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A fast heterogeneous image retrieval method for UAV scene
matching and positioning

ZHANG Xiaoguo, LI Tianyu, SHI Zhihao, KUANG Yujin
(School of Instrument Science and Engineering, Southeast University, Nanjing 210096, China)

Abstract: The scene matching and positioning of Unmanned aerial vehicles (UAVs) are prone to mismatching
or even retrieval failure due to the differences in domain, observation angle and other factors between UAV
images and satellite reference images. To address this issue, a rapid cross-source image retrieval method based
on salient location features is proposed. Firstly, to solve the matching failure caused by scene and time
differences between UAV images and reference images, a salient position feature extraction module is designed,
which can extract more effective context information while reducing the computational complexity. Secondly, a
label smoothing loss function is introduced to enhance the generalization ability of the model. Finally, a
block-wise fine-tuning strategy is proposed to alleviate the overfitting problem of large models like vision
transformer (ViT) under limited training data conditions. The experimental results show that the proposed
method achieves 86.01% and 96.52% respectively in R@1 and R@5 on the DenseUAV dataset, and 76.04% in
mAP, which is improved by 5.83%, 3.53% and 9.49% respectively compared with ViT-S. The retrieval time for
a single image is 9.55 ms on the DenseUAV dataset, indicating the effectiveness of the proposed method in
UAV cross-source scene matching.
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Fig.4 UAV view of the dataset

Fig.5 Satellite view of the dataset
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Tab.2 Dense UAV dataset composition
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Tab.3 The impact of different improvement methods on
model performance

W 3 fis, 51 LSCE R BUE 1) R@1
MIR@S 43 BIHETE T 1.59 F10.56 AN 43 45, ML SPKA
BUR , KAL) R@1 1 R@S5 73514271 T 4.80 1 1.72
ANHEIT R BIAST GRS E— 24T T 031 F
0.16 MM HE Al HXLRIESS & I, R@1 Fl R@5
FIVEREST IARTE T 5.83 F12.53 INEAr . & ERTR,
ASCRRI P ITERA BE AR AT, e

Method R@1 R@5
Baseline 80.18%  93.99%
Baseline+LSCE 81.77%  94.55%
Baseline+SPKA 84.98% 95.71%
Baseline+tBW-FT 80.49% 94.15%
Baseline+tLSCE+SPKA+BW-FT 86.01% 96.52%

FHRT 25 1 R A4 RE o
%z 4 DenseUAV #IEE AR EMREXTLE

Tab.4 Performance comparison of different methods on DenseUAYV dataset

Method Params InferTime R@! R@5 mAP
ResNet50 278 M 10.20 ms 16.52% 39.30% 23.14%
EfficientNet-B3 141 M 23.40 ms 42.81% 64.52% 39.7%
EfficientNet-B5 323 M 33.85 ms 44.96% 67.78% 47.25%
ConvNext-T 30.1 M 8.45 ms 60.23% 81.94% 46.27%
DeiT-S 237M 9.60 ms 71.77% 89.70% 59.35%
PvTv2-B2 268 M 20.45 ms 77.99% 92.79% 67.76%
Swinv2-T 299M 19.25 ms 77.99% 92.49% 69.05%
ViT-S(Baseline)! 233 M 9.45 ms 80.18% 93.99% 69.45%
FSRA 260 M 10.55 ms 82.58% 94.94% 69.80%
LPN 26.0 M 10.60 ms 83.05% 94.89% 73.12%
SPNet(ours) 23.6 M 9.55 ms 86.01% 96.52% 76.04%
p— T RAFTA
B r@s
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80 -
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R@K/%
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X%
KBl 6 ARFEJTE R@K Frrxt Lk

Fig.6 Comparison of R@K indicators of different methods
T£ DenseUAV #dli4: |, SR R@K. mAP FlH
SR BRI [ A PR REPEAN Fadn , B A SR A ]
FF W% K& head B T A TRT L, SEERE, RNk
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EEAR T BB, H R@1 il R@5 53k E)
86.01%F1 96.52% , FHEL T HEUEAA (R@1 4 80.18%,

R@5 4 93.99% ) 735471 T 5.83 1 2.53 NE T AL,
mAP 5% 76.04%, MR TEMERAET T 6.59 MH
I3 K. [AIN, SPNet BUGKIE] Jy #HEBRIN A28 9.55 ms,
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Method BackBone R@! R@5
MSBA ResNet50 46.13% 64.22%
LPN ResNet50 32.43% 56.80%
SDPL ResNet50 7.08% 14.07%
LPN ViT-S 83.05% 94.89%
Baseline ViT-S 80.18% 93.99%
SPNet(Ours) ViT-S 86.01% 96.52%
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