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ABSTRACT 
Extraction of moving object is an important step in the system of video surveillance, traffic monitoring, human tracking and other 
applications. Recent research in computer vision has increasingly focused on building systems for observing humans and 
understanding their look, activities, and behavior providing advanced interfaces for interacting with humans, and creating sensible 
models of humans for various purposes. This paper presents a new algorithm for detecting Appearance Similarity and Motion 
Similarity in the video. Using a graphic model is an efficient way to solve the data association problem in the camera visual object 
tracking. Objects in the videos were identified based on the identification of the pixel based differences in the images. In the 
proposed system objects were identified based on the structured sparsity inducing norms. Foreground is defined as the outliers of 
the structured sparsity norms. The identified foreground regions were extracted from the videos frames. The overall performance 
of the process is measured based on precision, recall, F-measure and False Positives. The main objective of the process is to exact 
the foreground from the videos. The input videos taken from the static cameras were converted into frames. The video frames 
were then decomposed based on Local Rank and Structured Sparsity Decomposition (LSD). In LSD the video frames were 
optimized based on the identification of the sparsity components using Ll infinity norm. The obtained coefficients were then 
optimized using Augmented Lagrange multipliers (ALM). Motion saliency check is applied to the decomposed frames based on the 
clustering of the Gaussian Mixture Model. In motion saliency check the sparsity and non sparsity components were identified 
based on the providing threshold for the sparsity and non sparsity components. From clustered Gaussian Mixture Model images 
the blobs were group based on the sparsity obtained in different scales using Group Sparse RPCA. In RPCA the regions with high 
motion saliency were identified. The identification is done by convex optimization problem. Optimization is again done based on 
inexact ALM method. The final foreground objects were estimated by comparing the results from the clustered GMM model and 
RPCA. The overall performance of the process is measured based on precision, recall, F-measure and False Positives. The 
performance metrics employed were much improved compared with the existing. 
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INTRODUCTION 

 

Recent research has demonstrated that sparse coding (or sparse representation) is a powerful image 

representation model. The idea is to represent an input signal as a linear combination of a few items from an 

over-complete dictionary. It achieves impressive performance on image classification. Dictionary quality is a 

critical factor for sparse representations. The sparse representation-based coding (SRC) algorithm takes the 

entire training set as dictionary. However, sparse coding with a large dictionary is computationally expensive. 

Hence some approaches focus on learning compact and discriminative dictionaries. The performance of 

algorithms like image classification is improved dramatically with a well-constructed dictionary and the 
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encoding step is efficient with a compact dictionary. The performance of these methods deteriorates when the 

training data is contaminated (i.e., occlusion, disguise, lighting variations, pixel corruption). Additionally, when 

the data to be analyzed is a set of images which are from the same class and sharing common (correlated) 

features (e.g. texture), sparse coding would still be performed for each input signal independently. This does not 

take advantage of any structural information in the set. Low-rank matrix recovery, which determines a low-rank 

data matrix from corrupted input data, has been successfully applied to applications including salient object 

detection, segmentation and grouping, back-ground subtraction, tracking, and 3D visual recovery. However, 

there is limited work, using this technique for multi-class classification. This system uses low-rank matrix 

recovery to remove noise from the training data class by class. This process becomes tedious as the class 

number grows, as in face recognition. Traditional PCA and SRC are then employed for face recognition. They 

simply use the whole training set as the dictionary y, which is inefficient and not necessary for good recognition 

performance presents a discriminative low-rank dictionary learning for sparse representation (DLRDSR) to 

learn a low-rank dictionary for sparse representation-based face recognition. 

