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Finding correspondence between multimodal images,
such as SAR and optical images, is a challenging task.
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Fig. 1 Outline of research on the proposed method of
finding corresponding points between multimodal images.

Using GANs as a preprocessing step before keypoint

matching, local correspondences are established for

multimodal image registration.
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Fig. 2 Training model structure of SAR-to-optical image

translation.

Keypoint Matching

3 REQFEN. 3 BICTIEShI-ERBFE ADD
SAR ER& MR LUNFPERELERHT S.

Fig. 3 Flow of the process. Trained G in Section 3 predicts

optical-like images (generated optical image) from input

SAR images.

4 “EROACRBEROH. FREORIHERAE,
FORIASRLENCLEEKRT S.
Fig. 4 Example of finding local correspondences of two
images. Each yellow line connects corresponding points.
Blue points mean that they do not have corresponding

points.
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6 MG EIPRDIER. PSNR REEDY—

SN LULEEE, BLUTSUURMIL—ADORAZEEE. PSNR  RIZHNT, BIELEER T BRSSO
fElE, EMS 26.198 dB(REE), 23.878 dB(EHITHRLIMEALY), LU  HIFBHIABL, BYDBRICZDORER

14.203 dB(REfE) THS.

Fig. 5 Example of the inputs and results. Input SAR images (left),

AEHSh TS,
Fig. 6 Results of keypoint matching. Indeed, no

output generated optical images through pix2pix trained model (center), local feature correspondences are extracted on a

and ground truth optical images (right). The PSNR values are 26.198 dB collapsed area in the worst PSNR case (bottom),

(top, the best case), 23.878 dB (middle, the closest one to the average)

and 14.203 dB (bottom, the worst case).
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but many corresponding points can be found in

the rest.
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Fig. 7 Average, standard deviation, and median of differences of each corresponding keypoint position. The red and blue

points show the results of DLSC[17] and our proposed method, respectively. The red and blue lines show their mean values.

In DLSC, the mean Average is 1.58 pixels, the mean Standard Deviation is 0.74 pixel, and the mean Median is 1.63 pixels. In

the proposed method, the mean Average is 0.45 pixel, the mean Standard Deviation is 0.39 pixel, and the mean Median is 0.35
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