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Crack Detection Method for Preserved Eggs Based on
Improved YOLO v5 for Online Inspection
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Abstract: With the aim to address the issues of low efficiency and high labor costs in crack detection and
sorting of preserved eggs, a method for online crack detection based on an improved version of YOLO v5
was proposed. The backbone feature extraction network was replaced with the EfficientViT network, and
the network was trained by using transfer learning, resulting in two models: YOLO v5n_EfficientViThO
and YOLO v5s_EfficientViTbl. YOLO v5n_EfficientViTb0 served as a lightweight model, reducing the
parameter size by 14. 8% and the floating point operations by 26. 8% compared with that of the original
model. YOLO v5s_EfficientViTbl, on the other hand, was a high-precision detection model with an
average precision mean of 87. 8% . Through the utilization of GradCAM + + for model visualization and
analysis, it was discovered that the improved model demonstrated a decreased focus on the background
region. This finding served as evidence supporting the effectiveness of the enhancements implemented in
the model. Moreover, a target box matching algorithm was designed for video frames to enable object
tracking of preserved eggs in videos. Based on the detection sequence of preserved eggs, the algorithm
achieved localization of the eggs and discrimination between cracked and intact ones. The lightweight
model achieved a discrimination accuracy of 92.0% , while the high-precision model achieved an

accuracy of 94.3% . These research findings indicated that the improved lightweight model provided a

Wk H . 2023 06— 19 {&[a] [ ] 2023 —09 — 06

E&TH: HEARBAIE S E LT H (32072302) Fi It 44 & S8 & 7 %1 5 H (2023BBB036)

EERB N B (1997—) 58 Wb A, 228 A 1 4 Ak B R BE 27 2 F 5T, E-mail: 349346946 @ qq. com

BEMEE: TR 1970—) 4, 20, Wb A S0, 322 G RF 7l T BUAS IHER B3 5 BF 52, E-mail: wqh@ mail. hzau. edu. en



%2 1)

SO 5 BTt YOLO v ) B 81 2 80 /e 446 Ty i 385

solution for preserved egg crack detection equipment with lower computational capabilities, while the

improved high-precision model offered technical support for preserved egg crack detection equipment with

higher production requirements.

Key words: preserved egg; crack detection; YOLO v5; EfficientViT; object tracking; GradCAM + +
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Fig. 10  Visualization of locally magnified images
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Tab.4 Target tracking detection sequence

%5 1690 e 51 1 BL AESAES

1 0000000000000001000000000000000000000000000000000000000001010111001110001110110110000111100000  5¢ 4% iz 7

SERk R R 2 000001000011100000000000000000011000000000111101101000000000000000000000000000000010000000000 5% ¥ 7 F&
3 0000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000  5¢ 4% iz 2

4 0000011110111111000010000111111111111111111111111111111111111100000000000000000000100010011110 24 Jiz 3

M 5 00000001000110000000000000000000011111111111111111111111100000000000000000000010000000000000 4L Ji7 5
6 011101110000011101111111111111111101110000000000000000000010000000000111111111111111101111000 4 & fz 55
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