Background subtraction is an important preprocessing step in video surveillance systems. It aims to find 

independent moving objects in a scene. Many algorithms have been proposed for background subtraction under 

stationary. In recent years, videos from moving cameras have also been studied because the number of moving 

cameras (such as smart phones and digital videos) has increased significantly. However, handling diverse types 

of videos robustly is still a challenging problem. In this paper, we propose a unified framework for background 

subtraction, which can robustly deal with videos from stationary or moving cameras with various number of 

rigid/non-rigid objects. The proposed method for background subtraction is based on two sparsity constraints 

applied on foreground and background levels, i.e., low rank and group sparsity constraints. It is inspired by 

recently proposed sparsity theories. There are two “sparsity” observations behind our method. First, when the 

scene in a video does not have any foreground moving objects, video motion has a low rank constraint for 

orthographic cameras. Thus the motion of background points forms a low rank matrix. Second, foreground 

moving objects usually occupy a small portion of the scene. In addition, when a foreground object is projected 

to pixels on multiple frames, these pixels are not randomly distributed. They tend to group together as a 

continuous trajectory. Thus these foreground trajectories usually satisfy the group sparsity constraint.  These 

two observations provide important information to differentiate independent objects from the scene. Based on 

them, the video background subtraction problem is formulated as a matrix decomposition problem. First, the 

video motion is represented as a matrix on trajectory level (i.e. each row in the motion matrix is a trajectory of a 

point). Then it is decomposed into a background matrix and a foreground matrix, where the background matrix 

is low rank, and the foreground matrix is group sparse. This low rank constraint is able to automatically model 

background from both stationary and moving cameras, and the group sparsity constraint improves the robustness 

to noise. The trajectories recognized by the above model can be further used to label a frame into foreground 

and background at the pixel level. Motion segments on a video sequence are generated using fairly standard 

techniques. Then the color and motion information gathered from the trajectories is employed to classify the 

motion segments as foreground or background. Our approach is validated on various types of data, i.e., synthetic 

data; real-world video sequences recorded by stationary cameras or moving cameras and/or non-rigid 

foreground objects. Extensive experiments also show that our method compares favorably to the recent state-of-

the-art methods.  

This paper introduces the method of dynamic mode decomposition (DMD) for robustly separating video 

frames into background (low-rank) and foreground (sparse) components in real-time. The method is a novel 

application of a technique used for characterizing nonlinear dynamical systems in an equation-free manner by 

decomposing the state of the system into low-rank terms whose Fourier components in time are known. DMD 

terms with Fourier frequencies near the origin (zero-modes) are interpreted as background (low-rank) portions 

of the given video frames, and the terms with Fourier frequencies bounded away from the origin are their sparse 

counterparts. An approximate low-rank/sparse separation is achieved at the computational cost of just one 

singular value decomposition and one linear equation solve, thus producing results orders of magnitude faster 

than a leading separation method, namely robust principal component analysis (RPCA). The DMD method that 

is developed here is demonstrated to work robustly in real-time with personal laptop-class computing power and 

without any parameter tuning, which is a transformative improvement in performance that is ideal for video 

surveillance and recognition applications. There is a growing demand for accurate and real-time video 

surveillance techniques. Specifically, algorithms that can remove background variations in a video stream, 

which are highly correlated between frames, in order to highlight foreground objects of potential interest are at 

therefore front of modern data-analysis research. Background/foreground separation is typically an integral step 

in detecting, identifying, tracking, and recognizing objects in video sequences. Most modern computer vision 

applications demand algorithms that can be implemented in real-time, and that are robust enough to handle 

diverse, complicated, and cluttered back-grounds. Competitive methods often need to be flexible enough to 

accommodate changes in a scene due to, for instance, illumination changes that can occur throughout the day, or 

location changes where the application is being implemented. Given the importance of this task, a variety of 
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iterative techniques and methods, some of which are out-lined below, have already been developed in order to 

perform background/foreground separation. One potential viewpoint of this computational task is as a matrix 

separation problem into low-rank (background) and sparse (foreground) components. By weighting combination 

of the nuclear and the L1norms, a convenient convex optimization problem (principal component pursuit) was 

demonstrated, under suitable assumptions, to recover the low-rank and sparse components exactly of a given 

data-matrix (or video for our purposes). The RPCA technique, which has its computational costs dominated by 

the convex optimization procedure, was shown to be highly-competitive in comparison to the state-of-the-art 

computer vision procedure developed by De La Torre and Black. In this manuscript, we advocate a similar 

matrix separation approach, but by using the method of dynamic mode decomposition (DMD) instead of RPCA. 

