of the
closest points as being in parale close proximity — but
this approximation applies only locally. We have not been
able to anaytically characterize the performance, so we
rely instead on empirical evidence to claim that for this
scenario OBBTreesrequire asymptotically fewer bounding
box overlap tests as a function of ¢ than AABBTrees. The
results are shown in Fig. 6. This is aso a log-log plot,
and theincreasing gap between the upper and lower curves
show the asymptotic difference in the number of tests as ¢
decreases. Again, we see the leveling off for small values
of e.

Analysis. A general analysis of the performance of
collision detection a gorithms which use bounding volume
hierarchies is extremely difficult because performance is
so situation specific. We assumed that the geometry being
bounded had locally low curvature and was finely tessel-




Figure 6: AABBs (upper curve) and OBBs (lower curve)
for point close proximity. (log-log plot)

lated. This enabled the formulation of simple relationships
between  and d. We also assumed that the packing effi-
ciency of bounding volumeswas perfect so asto formulate
the rel ationshi psbetween d and the area of the surface cov-
ered. We bdlievethat theinaccuracies of these assumptions
a(f:countforthede/iationsfromtheory exhibitedinthegraph
of Fig. 5.

For surface patcheswith high curvatureeverywhere, such
as a 3D fractal, we may not expect to see asymptotic per-
formance advantages for OBBs. Similarly, a coarse tessel-
lation of a surface will place a natura limit on the number,
N, thenumber of volumes used to approximate the surface.
For a coarse tessellation, OBB-, sphere-, and AABBTrees
may have to traverse their entire hierarchiesfor sufficiently
close proximity scenarios, thus requiring approximately the
same number of bounding volume overlap tests. Further-
more, for scenarios in which parallel close proximity does
not occur, we don’t expect the quadrati c convergence prop-
erty of OBBs to be of use, and again don't expect to see
superior asymptotic performance.

7 Implementation and Performance

The softwarefor the collision detection library was written
in C++. The primary data structure for an OBB isa “box”
class whose members contain a rotation matrix and trans-
lation vector, defining its placement relative to its parent,
pointersto itsparent and two children, the three box dimen-
sions, and an abject which holds a list of the triangles the
box contains. The overall data structure for the box occu-
pies 168 bytes. Thetree formed from boxes as nodes, and
tr;ee(tjrianglelist class, arethe only compound data structures
used.

An OBBTree of n triangles contains n leaf boxes and
n — 1 interna node boxes. In terms of memory require-
ments, there are approximately two boxes per triangle. The
triangle itself requires 9 double precision numbers plus an
integer for identification, totaling 76 bytes (based on 64-bit
|EEE arithmetic). The memory requirement therefore to-
tals 412 bytes per triangleinthe moddl. This estimate does
not include whatever overhead may exist in the dynamic
memory allocation mechanism of the runtimeenvironment.
Using quaternionsinstead of rotation matrices (to represent
box orientations), results in substantial space savings, but
need 13 more operations per OBB overlap test. Single

precision arithmetic can also be used to save memory.

7.1 Robustnessand Accuracy

The algorithm and theimplementationsare applicableto al
unstructured polygonal models. The polygons are permit-
ted to be degenerate, with two or even one unique vertex,
have no connectivity restrictions. The agorithm requires
no adjacency information. This degree of robustness gives
the system wider applicability. For example, space curves
can be approximated by degenerate triangles as line seg-
ments—the system will correctly find intersections of those
curves with other curves or surfaces.

The OBB overlap test isvery robust as compared to other
OBB overlap agorithms. It doesnot need to check for non-
generic conditions such as paralel faces or edges; these
are not special cases for the test and do not need to be
handled separately. As a series of comparisons between
linear combinations, the test is numerically stable: there
areno divisions, square roots, or other functionsto threaten
domain errors or create conditioning problems. The use of
an error margin, ¢, guards agai nst missing i ntersections due
to arithmetic error. Itsvaue can be set by the user.

Since the flow of control for the overlap test is smple
and the number of operationsrequired issmall, the overlap
test is a good candidate for microcoding or implemented
in assembly. The test could also be easily implemented in
hardware. Since most of the collision query time is spent
inthe overlap tests, any such optimizationwill significantly
improve overal running time.

