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Fig.1 YOLOv8-AS model structure (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, BatchNorm2d 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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Fig. 2 Adown structure (Input is the input module, avg_pool2d is the average pooling, Chunk is the channel segmentation function,

MaxPool2d is the maximum pooling subsampling, Conv is the convolution module (where k1 and k3 represent the convolution size of

1 and 3, respectively; s1 and s2 represent the convolution step size of 1 and 2), Concat is the feature connection module,

and Output is the output module )
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Fig. 3 SPPF—GFP structure (Input is the input, Conv is the convolution module, k1 means the convolution kernel size is 1, k5 means

the convolution kernel size is 5, MP is the local maximum 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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Fig. 4 Overview of the study area (A is the topographic map of Ganzhou City, B is the drone remote sensing image of the rare earth

mining area under the gang, C is part of the reclaimed vegetation samples, and D is the on-site photos of the reclaimed vegetation in

the rare earth mining area)

{B5E Ny ARSI S T 0 TEREARANEL, N, NS
DU EE AR O TEARE AR AN B, N RS A8 152 1 B A
AAE. HILEEI P, R, AP FImAP it E AR
Wmr .

NTP
= e 3
Ny + N %)
N
R=—Dmw 4
Npp + Now @
1
AP = [ P(R)R (5)
0
1 N
mAP = NZAP,. (6)

TR Bl 35 A ol R T o2 2 BAR
SO, 7 FUOR AR R A ] A0 — B — 45 Rk

TEMETUMERE, SAFTE— 2 AR MR BR M
HTAS SCR R H ARy B — B AR, S mAP ST
AP, A 32 B mAP S PEAAR R A R . 1t
Gh, T A M G UE R R AR PE R, AR U
FERAREHE . BRE% . mAP@0.5, mAP@0.5—
0.95. FEEIK /N, S50 (Parameters) iR
(GFLOPS) 454§ br X 458 B gF 17 25 & PP Al . Horp
mAP@0.5 Fl mAP@0.5—0.95 43 3l #6718 10U [# {4 Hy
0.5. 0.5—0.95 s (- F- XG0 5

34 1ER&INE

AR S0 B PR IC 2y g BB AR AR A
AL E, AR EAAS . CPUMINAF 16 GB



ZENMY S5 BG4 R RHE YOLOVSD 48 B 117 X 2 B Al e i ) 5 1k 499

Y Intel (R) Core (TM) i5-13400@2.50 GHz, GPU
A6 GHYNVIDIA GeForce GTX1660; {4 &
45 : Windows 10 #RVER G . i 815 5 python3.9,
TR 2 S HEZL O Pytorch2.2.0, CUDA11.8, A1)l
SRt A BRI RS KN 320%320, SR 2% 2

'.) "

&

e
A

=
-
y |
N, 4
'
.

: s ":;?

< udlef
(a) /NHERT

(a) Small target scenario

(b) fij s sz

(b) Simple scenario

O IE N AL S AdamW, W IR 2% 2] % LR
(Learning Rate) #&0.002, #hi (Momentum) ¢4
0.9, Hitw K/ (batch_size) HINZE K (epoch)
SYRIEE A 165100, HABSHI A,

(c) oYt

(¢) Complex scenario

K5 Er R BAE SRR AR

Fig. 5 Sample data of some reclaimed vegetation image
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Table 1 Comparison of different algorithms
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Fig. 6 The prediction effect of different algorithms in three scenarios: Small target scenarios, simple scenarios and complex scenarios
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Revegetation detection method for rare earth mining areas using
YOLOv8n network with integrated global features
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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 UAV
images. Consequently, relying solely on traditional image processing techniques for vegetation detection and classification is 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 (YOLOvVS8n), which integrates the global
feature YOLOVS8-AS. This method represents an innovative improvement over YOLOv8n. First, the downsampling module ADown is
introduced to optimize the feature convolution operation, thereby reducing the feature loss during the deep model training process. Second,
the spatial pyramid pooling fast-global feature pool module is employed for feature extraction, significantly enhancing the detection
capability of reclaimed vegetation with substantial variations in overall features.

Results showed that in the self-constructed rare earth mining reclamation vegetation dataset, YOLOvVS-AS outperforms YOLOv8n by
1.6% and 2.4% in terms of mAP@0.5 and mAP@0.5—0.95, respectively. Compared with those of YOLOvVS8n, the model size, number of
parameters, and floating point computation of YOLOvVS8-AS decreased by 11%, 10%, and 9%, respectively. The mAP@0.5 and mAP@0.5—
0.95 for the YOLOVS-AS algorithm are 91.1% and 46.8%, respectively. When compared with SSD, faster R-CNN, RT-DETR, YOLOVS5,
YOLOv7, and YOLOvV7-TINY models in terms of mAP@0.5, YOLOvV8-AS shows improvements of 14.07%, 23.32%, 1.2%, 2.3%, 3.3%,
2.9%, and 1.2%, respectively. According 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 YOLOVS8-AS increased by 2.3%,
1.2%, and 3%, respectively, when compared with 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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