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Abstract

To enhance the intelligence of mangrove planting operations and address challenges in complex
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tidal flat environments, this solution designs and implements a multi-source perception and edge
decision-making system. The hardware integrates multimodal sensors, employs a lightweight
YOLOv10-MHSA model for real-time object detection, and utilizes a LoRaWAN network to establish
remote monitoring and multi-device collaboration mechanisms. Field trials demonstrated the sys-
tem’s effectiveness, achieving 92.1% accuracy in hole detection and 96.1% precision in hole locali-
zation. Combined with an improved genetic algorithm, it achieved a planting space utilization rate
0f 91.7% and increased the number of viable planting sites by 25%. These findings provide a robust
technical framework for intelligent mangrove restoration.
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Mangrove Planter Multi-Sensor Vision System Architecture
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Figure 1. Architecture of the multi-sensor vision system for the mangrove planter
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Figure 2. Sensor layout configuration on the planter
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Figure 3. Data processing pipeline of the vision system
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Figure 4. Network architecture of YOLOv10-MHSA and illustration of the MHSA module
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Figure 5. Comparison and visualization of recognition results before and after improvement
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Table 3. Improvements to the genetic algorithm
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Table 4. Comparison before and after optimization
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Figure 6. “See-Judge- Act” closed-loop control workflow of the planter
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Table 5. Performance comparison of different models
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Table 6. Performance analysis under different environmental conditions (test set n = 120, stratified statistics)
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