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Fig. 7 Visualization of surface segmentation results derived from the test dataset
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F1 ERIBESHNRER

Table 1 The test results of the surface segmentation task

ik Precision Recall F1 ToU

PSPNet 0.5143 0.6187 0.5616 0.3905
Deepcrack—2 0.5624 0.6218 0.5906 0.4191
RoadVecNet 0.7729 0.5126 0.6164 0.4455
U—-Net 0.5819 0.8192 0.6805 0.5157
Deepcrack—1 0.7027 0.6945 0.6986 0.5368
Crack—CADNet 0.5856 0.8632 0.6978 0.5358
HRNet 0.5914 0.8750 0.7058 0.5453
Goaf-DTNet 0.5985 0.8816 0.7130 0.5540
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Table 6 The ablation study with single and dual tasks
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Dual-task model for ground crack detection in the goaf of coal mines
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Abstract: Automatic detection of ground cracks in the goaf of coal mines plays an important role in production security and ecological
environment management. Given the complex background, variable geometry, and scale of cracks in coal mines, automatically detecting
ground cracks in the goaf remains challenging. Crack extraction can be treated as a segmentation task from a global view or as a skeleton
extraction task (boundary detection) from a local view. Many methods view crack extraction as a single task independently. However, these
methods cannot produce enough data for the subsequent measurement and quantitative evaluation of the extent of the detriment of ground
cracks. Moreover, they disregard the information interaction of different tasks, which could potentially improve accuracy and efficiency. To
solve these problems, this study designed a dual-task Convolutional Neural Network (CNN) called dual-task CNN for goaf crack recognition
(Goaf-DTNet) to automatically detect ground cracks by using unmanned aerial vehicle imagery with a high spatial resolution.

In Goaf-DTNet, an atrous spatial pyramid pooling module is introduced to extract multiscale semantic information. In consideration of
the characteristics of ground cracks in the goaf, a Multiscale Feature Fusion Module (MFFM) was designed for the crack segmentation
branch to further integrate local and global contextual information. A Segmentation-Guided crack skeleton Feature extraction Module
(SGFM) was used in the crack skeleton extraction branch to provide spatial information through the spatial attention mechanism. The proposed
dual-task model can explicitly avoid parameter calculation in the shared layers, thus reducing the memory footprint and accelerating each task.
Meanwhile, the complementary information from the communication between two tasks can improve the detection accuracy of each task.

For the task of skeleton extraction, the F1-score and Intersection over Union (IoU) value are 0.71 and 0.55, respectively; the former is
about 1% higher than the F1-score of the second best method, and the latter is 16.35% higher than the IoU of PSPNet. In the task of surface
segmentation, the proposed model performs better than the compared methods. Its Optimal Dataset Scale (ODS) and Average Precision (AP)
value are 0.56 and 0.54, respectively. In addition, the test results for an open-source dataset show that the proposed method is better than the
others, and its F1-score and IoU value are 0.89 and 0.80, respectively. In skeleton extraction, the Optimal Image Scale (OIS), ODS, and AP
of the proposed method are 0.58, 0.58, and 0.55, respectively. Ablation experiments are conducted to prove the effectiveness of the proposed
MMFM and SGFM. Results indicate that after adding MMFM to the crack segmentation branch, the F1-score and IoU increase by 0.0827
and 0.0918, respectively, showing that the method facilitates crack detection by fusing local and global information. In the crack skeleton
extraction task, OIS, ODS, and AP increase by 0.1246, 0.1630, and 0.2140, respectively, after SGFM is embedded into the branch.

Experimental results show that Goaf-DTNet is effective in ground crack detection from the goaf of coal mines. The proposed MFFM
helps the model obtain complete and continuous crack identification results by integrating multiscale context semantic information. SGFM
uses information from the surface segmentation branch to provide abundant spatial information for linear crack features, thus effectively
improving the detection accuracy. Furthermore, the accuracy of each task is enhanced by taking advantage of the synergy between two tasks.
Key words: remote sensing, coal mines, goaf, Unmanned Aerial Vehicle (UAV), crack detection, Convolutional Neural Networks (CNN),
multi-task learning, deep learning
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