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Closed Particle Search based on Cell Sorting with Keys

Juraj Onderik*
Comenius University T
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Figure 1: The classical dam-break test within our SPH fluid simulation environment.

Abstract

Lagrangian particle-based animation is a popular strategy for sim-

ulating fluids in computer graphics. Due to its inherent mesh-less
nature a set of neighbor particles within a specified range must be
efficiently found.

In this paper we propose Cell Sorting a novel approach for search-
ing approximate neighbor particles necessary for efficient fluid sim-
ulation using SPH. Instead of storing particles into a fixed 3D grid
or hash map, we encode their coordinates into keys. The list of
keys is then sorted using linear time radix sort. A simple traver-
sal using H-mask can quickly accumulate approximate neighbors
without problematic cache misses of Spatial Hashing, large mem-
ory requirements of full 3D grids or O(nlogn) time complexity of
kd-trees. Furthermore we can achieve sub-cell precision by us-
ing larger H-masks, while having only constant factor slowdown.
Using H-mask can substantially increase the precision of Spatial
Hashing or 3D grids, however more cache misses or larger memory
requirements arise. .

‘We have demonstrated our approach within a standard SPH based
fluid simulation.

CR Categories: 1.3.5 [Computer Graphics]: Computational Ge-
ometry and Object Modeling; 1.3.7 [Computer Graphics]: Three-
Dimensional Graphics and Realism;

Keywords: Neighbor Search, Cell Sorting, H-Mask, Multi-Phase
Smoothed Particle Hydrodynamics

1 Introduction

Realistic animation of complex natural phenomena such as fluids is
an attractive and challenging research. For both Eulerian [Guendel-
man et al. 2005; Losasso et al. 2006] and Lagrangian approaches
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[Keiser et al. 2005; Solenthaler et al. 2007] advanced unified solid-
fluid coupling techniques has been proposed. Still a number of is-
sues related to stability, accuracy, realistic boundary conditions and
performance arise. Recent graphics hardware allows huge paral-
lelization of many time consuming problems, thus simulation algo-
rithins has to be adapted.

In Lagrangian particle-base simulation physical quantities are sam-
pled on particle locations. The interaction among particles is only
local, within a specified threshold distance. It is thus essential to
quickly find for each particle the respective set of close neighbor
particles. Since this highly affects further calculations of fluid dy-
namics it becomes usually the bottleneck of the overall animation.

This work contributes Cell Sorting an efficient algorithm for search-
ing neighbor particles. By associating unique key to each parti-
cle we quickly build close particle pairs using a simple traversal
of the sorted list of keys. In the results we give a comparison of
our method to the popular Spatial Hashing [Teschner et al. 2003]
technique and show scenarios where Cell Sorting performs almost
twice as fast.

2 Related Work

Searching for all nearest neighbors (ANN) is a traditional problem
among various research areas. Concerning molecular dynamics and
particle-based fluid simulation traditional methods based on local-
ity graphs (verlet tables) [Verlet 1967] and uniform grids [Allen and
Tildesley 1989] has been well established. Hierarchical methods
[Hernquist and Katz 1989] has been proposed to overcome large
memory requirements of full 3D voxelization. However localizing
particles in a logarithmic time inside the searching tree was insuf-
ficient for fast fluid simulations. Therefore spatial hashing tech-
niques [Teschner et al. 2003} has been developed.

While adapting SPH simulation algorithins to graphics hardware,
cache misses and bucket collisions arose using spatial hashing.
Similar to our approach Staggered Grids [Kipfer and Westermann
2006] has been developed based on particle sorting along all three
coordinate axes. In comparison our Cell Sorting technique sorts
particles only once. Recently both fluid dynamics and neighbor
search has been moved onto GPU storing only non-empty cells of
full 3D grid [Harada et al. 2007].




3 Our Efficient Neighbor Search

Inspired by Staggered Grids, Cell Sorting uses coordinate sorting
for searching neighbor particles efficiently. For each particle p we
have to find the set N(p, %) of neighbor particles p’ whose distance
to p is within a specified threshold /. Formally

Nph)= p' | |f'—r|<h (1

where r, 1’ are positions of particles p, p’ respectively.

The key idea of our neighbor search algorithm is to assign a unique
(number) key to each particle, sort all these keys in an ascending or-
der and finally traverse efficiently the sorted list of keys and report
close particle pairs.

