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Abstract

Possion equation is one of the simple and effective methods to keep the surface smooth in surface
reconstruction. Since the equation is isotropic diffusion, it will inevitably smooth the sharp fea-
tures of the surface. In this study, the diffusion tensor that can retain the details of the surface was
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constructed by convolution of Gaussian kernel and structure tensor, and the diffusion tensor was
introduced into Possion equation to set the weight of anisotropy for gradient, so as to establish a
reconstruction model based on anisotropic diffusion paritial differential equation that can give
consideration to both smooth and sharp features of the surface. Guass elimination method was
used to solve the discrete model to get the height value. Numerical experimental results show that
the proposed method can preserve the sharp and edge features of the object, and the reconstruc-
tion effect is better.
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Figure 1. Gradients in the x and y directions
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Figure 2. Reconstruction of no outliers
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Figure 3. Reconstruction in presence of noise and outliers
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Figure 4. One-D height plot
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Table 1. Mean square error and relative mean square error
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Possion /712 0.32 95.01 11.53 2189.05
Agrawal 777k 0.42 109.15 245 242.45
KNI IWIRFS 0.31 79.24 1.23 198.32

DOI: 10.12677/aam.2023.125213 2099 I3RS


https://doi.org/10.12677/aam.2023.125213

X g

M L ATRURBL, TR F AT O, =R SRR ERMR . AR R FER, AWT7TJ57%5 Possion
TIRERARTTIEA Agrawal J7iEAH EE BT EAEHLIRAR T Mse, X2 BRIV AHIEFLIEE T & & RIE sz 56
ROBUERAF 7%, BAR Rmse B, (HIXAESEER M 2 AT 452 1

5. B4

IN=A

SER VR G R T S5 B0 ) Hessian A FESRAG— MRANTT AP BLGK &, 7ERREER P e,
FINAZGK B A IS v B 4% (R AR A IR 5% 10 S VE A E, AN 1 — A3k 45 17 53 P97 i PDE il i 2 g A A,
T SR A EUE 25 U IR MR = 4R . USRI R, AR VEARLL, AHIF 7T 752
EENCRE A, HORE TYIRIRBUE. ARRF B A B SRR IE DL, MEARIE, A2
(USRI SR AR T 45 ) S P B S o A T

E&InE
2022 fEHIF A BB JTRFEWE AT H (22A0368), 75 B oK SE R R I H (Jdy22012).
SEHk

[1] Horh, B.K.P. (1990) Height and Gradient from Shading. International Journal of Computer Vision, 5, 37-75.
https://doi.org/10.1007/BF00056771

[2] Achuta, K., Vage, T., Shi, B.X., et al. (2017) Depth Sensing Using Geometrically Constrained Polarization Normals.
International Journal of Computer Vision, 125, 34-51. https://doi.org/10.1007/s11263-017-1025-7

[3] Frankot, R.T. and Chellappa, R. (1988) A Method for Enforcing Integrability in Shape from Shading Algorithms. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 4, 439-451. https://doi.org/10.1109/34.3909

[4] Simchony, T. and Chellappa, R., et al. (1990) Direct Analytical Methods for Solving Equations in Computer Vision
Problems Poisson. IEEE Transactions on Pattern Analysis and Machine Intelligence, 12, 435-446.
https://doi.org/10.1109/34.55103

[5] Agrawal, A, Raskar, R., et al. (2006) What Is the Range of Surface Reconstructions from a Gradient Field? European
Conference on Computer Vision, 3951, 578-591. https://doi.org/10.1007/11744023_45

[6] Quean, Y., Durou, J.-D., et al. (2018) Variational Methods for Normal Integration. Journal of Mathematical Imaging
and Vision, 60, 609-632. https://doi.org/10.1007/s10851-017-0777-6

[71 Weickert, J. (1996) Anisotropic Diffusion in Image Processing. University of Kaiserslautern, Kaiserslautern.

[8] Whitaker, R.T. and Pizer, S.M. (1993) A Multi-Scale Approach to Nonuniform Diffusion. CVGIP: Image Understand-
ing, 57, 99-110. https://doi.org/10.1006/ciun.1993.1006

[9] Bao, J.M., Jing, J.F., et al. (2022) A Corner Detection Method Based on Adaptive Multi-Directional Anisotropic Dif-
fusion. Multimedia Tools and Applications, 81, 28729-28754. https://doi.org/10.1007/s11042-022-12666-w

[10] Ax¥%, NI, BRGAE, & B THESNEECE S /D IV EZSER]. D/ 5B06THE, 2019, 8(48): 283-
288.

DOI: 10.12677/aam.2023.125213 2100 I3RS


https://doi.org/10.12677/aam.2023.125213
https://doi.org/10.1007/BF00056771
https://doi.org/10.1007/s11263-017-1025-7
https://doi.org/10.1109/34.3909
https://doi.org/10.1109/34.55103
https://doi.org/10.1007/11744023_45
https://doi.org/10.1007/s10851-017-0777-6
https://doi.org/10.1006/ciun.1993.1006
https://doi.org/10.1007/s11042-022-12666-w

	基于各向异性扩散PDE的曲面重建
	摘  要
	关键词
	Surface Reconstruction Based on Anisotropic Diffusion Paritial Differential Equation
	Abstract
	Keywords
	1. 引言
	2. 基于各向异性扩散PDE曲面重建模型
	3. 扩散张量的构造与数值求解
	3.1. 扩散张量
	3.2. 数值离散化

	4. 数值实验
	5. 总结
	基金项目
	参考文献