The Qhull package [4] is optionally used for computing
the OBB orientation. It has been found to be quite robust.
If we do use Qhull, we have to ensure that the input to
Qhull spans 3dimensions. If theinput isrank deficient, our
current implementation skips the use of Qhull, and uses all
thetrianglesin the group. A more complete solutionwould
be to project theinput onto alower dimensional space, and
compute the convex hull of the projection (Qhull workson
input of arbitrary specified dimension, but the input must
be full rank).

Thereistheissue of propagation of errors as we descend
the hierarchies, performing overlap tests. When we test
two boxes or two triangles, their placement relative to one
another isthe result of a series of transformations, one for
each level of each hierarchy we have traversed. We have
not found errors due to the cascading of transformation
meatrices, but it is a theoretical source of errors we are
aware of.

7.2 Performance

Our interference detection algorithm has been applied to
two complex synthetic environments to demonstrate its ef-
ficiency (as highlighted in Table 3). These figures are for
an SGI Resdlity Engine (90 MHz R8000 CPU, 512 MB).

A simple dynamics engine exercised the collision detec-
tion system. At each time step, the contact polygons were
found by the collision detection agorithm, an impulse was
alpplli(ed to the object at each contact before advancing the
clock.

In the first scenario, the pipes model was used as both
the environment and the dynamic object, as shown in Fig.
8. Both object and environment contain 140,000 polygons.
The object is 15 times smaller in size than the environ-
ment. We simulated a gravitationa field directed toward
the center of the large cube of pipes, and permitted the
smaller cube to fal inward, tumbling and bouncing. Its
path contained 4008 discrete positions, and required 16.9



[[ Scenario | Pipes | Torus |
Environ Size 143690 pgns | 98000 pgns
Object Size 143690 pgns | 20000 pgns
Num of Steps 4008 1298
Num of Contacts 23905 2266
Num of Box-Box Tests 1704187 1055559
Num of Tri-Tri Tests 71589 7069
Time 16.9 secs 8.9 secs
Ave. Int. Detec. Time 4.2 msecs 6.9 msecs
Ave. Time per Box Test 7.9 usecs 7.3 usecs
Ave. Contacts per Step 6.0 17

Table3: Timingsfor simulations

seconds to determine al 23905 contacts aong the path.
This is a challenging scenario because the smaller object
is entirely embedded within the larger model. The models
contain long thin triangles in the straight segments of the
pipes, which cannot be efficiently approximated by sphere
trees, octrees, and AABBTrees, in generdl. It has no obvi-
ous groups or clusters, which are typically used by spatial
partitioning algorithmslike BSP's.

The other scenario has a complex wrinkled torus encir-
cling a stalagmite in a dimpled, toothed landscape. Dif-
ferent steps from this simulation are shown in Fig. 10.
The spikes in the landscape prevent large bounding boxes
from touching the floor of the landscape, whilethe dimples
provide numerous shall ow concavitiesinto which an object
can enter. Likewise, the wrinkles and the twisting of the
torus makes it impractical to decompose into convex poly-
topes, and difficult to efficiently apply bounding volumes.
The wrinkled torus and the environment are also smooth
enough to come into parale close proximity, increasing
the number of bounding volume overlap tests. Notice that
the average number of box tests per step for the torus sce-
nario is amost twice that of the pipes, even though the
number of contactsismuch lower.

We have aso applied our algorithm to detect collision
between a moving torpedo on a pivot model (as shown in
Fig. 7). These are parts of atorpedo storage and handling
room of asubmarine. The torpedo moddl is4780 triangles.
The pivot structure has 44921 triangles. There are multiple
contacts along the length of the torpedo as it rests among
therollers. A typica collision query time for the scenario
shown in Fig. 7 is100 ms on a 200MHz R4400 CPU, 2GB
SGI Redlity Engine.

