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Opencast Mining Area Recognition in High-Resolution Remote
Sensing Images Using Convolutional Neural Networks

Cheng Guoxuan, Niu Ruiqing®, Zhang Kaixiang, Zhao Lingran

Institute of Geophysics & Geomatics, China University of Geosciences, Wuhan 430074, China

Abstract: The application of remote sensing is a commonly used approach to environmental monitoring in mine areas. The research on convolutional
neural network (CNN) for recognition of opencast mining area in high-resolution remote sensing image could help to improve monitoring efficiency.
This paper focused on the problem of low classification accuracy of opencast mining area based on CNN due to insufficient trained datasets, the
experiment is designed with three types of transfer learning methods and tested in different pre-trained CNN models. The analysis shows that
by contrast, fixed lower layers’ parameters in pre-trained CNN models and fine-tune higher layers’ parameters is the optimal training method, it
achieved over 87% in both producer’s accuracy and user’s accuracy. This experimental results indicate that opencast mining area could be effectively
recognized in high-resolution imagery based on this training method, therefore, the CNN which trained by this method can be used as an aid in

remote sensing interpretation of opencast mining area.
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Fig.1 The remote sensing images of the study area

Fig.2 Sample images of training set and test set
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Table 1 Parameters of the CNN-F network
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Fig.4 ResNet-50 network structure
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Table 2 Parameters of ResNet-50
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Fig.5 The flow chart of the adjusted pre-trained model
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Fig.6 The flow chart of experimental training method
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Fig.7 The comparison of An,Bn and Cn accuracy rate
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Table 3 Summary of user’s and producer’s accuracy rate
W7 HETEEREIE (%) FHFRSEE (%)
cl 93.75 100.00
c2 100.00 94.12
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Table 4 The summary of accuracy rate in two models

Il Tri SHEIE (%) H P ERERE (%) JHPRSEE (%)
resnet-conv ] 87.50 75.00 100.00
C1 95.53 93.75 100.00
C2 95.53 100.00 94.12
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