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Parameter—free multi—scale feature fusion method for cross—view geolocation
GAN Rende, LI Jian

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: The core challenge of cross—view geolocation lies in effectively extracting stable and consistent features from images
captured at different viewpoints. However, establishing robust cross—view feature representations remains a critical and challenging
problem. Most existing approaches primarily enhance feature extraction via large—scale model architectures or complex attention
mechanisms. However, these methods struggle to meet real —time requirements while only learning single — granularity feature
representations, failing to enable models to capture multi—level information ranging from global scene layout to local details. To
achieve both real —time performance and advanced capabilities, this article proposes a parameter —free multi—scale feature fusion
network that overcomes the limitations of single—granularity features, enabling models to comprehensively capture scene complexity.
Additionally, this paper proposes a negative sample accumulation strategy that increases the number of negative samples without
consuming extra memory, thereby enhancing the model “s feature extraction capability. Experiments on the University — 1652
benchmark demonstrate that compared to current state —of —the —art methods, this proposed method not only achieves superior
performance but also reduces model parameters by 165. 21M and shortens inference time by 0. 412s, better meeting the real—time
requirements of cross—view geolocation.
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Fig. 1 Parameter—free multi—scale feature fusion framework for cross—view geolocation
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Fig. 2 Structure of multi—scale feature fusion networks
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Table 1 Comparison with different methods on the University—1652 dataset

Drone—Satellite Satellite—Drone
WRES FF BORSH M HEBLE]/ s

R@1/ % AP/% R@1/ % AP/%
FSRA Vit-S 52.01 0.316 84.51 86.71 88. 45 83.37
Safe—Net Vit-S 53.05 0.321 89. 12 91.10 92,87 88. 52
MCCG ConvNext—T 37.47 0.313 89. 64 91.32 94. 30 89.39
Sample4Geo ConvNext-B 87.57 0.363 92.65 93. 81 95. 14 91.39
CCR ConvNext-B 169. 09 0.416 92.54 93.78 95.15 91. 80
SRLN Swin-B 193.03 0.573 92.70 93.77 95. 14 91.97
AT ConvNext—T 27.82 0.161 92.96 94. 08 96. 01 92.31
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Fig. 3 Comparison of Top—1 retrieval results of different methods in Satellite—Drone tasks
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Table 2 Ablation experiments for optimal scale partitioning combinations

Drone—Satellite Satellite—Drone

FLRh AR AR 1x1 2x2 3x3 4x4 6X6

R@ 1/% AP/% R@1/% AP/%
v 76. 84 80.15 85.31 75. 69
vV Y 86. 43 88. 44 91.87 84.82
2 vV v 86.22 88.24 92.72 84.48
VvV 2 v v 86. 40 88. 46 93.15 85. 66
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2.4.2 AR A 7 fll ST 56

R T YA T VR A A LR A A R, AR
SCHFJRX L () T il S 6, 25 R L% 3, 7E SE b A 7Y
() Aty B AR URAS N 22 RUBEARPAIE Rl I 265 DL S R AR

PSSR | B — LB, I 288 P BT AT —
TERIERTY SR AT AR 1 B INAS SR H A A5
B, R DA R v 1 O P L £ PR 4

R3 FREHRAHREE

Table 3 Ablation experiments in different modules
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