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Image Reconstruction Algorithm Based on Improved Super-Resolution
Generative Adversarial Network
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School of Physical Science and Technology, Southwest Jiaotong University, Chengdw, Sichuan 610031, China

Abstract Aiming at the problem that the existing pixel loss-based super-resolution image reconstruction algorithms
have poor reconstruction effect on high-frequency details, such as textures, an image reconstruction algorithm based
on an improved super-resolution generative adversarial network (SRGAN) is proposed in this paper. First, remove
the batch normalization layers in the generator, combine the multi-level residual network and dense connections, and
use the residual-in-residual dense blocks to improve the network’s ability for feature extraction. Then, the mean
square error and perceptual loss are combined as the loss function to guide the generator training, which preserves
the image’ s high-frequency details and avoids the artifacts’ appearance. Finally, the last Sigmoid layer of the
discriminator is removed to better converge the training process, and the relativistic loss function is used to guide the
discriminator training. The experimental results on the COCO dataset show that compared with the original
SRGAN algorithm, the peak signal-to-noise ratio (PSNR) and structural similarity (SSIM) of the algorithm in the
Set5 data set are increased by 0.86 dB and 0.0123, respectively, in the Setl4 data set, the PSNR and SSIM of the
algorithm are improved by 0. 69 dB and 0. 0090, respectively. The mean opinion index and visual effect of the
algorithm are far better than other algorithms.
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Table 1 Evaluation standard of the image quality

Evaluation standard Score

No change in image quality 5
Slight change in image quality can be seen
Slightly hinder viewing

Hinder viewing

N W

Seriously obstructing viewing
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Table 2 Scoring table for subjective evaluation of

image quality

Relative measurement scale Score
Quality is the worst in this picture group 1
Quality is below average in this picture group 2
Quality is on average in this picture group 3
Quality is above average in this picture group 4
Quality is the best in this picture group 5
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Table 3 Test results of different algorithms on the

Set5 data set

Algorithm SRGAN Ours Difference
PSNR/dB 28.74 29. 60 £0.86
SSIM 0. 8435 0. 8558 40.0123
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Fig. 8 PSNR of different algorithms in the Set5 test set
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Table 5 Test results of different algorithms on

the BSD100 data set

90 100

Algorithm SRGAN- Ours Difference Algorithm SRGAN-™ Ours Difference
PSNR/dB 25.75 26. 44 40.69 PSNR/dB 24. 65 25.55 A0.90
SSIM 0.7370 0. 7460 A 0. 0090 SSIM 0.6502 0.6549 A0.0047
o ey b T B BN 2R 80k P R 52 0, ] SRGAN
BB.75 |~ messermr e T e TIIIIII N v N N N o
247, BHEMATERE T — 130 300 IR ELLK, 4
21 SN T A7 G BN J2 B 0 P Bl L DA P £
vi? pR—— . PSNR,SSIM, & & hf K WZFE 6 i, Al LA, 2
= ; 15 BN J2 B9 5 3% 7 4 {2 19 F 9 PSNR Fil SSIM
£ g | B e LT A i) A 0 L 3 2 91 35 B BN J2 0T
6 T Twawism @it w0 - SRGAN e 1] 44 o 0 S 4 R AR IR Y R
? Smining process | 3.9 9 R F| SR H ik 89 4 45 4
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Epoch

B 10 AFBE L Setld Mk FAY PSNR
Fig. 10 PSNR of different algorithms on the Setl4 test set

B Gt 0 B 5 H AT R A B kT T
L, 0 45 i {5 & 3 . SRCNN., VDSR . SRResNet , A~
[ B IATE Set5 . Setl4 LA K& BSD100 2 £ H (1% 1] i

F 6 BNJEXREMEREA RN

Table 6 Influence of BN layer on algorithm performance

SRGAN (with BN) Ours(with BN) SRGAN(without BN) Ours(without BN)

Pta set PSNR /dB SSIM Time /s PSNR /dB SSIM Time /s PSNR /dB SSIM Time /s PSNR /dB SSIM Time /s
Setd 28.69 0.8415 0.21 29.02 0.8489 0.20 29.25 0.8483 0.20 29.60 0.8547 0.18
Setl4 24.96  0.7187 0.43 26.10 0.7233 0.39 25.67 0.7203 0.42 26.41 0.7398 0.38

