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Neural Radiance Field for Human Reconstruction Based on Multi-scale Hierarchical Network

WANG Yang, WANG Guodong,ZHAO Junli and SHENG Xiaomeng

College of Computer Science and Technology,Qingdao University, Qingdao,Shandong 266071, China

Abstract The reconstruction of 3D human models from monocular RGB video faces challenges in accurately capturing human po-
ses,especially when using prior models like SMPL. Due to its rigid assumptions,such models struggle to depict subtle pose varia-
tions,leading to suboptimal reconstruction results. Additionally, existing NeRF-based human modeling methods often generate
unnatural shadows or floating artifacts around certain body parts when rendering unseen poses,and their representation of texture
details tends to be insufficient. To address these issues,this paper proposes a hierarchical network based on the Triplane Multi-
scale learning,aims at enhancing the texture details of 3D human models through NeRF techniques and improving the model’s
generalization capability across different poses. In terms of methodology.multi-resolution hash encoding is employed to replace
the traditional sinusoidal frequency encoding function,allowing for more efficient capture of high-frequency human features and
speeding up model convergence. The Triplane Multiscale learning strategy is applied to capture pose details,effectively improving
the accuracy and visual quality of 3D reconstructions. Experiments demonstrate that the proposed improvements significantly en-
hance the reconstruction of 3D human models, especially when handling complex pose variations. The method shows notable ad-
vantages in terms of training speed, rendering quality.and pose generalization capabilities. By applying this model, the resulting
3D human models exhibit more realistic details,and the synthesized results for novel poses are of high quality,further advancing
the development of 3D human reconstruction technology from monocular video.

Keywords Neural radiance field, SMPL, Human reconstruction.Deep learning, MLP
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Table 1  Comparison of different methods on various metrics using the PeopleSnapshot dataset'[”]
GPU male-3-casual male-4-casual female-3-casual female-4-casual
Method -
Time PSNRA SSIM4 LPIPSYy PSNRA SSIM4 LPIPSY PSNRA SSIM4 LPIPSY PSNRA SSIM4 LPIPSY
NcuralBOdy[44: 14h 24.94 0.9428 0.0326 24.71 0.9649 0.04230 23.87 0.9504  0.0346 24.37 0.9451 0.0382
HumanNeRFL46] 20h 26.90 0.9605 0.0181 25.50 0.9397 0.03573 24. 46 0.9516  0.0269 27.07 0.9615 0.0152
Anim-NeRFL67] 13h 29. 37 0.9703  0.0168 28.37 0.9605 0.02678  28.91 0.9743  0.0215 28.90 0.9678 0.0174
Our method 5 min 29.63 0.9738 0.0172 27.82 0.9710 0.02910 28. 14 0.9754 0.0243 29.23 0.9697 0.0153
Anim-NeRFL67] 5 min 23.17 0.9266 0.0784 22.30 0.9235 0.09110  22.37 0.9311 0.0784 23.18 0.9292  0.0687
InstantAvatar[68] 5 min 29.53 0.9716  0.0155 27.67 0.9626 0.03070 27.66 0.9709  0.0210 29.11 0.9683 0.0167
Our method 5 min 29.63 0.9738 0.0172 27.82 0.9710 0.02910 28.14 0.9754 0.0243 29.23 0.9697 0.0153
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Fig. 2 Qualitative results on the PeopleSnapshot dataset
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Fig. 3 Comparison of Anim-NeRF and the proposed method

on the task of novel pose synthesis
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Metric PSNR 4 SSIM 4 LPIPS v

Full Model 28.69 0.9710 0.0275
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Fig. 4 Comparative results of ablation experiments conducted on

PeopleSnapshot
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