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ABSTRACT

Construction of effective acceleration structures for tr@ging is
a well studied problem. The highest quality acceleratiomcstires
are generally agreed to be those built using greedy coshati
tion based on a surface area heuristic (SAH). This techngest
often applied to the construction of kd-trees, as in thiskybut is
equally applicable to the construction of other hierarahixceler-
ation structures. Unfortunately, SAH-optimized datatinte con-
struction has previously been too slow to allow per-franteiileing
for interactive ray tracing of dynamic scenes, leading toubke of
lower-quality acceleration structures for this applioati The goal
of this paper is to demonstrate that high-quality SAH basexla
eration structures can be constructed quickly enough teerttem
a viable option for interactive ray tracing of dynamic scene

We present a scanning-based algorithm for choosing kdspite
planes that are close to optimal with respect to the SAH riaite
Our approach approximates the SAH cost function acrosspie s
tial domain with a piecewise quadratic function with bouahahe-
ror and picks minima from this approximation. This algomith
takes full advantage of SIMD operations (e.g., SSE) and has f
vorable memory access patterns. In practice this algoristfaster
than sorting-based SAH build algorithms with the same as$gtitp
time complexity, and is competitive with non-SAH build atgbms
which produce lower-quality trees. The resulting treesadngost
as good as those produced by a sorting-based SAH builderas me
sured by ray tracing time. For a test scene with 180k polygaoms
system builds a high-quality kd-tree in 0.26 seconds thit de-
grades ray tracing time by 3.6% compared to a full qualitg.tre
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1 INTRODUCTION

Recent algorithmic improvements in ray tracing have made in
teractive and even real-time ray tracing a reality on mogen:
cessors. The fastest systems, however, are all restrictsthtic
walkthroughs without fully dynamic geometric content. §kim-
itation is imposed by the systems' reliance on pre-computbd
trees that are cost optimized using the surface area heyg8gtH)

[6, 13, 8]. These data structures have generally been toeneke

to re-compute each frame for all but very small models. Apem
have been made to speed up the process of optimized kd-tnee co
struction [21] but these have met with limited success. Tdmerou-
nity has instead tended toward abandoning SAH-optimizetldes

in favor of structures that can be rebuilt very rapidly, sashuni-
form grids or less-optimized trees, or that can be updateddme

e-mail: whunt@cs.utexas.edu
Te-mail: billmark@cs.utexas.edu
*e-mail: gordon.stoll@intel.com

William R. Mark'
University of Texas at Austin
Intel Corporation

Gordon Stoft
Intel Corporation

forms of animation rather than completely rebuilt, such &8
[20, 22, 12, 18]. Although such structures typically havenso
traversal performance, the improvement in build perforceanas
been enough to overcome this disadvantage.

For many applications, a rendering system must performedt re
time frame rates and support fully dynamic scenes. If ozéaikd-
tree construction were suf ciently fast, fast kd-tree-basay trac-
ing algorithms such as MLRTA [16] could be leveraged for thes
applications. We present a fast scanning-based approachofie
structing kd-trees that are nearly optimal according t&3Aél. The
approach takes a xed number of well-chosen points at which t
evaluate the SAH cost function and produces a piecewisergtiad
approximation of the split-cost function from which a minim
can be obtained. The points are chosen in such a way thatfthe di
ference between the approximation and the actual costifumist
bounded. The scanning technique takes full advantage obDSipm
erations (e.g., SSE) and has favorable memory accessnstaed
in practice outperforms current approaches that use gortide-
cause the approximation may be computed so quickly, forescen
with large numbers of polygons the slight increase in traoe is
more than made up for by the decrease in kd-tree construtitien
This algorithm assumes the kd-tree is constructed from ag’sof
axis-aligned bounding boxes (AABBs). Each AABB may contain
one or more triangles or any other desired leaf geometry.

Our analysis and implementation focus on kd-trees, and t& m
immediate contribution is the demonstration that SAH-+oted
kd-trees are a viable acceleration structure for dynamines.
However, the techniques described in this paper are dirapli-
cable to the construction of other high-quality accelerastruc-
tures based on the surface area heuristic. Examples include
SAH-optimized bounding-volume hierarchies [20] and B-KBets
[24, 18]. The most important conclusion from this paper &t tc-
celeration structures for interactive ray tracers can dmlilsl be
built using a good approximation to the SAH.

