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Abstract—Tensor Robust Principal Component Analysis (TR-
PCA) is an important technique in computer vision and machine
learning, with numerous applications such as color image
denoising and video background separation. Tensor nuclear norm
minimization (TNNM) is a classical approach for TRPCA that
has been shown to recover low-rank and sparse tensors under
certain conditions. However, TNNM penalizes all rank components
equally, ignoring their relative importance, which often leads to
suboptimal recovery results. To overcome this limitation, we
propose a novel truncated nonconvex fractional function to
approximate the tensor multi-rank function. Benefiting from
the truncation strategy and the nonconvex fractional structure,
the proposed function preserves dominant singular values while
adaptively penalizing less significant ones. Based on this function,
we formulate a TRPCA model for separating low-rank structures
and sparse noise from tensor data. An efficient algorithm based
on the alternating direction method of multipliers (ADMM) is
developed, and its computational complexity is analyzed. Extensive
experiments on both synthetic and real-world datasets demonstrate
that the proposed method outperforms several state-of-the-art
approaches.

Index Terms—Tensor robust principal component analysis,
Truncated nonconvex fraction function, Color image denoising,
Video background subtraction

I. INTRODUCTION

Tensors, as a natural representation of multi-dimensional
data, have been widely used in many applications, such as
communication systems [1], machine learning [2]–[4], video
background subtraction [5]–[7] and image/video denoising [8]–
[12]. However, the collected tensor data is often contaminated
by noise or outliers during acquisition and transmission, which
severely affects data analysis and applications. To address this
challenge, robust principal component analysis (RPCA) [13],
[14] has been extensively studied, which aims to decompose
the observed data into a low-rank component and a sparse
component. Nevertheless, due to the inability to fully exploit the
inherent multi-dimensional structure of real-world data, RPCA,
which is limited by matrix representation, has naturally been
extended to tensor RPCA (TRPCA). Generally, the TRPCA
problem can be modeled as follows:

min
X ,E

rank(X ) + λ ∥E∥0 s.t.D = X + E , (1)
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where rank(·) denotes the tensor rank function, ∥·∥0 denotes
the ℓ0-norm, and λ is a positive weighting parameter. Unfor-
tunately, directly solving (1) is computationally prohibitive,
since both tensor rank minimization and ℓ0-norm minimization
are NP-hard problems [15]. To address this problem, Lu et al.
[7] utilized the tensor nuclear norm (TNN) and ℓ1-norm to
convexly approximate the tensor rank function and promote
sparse solutions, respectively, thus obtaining the following
optimization problem:

min
X ,E
∥X∥∗ + λ ∥E∥1 s.t.D = X + E . (2)

However, the TNN is only a rough approximation, which
may lead to suboptimal solutions [16]. This is because, in
practical applications, there are significant differences between
the singular values of a tensor, with larger singular values
containing the main structural information. The nuclear norm
treats all singular values equally [17], leading to larger
singular values being excessively penalized, thus introducing
unavoidable bias.

To overcome this limitation, various improved or nonconvex
relaxation methods have been developed to solve the low-
rank tensor recovery problem [18]–[22]. For instance, Luan
et al. [18] proposed a TRPCA model based on truncated
nuclear norm and truncated Frobenius norm, which improves
the accuracy of low-rank recovery by minimizing min singular
values. However, the hybrid truncation strategy still treats the
rank components uniformly, which may fail to fully exploit
their relative importance, thus limiting the separation accuracy.
Zheng et al. [20] proposed a TRPCA model based on the
weighted sum of the tensor nuclear norm (WSTNN), which
improves the accuracy of low-rank and sparse decomposition
by assigning different weights to tensor nuclear norms along
different modes. Moreover, Gao et al. [22] developed an
enhanced TRPCA (ETRPCA) model, which achieves better
preservation of important structural information in tensor data
by assigning different weights to singular values. Nevertheless,
the performance of the WSTNN and ETRPCA methods
is highly dependent on the choice of weight parameters,
which limits the applicability of the models in practical
applications. In summary, the above methods either ignore the
prior rank information, which leads to inaccurate separation



of low-rank and sparse components, or lack robustness in
practical applications, thereby resulting in unstable separation
performance.

Motivated by the above limitations, we propose a novel trun-
cated nonconvex fractional function to approximate the tensor
multi-rank function. This function has the following three major
advantages: 1) Low-rank prior preservation. By introducing
the truncation strategy, the proposed function preserves the
dominant singular values, which generally characterize the
main structural information of a tensor, thereby alleviating the
over-shrinkage issue observed in convex surrogates. 2) Adaptive
penalization mechanism. Owing to its nonconvex fractional
structure, the proposed penalty function can adaptively penalize
different singular values, thereby effectively exploiting the
prior information of different tensor rank components. 3)
Computational efficiency. The proximal operator associated
with the proposed penalty admits a closed-form solution, which
enables each subproblem to be solved efficiently. Building upon
this function, we formulate a low-rank minimization model
for robust tensor principal component analysis, which can
more accurately separate the low-rank and sparse components.
Subsequently, an efficient algorithm based on the ADMM
framework is developed to solve the proposed model. Finally,
experimental results on both synthetic and real-world datasets
demonstrate that the proposed method outperforms several state-
of-the-art competing approaches. The source code is publicly
available at https://github.com/wangzhi-swu/TRPCA TNFF.