7.3 Comparison with Other Approaches

A number of hierarchical structuresare known in the liter-
aturefor interference detection. Most of them are based on
spheres or AABBs. They have been applied to a number
of complex environments. However, there are no stan-
dard benchmarks available to compare different algorithms
and implementations. Asaresult, it is non-trivia to com-
pare two agorithms and their implementations. More re-
cently, [18] have compared different agorithms (based on
line-stabbing and AABBS) on models composed of tens of

thousands of polygons. On an SGI Indigo® Extreme, the
algorithms with the best performance are able to compute
all the contacts between themodelsinabout 1/7 —1/50of a
second. Just based on the model complexity, weare ableto
handle model s composed of hundreds of thousands of poly-
gons (with multipleparallel contacts) inabout 1/25—1/75
of a second. We aso compared our agorithm with an
implementation of sphere tree based on the algorithm pre-

sented in [28]. A very preliminary comparison indicates
one order of magnitude improvement. More comparisons
and experiments are planned in the near future.

74 RAPID and benchmarks

Our implementation of our agorithmsisavailabl e as a soft-
ware package called RAPID (Rapid and Accurate Poly-
gon Interference Detection). It can be obtained from:
http://www.cs.unc.edu/"geom/OBB/OBBT.html.

Most of the models shown in this paper are also available,
as well as precomputed motion sequences.

Overall, we find that given two large models in close
proximity, with C,, N, and N, from the cost equation (1):

e (', for OBBTrees is one-order of magnitude slower
than that for sphere trees or AABBSs.

o N, for OBBTreesisasymptotically lower than that for
sphere trees or AABBs. Likewise, N, for OBBTrees
isasymptotically lower.

Thus, given sufficiently large models in sufficiently close
proximity, using OBBTrees require less work to process a
collision query than using AABBTrees or sphere trees.

8 Extensions and Future Work

In the previous sections, we described the algorithm for
interference detection between two polygona models un-
dergoing rigidmotion. Some of thefuturework includesits
specialization and extension to other applications. These
include ray-tracing, interference detection between curved
surfaces, view frustum culling and deformable models. As
far as curve and surfaceintersectionsare concerned, current
approaches are based on algebraic methods, subdivision
methods and interval arithmetic [32]. Algebraic methods
are restricted to low degree intersections. For high degree
curve intersections, a gorithmsbased oninterval arithmetic
have been found to be the fastest [32]. Such algorithms
compute a decomposition of the curve interms of AABBs.
It will beworthwhileto try OBBs. Thiswould involve sub-
dividing the curve, computing tight-fitting OBBs for each
segment, and checking them for overlaps.

In terms of view frustum culling, most applications use

hierarchies based on AABBs. Rather, we may enclose the
object using an OBBTree and test for overlap with the view
frustum. The overlap test presented in Section 5 can be
easily extended to test for overlap between an OBB and a
view frustum.
Libraries and Benchmarks: There is great need to de-
velop aset of librariesand benchmarksto compare different
algorithms. Thiswould involve different models aswell as
scenarios.

9 Conclusion

Inthispaper, we have presented a hierarchical datastructure
for rapid and exact interference detection between polygo-
nal models. Thea gorithmisgeneral-purpose and makesno
assumptionsabout theinput model. We have presented new
algorithms for efficient construction of tight-fitting OBB-
Trees and overlap detection between two OBBs based on a
new separating axistheorem. We have compared its perfor-
mance with other hierarchies of spheres and AABBs and
find it asymptotically faster for close proximity situations.
The algorithm has been implemented and is able to detect
all contacts between complex geometries (composed of a
few hundred thousand polygons) at interactive rates.
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Figure7: Interactive Interference Detection for a Torpedo
(shown in yellow) on a Pivot Structure (shown in green)
— Torpedo has 4780 triangles; Pivot has 44921 triangles;
Average time to perform collision query: 100 msec on SGI
Reality Engine with 200MHz R4400 CPU

Figure 8: Interactive Interference Detection on Com-
plex Interweaving Pipeline: 140,000 polygons each; Aver-
age time to perform collision query: 4.2 msec on SGI Reality
Engine with 90MHz R8000 CPU



Figure 9: AABBs vs. OBBs: Approximation of a Torus — This Figure 10: Interactive Interference Detection for a Complex

shows OBBs converging to the shape of a torus more rapidly ~ Torus — Torus has 20000 polygons; Environment has 98000

than AABBs. polygons; Average time to perform collision query: 6.9 msec
on SGI Reality Engine with 90MHz R8000 CPU.

High-resolution TIFF versions of these images can be found on the CD-ROM in:
S96PR/papers/gottscha