BSD100 24.01  0.6488 0.45 25.15 0.6511 0.43 25.10  0.6503 0.44 256.52 0.6548 0.41
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gEgaEE 7 Fros. ALK B, M H B AT R AT B
SR B AR B Y PSNR 8%, J5 IR 2 A B 3k R
J= LI PSNR.SSIM K & 1] i# 47 Y1 4. SRGAN #&
2 A B A A R Y B SRS A R R
fie 71, H PSNR.SSIM g 8 & EIE A9 0 38 28081

SRResNet 5% 76 JIr A7 £ 40 4 1 (1) PSNR I SSIM
¥1i: K {2 SRResNet {UF| i SRGAN 4 4 f #5 i
g, o2& DL MSE 1E it 2% ok B4 5 2 s 1y
Y, o B AR 9 50 R A W SRGAN

R7 ARABEEE=AEIEE T HTEGRE
Table 7 Performance of different algorithms under three data sets
Dataset Algorithm Bicubic SRCNNH VDSR™! SRResNet Ours
PSNR /dB 28.43 30. 14 31.35 31.92 29. 60
Set5 SSIM 0.8211 0. 8647 0. 8838 0.8998 0. 8558
MOI 1. 44 2.4 3.18 3.28 4. 66
PSNR /dB 25.99 27.18 28.01 28.39 26. 44
Setl4 SSIM 0. 7486 0.7861 0.7674 0.8116 0.746
MOI 1.42 2.43 3.18 3.59 4.38
PSNR /dB 25.96 26.9 27.29 27.52 25.55
BSD100 SSIM 0.6675 0.7101 0.7251 0.7603 0. 6549
MOI 1. 36 2.45 3.2 3.97 4.42

3.2.3 AHi#k)5 SRGAN H ke s R
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AR 55 067 0 R . X T Set14 Bt 55 v g b 14 1T
#B, 5 SRGAN Bk s @M EG s TIRZ %
4L, M A B4 3 T S 1 8L T 5 B P9 5 X T BSD100
MOI is 5.00

MOI is 3.91

(32)- : I - I
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(33)- h . (03).

Bl 12 2 MO E RO . (D JFIRER ; (b)) SRGAN
Bk (OARBE

Fig. 12 Reconstruction effects of two algorithms.

(b) SRGAN algorithm;

(¢) our algorithm

(a) Original image;
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MOI is 1.50 MOl is 2.61 MOl is 3.62 MOl is 3.76 MOl is 4.32 MOl is 5.00

‘
(c2) (d2) L (e2) (12) 8

"
7

MOl is 3.563 MOI is 3.86

13 5 PRk M E A . () B EUIR R 5 (b) XU= AR (B3 15 5 () SRCNN 517 5 () VDSR # 7% 5 (e) SRResNet 51 5
(DA ; (@ JRF R 1G B4R
Fig. 13 Reconstruction results of 5 different algorithms. (a) Overall original image; (b) bicubic interpolation algorithm;

(c) SRCNN algorithm; (d) VDSR algorithm; (e) SRResNet algorithm; (f) our algorithm; (g) partial original image

MOl is 1.25 MOI is 2.23 MOl is 3.40

- - -

MOl is 5.0

MOI is 3.62 MOIis 4.16 MOl s 5.0

~ v N

) (0) SERX1)

Fl14 5 R E @M BRBUER . ) BEIRIFR EHR s () XU B 3 7% 5 (0 SRCNN H 3% 5 (d) VDSR 3% 5 (e) SRResNet
B (DA (@ R E IR 4
Fig. 14 Railroad track image reconstructed by 5 different algorithms. (a) Overall original image; (b) bicubic interpolation
algorithm; (c) SRCNN algorithm; (d) VDSR algorithm; (e) SRResNet algorithm; (f) our algorithm; (g) partial
original image
A7 20 B IO A AOR PEUR p s 2 AN S A . A B BV IR G O B b DT R A TR AR Al
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