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Abstract: To address the serious noise pollution in the process of image remote sensing and the existence
of object edge blur and artifacts in the super-resolution reconstructed image, this study proposes a remote
sensing image super-resolution algorithm called edge-enhanced and non-local modules generative adversari-
al network (ENGAN). To make the image edge details clearer, the proposed algorithm integrated an im-

age edge enhancement module. To further expand the receptive field of the model and enhance the edge
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noise removal, the Mask branch in the edge enhancement module was simultaneously improved. The use
of the intrinsic feature correlation of images further improved the reconstruction performance of the net-
work. In this study, comparison experiments of multiple algorithms were performed on two remote sens-
ing image datasets, UCAS-AOD and NWPU VHR-10. The proposed method showed improvement in
multiple evaluation indicators. Taking degradation type IV as an example, the 4x super-resolution SSIM
was increased by 0. 068, PSNR increased by 1. 400 dB, and RMSE reduced by 12. 5% compared with the
deep-blind super-resolution degradation model. Moreover, the reconstructed remote sensing image can ob-
tain better ground target detection results than the original image.
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Tab.1 Comparison of experimental results of different methods

SER e i ey Bicubic ESRGAN RealSR Real-ESRGAN BSRGAN ENGAN(Ours)
SSIM 0.814 0.765 0.758 0.790 0.766 0.793
Type | PSNR 27.511 26.362 25.587 25. 847 25.591 26. 800
RMSE 12. 141 14. 833 14.725 14.335 14.538 12. 851
SSIM 0.759 0.682 0.690 0.736 0.704 0.737
Typell PSNR 25.899 23.967 24.005 24.464 24.086 26.114
RMSE 14.624 18.062 17.994 17.071 17.504 15. 603
SSIM 0.755 0.701 0.724 0.748 0.732 0.769
Typell PSNR 26.427 24.093 24.251 25.361 25.194 26.404
RMSE 13.799 17.739 17.232 15. 338 15. 335 13. 563
SSIM 0. 547 0.473 0.495 0.569 0.557 0.625
TypelV PSNR 23.512 22.164 22.496 23.240 23.110 24.510
RMSE 19.098 20.108 19.933 19.627 19.738 17. 265
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Fig. 6 Visual effect comparison
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Tab.2 Algorithm ablation experiments
BT ik BSRGAN EGAN EGAN’ EGAN ENGAN
SSIM 0.766 0.774 0.784 0.784 0.793
Type L PSNR 25.591 26.625 26.742 26.783 26. 800
RMSE 14.538 13. 147 12.986 12.927 12.851
SSIM 0.704 0.720 0.728 0.730 0.737
Typell PSNR 24.086 25.017 25.079 25.163 26.114
RMSE 17. 504 15.901 15. 800 15.678 15. 603
SSIM 0.732 0.751 0.758 0.761 0.769
Typell PSNR 25.194 26.225 26.327 26.392 26. 404
RMSE 15. 335 13. 864 13.715 13.633 13.563
SSIM 0.557 0.620 0.622 0.623 0. 625
TypelV PSNR 23.110 24.363 24.397 24.482 24.510
RMSE 19.738 17.332 17.285 17.322 17. 265
£3 RELERML
Tab.3 Comparison of different A, results
BT ity A,=0.1 A,=0.5 A=1 A=2 A =7 2,=10
SSIM 0.725 0.729 0.754 0.760 0.774 0.744 0.732
Type 1 PSNR 25.483 25.781 26.284 26.441 26. 625 26.091 25.774
RMSE 14. 690 14.552 13. 644 13.411 13. 147 13.985 14. 298
SSIM 0.673 0.678 0.705 0.710 0.720 0.698 0.679
Typell PSNR 23.813 23.906 24.912 25.007 25.017 24.402 23.920
RMSE 17.977 17.820 16.056 15.902 15.901 16. 101 17.782
SSIM 0.703 0.707 0.734 0.738 0.751 0.726 0.709
Typell PSNR 24.815 24.847 25.892 26.014 26. 225 25.612 24.856
RMSE 15.913 15.863 14. 341 14.158 13. 864 14.685 15.839
SSIM 0.574 0.581 0.603 0.610 0. 620 0.591 0.585
TypelV PSNR 22.875 23.132 23.923 24.140 24.363 23.501 23.294
RMSE 19. 547 19.162 18.143 17.747 17.332 18.752 18.980
*4 FTENERIHE
Tab.4 Comparison of different A; results
2R e i < F 71 A=0 A,=0.05 A=0.1 A=0.5 =1 =2 =5 A= A,=10
SSIM 0.774 0735 0.739 0.733 0.734 0.739 0.744 0.729 0.703
Type [ PSNR 26.625 25.180 25. 385 25.373 25. 381 25.685 25.940 25.391 24.752
RMSE 13. 147 15.372 15.525 15. 440 15.412 15.372 14.05 15.503 16. 002
SSIM 0.720 0.677 0. 680 0.676 0. 680 0.683 0.693 0.672 0. 650
Typell PSNR  25.017 23.620 23.742  23.603  23.813 23.920 24.605 23.562  23.098
RMSE 15.901 18.362  18.145 18.071  18.000  18.145 16.522  18.511  18.840
SSIM 0.751 0.702 0.706 0.703 0.707 0.711 0.717 0.698 0.677
Typell ~ PSNR  26.225 24.506 24.763  24.582  24.808 24.820  25.539  24.491  23.706
RMSE  13.864 16.179  15.962  16.098  15.940  16.920  14.805 16.997  17.959
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Tab.4 Comparison of different A; results
BIAR FEAR =0 A=0.05 A=0.1 A=0.5 A=1 A=2 =5 =7 =10
SSIM 0.620 0.533 0.535 0.532 0.537 0.542 0.579 0.561 0.542
TypelV.  PSNR  24.363  22.590 22.709  33.504  22.850  23.006  23.783  23.485  22.954
RMSE 17.332  20.522  20.445 20.571  20.301  19.809  18.337 18.901  19.733

