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Abstract: Aiming at the issue of poor stability of visual localization and mapping (SLAM) methods during dynamic low-
altitude flight of unmanned aerial vehicles (UAVs) in the absence of navigation signals, this paper proposes a UAV visual localiza-
tion method based on edge features, which generates the edge features by downsizing the traditional feature extraction algorithm and
finally completes the position estimation by nonlinear optimization. A convolutional neural network is employed to match edge fea-
tures between consecutive key frames, yielding an edge feature reprojection error function, and finally the position estimation is com-
pleted by nonlinear optimization. The experimental results demonstrate that compared to the state-of-the-art ORB-SLAM3 algo-
rithm, the proposed method reduces localization time by 31% on the dataset and improves localization accuracy by 15.04% in low-
texture scenes. Flight experiments further indicate a significant enhancement in the accuracy and stability of UAV localization.
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Fig.1 Algorithm block diagram
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Fig.2 Edge feature processing algorithm

2.1.1 ALAFIERIR

H JBAR R AR R TR LG 23 TR O
FURKBEARHIC R, YRR A EIE H Canny 11 2545
DBk HEAT AL B 300 25 AR I 4 BB 3 5 3 ok vy 30
TEUE UGS B SE Y, W AR .

m’+n’ L)

e 2 (1)

g,(m,n)=
2no?

Hr Cmon) GRS, HIKEMEGE R Z B E
KD f (m,n).

il FH Sobel(FH 31 S A% I 1) B B o3 B0 1) 55
- g At 2 R0 A 30 5 I B B RS A x Ry O
] b ARG S X B i W RS i B ) AR AL 38
I H AT DU TR 2 . BARA AT -

Gm,n)= \/g.(m.ny +g, (m.n)’

g, (m,n) @)
g.(m,n)

] 3(a) i Bl 22 ast i G A I I E A% 17 DA M 2 LA
EIME G RRE,, BORHB R T M (141 3b).

6 =arctan

(a) (b)
A3 R HE(a)#= Canny & Z A 45 R (b)
Fig.3 Original image (a) and Canny edge detection results (b)

A SRR A H /Y, EE R EAR R
5HAMBB R K E 2, FFBOGX R 2E, N
1M TGS 58 , ASSCR EE Canny (B A FE 58 )5
FHl Laplacian($735 7 J7) 5. -k S Robertes cross —
FOTEREEARTE R, PERELRINE 1 s,



2024 4F 11 H

E N OE B - 95 -

K1 3APHT e AR
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Fig.4 Two channels neural network structure
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Fig.6 Two channels neural network matching of keyframes
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