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YOLOv8—AS model structure
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Conv is the convolution module, Concat is the feature connection module, Upsample is the upsampling module, Detect is the detection header, Adown

is the downsampling module,, SPPF-GFP is the improved spatial pyramid pooling module, MaxPool2d is the maximum pooled downsampling,

BatchNorm?2d is the batch normalization layer. SiLU is the activation function, Bbox Loss and Class Loss are the bounding box loss and classification

loss respectively.
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gﬁ@ imum pooling downsampling, GAP is the global average levy pooling, GMP is the global maximum feature pooling, Concat is the feature

concatenation module, and Output is the output.
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Table 1 Comparison of different algorithms
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Table 2 Ablation experiments A7
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Fig. 8 A wide range of reclaimed vegetation detection results
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YOLOvS8n Network with Integrated Global Features
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« ) conomics and Management, Jiangxi University of Science and Te no @@&&41000 China;
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Abstract: The leaching mining of ion-adsorbed rare earth ore primarily employs in-situ leaching, pile leaching, and pool leaching methods,
which result in significant soil pollution. This pollution presents serious environmental challenges, particularly affecting the growth and
survival rates of reclaimed vegetation in rare earth mining areas. The restoration of reclaimed vegetation is crucial for mitigating
environmental damage and restoring ecological balance. However, the application of intelligent technology to monitor and manage the
health and growth of reclaimed vegetation in these mining areas encounters substantial challenges due to the complexities of the natural
environment. Unmanned aerial vehicle (UAV) remote sensing image technology has emerged as a promising tool for monitoring and
evaluating ecological restoration efforts in rare earth mining areas. The UAV can rapidly capture high-resolution images over large areas,
facilitating efficient monitoring of reclaimed vegetation growth in these regions. However, the uneven spatial distribution, varying shapes
and diverse overall characteristics of reclaimed vegetation present significant challenges for achieving high-precision automatic recognition
from UVA images. Consequently, relying solely on traditional image processing technique for vegetation detection and classification proves
to be be inadequate. To address these challenges and enhance the automatic recognition and localization capabilities of individual reclaimed
vegetation in UAV images, this paper proposes a method for reclaimed vegetation detection in rare earth mining areas (YOLOv8n), which
integrates the global feature YOLQy8-AS. This method represents an innovative improvement over YOLOv8n: first, the dowgsgmpling
module ADown is introduced ¢ o

ize the feature convolution operation, thereby reducing the feature loss during the de i raining

process. Second, the P F= atial Pyramid Pooling Fast - Global Feature Pool) module is employ ure extraction,
51gn1ﬁcant1y [ ility of reclaimed vegetation with substantial Varlatlons in oy, res. The results showed
r re h mining reclamation vegetation dataset, YOLOV8-AS ou v8n by 1.6% and 2.4% in

that m&?@ co s@l

terms 0.5-0.95, respectively. Compared to YOLOvV8n, the modelﬂ mber of parameters, and floating point
computatlon XQD 8 AS decreased by 11%, 10%, and 9%, respectively. The mAP@0.5 and mAP@0.5-0.95 for the YOLOvV8-AS
algorlth@@r& .1% and 46.8%, respectively. When compared to SSD, Faster R-CNN, RT-DETR, YOLOvS5, YOLOv7 and YOLOvV7-TINY
regardmg mAP@0.5, YOLOVS-AS shows improvements of 14.07%, 23.32%, 1.2%, 2.3%, 3.3%, 2.9% and 1.2%, respectively.
SQAccordmg to the comparative experimental results of YOLOVS8-AS and YOLOVS across three scenarios—characterized by a predominance
of small targets, simplicity, and complexity—the mAP@0.5-0.95 of YOLOVS-AS increased by 2.3%, 1.2%, and 3%, respectively, when
compared to the baseline model YOLOvS. Furthermore, we applied YOLOVS-AS to the reclamation vegetation detection task in a larger
scene within a rare earth mining area. The visualization results indicate that, regardless of the scenario—whether featuring numerous small
targets, simple scenes, or complex environments—this method significantly enhanced its capacity to identify and accurately locate
individual plants in the reclamation vegetation. This finding further substantiates its efficacy in accurately detecting reclaimed vegetation
across various conditions. Such advancements are crucial for effectively monitoring the progress of ecological restoration in mining areas
and provide essential support for achieving sustainable mining development.
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