2 BACKGROUND

The traditional algorithm for building a kd-tree (summadzin
[14]) is a greedy, top-down algorithm using the SAH to evidua
split candidates. Given a split candidate, SAH is a heuribtat
takes into account both the probability of a ray hitting eabHd
and the cost of visiting each child. The split with lowesttasoss
all split candidates is compared to the cost of not splittitfghe
cost of splitting is less than the cost of not splitting, therent
voxel is split into two children. Otherwise, a leaf node isated
in the tree. Splits chosen using this cost function prodreestthat
have proven to be extremely effective for fast ray-tracifige cost
functioncost(x) [6, 13, 8] itself used by the SAH is de ned as fol-
lows:

cos(¥) = Ci + CL(0) “Gx + Cr(X) gy

WhereC, is the (constant) cost of traversing the node itself,
CL(X) is the cost of the left child given a split a positionand
Cr(x) is the cost of the right child given the same spBA (v;X)
andSAr(v;x) are the surface areas of the left and right children re-
spectively. SAV) is the surface area of the voxel currently being

considered for splitting. The ratigépg—‘c)’o and SQRA%X) can be in-




terpreted as the probabilities of intersecting the left aghit child
respectively given that a ray has intersected the curred.no

The split candidates are de ned by the geometry that is being
partitioned. In this paper we will assume that each piecesofige-
try is contained within an axis aligned bounding box (AABBhe
upper and lower bounds of each AABB make up the list of candi-
date splits. In this cagg (x) andCgr(X) are equal to the number of
AABBs that overlap the left and right children respectively

The dif cult part in evaluating the cost function for a givean-
didatex is in the evaluation o€ (x) andCr(x). When evaluating
all split candidates, this task is simpli ed greatly if aff the splits
are sorted with respect to their position (in one dimensimtause
a linear scan can keep track of the number of AABBs to the left
of this split position and how many overlap it. This inforioat is
enough to deriv€_ andCr. Traditionally, the split candidates are
sorted each time a new split is required, leading te&ogn tree-
building algorithm. A variant described by [21] and [4] dadkof
the sorting up front and achieves a better bounalofyn. With
even modest amounts of geometry, any sort is still experifsivis
to be computed each frame.

Another approach is to evaluate split candidates at arbitra

and that we wish to evaluate the cost functioqdifferent locations
along a single axis of that node.

Sorting approach: The sorting approach consists of two phases.
Inthe rst phase, the primitives are sorted along the atia,@st of
O(mlogm). In the second phase, the cost function can be evaluated
for any number of desired locations with only a single pass tive
sorted data, at a cost @f(m). For the kd-tree as a whole, the cost
of this approach i©(nlog?n), but by preserving and reusing the
results of the top-leveD(nlogn) sort, the total cost can be reduced
to O(nlogn) [21].

Scanning approach: The scanning approach evaluates the cost
function at just a single location. In its simplest form, thgo-
rithm must be repeated to evaluate the cost function at niane t
one location. For each location, the algorithm loops ovieofahe
primitives. At each primitive, it checks to see if the priiwit lies
to the left and/or to the right, and then increments the gmjate
counter(s). Thus, to evaluate the cost function at a siraglation,
the cost of this approach@(m). Forqlocations, the cost i©(mg).

If we setq to a constant (e.g., eight), then the approadi(is) for
each node, and for the tree as a whole the cost wilDpdogn).

From asymptotic analysis, it would appear that the costbef t

planes in space rather than at the boundaries of the AABBs two approaches are equivalent. Since the sorting appreatieges

[10, 9, 15]. The algorithm in this paper differs from prevsoap-
proaches in this area in two primary ways: rst, we choosét spl
candidates adaptively, making more ef cient use of eachlictate.
Second, we do not use the splits evaluated as candidatesbedd
as sample points for an approximation function from whictaa-c
didate is derived.

Regular grids and BVHs have recently been used in seveeat int
active ray-tracing systems [20, 22, 12, 18]. The primaryivation
for these approaches has been fast build and update timel, &tal
al. [22] discuss a grid based approach which re-builds titeegich
frame. Grid acceleration structures are very fast to comput can-
not easily adapt to scenes with varied geometric densitjhodigh
major improvements have recently been made for grid acceler
tion structures [22], they still typically perform somevihaorse
for traversal than kd-trees, particularly for less-cohesecondary
rays. BVHs have also been studied for interactive ray tgawiith
some promising results. The key advantage for BVH basedexece
ation structures for real-time applications is that a fastate proce-
dure exists. Drawbacks with this approach are that updatesrmly
be used for a limited class of animation (e.g. deformatianji that
tree quality can degrade over time. Both of these drawbamhkbe
addressed using full rebuilds of the tree, and rebuildiny/&l Bith
high quality (e.g. SAH-optimized) is closely related to fireblem
addressed in this work.

