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Research on Automatic Classification and Recognition of Simple Geometric
3D Models Based on Convolutional Neural Network
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Abstract:In this paper,a complete convolution neural network model is designed for automatic classification and

recognition of five kinds of simple geometric three-dimensional models.Firstly,the CATIA secondary development

technology is used to complete the production of the model and collect the original data.Secondly,the theory of image

processing is used to preprocess the original data.Thirdly,the convolutional neural network model is designed by using the

convolutional neural network theory.Finally,the feasibility of the model is analyzed and verified through experiments.
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Fig.1 Overall design roadmap
3 HIEMNKESHAIE(Data collection and
preprocessing)
3.1 BRERT&%
A SC A AR 2 0T C ATTA SR 61 2 i = 2 SR A
T, ARIECATIA IR KA E ZGE T AARTY, IR T
BEVENVIREGRSE, RIEBEIRES TG, AEER
L I 2 A SRR HEAL, BRI AT E AR 1R,
&1 CATIAZ R A AREE
Tab.1 Configuration of CATIA secondary development
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Fig.2 Secondary development flow chart of CATIA

/
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Fig.3 Partial raw data
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Fig.4 Process of image preprocessing
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Fig.5 Process of image target detection
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4 EHFRHWZM KRR I (Design of convolutional

neural network model)
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Tab.2 Structural table of convolutional neural networks

J2 8% J235 i
Layer—input PN (None, 50,50,1)
Layerl—convl HERZE (None, 25,25,32)
Layer2—pooll wikE (None, 13,13,32)
Layer3—conv2 HBRZ (None, 7,7,32)
Layer4—pooll Ak )Z (None, 4,4,32)
Layer5—fcl = (4%4%32,1024)
Layer6—output 2 (1024,5)
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Fig.9 Flow chart of algorithm in training phase
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5 SRISZER 54 fr(Experimental results and analysis)
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Tab.3 Configuration table of experimental platform

B [

CPU Intel(R) Core(TM) i7—7700HQ

GPU NVIDIA GeForce GTX1060 with Max—Q Design 6GB
EIHRIERS Windows 10
TREE2E S HESE Tensorflow
CUDAJA 8.0
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Fig.11 Recognition accuracy of training set
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Fig.12 Loss function of training set
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Fig.13 Accuracy contrast between training data set and
test data set

6 #5it(Conclusion)
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