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Fig.2 Multi-source mixed errors in complex low-altitude environments and their impacts
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Table 3 Comparison of main methods of visual SLAM navigation technology
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Fig.7 Schematic diagram of observation organization and factor map modeling for visual inertial odometry™
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Table 4 Deep learning-assisted system modeling and uncertainty estimation methods
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Fig.8 Schematic diagram of the closed-loop optimization framework for learning-assisted visual inertial odometry™

5 R B, 5 — 2% O AT R A AR 2 T 2 > 1 s A 5 O B i, P58 48 LA Ui i 2 Al R
P g B LR SRR SR A SR 5B 56 Y  RAFT/RAF T-Stereo . DROID-SLAM 5 DPVO % J5 ¥ | 42
THAA 5 2 05 S I AR 7, A 55 SCH /P 02 B BRI B R A SR A5 38 U T (Segment any-
thing . grounding DINO) 1] 5 B 51 B 2 25 5 A% 8 15 DX, P IRl 8 0 00 95 ) L 3 e 57 fil i o ol {5
JE TR S A LA B O 2200 2048 A S A il

g5 LR TR A ) B A R g RS R R A T O R X — 5 1) Y OGBS AE Tl I 4% AR
VIO, i 78 T8 2 > % A8 J80 AT fige B AT 4% T IS A S 596 S I, AN 0 7 R LR 22 bt MRS A
T M R G AR S5 1 1 S T AR RE R A E AR 2L fE S 6 300 .



HHE F ARSI TRAANE LELRARFT LR 605

3.2 MEBHEREMEITSRAMIEE
3.2.1 MRBAGFT T EHhakd 5 IEHEER%

SRS PR b 59 03 O IR AL I8 ShBDRT AR R S Bl A T P AR IR Ak R EE s 0 0 55
W ) AT F P A R AE AR 55 R 22 R A S B TTA A B 5 R B RS R T L aR
b3 5 0 O T AR T 2 52 1% 2 0 B P 2 R i — O TR P R AN B AL O — R RLA )E B
X HAFULI AT 5 B, a0 2o A M B 1 3 A A ) S A R, n P 9 B R

K
Mono / Stereo || Feature | |]] Robust BA Keyframe ||| | Keyframe gﬁ'sg‘e ) .
camera tracking At ] Multi  [pabs . True
L Weight | l» L grouping Ksothicsi Selective || it
Regularization S Matchea | TYPOthesis —= o L positive
Pre | L[ factor momentum F fighed | fustering optimization i
MU integration I factor catins L DBoW2
i dnaipasl Bl D ik 2Rt

B9 FhAIREE N OLSE- B SLAM (£ 8 4b B AR 4t

Fig.9 Robust processing framework for vision-inertial SLAM in dynamic environments™’

TE U8 B AHE SR rp , m] R 1B Al 52 i Gt — 1000 0 A el POl B b o AR AR A R R D
A FRIEN v JHERT HE O H RS A R, DU B AT 5 O LT X

Kk:Pk\/:—lHkT(HkPm—lHkT+Rk)
ox,= K1, (5)
Pyu=I—KH)Py (I—KH,)" + K,R,K,

FAFWURE A VIO HE— 25K 08 57 A i 7 1 0t X0 A S DB D AU, ) 3 7 R o S e R i g L 5
5 38R HR R AL A3 fE R it LSS AR AR S O — Bk 2 T 5 o T — B LR A 1R 2 A 4 0 ok
BRIz 3 B O 15 B 4, 0 BE R I A BORUR o

TEDE AT B v B AR R BN Sh 3 2 5 SR B, nDRE B R PR U 25 O B R A R /S 2
W LAY AR pR AT AR

min | i (O1 L+ (1 ()1 ) (6)

1 p(+) Jy Huber 8% Cauchy %58 B A% , S i, 78 T R RRAF 57 iR AR AG I &5 51 1 38 0 R 3% . s T4t 2
R L0 R Gk b ORI 2 — il i i X5 a2 3 — SobE R B0 3 A X 7R A Ak H BRI STk, vl DL
D B R L AT 24 SO B B T e TR T3 S 3 R R e v Y sr R L el R 22 B 1k B SO LT 4
RGBT, 51T HE 5 45 #4516 50 T 154 i v O3 4 5 45 an 5 =R ST T I D00 RS S TR AE - 28 Y — 2
PR AU BT, AT 165 P9 E R R 253 1] 45 55 0 B R84 o N B S S AR TR e R 2 B LI 4
WIS R, H AL RS /R )2 1 R AR B Mk R AR 8, ) Gn £ o7 T R S IMU B G
Al LR AR S T 38 4 3 0 AR UL, BT o 3 0K P JBE BN ) S N A