3 EVALUATING THE COST FUNCTION :
SORTING VS. SCANNING

Any algorithm that builds an acceleration structure usifgi®ost
must evaluate the cost function at various locations.

To evaluate the cost function at a particular location, westmu
know:

1. The location of the split plane (which allows us to comphte
volumes of the left and right nodes, and hence the probgbilit
of hitting them)

2. How many primitives are to the left

3. How many primitives are to the right

Tasks #2 and #3 are expensive.

There are two basic algorithms for evaluating the cost fonct
For each, we assume that we hamné\ABBs at a particular node,

the cost function at every AABB rather than just a xed numbér
locations, it would initially appear to be the better apmioa

However, there are several practical advantages of thenszan
approach. First, it is very simple and thus the constanbfadn
its cost can be very small, especially when the implemeoras
well-tuned (as described later in this paper). Second,tharsng
approach defers more of its work to the leaf nodes.

Deferring work to the leaf nodes has two advantages. First, i
may be the case that we do not need to build all of the leaf nodes
If a system builds the acceleration structure lazily (ascdesd,
for example, in [3, 17]) then it can skip a large amount of work
In contrast, the sorting approach still must do@(mlogn) sort at
the top level. The results reported in this paper do not usg la
building, but we hope to report such results in a future foaion.
Second, the scanning approach performs well at higherdei¢he
tree where the data set does not t in cache, whereas theamunst
factors on sorting algorithms are generally worse for saoyd data
sets. In particular, the linear and read-only memory acpatiern
of the scanning approach allows the hardware prefetcheoafenm
CPUs to work very effectively.

4 APPROXIMATING THE COST FUNCTION WITH A FEW
SAMPLES

The scanning approach to evaluating the cost function ceonpe
better than the sorting approach if the number of locatiomehéch
the cost function is evaluated is small. Fortunately, a kmahber
of locations is generally suf cient to build a high-qualikgd-tree.
For example, Hurley, et al. [10] found that there was veryjelit
bene t to using more than thirty-two candidate split locais.

In previous work, split planes have been restricted to lginghe
locations at which the cost function has been evaluated809,
15]. We show that it is possible to use a small number of etiaios
of the cost function to generate an approximation of the trust
function. The nal split plane is then positioned at the mimim
of the approximate cost function. Thus, the location of timal
split plane is not restricted to a xed number of locationggufe 1
illustrates this idea.

A good approximation to the full surface area heuristic must
meet two criteria. First, it must signi cantly reduce theng re-
quired to build the acceleration structure. We assess tfteria
with execution-time measurements for our algorithm. Sdcain
should not signi cantly reduce the quality of the accelematstruc-
ture.
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Figure 1. The split plane is placed at the minimum of a piecewse
quadratic function that interpolates the sample points. Note that we
have vertically displaced the approximation function from the actual
function so that the details of both can be seen.

We assess the quality of the acceleration structure in thags:
First, we measure the increase in ray tracing time that tefnam
using our approximate tree instead of one built using theSAH.
Second, we measure the degradation in SAH tree quality dicgpr
the SAH cost equation. Finally, in Appendix A we address ifyal
mathematically, by analyzing the behavior of the SAH cosicfu
tion and deriving analytical bounds on the error that resfrtim
evaluating it at a xed number of locations.

5 ADAPTIVELY CHOOSING SAMPLE LOCATIONS

Previous approaches that approximate the cost functioa tlao-
sen uniformly spaced samples, as shown in Figure 2.

In this paper, we show that it is possible to achieve a befier a
proximation to the cost function by adaptively choosing pknto-
cations. This approach has been independently suggesteddb
implemented) by Popov, et al. [15].

Figures 2 and 4 illustrate how we choose samples adaptively.
a rst phase, 50% of our sample budget is used to uniformlyam
the function. In a second phase, the remaining 50% of our Eamp
budget is used to adapatively sample the function in lonatwhere
there is the greatest uncertainty about the behavior ofuthetion.

