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Extraction of aquatic plant information in crab ponds using a residual
multiscale fully connected neural network ( ResMSFCN) and unmanned
aerial vehicle remote sensing images

DONG Jianbin'?, LI Weiguo'*>, DAI Peiyu®, MAO Xing®, JIN Jing’
(1.School of Ecology and Applied Meteorology, Nanjing University of Information Science & Technology, Nanjing 210044, China; 2. Institute of
Agricultural Information, Jiangsu Academy of Agricultural Sciences, Nanjing 210014, China)

Abstract: Aquatic plants in crab ponds not only purify water quality, increase dissolved oxygen, and provide food,
but also offer shading and habitats for crabs during the high-temperature period in summer. Currently, the acquisition of
aquatic plant planting information in aquaculture mainly relies on manual judgment, which has problems such as high labor
costs, poor timeliness, and low production efficiency. To effectively solve these issues, this study selected crab ponds for
Chinese mitten crabs in Gaochun District of Nanjing and Yixing City of Wuxi as the research areas. Combining convolutional

neural networks with high-spatial-resolution multispectral images acquired by unmanned aerial vehicles (UAVs), a multi-

temporal dataset of aquatic plant distribution in crab ponds

W B 49 :2025-05-07 based on UAV multispectral images was constructed. A

BESWMA . VUAAE AT H (BE2022366) 3 V175 LAY ™
Al BRI AT H [ CX(23)3131]

PEZ B HAET(1999-) , 5, ILARWIRA , BB 50 A=, B 52 05 1)
Al AT A B AR BT, (E-mail ) kovacs991 @ 163. (ResMSFCN) was proposed, and its accuracy was
com compared with U-Net and DeepLabv3+models. The results

BIEE I TE , (E-mail) pydai@ whu.edu.cn showed that the ResMSFCN model had better ability to

fine extraction model for aquatic plants based on the

residual multiscale fully connected neural network
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extract aquatic plant images, with an accuracy of 0. 963 and an intersection over union (/oU) of 0. 804. In addition, this

model could accurately identify the uniformity of aquatic plant distribution areas across five temporal phases from June to

October. The model proposed in this study, which combines UAV multispectral images with ResMSFCN for aquatic plant

extraction in crab ponds, can acquire multi-temporal aquatic plant coverage information with high precision and efficiency,

and also offer a scientific basis for the rapid evaluation of aquatic plant resources in crab ponds.
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Fig.1 Examples of Alternanthera philoxeroides and Vallisneria

natans in crab ponds
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Table 1 Unmanned aerial vehicle (UAV) sensor band information
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Fig.2 Examples of aquatic plant sample labeling
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Fig.3 Architecture for extracting aquatic plant information in crab ponds based on multispectral remote sensing images and residual multi-

scale fully connected neural network ( ResMSFCN)
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Table 2 Extraction effect of different models on unmanned aerial

vehicle ( UAV ) multispectral crab pond aquatic plant
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Fig.4 Extraction results of aquatic plant images from different

regions in crab ponds by different models
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Fig.5 Extraction results of aquatic plant images by different

models across different months
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