3.1 Spatial Subdivision and Cell Sorting

Similarly to other grid methods we first calculate the small-
est enclosing Axis Aligned Bounding Box (AABB) of all par-
ticles and (virtually) subdivide it into a 3D grid of cells with
size¢ h.  Assuming the AABB is described by its minimal
cormer Cpin = (Xmins¥minsZmin) and maximal corner €pg =
(X maxs Ymaxs Zmax ), we define for each particle its (positive) cell co-
ordinates cell(x,y,z,h) = (i, j, k) with respect to the minimal corner
as
X — Xmin Y~ ¥min Z— Zmin

cell(x,y,z,h) = 7 , i , h

&3]

where (x,y,z) is the particle position. To a given particle with
cell coordinates cell(x,y,z,h) = (i, j,k) we assign a unique num-
ber key(i, j,k) defined as

<

key(i,j.k)y=i+I-j+I-J-k and ;; Lﬁ:% 3)
where 1,J are arbifrary depending on dimension of AABB
(Bx:B)‘aBz) = (xmax ~ XminsYmax = Ymins Tmax — Zmin) and cell size
h. Assuming all particles lie inside the enclosing AABB the func-
tion key(i,j,k) is invertible. Thus given a key associated with a
particle we get directly the unique cell in which this particle lies.
Actually in our implementation we set I = J = 216 and assume all
cell coordinates are i, j,k < 216. Therefore we can simply form
keys by storing the 16-bit cell coordinates (i, j,k) continuously in
memory as 48-bit data chunks.

Tt is crucial to understand that sorting associated keys into ascend-
ing order allows as to efficiently report close particle pairs. Since
keys are represented with positive integral numbers we can sort
them using a simple linear-time radix sort algorithm [Terdiman
2000]. Notice we actually store only the permutation of indices
of keys and do not move directly keys during the sort. This index
permutation is important, since after the sort we can access particles
in the same “'sorted” order as the sorted keys.

3.2 Searching in 1D

We will explain the search algorithm first in 1D scenario, see figure
(2). Given a referential particle p which lies in cell (i) having a
key g = key(i}, we want to construct efficiently the set of neighbor
particles N(p, ).

Since the cell size is #, we need to examine only particles which
He in (neighbor) cells (i — 1), (i), (i++1). This means their keys g’

must be g = key(i— 1) or ¢’ = key(i) or ¢ = key(i+1). For each
such particles we than simply compute the exact distance to the
referential particle and report only close pairs, see figure (2).
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Figure 2: Cell Sorting principle in 1D. First row represents the

. array of sorted keys built on the respective set of particles (second

row). The picture shows the situation, when the referential particle
lies in i-th cell thus searching cell (i — 1), (i), (i +1). However the
first key of cell (i.1) is not within the investigated mask thus is
automatically skipped.

Since the list of keys is already sorted, all keys ¢ belonging to a
common cell (i) have the same value g = key(i) and thus form a
continuous sublist Q(i) with the firsz-key denoted as g(i). Formally

%8 = ((I“]la,eqaqu:"':ZIb) @

where a < b are appropriate indices in the sorted key list. For empty
cells we set (i) = 0. Since keys of neighbor particles belong only
to the union of @i — 1), Q(i) and Q(i + 1) we need to enumerate
these lists efficiently. This is achieved once we can quickly deter-
mine respective first-keys g(i — 1), (i) and g(i + 1). If we process
referential particles ! p in the sorted order of keys, respective first-
keys g(i — 1), g(i} and ¢{(i+ 1) can be updated in a straightforward
fashion. Suppose we have already found g(i — 1), ¢{i) and g(i+1)
(e.q. in previous iteration) and constructed neighbor sets for all ref-
erential particles in cell (). Now the next referential particle lies in
next cell (') = (i+1), therefore g(i — 1) = g(i), q(i') = q(i+1)
and only g(i’ + 1) must be determined. If we remember last key g;,
in Q(i+ 1), than simply g(i' +1) = gp1-

As shown in figure (2) if @ cell (i) is empty (has no particles in-
side) it has no first-key g(i) and we should skip processing it. Let
(i-1) < {ip) < (iy1) be the last, referential and following non-
empty cells. Then g(i_1) < q{ip) < g(i;+1) must exist and have the
same ordering. When constructing neighbor sets we examine parti-
cles in the last cell only when it is also the previous cell (i_; =i—1)
and in following cell only when it is also the next cell (i1 =i+ 1).

Formally, we store first-keys g(is) of non-empty cells (i) where
ig >i+sands e {—1,0,+1}. We process particles in cell (i5) only
when (ig) = (i+5).

while building neighbor set N(p, k)



3.3 Searching in 2D, 3D

The extension of the proposed 1D searching algorithm into higher
dimensions is almost straightforward. For each referential particle
we need to examine particles in all 9 (2D) or 27 (3D) neighboring

cells and report exact particle pairs, see figure (3). In 3D we de-
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Figure 3: Cell Sorting principle in 2D. Searching on a sub-cell
precision is shown by virtually splitting cells and introducing (5x5)
2-mask instead of classical 3x3 1-mask. Respective particles of all
current first-keys lie in light-gray cells. Particles outside the support
region can be clearly ignored, thus for larger masks some “corner”
cells can be fully omitted.

fine the set of common keys Q(i, j,.k) and its respective first-key
q(i, j, k) as

0(i, j. k)
q(i, j.%)

(qtl:qa+1: T :qb)

9a )

Due to the chosen ordering of keys, the construction of the neighbor
sets by selecting referential particles in sorted order simplifies up-
date of first-keys in higher dimensions as well. Formally, we store
first-keys q(i, je, ki) of non-empty cells (is, jr, k) where is > i+,
iy > i+t iy > i+uand s,r,u € {—1,0,+1}. We process particles
in cell (is, jr. k) only when (is, jr. ki) = (i -+, +t,k+u).

