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Abstract Remote sensing satellites commonly use synthetic aperture radar (SAR) and visible light imaging. SAR
and visible image data fusion have become an important research field of remote sensing owing to their high
complementarity in imaging information. The accuracy of obtaining ground control points is directly influenced by
the performance of a heterogeneous data matching algorithm. There are two methods of matching algorithms: two-
stage and one-stage. The existing two-stage method is difficult to adapt to remote sensing images with complex
terrain and it cannot meet the actual engineering needs in terms of speed, while the one-stage method meets the
requirements in terms of speed but lacks in accuracy. To solve this problem, an end-to-end high-precision
heterologous remote sensing image matching algorithm based on a residual pseudo-twin convolution cross-correlation

network has been proposed. By constructing a pseudo twin network based on residual layer, the proposed algorithm
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performs convolution cross-correlation operation on the extracted features of SAR and visible images, so as to realize
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heterogeneous remote sensing image matching. The results show that this algorithm considerably improves the

matching accuracy between SAR and visible images, maintaining a high speed and laying the foundation for the
engineering applications of depth learning methods in large-scale heterogeneous remote sensing image matching
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Fig. 1 Structure of residual pseudo-siamese convolution cross-correlation network
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Fig. 2 Heat map of inference results for different networks in different terrains
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Table 1 Quality of corresponding normalized heat map and 1.2 distance error of inference result in Fig. 2

Terrain Evaluating indicator ~ PSiamNet (¢)  Adapted HardNet (d) ~ CorASLNet (e) RPSCCNet (f)
Forest Heatmap quality 2862. 88 11939. 88 0.27 28.14
(1) 1.2 distance /pixel 1.00 6.08 0. 00 2.00
Urban Area Heatmap quality 11379.40 13830. 62 7.08 11.78
(2) L2 distance /pixel 3.00 4.24 0. 00 0. 00
Farmland Heatmap quality 17970. 94 15000. 8073 60.99 27.42
(3) 1.2 distance /pixel 4.47 5.00 45.69 2.00
River Heatmap quality 18175. 43 9731.15 1813. 56 32.71
(4) L2 distance /pixel 51.24 78.81 64.28 2. 00
Water Surface Heatmap quality 11373. 06 14464. 50 136. 06 41.58
(5) 1.2 distance /pixel 80. 60 66. 24 67.67 4.47
Gobi(flat) Heatmap quality 17252. 40 9498.53 474.13 54.71
(6) L2 distance /pixel 45.18 32.57 69.07 53.66
Gobi Heatmap quality 16796. 47 7643.43 27.01 27.87
(7) L2 distance /pixel 7.07 87.69 2.00 2.00
Hilly Area Heatmap quality 13250. 74 16251. 06 35.37 2. 66
(8) L2 distance /pixel 3.16 66.67 10. 00 0. 00
River valley Heatmap quality 4118.53 12901. 60 4.73 1.53
(9) 1.2 distance /pixel 3.00 8. 60 0.0 0. 00
Highland Heatmap quality 9106. 88 16033. 42 8.69 4.92
(10) .2 distance /pixel 1.00 29.83 0. 00 0. 00
Highland Heatmap quality 11021. 97 12959. 89 30.17 33.03
(11) 1.2 distance /pixel 9.21 63.97 2.00 2.00
Highland Heatmap quality 7603. 97 16355. 28 68.42 1.44
(12) L2 distance /pixel 5.00 86.37 84.85 0. 00
Highland Heatmap quality 8796.72 18123.40 0.39 2.86
(13) L2 distance /pixel 2.23 69.77 0. 00 0. 00
Highland Heatmap quality 13597. 99 12910. 65 0.93 4.24
(14) L2 distance /pixel 3.60 83.63 0. 00 0. 00
Highland Heatmap quality 5318. 50 15361. 87 0.48 2.00
(15) L2 distance /pixel 70. 17 74.81 0. 00 0. 00
Mean Value of Heatmap quality 11247.00 13532.41 177.88 18. 46
Mean Value of L2 distance /pixel 19.33 50. 95 23.03 4.54
Median Value of Heatmap quality 11373.49 13830. 62 27.01 11.78
Median Value of 1.2 distance /pixel 4.47 66. 24 2.00 0. 00
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Fig. 3 Heat map of middle layer features in RPSCCNet and heat map of result before Softmax operation for two networks
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Table 2 Matching accuracy and mean value of L2 distance of four methods in test set

Evaluating indicator RPSCCNet CorASLNet PSiamNet Adapted HardNet
Mean value of 1.2 distance /pixel 5.347 12.27 17. 86 35.03
ACC(L2<3 pixel) /% 91.03 79.65 55. 32 16.72
ACC(1.2<<2 pixel) /% 82.49 74.53 23. 04 6.01
ACC(L2<1 pixel) /% 55.49 52.47 6.50 1.75
ACC(L2=0 pixel) /% 17.37 17.02 0.00 0.00

3 pixel N Y L ] B 0% 3k F] T 91.03%, M i T
CorASLNet 1 79.65%, it & T PSiamNet
Adapted HardNet i 55.32% H1 16.72% . & 1fi 7
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Table 3 Performance comparison of four methods in Nvidia RTX 2080T1

Parameter RPSCCNet CorASLNet PSiamNet Adapted HardNet
Size of Network /MB 85. 40 4.96 41.00 5.16
FPS(Network) 82.88 183. 37 165. 46 364. 82
FPS(Single match) 82.88 183. 37 0.01 0.02
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