This method, which essentially implements a Fourier decomposition of the video frames in time, distinguishes 

the stationary background from the dynamic foreground by differentiating between the near-zero modes and the 

remaining modes bounded away from the origin, respectively. 

 

Proposed Algorithm: 

Objects of interest is an important and challenge problem in intelligent visual surveillance systems. The 

input videos taken from the static cameras were converted into frames. Detection of moving object from a 

sequence of frames captured from a static camera is widely performed by An equalized global graphical model 

method. Appearance Similarity is used to identify the object in the images. Motion Similarity is used to detect 

the mobile objects and track the object. The performance metrics employed were much improved compared 

with the existing methods. The video frames were then decomposed based on Local Rank And Structured 

Sparsity Decomposition (LSD). In LSD the video frames were optimized based on the identification of the 

sparsity components using l1 infinity norm. The obtained coefficients were then optimized using Augmented 

Lagrange multipliers (ALM).  

Motion saliency check is applied to the decomposed frames based on the clustering of the Gaussian Mixture 

Model. In motion saliency check the sparsity and non sparsity components were identified based on the 

providing threshold for the sparsity and non sparsity components. From clustered Gaussian Mixture Model 

images the blobs were group based on the sparsity obtained in different scales using Group Sparse RPCA. In 

RPCA the regions with high motion saliency were identified. The identification is done by convex optimization 

problem. Optimization is again done based on inexact ALM method. The final foreground objects were 

estimated by comparing the results from the clustered GMM model and RPCA. The overall performance of the 

process is measured based on precision, recall, F-measure and False Positives. The performance metrics 

employed were much improved compared with the existing methods. 

The proposed method don’t need previous knowledge about the foreground objects in the videos. The 

structured sparsity inducing norm encourages the structured sparsity of the foreground, and better captures the 

outliers than block-sparse norms or the MRF smoothness constraint. The optimization method reduces the 

algorithm complexity of the process because the outliers were more effectively removed in the sparsity 

components. The performance measured indicates that proposed method is more efficient. 
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Fig. 1: Block diagram 

 

Lsd Decomposition: 

The Low-rank and Structured sparse Decomposition (LSD) method is employed for the identification of the 

outliers or the other unwanted portions in the input videos. The background regions were arranged in a linear 

correlated manner so that the background regions can be identified based on the sparse decomposition process. 

The regular arrangement of the matrices can be easily identified based on the identification of correlation of the 

matrices in the regions. The uncorrelated region denotes the foreground regions in the image. The identification 

of the foreground objects were defined as a convex optimization problem which can be defined as follows, 

 

Where  means the nuclear norm of matrix L, the sum of its singular values. (S) Means the 

structured sparsity norm which has been remains an optimization problem and we could solve it 

based on Augmented Lagrange Multiplier (ALM) method. 

 

Alm Method: 

Augmented Lagrange Multiplier (ALM) method has good balance between efficiency and accuracy in 

solving related RPCA methods. The decomposition of the video frames results in the identification of the 

foreground and the background regions in the images. The optimization function used in the Low-rank and 

Structured sparse Decomposition (LSD) method is helpful in order to find the minimum cost for the 

identification of the foreground pixels in the input video frames. Lagrange multipliers are a mathematical tool 

for constrained optimization of differentiable functions. In the basic, unconstrained version, we have some 

(differentiable) function that was maximized (or minimized). This is done by first find extreme points of which 

are points where the gradient is zero, or, equivalently, each of the partial derivatives is zero. If we’re lucky, 

points like this that we find will turn out to be (local) maxima, but they can also be minimal or saddle points. 

Different cases apart by a variety of means can be identified by including checking properties of the second 

derivatives or simple inspecting the function values. Hopefully this is all familiar from calculus, though maybe 

it’s more concretely clear when dealing with functions of just one variable. Lagrange multipliers can help deal 

with both equality constraints and inequality constraints. 

