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Model Medial Axis Generation Method Based on Normal Iteration

ZONG Di-di and XIE Yi-wu

College of Information Science and Technology,Dalian Maritime University, Dalian, Liaoning 116026, China
Abstract As the dimensionality reduction representation of model, the medial axis has been widely used in many engineering
fields because of its good performance. At present,the method of generating the medial axis of the model is mainly based on the
idea of approximating the medial axis,or the quality of the medial axis is not high,or the calculation time cost is high. As a result,
a method of generating model medial axis based on normal iteration is proposed. The normal iteration method first discretizes the
model into a triangular mesh model,and then performs GPU parallel tracking calculations based on the definition of the medial
axis on the sample points and triangular faces. After multiple normal iterations,the medial axis points corresponding to all sample
points are obtained. Finally,connecting the corresponding medial axis points according to the topological connectivity of the sam-
ple points to obtain the medial axis of the model. Experiment results show that the method can generate the model medial axis

relatively quickly and accurately under different models.which verifies that the method improves the time efficiency and accuracy

of the medial axis generation.
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Fig. 8 Model b and its medial axis point
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Fig.9 Model ¢
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Fig. 10  Model d

H T BRI A5 R 0 TR R B 4R B 2 AT LLAR 4
Ho TS Bl e R E T A R

R T B E T R A R AR L R BRI S L 5%
GERY T IE AT 1O He I SR g AR Ak 1 gl



T A R T 2 Ik A R el A

91

769

1 W AR

Table 1 Time cost comparison
Model Algorithm Processor  Sample size  Time/ms
Thing CPU 5188 5031
Model a Tracing CPU 5188 4097
Normal iteration CPU 5188 932
Thing CPU 4001 4044
Model b Tracing CpPU 4001 3625
Normal iteration CPU 4001 612
Thing CPU 34704 28509
Model ¢ Tracing CPU 34704 29117
Normal iteration CPU 34704 16729
Thing CPU 53062 47713
Model d Tracing CpPU 53062 49001
Normal iteration CPU 53062 28900

2 I3 Ak R AL 4 N #E CPU,GPU W58 T [
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B GPU (i etk HORE R A F BB 3F 55 5 R eT DL 347 E@Lfc%c
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GPU Z G W LR TR IR R | 7 7 5 A2
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Table 2 Comparison of different processors for normal iteration
method
(HLA] :ms)

Generation of axis

Model Processor Load model .
point
CPU 182 893
Model a .
GPU 182 141
CPU 169 612
Model b
GPU 169 109
CPU 306 16729
Model ¢ R
GPU 306 951
Model d CPU 533 28900
o GPU 533 1454
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Table 3 Time cost comparison with efficient methods

Degree of

Model Algorithm Sample size . Time/ms
parallelism
Medial axis point
L 5188 768 335
approximation
Model a GPU-based
5188 768 208
framework method
Normal iteration 5188 768 141
Medial axis point
. . 4001 768 234
approximation
Model b GPU-based
4001 768 147
framework method
Normal iteration 4001 768 109
Medial axis point
. A 34704 768 2923
approximation
Model ¢ GPU-based
34704 768 1341
framework method
Normal iteration 34704 768 951
Medial axis point »
. . 53062 768 3729
approximation
Model d GPU-based _
53062 768 2166
framework method
Normal iteration 53062 768 1454
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Fig. 11 Normal iteration
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Table 4 Error comparison(taking model a,c and d as examples)

Model Algorithm Sample size Error
Normal iteration 5188 0.0141
SAT 5188 0.0392
Model a
Medial axis
. . . 5188 0.0431
point approximation
Normal iteration 34704 0.0102
SAT 34704 0.0213
Model ¢
Medial axis
. . . 34704 0.0247
point approximation
Normal iteration 53062 0.0092
SAT 53062 0.0201
Model d
Medial axis _
53062 0.0112

point approximation
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