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Pyramid asymptotic fusion low-illumination image

enhancement network

YU Ying, XU Chaoyue™ , LI Miao, HE Penghao, YANG Hao

(School of Information Science and Engineering, Yunnan University, Kunming 650500, China)

Abstract; Since existing low-illumination image enhancement networks have insufficient ability to perceive and express feature information of

different scales, a low-illumination image enhancement network model based on pyramid asymptotic fusion was proposed. The network performed

multiple down-sampling operations on the image to form a feature pyramid. It fused the feature maps at different scales by adding skip connections

to three different branches of the feature pyramid. Fine recovery module further extracted the refined information, and restored the feature map to a

normal light image. Results indicate that, the network model not only effectively enhances the brightness of the overall low-illumination image, but

also maintains the detailed information and clear edge contours of the objects in the image. Moreover, it can effectively suppress the dark noise, and

make the overall enhanced image realistic and natural.
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Fig.4 Experimental comparison on the LOL dataset
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Fig.5 Detailed comparison of the “natatorium” image
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Tab.1 Comparison of the evaluation metrics of the “natatorium” image

Ik PSNR/dB SSIM SNR/dB VIF IFC LOE BT s
MSRCR 10.51 0.40 2.62 0.55 3.09 884.43 0.653
DONG 20. 60 0.49 13.39 0.45 2.40 297.31 0.199

NPE 19.20 0.46 11.69 0.56 2.98 931.63 7.815

SRIE 14. 85 0.57 6.51 0.57 3.43 263.38 7.747

MF 23.16 0.52 17.10 0.52 2.78 260.71 0.439

LIME 15.99 0.42 7.82 0.63 3.28 495. 80 0.454

BIMEF 18.86 0.70 10.70 0.59 3.71 265. 63 0.225
MBLLEN 20.76 0.75 13.41 0.57 3.23 238.79 0.095

KIND 26.81 0.90 21.16 0.57 3.59 357.07 0.054

PAFNet 24.78 0.90 19.98 0.64 4.12 231.83 0.016
F2 CRAET BB IERRRTEE
Tab.2 Comparison of the evaluation metrics of the “wardrobe” image

Ik PSNR/dB SSIM SNR/dB VIF IFC LOE BT s
MSRCR 16.99 0.69 13.16 0.56 2.41 1 633.50 1.299
DONG 20.93 0.60 16.47 0.51 2.60 529.27 0.267

NPE 16.40 0.65 11.60 0.56 2.39 732.92 8.159

SRIE 11. 14 0.62 6.27 0.52 2.48 478.75 9.799

MF 16.10 0.65 11.25 0.56 2.38 697.25 1. 844

LIME 20.79 0.58 16.90 0. 60 2.44 799. 80 0.851

BIMEF 13.01 0.72 8. 14 0.53 2.64 570.04 1.205
MBLLEN 23.09 0.82 19.25 0.52 2.38 385.17 0.074

KIND 23.30 0.88 20.24 0.52 2.46 647.45 0.098

PAFNet 24.24 0.90 21. 66 0.57 2.69 486. 11 0.019
x3 “DUE”EBITEMNIERITEE
Tab.3 Comparison of the evaluation metrics of the “doll” image

ik PSNR/dB SSIM SNR/dB VIF IFC LOE EATHTE] s
MSRCR 12.34 0.57 7.65 0.51 2.75 228.00 3.553
DONG 17.09 0.54 12.91 0.45 2.21 304.04 0.376

NPE 15.76 0.57 11.46 0.54 2.77 384.03 8.028

SRIE 9.93 0.53 5.31 0.49 2.88 282. 46 8.056

MF 14.78 0.57 10.36 0.48 2.47 424.75 2.485

LIME 19.38 0.51 5.78 0.23 1.16 1251.30 0.384

BIMEF 11.49 0.63 6.90 0.47 2.96 343.70 1.397
MBLLEN 20. 81 0.78 17.08 0.43 2.47 213.12 0.089

KIND 20. 66 0.88 16.42 0.52 3.12 279. 50 0.089

PAFNet 27.69 0.90 28.22 0.57 3.45 221.86 0.025
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Tab.4 Comparison of the image evaluation metrics of the whole LOL dataset

