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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 (SLAM). 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 UAVs 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. It 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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Fig.1 Development context and research framework of autonomous localization technology for unmanned aerial vehi-

cles in complex low-altitude environments

1 R=HEIEREEBREREH

1.1 GNSS3#EIESRHK
GNSS Al LAy 4 R P 48 434 R A 42 K INF % W8 A B2 5 067 5 it R4 15 (Positioning , navigation and



594 R EB L Journal of Data Acquisition and Processing Vol. 41, No. 2, 2026

timing, PNT) IR 45 , 76 3¢ i 3z i AR ARl K SO A5 T G A B2 e L Fl T o B SR e e s
B A SR R A AR o AR YR T B ) B AL R GNSS (9 TAE R 2R T
WOk A £ 250 (BDS,GPS, GLONASS, Galileo) 102 S i 5 5 , il 1 Ml 2 15 5 4% 3% i 18] 1 55 O B, 20F
00 5 B2 WL = 27 B o SR, GNSS A 5 M 1 T 24 20 200 km 119 T3 2 1% % 25 H w2 WL e L 15
SO AR M S, MR I FR A — 130~—160 dBm i % X Rl E A 945 S e 55 11 15 GNSS &4
W 5y 3% B 45 S 58 L R 152, 5 BOE (PR RE 835 T R L 2 58 2 R AL

MR GNSS {55 32 f i f 2 3, TR IR 3R B 0] 40 0y 58 A0 1R 3R B 5 05 SR AL BRBE R 2K sk 1
FiR o o6 AdE Ik B R4 T RS 5 58 2 Rk BIAHNL A 5, FEAH (1) FNHEE, R AL g5 N
WO N R R (2) MR 5K FIE, kg 5 Ak BOK FAER R 5 (3) BT 5
J2 SR O TR A 5 X5 (4) 98 PR D X, A7 7 R I SR TR IR A R I 5 5 B IR B )
& GNSS 55 Bl FR A F 0 AH T4 28 TR R 3R 3 380E 0K B2 5T Sk i 3 N 3 5t

F1 GNSSHEIES5RURESE

Table 1 GNSS rejection and degraded environment classification

K SR I 5 {55 Rk 5 VLB W)
ENIRBERF N ) 7 5 52 4z BHL T
SEAE Ik T BB (BT I LK) (FREP e S TEIERE AT, 5 58 4 MO AR S 5L
5 TP X ORI L) R Pkl
BT e A (i AR ST ) S S ERE A TR U] 53 A 3R A , 5 (K5 B2 B8
o R TS e (RR AR MR ) R -2 19 & e 5 I K B
MRk /528 T J5 i 3 T UL R BCRR I, 52 A3+ BT
WG TP (L 72 X)) A/ 3 T g sl 1) R 0L

MR 3 5% 1 BE 43 Bt , o AN HILLE SRAT 30T S0AG AR SRR AG DN L 2 D9 000 LA B A A7 55 26 A 55 I, O 3
21 GNSS {5 SRR S A Ve o X AP A5 5 T BE A9 I 28 28 S Pk X JE AL A E AL R G il 1™ IR
PR, 30 D)5 B R RE A TEAE 1k /1B Ak S A PR T 4R AR E AL AR T &

1.2 #ip=iBUE

P B FR G R A5 O TE A ML AL = i SRR S L 5 LA S5 A 5 8 R S A e AL 5 Y IR
W "o A S 25 R 5 D )42 B A TR A T B, W AT A AR D S R R T R L AR M 3 2 TR R
F¥ 9], 36 3 AR A R B B2 g W Ok il B AR ) = R 0 S o AR, L A2 A ) AR e A A e A
SN o TR BRSO o A L AR G B A AR PR RE IR AL, T BT BOR BE R R L A S8 e KA. MR
PR 355 DR 3R 08 W JRU A B B0 TLART 249 SRR S i AL, A 8 1R AL PR R AT U 8 LR 2

