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Application of Deep Learning to Manufacturing
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Recently, Deep Learning which is one of the AI technologies has advanced rapidly and is expected to be applied

to various industries.

We applied image recognition technology based on Deep Learning to the visual inspection of semiconductor
laser wafers. By constructing our original network structure and preparing high quality dataset for learning, our
visual inspection system achieved over 99% pass/fail judgement accuracy. This system has already been intro-
duced into our semiconductor laser manufacturing process and has been stably operated.

This technology was also applied to visual inspection of crimp-type terminals and achieved over 99% judge-

ment accuracy.
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Fig. 1. neuron and artificial neuron.
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Fig. 3. sigmoid function.
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Fig. 7. Outline of visual inspection system of
semiconductor laser.
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Fig. 8. changes in judgment accuracy of visual inspection
system of semiconductor laser operated in
manufacturing process.
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ATHIEIEf#EE 100%
T AL IFA 2 IFA 3| 7TFA 4| 7F5A 5| HHFE
! ,l" 77X 1 68 0 0 0 0 100.00%
7IA 2 0 48 0 0 0 100.00%
1 s k|79 3 0 0 48 0 0 100.00%
k| 7T 4 0 0 0 48 0 100.00%
X9 BATOREETHEZE T 7525 0 0 0 0 48 [10000%
Fig. 9. current crimping process. #A | 100.00% | 100.00% | 100.00% | 100.00% | 100.00%
1 EAWT A-HERR
Table 1. judgement result of crimp-type terminal A.
ATHEIEEE 99.96%
IR | VFAR2 | VFARAZ | VR4 | VFARAS | JFR6 | VFTRT | 7FA 8 AR
7 A1 2399 0 0 0 0 0 1 0 99.96%
7 A 2 0 400 0 0 0 0 0 0 100.00%
77 A 3 0 0 400 0 0 0 0 0 100.00%
E 7 A 4 0 0 0 400 0 0 0 0 100.00%
i 79I X5 0 0 0 0 400 0 0 0 100.00%
7 I A6 0 0 0 0 1 399 0 0 99.75%
7 A7 0 0 0 0 0 0 400 0 100.00%
77X 8 0 0 0 0 0 0 0 400 100.00%
WA 100.00% 100.00% 100.00% 100.00% 99.75% 100.00 % 99.75% 0.00%
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