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Abstract. A new method for segmenting the target foreground from image frames is proposed by 
utilizing the theory of graph signal processing and the tensor decomposition model aiming at the 
problem that the segmentation results of the existing foreground segmentation methods in image 
frames under dynamic scenes are not high in accuracy. The intrinsic connection between image 
pixels in each frame of an image sequence is modeled as a graph, the image pixel intensities are 
modeled as graph signals, and the correlation between pixels is characterized by the graph model. 
According to the significant difference between the dynamic background and the target change in 
the moving foreground in the image sequence, the dynamic background region in each image 
frame is smoothed and suppressed, and the disturbing information of the dynamic background is 
transformed into the useful component information in the low-rank subspace. The connectivity 
between image pixels can be characterized by the graph Laplacian regularization term, and then 
the target foreground segmentation problem in the image sequence is equivalent to a constrained 
optimization problem with tensor decomposition and graph Laplacian regularization term. The 
alternating direction multiplier method is used to solve the optimization problem, and the 
simulation results on real scene data set verify the effectiveness of the algorithm.  
Keywords: graph signal processing, moving object segmentation, dynamic background, tensor 
decomposition. 

1. Introduction 

Computer vision technology has been widely applied in fields such as automatic image surface 
defect detection [1-3] and video object segmentation [4-6], the main purpose of moving target 
segmentation is to effectively separate the foreground and background in an image. In practical 
application scenarios, the influence of lighting changes, rain and snow, camera jitter and camera 
defocus increases the difficulty of moving target detection, and how to quickly and accurately 
extract moving target information is a research hotspot. Currently, the moving object detection 
algorithms that have been studied more include inter-frame difference method [7], optical flow 
method [8], background subtraction method [9] and neural network method [10, 11]. Among them, 
the inter-frame difference algorithm is simple but easy to be disturbed by noise, which is mainly 
used in simple scenes. The optical flow method is more computationally intensive and easy to be 
affected by noise, illumination, etc. The key step of the background subtraction method is to model 
the background, and the modeling process usually assumes that the target foreground and the 
image background of image sequences obey the Gaussian distribution, and Kim et al. [12] proved 
that in indoor scenes, the image background and the foreground more closely obey the Laplace 
distribution, while for some complex scenes such as dynamic background modeling is more 
difficult. Video object segmentation methods based on deep learning have also been extensively 
studied. For example, Zhou et al. [13] studied a video object segmentation method based on semi-
supervised transformer framework. Liang et al. [14] explored the task of language-guided video 
segmentation, they augment the transformer architecture with a finite memory so as to query the 

https://crossmark.crossref.org/dialog/?doi=10.21595/jme.2025.24666&domain=pdf&date_stamp=2025-04-07


MOVING TARGET SEGMENTATION METHOD BASED ON TENSOR DECOMPOSITION AND GRAPH LAPLACIAN REGULARIZATION.  
SHUDAN YUAN, HUI WANG 

548 ISSN PRINT 2335-2124, ISSN ONLINE 2424-4635  

entire video with the language expression in an efficient manner. However, deep learning methods 
require a large number of samples for model training. 

Principal component analysis (PCA) [15] has a wide range of applications in motion target 
detection, which can simultaneously achieve the separation of the image background and the target 
foreground, but it also has major limitations, especially in the target detection in complex scenes 
is not ideal. Further, researchers have proposed robust principal component analysis (RPCA) 
algorithms [16] and their improved algorithms such as principal component pursuit based RPCA 
algorithm [17], approximated RPCA algorithm [18] and other improved RPCA algorithms [19], 
but none of these algorithms take advantage of the structural information features such as 
spatial-temporal continuity between each frame of an image sequence. In order to make full use 
of this spatial-temporal information, moving target detection methods under the tensor model have 
also been investigated. Typical algorithms such as the total variation regularized robust principal 
component analysis algorithm (TVRPCA) [20], which utilizes spatial-temporal continuity to 
detect the target foreground, and the algorithm further classifies the sparse components into the 
target foreground and the dynamic background, but the foreground and the background are prone 
to misclassification. Iterative block tensor singular value thresholding (IBTSVT) [21] algorithm 
that uses tensor principal component analysis to extract the target foreground, the algorithm loses 
the useful structural information of the tensor block when unfolding the tensor calculation. 
Incremental and multi-feature tensor subspace learning (IMTSL) algorithm [22] builds a robust 
low-rank background model based on multiple features, and the selection of features has a large 
impact on the results of the algorithm, while the algorithm computes with poor real-time 
performance. Patch-group-based tensor robust principal component analysis (PG-TenRPCA) 
algorithm [23] constructs a 4th order tensor by searching for non-local similarity information in 
each frame of an image sequence and then solves it optimally, which is too computationally 
intensive. Moving target detection algorithms utilizing RPCA in 3-D space have also been 
investigated [24, 25]. These algorithms are difficult to obtain satisfactory results when dealing 
with image sequences in the presence of a dynamic background.  

In recent years, graph signal processing has a good performance in non-regular domain data 
processing [26-28], and is also widely used in image processing [29, 30]. Graph signal processing 
utilizes graph models to represent the connectivity and local structure of signals, and the intrinsic 
structural features of image data can be effectively obtained by using graph representations. For 
image sequences, the intensity of the pixel points in each image frame is defined as the signal 
value of the graph node, and the similarity between neighboring pixel points is characterized by 
the weights of the edges, which can sufficiently inscribe the intrinsic correlation between the pixel 
points in the image. 