x5

Tab.5 Discriminator used for the comparison of image

ERFmATAEMBRE KSR

results at different stages

EGAN
BT 31 A% — S Lo, % L

Fig.7 Comparison of L ... with edge consistency loss

EGAN(L

cdge_cons)

Ry ARy 0 B RANREIL 10260 MU
A 4015 800 sk [EIMR , #4218 7: 1 L 49 B AL % 43 S I
gr e 2

JER iy F8br I e P e YOLOVS 3k B W Bx F bR A 8 v, I 25 5ot A

- o o T804 6 ) 86 S E 0 SE T 1 A0 11 O A L 39 T
oisE e s 1L SE VM AT AF 1L 57 90 2 22 05, R
- 0,720 0710 O AR 2 B L S R T E A R

Type I PSNR 25017 24.981 mAP, I 715 10 HE 5 B S bR 7 HE B 22 5 /4R
RMSE 15.901 15. 950 (ToU ) ke PFAl A SC 7 vE B9 A R0t o 8 v 5OR i
SSIM 0.751 0.751 I I 3 45 5 AP FEX AN 210 AP ok K 75

Typell PSNR 26. 225 26.177 F mAP, S ToU=0. 5 5 IoU=0.5:0. 95
RMSE 13. 864 13.927 (M 0.5%0.95, 4 K K 0.05) F F 1 5 9 mAP
SSIM 0620 0019 {1 AL 55 5 004 6 % . A B 3 (Precision) 5

TypelV PSNR 24.363 24.337 7 E%(Recall)ﬁ%ﬂﬂéiﬁj’yiﬁ( 12)~3t (13) :
RMSE 17. 332 17.377

3.5 EHEREN

R T R E AR SCHE Y RGO S R R R
T S PG 2 b D H b R 0 A 02 PR, S 3 R
JHYOLOvS5 H br A il A5 14 53 5] %f NWPU VHR-
10 % 4 1 LR 4 5 SR MR sk Ak . R A
SR MG AE R IR A, 7 S 43 98 5 05 1 e I
g F I AR A W . NWPU VHR-10 # 4
4 HARALEE AL MY R EE R ER Y Bk

#£6 YOLOvS#HMEZER
Tab.6 YOLOVS detection results

LR SR
Bk mAP mAP mAP mAP
K (IoU=  (IoU=  (IoU= (loU=
0.5)  0.5:0.95) 0.5  0.5:0.95)
Type | 0.683 0.382 0.683 0.383
Type Il 0.671 0. 362 0. 685 0.370
Typell  0.530 0.291 0.633 0.351
TypelV  0.183  0.0885  0.338 0.188
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Precision = #, (12)
|TP|+|FP|
TP
Recallz#, (13)
|TP |+ |FN|

Hor TP IE B A I 2 () % 4 A  FP R iR
A6 I 1) 7 6 G2 A B 5 FIN Sk oA 404G 00 25 A T 1) 71
XRES.
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