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Survey on absolute visual localization techniques for low-altitude
unmanned aerial vehicles

YE Yibin'?*, CHEN Shuo'”, TENG Xichao'* , LI Zhang'”*, YANG Hongrui'?* , SONG Xiaokai'* , YU Qifeng'"
(1. College of Aerospace Science and Engineering, National University of Defense Technology, Changsha 410073, China;
2. Hunan Key Laboratory of Image Measurement and Vision Navigation, Changsha 410073, China)

Abstract; To address the critical need for autonomous navigation of low-altitude UAVs ( unmanned aerial vehicles) in GNSS ( global
navigation satellite system )-denied environments, a comprehensive survey was presented on absolute visual localization techniques based on a
" retrieval — matching — pose estimation" framework. Key challenges inherent to low-altitude UAV observations—including significant imaging
disparities, scale variations, and object occlusions—were analyzed, thereby elucidating the advantages of this hierarchical framework for large-
scale, long-endurance localization tasks. Subsequently, the technological evolution and state-of-the-art advancements across three core components
(cross-view image retrieval, pixel-level feature matching, and UAV pose estimation) were systematically reviewed, tracing the progression from
traditional handcrafted features to deep learning paradigms. Finally, considering the deployment requirements of onboard edge computing platforms ,
the limitations of existing technologies were discussed, and promising future research directions were outlined. This survey is intended to serve as a
valuable reference for both research and practical applications in absolute visual localization for low-altitude UAVs.
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Fig. 1 Comparasion of absolute visual localization under different observation conditions
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Fig.2 UAV absolute visual localization framework based on "retrieval — matching — pose estimation"
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Tab.3 Comparison of cross-view image retrieval datasets for unmanned aerial vehicles

AL AL AN 4k

bY€) RN 0y SEE KR (0 S DSM  RATEEE/m M Ys B
University-16521"°7 2020 {11 X PR x 121.5 ~256 7 P I —
VPAIR!" 2022 S 1 VvV BE OV 300 ~400 EM 2R —
SUES-200!"! 2023 S — X TE  x  150/200/250/300 £ Wl —
UAVD4L!™! 2024 Sih 1 vV iz vV 50 ~ 151 EZ Iy -

Multi-weather

Universi(1e] 2024 P x TR x 121.5 ~256 B2 0 S e~
niversity
DenseUAV!™! 2024 55t 1 Vv TE x 80/90/100 ETFH W 2f
UAV-VisLoc! ™/ 2024 325t — Vv TR x 400 ~2 000 ETH ZF ZF
GTA-UAV'™/ 2025 {1 % TR X 80 ~ 650 TIET®R Zf —
ComplexUAV'®! 2025 53R - Vv TR x 300 ~ 800 ZWfMm Zf 2R
Urban-500""" 2025 S5t — x TR x — LM W Sf
CVGL-RGBT''™*! 2025 ikt 1 X TE  x — Z0Mm WS SR
, fii s & ‘
AnyVisLoc'”! 2025 SRt 7 vV ELE vV 30 ~300 ZWf ZF ZF

x4 BUREGITEMEEL

Tab.4 Comparison of cross-view image matching datasets
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