5.1 Error bounds

For the purpose of discussing error bounds, it is useful $tirdi
guish between thgreedySAH cost, and thérue SAH cost. The
true SAH cost recursively considers costs at all child npdescan
only be evaluated after the entire sub-tree has been builtoh-
trast, the greedy SAH cost terminates its recursion for eesiua-
tion after one split, and ignores the effects of deeper tireetsire.

It should be clear that our approximation is very effectine i
cases where the greedy cost function is smoothly varying B+
ical near the top of the acceleration structure. In such $hiwo
varying cases, the approximate cost function used by ouorighgn
closely matches the actual greedy cost function at all poifibus,
the greedy cost of the split plane chosen by our algorithrrery v
close to the greedy cost of the optimal split plane.

Itis less obvious how well our algorithm performs in casegxeh
the cost function has discontinuities. For example, if tbeipn of
the scene in question contains an axis-aligned wall withynpay-
gons, the actual greedy cost function may be a step functibiato
function. This is visible in the example diagrams on the $édie.
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Figure 2: The initial samples as shown onC. Cgr

In such cases, the greedy cost of the split plane chosen Bigaor
rithm may differ signi cantly from the greedy cost of the apal
split plane, speci cally by as much as half of the range of ¢bst
function. Because a step function has a large high frequeoicy
ponent (up to in nite), any discrete sampling strategy stsfthis
de ciency.

However, it turns out that in such cases ¢ineedySAH cost does
not correspond well terue (non-greedy) SAH cost if the next few
child splits are chosen well. Our algorithm chooses thedctyilits
well, for reasons that we will explain next. As a result, tiegichda-
tion in thetrue SAH cost caused by our algorithm's approximation
is typically small even for a cost function with discontities.

A key property of our algorithm is that the sample points it
chooses rapidly converge towards a discontinuity. The eaance
occurs both through adaptive sampling within a single naohe]
through samples chosen recursively in child nodes. In ttyve
will show, the larger the discontinuity is, the more rapid tonver-
gence. The net effect of this convergence is that after a fdits s
the discontinuity will be isolated into a small volume (anehhe
generally a small surface area). Since the true SAH costsively
considers the product of cost with surface area, the true 8ddt
penalty for non-optimal split locations near a discontiyus gen-
erally small, even when the greedy SAH cost penalty appedrs t
large.

Mathematically, the convergence property of our algoritbex-
pressed as a guaranteed bound on the product of the costwittror
the split-plane position error. Thatis, if there is a largend on the
error in cost, there is a small bound on the error of the loocabif
the split plane, and vice-versa. This falls out directlynfirthe fact
that the proof provides error bounds in terms of the prodtith®
domain and the range of the function (or segment) being appro
mated. Thus, for very large bounds on cost error, as occuranea
discontinuity in the cost function, the algorithm will chem split
planes close to the discontinuity. After a few splits, th&cdntinu-
ity will be isolated in a small volume, and thus contributeywiétle
to thetrue (non-greedy) SAH cost.

5.2 Adaptive sampling algorithm

As we have discussed, our algorithm approximates the SAM cos
function by sampling it at a xed number of locations. Insieaf
sampling the cost function itself, we sample all four vagyinputs
to the cost function( , Cr, SA , andSARr). By linearly interpolat-
ing each input, we are able to generate a quadratic apprtigima
to the cost function between each pair of sample points.

It would be possible to stop at this step and choose a spliepla
at the minimum of the piecewise-quadratic approximatiorhi®
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Figure 4: Sample evenly in the segments with large error.

cost function. However, if the cost function is ill-behayéue error
bounds on the segment(s) that potentially contain the minirmay
be loose. That is, there may be considerable uncertainty tet
actual behavior of the cost function in the vicinity of thenimum,
and thus the choice of the location of the minimum may be poor.

Figure 2 illustrates this situation. Note that in this gurather
than plotting the cost function, we pl@Cgr, which (as ex-
plained in Appendix A) is useful as a tool for error analysised
to the fact that bounds aiy  Cr simultaneously boun@_ andCr
and in turn boundtos{(x). In Figure 2, there is a large amount of
uncertainty about the behavior@f Cgin the last segment.

To improve the error bounds, a second sefj ebmples is taken,
with the locations for this second set of samples chosentizdip
based on the information from the rst set of samples. We skoo
the sample locations using a simple algorithm which we titate
graphically in Figures 2—6.

