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High dynamic range imaging with multiple artifact suppression and multilevel
fusion

LUO Juncheng, XIE Minghong, ZHANG Yafei, LI Huafeng

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

Abstract: Due to the limitations of existing imaging equipment, it is difficult to obtain high dynamic range (HDR) images directly. High
dynamic range imaging technology is designed to generate HDR images by processing low dynamic range (LDR) images. Most existing
methods reconstruct HDR images by fusing multiple images with different exposures. However, due to the relative movement of
foreground and background, artifacts appear in the final reconstruction result. Existing methods only perform artifact elimination before
fusing multiple images with different exposures. However, as a result, the quality of the final HDR image depends heavily on the artifact
suppression results before fusion. However, the artifact information introduced in the fusion process is difficult to eliminate in the
subsequent reconstruction process due to the unsatisfactory artifact suppression. Based on this, we propose a network framework for
multi-artifact suppression of reconstructed features and multi-level information fusion to efficiently reconstruct HDR images. First, we deal
with the differences between different images and features through multiple artifact suppression. Unlike the existing methods, which only
process the images or features before fusion, we perform Multiple artifact suppression block(MASB) on the features during the
reconstruction process to further suppress artifacts in the reconstructed features. At the same time, in order to make better use of the
features of non-reference input images, we propose a multilevel fusion block(MFB), in which the complementary information of
non-reference images can be further obtained. Experimental comparison results on multiple datasets show that the proposed method
achieves better performance in both subjective visual effects and objective indicators.
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Fig. 1 Overall framework of the proposed method
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Table 1 Quantitative evaluation of reconstruction results by different methods on the Kalantari dataset test set

J7i PSNR_pu  PSNR_L SSIM_pt SSIM_L  HDR-VDP-2 MEF-SSIMd
Sen4 40.95 38.31 0.9832 0.9753 60.33 0.6384
Kalantaril?”! 42.74 40.72 0.9877 0.9824 62.87 0.6407
AHDRNet[* 43.61 41.04 0.9900 0.9702 63.51 0.6511
HDR-GANE! 43.92 41,57 0.9905 0.9865 64.70 0.6520
HDRI? 43.65 41.67 0.9894 0.9867 64.46 0.6534
HDR-Transformer®® 44.08 42.10 0.9917 0.9888 64.63 0.6528
SGARNM 43.92 41.46 0.9908 0.9874 65.12 0.6559
ours 44.41 42.43 0.9920 0.9902 65.13 0.6578
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Fig. 7 Visual display of each method in Sen dataset
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% 2 Sen # Tursun IBEMRE LFRFENEZEREETH

Table 2 Quantitative evaluation of reconstruction results by different methods on Sen and Tursun datasets test sets

. Sen ¥4k & Tursun ¥ 4
s BTMQI| | MEF-SSIMd 1 BTMQI| | MEF-ssiIMd! | UDQN1
Sen 3.7242 0.7896 4.2771 0.6557 0.3938
Kalantari 3.7679 0.7636 3.9409 0.6532 0.3984
AHDRNet 3.6877 0.7957 3.9205 0.6570 0.4260
HDR-GAN 7.1340 0.7992 7.0330 0.6663 0.4118
HDRI 5.5036 0.8024 5.0423 0.6283 0.4098
HDR-Transformer 2.9056 0.7956 3.4060 0.6372 0.4141
SGARN 3.6473 0.8003 3.7815 0.6612 0.4311
Ours 2.8019 0.8036 3.3002 0.6703 0.4344

’ a :
HDRI HDR-Transformer SGARN Ours

[ 8 & J5i% Tursun K £ o (¥ 40 5 8RS 7w
Fig. 8 Presentation of visual effects in Tursun datasets for each method
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B D5, SRR B AR R W3R 3 e BARAR BT LUE , e MRRFEIN A T, AT
L E AR TERE .

* 3 BMABRENZIITM

Table 3 Objective Evaluation of the Effectiveness of Each Component

I R PSNR_u PSNR_L SSIM_pt SSIM_L HDR-VDP-2
w/o MASB&MFB 44.08 41.75 0.9914 0.9881 64.88
w/o MASB 44.12 42.13 0.9917 0.9889 64.93
w/o MFB 44.26 42.25 0.9917 0.9890 64.95
Ours 44 .41 42.43 0.9920 0.9902 65.13
2.4 B

AL ESHE M A, s AR BRI BREC £, A0 0 BITTER. X T 28 iE#E, JRAT1/E Kalantari
Hyu s Lt AT oM. B 10 BoR TR IHUE, XERPERE . WTUUE ], 2 4,=01, 4,=05Mf, A
fPEREIA BBt PUEASOR 4, 5B 0.1, # 4, B4 0.5,
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Fig. 10 Effect of hyperparameter variation on model performance on Kalantari test set

2.5 {HBI R 4

KT R AR R R, A S KA S B0 R HE B ) AN 5 AT T LG, AR SE 4. Hooh,
FAVEEF Kalantari JIR4E T 9 15 3K EGTHSE 7 P IHEBRI ). X LG8 L%, A SCIR H 0 B R A 5
BRI AE RN, {HAHEL T HDR-GAN F1 HDRI, A f9 /N T B2 o HEBRIS () 77 100, SR 0 AR 3% B e il
WA, HY5 Sen. Kalantari 1 HDRI AR LL, FRATT(HE S () 2 38 24 1. SARTT 3, A SCBVETE 208 BRI
@, A SRR TERE, TR R R R SRR P R T AT

F 4 TEGEAEER S K S MR E M LS
Table 4 Performance Comparison of Different Methods on the Number of Model Parameters and Inference Time

I Sen Kalantari AHDRNet HDR-GAN HDRI HDR-Transformer SGARN  Ours
R SHE (M) - 0.3 1.44 7.67 6.70 1.46 0.89 1.68
HEFREF R (FP) 61.81 29.14 0.30 0.69 20.61 4.92 0.53 0.66

2.6 BRI 5H

HF 2 WA 10 B A B BRI B0 AR Kalantari®T L Sen™F TursentH%% . 7ix
SeR AR, AR B T S B Oy S A0 R UG B R . (EASCIRE 8 )R BRAE S EAR BT 0 A BRI R .
B XA =AM BE P ECER G A RS B, M DUK R 2 XK E R . s, EGhrRE—
X 358 1 g ' A e [ ' P b DX O BB IR T S 205 B k2%, T B MR M%7 X3, RUOA H AR
2y, SEEEPOER. ZXAERT, %0 0EBRMEKE . XA BRI EIE R, B 25 E A
BOEEMG RGOl Bk, fELUS K TAES, FRATR BT X — .

3HERIE

R BB A Y P M LA RO R A A T8 0 00 1), ASCHR T — AN 4ATEi 1 HDR BUR B # 45 . Xt T
B S LA ), FRASR R T 2 O ANHI RS, 7E2 % EUR IR 5 O R R R R AT D R
O], AR T ERRIER AR EE . ATHE—SRAESERENEEEATIANEER, RAITE
T 24 maa i, JRPREUM EEFFIER A AHIMNE R, RS R EESE, NmkkdERAdES
HEG G B BRSO 7 VEE = A A LI BER S [T T 5006, S8 25 A B AR SO 5 VA AR BT L
PEAE A VP4l I T B e RE . R E R B TIZ 0 Kalantari 8RS I, RS EEM S R
PSNR_UAT PSNR_L _E43 #8357 ¥k 4t .92 (HDR-Transformer)0.33dB . A< 304035 i i i HDR B& 10 A i d2
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