In order to improve the accuracy of the motion target detection results in dynamic scenes, this 
paper utilizes the motion change variability of the dynamic background and the target foreground 
in the image sequence under the spatio-temporal domain, and smooths and suppresses the dynamic 
background region in each frame of the image sequence, and the result can be used as the low-
rank constrained component information of the 3D tensor data. The image sequence is modeled 
as a graph signal, and a motion foreground target detection method based on low-rank sparse 
decomposition and graph Laplacian regularization is proposed and solved for this optimization 
problem. To validate the effectiveness of the proposed method is compared with existing 
commonly used target detection methods. The experimental results show that the proposed 
algorithm is more effective for the problem of motion target segmentation in dynamic background. 
The major contributions of this work are summarized as follows. 

A moving object segmentation model based on low-rank sparse decomposition and graph 
Laplacian regularization is constructed, and a graph Laplacian regularization constraint is added 
to the objective function to enhance the connectivity between the image pixels in each frame of 
the image sequence. 

According to the similarity of dynamic background in each frame of image sequence, a method 
is proposed to transform dynamic background into low-rank constrained components to improve 
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the accuracy of low-rank decomposition results. 
 The use of tensor decomposition fully utilizes the complete structural information of each 

image frame in order to improve the effectiveness of the target segmentation results. 
The remaining part of this paper is organized as follows. In Section 2, graph signal processing 

modeling, and the suppression of dynamic background algorithm and tensor decomposition 
algorithm are described in detail. The experimental method, procedure and results of this paper 
are presented in Section 3. The experiments were conducted on the public dataset 
ChangeDetection.net [31], and the proposed algorithm was compared with other commonly used 
moving target segmentation algorithms. The related details of the proposed algorithm are 
discussed in Section 4. The conclusion of this paper is given in Section 5. 

2. Materials and methods 

2.1. Graph representation of image sequences 

The graph 𝐺 = (𝑉,𝐸) consists of a set of nodes (vertices) 𝑉 and edges 𝐸, where  𝑉 = {𝑣ଵ,𝑣ଶ, . . . , 𝑣௡} is the set of nodes and E ⊆ 𝑉 × 𝑉 is the set of edges between nodes. Define 
the Laplacian matrix corresponding to the graph 𝐺 to be 𝐿 = 𝐷 − 𝐴, where 𝐴 is an 𝑛 × 𝑛 
adjacency matrix (𝑛 is the number of nodes in the graph). 𝐷 denotes the degree matrix (𝐷 is a 
diagonal matrix with the 𝑖-th diagonal element 𝐷௜௜ denoting the degree of node 𝑣௜). The graph 
Laplace regular term [32] corresponding to the graph signal 𝑠ீ ∈ 𝐑ே can be expressed as: 𝑠ீ்𝐿𝑠ீ = ∑ 𝑏(𝑖, 𝑗)(௜,௝)∈ா (𝑠ீ(𝑖) − 𝑠ீ(𝑗))ଶ. 

The pixel points of each image frame in an image sequence are modeled as graph nodes, the 
signal value of a graph node corresponds to the gray value of a pixel point, each node is connected 
to its 4-neighborhood nodes, and the correlation between nodes can be characterized using the 
weights of edges. The weight between two nodes can be computed using a Gaussian kernel, i.e., 𝜔(𝑖, 𝑗) = exp ቀ− |௦ಸ(௜)ି௦ಸ(௝)|మఙమ ቁ, where 𝜎 denotes the similarity kernel parameter, The adjacency 
matrix A can be obtained from 𝜔(𝑖, 𝑗) (𝐴 = [𝜔(𝑖, 𝑗)]௜,௝∈୚). It can be seen that the smaller the 
intensity difference between pixels the stronger the correlation, the smaller the value of 𝜎, the 
more the graph focuses on local similarity, meaning that signal propagation in the graph is mainly 
concentrated between neighboring nodes, and the graph will exhibit more local structural features. 
Representing each vertex 𝑘 as a signal component 𝑎ீ(𝑘), the graph signal corresponding to each 
image frame can be represented as 𝑎ீ = [𝑎ீ(1),𝑎ீ(2), . . . ,𝑎ீ(𝑘ଶ)]୘ ∈ 𝐑௞మ×ଵ. 

2.2. Tensor modeling 

The dataset consisting of 𝑛 frames of image sequence images can be represented in the 
following third order tensor form: 𝛪 = {𝛪ଵ, 𝛪ଶ, 𝛪ଷ,⋅⋅⋅, 𝛪௡}, where the 𝑖th frame image data matrix 
can be expressed as 𝛪௜ ∈ ℜ௛×௪ (𝑖 = 1,2,3,⋅⋅⋅,𝑛), ℎ and 𝑤 represent the number of rows and 
columns of an image data matrix, respectively. The three dimensions of the third-order tensor are ℎ, 𝑤 and time. For an image sequence, 𝛪 can be regarded as consisting of background  𝛪ଵ = {𝛪ଵଵ, 𝛪ଵଶ, 𝛪ଵଷ,⋅⋅⋅, 𝛪ଵ௡} and moving foreground 𝛪ଶ = {𝛪ଶଵ, 𝛪ଶଶ, 𝛪ଶଷ,⋅⋅⋅, 𝛪ଶ௡}, i.e., 𝛪 = 𝛪ଵ + 𝛪ଶ. Along the 
time dimension, if each frame contains the same background, the background of the whole image 
sequence can be approximated as a subspace with low-rank characteristics. Meanwhile, the target 
foreground in each frame can be approximated as a subspace with sparse characteristics. Based 
on this, the tensor RPCA method is used to fully utilize the structural information between each 
frame in the image sequence to separate the moving target and background information.  