B 1RO AR SR GBI PR I . X B 2R IR AR s o B L R 9 SR (V5
) o IXUE PR B AROR TR TR EE AN AR VR AR B0 AR AR IO R 5 EOUL B AR AIE Y 53 1 ke Ok
A 1 X RE 0T W I 51 A i s A A S R ) R U

55 2RI LUK 5 ) S8 A S B LTI A PRI . H— Dy 55 S0 HE al E A2 4 BRPR T, A0 T K T
Vb (5 S B DA KR T AR A A S AR G (SR SCEE) o T DR R R S A R A T T B
T A R AL IS 2 D0 DS REAE A1 W A T AR L T 51 e DT R U . o s S G P R B e
2% BRI AR 23 A 3 S b B B RS BT N A R R L R T LB ST AM B K
SR S A, 5 R R B B AN AR KA o L Y ] AR R



HFMHE FARMERETAANA ZELEZARAFR R 595

MR FH 5 F B 43 Br L TE AN HILAESAA T 30 T 260 A7 2 A 0 5 3 RS T 454 55 B, R AT Il GNSS {5 5
P96 1k AR AR T AR B2 D7 b R 58 IR BE 9 2 A5 U4 o 33 ol 00 B L I 2% A2 % e A A R M (DA T R iR
S I AR ) LA B 2 R AL R A T B 2 T SR — L T R G S S T AR G DR R
M T8 IV 2 A IR I G i e AR
1.3 BRESMER

BEE S L 2R G A X 3 B 5 A R Y 2R B R M S A R S R S B R BT T
F AR R B R o SR, P T AR AL SRS S T ORE  Hb AE AE T  DRR 2  M E AE R 5 SE TN
F K BB /INR 25 76 I R FR o3 2k AR P RS O, T BT AL A 2 R B TR AS BT R R 2 LSRR
Sy MR RSB G . U HAE KT RE AT S Z AL AR AE R AR S Y 1R 25 0 R R B
e, ) 24 o Sy R R AE e I 2 T S ok A R L AR S DR DO — S BE AL A R 4
ANEEZ LY W 0 — R T M2 U RS- FE A LRSI R B ENREER. B
TR, BE IR i 2 S SO AN T 58 2 W I 100 30T (U2 M3, 1T 5 | A EE 0 0 1) A B85 1R 22, T8 i AN 77
TE 7K I B2 o0 3 32 R A7 8 15 2 0 Rp 82 RS 5 o sk 2 2 g ) B Sy 4%, A 3o B R 7 8 A R o3 oo A PR
W SRR 3 A A S e [ P ¥ T KB 1S 1T 5 R R M AR AR

TEAR (R FREE b 08 3 1 B GNSS A5 A0 1E 7 AR 18] gl ) Y B05T & R B, R GE T IMU 3 4fi 45
R AR S T 1 e L I ISR S TN 5 L, R B A LR Sl S L S AR S AN R R A M e LA R
B LR G 22, 9 i — 28 T B0 E T 0T R0 PR A L M & A B 25 1 R A — R 43R Ak R A
1.4 ZHERBIREREZID

R AT B, TR S AR 1 50 7 57 3R A0 S5 AR S AV RS 4 ) DS [ AR B X TS A HIL R A
A 7 K4 SR o SR, E SR IR IR T, 1A 3SR A I R A R R AR A I B, MR LA = 58 B A
AR XLREN TSRS R ZHERE TS XME SRR IIGIRNREHIRE
P4 5 T R, S 1 249 24 10 G AMLAE IR R B8 T 1 32 Sk e Ao A% O xR

