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Abstract
Singular Value Decomposition (SVD) is a core tool in matrix computing. In the field of image processing,
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SVD is widely used in image compression, denoising and feature extraction. The classic SVD algo-
rithm has high computational complexity and huge memory overhead when dealing with high-res-
olution images or large-scale scientific simulation data. This paper proposes that random SVD can
maintain high precision and is suitable for processing large-scale image matrices and high-dimen-
sional scientific observation data. Classic SVD is suitable for tasks of medium and small scale or with
high precision requirements, while random SVD has become one of the preferred solutions for effi-
ciently obtaining low-rank approximations in large-scale image analysis, scientific computing and
engineering applications. The random SVD-Tikhonov regularization method obtained by combin-
ing the random SVD in this paper with the Tikhonov regularization method can handle large-scale
undetermined problems. Numerical examples illustrate the effectiveness of this method.
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Table 1. Performance comparison of TR-tSVD and TR-tRSVD algorithms in the grayscale image restoration experiment
# 1. TR-tSVD # TR-RSVD BIATE /R B B &k & SR80 h A M BEELER

K F Hik =5 RE PSNR CPU time (s)
001 TR-tSVD 107 0.5138 22.69 483.36
TR-tRSVD 68 0.4325 24.36 78.23
0,001 TR-tSVD 184 0.3143 26.1818 501.83
TR-tRSVD 87 0.2521 28.17 89.36
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Figure 1. Restoration effect diagram of the grayscale image
B 1. xEEGHREHRE

DOI: 10.12677/aam.2026.156264 53 IR E==stid o


https://doi.org/10.12677/aam.2026.156264

5. R4

TR-tRSVD 5Lk T TR-tSVD M FE BN AL T HIB T 5 NFENLBEEHOAR, A S A T 26 A K
AT 5 1SVD R I 1) @ AL AR 4R T 25 8] P K /NBURE SVD THER, IR PR T iH RS
WAETHE . SILEIRS, TRARSVD fUKAUERE - FERiEIZH, FA TRy felk, Reus s+ K
PR o e K S ) . (ERSET7 1T, I A BRI BT 7k S RS 4, TRRSVD W LIAERFR Y TR-
tSVD MU LRI RIS, RIEER TSR . BRlitk, TR-tRSVD £E KA 5K 2 Kt AL B 5 S il R i
DL AR R A5 R RE -

HEEmE
WiH &K g T\ EGIRE i R S ) B HER 7T H %5 KYZK2025014.
SE ik

[1] Hansen, P.C. (1987) The Truncated SVD as a Method for Regularization. BIT, 27, 534-553.
https://doi.org/10.1007/bf01937276

[2] Engl, H.W., Hanke, M. and Neubauer, A. (1996) Regularization of Inverse Problem. Kluwer Academic Publishers.

[3] Avron, H., Maymounkov, P. and Toledo, S. (2010) Blendenpik: Supercharging Lapack’s Least-Squares Solver. SIAM
Journal on Scientific Computing, 32, 1217-1236. https://doi.org/10.1137/090767911

[4] Brezinski, C., Rodriguez, G. and Seatzu, S. (2008) Error Estimates for Linear Systems with Applications to Regulariza-
tion. Numerical Algorithms, 49, 85-104. https://doi.org/10.1007/s11075-008-9163-1

[5] Xu, P. (1998) Truncated SVD Methods for Discrete Linear Ill-Posed Problems. Geophysical Journal International, 135,
505-514. https://doi.org/10.1046/j.1365-246x.1998.00652.x

[6] Jia, Z.and Yang, Y. (2017) Modified TRSVD Algorithms for Large-Scale Discrete I11-Posed Problems.

[71 Bai, X., Huang, G., Lei, X., Reichel, L. and Yin, F. (2021) A Novel Modified TRSVD Method for Large-Scale Linear
Discrete Il1l-Posed Problems. Applied Numerical Mathematics, 164, 72-88. https://doi.org/10.1016/j.apnum.2020.08.019

[8] Xu, W., Shen, W. and Bai, Z.J. (2024) Two-Sided Uniformly Randomized GSVD for Large-Scale Discrete Ill-Posed
Problems.

[9] Noschese, S. and Reichel, L. (2014) A Modified Truncated Singular VValue Decomposition Method for Discrete 111-Posed
Problems. Numerical Linear Algebra with Applications, 21, 813-822. https://doi.org/10.1002/nla.1938

[10] Hansen, P.C. and O’Leary, D.P. (1993) The Use of the L-Curve in the Regularization of Discrete IlI-Posed Problems.
SIAM Journal on Scientific Computing, 14, 1487-1503. https://doi.org/10.1137/0914086

[11] Hansen, P.C. (1998) Rank-Deficient and Discrete 11l1-Posed Problems: Numerical Aspects of Linear Inversion. Society
for Industrial and Applied Mathematics. https://doi.org/10.1137/1.9780898719697

[12] Halko, N., Martinsson, P.G. and Tropp, J.A. (2011) Finding Structure with Randomness: Probabilistic Algorithms for
Constructing Approximate Matrix Decompositions. SIAM Review, 53, 217-288. https://doi.org/10.1137/090771806

DOI: 10.12677/aam.2026.156264 54 I3RS


https://doi.org/10.12677/aam.2026.156264
https://doi.org/10.1007/bf01937276
https://doi.org/10.1137/090767911
https://doi.org/10.1007/s11075-008-9163-1
https://doi.org/10.1046/j.1365-246x.1998.00652.x
https://doi.org/10.1016/j.apnum.2020.08.019
https://doi.org/10.1002/nla.1938
https://doi.org/10.1137/0914086
https://doi.org/10.1137/1.9780898719697
https://doi.org/10.1137/090771806

	一类求解离散不适定问题的截断奇异值分解方法
	摘  要
	关键词
	A Truncated Singular Value Decomposition Method for Solving Discrete Ill-Posed Problems
	Abstract
	Keywords
	1. 引言
	2. 奇异值分解算法
	2.1. 截断奇异值分解算法(TSVD)
	2.2. 随机化奇异值分解

	3. 截断随机SVD-Tikhonov正则化混合方法
	4. 数值实验
	5. 总结
	基金项目
	参考文献

