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Abstract Regularizer Prior Efficiency Guarantees
[1X Lof X O(MNB?) v
Leveraging intrinsic data priors is critical for effective data IX|Itv LSof X |O(MNBIlog(MN)) x
recovery. However, existing approaches often struggle to IX]« + BlIX||Tv | LS, L of X O(MN B?) X
achieve theoretical guarantees, strong performance, and com- IX|leTv LS, Lof X O(MN B?) v
putational efficiency simultaneously. In this paper, we in- IX|lrcoTv LS,Lof U O(MN R?) v

troduce a novel Representative Coefficient Correlated Total
Variation (RCCTV) regularizer that captures the recently ob-
served low-rank and local smoothness properties of the rep-
resentative coefficient tensor derived from a low-rank decom-
position. RCCTV regularizer offers three key advantages:
(1) it operates on a compact representative coefficient image
significantly smaller than the original data, enabling highly
efficient optimization; (2) it jointly enforces low-rankness
and spatial smoothness through a single regularizer, elimi-
nating the need for trade-off parameters; and (3) when in-
tegrated into a robust PCA framework (i.e., RCCTV-RPCA
model), it admits provable exact recovery under mild con-
ditions. To solve the resulting model, we develop an effi-
cient ADMM-based algorithm accelerated via fast Fourier
transform. Extensive experiments on both synthetic and real-
world datasets demonstrate that the RCCTV-RPCA model
achieves state-of-the-art accuracy while running significantly
faster. Our code and Supplementary Material are available at
https://github.com/mendy-2013/RCCTV.

Introduction

Robust principal component analysis (RPCA) (Candes et al.
2011) is a foundational model in data recovery that aims to
separate a low-rank matrix X and a sparse error matrix Sg
from a fully observed but corrupted matrix Y = X + Sp.
This decomposition is obtained by solving the following
convex optimization problem:

min || X[l + 5[ X][rv, (1
where || X||. denotes the nuclear norm (NN, sum of singular
values), and ||S||; represents the entry-wise ¢1-norm (sum
of absolute values of all entries). The parameter A > 0, typ-

ically set as 1/4/max(ny,ng) for an n; x ng matrix, bal-
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Table 1: Comparison of the properties of different regu-
larization terms applied to data X € RMN*B with rank
R(R < B), where U € RMNXE denotes the coefficient
matrix representing X. Here, “L” refers to low-rankness and
“LS” to local smoothness.

ances the trade-off between the low-rank and sparse com-
ponents. Under certain incoherence conditions (Candes and
Recht 2009; Chen 2015), RPCA guarantees exact recovery
with high probability (Candes et al. 2011; Lu et al. 2019).

The simplicity and theoretical elegance of RPCA have led
to its widespread adoption in numerous machine learning
and computer vision tasks, including image denoising (Peng
et al. 2022b), background subtraction in videos (Wang et al.
2023), etc (Bouwmans et al. 2018). However, RPCA only
captures the global low-rank structure of data; it often falls
short when applied to structured visual data such as hyper-
spectral images (HSI) (Wang et al. 2017; Peng et al. 2020),
multispectral images (MSI) (Peng et al. 2025b), and surveil-
lance videos (Cao, Yang, and Guo 2015; Cao et al. 2016).
These data exhibit not only global low-rank structure but
also strong local smoothness in the spatial domain.

Local smoothness refers to the property that neighboring
pixels in images often share similar intensity values, owing
to continuity in materials and scene content. This spatial reg-
ularity is especially prominent in remote sensing and video
data, where abrupt changes are rare. As illustrated in Fig-
ure 1, this smoothness manifests as sparsity in the gradient
domain, motivating the use of total variation (TV) regular-
ization (Rudin, Osher, and Fatemi 1992; Peng et al. 2024) to
capture local structure. To jointly exploit both low-rank and
local smoothness, a natural extension is to combine NN and
TV regularizer for the principal component data X, i.e.,

X[« + BlIX] v, 2
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Figure 1: Illustration of subspace inheritance of low-rank and local smoothness priors from the original data. A hyperspectral
image and a surveillance video are shown as representative examples.

where 8 > 0 controls the trade-off between the two priors.
Several works have adopted this formulation and reported
empirical improvements (He et al. 2015; Wang et al. 2017;
Peng et al. 2018). However, the fusion model (2) suffers
from two significant challenges: First, selecting the param-
eter (3 is nontrivial and data-dependent. Second, theoretical
analysis becomes intractable due to the absence of a recov-
ery theory for TV regularization.

