| %588 %28/202 %1 A/BESRRTFLHR
b d Skad=E &St =
U 1) e 5y Pt

»
Y2 P&

Rl 5k

T =
E R * - %% 2 X %%
Bk, BRX T, XA
P TR ARKEHAT B, LT # 5 125105
FEE  BIUE 2 B A T 22 I 45 (SRCNIND 25 BUZ B I I ] R B3 Wi 88 HL 3 3 Az Ak fiE g 32 FR 45 ) fat

$ T — Mk 25 ) BT SRCNN(RD-SRCNND A 6 . 155G F A [6) /0y 4 4 FRAZ BEAT 465 TR A LU SE 4 3 4 AR
4338 23 R T 1 40T RRAE 5 SR 5K K BN R ARRAE B A S 7] I/ 46 B A 1 1 46 R R 48 048 1k B om0 s )2 4
T B3 25 T 46, O3 2o T I AR O A S AR SR IR T L LA DB BB K L S IR AE R L 4 TR s B 8 i
T B 45 TR 2 18 %2 1, 459 3 T I 1Y =i 23 MR IBMR . SE 3 25 2R 3R W], RD-SRCONN 5 13 78 L 58 7l 2 W VF 4 A 1
BIWAS T 8T R ROR .

XEE BERLE, REP; REML; MIEREG B4 M%
FESES TP391 XHEARER A doi: 10.3788/L0OP202158.0210018

Improved Super-Resolution Image Reconstruction Algorithm
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Abstract
convolutional layers,

capabilities, a residual deconvolution SRCNN (RD-SRCNN) algorithm is proposed in this work. First, different size

Aiming at the problems of super-resolution convolutional neural network (SRCNN) with fewer
long training time, difficulty in convergence, and limited expression and generalization
convolution kernels are used for convolution operation to better extract the detailed features in low resolution
images. Then, the acquired image features are input into the residual network composed of convolution layer
composed of convolution kernels of different sizes and activation layer of exponential linear unit, and each feature
extraction unit is connected by short path to solve the problem of gradient disappearance and realize the feature
reuse, and reduce the network redundancy. Finally, a clear high-resolution image is obtained by adding a
deconvolution layer to increase the receptive field. Experimental results show that the RD-SRCNN algorithm
achieves good results in both visual and objective evaluation criteria.
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Table 1 MSE of different algorithms
Algorithm Baby Bird Butterfly Head Woman
Bicubic 27.28 35.31 247. 33 34.75 93. 45
SRCNN 21.97 23.78 134. 33 30. 86 65.77
FSRCNN 22.41 23. 60 127.43 30.53 62.93
RD-SRCNN 21.09 17.69 86. 44 28.79 49.95
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Table 2 SSIM of different algorithms

Algorithm Baby Bird Butterfly Head Woman
Bicubic 0.90 0.92 0. 82 0. 80 0. 88
SRCNN 0.91 0. 94 0. 87 0. 81 0.91
FSRCNN 0.91 0.95 0. 88 0.82 0.91
RD-SRCNN 0.92 0. 96 0.92 0. 83 0.93

£ 3 ANEBENERPOR
Table 3 Reconstruction effects of different algorithms unit: dB

Algorithm Baby Bird Butterfly Head Woman
Bicubic 33.77 32.65 24.19 32.72 28.42
SRCNN 34.71 34. 21 26. 54 33.23 29.95
FSRCNN 34.72 34.40 27.07 33.28 30. 14
RD-SRCNN 34. 88 35. 65 28.76 33.54 31.15
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Table 4 Comparison of different activation functions in the 5-layer network structure

Evaluation Activation
Baby Bird Butterfly Head Woman
indicator function
ELU 21.31 23.12 123.51 30. 29 58. 82
MSE
RelLU 22.41 23.60 127. 43 30.53 62.93
ELU 0.91 0.94 0. 89 0. 82 0.92
SSIM
RelLU 0.91 0.94 0. 88 0. 81 0.91
ELU 34. 84 34.49 27.21 33.32 30.43
PSNR /dB
RelLU 34.62 34. 40 27.07 33.28 30. 14
K58 )= ML G5 AL rf A [a) O BRI X L
Table 5 Comparison of different activation functions in the 8-layer network structure
Evaluation Activation
Baby Bird Butterfly Head Woman
indicator function
ELU 21.23 21.18 106. 74 29.27 56. 26
MSE
RelLU 22.33 21.86 113. 67 29. 80 56.43
ELU 0.92 0. 95 0. 90 0. 83 0.92
SSIM
RelLU 0.91 0. 94 0. 89 0. 82 0.92
ELU 34. 84 34.92 27. 84 33. 46 30.62
PSNR /dB
RelLU 34.73 34. 86 27.57 33.39 30.61
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Table 6 ELU activation function performance in 5-layer network structure
Evaluation Residual
o Baby Bird Butterfly Head Woman
indicator structure
yes 21.16 18. 18 87.05 29. 35 50. 17
MSE
no 21. 31 23.12 123.57 30. 29 58. 82
yes 0.92 0.95 0.92 0.83 0.93
SSIM
no 0.91 0.94 0. 89 0.82 0.92
yes 34.88 35.53 28.73 33.45 31.13
PSNR /dB
no 34. 84 34.49 27.21 33.32 30. 43
F 7 8IEMKLH Y ELU BT o6 B BE
Table 7 ELU activation function performance in 8-layer network structure
Evaluation Residual
o Baby Bird Butterfly Head Woman
indicator structure
yes 21.16 18.18 86. 44 29. 35 49.95
MSE
no 21.53 20. 38 105. 43 29.55 56.27
yes 0.92 0. 96 0.92 0. 83 0.93
SSIM
no 0.91 0.95 0. 90 0. 82 0.92
yes 34.88 35.65 28.76 33.54 31.15
PSNR /dB
no 34.79 35.03 27.9 33.42 30.62

N T BTG B A L R 2T T RE
BTG B 4 LAY X L 52 56 i $2 2 ] ELU 33
PR N BR 22 W 45 S5 R N3 8 B . T LR B A filE

# 8 ABBMAR R A& BRI PERE 1S br

Table 8 Performance indicators of deconvolution and non-deconvolution

FH ELU #05 ok B0R 5% 22 W48 0915 0 F . A & 4
RS K PSNR #0017 0. 052 dB, SSIM ¥4 {5 14
fin 0.002, MSE ¥{& F % 0. 346,

Evaluation
o Deconvolution Baby Bird Butterfly Head Woman
indicator
yes 21.09 17.69 86. 44 28.79 49. 95
MSE
no 21.16 18.18 87.05 29.35 50.17
yes 0.92 0.96 0.92 0.83 0.93
SSIM
no 0.92 0.95 0.92 0. 83 0.93
yes 34. 88 35. 65 28.76 33. 54 31.15
PSNR /dB
no 34,88 35.53 28.73 33.45 31.13

PL 3 A 3X3 MREREBERCE 14 7XT7 iE-
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Table 9 Comparison of training time
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