The following combines the canoes dataset to analyze the change characteristics of the 
dynamic background in the spatio-temporal domain, as shown in Fig. 1(a) below, along the 
direction of the time dimension each frame of the image contains a static background (e.g., the 
wooded part of the forest), a dynamic background (e.g., the fluctuating lake surface), and a moving 
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target (e.g., the rowing boat). Along the time dimension, from the 1st frame to the 𝑛th frame, the 
grayscale change characteristics at a certain spatial location on each frame are shown in Fig. 1(b), 
i.e., the grayscale of the static region such as the spatial location point (𝑥ଵ,𝑦ଵ) of each frame 
remains basically unchanged, and the grayscale of the dynamic region such as the spatial location 
point (𝑥ଷ,𝑦ଷ) fluctuates repetitively within a small range, whereas the target of the motion there 
is a significant difference in the gray level of the passing spatial location such as (𝑥ଶ,𝑦ଶ). It can 
be seen that there is a large interference of dynamic background on target extraction when 
performing low-rank sparse decomposition of image sequences, and it is easy to misjudge the 
dynamic background as a moving target, thus suppressing the dynamic background in each image 
frame is a key link to improve the accuracy of moving target segmentation. 

 
Fig. 1. Schematic diagram of the third-order tensor structure of an image sequence:  

a) static, dynamic regions and moving targets in an image frame; b) schematic of gray  
scale variation at spatial locations (𝑥ଵ, 𝑦ଵ), (𝑥ଶ, 𝑦ଶ) and (𝑥ଷ,𝑦ଷ) 

2.3. Dynamic background suppression method 

According to the above analysis, it can be seen that the dynamic background and the moving 
target in the image sequence along the direction of the time dimension in three-dimensional space 
have different change characteristics, i.e., when the moving target passes through the region of the 
dynamic background, there is a significant difference between the grayscale change of the target 
and the grayscale change of the dynamic background, and at the same time, the moving target has 
a continuity in the spatial-temporal domain. According to the above characteristics, the dynamic 
background region in each frame image is suppressed to improve the efficiency of moving object 
extraction. 

The key problem in suppressing the dynamic background is how to distinguish the foreground 
and dynamic background regions in a frame, for which the solution is computed in terms of pixels 
based on the significant difference between the moving target and the dynamic background in 
terms of gray scale changes. As shown in Fig. 2, a frame of an image with any coordinate point at 
a spatial location such as (𝑥௣,𝑦௤), where 1 ≤ 𝑥௣ ≤ 𝑤, 1 ≤ 𝑦௤ ≤ ℎ. Taking the grayscale 𝑔௣,௤,௞(𝑥௣,𝑦௤) of each image frame along the time dimension direction at the spatial location point (𝑥௣,𝑦௤) yields a one-dimensional array of length 𝑛, denoted as 𝑉𝑒𝑐. Where 𝑘 denotes the 𝑘th 
frame of the image sequence, 𝑘 = 1,2, . . . ,𝑛 (𝑛 = 𝑁). Iterating through all the spatial locations 
on an image frame yields 𝑤 × ℎ one-dimensional arrays, and the dynamic background 
suppression operation is performed on each one-dimensional array to obtain the image sequence 
after dynamic background suppression. 
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Fig. 2. Schematic of data processing in pixels 

The steps to achieve suppression of the dynamic background in pixels are as follows: 
Step 1. Set the static background region determination threshold 𝑡ℎ௠௜௡, and the comparison 

and determination threshold of dynamic background and moving target are set as 𝑡ℎ௠௘௔௡  and 𝑡ℎ஽ 
respectively, initialize 𝑝 = 1, 𝑞 = 1, and we take the empirical value 𝑡ℎ௠௜௡ ∈ [5,15], 𝑡ℎ_𝑚𝑒𝑎𝑛 ∈[0.4,0.6], 𝑡ℎ஽ ∈ [0.2,0.3]. 

Step 2. Calculate the difference between the maximum grayscale value 𝐿௠௔௫ and the minimum 
grayscale value 𝑆௠௜௡ in the array 𝑉𝑒𝑐 and denote it as 𝑑. In order to deal with the random noise 
interference, the averaging method is used for finding 𝐿௠௔௫ and 𝑆௠௜௡. 

Step 3. Compare 𝑑 and 𝑡ℎ௠௜௡  to quickly determine the static background region in the image, 
i.e., if 𝑑 < 𝑡ℎ௠௜௡  then the spatial location (𝑥௣,𝑦௤) is determined to be the static background, and 
its gray value 𝑔௣,௤,௞(𝑥௣,𝑦௤) remains unchanged, otherwise perform step 4 . 

