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1.351157YASHANITNNABIVBIUNAIIY Mahdi and Nacer (2016)
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Fig. 1 Auto-candling machine in a laboratory size.

11 : Mahdi and Nacer (2016)

Fig. 2 A close view of the light source.

ﬁu’l : Mahdi and Nacer (2016)



Fig. 3 A sample digital image taken by the proposed candling-machine.
fian : Mahdi and Nacer (2016)
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Fig. 4 Outline of the fertility detection process.
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Table 1. Fertility detection accuracy of six sets in five days of incubations.

Set Day
e N 5 4" 5
Set 1 48.15% 81.48% 92.59% 96.30% 96.30%
Set 2 44.00% 80.00% 96.00% 100.0% 100.0%
Set 3 50.00% 78.13% 96.63% 96.88% 100.0%
Set 4 41.18% 82.35% 94.12% 97.06% 97.06%
Set 5 57.12% 85.71% 92.86% 100.0% 100.0%
Set 6 42.13% 80.77% 92.31% 96.15% 96.15%
Average 47.13% 81.41% 93.08% 97.73% 98.25%

i3 - Mahdi and Nacer (2016)
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Fig. 5 Comparison of the average fertility detection accuracy (in percentage) of two systems

in five days of incubation process.
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2.35n153ULATNANITNAABIVBIUNAIY Onler et al. (2017)
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Fig. 6 Ultrasound measurement points and the probe position

ﬁuﬂ : Onler et al. (2017)
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Fig. 7 Structure of fertilized egg
fian : Onler et al. (2017)
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Table 2. Fertility / Infertility logistic regression classification

Predicted Class

Fertilized Infertile
Real Class Fertilized 350 50
Infertile 56 344

fian - Onler et al. (2017)

3.35N157YUATNANISNAABIVBIUNAIN Geng et al. (2018)
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Fig. 8 TB-CNN Architecture
fian Geng et al. (2018)
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Fig. 9 Flowing-chart of Training
fian Geng et al. (2018)
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Fig. 10 Pretreatment results
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Table 3. Comparison of experimental factors

Article Number of Camera Number of Resolution
eggs images
Mahdi and Nacer 240 Sony Cyber Shot, 4,800 720x480 pixels
(2016) DSCWX7 CCD camera.
Onler et al. 189 Ultrasound camera 1,000 32x32 pixels
(2017)
Geng et al. (2018) - CCD camera 2,000 -

1 - fauUasain Mahdi and Nacer (2016); Onler et al. (2017); Geng et al. (2018)

Table 4. Comparison of experimental results of analysis

Article Method Accuracy Classification

Mahdi and Nacer (2016) A Machine Vision System, 98.25% Fertile, Infertile
Dynamic threshold

Onler et al. (2017) Ovoscope and Ultrasound, 86.75% Fertile, Infertile

Logistic regression

Geng et al. (2018) Deep learning, TB-CNN 99.50% Fertile, Dead and

Infertile

1 - fauUasain Mahdi and Nacer (2016); Onler et al. (2017); Geng et al. (2018)
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