II. TRUNCATED NONCONVEX FRACTION FUNCTION
MINIMIZATION

As is well known, TNN have been widely used in various
low-rank tensor recovery tasks, such as image processing [23],
[24], low-rank tensor estimation [25], subspace clustering [26],
[27]. These tasks are generally formulated as solving the
following TNNM problem:

argmin
X

∥X∥∗ +
1

2
∥X −A∥2F . (3)

However, TNN treat all singular values of tensor equally. This
is unreasonable because, in real-world applications, there are
significant differences among non-zero singular values of a
tensor, which is generally referred to as prior information. This
means that the model (3) ignores this prior information, leading
to biased estimation.

To overcome this limitation, we propose the following
nonconvex fractional function to approximate the tensor rank
norm.

Definition 1. For X ∈ Rn1×n2×n3 , h = min(n1, n2), the
nonconvex fractional function Pa,r(X ) of X is defined as

Pa,r(X ) =
1

n3

n3∑
k=1

Pa,r(X
(k)

) =
1

n3

n3∑
k=1

h∑
i=r+1

ρa(σi(X
(k)

)) ,

(4)
where ρa(x) =

a|x|
1+a|x| , a > 0, and σi(X

(k)
) is the i-th singular

value of X
(k)

.

Because of the truncation strategy [28]–[30] and the property
of the penalty function, the proposed model preserves the first
r principal singular values and adaptively penalizes that in the
[r + 1, h] range. This effectively mitigates the over-shrinkage
drawback of convex surrogate functions such as TNN, thus
enabling better capturing of the low-rank structure of a tensor.

Therefore, we obtained the following truncated nonconvex
fraction function minimization (TNFFM) problem:

argmin
X

Pa,r(X ) +
1

2
∥X −A∥2F . (5)

To solve this problem, we first introduce the following lemma
and theorem, which are used to solve the matrix and tensor
problems related to the proposed penalty function.

Lemma 1. [31] For matrix Y ∈ Rm×n, its SVD is
Y = U · Diag(σ(Y )) · V ⊤. Then the solution to the following
minimization problem

argmin
X

Pa(X) +
λ

2
∥X − Y ∥2F (6)

is given by
X∗ = U ·Da,λ(Y ) · V ⊤ , (7)

where Da,λ(Y ) = diag(γ1, γ2, . . . , γh), γi = proxa,λ(σi(Y )).
The proximal operator proxa,λ(x) := argminσ ρa(σ)+

λ
2 (σ−

x)2 is defined as

proxa,λ(x) =

{
ga,λ(x), |x| > ta,λ,

0, |x| ≤ ta,λ,
(8)

where

ta,λ =

a/λ, λ ≥ 2a2,√
2/λ− 1/(2a), λ < 2a2 ,

(9)

and

ga,λ(x) = sign(x)

 1+a|x|
3

(
1 + 2 cos

(
φ(x)
3 − π

3

))
− 1

a

 ,

(10)
with

φ (x) = arccos

(
27a2

2λ(1 + a|x|)3
− 1

)
. (11)

Theorem 1. Let A ∈ Rn1×n2×n3 be a tensor with h =
min(n1, n2), and its T -SVD is A = U ∗ S ∗ V⊤. Then, the
closed-form solution to the following minimization problem

argmin
X
Pa,r(X ) +

λ

2
||X − A||2F , (12)

is given by
X ∗ = U ∗ ifft(B) ∗ V⊤ , (13)

where B is a tensor whose k-th frontal slice is B
(k)

=
Diag(ϱ∗), and

ϱ∗ =

{
σi(A

(k)
), 0 ≤ i < r + 1,

Da,λ(R), r + 1 ≤ i ≤ h,
(14)



with R = [0, · · · , 0, σr+1(A
(k)

), · · · , σh(A
(k)

)]⊤.

Proof. In the Fourier domain, combining the definition of Pa,r

and the fact that ∥A∥2F = 1
n3

∥∥A∥∥2
F

, the model (12) can be
rewritten as

argmin
X

(k)

n3∑
k=1

(
Pa,r(X

(k)
) +

λ

2

∥∥∥X(k) −A
(k)
∥∥∥2
F

)
. (15)

According to the Von Neumann’s trace inequality [32], we can
obtain∥∥∥X(k) −A

(k)
∥∥∥2
F

=

h∑
i=1

σ2
i (X

(k)
)− 2tr

(
(X

(k)
)⊤A

(k)
)
+

h∑
i=1

σ2
i (A

(k)
)

≥
h∑

i=1

σ2
i (X

(k)
)− 2

h∑
i=1

(
σi(X

(k)
)σi(A

(k)
)
)
+

h∑
i=1

σ2
i (A

(k)
)

=
h∑

i=1

(
σi(X

(k)
)− σi(A

(k)
)
)2

.

