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Abstract: Non-destructive detection of egg quality is one of the crucial steps in the production, sales and processing of eggs.
Traditional egg quality detection mainly relies on manual destructive testing, which has problems such as low efficiency and
significant subjective errors. Meanwhile, existing non-destructive detection technologies are often limited to single
characterization, making it difficult to achieve comprehensive grading of both internal and external quality. To address these
issues, this study proposes an egg quality discrimination model based on the EfficientNetV2 framework. Firstly, non-
destructive detection of the internal and external quality of eggs is conducted. Edge detection, threshold segmentation, and
feature fusion algorithms are employed to extract the features. Image features and numerical features are fused via
concatenation, connecting all feature vectors into a longer vector. Secondly, based on the EfficientNetV2, crack, spot and air
cell height indicators are used as feature parameters to achieve comprehensive characterization of the internal and external
quality of eggs. The samples are divided into training, validation and test sets at a ratio of 7 : 2 : 1, and a discrimination
model is established based on the deep learning network. The Fused-MBConv module is introduced into the depthwise
separable convolution to avoid multiple redundant activation operations, thereby reducing structural occupation.
Furthermore, NAS network search technology is applied to optimize the network architecture, enhancing egg quality grading
tasks. The experimental results show that the accuracy of the EfficientNetV2 model is 95.76%, which is 1.55 percentage
points higher than that before the improvement. Meanwhile, the number of parameters decreases by 20%, and the floating-
point computation quantity reduces by 2.33%. Its comprehensive performance is significantly better than that of mainstream
models such as GoogleNet, VGG-16 and ResNet-50. These findings demonstrate the feasibility of the proposed method for
egg quality detection and grading tasks.
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Table 1 Classification Standards
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Indicator g% ok ks
Premium grade Qualified grade Unqualified grade
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14 : Height 75 U5 % 5 Spot F /s FE AL THIAR . ZEAN & R 0l o SR B & 1 10 W b, DU T VR Fe AR F b e £ 19

k.

Note: Height indicates the air cell height, and Spot represents the spot area. In the unqualified grade, if any single indicator meets the
clearly defined unqualified standard, the sample will be classified as unqualified, regardless of the values of other indicators.
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Fig. 2 Equalization processing of egg image
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Table 3 Parameters of deep learning models

Ty G A T Rt e SRS
Model Image input size Optimizer parameters Learning rate
GoogleNet 224x224 Adam(B1=0.9,B2=0.999) 0.001
ResNet-50 224x224 Adam(B1=0.9,B2=0.999) 0.001
VGG-16 224x224 Adam(B1=0.9,B2=0.999) 0.001
EfficientNetV2 300x300 Adam(B1=0.9,p2=0.999) 0.001
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Table 4 Performance comparison of different models on the test set
sl HERI /% /% F17350/% ZHM
_ FLOPs/G
Model Accuracy Recall F1-score Parameter quantity
VGG-16 90.22 90.21 90.15 134.28 15.46
ResNet-50 92.47 93.11 92.54 23.52 4.13
GoogleNet 94.54 94.23 93.45 5.98 1.58
EfficientNetV2 95.76 95.71 95.71 22 4.1
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Fig. 5 Accuracy curves of different models
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Table 5 Ablation experiment results
MBConv—Fused- eI Z/% HIml2E/% FL5ME0% ZHM
MBConv Remove-MBCony Accuracy Recall F1-score Parameter quantity FLOPS/G
X X 94.21 94.18 94.83 24.0 0.64
X N 94.44 94.85 94.84 23.6 0.89
N x 94.48 94.43 94.97 222 0.47
N N 95.76 95.71 96.16 220 0.41
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