Step 4. Taking 𝑘 = 1,2, . . . ,𝑛, and 𝑡𝑒𝑚𝑝 = |𝑔௣,௤,௞(𝑥௣,𝑦௤) − 𝑡ℎ௠௘௔௡|is calculated 
sequentially, 𝑡𝑒𝑚𝑝 and 𝑡ℎ஽ are compared to detect the dynamic background region and the 
moving target region, i.e., if 𝑡𝑒𝑚𝑝 > 𝑡ℎ஽ then determine that the spatial position (𝑥௣,𝑦௤) in the 𝑘th frame image is the dynamic background and take 𝑔௣,௤,௞(𝑥௣,𝑦௤) = 𝑡ℎ௠௘௔௡, otherwise 
determine that it is a moving target and keep the gray scale value 𝑔௣,௤,௞(𝑥௣,𝑦௤) unchanged. It 
should be noted that, we take 𝑔௣,௤,௞(𝑥௣,𝑦௤) = 𝑡ℎ௠௘௔௡, on the one hand, to realize the suppression 
operation of the dynamic background, on the other hand, it takes the same value at (𝑥௣,𝑦௤) for 
each image frame, which realizes the transformation of the dynamic background region into a 
low-rank constrained component for the whole image sequence. 

Step 5. Traversing the region 1 ≤ 𝑥௣ ≤ 𝑤, 1 ≤ 𝑦௤ ≤ ℎ, and steps 2-4 respectively are 
performed respectively to obtain 3D image sequence data for suppressing the dynamic 
background. 

As shown below, Fig. 3(a) is a frame from the original image sequence, and Fig. 3(b) shows a 
frame processed using the dynamic background suppression algorithm. Comparison of Figs. 3(a) 
and 3(b) shows that the dynamic background has been suppressed to a large extent. The presence 
of dynamic interference information in the red labeled region in Fig. 3(b) is mainly due to the bias 
arising from the selection of the empirical threshold 𝑡ℎ஽, which will be further dealt with when 
performing the tensor sparse component decomposition in Section 2.4.  

Next, we will further analyze the value ranges for 𝑡ℎ௠௜௡, 𝑡ℎ௠௘௔௡, and 𝑡ℎ஽. 𝑡ℎ௠௜௡  is used to 
determine the static background area in the image. The grayscale variation values of the static 
background area in sequence images from different datasets can be used to obtain it. Based on the 
experimental results from the data set in this paper, 𝑡ℎ௠௜௡ ∈ [5,15] is chosen. 𝑡ℎ௠௘௔௡  is 
determined based on the inter-frame target grayscale variations calculated from the ground truth. 
For the experimental dataset in this paper, 𝑡ℎ௠௘௔௡ ∈ [0.4,0.6] is selected. Based on the 
determination of 𝑡ℎ௠௜௡  and 𝑡ℎ௠௘௔௡, the value range of 𝑡ℎ஽ can be further obtained, to 
quantitatively analyze 𝑡ℎ஽, we use SSIM (Structural Similarity Index) to assess the reasonableness 
of its value. The statistical results are shown in Fig. 4. 

The value of SSIM typically ranges from 0 to 1, with a value closer to 1 indicating higher 
visual similarity between the two images. The curves shown in Fig. 4 are the SSIM values 
calculated with the 20th frame image from six datasets as a reference. The fall, fountain01, and 
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fountain02 datasets show a turning point around 𝑡ℎ஽ = 0.2, while the boats, canoe, and overpass 
datasets show a turning point around 𝑡ℎ஽ = 0.3. 

 
a) 

 
b) 

Fig. 3. Schematic diagram of the results of suppressing dynamic background:  
a) original image, b) result of suppressing dynamic background 

 
Fig. 4. Analysis of parameter 𝑡ℎ஽ 

2.4. Graph regularization constraints and tensor sparse component decomposition 

Separating the image background from the motion foreground from the image sequence using 
the tensor RPCA algorithm can be described as solving the following optimization problem: min௟,௟భ,௟మ 𝜆𝜓ଶ(𝑙ଶ) + 𝜓ଵ(𝑙ଵ),𝑠. 𝑡. 𝑙 = 𝑙ଶ + 𝑙ଵ,  (1)

where 𝜆 denotes the weight parameter, 𝜓ଶ(𝑙ଶ) denotes motion foreground, 𝜓ଵ(𝑙ଵ)denotes 
background information, 𝑙, 𝑙ଶ and 𝑙ଵ denote the vectorization of tensors 𝐼, 𝐼ଶ and 𝐼ଵ, respectively. 

