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A multimodal remote sensing image
matching network based on cross—attention mechanism

SHI Tianxin, CAO Fanzhi, HAN Kaiyang, DENG Xinpu, WANG Pu

(College of Electronic Science and Technology, National University of Defense Technology, Changsha 410073, China)

[ Abstract] Complex non-linear radiometric distortions and geometric deformations between multimodal remote sensing images
pose a significant challenge to image matching. As traditional methods generally use manually designed feature descriptors, it is
difficult to express deeper and more abstract features, and the matching results between images with large differences are poor. The
existing deep learning descriptors are not suitable for direct use in multimodal remote sensing image alignment and generally suffer
from low extraction of correct feature points and unstable alignment. To address the problems, the paper proposes a multimodal
remote sensing image matching network based on cross—attention mechanism. After that, the research takes advantage of phase
coherence to obtain more stable feature points, and the multi—modal image matching descriptor is learned by the cross-—attention
mechanism to realize the generalization training of neural networks on small data sets. Experimental results show that the proposed
algorithm performs well on publicly available multi-modal datasets and remains effective on other domains.
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b (x,y) =Y, Dor,(x,y)/E(x,y) (8)
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E(x,y) = J(Z Enleso(x,y))z +(Z Zn.rw(x, M) ’
(9)
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Fig. 1  Construction of multimodal image PC maps using phase

coherence
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Fig. 2 Flow chart of the algorithm in this paper
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Fig. 3  Extraction of feature points on PC graph using Fast

algorithm
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Tab. 1 Matching accuracy (ACC) of the five methods on the multimodal dataset %

Jr ARl RIFT HAPCG 3MRS DFM OUR
CrossSeason 12.60 6.93 13.09 24.66 25.67
daynight 20.16 5.24 20.11 40.00 41.66
DepthOptical 30.48 6.18 31.68 61.77 54.45
InfraredOptical 35.05 13.43 36.11 20.83 44.03
MapOptical 28.85 9.47 31.47 44.29 34.68
OpticalOptical 34.04 7.95 33.58 80.27 58.92
SAROptical 34.41 5.15 33.70 71.16 72.22

2N TARRIE S ARGk IR ik
TEVERCIEAf s B EXS e 2R, R 2 T DL,
AN RS A | A DC PE T A a0 AR SRR
PWs T iR ARCR IR E BT 2R B o a] Dl
Je5 Al IWOEIE RERCR A b

5 BRI AE 22K B L B DC JC IR 8] X HE 45
R 3, IWNF 3 AT Y AN IR R4 , A
SCRLIB TR E AL R ALY S T 4~1015, 5
DRIE 50 FE A R B 28 L AT AT PR 19328
T,

®2 SHAZESESHEE LNTREERINE(NCM)
Tab. 2 Number of correctly matched points ( NCM) of the five

methods on the multimodal dataset

iR RIFT HAPCG 3MRS DFM  OUR
CrossSeason 128 201 125 18 338
daynight 267 174 259 1 497
DepthOptical 393 271 488 10 831
InfraredOptical 352 471 347 3 412
MapOptical 392 403 488 2 328
OpticalOptical 469 256 446 146 919
SAROptical 390 211 352 12 480
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Tab. 3 Matching times ( RT) of the five methods on the
multimodal dataset
Ty RIFT HAPCG 3MRS DFM  OUR
CrossSeason 9.52 7.34 9.94 1.38 2.43
daynight 10.48 5.00 10.17 1.30 1.22

DepthOptical 11.10 6.12 12.79 1.58 1.49

InfraredOptical 7.23 4.63 6.79 1.52 1.27

MapOptical 11.65 6.26 13.05 1.84 1.39

OpticalOptical 10.02 4.46 9.92 1.73 1.27

SAROptical 8.57 5.60 7.96 1.96 1.56
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Tab. 4 Experimental results of this proposed algorithm on medical

multimodal data

o izt
ACC/ % NCM RT /s
MR_PET 13.00 26 0.52
PD_TI 97.31 400 0.30
PD_T2 98.49 504 0.27
Retina 61.36 1 688 3.70
SPECT_CT 23.53 51 0.49
T1_T2 99.10 522 0.29
FHME 65.47 532 0.93
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Fig. 5 Plot of matching accuracy of the five methods on the multimodal image matching dataset
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