Hk AVG_PSNR/dB AVG_SSIM AVG_SNR/dB AVG_VIF AVG_IFC AVG_LOE
MSRCR 12.67 0.45 7.14 0.51 2.41 1 359.85
DONG 16.72 0.47 10. 84 0.43 2.04 407.67

NPE 16.97 0.47 11.57 0.49 2.35 686.21

SRIE 11.92 0.49 5.67 0.47 2.53 367.67

MF 16.97 0.50 11.07 0.46 2.08 427.38

LIME 15.64 0.44 10.03 0.47 2.17 750.37

BIMEF 13.89 0.59 8.36 0.47 2.60 382.43
MBLLEN 17.90 0.79 13.75 0.45 2.45 385.16

KIND 17.65 0.80 13.74 0.48 2.71 436.02

PAFNet 20.55 0.84 14.75 0.53 2.80 332.94

#R5 PASCAL VOC B EIEMIEHRXT LL
Tab. 5 Comparison of the evaluation metrics of the PASCAL VOC dataset

RICTAT Jr ik PSNR/dB SSIM SNR/dB VIF IFC LOE
DRBN 20.64 0.66 14.16 0.40 3.04 341.67
DSLR 14. 80 0.59 8.32 0.34 2.66 175.48
EnlightGAN 16.23 0.61 9.75 0.40 3.01 280.25
A RRDNet 13.53 0.45 7.01 0.38 2.95 179.27
KIND + + 17.15 0.57 10. 66 0.38 2.80 451.16
PAFNet 24.91 0.84 18.43 0.51 4.17 104.70
DRBN 19.88 0.80 13.15 0.37 2.62 910.80
DSLR 22.54 0.74 15.81 0.37 2.59 290. 45
\ EnlightGAN 24.10 0.79 17.37 0.42 3.02 341.71
T RRDNet 19.47 0. 60 12.74 0.41 2.88 160. 59
KIND + + 19. 66 0.70 12.94 0.36 2.54 325.73
PAFNet 24.26 0.90 17.54 0.56 4.25 74.31
DRBN 20.61 0.80 15.29 0.38 2.86 365.82
DSLR 17.97 0.71 12.65 0.33 2.53 175.48
. EnlightGAN 20. 59 0.73 15.26 0.40 2.96 365. 11
. RRDNet 16.43 0.60 11.10 0.38 2.83 113.37
KIND + + 20.30 0.64 14.98 0.36 2.61 448.61
PAFNet 29.50 0.91 24.18 0.55 4.36 139.02
DRBN 22.00 0.84 17.15 0.43 2.28 344.91
DSLR 20.30 0.79 15.44 0.40 2.10 729.30
EnlightGAN 7.51 0.11 2.65 0.02 0.08 305. 30
A RRDNet 16.79 0.56 11.93 0.48 2.47 212.59
KIND + + 20.48 0.61 15.63 0.44 2.19 314.78
PAFNet 33.51 0.94 28.66 0.58 3.34 98.54
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Tab.6 Ablation experiments on the loss function and the network structure

BT
=2 T i S 5 A AVG_PSNR/dB AVG_SSIM
PSNR/dB SSIM MSE
1 FERt AR TR 27.69 0.90 110.73 20.55 0.84
2 Te k1 2k 20. 62 0.87 564.30 19.24 0.82
3 JG SSIM i 5 24.48 0.89 242.93 20.05 0.83
4 G MSE #i4 25.15 0.88 198.72 20.35 0.83
5 JG Res_Block i 23.21 0.88 310. 84 19.24 0.82
6 JG FRM #&iHe 24.65 0.89 222.63 19.92 0.83
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Fig.9 Scatter diagram of the ablation experiment

Fig. 10  Broken line diagram of the ablation experiment
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Tab.7  Ablation experiments on the number of

upper and lower sampling

AVG_PSNR/

LR . AVG_SSIM  AVG_MSE

LR REEAD B %2

19.665  0.828  1183.251
(14)
AR« 3
EFREAH 20.550  0.839  956.133
(16)
TREAKYL x 4
EFREAB 4 086 0.83  1066.069
(18)
Ak xS
EFREATEXS ) o0 0.8 1206741
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3 i
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