As shown in Fig. 3(b) above, although the dynamic background is largely suppressed, some 
perturbation information still exists. Whereas for an image sequence, the background information 
can be approximated as a low-rank subspace, the moving foreground can be approximated as a 
sparse subspace. In this regard, a low-rank sparse decomposition can be performed, and we further 
decompose the background information 𝜓ଵ(𝑙ଵ) in Eq. (1) into the sum of the low-rank component ℓ and the perturbation component 𝑒. Eq. (1) can be rewritten as: min௟,௘,ℓ,௟మ 𝜆𝜓ଶ(𝑙ଶ) + 𝜅𝜙(𝑒) + Ω(ℓ),𝑠. 𝑡. 𝑙 = 𝑙ଶ + 𝑒 + ℓ,  (2)
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where 𝜅 denotes the weight parameter. To solve Eq. (2), the a priori features of the moving 
foreground and the image background are analyzed separately. The foreground is sparse and the 
graph Laplacian regularization term is used to characterize the spatial graph structure of the image 
frame, then Eq. (2) can be rewritten as: min௟,௘,ℓ,௦ 𝜆‖𝑠‖ଵ + Υ𝑡𝑟(𝑠்𝐿𝑠) + 𝜅𝜙(𝑒) + Ω(ℓ),𝑠. 𝑡. 𝑙 = 𝑠 + 𝑒 + ℓ,  (3)

where ‖𝑠‖ଵ is the 𝐿ଵ norm, representing the sparsity of the tensor, 𝑡𝑟(𝑠்𝐿𝑠) is the graph 
Laplacian regularization term, which describes the smoothness of the sparse components on the 
graph, 𝐿 is the graph Laplacian matrix, and Υ is the weight parameter. 

As for the image background, along the time dimension, the background of an image sequence 
can be approximated as a low-rank component plus perturbation information, and the tucker 
decomposition can be used to solve for the low-rank background component in 3D space: 𝐼ଵ = 𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ + 𝜀, (4)

where 𝑈ଵ and 𝑈ଶ are orthogonal in the spatial dimension and orthogonal to the time dimension 𝑈ଷ. 𝜍 denotes the kernel tensor, 𝜀 denotes the perturbation information. Further, the optimization 
problem shown in Eq. (3) can be written as follows: min௟,௦,௘,చ,௎భ,௎మ,௎య 𝜆‖𝑠‖ଵ + Υ𝑡𝑟(𝑠்𝐿𝑠) + 12 ‖𝑒‖ଶ,𝑠. 𝑡. 𝑙 = 𝑠 + 𝑒 + 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ), (5)

where 𝑉𝑒𝑐 denotes the vectorization of the tensor. Using the augmented Lagrange function to 
solve the above optimization problem, the Lagrange function of Eq. (5) can be expressed as: 𝐿𝜇(𝑙, 𝑠, 𝜍,𝑈1,𝑈2,𝑈3, 𝑒) = 𝜆‖𝑠‖ଵ + Υ𝑡𝑟(𝑠்𝐿𝑠) + 12 ‖𝑒‖ଶ       −〈𝜆ଵ, 𝑙 − 𝑠 − 𝑒 − 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ)〉       +𝛽ଵ2 ‖𝑙 − 𝑠 − 𝑒 − 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ)‖ଶ, (6)

where 𝜆ଵ denote Lagrange multiplier vector, 𝛽ଵ denote the penalization factors. The following 
uses alternating direction method of multipliers (ADMM) [33-35] to solve Eq. (6). 

Step 1. Updating 𝑙, keeping the other terms constant: 

𝑙 = 𝛽ଵ(𝑙ଶ + 𝑒 + 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ))𝛽ଵ . (7)

Step 2. Updating [𝜍,𝑈1,𝑈2,𝑈3], since 𝑙ଵ = 𝑙 − 𝑠 − 𝜀 − 𝑇(𝜆ଵ 𝛽ଵ⁄ ), where 𝑇 denotes the 
tensor transformation. The Tucker decomposition is applied to 𝑙ଵ in three dimensions, and then 
the low-rank component 𝑙ଵ is obtained by an iterative operation. 

Step 3. Updating 𝑒, keeping the other terms constant: 

𝑒 = 𝛽ଵ ൬𝑙 − 𝑠 − 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ) − 𝜆ଵ𝛽ଵ൰1 + 𝛽ଵ . (8)

Step 4. Updating the sparse part can be done in two sub-steps. 
i) Updating graph Laplacian regularization term: 
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𝑠௞ାଵ = 𝑎𝑟𝑔𝑚𝑖𝑛௦ 𝜆2 ฮ𝑠 − 𝑠௧௘௠௣௞ାଵ ฮଵଶ + Υ𝑡𝑟(𝑠்𝐿𝑠). (9)

This process can be realized by a linear transformation, i.e., 𝑠௞ାଵ = (𝜆𝐼 + 2Υ𝐿)ିଵ(𝜆𝑠௧௘௠௣௞ାଵ ). 
(ii) Updating Sparse component: 

𝑠 = 𝛽ଵ(𝑙 − 𝑒 − 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ)) − 𝜆ଵ𝛽ଵ𝐼 . (10)

Step 5. Updating ℎ, keeping the other terms constant. The optimization of ℎ can be equated to: 

min௛ 𝜆‖ℎ‖ଵ + 𝛽ଵ2 ብℎ − ቆ𝐷𝑙ଶ + 𝜆ଵ𝛽ଵ ቇብଶ. (11)

This optimization problem can be solved by using soft shrinkage operators. 
Step 6. The parameter 𝜆ଵ is updated using the following equation: 𝜆ଵ = 𝜆ଵ − 𝜐𝛽ଵ(𝑙 − 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ) − 𝑒 − 𝑠), (12)

where 𝜐 denotes the adjustment parameter. In this paper, we take 𝜐 = 1.2, the penalty factor is 
taken as 𝛽ଵ = 10-5/𝜂, and 𝜂 takes the mean of 𝑙. 
2.5. Complexity analysis 