To overcome these limitations, the correlated total vari-
ation (CTV) regularizer has been recently proposed (Peng
et al. 2022b; Wang et al. 2023; Peng et al. 2024), defined as:

IXllery = [[VX)], ©)

where V(-) is the spatial gradient (or difference) operator.
The CTV regularizer elegantly integrates both local smooth-
ness and global low-rank priors into a single term by apply-
ing the nuclear norm to the gradient map. This eliminates
the need for a trade-off parameter while enabling theoretical
recovery analysis. As shown in Table 1, models employing
CTYV enjoy both practical and theoretical benefits.

Despite these advances, existing models still suffer from
scalability issues. Both NN, TV, and CTV regularizers op-
erate on the original high-dimensional data, which becomes
computationally burdensome for large-scale visual data such
as HSI/MSI and videos. This raises a fundamental question:
Can we design a computationally efficient model that pre-
serves local smoothness and low-rank priors, while also of-
fering theoretical guarantees for recovery?

In this work, we address this question by examining the
structure of the low-rank subspace. Large-scale data of in-
terest such as HSI/MSI and videos can typically be modeled
as a low-rank tensor X € RM*NxB which admits the fac-
torization X = U x3 V, where Y € RM*NxE (R <« B)
contains the representative coefficients, and V € REXE jg
the end-member matrix. The mode-3 product X 5 projects the
tensor onto a lower-dimensional subspace (Kolda and Bader
2009). Interestingly, we find that in real data, the represen-
tative tensor U/ inherits the local smoothness of X—i.e., its
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spatial gradients remain sparse—while the unfolded matrix
U = unfoldz(Uf) € RMNXE retains low-rank structure.
See Figure 1 for illustrations. This observation inspires us to
define a regularizer on the much smaller matrix U, signifi-
cantly improving computational efficiency:

IX|lrcerv = [V(U)]., (4)

where V is a orthogonal matrix that satisfies Vv =1,
and X = unfoldz(X) € RMN*B We refer to Eq. (4) as
the RCCTYV regularizer, where the nuclear norm is applied
to the spatial gradients of the representative coefficient ma-
trix U. Because U contains only R slices, this formulation
significantly reduces computational cost. Defining the regu-
larizer in the low-rank subspace further preserves essential
structural priors while facilitating theoretical analysis. As
summarized in Table 1, RCCTV is the only approach that
simultaneously achieves unified prior modeling, computa-
tional efficiency, and provable guarantees.

In summary, our main contributions are:

stX=UV',

* Regularization Design: We introduce the RCCTYV regu-
larizer, which simultaneously captures low-rank and lo-
cal smoothness properties on a compact subspace repre-
sentation. This avoids trade-off parameters and enhances
computational efficiency.

* Theoretical Analysis: We formulate the RCCTV-RPCA
model and establish exact recovery guarantees under
mild conditions. To our knowledge, this is the first
subspace-based model that unifies spatial smoothness
and low-rankness with rigorous theory.

* Algorithm and Implementation: We develop an effi-
cient optimization algorithm based on the Alternating
Direction Method of Multipliers (ADMM), accelerated
using the fast Fourier transform. Extensive experiments
on synthetic and real-world datasets demonstrate state-
of-the-art performance in accuracy and speed.

Notations. For a given dataset X € RM*NxB that exhibits
joint low-rankness and local smoothness, we let M, N, and



(b) representative coefticient
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Figure 2: Illustration of the effect of Gaussian noise (o =
0.4) on an HSI and its representative coefficient images.

