202041 A ﬁil& HLiﬁ %ffﬁ CIRINE N A

doi:10.6041/j. issn. 1000-1298.2020. 01. 020

ETREFINMBERLEHAZRERLHR RN

FRm OEGEY R EC Ok 77 HEW
(1A AR R T B, I 4300705 2. 0l AT HE L PR i Al 2 # B A S g0 %, Ui 430070
3. E R E ML P, RIL 430070)

FEE . B0 R E M A AAT ol 0 B TG 2 Y 0 ik RORAR AR 19 TCKE R T e R B N 3 R IR B RIR 2R A )
i AL e AR, LA Ab 58 3 R A9 A0S 28 pF 52 0 £, 38 T IR B 4 T 4 ) 4% ( Convolutional neural
networks , CNN ) it o 3y ) 4 i, 7E Alexnet #2580 48 S fith b BEAT Aot R 7 A0 50 3 K (0 R0 G 2638 23 P15 By A B IR
EHEBRMmEMNE ., MEREAESEEE, USRS B8 7 A 528 5 B R0 M4 (Eggnet) BIR, 5L
LT 0T A e 2R AL L SR £ S TE R o I 2 SRR W] s W RS 3 ORI A i 2 TR AR A S HE T
FE Ik 98.87% Bk AR Ar FEUERA N 97. 97 % ,F- 34 B A AR A U B[R] 43K 0. 24 s,
KB : MG 2K WS okl R IR S :
HRESHKS, TP 4; S834°.83  SCHRARIDAD: A STE4S. 1000-1298(2020)01-0188-07  OSID; il

Non-destructive Testing of Early Fertilization Information in
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Abstract; China is a big country in the production of duck eggs and ducks. The duck egg hatching
industry has a huge output. It needs to incubate billions of ducklings every year to meet the production
needs. At present, the method of removing the infertile eggs in the duck egg hatching industry in China is
to visually recognize the eggs by artificially photographing the eggs about 7 days after hatching. This
method is inefficient and has no edible value after 7 days of incubation, which will cause huge waste of
resources. Machine vision technology was used to hatch the third day of the duck eggs. The end-to-end
characteristics of the deep convolutional neural network was used to the image of the duck egg on the third
day of incubation, and it was directly input into the neural network, and the Alexnet neural network. The
convolutional layer was used to replace the fully connected layer, and the size of the convolution kernel
was changed. An egg net fertilization information recognition network ( Eggnet) model was established to
realize the non-destructive discrimination of the fertilization information in the early hatching of the duck
eggs. The test results showed that the accuracy rate of the method for the classification of the duck eggs in
the third day of hatching was as high as 98. 87% , the accuracy of the verification set was 97. 97% , and
the average single egg detection time was only 0.24 s. This technology can be used in the actual
production of duck egg hatching industry in the later stage. It would replace the artificial egg method to
select the infertile egg. It can solve the problem of automatic device installation in the egg hatching
industry. It had broad application space.
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