24 0] L 7™ H R A BT AN T A, 2 A I R A TR ) B — B YR B AR - SRR A PLAE
A5 HDR &1 F B & H, LB A M FF VIO 4 FHEUH VIO K HAR 2 1 4% H1 45 T 48, 43 %)
N2 4 29 R 3 5 X E A 56 I 5 e M e T O A A R TR AR R R e s IR TE 550 /R 55 A Ak
PF T AR R A S F 0 VIO Rl & nl 76 M 8 Ak b b 5 SO 24 o575 0 — 2 i, 2 K gl A A A
fuf A S v] AR AL L2 3030 S e b 5 IMU SR, 4R 3t 3 2 /DT I 5% 2 24 o LA BR A R 4 1

e R AE 3 58 2 1T, 2% ) R DT e 55 88 25 328 sh AT oM IR AR S5 4 R B9 UL R 25 B T T e R . Trans-
former VU g 75 55 20 PR 5% 7 45 2 PR b 5 B 4R 45 e b ) 1 W B AT T $ TS O IR 5 A LS AL T Y 4
TiF & HEPE BB 6 /U E Al AT 76 SR B B A A J& I b 98 3 2238 Sh A9 3, T IR JE SLAM/V O 75 558U B



606 R EBLE Journal of Data Acquisition and Processing Vol. 41, No. 2, 2026

GE Iz BN R TSR A R R A | ELAS VO VIO TS e s SR A B v 1 (e 5) . BN
P58 IR AL T A T 5 il B A R A A 24 SR B SR AR A ECR A O T RA R, S R A A SRR
55 Z RSN AN R 2 TR E |, Al A2 ST R AR B Tl F A 59 R B, AT AL BB A2 47 e Ak o il 5 iz A7

x5 HMBEMBRAER WERBERREIELS

Table 5 Summary of typical visual degradation types, enhancement strategies, and representative works
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A Review of Autonomous Localization Technologies for Unmanned Aerial Vehicles
in Complex Low-Altitude Environments

XU Yuelei"*?, WANG Xuanbin"**", XUE Shangjie"**, XU Jinhai'***

(1. Unmanned Systems Research Institute, Northwestern Polytechnical University, Xi’ an 710072, China; 2. School of Artificial
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Abstract: Complex low-altitude environments are typically characterized by the superposition of multi-
source interference, drastic variations in sensing conditions, and incomplete environmental information,
which collectively pose significant challenges to the continuity, reliability, and integrity of autonomous
localization for unmanned aerial vehicles (UAVs). In such scenarios, Global Navigation Satellite System
(GNSS) signals are prone to blockage and interference, visual perception suffers from weak textures,
dynamic disturbances, and abrupt illumination changes, and inertial measurements inevitably accumulate
long-term drift. The coupled degradation of these sensing modalities substantially undermines the stability
and robustness of localization systems. To address these challenges, this paper systematically reviews
representative types of degraded low-altitude environments and analyzes key technical bottlenecks under
multi-source hybrid interference, including visual feature loss, inertial error divergence, and satellite
positioning performance deterioration. Building upon this analysis, the developmental trajectory of vision-
based navigation and localization techniques for UAVs is comprehensively surveyed, covering visual
matching methods based on satellite signals or prior maps as well as recent advances in visual simultaneous
localization and mapping (SLLAM). Furthermore, visual-inertial fusion modeling and perception
enhancement strategies are summarized, highlighting their technical advantages in improving localization
accuracy and robustness. Subsequently, multi-sensor fusion navigation frameworks and robust fusion
strategies tailored for GNSS-denied or degraded environments are discussed, with particular emphasis on
collaborative modeling, degradation awareness, and integrity monitoring across heterogeneous modalities ,
including vision, inertial sensors, LiIDAR, and satellite positioning. Finally, the paper outlines future
directions for data-driven multimodal adaptive navigation methods, as well as the development trends of
lightweight and intelligent high-integrity navigation technologies for unmanned aerial vehicles. This survey
aims to provide a systematic reference for the research and engineering implementation of highly reliable
autonomous localization technologies for UAV's operating in complex low-altitude environments.
Highlights :

1. This work systematically reviews the mechanisms of UAV localization degradation induced by multiple
factors, including GNSS signal constraints, visual perception degradation, and inertial measurement drift,
and clarifies the sources and impacts of multi-source coupled errors in complex low-altitude environments.

2. Tt surveys the latest advances in UAV autonomous localization along three key technical routes: pure
visual localization, visual-inertial localization, and multi-source heterogeneous fusion localization.

3. Tt establishes a comprehensive technical framework spanning sensor degradation mechanisms to robust
multi-source fusion, providing systematic references and forward-looking insights for the research and
engineering application of highly reliable UAV autonomous localization in complex low-altitude
environments.
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