We want to place additional samples in those segments fahwhi
there is a large change @i Cr within the segment. A simple
but effective mechanism for choosing these new sampleitotat
is to createn bins for the values tha, Cr may take, and then
require an additional sample within a segment each timeGhat
Cr crosses a bin boundary within that segment. This is equivale
to takingqg additional samples regularly along ttemgeof C.  Cg,
as illustrated in Figure 3.
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Figure 6: The actual cost function, notice the minimum is slightly
o from the predicted value.

ples are positioned such that they are evenly spaced witlgiin t
respective segments (Figure 4).

The end result of the two sampling steps is a piecewise gtiadra
approximation to the cost function, using 8amples. As shown
in Appendix A, the product of cost error and position erros ha
0O(1=g?) bound between adjacent pairs of samples with this adap-
tive sampling technique. This is important because it govéhe
rate of convergence for iterations of the sampling procésshis
context, scans within children may be considered iteration

To choose the split plane location for the node, we constuer t
local minima of each of the® 1 piecewise quadratic segments,
and place the split plane at the overall minimum. As with any
kd-tree builder, if the estimated cost of splitting at thasdtion is
greater than the cost of not splitting, a leaf node is formed.

6 |IMPLEMENTATION

6.1 Implementation of scan

As mentioned earlier, our algorithm for choosing a splinglaoes
not sort the bounding boxes, but instead scans over them one o
more times to accumulate various information.

In the simplest implementation of the algorithm, each exalu
tion of the cost function at a sample point requires a scan tbne
bounding boxes. Thus, evaluating the cost function at vesie

Once it has been decided how many of the additional samples points along the x-axis would require ve separate scang tvwe

are allocated to each of the original segments, these additsam-

bounding boxes. During a single scan, two quantities arecoad:



CL — Number of primitives that lie partially or completely to
the left of the sample point along the relevant axis.

Cr — Number of primitives that lie partially or completely to
the right of the sample point along the relevant axis.

To improve ef ciency, it is possible to evaluate the costdtion
at multiple sample points in a single scan. For example, odemo
machines with 4 x FP32 register SIMD support (e.g., SSE} it i
possible to evaluate four sample points in one pass usirg-loop
code of the form:

Cr += ((AABB.upperbound > sampleLocation) ? 1 : 0);
C_ += ((AABB.lowerbound < sampleLocation) ? 1 : 0);

where all of the variables are 4-wide vectors and
all of the operators are 4-wide vector operators. The
conditionals are implemented using masks rather than
branches.

It is possible to evaluate the cost function at even more &amp
points in a single scan by maintaining additional pairs oftam-
ers for theC_ andCr values associated with the additional sample

points. Since each scan must read every AABB once, by combin-
ing scans we reduce the number of memory accesses. This mech-

anism is not limited to combining scans for a single axis —dtym
also be used to combine the scans for the X, Y, and Z axes. Thes
scan-combining optimizations are most important at theofojhe
acceleration structure, where the AABBs do not t in cache& an
the scans become memory-bandwidth bound. Note, howeata th
minimum of two scans is required, one for the rst set of sasspl
and another for the adaptive samples.

Toward the bottom of the acceleration structure, the decias
to how many samples to evaluate in a single scan becomes mor
complex. Once all of the AABBs t in cache, the implementatio
on modern machines may become compute dominated. In tlds cas
scan combining is still bene cial, but only up to the pointevk all
of the temporary variables t in registers. On today's 6486
architectures, for example, 16 samples may be evaluatesingke
scan without any register spilling. Note that a scan orgathia this
way performs no writes to memory at all until it completes.

The compactness and high speed of the scanning algorithm mak

the approach fast even for large amounts of geometry. The sca
ning approach also lends itself to a parallel implementatibere
each CPU gets an allocation of the AABBs over which to evaluat
the splits. Once each CPU has completed its evaluation,teeigat
operation can be used to combine the results. We have nanyet i
plemented this form of parallelization.

6.2 Exact evaluation of SAH near leaf nodes

Near the bottom of the tree the number of AABBs in a node iskmal
and the SAH cost function is generally much less smooth. Unde
these conditions approximating the SAH is less effectingl iais
advantageous to evaluate it at the start and end of every AABB
Fortunately, exact evaluation is inexpensive for a smathber of
AABBs.

