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Abstract

To address the difficulties in automatically and accurately separating irregularly shaped fish fillets
with indistinct boundaries between different parts, a fish fillet part segmentation method based on
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a multi-head attention-enhanced PointNet++ is proposed. Salmon fillets were scanned using a line
laser to obtain surface point clouds. According to their morphological characteristics, each fillet was
divided into five regions: upper dorsal, abdominal, belly, posterior, and tail regions. A dataset con-
taining 200 annotated fish fillet point-cloud samples was established. A multi-head attention mech-
anism was incorporated into the first set abstraction layer of PointNet++ to improve the extraction
of local features and correlations among different parts. The Multi-PointNet++ segmentation model
was then constructed. Experimental results showed that the proposed model achieved a mean in-
tersection over union (mloU) of 0.822 and an overall accuracy (0A) of 0.911, representing improve-
ments of 0.042 and 0.024 over the original PointNet++, and improvements of 0.029 and 0.019 over
PointCNN, respectively; the IoU of the posterior region, where the boundary was more complex, in-
creased from 0.588 to 0.681. The proposed method effectively reduces misclassification near the
boundaries of adjacent parts and provides a technical reference for the fine-grained segmentation
of high-value fish.
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Table 1. Fish fillet part categories and corresponding labels
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Figure 1. Schematic diagram of fish fillet part division
1 RPN REE

Figure 2. Point cloud annotation results of fish fillet parts
2. B RIS EFRESR
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Figure 3. Point cloud data augmentation: (a) Original point cloud; (b) Random translation; (c)

Random rotation; (d) Random scaling
3. REHIBIEE: @) RIE~z=; (b) FEALER; (o) BENLAESE; (d) PFEHLAERT
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Figure 4. Architecture of PointNet++ for fish fillet part segmentation
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Figure 5. Architecture of the Multi-PointNet++
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Table 2. Training parameters of different models
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Figure 6. Comparison of segmentation results: (a) Ground truth; (b) PointNet++; (c) PointCNN; (d) Multi-
PointNet++
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Table 3. Quantitative comparison of different segmentation models
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Figure 7. Quantitative comparison of segmentation performance: (a) loU of different fish fillet parts; (b) mloU and OA of
different models
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