(16)
Furthermore, (15) can be reformulated as

argmin
σi(X

(k)
)

n3∑
k=1

r∑
i=1

(
λ

2

(
σi(X

(k)
)− σi(A

(k)
)
)2)

+

n3∑
k=1

h∑
i=r+1(

ρa(σi(X
(k)

)) +
λ

2

(
σi(X

(k)
)− σi(A

(k)
)
)2)

.

(17)
Therefore, the original problem (15) is equivalently transformed
into a combination of independent quadratic equations for each
σi(X

(k)
). Let F (σ(X

(k)
)) denote the objective function of

(17). Then, the minimum of F by ϱ∗i is given by

∂F

∂σi(X
(k)

)
= 0 . (18)

When 0 ≤ i < r + 1, the solution of (17) is

ϱ∗i = σi(A
(k)

) . (19)

When r + 1 ≤ i ≤ h, according to the Lemma 1, the solution
of (17) is

ϱ∗i = Da,λ(R) , (20)

where R = [0, · · · , 0, σr+1(A
(k)

), · · · , σh(A
(k)

)]⊤. Combin-
ing (19) and (20), we further obtain

ϱ∗ =

{
σi(A

(k)
), 0 ≤ i < r + 1,

Da,λ(R), r + 1 ≤ i ≤ h,
(21)

Let B
(k)

= Diag(ϱ∗) be the k-th frontal slice of tensor B,
then the optimal solution of (12) is

X ∗ = U ∗ ifft(B) ∗ V⊤ , (22)

where U = ifft(U , [], 3), V = ifft(V, [], 3).

The whole optimization process of model (3) is summarized
in Algorithm 1.

Algorithm 1 Solving the TNFFM Problem.

1: Input: A ∈ Rn1×n2×n3 ;
2: A = fft(A, [], 3);
3: for k = 1, 2, ..., n3 do
4: [U, S, V ] = svd(A(:, :, k));
5: U

(k)
= U, S

(k)
= S, V

(k)
= V ;

6: end for
7: for k = 1, 2, ..., n3 do
8: Update ϱ∗ by (21);
9: B

(k)
= Diag(ϱ∗);

10: end for
11: U = ifft(U , [], 3),S = ifft(B, [], 3),V = ifft(V, [], 3);
12: Output: X = U ∗ S ∗ V⊤.

III. TRPCA WITH TRUNCATED NONCONVEX FRACTION
FUNCTION MINIMIZATION

A. The TRPCA Model

As mentioned in the introduction, solving the tensor rank
minimization problem is extremely difficult. Most existing
methods employ convex surrogate functions for rank approxima-
tion, which often leads to biased and unstable rank estimation.
This is because there are significant differences among the
non-zero singular values of the tensor, which are crucial for
accurate tensor recovery. However, the uniform shrinkage of
singular values imposed by convex methods tends to over-
penalize the dominant singular values, thereby degrading the
recovery performance.

To address this issue, we proposes a novel TRPCA model
based on the above truncated nonconvex fraction penalty
function, which can be expressed as

min
X ,E
Pa,r(X ) + λ||E||1 s.t. D = X + E . (23)

Benefiting from the introduction of the ℓ1-norm and the
unbiased Pa,r function, model (23) can separate low-rank and
sparse components more accurately. Specifically, the proposed
model can retain larger singular values and impose stronger
penalties on smaller singular values, thus resulting in a more
reliable low-rank approximation.

B. Optimization Scheme

Generally, the ADMM framework is applied to solve the
optimization problem (23), whose augmented Lagrangian
function is

L (X , E ,Y, µ) = Pa,r(X ) + λ||E||1 + ⟨Y, D −X − E⟩

+
µ

2
∥D − X − E∥2F ,

(24)
Where Y and µ are the dual variable and positive penalty
parameter, respectively. Therefore, we can update the variables
alternately by solving the following subproblems.

1) Update X : X k+1 can be updated as follows:

X k+1 = argmin
X
Pa,r(X ) +

µk

2
||X − (D +

Yk

µk
− Ek)||2F .

(25)



Algorithm 2 ADMM for TRPCA via the TNFFM.

1: Input: D, and parameters λ, a;
2: Initialize: X = D, E = Y = 0, ρ = 1.1, µ = 1e−4, tol =

1e− 8, k = 0, andL = 500;
3: While not converged do
4: Update X by (26);
5: Update E by (29);
6: Update Y and µ by (30);
7: k ← k + 1;
8: Check the convergence condition:
9: ∥ D − Ek+1 −X k+1∥F / ∥ D∥F < tol or k > L;

10: end while
11: Output: The recovery tensor X and sparse tensor E .

