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Fig. 1 Data set image (a, b) with label data (c, d) (1 mi=1.609 km)
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Table 1 Description of substrate classification types in the BIRNM dataset
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Fig. 2 Pseudo-label generation based on joint multi-model decision making
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Table 2 Results of semi-supervised experiments on the Buck Island dataset

WRZS B i 2] JE A i mloU
Lawin 0.930 0 0.8532 0.729 8 0.367 0 0.740 0 0.723 3
SegFormer 0.942 8 0.863 1 0.689 5 0.513 1 0.762 5 0.754 2
PanopticDeep 0.930 4 0.8512 0.679 0 0.442'5 0.713 8 0.718 3
K@ik 09395 0.869 1 0.726 1 0.5399 0.784 7 0.7719
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Table 3 Results of semi-supervised experiments on the Pearl and Hermes Atoll

Fk HH I ) [ mloU
Lawin 0.874 1 0.675 5 0.5285 04521 0.632'5
SegFormer 0.872'5 0.6612 05231 0.4371 0.623 5
PanopticDeep 0.866 6 0.6726 0.497 5 0.443 1 0.6199
AT 0.8753 0.684 2 0.5577 0.472 1 0.647 3
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Fig. 4 Reference results of BIRNM, PHA datasets (a, ¢) and substrate classification results of the method in this paper (b, d) (1 mi=1.609 km)
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Fig. 5 Semantic segmentation results of different networks on BIRNM data
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Fig. 6 Semantic segmentation results of different networks on PHA dataset
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Table 4 3CLoss effect on experimental accuracy
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Table 5 Effect of number of iterations on mloU
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Table 6 Comparison results between the method in this paper and the fully supervised semantic segmentation method
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Fig. 7 Overall effect of different substrate classification methods (the left column are BIRNM, right column are PAH) (1 mi=1.609 km)
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A semi-supervised coral reef substrate classification method based on soft
and hard collaborative decision making

YuJun', ChenHui?, Zhu Daming', Cheng Liang”, Duan Zhixin?, Zhuang Qizhi?,
Chu Sensen?, Yang Wei ' Du Siyu1

(1. Faculty of Land and Resources Engineering, Kunming University of Technology, Kunming 650093, China; 2. School of Geography and
Marine Science, Nanjing University, Nanjing 210023, China)

Abstract: Coral reef substrate classification plays a crucial role in marine resource development and marine ecolo-
gical protection. At present, deep learning semantic segmentation methods are widely used in the field of remote
sensing image classification, but less research has been conducted in substrate classification. Due to the high cost of
pixel-by-pixel labeling in the fully supervised deep learning-based method, it is not suitable for large-scale and
high-frequency substrate classification work. The semi-supervised deep learning-based method can effectively use
the labeled labels to generate pseudo-labels for unlabeled data, thus effectively reducing the labor cost, however,
the performance of the existing semi-supervised method is vulnerable to the interference of pseudo-label noise. To
address the above problems, this paper proposes a semi-supervised substrate classification method based on soft
and hard collaborative decision making. First, a high quality Pseudo tag is generated using joint decision making of
multiple models; then, a loss function (Collaboration Choice of decision Confidence Loss function, 3CLoss) is pro-
posed to take into account the confidence of Pseudo tag pixels and guide the model for training; finally, a soft and
hard collaborative decision making approach is used to obtain accurate substrate classification results. The accur-
acy of this paper was evaluated on the shallow benthic habitat atlas datasets of Buck Island Reef in the northern part
of St. Croix, U.S. Virgin Islands, and Pearl and Hermes Atolls, about 400 km southeast of Midway Island, Hawaii-
an Islands, and the experimental results show that the accuracy of the proposed method is comparable to that of the
fully supervised learning method, and 3.08% higher than that of the mainstream semantic segmentation methods on

average, which can effectively serve the coral reef substrate survey.

Key words: seabed substrate classification; soft and hard collaboration; semantic segmentation; semi-supervised learning;

fully supervised learning; remote sensing; coral reefs; convolutional neural networks
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