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1. Localization Process
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Figure 1. Indoor Localization Pipeline
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2. Methodology Detail
A. NetVLAD: Image Retrieval Accuracy

Image Convolutional Neural Network NetVLAD layer
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Figure 2. NetVLAD network, FC layer change to NetVLAD Layer
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Equation 1. Original VLAD descriptor (LEFT) and NetVLAD Descriptor (RIGHT)
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Figure 3-(a). 1F NetVLAD Train Parameter Figure 3-(b). B1 NetVLAD Train Parameter
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SuperPoint + SuperGlue: Matched Feature Accuracy
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Table1. Difference between 1F and B1 Parameter
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Figure 5-(a). Original (Matched Feature: 285EA)

Figure 5-(b). Histogram Eq. (Matched Feature: 327EA)

Figure 6-(a). Indoor Weight (Matched Feature: 254EA) Figure 6-(b). Outdoor Weight (Matched Feature: 332EA)

(Higher Matching Confidence with More Features)

C. Dense Map: Map Accuracy
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Figure 7-(a).

Sparse Map Feature Matched Figure 7-(b). Dense Map Feature Matched Figure 7-(c). Original Image
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C-2. People Extraction
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Figure 8. Point Cloud Submap with Noise (People)
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Figure 9. Point Cloud Submap without Noise (People)



C-3. Floor Extraction
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Figure 10. Floor Point Mismatched

Figure 11. Point Cloud with Floor Extraction



