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Abstract: Focusing on the problem of difficulty in matching due to the differences in imaging modality,
time phases, and resolutions of cross modality remote sensing images, a new deep learning feature
matching method named CMM-Net is proposed. First, a convolutional neural network is used to extract
high-dimensional feature maps of the cross modality remote sensing images. The key points are selected
according to the conditions that both the channel maximum and local maximum are met, and the 512-
dimensional descriptors in corresponding location are extracted on the feature map to complete the feature
extraction, In the matching stage. after completing the fast-nearest neighbor searching, in order to solve
the problem of lots of mismatched points, a purification algorithm with dynamic adaptive Euclidean
distance and RANSAC constraints is proposed to ensure that the mismatches are effectively eliminated
while retaining the correct matches. The algorithm was tested using multiple sets of cross modality remote
sensing images and compared with other algorithms. The results show that the proposed algorithm has the
ability to extract similar scale invariant features in cross modality images, and has strong adaptability and
robustness.
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Fig.1 The neural network structure
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Fig.2 Examples of training data
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Fig.4 Image data for feature invariance test
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Tab.3 Matching results

205 1D 1 2 3 4 5 6

NCM 97 31 255 68 208 197
NTP 413 105 479 184 467 492
CMM-Net SR/(%) 23 30 53 37 41 40
RMSE 2.07 2.02 1.92 1.97 191 1.87
W /s 6.8 84 56 3.3 3.1 3.4
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NTP 75 38 26 129 213 98
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RMSE 1.75 — — 1.86  1.39 1.64

FERE/s 35 38 30 26 24 25
NCM 127 0 141 121 336 342
NTP 539 336 436 385 1232 1094
RIFT SR/(%) 23 0 32 31 27 31
RMSE 1.737  —  3.24 1.091 1.856 1.120
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Fig.12 Matching results of GF-3 SAR image & ZY-3 image(Group 2)
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