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Abstract

UAYV visual repositioning technology is the core support for its autonomous navigation in GPS denial
environments, which is widely used in urban inspection, disaster rescue and other scenarios. How-
ever, the complex dynamic environment causes the traditional method to face challenges such as
high ambiguity in feature matching and large cumulative error in position solving. To address this,
this paper proposes a UAV camera relocation method based on image retrieval, which adopts an
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improved MobileNetV2 backbone network, combining a channel expansion-compression strategy
with depth-separable convolution and inverse residual module, to reduce the number of parameters
while retaining the key geometrical information; a global branch introduces a differentiable NetVLAD
layer to dynamically aggregate local features, and generates compact 4096-dimensional descriptors;
a local feature extraction branch introduces a local feature extraction branch to dynamically aggre-
gate local features, and generates compact 4096-dimensional descriptors. The global branch intro-
duces a differentiable NetVLAD layer to dynamically aggregate local features and generate compact
4096-dimensional descriptors; the local feature extraction branch designs a dual-decoder architec-
ture, uses sub-pixel convolution and dual cubic interpolation to achieve high-precision keypoint de-
tection and continuity descriptor generation, and combines with the graph-attention network to dy-
namically screen matching pairs with strong geometric consistency, and optimises the soft-matching
matrix iteratively through the Sinkhorn algorithm to reject low-confidence noise by an adaptive
thresholding. Experiments show that the algorithm significantly reduces the positional error under
complex conditions such as weak texture and dynamic occlusion.
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Figure 1. Model structure diagram
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Figure 2. Global search module

2. R RRIRE

NI HRS 2R, 2R SCRATRE 2 EEREAEER. 0P8N 1) BliES
AU $2 A% 2 AR 2) BRGREEEMEER . M TRAREERNT HxwxC, B

DOI: 10.12677/sea.2025.143062 706 B TR R


https://doi.org/10.12677/sea.2025.143062

ERi k7

NxN), bR RN Hx W < C* x N, THRIE AT 5 BB SRR H < W x Cx(N? +1), 24
M&ﬁﬁ@%ﬁmy@xNﬁo@%ﬁﬂ%ﬁﬁﬁ&%ﬁ%%%%ﬁ%ﬁ%ﬁ,@ﬁﬁ&ﬁ%%ﬁﬂ##
JEJEHEE S 4 S 2 R MR LE, IEOR B OCHRAE B R e 5 il .

4 JR RIS IS R SO ) NetVLAD J2, T I A v i 0] R iR E BN A 3826 Tl K ML
W 64 ), THEA TR N RFERRZE IIAURT, BEETE i 4425 iR 7 . M ELA% %8 VLAD [8], NetVLAD
a3 i 80ty ) A PO PR AR D T A R, A @ R TE AL B 0 RS S A R E . il —b Ik
AEAEETTES, NetVLAD ¥t FHNEEEE, BRHE4EE N 16,384 [ 4096, JH&bA 5B &g, LIH
BT A I = T RIS IA B SR IE AT, B N TARAE A . R THECRIER ZAE RT3 T, ff
REAE 0] 52 PO A o R PRI, SR BE B BAR SZARALLRE (R RO DU, 396 A2 T8 AN Ly SN 285 0 75 3K

3.2. HEBILED

JEyERULRC 7> 32 & FE S HR MR G il S HL R Bt iR 7, SEBLES PR AR R IT G . %0 SC L=
TR SR RIS HE T RS AR S UL I g K 6], sl 3 BT

FeEE SRS B

JEHE K AR 2%

g o TET )|
L2N |
SEie

|
|
|
|
(.
| &
|
| &
|2
E
|
|
|
|
|
—_—d
“‘iﬂ

D
e it i 1

Figure 3. Local matching module
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Figure 4. Relative positional regression network
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Table 1. Localization performance of different methods on seven scenarios of the 7-Scenes dataset

% 1. AREIFFETE 7-Scenes BIEE 7 MAm ERIERIMERE

Y%t CamNet PoseNet NN-Net Ours
Chess 0.16 m, 7.61° 0.32 m, 8.12° 0.13 m, 6.46° 0.12m, 5.41°
Fire 0.11 m, 6.32° 0.47 m, 14.4° 0.26 m, 12.72° 0.10 m, 9.88°
Heads 0.25m, 8.71° 0.29 m, 12.0° 0.14 m, 12.34° 0.12m, 11.74°
Office 0.19m, 11.95° 0.48 m, 7.68° 0.21 m, 7.35° 0.16 m, 8.42°
Pumpkin 0.25 m, 9.35° 0.47 m, 8.42° 0.24 m, 6.35° 0.23 m, 6.21°
RedKitchen 0.19 m, 7.45° 0.59 m, 8.64° 0.24 m, 8.03° 0.20 m, 7.13°
Stairs 0.23 m, 8.56° 0.47 m, 13.8° 0.27 m, 11.82° 0.21 m, 7.22°
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Figure 5. Visualization of the positioning accuracy of the Redkitchen-seq-12 scene (the green path represents the actual camera
motion trajectory, and the red path presents the algorithm’s output of the 6-DOF position estimation results)
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Table 2. Comparison of the number of model parameters and inference speed of different methods

F 2. NEFENRESHESHEIBRE L

Jrid: ZHEM) HEFLIE E (ms)
CamNet 7.21 48
PoseNet 64.28 103
NN-Net 33.29 62

Ours 7.01 35
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