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Fig. 3 A set of views and camera pose datasets including 12
different angle views of the finless porpoise model and their corre-
sponding camera pose
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Fig. 10 Comparison of the reconstruction results of the proposed method with RealFusion and One-2-3-45
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Tab. 3 Evaluation of average chamfer distance of mesh model
YL} Finless porpoise RealFusion One-2-3-45 Ours (A3 5H) Ours (3 5)
LK1 1.146 2.352 0.689 0.503
TLIR2 0.871 2.341 0.649 0.554
VLIK3 1.217 1.761 0.733 0.535
TLIK4 1.473 3.576 0.675 0.583
TLIKS 1.591 2.287 0.874 0.759
TLIK6 1.748 1.237 0.462 0.428
R4 ERE—HIEITMG
Tab.4 Evaluation of normal vector consistency evaluation
VLK Finless porpoise RealFusion One-2-3-45 Ours (K4 5#) Ours (3 75#)
LK1 0.624 0.602 0.853 0.866
TLIR2 0.705 0.483 0.824 0.841
TLIK3 0.718 0.472 0.819 0.837
TLIK4 0.531 0.415 0.807 0.849
TLIKS 0.683 0.585 0.763 0.774
VL6 0.524 0.673 0.876 0.882
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Fig. 12 Schematic diagram of a poorly reconstructed model
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A SINGLE-VIEW 3D MODEL RECONSTRUCTION METHOD FOR
YANGTZE FINLESS PORPOISE

HUANG Zhi-Yong"*®, YANG Chen-Long"’, SHI Xiao-Tao”*, HUA Xi-Feng"”, TU Fa-Xian™",
DING Tuo-Jun"’, SHE Ya-Li"® and XIANG Meng-Li"’

(1. Key Laboratory of Intelligent Vision Monitoring for Hydroelectric Engineering, Hubei Provincial University, China Three
Gorges University, Yichang 443002, China; 2. International Science and Technology Cooperation Base for Fish Passage
Technology in Hubei Province, China Three Gorges University, Yichang 443002, China; 3. School of Computer and
Information Science, China Three Gorges University, Yichang 443002, China; 4. College of Hydraulic &
Environmental Engineering, China Three Gorges University, Yichang 443002, China)

Abstract: In the field of 3D reconstruction of Yangtze finless porpoises, challenges such as underwater image color
distortion, limited datasets, and difficulty in capturing multi-view images of Yangtze porpoises remain significant.
Emerging methods have yet to address these issues specifically for Yangtze finless porpoises. To tackle these chal-
lenges, this paper proposes a novel single-view 3D reconstruction method for Yangtze finless porpoises, combining
diffusion models and neural radiance fields. First, an improved underwater image enhancement technique is developed
to effectively address the issue of underwater color distortion. Second, a custom multi-view image dataset of Yangtze
finless porpoises is created to fine-tune a view-conditioned diffusion model, enabling the synthesis of multi-view
images from a single view. This provides a new approach for reconstructing Yangtze finless porpoises from a single
image. Finally, a neural radiance field is employed to reconstruct the 3D model of the porpoise. The reconstruction
results were evaluated using the average chamfer distance (ACD) and normal consistency (NC). The proposed method
achieved lower ACD and higher NC compared to existing methods, demonstrating its effectiveness in reconstructing
3D models that accurately capture the coloration and morphology of Yangtze finless porpoises. The synthesized multi-
view images achieved PSNR, SSIM, and LPIPS values of 38.968, 0.972, and 0.294, respectively, surpassing the perfor-
mance of existing methods. Additionally, the reconstruction results after underwater image enhancement yielded the
lowest ACD of 0.428 and the highest NC of 0.882, further highlighting the superiority of the proposed approach.

Key words: Diffusion models; New view synthesis; Neural radiance fields; 3D reconstruction; Yangtze finless porpoise
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