Assume there are 𝑁 frames in the sequence, with each frame having 𝑀 pixels, resulting in a 
total of 𝑁 × 𝑀 nodes. The time complexity for constructing the adjacency matrix is typically 𝑂((𝑁 × 𝑀)ଶ). The time complexity for computing the Laplacian matrix 𝐿 is linearly related to 
the size of the graph, i.e., 𝑂(𝑁 × 𝑀). For tensor decomposition, it typically requires 𝑂(𝑟ଷ) matrix 
multiplications, so the computational complexity is 𝑂(𝑟ଷ), where 𝑟 represents the rank of the 
tensor decomposition. The computational complexity for each update in ADMM is 𝑂(𝑟ଶ𝑑), where𝑑 is the total dimension of the tensor. If the maximum number of iterations for ADMM is 𝑇, the 
overall time complexity is 𝑂((𝑁 × 𝑀)ଶ + 𝑇 × 𝑟ଶ × 𝑑). 

3. Results and analysis 

The experimental image sequence data in this paper are selected from six sets of real scenes 
containing dynamic backgrounds in the publicly available dataset ChangeDetection.net, 
including: boats, canoe, fall, fountain01, fountain02 and overpass. 

3.1. Ablation experiment 

3.1.1. Dynamic background suppression 

The selection of threshold 𝑡ℎ஽ will have a certain impact on the dynamic background region 
segmentation and its suppression results in pixels. If 𝑡ℎ஽ is too small, it may misclassify the target 
as dynamic background; if 𝑡ℎ஽ is too large, it may misclassify the dynamic background as the 
target, thus failing to effectively suppress the dynamic background. In this paper, we take the 
empirical values 𝑡ℎ௠௜௡ = 10, 𝑡ℎ௠௘௔௡ = 0.5, 𝑡ℎ஽ = 0.25. In order to objectively analyze the 
effectiveness of the proposed algorithm in suppressing the dynamic background, we conducted 
ablation experiments. The comparison results of the proposed algorithm with the unsuppressed 
image sequence dynamic background method for segmenting the target are shown in Fig. 5. 

The results of the ablation experiments of three sets of sequence images, canoe, fountain01 
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and fountain02, respectively, are shown in Fig. 5, which shows that the proposed algorithm 
removes the dynamic interference information well. 

 
a) 

 
b) 

Fig. 5. Dynamic background suppression comparison results:  
a) dynamic background not removed, b) dynamic background removal 

3.1.2. Graph Laplacian regularization constraints 

In order to verify the effectiveness of segmenting the target using graph regularization 
constraints, the graph Laplacian regularization method is compared with the three-dimensional 
total variation (3D-TV) method under the suppression of dynamic background. For the moving 
foreground, as shown in Fig. 2 above, the motion target in two adjacent frames of an image 
sequence in a 3D spatial structure is continuous in its spatial position and undergoes only small 
displacements. Therefore, 3D-TV can be used to model and analyze the moving target, combined 
with the three-dimensional space shown in Fig. 2 above, let 𝑖 denote the width direction, 𝑗 denote 
the height direction, and 𝑡 denote the time dimension direction, then the 3D-TV model can be 
described by the following equation: 𝑇𝑉௜,௝,௧(𝑙ଶ) = |𝑙ଶ(𝑖, 𝑗, 𝑡) − 𝑙ଶ(𝑖 + 1, 𝑗, 𝑡)| + |𝑙ଶ(𝑖, 𝑗, 𝑡) − 𝑙ଶ(𝑖, 𝑗 + 1, 𝑡)|       +|𝑙ଶ(𝑖, 𝑗, 𝑡) − 𝑙ଶ(𝑖, 𝑗, 𝑡 + 1)|. (13)

The gray level at spatial location (𝑖, 𝑗, 𝑡) is denoted by 𝑔(𝑖, 𝑗, 𝑡), let 𝑔௪(𝑖, 𝑗, 𝑡) = 𝑔(𝑖 +1, 𝑗, 𝑡) − 𝑔(𝑖, 𝑗, 𝑡), 𝑔௛(𝑖, 𝑗, 𝑡) = 𝑔(𝑖, 𝑗 + 1, 𝑡) − 𝑔(𝑖, 𝑗, 𝑡), 𝑔௞(𝑖, 𝑗, 𝑡) = 𝑔(𝑖, 𝑗, 𝑡 + 1) − 𝑔(𝑖, 𝑗, 𝑡), 
and the above tensor is vectorized, and set 𝐷𝑙 = [𝑔௪ ,𝑔௛,𝑔௞], where 𝑔௪, 𝑔௛, 𝑔௞ denote the result 
of vectorization of 𝑔௪(𝑖, 𝑗, 𝑡), 𝑔௛(𝑖, 𝑗, 𝑡), 𝑔௞(𝑖, 𝑗, 𝑡) respectively. Rewriting Eq. (13) as 𝐿ଵ norm: ||𝐼ଶ||ଷ஽ି்௏ = ||𝐷𝑙ଶ||ଵ. (14)

