202141 A N A1 =S 52 % 1

doi:10.6041/j. issn. 1000-1298.2021. 01. 022
ETREFINBHGHBEZRERRUT X

Zxm EhE OHAA W O L EH
(LAl K 2E T B, BRI 4300705 2. 4l A% A5 3504 V0 A T iAol 2% 45 1 s SE e 22, i 430070 ;
3. R E ML TG, I 430070)

WE: &xd 0 E & E ATk LU T 07 U0 Bk JokS &5 B s AL R IS i Im) R, DASREAE 5 d e 3 (R P 1 2 Ol F 58 06 42
I R R 4 2% 8 OR SR TR R B 18 2 TR, 7 5 FH 520 Z HE A I 4% ( Single shot multibox detector, SSD ) [ 45 1Y 3 il I
P —Fpek i SSDH Ar ke I 55325 , 3 R FIZ 5 15 6 0 AL R I SRR R S A P 2 RS R S JOR A T IR . R
MobileNetV3 5 5t £ [0 45 4 Sy 452 76 (14 4o A0F $58 JC I 2%, W e ol ooy b i U R SRR AT o 45 3 38 I < oA St S 9 4 780 %o W £
FL R ARG 2R vh 2 45 TR 5 0K BB 10 S B3R IS B R 98. 09% 73 [H %y 97. 32% Ik 2 0, 40 T MOk BT X 4% 4
T 96.88% ., 96.17% 1.04% , 2 L)% ﬂJ‘ﬂﬁ‘?ﬁf‘%ﬁﬁﬂ?ﬂfﬂﬂﬁ?é%ﬁ%m%%kﬁim%iiﬁ’ﬂEﬁﬁ%ﬁ%’i?ﬁi@iﬁ%i
KW FEIRZHENS B ; MobileNetV3; FIb ZHER 2% 5 ¥ E 2 2] 4 "_J
HESES TP391.4; $S834".83 TERERIRAS: A TEHS. 1000-1298(2021)01-0193-08  OSID; Bk

L

Detection Method for Fertilizing Information of Group Duck Eggs
Based on Deep Learning
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Abstract; The method of removing unfertilized eggs in China’s poultry egg incubation industry relies on
artificial irradiation of eggs, with low degree of automation. The accurate identification of fertilized eggs
in group duck eggs during the early incubation period is the key technology to realize the automation and
intelligence of the incubation process. A group of duck eggs hatched for five days was taken as the
research object, and the images of the group duck eggs were collected using corresponding image
acquisition devices. Based on the commonly used single shot multibox detector ( SSD) network, an
improved SSD target detection algorithm was proposed to accurately identify the fertilized eggs and non-
fertilized eggs in the eggs of early hatching period. Using MobileNetV3 lightweight network as a model
feature extraction network to quickly and efficiently extract image features. At the same time, the inverse
residual block was used instead of the standard convolution layer in the SSD regression detection network
to improve the detection network efficiency. The results showed that the average recognition accuracy of
the model was 98.09% , the recall rate was 97.32% , and themissed detection rate was zero. It was
better than 96. 88% , 96. 17% and 1. 04% of the network model before the improvement. Therefore, this
method can provide a new basis for the research and development of intelligent robot or robot hand related
to duck egg incubation industry and accelerate the intellectualization of poultry egg incubation industry.
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based on MobileNetV3_large
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320 x320 x3 Conv2d H — Swish 16 2
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160 x 160 x 16 IRS,3 x3 ReLU 24 2
80 x 80 x24 IRS,3 x3 ReLU 24 1
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40 x40 x40 SE IRS,5 x5 ReLU 40 1
40 x40 x40 SE IRS,5 x5 ReLU 40 1
40 x40 x40 IRS,3 x3 H — Swish 80 2
20 x20 x 80 IRS,3 x3 H — Swish 80 1
20 x20 x 80 IRS,3 x3 H — Swish 80 1
20 x20 x 80 IRS,3 x3 H — Swish 80 1
20 x20 x 80 SE IRS,3 x3 H — Swish 112 1
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3 x3 x256 IRS,3 x3 ReLU6 256 2
2 x2 x256 IRS,3 x3 ReLU6 128 2
1 x1x128 ReLU6
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14 x 14 x40 SE IRS,5 x5 H — Swish 48 1
14 x 14 x48 SE IRS,5 x5 H — Swish 48 1
14 x 14 x 48 SE IRS,5 x5 H — Swish 96 2
7 x7 x96 SE IRS,5 x5 H — Swish 96 1
7 x7 %96 SE IRS,5 x5 H — Swish 96 1
7 x7 x96 Conv2d,1 x 1 H — Swish 576 1
7 x7 %576 Pool,7 x7 1
1 x1x576 Conv2d,1 x 1 H — Swish 1024 1
I x1x1024 Conv2d,1 x 1 k 1
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Tab.4 SSD network parameters after improvement

based on MobileNetV3_small

A Bl WG WEHR PR

320 x320 x3 Conv2d H — Swish 16 2
160 x 160 x 16 SE IRS,3 x3 ReLU 16 2
80 x 80 x 16 IRS,3 x3 ReLU 24 2
40 x40 x24 IRS,3 x3 ReLU 24 1
40 x40 x 24 SE IRS,5 x5 H — Swish 40 2
20 x20 x40 SE IRS,5 x5 H — Swish 40 1
20 x20 x40 SE IRS,5 x5 H — Swish 40 1
20 x 20 x40 SE IRS,5 x5 H — Swish 48 1
20 x20 x 48 SE IRS,5 x5 H — Swish 48 1
20 x20 x 48 SE IRS,5 x5 H — Swish 96 2
10 x 10 x 96 SE IRS,5 x5 H — Swish 96 1
10 x 10 x 96 SE IRS,5 x5 H — Swish 96 1
10 x 10 x 96 Conv2d,1 x 1 H — Swish 576 1
10 x 10 x 576 Conv2d,1 x1 H—Swish 1024 1
10 x 10 x 1 024 IRS,3 x3 ReLU6 512 2
5x5x512 IRS,3 x3 ReLU6 256 2
3 x3 x256 IRS,3 x3 ReLU6 256 2
2 x2 x256 IRS,3 x3 ReLU6 128 2
1 x1x128 ReLU6
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