B denote the sizes of its three modes, respectively. We de-
fine the mode-3 unfolding of X as X € RMNXB which
satisfies X = unfold(X') and X = fold(X). For a matrix
X € RMNXB of rank R, it admits the low-rank decompo-
sition X = UV, where U € RMNXE gnd V ¢ RBxR
denote the representative coefficient matrix and the end-
member matrix, respectively. We further define the differ-
ence operators on U as V,;, ¢ = 1,2, given by

V(U) = unfold (D; (fold(U))) = G, (5)

where D;,i = 1,2 denotes the spatial difference operator
applied along the horizontal and vertical directions of the
representative coefficient tensor I = fold(U) € RM*N*E,

i=1,2,

Representative Coefficient Correlated Total
Variation Regularizer

Next, we introduce the Representative Coefficient Corre-
lated Total Variation (RCCTV) Regularizer from three per-
spectives: the model, the theory, and the algorithm.

RCCTV-RPCA Model

To illustrate the motivation behind the proposed RCCTV
regularizer, we consider two representative examples: a hy-
perspectral image (HSI) and a surveillance video. As de-
picted in Figure 1, we observe three key properties:

1. A low-rank tensor X € RM*NXB of rank R along the

third mode has a representative coefficient tensor with
only R slices. When the data is strongly low-rank (i.e.,
R/B < 1), operating on the representative coefficients
enables significantly faster optimization.

The representative coefficient tensor obtained via low-
rank decomposition exhibits clear local smoothness. This
is evidenced by the sparsity in the spatial gradient maps
of U shown in Figure 1.

. The unfolded coefficient matrix U retains approximate
low-rank structure, as indicated by a rapidly decaying
singular value spectrum, again seen in Figure 1.

Furthermore, as shown in Figure 2, adding Gaussian noise
to the original data severely distorts its structure. However,
after applying the low-rank decomposition, the resulting co-
efficient tensor U largely preserves the underlying spatial
patterns of the clean data. This robustness arises because
the decomposition extracts the principal components of the
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signal, which are inherently less sensitive to noise. Conse-
quently, the representative coefficient tensor often maintains
greater structural integrity than the noisy data itself.
Motivated by these observations and inspired by the CTV
regularizer, we introduce a new variant applied to the rep-
resentative coefficients. This formulation captures both low-
rankness and local smoothness within a lower-dimensional
subspace, leading to the RCCTV regularizer, defined as:

2
IX[rcorv =Y [Vi(U)[., stX=TUV', (6)

i=1

where U € RMNXE ig the coefficient matrix, V. € RBE*E
is the basis matrix with V'V = I, and R is a predefined
rank. Note that Egs. (4) and (6) are equivalent forms of the
RCCTYV regularizer, with Eq. (6) explicitly indicating the
directional gradient terms. We now explain why RCCTV reg-
ularizer effectively captures both the low-rank structure of
the original data and the local smoothness property of its
subspace factor.

1. The original tensor X exhibits strong low-rankness along
the third mode. In the RCCTYV regularizer, this structure
is explicitly modeled by fixing the rank R in the low-rank
decomposition.

. As shown in Figure 1, the coefficient matrix U also dis-
plays approximate low-rank structure, but this property
is weaker than that of the original tensor. Enforcing an
even lower rank may cause information loss. Therefore,
applying the nuclear norm to U provides a more flexible
and adaptive way to encourage low-rankness.

. By norm compatibility, we have:
IVi(U)lle < [IVi(U) [l < [Vi(U)]1, (D)

where the Frobenius and ¢; norms correspond to
isotropic and anisotropic TV regularizations, respec-
tively (He et al. 2015; Peng et al. 2022a). This inequal-
ity indicates that minimizing the nuclear norm of the
gradients (i.e., CTV) also promotes local smoothness.
Consequently, the RCCTV regularizer naturally inher-
its and enforces spatial continuity in the coefficient do-
main (Peng et al. 2022b).