523 10 FH 3 3 DR HG 245 ) 285 40 194 0 % 1 R Rl B 5 1) 22 R 0 R 2 VRR B T B 5 o L 1Y) o0 i
Yl WP 2R o AHLAE AT o AR v T A 0 R 2 b S i R Al PR - AR I T e Ay DO, R R R

gAT-2 SAT.3

- i} Ry
O TR SAIEL ;ﬁé =5 I & e ® WATHE
+ ST R & - & - SO SO A AR
B Y 5 R A bmZE SEET
- SERUHIRES /5 2R AT AN SR S S C_RWAES G 4RI B
£ GNSSHiIEARJLEH e \
@ it AR L ® A ; @ ZEREHARON
E N / | * GNSSAKBliINSTERIE &
* BB B AR BRI D edodsgl ! :gsiﬁ;ﬁiﬁﬁgﬁ
- BURZERER ) RBUK Loo--mTTT N e o= LT LRI iR AE—
.;%iﬁﬁliﬁ; : 5 LOME ARGt AR
- ' A\ ST S

T RS

N VETCNOTG] i R E—

DLSEIE A X 5 ST X HiRE TR i< 7
B2 B dils XA 7 1 22 IR B 1 22 S L RE i)

Fig.2 Multi-source mixed errors in complex low-altitude environments and their impacts
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ARSI A B R T, A58 VT C 5 A 0 o 7 AL AR A PR S T A A PR =2 1] 8 0 56 R
K SEBUEA o BUA L BE VT E S 007 15 2 BRI 0 O 32 T MR R R B U5 1k R TR R AR AR VS IC Y 5
VAR HE T EMR TR T o LUTORE 2 Bl 03X 3 28 75 12 AT 58 o i 5 R e s BEA T 2554



HPE FALMERETAANG EELHE AR R 597

2.1.1 Bftkrik

PG B8 7 1 2 o Sl g FH 1 T T R 0 o7 1) — 2R 28 LR I 2, A O AR TR PR
AR I G AR Ay A 1 R 30 2o 38 B4 Jmy BUm) PR SR R AIE , 761 A 1 B T 1Y T 5 RV B A0 P v G R e AL B
A G, T HE W TC A BL A R BOh B 8, B R B A 4 s .

HWAER DRBERFAES IR 2R/ R A B 5452 2,
[(ﬂﬁ)\fﬂwﬂﬁ/ﬂg) i—’[ (CNN/’I‘ransformer)H BN ]_F 2l ﬁ%@mﬁ%&]
ZHREEE S %&ﬂl:ﬁiu FHE2A ) 5 R AR AT SR
~ ~
University-1652%#E 4 (

r N
B f- o=
22 : . FHE
BERRZES] . SIS LR L {R) 2,=Pool(f1D)|z) )
exp(z;2'/7) B

L,=log H ER I RHE S )

L ENETETEE T ! exp(z,2 /1) + L, exp(z;2,/7) ( FSRAJT¥ |
z, .,
f VIGROJ7 ¥ .(:‘o . 15 .
b. b — - -4
‘0 T Attn(Q,K, V)—softmax(Q ‘/—)V )
N ER 8
h |f| p ZHARHERLE T S4B,
BRARE || MCCG7¥ |
EHII B -
BHE || DEGE | MO opppm N
[ Q*=argpind(z, 7,) ] O~ Zn = (2o Zas]) E
L , )] | mm J i3

B4 FBIERIERE

Fig.4 Schematic diagram of image retrieval methods

X F %207, Zheng 2R T University-1652 804 45 , X 2 1 KWK 29 2 TR TC AL
b B RS A . B R R T A R T2 BT R 1 652 R A, R i 5T Ik IR, S FE A
LT 55 - o AHLIEMG-TL R BRAG R E 7 H bs 5T A TR R -TE AHLIEHR i . A &[] B 3 o Xof
B A 2 A7 508 0 B 00 AR BRI B 5 5 0 2 o) BUS T R R B . Dai &R T — R LT Trans-
former FY 45 AIF 4 1 A1 X 806 57 (FSRA) J7 5 413 22 00 1 L 2237 5 19 5 AHLOL A M B 2 07 . Shi %55l
it Al A TR RS S LR G R RO, i — PR T T B A R T ek
2.1.2 4AEIE Bk

g i — A BT E KT EE  WF ST B T TR AR AR AR DC I A S AL . R TR E A
HL TG AN T35 b PR Hp it B0 35 R i 05 R HL A 38 7, SR I 3 ok R AAF DG i 8 57 19 0 TR T 1 56 7 56 &R e
J& 45 A VI 5 1 25 0] 4 A AHAILAR A0 K T35 i 1] s BRAE EL, Fl HH PP (Perspective-n-point ) o H A8 (A 57
SR TG ML PR 0 57 5 -

