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Abstract

The importance of automatically detecting and identifying marine objects has increased in tandem
with the rise in human exploration activities in the maritime environment. Compared to obtaining
only target size and position information, instance segmentation of marine organisms is more
valuable as it can further provide shape information about the targets. This paper proposes a new
method by integrating a prototype module into the instance segmentation model to achieve better
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performance. The prototype module consists of prototype training and prototype region to ensure
the class representativeness and boundary stability of the prototypes. Specifically, we train the
prototype region module by randomly selecting some dissimilar samples to better simulate the
boundary of class prototypes. Ultimately, we integrate the prototype module into the traditional
instance segmentation model to achieve more accurate segmentation of marine organisms. Expe-
rimental results demonstrate that our proposed prototype integration method achieves signifi-
cant accuracy improvement on the marine dataset and better distinguishes dissimilar samples,
effectively improving the performance of the instance segmentation model.
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Figure 1. Schematic diagram of data distribution and spatial division of different methods
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Figure 2. Model architecture diagram
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Table 1. Accuracy comparison of different models
1 NEHREEBEELR

Datasets Methods APP AP™
Baseline 58.68 56.57
Trashcan-8
Baseline + PM 60.78 58.75
Baseline 63.00 57.38
Trashcan-14
Baseline + PM 65.37 58.96
Mask RCNN [7] 55.40 55.30
Trashcan Sparselnst - 56.05
Baseline + PM 60.55 56.21
Baseline 59.05 48.93
CH-DUTUSEG Sparselnst - 50.99
Baseline + PM 60.36 51.16
Table 2. Influence of potential layer dimension on accuracy
2 BERHENHBENZID
dim APP AP™ dim
2 37.81 33.53 2

14 63.28 58.09 14

100 65.37 58.96 100

512 63.09 57.69 512
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Figure 5. Model test results
[E] 5. #HEUEMEER
4.3. iHRLSELS

TEARTT A, FRATEIRT R T AREFEARMIELRE J1. — Bk, BIRUG T AR ENFEA 46 44 58 78k
W, FEE D RARE isR . FRA1ME ] Absolute Open-Set Error (AOSE)k i B R IR 4afE 11, HEE
R, REBRA SR8, BT CH-DUTUSEG BEEEMFEAR D, FAVEH WI /AN EE &,

Her, wi =(%—1} FH RN AR ENR G 1% 3 RN NS AR B . 45 R N3 3, & 4 PR,
kou

Table 3. Comparison results of the model on Trashcan datasets
52 3. #2BI7E Trashcan #IBE FHIFTEELEER

Datasets Methods APP AP™ Wi AOSE
Trashcan8-14 Baseline 56.42 54.73 0.429 2624
Trashcan8-14 OwOD 56.13 - 0.259 1589
Trashcan8-14 Baseline + PM 56.92 54.97 0.348 2130
Trashcan14-8 Baseline 61.69 56.17 0.279 1675
Trashcan14-8 OowoD 61.05 - 0.147 881
Trashcan14-8 Baseline + PM 64.31 58.02 0.227 1361

Table 4. Comparison results of the model on CH-DUTUSEG dataset
= 4. #8817 CH-DUTUSEG #iR& LRSI 4R

Datasets Methods AP® AP™ Wi
CH-DUTUSEG Baseline 57.75 47.68 0.112
CH-DUTUSEG OwWOD 57.86 - 0.092
CH-DUTUSEG Baseline + PM 58.98 49.95 0.105
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