
    
      Fig. 3 
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        Illustration of the Galactic regions located at 160–171° (left) and 349–356° (right) of the four input maps used for the supervised learning. From top to bottom, we show the [image: equation] column density map, the input filament masks, a background localization map, and the missing-data map (0 in purple, 1 in yellow). All these maps were obtained as explained in Appendix A. The filament and background mask maps are multiplied by the missing-data map before they were used in the training process. The red rectangle shown in each column density map represents the region we extracted to compute the performance of the training (see Sect. 4.1).

      

    

  
    
      Fig. 5 
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        Building the data set using the four input maps (on the left) into a set of patches (on the right). On the left, the maps are the column density (top left), filament spine+branches (top right), missing data (bottom left), and background pixels (bottom right).

      

    

  
    
      Fig. 7 
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        Illustration of the UNet5 from Ronneberger et al. (2015).

      

    

  
    
      Fig. 10 
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        Five steps of an epoch during the training. For illustration purposes, we reduced the batch to a set of one patch. θt represents the weights of the neural network at epoch t, and µ, is the learning rate at epoch t.

      

    

  
    
      Fig. 11 
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        Segmentation process. It takes patches from an observation (a), then normalizes the patch and applies the segmentation model (b), the segmented patch is positioned at the same coordinates (c), and is finally weighted by coefficients (d) representing the number of patches in which each pixel appears. Because a sliding window with overlap is used, a given pixel is segmented several times (as long as it falls in the sliding window). Then, we obtain several segmentation values for the same pixel. The final segmentation value assigned to the pixel corresponds to the average of all the segmentation values computed from the contributing sliding windows.

      

    

  
    
      Fig. 12 
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        Morphological reconstruction is a method that computes shapes from marked pixels called seeds. (a) We first compute the seeds using the intersection between the segmentation results and the ground truth. (b) We use the intersection pixels as seeds (see the red seeds in the bottom left corner). (c) We apply the reconstruction to obtain the filaments with at least one seed.

      

    

  
    
      Fig. 13 
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        Dice curve evolution of schemes reported in Fig. 14 are displayed over the first 30 epochs in training (continued lines) and validation (dashed lines) steps, at classification threshold values 0.8, 0.6, 0.4, and 0.2. The displayed curves are aligned with the results deduced from BCE curves, where close performances were obtained with initial learning-rate values of 10−4,10−3, and 10−2, and a poorer performance is obtained for schemes with a learning-rate value of 10−5. The highest dice score is reported for UNet++[10−3] (purple), and the lowest performance corresponds to the UNet[l0−5] scheme, (red) especially at thresholds 0.2 and 0.4. Similar to the BCE curves and for all displayed schemes, a plateau regime is reached within the first ten epochs.

      

    

  
    
      Fig. 14 
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        BCE evolution over the first 30 epochs in training (continued lines) and validation (dashed lines) steps. UNet++[10−2] schemes is removed as its corresponding BCE diverged. The displayed schemes show similar performances. Models with a learning-rate value of 10−5 resulted in higher BCEs. The lowest error is reported for UNet++[10−3] (purple), and the highest error corresponds to the UNet[10−5] scheme (red). A plateau regime is reached within the first ten epochs for all models, which confirms the rapid convergence of the UNet-based networks.

      

    

  
    
      Fig. 15 
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        P–R curves of the schemes reported in Fig. 14, computed on the segmented removed zones (top) and the full Galactic plane (bottom). (a) P–R curves computed on the segmented 350.3–353.5°, which corresponds to the dense region that was removed from the patches data set. (b) P–R curves computed on the segmented 166.1–168.3°, which corresponds to the sparse region that we removed from the patches data set. (c) P–R curves computed on the full segmented Galactic plane. Unlike in Fig. 15b, P–R curves obtained on the latter are close to those obtained in Fig. 15a.

      

    

  
    
      Fig. 16 
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        Segmented maps obtained for the models analyzed in Fig. 14, zooming in on a part of the two regions that was removed from the training namely, the l = 166.1–168.3° (top) and l = 350.3–353.5° (bottom; see the red zones identified in Fig. 3). The segmented images are displayed in the range [0,1] representing the classification value according to which a pixel belongs to the filament class. For each region, the first row shows results of the UNet segmentation, and the second row shows results of the UNet++ segmentation with initial learning-rate values of 103 (left), 10−4 to 10−5 (right). The UNet++ with a learning rate of 10−2 is not presented because of diverging results (see Sect. 4.1). The [image: equation] is shown at this position for each region. The regions are 0.45° × 0.45 ° wide.

      

    

  
    
      Table 6 

      Training time.

      
        


	Model
	Training time (h)





	UNet[10–2]
	2.08



	UNet[10–3]
	2.23



	UNet[10–4]
	2.19



	UNet[10–5]
	2.17



	UNet++[10–3]
	3.22



	UNet++[10–4]
	2.79



	UNet++[10–5]
	2.73





      

      
Notes. Training time in hours for the schemes reported in Fig. 14. The shortest (longest) training time, in blue (red), is achieved by UNet[10–2] (UNet++[10–3]).




    

  
    
      Fig. A.1 
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        Four sources of missing data. (a) Example of a complex boundary due to satellite scanning. (b) Example of a noisy pattern inside the column density map (in log scale) due to the satellite scan. (c) Saturated pixels. (d) Example of structured artifacts built by the mapping process.
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