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Fig. 1 Training of super-resolution DNN using local area 
patches (top), the process of super-resolution and finding 
corresponding points (middle), and an example of finding 

corresponding points and image registration (bottom).
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Fig. 2 Differences in appearance due to differences in spatial 
resolution. 

3   
 

 

Fig. 3 Process flow for estimating the appropriate spatial 
resolution for image registration. 
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Fig. 4 Training dataset generation process for a super-
resolution DNN for local region estimation, which performs by 

detecting keypoints and patch regions on the HR image and 
extracts patches as well as from the same regions in the LR 

image. 
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Fig. 5 Comparison of estimating corner and edge features. 
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Table. 1 Estimation error of the proposed method [pixel]. 

 

Table. 2 Estimation error of bicubic interpolation [pixel]. 

r [cm/pixel]
48 (x1) 24 (x2) 12 (x4) 8 (x6) 6 (x8) 4 (x12)

#01 35.16 11.21 20.83 13.61 FAIL FAIL
#02 99.15 43.45 9.295 3.87 FAIL FAIL
#03 96.61 16.62 17.35 32.42 FAIL FAIL
#04 FAIL 11.24 3.02 FAIL FAIL FAIL
#05 187.45 82.28 56.87 FAIL FAIL FAIL
#06 82.18 47.24 10.20 FAIL FAIL FAIL
#07 183.05 56.15 29.74 FAIL FAIL FAIL

Average 113.9 38.3 21.0 16.6

r [cm/pixel]
48 (x1) 24 (x2) 12 (x4) 8 (x6) 6 (x8) 4 (x12)

#01 35.16 84.03 58.69 119.68 FAIL FAIL
#02 99.15 21.40 50.85 25.75 FAIL FAIL
#03 96.61 144.72 20.09 27.90 FAIL FAIL
#04 FAIL 10.624 15.54 FAIL FAIL FAIL
#05 187.45 210.65 113.15 FAIL FAIL FAIL
#06 82.18 86.10 227.22 FAIL FAIL FAIL
#07 183.05 29.02 FAIL FAIL FAIL FAIL

Average 113.9 83.8 80.9 57.8

Fig. 6 LR and HR images used in evaluation experiments. 

Fig. 7 Generator and discriminator structures. 

128

12
8

128

12
8

Co
nv

 (
n6

4 
k3

 s
1)

B
N

Co
nv

 (
n1

28
 k

3 
s2

)

B
N

Co
nv

 (
n1

28
 k

3 
s1

)

BN

Co
nv

 (
n2

56
 k

3 
s2

)

BN

Co
nv

 (
n2

56
 k

3 
s1

)

BN

Co
nv

 (
n5

12
 k

3 
s2

)

BN

Co
nv

 (
n5

12
 k

3 
s1

)

BN

Co
nv

 (
n1

02
4 

k3
 s

2)

BN

Co
nv

 (
n1

02
4 

k3
 s

1)

B
N

Co
nv

 (
n1

02
4 

k3
 s

2)

B
N

Co
nv

 (
n1

02
4 

k3
 s

2)

Co
nv

 (
n1

02
4 

k3
 s

1)

B
N

B
N

Conv (n1024 k3 s1)

BN

Deconv (n1024 k3 s2)

BNC
onv (n1024 k3 s1)

B
N

D
econv (n1024 k3 s2)

C
oncatenation

B
N

C
onv (n1024 k3 s1)

B
N

D
econv (n1024 k3 s2)

C
oncatenation

B
N

Conv (n512 k3 s1)

B
N

D
econv (n256 k3 s2)

C
oncatenation

B
N

Conv (n256 k3 s1)

B
N

D
econv (n128 k3 s2)

Concatenation

B
N

Conv (n128 k3 s1)

B
N

D
econv (n64 k3 s2)

Concatenation

B
N

C
onv (n128 k3 s1)

BN

D
econv (n64 k3 s1)

C
oncatenation

BN

D
econv (n1 k3 s1)

Generator

C
on

v 
(n

32
 k

3 
s2

)

B
N

 &
 L

Re
LU

(0
.2

)

128

12
8

Co
nv

 (
n6

4 
k3

 s
2)

BN
 &

 L
Re

LU
(0

.2
)

Co
nv

 (
n1

28
 k

3 
s2

)

BN
 &

 L
Re

LU
(0

.2
)

Co
nv

 (
n2

56
 k

3 
s2

)

BN
 &

 L
Re

LU
(0

.2
)

Co
nv

 (
n2

56
 k

3 
s2

)

BN
 &

 L
Re

LU
(0

.2
)

Co
nv

 (
n2

56
 k

3 
s2

)

BN
 &

 L
Re

LU
(0

.2
)

