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Shadow extraction from UAYV imagery of open-pit mines
based on improved UNet3+

Du Sunwen Song Ruiting Gao Zhiyu Shi Miao Zhang Haoran
(College of Geological and Surveying Engineering, Taiyuan University of Technology, Taiyuan 030024, China)

Abstract: Acquiring surface orthophoto image by UAV technology can quickly and effectively realize the comprehensive
monitoring and analysis of mining surface morphology. However, shadows are prevalent in the open-pit mine UAV
orthophoto image, which not only interferes with the acquisition of some ground object information, but also reduces
the interpretation and recognition accuracy of UAV images. There are few researches on shadow extraction in mining
area at present. Existing methods can not meet the needs of shadow identification in open pit mines. And the problems
of not establishing shadow data set in opencast mining area, a UAV ortho image shadow dataset is constructed by using
manual annotation for the first time. Based on the UNet3 + model, a shadow extraction method combining mixed
attention mechanism (CBAM) and depth separable convolution layer (DSC) is proposed. By introducing the ResNet
feature extractor, feature extraction on five scales is carried out on the original image, and performs full-scale jump
connection according to the extracted features to carry out feature fusion. And introduce CBAM attention mechanisms
to enhance useful features. The category of each pixel is predicted by the feature map recovered by the deep monitoring
mechanism and the decoder. Finally, proposed method is compared with four typical target extraction networks FCN.,
UNet, UNet+ +and UNet3. The experimental results show that, compared with Unet3+ network., the mPrecision.
mRecall, mF1 and mloU improved by 4.9%, 0.44%, 2.24% and 4.51%, respectively. Proposed method was
compared with a variety of existing shadow extraction methods on AISD public data. The experimental results showed
that compared with residual supervision network, F1 and IoU improved by 0.27% and 2. 62%. It is proved that this
method is accurate in shadow extraction, and is suitable for shadow extraction in open pit mining area.

Keywords: open-pit mine shadow dataset; CBAM; UNet3+ ;depthwise separable convolution;skip connection
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Fig. 3 Classification-guided module
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Table 3  Accuracy comparison of shadow extraction methods
DiRS mPrecision mRecall mF1 mloU
FCN 0.819 8 0.740 1 0.7785 0.764 2
UNet 0.828 4 0.735 2 0.7793 0.769 9
UNet+ + 0.852 6 0.787 3 0.8158 0.789 4
UNet3+ 0.900 3 0.9151 0.907 4 0.8350
ARCEPE 0.9493  0.9195  0.9298  0.880 1
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Fig. 9 Comparisons of experiments on different modules result
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Table 4 Accuracy comparison of ablation experiments on different modules

CBAM DSC mPrecision mRecall mF1 mloU P FPS/fps
0 0 0.900 3 0.915 1 0.907 4 0.8350 26 163 138 45
1 0 0.953 2 0.919 6 0.935 2 0.880 8 26 171 722 34
0 1 0.899 6 0.914 2 0.906 8 0.829 6 23 849 922 52
1 1 0.949 3 0.919 5 0.929 8 0.880 1 23 858 506 39
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Fig. 10 Compared with the extracted results of other methods
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Table 5 Compared with the accuracy of existing shadow

extraction methods

Jik Fl ToU
MTMT 0.906 8 0.782 6
DSSDNet 0.917 9 0.802 9
CDANet 0.924 1 0.853 4
MRPFANet 0.926 1 0.862 4
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