RS B R OF D PR 7 RO T T 9 AR Tl B A B S BUAR AR SR . Lowe 45R
Y STFT 530 3k 3 2o ) A R 4 () D S 0 RUBE AN AR 1 . SURF 3 2 Hessian % B (947 51 30 HE AT REAF 250
Rt FAST i i 1% 28 BF Ho ALl B 460 1 50 ORB 45 4 FAST £l %5 A e % BRIEF $f i
T BT AR R A B R S SRR L AR, 3k 28 vk AR O IR R B0 AR Ak KR A 25 S B
JE AR A5 5 2 5 T RAAE 9 B 2 M S DL TGRS T B BT R

W 2 BT/ T AR R VR J3E 2 > W K M 3 B 17 ) 3 A A T P B AR g 3 A5 R A D R 4
(R AN [R] , T 4 kg i DT 100 2 % 4 DT 2 R R DU IR OIS 2 L A I D JE T ik R T G B ARG I S R



598 R EB L Journal of Data Acquisition and Processing Vol. 41, No. 2, 2026

T 5 T B Bt 2 ) 22 AF S 30 1R A4 6] K B R 5 . Deetone 2548 Y SuperPoint %5 i it W] B T 56 6 A5
B A E AR T o Revaud 25 42 H (9 R2D 2, A AT S8 0% 10T 852 PR IE A DAL S e, of— 4R T 7 4%
AELER S 500 F 33 . Sarlin 2852 Y SuperGlue , #4453 1iF VT IE 7] 55 Ak S 0] £ 43 14 J5k A A% i 1] 5 52
BUIB A BT R 56 B AG 5 AE U RC S B o Xk T2 85 B2 VR )5 5 L Sun 2648 LoF TR 453 | 3 2 K1 %1
20 (4 Transformer 22 F4 52 B JCAG I 2% B9 VC B2, 40 18 5 BF 7% . Chen 232 1 ASpanFormer, # # 43 )2 11 &
JIHE SR B TC K I 2% VT 0 2% - A5 42 5 5 R 8 1R S, Wang 2557 2 Y #9 Efficient LoF TR Ui i 8 & 1%

F2 T ARG RE L AR AE IL BE 77 A X b

Table 2 Comparison of feature matching methods in UAYV visual localization

e Sk AFAy s LB e
SIFT™ 2004 RUJEE 2 [A) B ARLAS DU AVER JBE J7 1] 17 Pl 4 3 OB A 4 K
S—— FAST™ 2006 {5 Z I L AR £ A KR B
SURE" 2008 T3 &8 R PR 38 Hessian F O R AR IR
ORB"™ 2011 454 FAST K il 2% M iE%H; BRIEF 44 7 OCHE R IR
i B VG L SuperPoint™ 2018 A B RN W R A I 25 OB A 4 X
i 5 UG i D2-Net"” 2019 iy 380 s 3 A Al A 00 5 ol Ak OB i i i+ DR T
s 84 VE i R2D2" 2019 AL A RA] A VRIS AL R B - DT T
s 875 D it SuperGlue™ 2020 P 2 0 44 5 d AR A% i G Ak A DT L
T i UG i LightGlue™ 2023 JiE 5% {0 B 4 | (130 1 55 AL i A0 i 58wk K g DG i
SR N LoFTR™ 2021 ERES - WIS =W iy 1) oy DL P
WIE 2] E%AELR ASpanFormer™ 2022 SHETRET ity 3] oy IC P
A AEUCHL DeepMatcher™ 2024 % ] B BS54k Transformer S 581 g C iR
B AEPUE] Efficient LOFTR™ 2024 RA BB EA B H ity 3] 9y IC P
REE N OmniGlue™ 2024 F ] DinoV 2 #2 B EZ 4R AE ity 3] ¥ DC i
B AR VL DKM®" 2023 FE T A AR A 4 SR A% [l I D 2 b B UN
AL U RoMa"™ 2024 TN EG 5 AR Transformer fif i £§ it 3] 353 DG
ZAEPLE HomoMatcher™ 2025 FLF BN A T G B %5 DE it 2] 3t PE e
1. SRR SRR IR
18 1=
i) | [l j;zz::: e .
7R o i) - - : oftmax Expectation
f o Croppmgoan " M={(i, )
S ' _F or every coarse prediction (i,7) EM.
E 2. SRR BB Transformer 3. CHER
| _Flatten, LoFTR module N
L “ ATt ST — o] s
07| .o x a1 - DR
“ -.n}. P ' j.n% gg (i, Tg
a1 R ||EE
Positional Confidence matrix
encoding P.

