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Fig.4 Technical flowchart of proposed method
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BRRY 1948/1 822 21/24 5/38 0/0 47/96 85/103 1/1 2107/2 084
i 25/93 911/855 1/0 0/2 30/90 8/20 2/5 977/1 065
IS 15/4 0/0 117/78 0/0 0/1 1/0 0/0 133
HH B 3/4 0/2 0/2 991/990 3/19 0/4 4/11 1001/1 032
H 42/115 16/82 0/5 2/1 1873/1776 4/29 2/1 1.939/2 009
1L HE A 149/156 36/21 0/1 0/2 44/16 489/436 12/27 730/659
Wt 17/5 3/3 1/0 5/3 3/2 9/4 393/369 431/386
N 2199/2 199 987/987 124/124 998/998 2 000/2 000 596/596 414/414 7318/7 318
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Table 4 Accuracy evaluation of CNN and SVM classifica-

tion results of open pit

OA Kappa UA PA
CNN 91.86% 0.90 88.59% 92.45%
SVM 86.44 % 0.83 82.86% 87.43%

h 82.86 % 1 87.43% , W W46 Ax 25 BE B K . Ul
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Fig.13 Image of extended research area
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Fig.14 Classification Results of Extended Research Area
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PRI RUATARE VR M . A AT 458

(1) B R B 25 2J B35 N FH T4 L A 353 W ) 0 3
P T 26 BRI 28 I 2 BRI 0 0 I B B .
TR ¥ 0 B 1 545 1) SRS R 91.86 %, Kappa
FHCN0.90, HRRGH L= FHAE RS T 88.59%,
il B RS B Ry 92.45 % , B B 1 40 R
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Object—oriented Open Pit Extraction based on Convolutional
Neural Network

Hu Naixun', Chen Tao'’,Zhen Na’, Niu Ruiqing'
(L.Institute of Geophysics and Geomatics, China University of Geosciences, Wuhan 430074, China;
2.Geological Environment Monitoring Institute of Henan Province, Zhengzhou 450006, China;
3.Geomatics Technology and Application key Laboratory of Qinghai Province, Xining 810001, China)

Abstract: The overexploitation of mineral resources will have a serious negative impact on the natural environ-
ment. The monitoring of the mine environment is of great significance to the construction of ecological civiliza-
tion. Machine learning algorithms have been widely used in traditional mine monitoring and have achieved good
results. In recent years, with the rapid development of the field of deep learning, relevant theoretical knowledge
has gradually been applied to remote sensing image processing. In this study, the deep learning algorithm is
combined with the object-oriented method, and the GF-2 image is used to extract the land occupation type by
applying the conventional neural network from the mining area in Yuzhou City, Henan Province. To compare
the performance of the proposed methods, the support vector machine method was used. The results show that
the overall accuracy of the convolutional neural network is 91.85% and the kappa coefficient is 0.90, which is
higher than the support vector machine method. This paper shows the advantages and feasibility of this method
in the extraction of open—pit mining areas and provides reliable technical support for the scientific management
and environmental monitoring of open—pit mining areas.

Key words: Open Pit;Object oriented ; Convolutional Neural network; Deep learning ; Mineral resources