Let C = D + Yk/µk − Ek, and according to Theorem 1, we
can obtain the following optimal solution:

X k+1 = U ∗ ifft(B) ∗ V⊤ , (26)

where B is a tensor whose k-th frontal slice is B
(k)

=
Diag(ϱ∗), and

ϱ∗ =

{
σi(C

(k)
), 0 ≤ i < r + 1,

Da,λ(R), r + 1 ≤ i ≤ h,
(27)

with R = [0, · · · , 0, σr+1(C
(k)

), · · · , σh(C
(k)

)]⊤.
2) Update E: Ek+1 can be updated as follows:

Ek+1 = argmin
E

λ||E||1 +
µk

2
||E − (D +

Yk

µk
−X k+1)||2F .

(28)
Let M = (D+Yk/µk −X k+1), then the solution to (28) can
be obtained by the following soft-thresholding operator

Ek+1 = Sλ/µk(M) , (29)

where Sλ/µk(Mijk) = sign(Mijk)max(|Mijk| − λ/µk, 0).
3) Update Y and µ: Y and µ can be updated as follows:

Yk+1 = Yk + µk(D − Ek+1 −X k+1) ,

µk+1 = min(ρµk, µmax) ,
(30)

where ρ > 1 is a step parameter, and µmax is the upper bound
of the parameter µ.

Thus, the overall optimization scheme for model (23) based
on ADMM is summarized in Algorithm 2.

C. Complexity Analysis

We briefly analyze the computational complexity of the
proposed method. For a tensor X ∈ Rn1×n2×n3 with h =
min(n1, n2), the computational complexity of Algorithm 1
mainly depends on the FFT and T -SVD operations, leading to
an overall complexity of O(n1n2n3 log n3 + n1n2n3h). The
computational complexity of each iteration of Algorithm 2
mainly depends on the update of tensor X and the element-wise
tensor operations of other variables, which are the complexity
of Algorithm 1 and O(n1n2n3), respectively. Therefore, the
overall complexity of each iteration is O(n1n2n3(log n3+h)).

TABLE I
THE RELATIVE ERROR RESULTS OF SYNTHESIZED TENSORS

WITH pr ∈ [0.05 : 0.05 : 0.2] AND ps = 0.05.

Rank Index TRPCA PSTNN ETRPCA t-Sw,p SRPCA Ours

10

||X̂−X||F
||X||F

3.71e-09 1.76e-08 7.04e-09 1.99e-08 1.67e-08 1.22e-09
||Ê−E||F
||E||F

2.07e-10 5.96e-10 6.04e-10 1.88e-09 7.50e-09 2.22e-10
Time 13.10 50.64 23.67 8.69 20.99 20.31

20

||X̂−X||F
||X||F

2.24e-09 1.07e-08 4.79e-09 1.13e-08 1.22e-08 1.51e-09
||Ê−E||F
||E||F

7.07e-10 3.56e-09 1.58e-09 1.69e-09 7.46e-09 4.76e-10
Time 12.85 34.18 29.16 9.56 24.40 21.74

30

||X̂−X||F
||X||F

3.81e-09 1.73e-08 1.38e-09 9.32e-09 1.46e-08 1.71e-09
||Ê−E||F
||E||F

1.75e-09 7.70e-09 6.17e-10 1.86e-09 1.07e-08 9.21e-10
Time 12.90 45.95 32.67 10.78 27.67 22.83

40

||X̂−X||F
||X||F

3.26e-09 1.76e-08 4.62e-09 3.83e-09 1.72e-08 2.10e-09
||Ê−E||F
||E||F

1.90e-09 9.95e-09 2.64e-09 1.74e-09 1.42e-08 9.97e-10
Time 16.65 46.37 35.88 11.85 31.58 26.48

IV. EXPERIMENTS

In this section, the effectiveness of the proposed method is
verified through numerical experiments on synthetic experi-
ments, color image denoising and video background subtraction.
We compared our proposed method with five state-of-the-art
methods, including TRPCA [7], PSTNN [21], ETRPCA [22],
t-Sw,p [33] and SRPCA [34]. In the following experiments, the
best and second-best results for all reported numerical results
are highlighted in red and blue, respectively. Furthermore, all
experiments are performed on a Windows 10 computer with an
Intel Core i5-10400 CPU (2.90 GHz), 16 GB of RAM, using
MATLAB R2021b.

A. Experimental Settings

The performance of different methods is evaluated in terms
of running time and relative squared error (RSE), structural
similarity index (SSIM) [35], peak signal-to-noise ratio (PSNR),
and running time (in seconds). Generally, RSE is used to
calculate the difference between two tensors in simulation
experiments, while PSNR and SSIM are used to quantitatively
evaluate the performance of image restoration and the ability
to preserve the visual effects of the image, respectively. Higher
values for PSNR and SSIM, and lower values for RSE and
running time, respectively indicate better recovery performance.

