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Deep Learning-based Keypoint Filtering for Remote Sensing Image
Registration

Jun-Young Sung”, Woo-Ju Lee”, and Seoung-Jun Oh”*

(o]
o1,

0]

2 =xdAe 44 BAF el dig 54 719 94 8 (Image Registration) ™ -‘4 F&sE 93 Jed 7k 43 2y

W2l DLKF (Deep Learning Keypoint Filtering)S Alt3tch 7]&9] 54 71wk 34 A% Fre 54 vl (Feature

Matching) @A BAGTh o] BJEE Fo]7] fote] £ =dAle 5%] “H%]O] %‘%9] FEE

= AL Ielst] EAF AE71AM A& 5AF TolA FREAA AEE AW dE s PEE Atk DLKF= 9%

AYE S8l d4Ad EARE 8A douA I F£E Zo]7] sl Fx2EY AAY 9-d EAAE

(Subsampling)® F/dS AHEet}h 3 JAF £ (Image Segmentation) S e Jx gz el S E‘r/‘] ELZ] “ﬂ A7 ]

© 9 A FA FEE AAS] Hs G HXE FE ZEhdTh DLKFY 4%

A AL s AMEle 71E EAA AE IS £29 ZJE}EE H]LE}“E} SIFT 7]%}
2.6

Abstract

In this paper, DLKF (Deep Learning Keypoint Filtering), the deep learning-based keypoint filtering method for the rapidization of
the image registration method for remote sensing images is proposed. The complexity of the conventional feature-based image
registration method arises during the feature matching step. To reduce this complexity, this paper proposes to filter only the keypoints
detected in the artificial structure among the keypoints detected in the keypoint detector by ensuring that the feature matching is
matched with the keypoints detected in the artificial structure of the image. For reducing the number of keypoints points as
preserving essential keypoints, we preserve keypoints adjacent to the boundaries of the artificial structure, and use reduced images,
and crop image patches overlapping to eliminate noise from the patch boundary as a result of the image segmentation method. the
proposed method improves the speed and accuracy of registration. To verify the performance of DLKF, the speed and accuracy of
the conventional keypoints extraction method were compared using the remote sensing image of KOMPSAT-3 satellite. Based on the
SIFT-based registration method, which is commonly used in households, the SURF-based registration method, which improved the
speed of the SIFT method, improved the speed by 2.6 times while reducing the number of keypoints by about 18%, but the accuracy
decreased from 3.42 to 5.43. Became. However, when the proposed method, DLKF, was used, the number of keypoints was reduced
by about 82%, improving the speed by about 20.5 times, while reducing the accuracy to 4.51.

Keyword: Computer Vision, Deep Learning, Image Registration, Remote Sensing Image, Image Segmentation
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Table 1. Calculation time of SIFT-based Registration method in overall
and matching phase

Size Total Time (s) | Match Time (s) | Time Rate (%)
1,000 x 1,000 21.73 21.06 96.89
2,000 x 2,000 315.18 312.28 99.07
4,000 x 4,000 3,473.50 3,462.34 99.67
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Table 2. Keypoint detection and feature matching results of SIFT and
SURF-based registration methods

Number of Matched Matching Rate
Keypoints Keypoints (%)

SIFT 424,998 105 0.05
SURF 349,308 74 0.04
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Fig. 1. The results of matching the features selected from the remote
sensing image with the SIFT-based registration
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Fig. 2. The architecture of the feature-based image Registration method, including DLKF
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Fig. 5. The keypoint filtering results for close keypoint to boundaries of artificial structure. (a) SIFT-based feature point detector results for the
input image, (b) The result of applying keypoint filtering to the input image
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Fig. 6. The keypoint filtering including image expansion results for close keypoint to boundaries of artificial structure. (a) SIFT-based keypoint
detector results for the input image, (b) Result of applying keypoint filtering including image dilation to the input image
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E 3. 97 EM} QAN Cf3H SIFT 7|8 &3 uh 9 B A{Z2l0| Z7}sl ko] Z3} b|T

— oH

Table 3. Companson of results of SIFT-based registration method for remote sensing images and method with subsampling added

y Number of Calculation
Methods N, RMS,,; | RMS; 50 quad BPP Shew Seat o} Keypoints Time (s)
SIFT 105 11.85 11.88 1.00 0.98 0.17 0.83 342 424,998 2,266.55
SIFT + Subsampling 97 12.68 12.77 1.00 0.92 0.18 0.88 3.64 136,069 244.85
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Flg 7 The result of structure segmentation
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Fig. 8. Comparison of patch crop methods. (a) Example of how to
crop patches without overlapping, (b) Example of how to crop over-
lapping patches
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Fig. 9. Comparison of structure segmentation results according to the
crop method. (a) The segmentation result of how to crop patches with-
out overlapping, (b) The segmentation result of how to crop over-
lapping patches
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Table 4. Performance comparison with the baseline method according to the addition of the proposed method.

Methods N4 RMS,, RMS; ¢ Pad BPP St S ot 10} Calculation Time (s)
SIFT 105 11.85 11.88 1.00 0.98 0.17 0.83 3.42 2,266.55
SIFT + Ours 1 9 382,546.97 433,120.55 1.00 0.98 0.52 0.96 104,066.21 34.86
SIFT + Ours 2 63 18.76 19.03 1.00 0.79 0.22 0.86 5.16 540.61
SIFT + Ours 3 73 21.65 21.80 1.00 0.94 0.23 0.90 5.90 102.20
SIFT + DLKF 73 16.02 16.26 1.00 0.91 0.22 0.98 4.51 110.66

¥ 5. DLKFE =&t SIFT 7|8t Xgt dhHat 7

|Z YeSel ¥s Hln

Table 5. Performance Comparison between SIFT-based registration methods with DLKF and the conventional methods.

veoss | N, | wis, [mvs,of £ | mee | s, ] s, [ o | Nemberof [ Calodaton ['Spoed Inprovemen
SIFT 105 11.85 | 11.88 1.00 0.98 0.17 0.83 3.42 424,998 2,266.55 100%
SURF 74 19.83 | 19.91 1.00 0.95 0.16 0.90 5.43 349,308 870.75 260%
SIFT + DLKF 73 16.02 | 16.26 1.00 0.91 0.22 0.98 4.51 76,532 110.66 2050%
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Fig. 10. The registration results of the conventional methods and SIFT-based registration methods with DLKF for images of KOMPSAT-3. (a)
Sensed image, (b) Reference image, (c) The mosaic image of reference images and result of SIFT-based registration methods, (d) The mosaic
image of reference images and result of SURF-based registration methods, () The mosaic image of reference images and result of SIFT-based
registration methods with DLKF
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