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Collision Detection Algorithm of AABB Bounding Box Based on B+ Tree
YANG Fan

University of Electronic Science and Technology of China,Chengdu 611731, China

Abstract For the collision detection algorithm, when using a traditional AABB bounding box to construct a bounding box hierar-
chy tree,the number of bounding box hierarchy trees,the number of leaf nodes,and the number of bytes stored in each node are
the main factors that affect the efficiency of collision detection factor. In order to reduce the impact of node storage capacity on
collision detection efficiency and improve the efficiency of collision detection, this paper adopts a B+ tree storage structure to
store information such as bounding boxes. Before the bounding box intersection test,the storage index of each node is ordered,no
additional sorting of each node is required,which reduces the memory overhead and avoids unnecessary bounding box testing. In
addition, the non-leaf nodes of the B+ tree do not store specific data information, thereby reducing the storage space of the entire
tree. Experiments show that the detection time of the AABB bounding box collision detection algorithm using B+ tree storage is
significantly shorter than the traditional AABB algorithm under the same detection environment and detection object.

Keywords Collision detection, AABB, Hierarchical bounding box,B-+ tree,Intersection test
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Fig. 2 Simple diagram of B+ tree memory structure

B B4R AT E -

DREG R EZ DT AT E 8 (Z )

DAEMEE A — ARG 8 i R 1T DL 4R ) A
il B B9 46 55

AR I T4 i B ARG B L 45 A T Y £ 4R T

O W2 B RS BT — A PR .

[
L &

H1 T B MR T, Al i 25 SO A7 A LR Y B i R
FERER B B I — A 35 P BE 8 A7 U 2 10 25 05, 7R 300 =
WL BB B W SRR 1/0 Wik, B4
A0 T4 s AR AEE T F T A A M F B i Y A e —
AT P B R AT B R W AN HE Y. X N A AW
BB 1 5 A PR A S A I ) 2 2 A OClog ND .

2.2 ETF B+#7EMEM AABB HIE4EH
2.2.1 ## AABB & B & & & #f

¥ 3R B+ 17 6 45 # i2 I $) AABB W & b f
AR I 4 1K) B Y AABB A [ & 1 R 2 OB I AR 45 05, 2R
JER M BTN TR ITEZRZ 0BRSS B &, RAA
N 77 A AABB A B G2 RO OGS ] 4 5
PRXE G 004 15 B AR 25 8550 43 Bt /AN R AH 32 19 T X 4L (AR
A I AR A B 2 R AR R A

ARSCRHEE T4 AT m™ Wy kR 25 AW AABB f
Bl & MEAT R 43 0 T 15 3% AABB 4 Bl & )2 YR 9 5 4 , 4o i
T R 43 47 THT 119 2 2R il A 43 SR R 43 1 DG B . AR 2 1] ST
P JUART AN 7R 3 AN 2 B v 38 BRI 1Y o A o 1 i 48 7 — 4
Bh— K. BTE 2.y, 2 ARl b P4 i R iy i
YRRy A T 1 5 3 5 ORI Bl 12 it 2 4 T T Y Ok 4R
BT AR R B BTG B AR TR L - B N B K max TR/
min WA AR R 43 245 8 B0 S AW B4l min<<
<< Cmax+min)/2 BEIFAA S 4 s max™ 2= (max+min) /2
KIS ITA W 2 5 2= Gnax,min) B 5 T A & 8052 5 5800 ) —
4, R4 BRI S M, B U N E D RTS8

B ER G| HA 25 s A R kS

_— |

P
9
Iz

3 BT BA- S &R O R REIE

Fig. 3 Hierarchical tree diagram of bounding box based on

B+ tree
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Fig. 4 Flowchart of bounding box collision detection algorithm

bool sat(polygon a,polygon b){
for(int i=0;i<a. edges. length;i+ +){
vector axis=a. edges[i]. direction;//FRHEXF 4 a tL [ & 1) —ih
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Fig.5 Pseudocode for bounding box collision detection
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Fig. 6 Schematic diagram of collision of bounding box
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Fig. 8 Comparison of performance of three algorithms
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