After experimenting with various sorting algorithms, weneo
cluded that a modi ed version of our vectorized scanningétgm
performed better than any standard sorting algorithm fomalls
number of AABBs. Rather than choosing the sample points uni-
formly, we generate a sample point for the start and end dfi eac
AABB in the node, and use our scanning algorithm to evaluzge t
cost function at each sample point. The results from thierétym
are equivalent to the standard sorting approach. Asynualtithis
algorithm isO(m2) in the number of AABBs, but for smath it is
faster than th€©(mlogm) sorts that we have tried.

6.3 Implementation of overall algorithm

There are a number of ways in which our approach can make a
tradeoff between tree-construction time and tree qualitye fol-
lowing are the mechanisms for adjustment, along with theesl

we use for them:

Number of uniform samples per axis at each node: 8
Number of adaptive samples per axis at each node: 8

Node size below which we switch to evaluating SAH for all
axes vs. evaluating just along longest axis. We report three
sets of results:

— oneaxis always use one axis

— hybrid: use one axis for more than 1024 AABBS, all
axes for less or equal

— allaxes always use all axes

Node size below which we switch to exact SAH evaluation:
36 AABBs

Relative node weight —i.e. SAH cost of intersecting a ké-tre
node vs. cost of intersecting an AABB in a leaf node: one-to-
one

© Empty space bonus — Hurley, et al. [10] showed that it is

useful to weight the SAH more heavily in favor of cutting off
empty space: We use a cost weighting factor of 0.85 for any
node with an empty sibling.

6.3.1 Additional optimizations

eA kd-tree builder must perform two tasks at each node. FHirst,
must choose a split plane (and evaluate any associatedwust f
tions). We refer to this rst task (which has already beercdssed,
although not by this name) agplitting. Second, it must create two
lists of child nodes based on the chosen split plane. We tefer
this second task asifting. Note that for a kd-tree, a single AABB
may be copied into both children, so sifting is more complexaf
kd-tree than a B-KD tree [24, 18].

Our sifting implementation uses two important optimizato
First, memory is managed carefully, with the left child ovet-
ing the parent storage, and the right child allocated liyefaom
a heap. Second, we copy pointers to AABBs instead of the kctua
AABBs. Although this strategy necessitates a pointer dereace
when reading AABB bounds, the performance improvementtresu
ing from reducing the size of memory copies outweighs théoper
mance penalty of pointer de-referencing.

7 RESULTS

We have implemented a SIMD-vectorized (using SSE) versfon o
our kd-tree building algorithm as a stand alone package aald-e
ated it both for build performance and tree quality. We thaple-
mented the same algorithm within the Razor system [17] ieicial
evaluate the practical effect of tree quality on render tiifiee re-
sults in Table 1 demonstrate that our algorithm's kd-treitdiquer-
formance is competitive with other interactive accelemtstruc-
ture builds and that the quality of the resulting kd-treesisost as
good as that produced by a sorting method.

Although the Razor system normally uses a lazy kd-tree byild
itwas modi ed to force a full (non-lazy) tree build to makestimea-
surements presented in this paper. Rendering time was neglasu
with the system con gured to use large numbers of both prymar
rays (4x super sampling) and secondary rays (area lightssyur



Because Razor has some xed per-ray overhead for multwesol
tion ray tracing, a non-multi-resolution ray tracer woukely see
somewhat larger percentage changes in rendering timegtbae
shown in Table 1. This is one of the reasons we also report tree
quality using SAH cost.

Several of the results in Table 1 are outliers deservinghéurt
discussion. First, th€ourtyard scene has an especially low SAH
cost (i.e. high tree quality). We attribute this behaviottie fact
that the scene is composed of 4 axis aligned instances of a sin-
gle sub-scene. Second, tBeda Hall scene has high SAH cost
(i.e. low tree quality) and a fast build time. We believe théhav-
ior is caused by the large wall polygons in the scene whiclseau
the SAH to terminate earlier, producing larger leaf nodesalfy,
Table 1 is missing rendering time results for themadillo and
Soda Hall scenes due to memory-consumption issues in the cur-
rent implementation of Razor.

All of the results we present are for builds from an AABB
“soup”. Preliminary experiments indicate that lazy builgliand
the use of pre-existing hierarchy (e.g., from a scene greah)oe
combined with the algorithm presented in this paper to yigfther
dramatic improvements in build times. We expect to rep@s#re-
sults in a future publication. It should be noted that theoatgm
presented in this paper bene ts strongly from lazy buildingcause
most of its time is spent on nodes near the bottom of the tewee(f
than 100 elements), which are the ones most readily culladéry
build.