Following the classical RPCA framework (Candes et al.
2011), we incorporate the RCCTV regularizer into the ob-
jective to formulate a new model for recovering locally
smooth principal components:

in [X[lrcerv + 2781 s,tY =X+8,  ©®)
where Y denotes the observed corrupted data, and S rep-
resents sparse noise or outliers. By substituting Eq. (6) into
Eq. (8), we obtain the equivalent formulation:

min
X=UVT,S

2
Vi (U)||x + 2A|IS||1,
;II (Ul Sl ©)

st. Y=UV'4+8SV'V=L

By expressing X in its low-rank factorized form UV T,
Eq. (9) provides an equivalent formulation that operates in a



compact subspace. Here, the nuclear norm of the gradients
V(U) enforces local smoothness in the coefficient domain,
and the orthogonality constraint V'V = I ensures iden-
tifiability of the low-rank factors. This formulation enables
efficient and theoretically grounded recovery of low-rank,
locally smooth components.

Theorem Guarantee

Next, we establish the exact recovery guarantee for the pro-
posed RCCTV-RPCA model (9). As with other RPCA-based
formulations, a key requirement for successful recovery is
the incoherence condition on the low-rank component. This
condition ensures that the left and right singular vectors of
the underlying low-rank matrix are not excessively concen-
trated or aligned with the standard basis, which could other-
wise impede the separation from sparse corruptions (Candes
and Recht 2009; Chen 2015; Zhang et al. 2020).

Since the nuclear norm is defined on the gradient map
of the subspace factor (i.e., representative coefficient matrix
U), we impose the incoherence condition directly on V;(U)
rather than on the gradient of V;(X). Specifically, let each
gradient map V,;(U) (i = 1, 2) admit the singular value de-
composition L;X;R,|, where L; € Rm*" R, € R"2xT",
We then make the following subspace incoherence assump-
tion with constant x for the RCCTV-RPCA model (8):

Assumption 1 (Subspace Incoherence) For a low-rank
matrix V;(Ug) € R™*™ with rank r, it satisfies the in-
coherence condition with parameter L, i.e.,

A ur N ur
max|[L]ex]* < % max[RTel* < 1
T ur (10)
ning

where L; € R™*" and R; € R™2*" are obtained from the
singular vector decomposition of V;(Uy) and &y, is the k-th
standard basis vector (Candes et al. 2011).

Based on the subspace incoherence assumption (i.e., As-
sumption 1), we can obtain the following exact recoverabil-
ity theorem.

Theorem 1 Suppose that the gradient maps of the represen-
tative coefficient matrix of the clean data X (i.e., V;(U) €
R™M*n2 4 = 1, 2) satisfy Assumption 1, and that the support
set Q) of Sg is uniformly distributed among all sets of cardi-
nality m. Then, there exists a numerical constant ¢ > 0 such
that, with probability at least 1 — cnflo (over the choice
of the support of Sy), the RCCTV-RPCA model (8) with
X = 1/y/n1 exactly recovers the underlying components,

i.e., the solution (X,S) = (Xq, So), provided that
rank(Xo) < pynop” ' (logni) ™2, and m < psnina, (11)

where p, and ps are some positive numerical constants, and
m is the number of the support set of Sy.

The proof of the above theorem follows a similar strat-
egy to (Peng et al. 2025a) and is provided in the supple-
mentary material. This result asserts that when the gradient
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Model Computational Complexity
CTV O(MNBlog(MN) + MNB?)
RCCTV O(MNRlog(MN)+ MNR?+ MNB + BR?)

Table 2: Comparison of the computational complexity for
CTV- and RCCTV-based RPCA model.

maps V;(U), i = 1,2, of the representative coefficient ma-
trix U satisfy the subspace incoherence condition (i.e., As-
sumption 1), and the support of Sy is randomly distributed,
the RCCTV-RPCA model (9) can exactly recover both the
low-rank, locally smooth components and the sparse com-
ponent with high probability.

