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Abstract: The images of typical open-pit mining scenarios exhibit multi-type composite noise
characteristics, with a low signal-to-noise ratio and significant spatial heterogeneity. Most existing deep learning
models directly transfer denoising architectures from natural images, ignoring the unique noise distribution
patterns of mining remote sensing images. To address the issue, a mine remote sensing image denoising method
based on improved YOLOvS was proposed. Considering the instability of traditional YOLOvVS in high-noise
environments, a multi-scale feature fusion module was introduced to enhance the model's ability to recognize
noise of different sizes. Additionally, a residual attention mechanism was incorporated to improve the extraction
of useful features and enhance the robustness of the denoising effect. An adaptive noise estimation technique was
employed to dynamically adjust denoising parameters based on the noise characteristics of different image

regions, achieving more precise noise suppression. The experimental results showed that the improved YOLOVS
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significantly outperformed other classical denoising methods in terms of peak signal-to-noise ratio (PSNR) and

structural similarity index measure (SSIM). Compared to the original YOLOvVS, the PSNR value increased by
2.5 dB, and the SSIM improved by 0.05. The improved YOLOVS5 performed well under all noise types, especially

in Gaussian noise environments, where its PSNR and SSIM reached 32.5 dB and 0.95, respectively, significantly

surpassing other classical denoising methods.

Key words: mine remote sensing image denoising; YOLOVS; multi-scale feature fusion; residual attention

mechanism; adaptive noise estimation
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Fig. 4 Experimental results under Gaussian noise

(f) T {EBERE

(c) ZMEH Zfhas (d) FEJaBI EE D

(g) JRIfYOLOVS (h) MtkYOLOVS

(g) JHYOLOVS (h) #EYOLOVS

5 RIS SEE s R

Fig. 5 Experimental results under salt-and-pepper noise

(e) HEAiEd: (f) P EuEE

(g) JFUAYOLOVS (h) MfEYOLOVS

6 BESIRA T S04

Fig. 6 Experimental results under speckle noise

S AEGER) R AR I, %ot YOLOVS 15 4b B
AN Ry I R B TS A . LR
8 300 o R B 2 > HE 2R B R n =F s 9 1 R SCfR
4G 2 N RRAIE Rl & AR 22 T8 R 0 L) S5 R
BFERTE TR RO . Ak, Bt YOLOVS 1Y
A P07 MR 7 i T ol A Ak PRAT 2 1 R AT (R
i 2 B S B 5 )5 A 1 R O
24 HmEREE

R T I A% T A A i o o A 2 MR P E ) BT

Wk, I T SE S . PR LR YOLOVS Sh5EHE, &4
FIAZ RBEFFE R GBI | 5% 22 1 3 WL A S
o7 PR 7 A T A 5 g T A X R TR R 114 5 )
ZEIVLER 3. RIE M, A RO A R A i T R B
TR EH

HMUIE YOLOVS 7 i e B85 i I it e an & 7
fiR . T M YOLOVS il i 5] A £ KBS FHAE fil
B PR E 22 R L, S PR T TR R A g
PRI T R I, A5 5 24 BT B S SE BN H AR



. 154 -

5 8k

% 51 %

YR U A R R A 3L

3 MWL
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