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Triplet Interaction Mechanism in Cross-view Geo-localization

ZHOU Bowen, LI Yang, WANG Jiabao, MIAO Zhuang and ZHANG Rui

College of Command and Control Engineering , Army Engineering University of PLA, Nanjing 210007, China
Abstract Cross-view geo-localization refers to inferring the geographical location from images of different viewpoints, which is
usually viewed as an image retrieval task. However, most existing methods neglect the global position information and feature
completeness, which makes the model can not conducive to capturing deep semantic information. Additionally, the current two-di-
mensional interaction methods do not fully utilize the relationships between dimensions,leading to insufficient cross-dimensional
interaction. To address these issues,this paper designs a triplet interaction mechanism for cross-view geo-localization. This meth-
od uses ConvNeXt as the feature extraction network, followed by a proposed triplet interaction mechanism, for feature enrichment
operations. Finally,a joint loss function is utilized to guide model training. It performs multiple dimensional interactions within the
model , reducing the problem of information loss in the two-dimensional feature projection. The proposed method includes a triplet
interaction mechanism that uses different attention mechanisms in three channels, making the model robust to translations, scal-
ing.and rotations for different cross-view images. Experimental results demonstrate that the proposed method can significantly
outperforms other methods for both drone view localization and drone navigation tasks on University-1652 dataset.

Keywords Cross-view,Geo-localization, Interaction mechanism, Feature attention
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Table 2 Experimental data statistics
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Table 3 Comparison with state-of-the-art methods on University-1652
o %% BT BAER _FAREE PR
R@1/% AP/ % R@1/% AP/ %
Baselinel+ ACM MM 2020 ResNet-50 256 256 58.49 63.31 71.18 58.74
LPNC1] TCSVT 2021 ResNet-50 256 X 256 74.18 77.39 85.16 73.68
RK-Net(USAM) 2] TIP 2022 ResNet-50 256X 256 77.07 80.09 85.16 74.06
FSRAL0] TCSVT 2022 Vit-Transformer 256 X256 84.51 86.71 88. 45 83.37
sGmLsol IEEE Access 2022 Swin-Tiny 256X 256 82. 14 84.72 88.16 81. 81
MSBAL2¢] Remote Sens 2021 ResNet-50 256X 256 82.33 84.78 90.58 81.61
PAANL4 JRNAL 2022 SE-ResNet-50 256 X 256 84.51 86.78 91.01 82.28
DWDR!2] — Swin-B 256 X 256 86. 41 88.41 91. 30 86.02
MCCG?) TCSVT 2023 ConvNeXt 256 X 256 89.28 91.01 94. 29 89. 29
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OSNet-5) LGRS 2023 — 384384 84.79 87.07 93.15 84.93
MCCG? TCSVT 2023 ConvNeXt 384384 89. 64 91.32 94. 30 89. 39
Ours — ConvNeXt 384 X384 91.3941.75 92.78 4. 46 95.29 49,99 91.75 43 36
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Table 4 Results of TIM on different backbones
%
TAN—~TE TE—>F AN
B 2k
FERsAR R@1 AP R@1 AP
ResNet-101 72.36 76.10 86. 88 72.70
ResNet-101+ TIM 75.01 78.73 88.72 74.33
ConvNeXt-Tiny 89. 28 91.01 94. 29 89. 29
ConvNeXt-Tiny+ TIM 90. 24 91. 80 94.58 90. 85
ConvNeXt-Small 89.40 91.01 95.01 89.93

ConvNeXt-Small+ TIM 89. 84 91.40 95.01 90. 57
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Fig. 3 Accuracy of TIM on different backbones
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Table 5 Ablation experimental results of TIM

[€79)

b TAN—~TE T E—>K AN

- R@]1 AP R@]1 AP
TIM 90. 24 91. 80 94.58 90. 85
TIM w/o SE 88. 82 90.51 94.01 89.00
TIM w/o SK 89.13 90. 86 94.15 89.55
TIM w/o SE and SK 89.16 90. 83 93. 44 90. 37

A BB IR/

h T SEA [R) il A DR /I % A8 780 P B A 2 L AR SCBE B S
Fift iy A ROF #EAT S 56 I 5 R A BROBT RS E R AT HE AL, SE R &5
AN 4 PR,

950

945

940

Accuracy

935
930

o5l | - Ours S>D R@1 ¢/ [ Ours S>D R@1 «
1 - MCCG S—>D R@]| - MCCG S—>D R@1

880
224 256 320 384 512 224 256 320 384 512
Input size Input size

(@) TBAHLFAAE S5 19 R@1 5458 (b) Jo ABLFAUAT 55 (19 AP 545

920 94

915
91.0 ) // /\
905 /
I~ ~
900 | \/ /,r \\'
/'/
%
/ - Ours S>D R@1
-8~ MCCG S->D R@1
89

\\
\\l
- Ours S->D R@1
-8 MCCG S->D R@1
224 256 320 384 512 224 256 320 384 512

Input size Input size

©
@<

Accuracy
%
Accuracy
©
8

©
©°

895

89.0

©
=3

885 {/

880

() TAMLE AL 1 R@1 46 b5 (D TENHLRE LA S5 AP 1547

B4 5EH T ETEARR AR ST T 0
Fig. 4 Comparison with state-of-the-art methods with different

input sizes
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Table 6 Ablation experiments of loss functions
%
. EAN—~TE T E>FAM
Loss
© R@1 AP R@1 AP
Loss w/o Triple 67.99 72.18 79.03 66.65
Loss w/o CE 86.03 88.17 92. 44 86. 96
Total Loss 90. 24 91. 80 94.58 90. 85
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