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A High Dynamic Range Image Reconstruction Network
Using Feature Pre-Alignment
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[ Abstract] Reconstructing High Dynamic Range (HDR) images from multiple Low Dynamic Range (LDR) images
with varying exposures is challenging, especially in scenarios involving camera and object motion, where motion
regions often introduce artifacts, thereby affecting the quality of the final reconstructed image. This issue primarily
arises from the misalignment of content among multiple LDR images, where geometric differences between images
significantly impact the reconstruction outcome. To address this issue, we propose an HDR image reconstruction
network based on feature pre-alignment for enhancing HDR reconstruction quality. This network has two stages:
feature pre-alignment and  HDR reconstruction. In the feature pre-alignment stage, a Feature Pre-Alignment
Network (FPAN) guides the alignment of features from input images with those from the reference image, thereby
reducing artifacts caused by motion. In HDR reconstruction stage, a selective state space model is employed for
modeling the global context of the pre-aligned features, and a simplified HDR restoration network generates the
final HDR image. Extensive experiments are conducted on two datasets to evaluate the performance of the proposed
network. The results show that the proposed network outperforms comparative methods across multiple objective
evaluation metrics, exhibits satisfactory subjective visual effects, and demonstrates certain generalization
capabilities.

[Key words] High Dynamic Range (HDR) images; image reconstruction; feature pre-alignment; selective state
space model; motion artifacts
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Table 1 Quantitative comparison results on the dataset from reference [7]

Tk PSNR-u/dB SSIM:u PSNR-L/dB SSIM-L. HDR-VDP-2
SCHkL7 7 42,74 0.987 7 40. 72 0.982 4 62. 87
DeepHDR 41, 62 0. 986 5 40. 88 0.985 8 57. 37
HDRI 43. 65 0.989 4 41,76 0. 986 7 64. 46
AHDRNet 43. 74 0.9913 11. 69 0.986 9 63.51
SGARN 43. 96 0.990 7 41,51 0.987 4 65.11
HDR-GAN 43,92 0.990 5 41, 57 0.986 5 64. 70
SCHERL29 ) 44. 11 0.990 9 42. 00 0. 988 4 64.93
A7 44.10 0.991 1 42.22 0. 988 0 65. 63
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Table 2 Quantitative evaluation results on

the dataset from reference [26]

Jrik BTMQI MEF-SSIMd
SCHRL7 ]k 3.7679 0.763 6
DeepHDR 3.774 4 0.799 0
AHDRNet 3.687 7 0.795 7
HDR-GAN 7.134 0 0.799 2
HDRI 5.503 6 0.802 4
SCHRL29 071 3.5239 0.805 0
SRS 3.5121 0.803 4
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Table 3 Quantitative results of ablation experiment

ik PSNR-L/dB PSNR-u/dB  SSIM-L SSIM-u
baseline 40. 52 42. 84 0.983 2 0.9859
w/o L, 41.97 43. 41 0. 986 5 0.990 5
w/o SRN 42. 00 43. 85 0. 988 2 0.990 7
full 42.22 44. 10 0.988 0 0.9911

A B — A4 N T (R (AR SO 45 1 2 2K
SRR/ B U T AR A AT 4 A
Xt FLOPs {8 (i A PR A< SC o317 2 19 286 v 2R
Hry Mamba #8888, FO 4 AT7 1) BT 4 )R B R
SCRRAEFR A S5 A A RS o B BE L (H 2
(] Pt 2 BB . B R R R L R R
JEBC T — T T A A H R B R 4P HDR
R4



5245 F6H/2026 £ 6 A/ATENTRE

177

B
[P ——
Input LDRs patches Input LDRs patches
- - —Y vy
baseline w/o L, w/o SRN full baseline w/o L, w/o SRN full
(@B K1 (b) B2

6 HEEWEMSER
Fig.6 Qualitative results of ablation experiment
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Table 4 Comparison results of FLOPs and model

parameter counts for different methods

Jrik FLOPs/10° Parameters/10°
SCHRL7 1051 — 0. 30
DeepHDR 15. 93 16. 61
HDR-GAN — 7.76
AHDRNet 23,70 1. 44
HDRI — 6.70
SGARN 13.76 0. 89
Scik[29 177 114. 66 6.33
ES @RS 21.22 1. 30
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