In addition, the parameter settings for all methods in this
experiment are summarized as follows. Specifically, for TRPCA,
λ is set within {0.003, 0.01, 0.02}. For PSTNN, λ is set to
1/(k

√
max(n1, n2)n3) with k ∈ [0.1 : 0.1 : 2]. For the

proposed method, α ∈ [0.03 : 0.005 : 2], λ ∈ {0.0005, 0.001},
and r ∈ [1 : 1 : 10], with the best result reported. For all other
competing methods, the default parameters recommended by
the authors are used without further tuning.

B. Synthetic Experiments

In this experiment, tensors D ∈ Rn×n×m with n = 200 and m
= 30 are considered, where the rank is constrained by pr and the



TABLE II
THE RELATIVE SQUARED ERROR RESULTS OF SYNTHESIZED

TENSORS WITH pr ∈ [0.05 : 0.05 : 0.2] AND ps = 0.1.

Rank Index TRPCA PSTNN ETRPCA t-Sw,p SRPCA Ours

10

||X̂−X||F
||X||F

7.16e-09 6.22e-08 5.84e-09 2.28e-08 2.83e-08 1.53e-09
||Ê−E||F
||E||F

8.39e-10 4.40e-09 8.19e-10 2.18e-09 8.83e-09 2.45e-10
Time 11.91 30.24 23.47 9.22 23.43 18.52

20

||X̂−X||F
||X||F

5.00e-09 7.97e-08 7.40e-09 1.21e-08 2.82e-08 3.74e-09
||Ê−E||F
||E||F

1.31e-09 2.00e-08 1.91e-09 1.83e-09 1.20e-08 1.08e-09
Time 13.16 45.20 33.53 10.03 27.59 21.416

30

||X̂−X||F
||X||F

7.50e-09 3.58e-08 3.85e-09 4.91e-09 2.54e-08 3.53e-09
||Ê−E||F
||E||F

2.68e-09 1.26e-08 1.27e-09 1.65e-09 1.28e-08 1.38e-09
Time 15.66 47.03 38.82 11.84 32.97 22.89

40

||X̂−X||F
||X||F

7.58e-09 3.61e-08 6.80e-09 5.91e-09 3.30e-08 4.04e-09
||Ê−E||F
||E||F

3.37e-09 1.56e-08 3.05e-09 2.64e-09 1.91e-08 1.67e-09
Time 18.89 49.28 47.25 15.40 38.66 27.43

Image1 Image2 Image3 Image4 Image5 Image6

Image7 Image8 Image9 Image10 Image11 Image12

Fig. 1: The original test images.

sparsity is represented by ps. The observation tensor D consists
of the low-rank component X and the sparse component E,
and is expressed as D = X + E . We first generate a tensor
X ∈ Rn×n×m as X = P ∗ Q⊤, where P ∈ Rn×r×m and
Q ∈ Rr×n×m, whose entries are independently sampled from
N (1, 1/n) distribution, with r = n ∗ pr. Then, we generate
the sparse tensor E with ps × n2 × m nonzero entries. To
investigate the influence of the rank of X and the sparsity on the
effectiveness of the algorithm, we set pr ∈ [0.05 : 0.05 : 0.2]
and ps ∈ {0.05, 0.1} in the following experiments.

The experimental results on the synthetic data are sum-
marized in Tables I and II. As shown in these tables, the
proposed method achieves the lowest RSE values in almost all
experimental settings. Despite the increasing tensor rank and
sparsity, the proposed method consistently maintains a very
small RSE (below 10−8), demonstrating its strong capability
in accurately recovering low-rank and sparse tensors. In terms
of computational efficiency, the proposed method is on average
approximately twice as fast as the PSTNN method. Overall,
compared with other methods, the proposed approach achieves
more accurate and efficient tensor recovery under varying tensor
ranks and sparse ratios.

C. Color Image Denosing

In this experiment, twelve commonly used and well-known
real color images were used to verify the performance of

TABLE III
THE AVERAGE RECOVERY RESULTS OF ALL COLOR IMAGES

WITH VARIOUS NOISE CONDITIONS.

NL Index TRPCA PSTNN ETRPCA t-Sw,p SRPCA Ours

0.05
PSNR 27.74 27.82 27.93 27.57 27.61 29.02
SSIM 0.8999 0.9007 0.9131 0.8797 0.9008 0.9115
Time 7.52 23.19 23.68 9.08 15.30 16.30

0.1
PSNR 23.60 23.76 24.58 21.84 23.72 25.52
SSIM 0.7787 0.7881 0.8187 0.7107 0.7854 0.8500
Time 7.16 23.20 23.61 8.89 15.22 19.04

0.15
PSNR 20.79 21.10 21.89 18.35 20.97 23.58
SSIM 0.6671 0.6854 0.7165 0.5620 0.6785 0.7810
Time 7.08 23.39 23.23 8.94 15.36 19.36

0.2
PSNR 18.69 19.13 19.69 15.85 18.90 21.99
SSIM 0.5699 0.6002 0.6174 0.4406 0.5850 0.7234
Time 7.10 22.95 23.52 9.04 15.41 19.23

TABLE IV
DETAILS OF EACH VIDEO USED IN OUR EXPERIMENT.

