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Grading crayfish by estimating the proportion of crayfish head and

pincers based on DeeplLab V3
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Abstract: Objective: To achieve reasonable and effective grading
of live crayfish, and improve the work of grading crayfish.
Methods: The construction of crayfish image shooting platform,
to obtain the original image of crayfish, and the semantic
segmentation dataset which segmented the three parts of the
crayfish head, crayfish pincers, and crayfish tail was created. The
correlation between the actual weight of three parts and the
corresponding pixel size in the dataset was analyzed, and a new
grading standard for crayfish which was according to the
proportion of head and pincers in the whole crayfish was

summarized. The DeeplLab V3 + neural network was trained
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using the crayfish semantic segmentation dataset, and the test set
was used to test the semantic segmentation effect of the model
and the accuracy of crayfish grading. Semantic segmentation
evaluation criteria were mean intersection over union (MIoU),
mean pixel accuracy (MPA) and pixel accuracy (PA). Results:
The MIoU of the crayfish semantic segmentation test set was
94.35% , the MPA was 96.56%, and the PA was 99.44%. The
accuracy of crayfish grading in the test set was 85. 56%.
Conclusion: The Deeplab V3 + model can accurately segment
crayfish images and estimate the proportion of crayfish head and
pincers, and the model can complete the crayfish grading task.
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Figure 1 Crayfish image acquisition system
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Figure 3 Crayfish raw image and semantic segmentation dataset
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Table 1 Standard list of living crayfish grades
/N o U Sk R A L U S I IR IFA
£ 31 L/ % FEGL/ % PHBURE/e PSR/ Y PHBE/e PHER/ % FYEE/g
S — 60~70 68.08 12.60 31.92 5.88 18.68 3.36
MR 70~80 75.18 19.69 24.82 6.39 14.78 3.32
g = 80~90 82.02 28.79 17.98 6.26 8.87 3.03
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Figure 4 Deeplab V3+ model training curve
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Table 3 Semantic segmentation and grading results

of crayfish test set
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Figure 6 Semantic segmentation results of various parts of crayfish in the test set
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Figure 7 Comparison chart between the actual grade of crayfish and the predicted grade of the model
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