,—‘? N »
lﬂ:l:jl‘lﬁx RESEARCH

EFyaEsitemR IR amENaanRE

MR EEE e B B

(1. P EALE R R AR, L% 100024 ;
2. HFH R AT AR EE SR E, LT 100024 )

[HE] ABTNEFIHFHRET LA THER, FEAMEHELPRALEEA P AR E R LT
MBFIFEMMET R, BAEOIE: WESF T FEMAENIART L. AN 653X BARA A M LA 8
D An Z X iR AE . AR A 6 BR et B Y BEE BB A SR A 6], TR T BRG] 1R 3 A R 5k 96%
AL BEARL | 25, IR T LS 5 3] T & 4y T AT A A ROk

KB MR F T FHOEE; a4 ; et i 8 shian

Automatic Detection of Non-Welding Defects Based on Metallographic Photographs of
Diffusion Bonding Samples
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[ABSTRACT] This paper introduces the application of machine learning methods in industrial informationization,
and proposes the construction method of machine learning platform to satisfy the automatic detection requirements in
typical equipment production of aviation manufacturing. The method includes: construction of an overall scheme of the
machine learning platform, design and optimization of the automatic detection model, training of the detection model and
empirical experimental evaluation. This paper takes the automatic detection of diffusion bonding defects of stator vanes
as an example, and trains the model with defect detection accuracy which is more than 96%, verifies the feasibility and
effectiveness of the machine learning platform.
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Fig.1 Overall platform construction architecture
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Table 1 Parameters of convolutional neural network

FHY % K| R i R AR
input image — — — 256x256x1
convl — 5%5 1 same 256%256%16
pooll max 2x2 2 same 128%128x16
conv2 = 3x3 1 same 128x128x%32
pool2 max 2x2 2 same 64x64%32
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Fig.2 Training flow chart of the model
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Fig.3 Example of positive and negative sample data
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Fig. 4 Accuracy rate as a function of training iterations
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Table 2 Statistics of experimental results in test set

%7 TP
AFIER = (2)
TG 2H %K epoch batch_size keep_prob
1 1000 200 0.6
2 1000 200 0.9
3 1000 300 0.6
4 1000 300 0.9
5 1000 400 0.6
6 1000 400 0.9
SFEE
STON:E
7 1200 200 0.6
8 1200 200 0.9
9 1200 300 0.6
10 1200 300 0.9
11 1200 400 0.6
12 1200 400 0.9
FHE
STONIEE
13 1400 200 0.6
14 1400 200 0.9
15 1400 300 0.6
16 1400 300 0.9
17 1400 400 0.6
18 1400 400 0.9
FHE
RAE
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