3.4 Algorithm Summary

Assuming all first-keys g(is, je.ku) for s.t,u € {—1,0,+1} are
properly computed for a the given referential particle p function
REPORTNEIGHBORS(p, h, 6) will report all pairs of close particles
(p, pm) Whose distance is within the support . As shown in algo-
rithin (1) we enumerate all particles within lists Q(is, jr, k). This is
achieved by condition on line (6).

Reporting all pairs of particles satisfying the distance condition is
now straightforward. As shown in algorithm (2) function REPOR-
TALLNEIGHBORS(h) will report desired pairs by first blindly ini-
tializing all 27 first-keys to the very first key in the sorted list of
keys. Next calling REPORTNEIGHBORS(py;,h, 1) ensures that all
first-keys will be properly set for the first referential particle. Fi-
nally we enumerate all particles in the sorted order and report their
close neighbors by iteratively calling REPORTNEIGHBORS(p. /1,0).
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In: referential particle p, support length A, reporting switch §

function REPORTNEIGHBORS(p, /1, 8)
1:  (x,y.z) — POSITION(p)
20 (i, j,k) — cell(x,y,z,h)
3: foreachs,t,u in {—1,0,+1} do
4 1 «— KEYINDEX(q{is. jr, ku))
5: q+— key(i+s,j+t.k+u)
6 while SORTEDKEYS(n) < g— 6 do
7 m — PARTICLEINDEX(n)
8 if § =0 A DISTANCE(p,py,) < i then
9: REPORTPAIR(p, pr)
10:

end
11: nen+1
12: end
13: qlis, je-ky) — SORTEDKEYS(n)
14: end
end

Algorithm 1: ReportNeighbors computes close neighbors
for the referential particle p. Parameter § is responsible
for reporting pairs (& = 0) or updating first-keys (8 = 1)

In: support length A

function REPORTALLNEIGHBORS(/1)
1: foreachs,r,u in {—1,0,4+1} do
2: qlis, je,ky ) < SORTEDKEYS(0)
3 end
4:  m «— PARTICLEINDEX(0)
5: REPORTNEIGHBORS(pp.h.1)
6: foreach p in SORTEDPARTICLES do
7: REPORTNEIGHBORS(p, 1,0)
$: end

end

Algorithm 2: ReportAllNeighbors finds all pairs of close
particles. By setting (8 = 1) ReportNeighbors only initial-
izes first-keys.

4 Results

To measure the efficiency of our algorithm we have performed fol-
lowing testing scenario. Given 15000 randomly sampled particles
we get 15000 x 15000 = 225000000 all possible pairs of particles.
Depending on the sampling domain size, only a fraction of them be-
long to close particle pairs. We define the pair ratio as the fraction
between close pairs and all pairs. Setting h = 1 we started with
a sampling domain 2 x 2 x 2 (pair ratio = 0,9999) and end with
domain 15 x 15 x 15 (pair ratio = 0,0069).

Figure (4) shows measured total time for reporting all close par-
ticle pairs using three different algorithms namely SortGrid (Cell
Sorting), HashGrid (Spatial Hashing) and BruteForceN2 (All-Pair-
Test). As shown in figure (5) for low pair ratio Cell Sorting is al-
most twice as fast as Spatial Hashing. All simulations have been
performed on a Mobile P4 1.7 GHz with GeForce 4 Go.
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Figure 5: Depiction of the speed up ratio between Cell Sorting and
Spatial Hashing again for decreasing pair ratio.

5 Conclusion and Future Work

‘We have proposed Cell Sorting a novel approach for searching
neighbor particles and demonstrated it within our SPH fluid sim-
ulator based on [Miiller et al. 2005], see figure (1). Due to cache
misses, Spatial Hashing has been slightly outperformed by our
method, without large memory requirements of a Full 3D voxeliza-
tion. Our approach is inherently linear, thus will outperform hierar-
chical methods? for larger data sets. We have introduced a H-mask
to achieve searching on a sub-cell resolution.

As a future work we will investigate the possibility of involving
spatial and temporal coherence into our method and implement it
on GPU. Further we will focus on decreasing the compressibility
of fluid in SPH by solving the pressure implicitly using iterative
techniques.
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