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Abstract: Based on the u—convolutional neural network (U—convolutional neural network), an
algorithm for poultry wing image segmentation was proposed. The poultry sample images wer-
e collected, and the poultry image dataset was established after preprocessing and normalizati-
on. The U—Net segmentation network model was obtained by transfer learning. Firstly, the p-
oultry images were convolved and pooled, and the feature images were up—sampled by decon-
volution operation, and then the up—sampled results were fused with the down-sampled resul-
ts of the corresponding size, so as to realize the semantic segmentation of poultry images. Se-
gmentation accuracy (ACC), Dice coefficient and intersection ratio (IOU) were used to judge t-
he segmentation performance of the network. The results of evaluation indexes of pheasant,

Luhua chicken, ma duck and Big stone chicken were similar to those of black chicken. The t-
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est results of black chicken showed that ACC, Dice coefficient and IOU of U—Net segmentatio-
n of poultry wing image were 93.64%, 87.52% and 81.24%, respectively. Compared with the th-
ree classical image semantic segmentation methods SegNet, FCN—16S and FCN—8S, the union
ratio (IOU) of U—Net is 15.83%, 8.89% and 8.12% higher than the above three methods, and t-
he Dice coefficient is about 8% higher than the above three methods. The segmentation accu-
racy (ACC) was improved by 6.7%, 3.12% and 2.57%, respectively. U—Net is better than the ot-
her four methods in terms of segmentation time, with an average running time of about 0.13s,
which is about 50ms shorter than the suboptimal SegNet method.
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