We have not yet exhaustively experimented with all of thepar
eters in our algorithm. In particular, we have not carefellgluated
the impact of changing the number of xed and adaptive sample
(currently eight and eight respectively), because in amopéed
implementation these settings cannot be changed arbjtrare
current settings provide a good balance between build timddrae
quality, but changing them would allow additional tuningtbfs
tradeoff.

Our algorithm switches to exact evaluation of the SAH foremd
below a certain size (currently 36 AABBs). This cutoff wa®eh
sen to lie at the point where the cost@fm-) brute-force search
grew to be greater than that of tém) two-pass adaptive sampling
algorithm.

Figure 7: The Courtyard Scene (character models ¢ 2003-2006 Dig-
ital Extremes, used with permission)

Figure 8: The Daz Fairy Scene

8 DISCUSSION

We have set out to demonstrate that SAH based acceleratian st
tures —and in particular kd-trees — are a viable acceleratioicture
for interactive and real-time ray-tracing of dynamic scen#ith a
build time of 0.26 seconds for a 180k triangle model, intévac
performance is already a reality. We believe that kd-treeksadher
SAH-based acceleration structures will turn out to be thetred
fective acceleration structure for real-time ray-tracapgplications.
Build times can be improved even further with additionalgbar
lelization, low level optimizations and the future use ofldidnal
information, such as pre-sorted geometry or scene graphrbfey
during construction. The advantages of high-quality amregion
structures are especially important for ray tracers thetetdarge
numbers of secondary rays, since in these systems it isiapec
favorable to increase build time slightly in order to desetraver-
sal time.

Another important feature of this algorithm is that it irgets fa-
vorably with lazy building of the acceleration structure. d lazy
system withn pieces of geometry of which only, m<< n pieces
of geometry are touched, the size of the tree produceadldg m.
However, any system that sorts must sort the entifgeces of
geometry for the rst split, leading to anlogn build algorithm.
Since our approach only does linear work at each step, ittaklys
n+ mlogm time to build the entire tree. (The accounts for the
initial pass.) This asymptotic improvement in runtime magvide
a substantial improvement in the build times for lazy system
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Scene
|| Hand [2] | Bunny [1] | Fairy Forest [2]] Courtyard | Armadillo [1] | Soda Hall
Geometric Information
Quads 7,510 0 78,201 141,657 0 0
Triangles 835 69,451 17,715 37,574 345,944 | 1,510,775
Total Polygons 8,345 69,451 95,916 179,231 345,944 | 1,510,775
Build Time in Seconds
All Axes 0.024 0.25 0.30 0.69 1.41 5.14
Hybrid 0.022 0.23 0.27 0.63 1.14 4.50
One Axis 0.012 0.11 0.14 0.26 0.69 1.59
Build speed in polygons/second
All Axes 348,000] 278,000 320,000] 260,000 245,000] 294,000
Hybrid 379,000 302,000 355,000 284,000 303,000 336,000
One Axis 695,000| 631,000 685,000| 689,000 501,000| 950,000
Tree Quality, Measured as SAH Cost
All Axes 70.0 76.0 53.6 39.3 63.8 452
Hybrid 70.0 76.0 59.6 39.9 73.3 450
One Axis 72.0 95.0 69.0 43.7 84.6 489
Increase in Render Time Over Optimal Tree

All Axes 0.33% 1.63% 3.19% 3.31% - -
Hybrid 0.89% 1.63% 3.77% 3.60% - -
One Axis 7.90% 7.72% 4.35% 3.60% - -

Table 1: Build Performance Measurements, using one core of &.4 GHz Intel Core 2 Duo processor (\Conroe"), with 4MB of L2 c ache
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A ERROR BOUNDS This bound improves over the linear approximation bound by a

factor proportional t(}%. We will refer to it as the evenly spaced

In or(_jer to bound the error of our approximation of the SAHtcos pjecewise linear approximation bound (of a monotone famti
function we rst bound the error on each of its componentse Th

focus of the rest of this section is providing error boundstfe

piecewise linear approximations of the monotone functignand A3 Adaptive Linear Approximation

