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Prediction and Simulation of Virtual Tree Growth Influenced by the Environment
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Abstract:Modeling and simulating the growth process of virtual trees is a difficult problem.This paper proposes
a modeling method based on the tree structure with no requirements of special rules or iterative computation,which can
generate the simulation sequence through RNN (Recurrent Neural Network).As RNN is not efficient enough to handle the
long-time dependence,this paper adopts GRU (Gated Recurrent Unit) unit model to make up for the deficiency of RNN.
The experiment results show that the proposed method can simulate the growth process of trees under the influence of the
external environment,and further improve the simulation speed of complicated models through parallel processing.
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Fig.1 Simple tree modeling
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Fig.2 Tree structure
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Fig.3 Tree structure with rotation attributes

o T AUE I R O EUR T 9 2 TR A B
9, FrATERAEBLI AR b, FREER LRI A PR B
MIEFPAFS,

P LR AT 7 51 P AR S (Z M T 45 1)«

Arx(—70)Crx(0)Grx(60)Krz(90)Zrx(70)Frx(0)Brx(0)E

rx(0)Jrx(0)Mrx(70)Drx(—60)Irx(0) rz(90)ZHrx(—60)L

P LRI A P e 91 T PASR IR S (Z R 145 1) -

rx(60)Krz(90)Zrx(0)Grx(—70)Crx(70)FArx(0)Mrx(0)J

rx(0)Erx(0)Brx(—60)Irz(90)Zrx(70)Drx(—60)Lrx(0)H

P TR A J5 e 7 91 T AR R S (Z R 145 1) -

rx(60)Krz(90)Zrx(0)Grx(70)Frx(—70)Crx(0)Mrx(0)J

rx(0)Erx(—60)1rz(90)Zrx(—60)Lrx(0)Hrx(70)Drx(0)BA
2.3 RNNj&E#Y
22 X 255 MBELADL AR %o SN R IR SR, Tl i 2 R K
wget Y, MEARTR .,
O A O @
O DD D
LD ) D
oY 9o

B4 5 RfeEHERS
Fig.4 MLP (Multi—Layer Perceptron) neural network
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Fig.5 Hyperbolic tangent function
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Fig.6 Recurrent neural network
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