5 LoF TRk i ™
Fig.5 LoFTR algorithm flowchart™



HHE FARMTRRETRAANE LELHARF TR 599

IR S4B B BB A ROR . X T34 VLR, Wang 2542 i) HomoMatcher & - 83 £ 31
F14) 78 5 DT TG0 S B 25 K5 BB 0 I G R 24k . Edstedt 2542 1 RoMa F FH 7 45 79 DINOv2 JE fift 4 %1 45 fiF
454 % H ConvNet 4 R¢AF A4 G REAE 4 7238, SR A Il I3 43 20 4 5 [l 07y 483 2R 12 31, R 48 T A s 2% 12
T VEE &k

HE T R RRAE DT AC AR, — SERIF ST T Bk — A 38 T 3 200 B P R (O HE 2R D R AR DT I 5 £
Y B RE A SC B A HLAE 0 PR A RS o X & g i B I R AR B T DR
P46 2% 5065 40 5 DT IGE B9 A HL S5 4 o Shi %85 ad VIGOR $idis 8 528 T 3 254 1 IX IR Ak 45 45
ST, Cui 2590 5 43 BE#KH = Je B 0k s BRSBTS B RS R K .

2.1.3 FERfH*

B Xt BB RSE BR 7 1% 08 S K B A2 5000 PR 4 % 23 55 SR R 2 B B AR A0 DG I 7 12k A S P 5 i i 3 o
T A AR BB, T A ke T B MR — 2 A Y 3k F R T B9 6 2 7 78 2 (Finding point with
image, FPI) . %877 ¥k (% 0 VAR < 3 53 KO AL [R5 A R it SRR AIF DG JC 1) 1% 48 B A, 422 3 0l TR
JEE B 22 I 45 o T 22 IR L 1000 5 0 A B RIS Hh s el R 49 X il b 38 A7 0, DT S 00 o 38 o =5 AR
L 3 i 2 0 E 7 . SRR R A3 WAME-FPI™ (OS-FPI™ M DCD-FPI®™, 33277 158 5 ¥ 15
£ 58 57 1) 18U Ak Ry $44 7 1] ] 5 ScAE 258 43 A1 FOI AT 55, 38 5 2 > e AHLIEMR 5 TR b 1B 22 1) A e =X s i)
X I OG R, 70 HE S P B b 35 AT B 52 A B T 0 S R IR 2 IR JC AL S s, o

ZR TR A T TR Hb T A R DE DT T A 1 R AL R OR &R T ik T R AR A UG A A
T AR T R T8 5 8, BRI AR TR AR S TRGE F M A AR

Xt T GG R 7 R T 5, FEAE 5 W0 AR 45 F 5 28 B0 Aotk 9 8 1, (H LA TR AT R T L 5 1o Y o
%257 1R 3E R A BE IR 1M1 55 O 60 M 3 ALk AR 50X I B B AR AL TR AR, TE vk SR AR B i LA R (E S
I S V7RG e AR T PR S PR 1 4 SR 5 R BE R . AN TR R R AR S 80 K R R
=, IR Z BRI TE AW 5 L S8 30 S B 3 8 00 1T G PR . R L, ERR R 5 vk BB Al A VR I e S i
Z2 40 T (1 6 3 X 3ol 7 2 KL 7 AR T LA 7 AR RS R AL R

T JR) TR AIE DT I A v LA R 0 L ART 29 T AT i R TR SC B R DRI AR A B E K
o AR TEBE VLA L AR Ak S BB A XIS, A5 5 SR R I B i BVC AR AL 5 [ E K B R A 4
IS DU EL B A R B = i 2 B i A SOF B SE RS AT A Rk R . BB AN O IR O AR AL 5 2R
RSB HUR ZAkBE 12 R .