Optimization Algorithm

To efficiently solve the RCCTV-RPCA model (9), we adopt
the well-established Alternating Direction Method of Multi-
pliers (ADMM) framework (Boyd, Parikh, and Chu 2011).
This approach enables the original optimization problem to
be decomposed into a sequence of simpler subproblems,
each of which can be solved efficiently in closed form.
We begin by formulating the corresponding augmented La-
grangian function as follows:

‘C(Uv Vv Sv {I‘i}?:lv {GZ}?:l)

2 T
=3 (1@ + v -6+ &
=1 2 w

2
)
r 2
+2A||SH1+EHY—UVT—S+—3H . (12
2 wllF

where G; and G are auxiliary variables introduced to de-
couple the non-smooth nuclear norm terms, ¢ > 0 is the
penalty parameter, and I'y, I's, and I's are the associated
Lagrange multipliers. Each subproblem in this framework
admits an efficient closed-form update. For brevity, the full
update rules and detailed derivations are provided in the sup-
plementary material.

The detail process of solving Eq. (12) via ADMM sum-
marized in the supplementary material, each iteration of the
algorithm involves several efficient operations: updating U
via the Fast Fourier Transform (FFT), updating V and G;
(¢ = 1,2) via small-scale singular value decomposition
(SVD), updating S using soft-thresholding, and perform-
ing matrix multiplications. The computational complexity
of each step is as follows: O(M N B) for soft-thresholding,
O(BR?) for updating V, O(M N R?) for updating G,
and O(RM N log(M N)) for updating U via FFT. Conse-
quently, the total per-iteration complexity is

O(MNB + BR?* + MNR? + RMN log(MN)), (13)

which demonstrates that the algorithm scales efficiently with
both the data dimensions and the subspace rank, making it
well-suited for large-scale, high-dimensional datasets.

It is worth noting that the CTV-RPCA model can be re-
garded as a special case of the RCCTV-RPCA framework
when V = I. However, unlike RCCTV-RPCA, CTV-RPCA



does not exploit the low-rank structure of the representative
coefficient matrix U. Furthermore, since RCCTV-RPCA op-
erates in a substantially smaller subspace (R < B), it
achieves significantly lower computational complexity. A
detailed comparison of computational costs is provided in
Table 2, which clearly demonstrates that RCCTV-RPCA is
far more efficient than CTV-RPCA, particularly in high-
dimensional settings.

Simulation Experiments

This section presents experiments on synthetic data to eval-
uate the RCCTV-RPCA models performance and theoretical
claims, using datasets with both low-rank and local-smooth.

Low-rank and Local-smooth Data Generation

We first generate the tensor Xy = U x3 V, where the coef-
ficient tensor U € RMXNXE the basis matrix V € REXFE,
and R < min M N, B. To ensure that &{y exhibits strong
local smoothness, we adopt the same data generation mech-
anism as in (Peng et al. 2022b):

1. Generate the representative coefficient tensor / by ran-
domly selecting R initial points. Assign each remaining
point to its nearest initial point, thereby partitioning the
space into R regions, with each region sharing the same
representative coefficient vector. Each element is sam-
pled independently.

Generate the basis matrix V by first sampling each vector
'V (i, :) independently and then applying smoothing.

3. Normalize the grayscale values of each column of V to
lie within [0, 1] and obtain Xg via Xy = unfolds(Xp) =
unfolds (U x3 V).

Additionally, Sy is generated by randomly and uniformly
selecting a support set € of size m, and setting So = Pq(E),
where E is a matrix with independent Bernoulli 1 ele-
ments. Finally, we set Y = X + Sy. In all subsequent
experiments, we set M = N = 10 and B = 200.

Phase Transition in Sparsity and Rank

Next, we investigate how the rank of Xy and the spar-
sity of Sy influence the performance of the RCCTV-RPCA,
3DCTV-RPCA, and standard RPCA models. We vary the
sparsity ps of Sy and the rank-to-dimension ratio R/B
of X between 0 and 0.6, performing 30 trials for each
pair (ps, R) to reduce randomness. A trial is considered
a successful recovery if the recovered matrix X satisfies
IXo — X #/|Xo | < 0.05.

