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damage in the middle section of Tianshan Mountains
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Abstract: The middle section of the Tianshan Mountains in Xinjiang is rich in mineral resources, but the problem
of land damage has been exacerbated by high-intensity mining activities. In order to solve the problems of low
efficiency of mine land damage monitoring and traditional remote sensing interpretation relying on manual
experience, this paper proposes an automatic classification model of remote sensing image land damage based on
neural network-SENetV2-COT-DeepLabV3, which is based on the DeepLabV3 model and integrates the
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Contextual Transformer (COT) module and the SENetV2 module, so as to enhance the ability of context feature
extraction and channel attention mechanism. Optimize the model's segmentation ability for complex mine features.
Firstly, according to the high-resolution series of remote sensing images, a sample set of 59 198 samples was
constructed for the middle section of the Tianshan Mountains, which was extended to 177 594 samples through
data augmentation. Then, the SENetV2-COT-DeepLabV3 model was trained to improve its generalization ability
and recognition accuracy, and accurately grasp the distribution and extent of land damage caused by mineral
resource development. Finally, through comparative experiments with FCN, UNeT, PSPNeT and other models, it
is concluded that the improved model is better than the mainstream models such as FCN and PSPNet in four
indicators: MIoU, mRecall, mPrecision, and mDice, and the segmentation accuracy is 1.63%—2.34% higher than
that of DeepLabV3. Based on the model, a deep learning remote sensing interpretation system for land damage
types in mining areas was built on the Pycharm platform, which has been deployed to the local mine management
department, with a recognition accuracy of more than 85%, realizing high-precision and high-efficiency land
damage identification, providing an intelligent solution for dynamic monitoring and ecological restoration
management of land damage in mining areas, and promoting the coordinated development of mine development
and environmental protection.

Keywords: middle Tianshan; land damage model; neural network; automatic classification; mine ecological

restoration
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Fig.1 A schematic diagram of mine distribution in the middle section of Tianshan Mountains
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Fig.2 Extent of the mining area and the land damage in the middle section of the Tianshan Mountains
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2.2.3 SENetV2-COT-DeepLabV 3+ v 45 1
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Fig. 8 SENetV2-COT-DeepLabV3+ algorithm model

2.3 LB A B0 SR AL IR
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ACHIF 5 T R e 5 2 AR X RS, 455 Rl
BT I FEA AR (59 198 U AEAS, 280 a1 s 9 e 2
177 594 D) AT R Gk o o HARRAR N : 156,
He T IR (60%) . 5 ik 4 (20%) F K 4 (20%) Y
R 43, R A5 S5 72 4 . T 5 0 e AR LA e 2 45 5 A0 1
5HR SR I B2 A AR X6 A 2 b )RR B2 AR RE O o Rt
TH Rl 55 % A5 B IE COT Bk 55 SENetV2 A5 B i 45 75
PERERY IR T . BEJS, YEBU 137 5 38 B A5 AT X
4y #i ¥6:, I 5 FCN. UNet, PSPNet % 3= Jfi # % Xf
. WA I I (MIoU) | “F-3 5 7] # (mRecall) .
S 141K #fg R (mPrecision) F1 °F- ¥ Dice % % (mDice) fE
RV R AR . MIoU 38 52 153 $I0 IX 3k 5 50 52 X i
S TR 7 O AR E LA LA, BB S R R X H
T DX I8 14 5 157 K5 B . mRecall 43 B0 52 4 58 X a1 75
R R TARRIIE R e BT B B, U HE
THREAR D A A B 0 1L P8 45 . mPrecision H 2K PF
Al A% 7 T 45 5 DX 3 L S A R i o B LU 491 . mDice
FECE MIoU 2B, 1B B ¢ i3 Fit il 5 552 X 48l 1Y) o S
43, X 28 I A ST A [R]85 T Uk . MIoU il Dice 24K
) 2 43 HUKS B, mRecall A1 mPrecision 43 4 il ¥ K 5
Bk, VO 455 ) A A B A M fE
231 JH AL

B IE COT #idk 5 SENetV2 #iHe X} DeepLabV3+

S ) R TR, ARFSE B E T T Al 56, X B A A
DeepLabV3+, COT 44 5 A (COT-DL) . SENetV2 1 i
K1 (SE-DL) ¢ — % #l 4 7 (SE-COT-DL) 4 25 #5 74 i) 43
EERE(F 4) . 2 4 v A, DeepLabV3+7E MIoU, mRe-
call, mPrecision 5 mDice 4 T 4§ #5 I 73 51| ik F] 86.04% .
84.42%. 95.73% 5 88.97%, P T HAE 18 B K 15 43 %I
115 ) Rl BE 77 . 7F DeepLabV3+5:Al 5| A T
S #2849 ) COT-DL, COT-DL #J MIoU, mRecall,
mPrecision 5 mDice 7354 87.43%. 85.29%. 95.94% 5
91.12%, LAl AR AL 4 THig B2 3K 1.39%., 0.87%. 0.21%
5 2.15%, COT Bt h e 2 R L F 30fF
B, BERA 7@ RGN BRI S BRI
REE 5 5 e RS . SE-DL (1) MloU, mRecall,
mPrecision 5 mDice 7735 86.92%. 84.51%. 95.85% 5
89.78%, X 4 T HIEEE 47 0.88% . 0.09%. 0.12% 5 0.81%,
HLIE G R LA R T 26RO T, B R
TXF R R S S A b T 26 XA OB RRAE 1 A
J&PE . SE-COT-DL A RIZR 4G 1 2 P 3%, MIoU,
x4 HBRBER

Table 4 Ablation experimental results

Wanillicxin] MIoU/% mRecall/% mPrecision/% mDice/%
DL 86.04 84.42 95.73 88.97
COT-DL 87.43 85.29 95.94 91.12
SE-DL 86.92 84.51 95.85 89.78
SE-COT-DL 87.67 85.95 96.44 91.31
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mRecall. mPrecision 5 mDice 535li5%) 87.67%. 85.95%.
96.44% 5 91.31%, 3 HERAR BB AREE T 1.63% . 1.53%.
0.71% 5 2.34%.
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Fig. 9 Comparison of experimental results of mine algorithm model
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J % /5 1Y PSPNet 42 71 0.88%; mRecall i 83.42%, 4 5c
PSPNet 2.44%; DeepLabV3+% 41| i % 1 SENetV2-COT-
DeepLabV3+Z: 5 14 e i L, MIoU, mRecall, mPrecision

x5 RBEEZNBHIELER
Table S Comparison results of experimental data of mine
algorithm in the middle section of the Tianshan Mountains

Vanllixi] MIoU/%  mRecall/%  mPrecision/%  mDice/%
FCN 63.02 51.02 66.92 58.10
UNeT 65.23 53.84 67.4 62.49
PSPNeT 85.16 81.98 93.02 88.94
DeepLabV3+ 86.04 83.42 95.73 88.97
SE-DL 86.92 83.51 95.85 89.78
SE-COT-DL 87.67 85.95 96.44 91.31

Y5 mDice 43 #1i5 % 87.67%. 85.95%. 96.44% 5 91.31%,
4 DeepLabV3+#2£ 7t 1.63%. 1.53%. 0.71% 5 2.34%.
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Fig. 10 Remote sensing interpretation system operation process
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