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Abstract

To address the shortcomings of the original RASL algorithm in image alignment and denoising
tasks—namely, the need to resolve kernel norm regularization issues, the requirement to compute
singular value decomposition (SVD) of large matrices at every iteration (resulting in excessive com-
putational complexity), and its difficulty in handling large-scale data—this paper proposes a fast

EIREE

SCEF| R, BERHE. FETHERE -5 SRR K PO 55 B SA D). N Bl R, 2026, 15(9): 59-69.
DOI: 10.12677/aam.2026.159373


https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2026.159373
https://doi.org/10.12677/aam.2026.159373
https://www.hanspub.org/

UMM, HERHE

alignment and denoising algorithm based on matrix decomposition and column sampling. First, we
decompose a low-rank matrix into the product of two submatrices and replace the original kernel
norm constraint with Frobenius norm constraints on these submatrices. This avoids the need to
directly compute SVD, significantly improving computational efficiency and denoising performance.
Second, we introduce a column sampling strategy during the solution process, further reducing
memory overhead and the computational complexity of subproblems. Numerical experiments on
four typical datasets demonstrate that our algorithm achieves significantly improved computa-
tional efficiency compared to the original RASL algorithm while maintaining excellent alignment
and denoising performance.
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Table 1. System resulting data of standard experiment
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Figure 1. Comparison chart of the two methods on the “Digits-3” dataset
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Figure 2. Comparison of the two methods on the Gore video dataset
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Figure 3. Comparison of the two methods on the LFW face dataset
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Figure 4. Comparison of the two methods using the Windows building dataset
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Table 2. Runtimes of RASL and the algorithm described in this paper on four datasets (in seconds)
3 2. RASL MAXE AN BIRE LASITRIE)(ALL: )

g Digits-3 Gore LFW Windows
RASL 372.29 263.62 69.12 135.08
ARSI 78.77 65.14 19.09 42.82

Table 3. Alignment accuracy (MSE) comparison between RASL and the proposed algorithm on four datasets
% 3. RASL 5AXE AN HHEE LRIXI ST E (MSE)XLE

a4 Digits-3 Gore LFW Windows
RASL 2.33x107 1.20x107° 6.71x107° 9.44x107
AL 2.20x107 1.24x10° 6.35x107 9.61x107
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