FE TG S 5 0 8 67 J7 1k o TR b PR B ) o A WL S8 A ERE T — 2R 2R I R IR AR, A R
R BE TH AR S S 2 TR U T R AT . 5% G RS R R AE DT IE vk A B v 2 e T
R IAE I P AR 55 52 2% DG T 3ok A 38 Y B o 0 4 B 3 R I, B B i A R . R FE AR
ity 55 2 B | O P Bl e BE S AR R ZU R 3 50T A TR O B BRUE PEATS A T i — 2R AR T ROR BT 4
G 2B B LTy s — 2P ok RS .

2.2 3 SLAM S A

Mot SLAM T H A JE T AW KRB P SL B {25 R @0 ik 2 — REUOR
A A 35 /i (R0 o2 B AR ) A s (O £k 5 1l (1450 B T ROB e L iy o £ 5% DA O 22 /15 I 4] v 412 BRURR AIE
CAnffy i h SRl (R R B ) | 38 3 R AR VG E B B 4 A /IO BE R 25 SR AR TH AR AL 0 e, S0 3 S R
5 5 I i D00 3 5k 4 S O Ak A TE T g AR BR A TR S, R AT IR0 B AL A DAt O b 1 — SOPE | OF A AR B L
R 2 ol B 2 b 1R, 3R 3% LE TR R MEAILAE SLAM 7 ik L HE R



600 R EB L Journal of Data Acquisition and Processing Vol. 41, No. 2, 2026

®3 MESLAM S AREEZFETLE

Table 3 Comparison of main methods of visual SLAM navigation technology
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Qe R A A2 R R IR A SR — LR AR 2 B B R A8 AR ST S A9 A, T A X T R R A
S ITERA LA T 326
(1) 2% 2] el i AJUBE . Merrill 45 728 BT B2 D) 4% i 114 000 075 566 S 728 TR B R O 4 Jmi LB R i B



HHE FARMTRRETRAANE LELHARF TR 603

MR ZE 240, 005 IMU TRBU3 6 53R M, P25 & RANSAC 256 8 Al T 55 W 400 7] 5 56 36 L DA T 76 559 384
Jil ek /N 22 T 2 4R T Bl T e S i SlGE B HE— 5 BRI X A TR RO L 28 A 1R 1k
B,

(2) JUfT R R . Lin 250000 i RARAE 5 IMU 2 o) 55— 21 B X0 B3 10K il v, 76 4R 80 B
JUREOE R s 1S ] U5 B 48 S a6 A te e e S R0R .

(3) JE UL B R o8 RUBE o s /NSRS TR 55 S T BOREE R AT L, X H 3R CH b 0 BE T BT
PR AL R E . Hu % YE MSCKF w4 — e B 45 5L, 25 4 18R 00 4R 1k 5 40 B AE bR E o L
B = AR A A A A, B TE R R E T 5 Alberico 252 B HY 45 Ky T8 56 BB HE 4R A T S e R
SLA R R GANHI RS o e Ah, BIT-VIO LA Wil 3 —(E AR E 5 M6 SR KR 2 A 0 ROEE s 28 01 A%
PV DOGE Jafa s 43 e 5 b 022 (i 2548 A8 1 F F AR FER S0 2, R IR 00 B AL A0
3.1.2 ZAARSEHRLERELZLEE