Combining the 3D-TV model and the previous method of suppressing dynamic background 
processing, i.e., plugging Eqs. (4) and (14) into Eq. (13), the optimization problem corresponding 
to Eq. (2) can be rewritten as: 
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min௟,௟మ,௘,௛,చ,௎భ,௎మ,௎య 𝜆‖ℎ‖ଵ + 12 ‖𝑒‖ଶ,𝑠. 𝑡. ℎ = 𝐷𝑙ଶ,𝑙 = 𝑙ଶ + 𝑒 + 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ), (15)

where 𝑉𝑒𝑐 denotes the vectorization of the tensor. Using the augmented Lagrange function to 
solve the above optimization problem, the Lagrange function of Eq. (15) can be expressed as: 

𝐿𝜇(𝑙, 𝑙ଶ, 𝜍,𝑈1,𝑈2,𝑈3, 𝑒,ℎ) = 𝜆‖ℎ‖ଵ + 12 ‖𝑒‖ଶ−< 𝜆ଵ,ℎ − 𝐷𝑙ଶ > +𝛽ଵ2 ‖ℎ − 𝐷𝑙ଶ‖ଶ       −〈𝜆ଶ, 𝑙 − 𝑙ଶ − 𝑒 − 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ)〉       +𝛽ଶ2 ‖𝑙 − 𝑙ଶ − 𝑒 − 𝑉𝑒𝑐(𝜍 ×ଵ 𝑈ଵ ×ଶ 𝑈ଶ ×ଷ 𝑈ଷ)‖ଶ. (16)

where 𝜆ଵ, 𝜆ଶ denote Lagrange multiplier vector, 𝛽ଵ, 𝛽ଶ denote the penalization factors. Eq. (16) 
can also be optimized by ADMM algorithm, i.e., update the 𝑙, [𝜍,𝑈1,𝑈2,𝑈3], 𝑒, 𝑙ଶ, ℎ, 𝜆ଵ and 𝜆ଶ 
parameters separately. 

The results of the TV algorithm and the graph regularization algorithm for segmenting the 
foreground target respectively are shown in Fig. 6. 

 
a) 

 
b) 

Fig. 6. Foreground target segmentation results: a) TV algorithm, b) graph regularization algorithm 

Comparing the segmentation results shown in Fig. 6(a) and (b), it can be seen that the 
foreground targets segmented by the graph regularization algorithm have better continuity and 
integrity in terms of subjective visual effects. It will be further discussed and analyzed 
quantitatively in Section 3.2. 

Further, as can be seen from Eq. (6), Υ is the regularization parameter used to penalize the 
connectivity of target foreground pixels. Taking the 30th frame image from the boats dataset as 
an example to analyze the regularization parameter, the results of the sensitivity analysis of 𝑟 are 
shown in Fig. 7. It can be seen that the optimal segmentation result is obtained when Υ = 0.6. 

3.2. Moving target extraction results and analysis 

On the basis of suppressing the dynamic background, the tensor decomposition and graph 
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Laplacian regularization algorithm is used to extract the moving targets, and the proposed 
algorithm is compared with five other typical algorithms for moving target detection, including 
the RPCA algorithm, the RPCA optimization algorithm, the TVRPCA algorithm, the IBTSVT 
algorithm, and the IMTSL algorithm. The experimental results are shown in Fig. 8. 

 
Fig. 7. Sensitivity analysis of the regularization parameter 

 
a) 

 
b) 

 
c) 

 
d) 

 
e) 

 
f) 

Fig. 8. Results of different algorithms for extracting moving targets: 
a) boats, b) canoe, c) fall, d) fountain01, e) fountain02, f) overpass 

According to the results shown in Fig. 6, in terms of subjective visual effects, the moving 
object detected by the proposed algorithm is the clearest and most complete. Both the RPCA and 
RPCA optimization algorithms use the method of matrix decomposition, which does not take 
advantage of the structural information between each frame. In addition, RPCA optimization 
algorithm performs dynamic background suppression on the basis of matrix decomposition, which 
improves the segmentation accuracy to a certain extent. However, the final results obtained by this 
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method largely depend on the effect of using RPCA algorithm to perform low-rank sparse 
decomposition of image sequences. However, RPCA decomposition under dynamic background 
is difficult to obtain satisfactory results, which directly leads to the low accuracy of the final 
extraction target of the algorithm. TVRPCA, IBTSVT, and IMTSL algorithms are based on the 
tensor model for the extraction of the motion target, but when every frame of the image there is 
dynamic background information, especially when the dynamic background region occupies a 
large proportion in one frame, it is difficult to solve the problem of misclassification between the 
dynamic background and the motion foreground. 

Further, in order to provide an objective evaluation of the segmentation results, a 
comprehensive indicator 𝐹 metric is used to measure the segmentation results, which is calculated 
by the following formula: 𝑃 = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 ,     𝑅 = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 ,      𝐹 = 2𝑃 ⋅ 𝑅𝑃 + 𝑅 . (17)

where 𝑃 is precision, 𝑅 is recall, 𝑇𝑃, 𝐹𝑃 and 𝐹𝑁 indicate true positives, false positives and false 
negatives respectively. 𝐹 is an important comprehensive index to evaluate the results of target 
segmentation. Its value is between 0 and 1, and the closer the value is to 1, the better the 
performance of the object segmentation model. The results of statistically different algorithms for 
calculating F-values are shown in Table 1. 