Hall Escalator WaterSurface Lobby ShoppingMall

Sizes 144× 176 130× 160 128× 160 128× 160 256× 320

frames 280 200 190 170 265

the proposed method, as shown in Fig. 1, which are of size
300 × 300 × 3 or 512 × 512 × 3. For each image, a subset
of pixels are randomly set to random values within the range
of [0, 255]. In this experiment, the noise levels (NL) were set
witnin {0.05, 0.1, 0.15, 0.2}.

The average denoising results of twelve color images at
different noise levels are presented in Table III. As can be
seen, the proposed method consistently outperforms the other
competing approaches in terms of denoising performance. In
particular, our method achieves the highest average PSNR and
SSIM values at almost all noise levels, demonstrating its supe-
rior denoising capability. Even at a high noise level of 0.2, our
proposed method still achieves satisfactory results, achieving
the highest average PSNR of 21.99 dB and SSIM of 0.72,
which are approximately 1.50 dB and 0.05 higher than those of
the second-best ETRPCA method, respectively. In addition, the
proposed method attains competitive computational efficiency
while maintaining the best PSNR and SSIM values. On average,
our method runs approximately 20% faster than PSTNN and
ETRPCA.

The visual results of denoising some color images are shown
in Fig. 2 . From a global view, our method produced the
best visual results. Specifically, the images obtained using
the ETRPCA, t-Sw,p, and SRPCA methods still retain some
noise, while the images obtained using the TRPCA and
PSTNN methods are overly smooth and lose many image
texture details. In contrast, it can be observed that the images
produced by the proposed method are closest to the ground
truth, preserving more realistic textures and colors. Overall,
these visual comparisons further demonstrate the superiority
of the proposed method in denoising performance.



Original
(PSNR,SSIM,Time)

Corrupted
(NA, NA, NA)

TRPCA
(23.82, 0.7442, 4.42)

PSTNN
(23.88, 0.7504, 13.55)

ETRPCA
(24.69, 0.8058, 14.02)

t-Sw,p

(22.33, 0.6651, 5.35)
SRPCA

(23.76, 0.7505, 7.72)
Ours

(25.27, 0.8354, 11.00)

Original
(PSNR,SSIM,Time)

Corrupted
(NA, NA, NA)

TRPCA
(18.66, 0.4643, 4.34)

PSTNN
(23.60, 0.7305, 17.38)

ETRPCA
(20.40, 0.5367, 14.19)

t-Sw,p

(15.35, 0.3283, 5.50)
SRPCA

(18.88, 0.4743, 8.06)
Ours

(24.36, 0.7204, 11.23)

Fig. 2: The experimental results of color image denoising for Image3 at NL = 0.1 and Image10 at NL = 0.2.

TRPCA PSTNN ETRPCA t-Sw,p SRPCA Ours

Fig. 3: The visual effects of a single frame after background subtraction on the video WaterSurface and Escalator.

D. Video Background Subtraction

In this subsection, the video background is highly correlated
and can therefore be regarded as a low-rank component.
Conversely, the moving foreground occupies only a small
portion of all image frames and can therefore be considered a
sparse component. Therefore, the video background subtraction
problem can be viewed as a tensor decomposition problem. In
this experiment, we obtained video data from the SBI dataset
[36] and the I2R dataset [37]. These datasets include video
footage from five indoor and outdoor environments, including
Hall, Escalator, WaterSurface, Lobby and ShoppingMall. The
detailed information for each video is shown in Table IV.

The visual results of the background subtraction experiments
are shown in Fig. 3. As can be observed, our method
achieves the best visual performance across all test videos. In

contrast, the ETRPCA method exhibits the poorest performance,
recovering only a coarse silhouette of the foreground object.
Moreover, the PSTNN and SRPCA methods still suffer from
severe human ghosting, while the background image restored
by the t-Sw,p method loses its true colors. From a global view,
our method produces the least amount of residual foreground
objects in the recovered background while preserving the
true background colors. Overall, the visual comparison of
background subtraction results indicate that the proposed
method can more accurately separate low-rank and sparse
components.