Figure 3 shows that both the RCCTV-RPCA and 3DCT V-
RPCA models outperform PCP! in recovery, achieving suc-
cess rates of 36.2%, 43.4%, and 12.8%, respectively. Since
the generated data is continuous along all three dimensions,
it is naturally more suitable for the 3DCTV-RPCA model,
which enforces continuity in three dimensions. In contrast,
the RCCTV regularizer proposed in this work performs a

"Robust Principal Component Analysis (RPCA) seeks principal
components, and in (Candes et al. 2011), RPCA is also referred to
as PCP.
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Figure 3: Fraction of correct recoveries across 30 trials as a
function of the sparsity of Sy (x-axis) and the rank of X (y-
axis). The phase transition diagrams of (a) PCP, (b) 3DCT V-
RPCA, and (¢) RCCTV-RPCA models are shown. (Yellow
and black areas: successful and failed recovery cases).

low-rank decomposition along the third mode to accelerate
computation. While the CTV regularizer can only be applied
to the representative coefficients, the RCCTV approach does
not explicitly account for connectivity along the third dimen-
sion, leading to a slightly smaller recoverable region com-
pared to 3DCTV-RPCA. However, because the rank R is
much smaller than the spectral dimension B (see Table 2),
the RCCTYV regularizer achieves significantly higher com-
putational efficiency. Taking into account this acceleration,
the phase transition results of RCCTV-RPCA are still con-
sidered highly satisfactory.

Real Experiments

To further validate the RCCTV-RPCA model, we evaluate
its performance on three tasks: HSI denoising, MSI denois-
ing, and surveillance video background extraction.

Comparison Methods. We compare our approach with
several classical and state-of-the-art low-rank and sparse de-
composition methods, including 3DCTV-RPCA (Peng et al.
2022b), RPCA (Candes et al. 2011), MPCP (Zhan and
Vaswani 2015), PCPF (Chiang, Hsieh, and Dhillon 2016),
VBPRCA (Babacan et al. 2012), ReglL1 (Zheng et al. 2012),
WNNM (Gu et al. 2014), PRMF (Gu et al. 2014), MOG
(Meng and De La Torre 2013), LRMR (Zhang et al. 2014),
and LRTV (He et al. 2015). Additional implementation de-
tails are provided in the supplementary material.

Noise Setting. Denoising experiments were conducted
under two types of noise: sparse noise and mixed noise.
Sparse noise was simulated by adding varying levels of salt-
and-pepper noise, whereas mixed noise was generated by
combining sparse noise with zero-mean Gaussian noise of
different standard deviations.

HSI and MSI Denoising

The HSI dataset used is DC Mall (Zhang et al. 2014), with
dimensions 200 x 200 x 160. The MSI dataset used is the
CAVE dataset (Yasuma et al. 2010)2, which includes 32 mul-
tispectral images, each of size 512x 512 x 31. Additional de-
tails are provided in the supplementary material. For quanti-
tative evaluation, we use peak signal-to-noise ratio (PSNR)
and structural similarity index (SSIM) (Wang et al. 2004).

*https://www.cs.columbia.edu/CAVE/databases/multispectral/
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Figure 4: Pseudo-color reconstructions of HSI (bands 60-27-17) and MSI (bands 25-15-2) under Gaussian noise (¢ = 0.1) and
sparse noise (p = 0.2). PSNR (dB) and runtime (s) are reported below each image, which are magnified 3 times for clarity.

RCCTV| CTV

Noise | Metric _RPCA |-RPCA

PCP | VBRPCA |Regl.1 | WNNM | PRMF | MoG | LRTV | LRMR | MPCP | PCPF

Sparse noise
psnr | 51.94 | 49.42 | 45.03 | 43.13 | 43.64 | 4226 | 44.11 |42.95|39.28 | 43.62 | 47.10 | 45.33

5=0.10 ssim | 0.998 | 0.999 | 0.998 | 0.997 | 0.992 | 0.996 | 0.997 [0.991| 0.985 | 0.994 | 0.999 | 0.998
S =020 _Psnr 49.05 | 48.28 | 43.54 | 4240 | 4350 | 41.90 | 44.15 |37.63|39.05 | 41.73 | 45.10 | 43.76
ssim | 0.999 | 0.999 | 0.998 | 0.998 | 0.991 | 0.996 | 0.997 |0.976| 0.979 | 0.996 | 0.999 | 0.998
S =030 Psor 47.57 | 46.98 | 41.31 | 41.43 | 3822 | 38.43 | 44.03 |37.41|35.61 | 41.23 | 42.83 | 41.32
ssim | 0.999 | 0.999 | 0997 | 0.997 | 0.980 | 0.990 | 0.997 [0.975| 0.967 | 0.996 | 0.998 | 0.997
S = 040 |_Psor 45.65 | 45.18 | 38.59 | 40.12 | 3537 | 36.05 | 43.54 |35.66| 35.26 | 40.51 | 39.95 | 38.60