Fu
lly

 C
on

ne
ct

io
n

Discriminator

True
or

False

Output

Input

Input
Output

-49-



  Vol.23, No.2, 2020 

 

 
JST CREST JPMJCR16E3 JSPS  

JP19J11514   

 

[1] : ;  (1990) 
[2] Jensen, John R. Introductory digital image process 
[3] sing: a remote sensing perspective 4th Edition; Prentice-

Hall Inc. (2016) 
[4] Le Moigne, Jacqueline, Nathan S. Netanyahu, and Roger 

D. Eastman, eds: Image registration for remote sensing; 
Cambridge University Press (2011) 

[5] N.Snavely, S.M.Seitz, R.Szeliski: Photo Tourism: 
Exploring Photo Collections in 3D; ACM Transactions on 
Graphics, Vol.25, pp.835-846 (2006) 

[6] Fonstad, M.A. and Dietrich, J.T. and Courville, B.C. and 
Jensen, J.L. and Carbonneau, P.E.: Topographic structure 
from motion: a new development in photogrammetric 
measurement; Earth surface processes and landforms., 38 
(4). pp.421-430, (2013) 

[7] Koyo Kobayashi, Hidehiko Shishido, Yoshinari Kameda, 
Itaru Kitahara: A Method to Collect Multi-view Images of 
High Importance Using Disaster Map and Crowdsourcing; 
Proceedings of The Second IEEE Workshop on Human-in-
the-loop Methods and Human Machine Collaboration in 
BigData (IEEE HMData2018), 3 pages, (2018.12). 

[8] Lowe D: Distinctive image features from scale-invariant 
keypoints; Int. Journal of Computer Vision. 60(2). pp.91-
110 (2004) 

[9] Huang, Shih-Ming, Ching-Chun Huang, and Cheng-Chuan 
Chou: Image registration among UAV image sequence and 
Google satellite image under quality mismatch; 12th 
International Conference on ITS Telecommunications. 
(2012) 

[10] Fan, B., Du, Y., Zhu, L., & Tang, Y.: The registration of 
UAV down-looking aerial images to satellite images with 
image entropy and edges; International Conference on 
Intelligent Robotics and Applications. Springer, Berlin, 
Heidelberg (2010) 

[11] Hisatoshi Toriya, Itaru Kitahara, Yuichi Ohta: Mobile 
Camera Localization Using Aerial-View Images; IPSJ 
Transactions on Computer Vision and Applications (CVA), 
Vol.6, pp.111-119 (2014.10) 

[12] S. A. K. Tareen, Z. Saleem: A comparative analysis of SIFT, 

SURF, KAZE, AKAZE, ORB, and BRISK; 2018 
International Conference on Computing, Mathematics and 
Engineering Technologies (iCoMET), Sukkur, pp. 1-10 
(2018) 

[13] Rublee, Ethan, Vincent Rabaud, Kurt Konolige, and Gary 
Bradski: ORB: An efficient alternative to SIFT or SURF; 
In 2011 International conference on computer vision, pp. 
2564-2571 (2011.9) 

[14] E. Rosten and T. Drummond: Machine learning for 
highspeed corner detection; In European Conference on 
Computer Vision, volume 1, (2006.1) 

[15] Fisher, M.A. and Bolles, R.C.: Random sample consensus: 
A paradigm for model fitting with applications to image 
analysis and automated cartography; Comm. ACM, Vol.24, 
pp.381–395 (1981). 

[16] Goodfellow, Ian, Jean Pouget-Abadie, Mehdi Mirza, Bing 
Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville, 
and Yoshua Bengio: Generative adversarial nets; In 
Advances in neural information processing systems, pp. 
2672-2680 (2014) 

[17] Ronneberger, Olaf, Philipp Fischer, and Thomas Brox: U-
net: Convolutional networks for biomedical image 
segmentation; In International Conference on Medical 
image computing and computer-assisted intervention, pp. 
234-241. Springer, Cham (2015) 

[18] Isola, Phillip, Jun-Yan Zhu, Tinghui Zhou, and Alexei A. 
Efros: Image-to-image translation with conditional 
adversarial networks; In Proceedings of the IEEE 
conference on computer vision and pattern recognition, pp. 
1125-1134 (2017) 

[19] OpenCV 4.3.0 (2020/08/30 ) 
https://opencv.org/opencv-4-3-0/ 

 
© 2020 by the Virtual Reality Society of Japan (VRSJ)  

 

Fig. 8 Datasets with high (left) and low (right) percentages of 
positive correspondence in the x6 super-resolution datasets. 

 

Fig. 9 Super-resolution image x6 (left) and HR image of 
the same location (right). 
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