V. CONCLUSION

In this paper, we proposed a truncated nonconvex fractional
function as a tighter approximation to the tensor multi-rank



and formulated a TRPCA model based on it. Specifically, this
function facilitates the separation of low-rank and sparse com-
ponents by effectively suppressing small singular values while
preserving the dominant ones. Moreover, the proximal mapping
of the proposed function admits a closed-form solution, which
significantly improves both the accuracy and efficiency of
the optimization process. Subsequently, an efficient algorithm
based on the ADMM framework was developed to solve
the resulting optimization problem. Extensive experimental
results demonstrate that the proposed method achieves superior
performance in sparse noise separation compared to several
state-of-the-art methods.

REFERENCES

[1] N. D. Sidiropoulos, L. De Lathauwer, X. Fu, K. Huang, E. E. Papalexakis,
and C. Faloutsos, “Tensor decomposition for signal processing and
machine learning,” IEEE Transactions on Signal Processing, vol. 65,
no. 13, pp. 3551–3582, 2017.

[2] M. Bartoszuk, J. Litwin, M. Wnuk, and D. Ślezak, “Tensor-based
approach to big data processing and machine learning,” in 2022 IEEE
International Conference on Big Data (Big Data), 2022, pp. 6188–6194.

[3] Z. Wang, Z. Liu, D. Hu, and T. Jia, “Nonconvex multiview subspace
clustering framework with efficient method designs and theoretical
analysis,” in Proc. 33rd Int. Joint Conf. Artif. Intell, 2024, pp. 5162–5170.

[4] H. Chen and T. Barthel, “Machine learning with tree tensor networks,
cp rank constraints, and tensor dropout,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 46, no. 12, pp. 7825–7832, 2024.

[5] Z. Li, Y. Wang, Q. Zhao, S. Zhang, and D. Meng, “A tensor-based online
rpca model for compressive background subtraction,” IEEE Transactions
on Neural Networks and Learning Systems, vol. 34, no. 12, pp. 10 668–
10 682, 2023.

[6] W. Cao, Y. Wang, J. Sun, D. Meng, C. Yang, A. Cichocki, and Z. Xu,
“Total variation regularized tensor rpca for background subtraction from
compressive measurements,” IEEE Transactions on Image Processing,
vol. 25, no. 9, pp. 4075–4090, 2016.

[7] C. Lu, J. Feng, Y. Chen, W. Liu, Z. Lin, and S. Yan, “Tensor robust
principal component analysis with a new tensor nuclear norm,” IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol. 42, no. 4,
pp. 925–938, 2020.

[8] Y. Shan, D. Hu, and Z. Wang, “A novel truncated norm regularization
method for multi-channel color image denoising,” IEEE Transactions on
Circuits and Systems for Video Technology, vol. 34, no. 9, pp. 8427–8441,
2024.

[9] L. Feng, Y. Liu, L. Chen, X. Zhang, and C. Zhu, “Robust block tensor
principal component analysis,” Signal Processing, vol. 166, p. 107271,
2020.

[10] T. Liu, D. Hu, Z. Wang, J. Gou, and W. Chen, “Hyperspectral image
denoising using nonconvex fraction function,” IEEE Geoscience and
Remote Sensing Letters, vol. 20, pp. 1–5, 2023.

[11] L. Deng, Y. Cao, Z. Wang, X. Wang, and Y. Wang, “A multidimensional
tensor low rank method for magnetic resonance image denoising,”
IEEE/ACM Transactions on Computational Biology and Bioinformatics,
vol. 21, no. 4, pp. 596–606, 2024.

[12] Y. Shan, D. Hu, Z. Wang, and T. Jia, “Multi-channel nuclear norm
minus frobenius norm minimization for color image denoising,” Signal
Processing, vol. 207, p. 108959, 2023.

[13] E. J. Candès, X. Li, Y. Ma, and J. Wright, “Robust principal component
analysis?” J. ACM, vol. 58, no. 3, Jun. 2011.

[14] D. Hu, J. Wen, T. Jia, and Z. Wang, “A new method based on truncated
reweighting nuclear norm to robust principal component analysis,”
Journal of Computational and Applied Mathematics, vol. 474, p. 116958,
2026.

[15] S. Liu, J. Leng, X.-L. Zhao, H. Zeng, Y. Wang, and J.-H. Yang,
“Learnable spatial-spectral transform-based tensor nuclear norm for multi-
dimensional visual data recovery,” IEEE Transactions on Circuits and
Systems for Video Technology, vol. 34, no. 5, pp. 3633–3646, 2024.

[16] H. Zhang, H. Fan, Y. Li, X. Liu, C. Liu, and X. Zhu, “Tensor recovery
based on a novel non-convex function minimax logarithmic concave
penalty function,” IEEE Transactions on Image Processing, vol. 32, pp.
3413–3428, 2023.

[17] Z. Wang, Y. Liu, X. Luo, J. Wang, C. Gao, D. Peng, and W. Chen, “Large-
scale affine matrix rank minimization with a novel nonconvex regularizer,”
IEEE Transactions on Neural Networks and Learning Systems, vol. 33,
no. 9, pp. 4661–4675, 2022.