ssim | 0.998 | 0.998 | 0.997| 0.996 | 0.967 | 0.985 | 0.997 |0.963| 0.967 | 0.995 | 0.996 | 0.994
Sparse noise and Gaussian noise
G=0.05 | psnr | 3897 | 37.89 |3530| 34.66 | 37.08 | 34.92 | 36.83 |38.36| 36.24 | 35.56 | 34.96 | 35.27
S$=0.10 | ssim | 0.986 | 0.983 | 0.981 | 0.963 | 0973 | 0.977 | 0.978 {0.970] 0.972 | 0.977 | 0.981 | 0.976
G=0.10 | psnr | 3496 | 33.81 [31.37| 30.32 | 31.31 | 32.51 | 31.90 |33.63|33.54| 32.41 | 31.94 | 31.35
S=0.10 | ssim | 0.967 | 0.957 | 0.952| 0.915 | 0.901 | 0.951 | 0.921 [0.943| 0.944 | 0.946 | 0.952 | 0.951
G=0.05| psanr | 35.54 | 33.49 (3147 | 30.21 30.96 | 31.41 | 31.92 |32.51|31.46| 31.09 | 31.71 | 31.56
S5=0.20 | ssim | 0.968 | 0.964 | 0.952| 0917 | 0912 | 0.951 | 0.924 {0.934] 0.946 | 0.930 | 0.957 | 0.953
G=0.10 | psnr | 31.75 | 30.16 | 29.27 | 2829 | 28.84 | 29.58 | 30.22 {29.52|29.14 | 28.80 | 29.45 | 29.41
S$=0.20 | ssim | 0.934 | 0.926 | 0.906 | 0.890 | 0.879 | 0.916 | 0.913 [0.904| 0.907 | 0.912 | 0.912 | 0.911
Mean Times(s) | 7.10 | 85.87 | 4.98 47.97 1951 | 9.56 | 65.79 | 1214 | 84.77 | 66.86 | 540.7 | 14.99

Table 3: Quantitative comparison of all methods on the DC Mall dataset under varying sparse (S) and Gaussian (G) noise levels.
Each value denotes the average of five runs. The best and second-best results are shown in bold and underlined, respectively.

data .

Methods curt. airp. foun. esca. shop. boot. lobb. camp. wate. Average Mean Times(s)
RCCTV-RPCA 0.9126 0.9168 0.9506 0.9144 0.9504 0.9475 0.9274 0.8936 0.9432 0.9280 0.22
3DCTV-RPCA 0.8922 0.9158 0.9375 0.9145 0.9497 0.9300 0.9158 0.8878 0.9399 0.9200 3.01
PCP 0.8721 0.8721 0.9417 0.9049 0.9450 0.9131 0.9169 0.8919 0.8357 0.8990 0.41
RegL1 0.8899 0.8977 0.9194 0.4159 0.9423 0.8819 0.9249 0.8871 0.8920 0.8501 1.33
PRMF 0.8820 0.8894 0.9164 0.9061 0.9413 0.8846 0.9215 0.8865 0.8791 0.9007 4.27
PCPF 0.8720 0.8720 0.9419 0.9048 0.9438 0.9135 0.9150 0.8912 0.8323 0.8984 0.34
GODEC 0.9049 09143 0.9419 09112 0.9502 0.9252 0.9238 0.8877 0.8899 0.9165 0.14
OMoGMF  0.9130 0.9001 0.9099 0.9125 0.9210 0.9336 0.9046 0.8693 0.9370 0.9112 0.06

Table 4: AUC results of competing methods on the Li dataset. Values are averaged over annotated frames.
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Oirginal Groundtruth P RegL1 RMF PCPF GODEC OMoGMF 3DCTV-RPCA  RCCTV-RPCA

Figure 5: Visual comparison of foreground restoration across methods. Columns show original frames, ground-truth masks, and
method outputs. Rows correspond to Watersurface, Shoppingmall, and Fountain.