AR 25 (] AR O AE T 0 TR A DA R 2 O A RS A el 28804k, DA R A 2 1R [ 1 4 o] A%
P {E 5 AN B0 G2 B, 3 26 56 5 R 2 B B 0 VIO 76 WIS 37 5 8 B9 2 kS — 2k

A e Al A R A TMIU S5 IR A R, Forster 2619778 SO(3) 42 H F T TRy, K5 19 56 Sl ot i) 463 14k 15
BUE4E N (AR, Av, Ap ), I 45 113 07 22386 e Sz — [ bias £8 1E . DRI-VINS il i1 fiff b A7 A A8 150 22 14 4% 5 45
AE Ak B ARG AN — B5045 A5 3% T 4, 35 22 T AL B s O s FET2 pF — 45 1 s s o5 HEA Al 2 B o A B
DL HIE B T SR T , R-VIO2 R A robocentric R A 25 0] 5 AR (5 A 0 ok, IR e & 4
2 B 23 B E DL T EUE RS VE S PTE RS A 0 B AL 5T B AR A 0 A A 1 00 A i — 2B
s L4 5 PR TR L R G — B ] R R Y 22 5 DES HE Z2 i HIDIR 25 /152 22 e E LA i 4k 1k
A — P ) A0 L 2 TR UL TR Y 5 PEBO Bk ZR K, WAL SR HLHRI B AL g — 7

FAE A% GE A e 5 1 2R G R A A T A T v L TR B 2% 2 BEORAE VIO i B8 DA AT B dk 9 516 50 w7 Ak
0 i s B T A i B R AR, e 4 B2 T B A AR T L % B TR R LA AR B LIRS i 221 i (15
O3, I AR E P, AR T 0, AT A S O I 5 A R e RS I A AT S e i T S —
Hb | T 0O 2 B S Y B 22 UL (R S ) O i A EKE 80 7 B HETT AR B

~ . 2 2 o 2
29, Bg=f; (I, u), mmH Tgeom “v , +H Fimy HV,‘+H2($)725 Hyﬂy (4)
x om - =

2 imu
e

Ao X, (al B AR ) He g 2 (5 B RS TE W7 19 52 0 58 59 A0 A8 B R 0 A5 — i, AN 8 B/ U 2
— 2, WL I S 0 4% i 2 20 A 72 Ak o e 35 A N 3 R 4 0

TE 2 33 iy 1 AT 5 R AT AL PR T BOHE SRR AR SEBE T AT He T A 40 R 32— St 3 LT %
BEFRRIE WS S B, 40 Code VIO 54 CVAE 5 B8 %8 IR B TR 45 g “ TR BERS ™, Tl Ik F50 00 S i 2
Vi 5 g B 7 2, (o 2 5T U B LA AT AR IR 2 A SR A B S LA 24 SR S T i o)
PRAEE T TR ST M AR AR 25 R R R RS I, Adaptive VIO 7E 2R 2% 3] W56 4 B B 5 B 5 IMU %
Tt , 76 7T B BB 40 5 DR I e 25 A sOMASL, I FH O A 285 SR I 1) 1 W T DA S B B BE R AE L A
P8 TR T 26 b M, WA IMIU bias FHE WTKF i B 26 56 v A DR 7 JB1 LA SR 6 e 700 R = R 2 ST L T
P 5 R 5 e 9K 30 1142 s AL, CU AHIN-VIO $i Hy 805 50 % 7 22 9 76 EKF v [ 38 157 I 5 43 7 L)
P2 THIB (b 3 5 E Ve AR VIO 5% W ) 4% pe 5 i 75 07 FH 0L 5 20 B 2% LA 260G 8 5 0 [l i o
IMO 2 5 1) B AR X 57 8% FE g f5 0 3 A 3 O PR B LA A T2 R | 7 SelfVIO /i 1 Wk i 31 o [
JEEOE =T AN SN



604 R EB L Journal of Data Acquisition and Processing Vol. 41, No. 2, 2026

R4 REFNHINRZEESTHEMMGITAE

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"
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Table 5 Summary of typical visual degradation types, enhancement strategies, and representative works
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