[18] Y. Luan and W. Jiang, “Tensor robust principal component analysis via
hybrid truncation norm,” Open Access Library Journal, vol. 9, no. 10,
pp. 1–22, 2022.

[19] Y. Shi, T. Liu, D. Hu, C. Li, and Z. Wang, “Nonconvex regularization with
multi-weighted strategy for real color image denoising,” International
Journal of Intelligent Systems, vol. 2023, no. 1, p. 8813500, 2023.

[20] Y.-B. Zheng, T.-Z. Huang, X.-L. Zhao, T.-X. Jiang, T.-Y. Ji, and T.-H.
Ma, “Tensor n-tubal rank and its convex relaxation for low-rank tensor
recovery,” Information Sciences, vol. 532, pp. 170–189, 2020.

[21] T.-X. Jiang, T.-Z. Huang, X.-L. Zhao, and L.-J. Deng, “Multi-dimensional
imaging data recovery via minimizing the partial sum of tubal nuclear
norm,” Journal of Computational and Applied Mathematics, vol. 372, p.
112680, 2020.

[22] Q. Gao, P. Zhang, W. Xia, D. Xie, X. Gao, and D. Tao, “Enhanced
tensor rpca and its application,” IEEE Transactions on Pattern Analysis
and Machine Intelligence, vol. 43, no. 6, pp. 2133–2140, 2021.

[23] J. Wu, Z. Lin, and H. Zha, “Essential tensor learning for multi-view
spectral clustering,” IEEE Transactions on Image Processing, vol. 28,
no. 12, pp. 5910–5922, 2019.

[24] C. Lu, J. Feng, Y. Chen, W. Liu, Z. Lin, and S. Yan, “Tensor robust
principal component analysis: Exact recovery of corrupted low-rank
tensors via convex optimization,” in 2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2016, pp. 5249–5257.

[25] W. Hu, D. Tao, W. Zhang, Y. Xie, and Y. Yang, “The twist tensor nuclear
norm for video completion,” IEEE Transactions on Neural Networks and
Learning Systems, vol. 28, no. 12, pp. 2961–2973, 2017.

[26] Z. Liu, D. Hu, Z. Wang, J. Gou, and T. Jia, “Latlrr for subspace
clustering via reweighted frobenius norm minimization,” Expert Systems
with Applications, vol. 224, p. 119977, 2023.

[27] Y. Chen, S. Wang, C. Peng, Z. Hua, and Y. Zhou, “Generalized nonconvex
low-rank tensor approximation for multi-view subspace clustering,” IEEE
Transactions on Image Processing, vol. 30, pp. 4022–4035, 2021.

[28] Z. Wang, D. Hu, Z. Liu, C. Gao, and Z. Wang, “Iteratively capped
reweighting norm minimization with global convergence guarantee for
low-rank matrix learning,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 47, no. 3, pp. 1923–1940, 2025.

[29] S. Xue, W. Qiu, F. Liu, and X. Jin, “Low-rank tensor completion
by truncated nuclear norm regularization,” in 2018 24th International
Conference on Pattern Recognition (ICPR), 2018, pp. 2600–2605.

[30] Z. Liu, D. Hu, and Z. Wang, “Efficient implementation of truncated
frobenius norm minimization for latent low-rank representation,” IEEE
Transactions on Signal and Information Processing over Networks,
vol. 11, pp. 1394–1408, 2025.

[31] A. Cui, J. Peng, H. Li, C. Zhang, and Y. Yu, “Affine matrix rank
minimization problem via non-convex fraction function penalty,” Journal
of Computational and Applied Mathematics, vol. 336, pp. 353–374, 2018.

[32] L. Mirsky, “A trace inequality of john von neumann,” Monatshefte für
Mathematik, vol. 79, pp. 303–306, 1975.

[33] M. Yang, Q. Luo, W. Li, and M. Xiao, “Nonconvex 3d array image
data recovery and pattern recognition under tensor framework,” Pattern
Recognition, vol. 122, p. 108311, 2022.

[34] L. Chen, L. Ge, X. Jiang, H. Li, and M. Haardt, “Slim is better: Transform-
based tensor robust principal component analysis,” IEEE Transactions
on Signal Processing, vol. 73, pp. 2320–2335, 2025.

[35] Z. Wang, A. Bovik, H. Sheikh, and E. Simoncelli, “Image quality assess-
ment: from error visibility to structural similarity,” IEEE Transactions
on Image Processing, vol. 13, no. 4, pp. 600–612, 2004.

[36] L. Maddalena and A. Petrosino, “Towards benchmarking scene back-
ground initialization,” in International conference on image analysis and
processing. Springer, 2015, pp. 469–476.

[37] L. Li, W. Huang, I. Y.-H. Gu, and Q. Tian, “Statistical modeling of com-
plex backgrounds for foreground object detection,” IEEE Transactions
on Image Processing, vol. 13, no. 11, pp. 1459–1472, 2004.