Table 1. F-values calculated by different algorithms 

Data set 
Algorithm 

RPCA 
algorithm 

RPCA optimization 
algorithm 

TVRPCA 
algorithm 

IBTSVT 
algorithm 

IMTSL 
algorithm 

Proposed 
method 

Boats 0.23 0.56 0.69 0.47 0.52 0.91 
Canoe 0.12 0.20 0.42 0.41 0.31 0.86 
Fall 0.21 0.85 0.28 0.33 0.58 0.92 

Fountain01 0.02 0.67 0.62 0.39 0.36 0.79 
Fountain02 0.22 0.71 0.38 0.46 0.68 0.88 
Overpass 0.37 0.53 0.48 0.45 0.71 0.85 

According to the results of statistical 𝐹 in Table 1, the proposed algorithm has obtained 
optimal segmentation results on the six data sets of boats, canoe, fall, fountain01, fountain02 and 
overpass. Further, the two datasets of boats and canoe have most of the dynamic background 
region in each frame, and the target foreground is always moving in the dynamic background 
region (the boat rowing on the fluctuating lake), the results obtained by the proposed algorithm on 
these two datasets are much better than the other five algorithms (24 % and 51 % higher than the 
sub-optimal algorithms, respectively), which also shows the effectiveness of the proposed 
algorithm for suppressing the dynamic background algorithm is effective. In addition, the 
algorithm also obtains good segmentation results on the fall, fountain01 and fountain02 datasets, 
but the F-score on the fountain01 data set is only 0.79, which is mainly due to the fact that the 
target is small and there is a large proportion of occlusion in the image sequence, making 
segmentation of the foreground target less effective. Overall, the proposed algorithm is more 
advantageous for the problem of detecting moving targets under dynamic background in image 
sequences.  

4. Discussion 

In this paper, we investigate how to effectively segment the target foreground from an image 
sequence disturbed by a dynamic background using tensor decomposition and graph signal 
processing methods. The dynamic background is suppressed by smoothing, so that each frame in 
the image sequence can be described as a superposition of two components, i.e., the background 
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component with smooth change characteristics and the foreground component with sparsity and 
connectivity, and a graph model is established to optimize the solution. 

Graph Laplacian regularization is based on graph structure, which can better express the local 
neighborhood structure of image data. For each frame in an image sequence, the graph Laplacian 
constraint term is able to describe the similarity between neighboring pixels, and by introducing 
similarity constraints on neighboring pixels, the graph Laplacian regularization effectively reduces 
isolated noise points in the foreground region. In fact this local structure is particularly important 
because neighboring pixels in an image tend to belong to the same region thus effectively 
smoothing the segmentation of the target foreground. Especially when dealing with image 
sequences of dynamic scenes, the graph Laplacian regularization can suppress the interference of 
noise and make the foreground more coherent, thus showing the contours of the moving target 
more clearly. 

The ablation experiments in Section 3.1 of the paper and the comparison experiments of typical 
motion target segmentation algorithms in Section 3.2 verify the effectiveness of this paper's 
method in suppressing dynamic background interference noise and completely segmenting 
foreground targets. The proposed method provides a new way to accurately segment the target 
foreground in image sequences in complex natural scenes. 

It should be noted that the method in this paper processes the image sequence as a whole. For 
video signals, the sequence must first be frame-by-frame segmented, and the segmentation results 
are output frame by frame, which introduces a certain amount of delay. The overpass dataset in 
this paper contains the largest number of images, a total of 473 frames, and the average processing 
time for one image is 1.03 s (The experiment is conducted on a PC, the CPU is Intel core i5 
2.27 GHz, 2G memory, and win10 operating system). Additionally, each frame in the six datasets 
used in this paper contains only a single target. For multi-object segmentation, especially when 
the targets overlap (occlusion issue), further discussion is needed. Incorporating domain 
knowledge, such as using geometric or semantic priors of the objects, could be an effective 
approach. Typically, this requires a combination of various techniques, which also increases 
computational complexity. 

5. Conclusions 

When each frame of an image sequence contains dynamic background information, it is 
challenging to realize the segment of moving targets by using low-rank sparse decomposition, 
especially when there is a large region of dynamic background in a frame which limits the 
low-rank constraint ability and makes it easy to mis detect or miss detection. To address this 
problem, this paper firstly adopts the dynamic background suppression algorithm based on the 
difference between the target foreground and the dynamic background motion characteristics in 
the spatial-temporal domain, which realizes the conversion of the dynamic background into a 
low-rank constraint component and lays the foundation for the effective realization of the low-rank 
sparse decomposition. The tensor decomposition and graph Laplace regularization algorithms are 
then used to take full advantage of the spatio-temporal continuity between two adjacent frames as 
well as the similarity of neighboring pixels in each frame image, and the alternating direction 
method of multipliers iterative optimization method is used to complete the effective separation 
of the background and the moving foreground. The experimental results prove that the proposed 
algorithm is feasible and has more advantages than other algorithms. In the future, the use of deep 
learning methods to address target segmentation under small sample conditions requires further 
research. On one hand, data augmentation should be combined with generative adversarial 
networks (GAN), and on the other hand, the spatiotemporal consistency between inter-frame data 
should be leveraged to design 3D convolutional neural network models to extract more 
comprehensive target features, effectively addressing the issue of target occlusion. 
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