—

M 3DCTV-RPCA effectively extract moving objects while pre-

serving clean and stable backgrounds. RCCTV-RPCA fur-
ther reduces ghosting artifacts and better maintains tempo-
ral consistency across frames, especially under illumination
changes and dynamic scene variations. Overall, RCCTV-
RPCA achieves superior accuracy, visual quality, and com-
putational efficiency, demonstrating the effectiveness of in-
tegrating low-rank subspace modeling with locally smooth
representative coefficients.

1 6 1 16 21 26 1 6 11

16 21 26
Rank Rank

Figure 6: Sensitivity analysis of rank R under Gaussian
noise with variance of 0.1 and sparse noise with percentage Ablation Experiments

of 0.2 on DC Mall dataset. For model (9), performance is mainly governed by two hy-

perparameters: the rank R and the trade-off parameter A.
. Influence of Rank. The rank R affects both reconstruction
Table 3 reports quantitative results on the DC Mall accuracy and computational cost. Larger R values capture
dataset, where RCCTV'RPCA model consistently outper- richer spectral correlations but incur higher complexity. As
forms both baseline and state-of-the-art methods across shown in Fig. 6, RCCTV-RPCA remains stable over a wide

.all metrics. F}%fure 4 shpws PSGP‘?O'COIOY visual cpmp;;tr— range of R under complex noise on the DC Mall dataset,
isons under different noise conditions, demonstrating that indicating robustness to rank selection. While runtime in-

RCCTV-RPCA better preserves color fidelity and spatial creases approximately linearly with R, reconstruction per-
smpothness while effegtlvel}{ handling sparse and mixed formance saturates beyond a moderate rank. In practice, set-
noise. PSNR and runtime (in seconds) are listed below ting R between 6 and 10 achieves a good balance between
each image, highlighting its computational efficiency. By accuracy and efficiency.

modeling representa.tive coe.fﬁcients.in a 1ow-rapk subspace, Influence of trade-off parameter ). The parameter A bal-
RCCTV-RPCA achieves hlgh-quath' restoration at lower ances the low-rank component and sparse reiiduals. Accord-
cost than full-tensor methods. Add1t1onal results are pro- ing to RPCA theory, setting A = 1/\/n7 (with ny denoting
vided in the supplementary material. the first dimension of the unfolded data) provides a princi-
pled trade-off between the nuclear norm and ¢; norm terms.

Video Foreground-Background Separation Empirically, adjusting A\ based on noise characteristics can

This task is a classic RPCA application, where the video further improve performance. Ablation results in the supple-
background is modeled as the low-rank component and the mentary material show that appropriate tuning of A\ consis-
moving foreground as the sparse component. We evaluated tently enhances PSNR and SSIM. In the absence of prior
performance using the Li dataset® for evaluation. As re- knowledge, A = 1/,/n1 remains a reliable default choice.
ported in Table 4, both RCCTV-RPCA and 3DCTV-RPCA

achieve outstanding performance in background-foreground Conclusion

separation. Compared to 3DCTV-RPCA, RCCTV-RPCA of- . . . .
fers a clear advantage in runtime, demonstrating the effi- This paper introduces a fast RCCTV regularizer that jointly
ciency gains from subspace modeling and operating on the captures low-rank structure and local smoothness of repre-

sentative coefficients in a low-dimensional subspace. Based

compact representative coefficients. : ¢
on this regularizer, we develop the RCCTV-RPCA model

Figure 5 compares the background—foreground separa-

tion results of different methods. Both RCCTV-RPCA and and establish its exact recovery guarantee. Extensive exper-
- iments demonstrate the effectiveness and scalability of RC-
*http://perception.i2r.a- star.edu.sg/bkmodel/bkindex.html CTYV for large-scale structured visual data recovery.
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