Cr. Although the evenly spaced piecewise linear approximagian
vides an improved error bound fd, it provides no information
A.1 Linear Approximation about the locality of error. Each segméry; x+ 1) contains some
. _ . . ) fraction a; of the overall error in our piecewise linear approxima-
For an arbitrary integrable functiohand an approximatiof, we tion but we have no guarantee that any one segment doestgticon
12y de ne the error of the approximation over doménb) to be most or all of the error. By adding at masadditional samples (us-
aif §. If fis a monotone function an& is a linear approx- ing our adaptive method), we may ensure that each segment con
imation of f over (a;b) with f(a) = f(a) and f(b) = f(b), the tains proportional t(% of the overall error.
maximum error of the approximation (according to this notis Using the piecewise linear approximation bounds, adtimegc

ib ajif(g) f@  \we do not provide proof of this simple theorem evenly spaced points to a segment reduces its error propattio

here, but Figure 9 should provide some intuition as to whyit i (bnaic+ 1) . It should be noted that two additional samples are
true. We refer to this bound as the linear approximation kg avaliable in each segment: the endpoints. This accounthéaad-
a monotonic function). dition, rather than the subtraction, of 1 in this reductidreoor.

If the error was initiallya; % after the additional

(irr %)if(xie1) FOG)]
_ 2(n 1)(_bnaic+ 1)
portional tow providing us an error bound on

each segment proportlonal ﬁe We will refer to this bound com-
bined with the evenly spaced linear apprOX|mat|on boundhas t
adaptive linear approximation boundL ;bnajc  &{L;naj = n
proves that this process takes at mu)a'dditional samples overall.

samples it becomes; . This quantity is pro-

Figure 9: Monotonicity guarantees that the function does not leave
the box. The area between the function and its linear approxmation )
cannot be more than $ the area of the box, giving us our bounds. A.4 Bounds for the Cost Function

Recall the SAH cost function:

cosi(x) = C; + CLRA.(x) + CrPR(X)
A.2  Uniformly Spaced Linear Approximation BecauseC, and Cr are monotone, we may sample them
adaptively and achieve the adaptive linear approximationnt.
Ci, BL(X) andPRr(x) are computable directly and have no error. The
error bounds for the cost function are derived here.

A uniformly spaced piecewise linear approximation prosice
better error bound for monotone functions. When approximat
ing a monotone functiorf we may taken evenly spaced points

Xi;i 2 [0;n) s.t. xo = aandx, 1= b. Let £be the piecewise linear
approximation off such thaBx 2 [0;n) f(x) = &) and fis linear

between alk;; x;+ 1 pairs. The following bound holds given the as-  error(cos(x)) = error(CL)P.(X)+ error(Cr)Pr(X)
sumptions:f is an integrable monotone functiom, 2 and(a;b) fA;Pr 2 [0; 1g
is a non-empty range. ' '
I Pty rang error(C_) + error(CRr)

z b f f(x)evenly spaced linear approximation bognd

eror(h = 1T § _ (b a)jc(b) C@i, (b a)Cr(b) Cr(a]
DZx 2(n 1) 2(n 1)
= a A _ (b a)(C(b) Ci(@)i+iCr(b) Cr(a)i)
2(n 1)

f the linear approximation bougd
giXi X i fea)  f(6 1)

Slightly more work is required to achieve the adaptive bofand

i=1 2 cosi(x) because we are choosing only one additional set of points
ffis monotong and must bound error for bot® andCg. SinceC_ and Cgr are
Dix % 4(fod) o6 1) both monotone increasing, so is their sum. Also, since thgaaf
i a j CL Crisequal to the sum or the ranges®f andCg, any bound
i=1 2 forC. Cris also a bound fo€, and forCr. Using the adaptive
¢ _b a boundforC. Crwe can show that the error between any two sam-
XoX1= 9 ples overC,  Cg is of the order® 3140 CL(a)‘”cR(b) Cr(@))
(b a) ] The same bound holds for the error between any two samples
2(n 1)1a (fOa) (6 )] on C_ andCgr. Since adding the error o and Cr together
only increases overall error by a factor of two aRdand P are
f f(x)is a telescoping sugn 1. The error between any two pointsdnst(x) is also order of
(b a)jf(b) f(a)j (b_a)(C(b) Cu@Ce(B) (@) This completes the error analysis

2(n 1) for using at most @ samples W|th our adaptive scheme.



