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Abstract: In response to the potential failure of global positioning systems in disaster environments
and the degradation of visible light images, as well as the low success rate of traditional computer
vision-based relocalization algorithms due to insufficient image feature points, a semantic map-based
drone relocalization method for unmanned aerial vehicle (UAV) is proposed. This method relies on
RGB-D images to identify and construct landmark points in the disaster-affected environment. These
landmark points are then matched with prior maps to optimize and estimate the relative pose of the
drone. By reducing the suppression of the potential general object recognition capability within object
recognition networks, high-level feature points in the image are obtained, effectively addressing the
problem of difficult relocalization due to insufficient feature points. Building on the generalized object-
based reconstruction of landmark points, an efficient method for retrieving and matching these points is
proposed. Experimental results demonstrate that the approach can reconstruct a richer set of landmarks
in unknown environments and effectively utilize them for localization, compared to other object

recognition-based landmark point construction methods. In disaster scenarios with image degradation,
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this method exhibits higher recall rates and robustness than widely used image retrieval methods.

Key words : urban fire; UAV ;relocalization; semantic map; loop closure detection
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Fig. 1 Relocalization method for disaster environments
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Fig. 2 Generalized object recognition network framework
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Fig. 3 Relocalization method based on generalized objects
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Fig.4 Simulation scenario and smoke simulation effects
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Fig. 8 Single-drone multi-flight relocalization results
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Table 2 Relocalization accuracy in single-drone multi-flight experiments

TiH x J7 IR /m y Jr 1R 2 /m 2 J7 iR 2E/m DR /m JrliniR2z/(°)
X JHIT 0. 150+0. 331 0. 042+0. 099 0. 205+0. 340 0.279+0. 436 0. 707+0. 945
I JHJ I 0. 293+0. 396 0. 383+0. 599 0.072+0. 116 0. 520+0. 633 1. 587+1.725
XV 0. 036+0. 087 0. 175+0. 290 0. 097+0. 146 0. 210+0. 320 0. 526=0. 823
£l 0. 149+0. 348 0. 149+0. 412 0. 148+0. 288 0. 310+0. 507 0. 840+1. 360
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Fig. 9 Dual-drone relocalization results
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Table 3 Relocalization accuracy in dual-drone experiments

x Jr TR 22 /m y 7 1A iR 25 /m 277 1R 2% /m FEN R ZE/m J7 R 2E/(°)
0.128 0.035 0.519 0.536 1. 056
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