 

Motion Saliency Check: 

The foreground regions in the video frames extracted from the LSD process contains some pixels other than 

the foreground regions. Movements in the additional background regions were very small compared to them in 

the foreground regions. For exact identification of the foreground regions motion saliency is obtained by 

grouping the identified foreground regions. The regions were divided into small blocks and the block with 

foreground objects were identified. The blocks in which the foreground regions were occurring closely were 

identified. The identified blocks were then combined and the regions in which the foreground pixels identified 

were not continuous were removed. For grouping of the blocks the blocks were divided in the range of 4*4. 

Secondly, the likelihood of a group containing foreground should be checked out and those with little motions 

should be suppressed. 

Since background motion is usually smaller and more regular than foreground object motion, the 

foreground object will form a distinct trajectory from the background in a temporal slice on the X-T and Y-T 

planes. The analysis of temporal slices will detect such distinct trajectories of foreground objects and generate a 

motion saliency map. In the motion saliency map, larger values typically correspond to the more motion salient 

pixels. Since we have foreground group candidates from LSD, we can calculate each group’s average saliency G 

by counting the pixels of each group using the motion saliency map. 

 

Group Sparse Rpca: 

After the motion saliency check, many non-stationary back-ground motions are filtered out. We can lower 

the regularizing parameter λ to ensure that all the changes caused by fore-ground motion will be entirely 

captured to the outlier matrix. In this step, for all group i with considerable motion saliency, we set the 

corresponding λi: 

 
Where the last factor normalizes the computed saliency measurement Gi for each group with respect to the 

minimum G detected among all groups with high motion saliency values. For group with lower motion saliency 

value, the λi is set to a large value to reduce the false detection. According to our experimental results, we set δ 

= 10.The usage of the Robust Principal Component Analysis (RPCA). PCA is arguably the most widely used 

statistical tool for data analysis and dimensionality reduction today. However, its brittleness with respect to 
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grossly corrupted observations often puts its validity in jeopardy – a single grossly corrupted entry in M could 

render the estimated ˆL arbitrarily far from the true L0. Unfortunately, gross errors are now ubiquitous in 

modern applications such as image processing, web data analysis, and bioinformatics, where some 

measurements may be arbitrarily corrupted (due to occlusions, malicious tampering, or sensor failures) or 

simply irrelevant to the low-dimensional structure we seek to identify. 

 

Foreground Extraction: 

The motion saliency of the objects estimated and the foreground regions extracted using RPCA were 

compared for the identification of the exact foreground of the input video frames. The estimated objects in both 

of the steps may contain some of the unwanted background objects in the video frames. The Comparison of the 

motion saliency and the RPCA optimization helps in the removal of the unwanted background because in the 

optimization process most of the unwanted elements were removed and in the motion saliency the common 

movement regions were identified. Background subtraction is generally regarded as an effective method for 

extracting the foreground. In fact, after the two earlier steps in our proposed method, we estimated the location 

and size of the likely groups and also weigh each group with a different saliency measure. Then a group-sparse 

RPCA is used to carry out the final foreground detection from those motion saliency groups. 

 
Where F is the Frobenius norm of a matrix, and Mi represents the matrix from group i in each column of S. 

Equation is the group-sparse version of the RPCA, which remains a convex optimization problem and can be 

again solved via the inexact ALM method. 

 

RESULTS AND DISCUSSIONS 

 
 

 
 

(a).    Input Video 1 (b).    Input Video 2 (c).    Input Video 3 

 

   

(a).  Frame Conversion 1 (b).  Frame Conversion 2 (c).  Frame Conversion 3 

 

   
(a).  Structured Sparcity Norm 1 (b).  Structured Sparcity Norm 2 (c).  Structured Sparcity Norm 3 
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(a).  Sparcity Component 1 (b).  Sparcity Component 2 (c).  Sparcity Component 3 

 

 
 

 
(a).  Motion Saliency 1 (b).  Motion Saliency 2 (c).  Motion Saliency 3 

 

 
  

(a).  Gaussian Distribution 1 (b).  Gaussian Distribution 2 (c).  Gaussian Distribution 3 

 

   
(a).  Group Sparse 1 (b).  Group Sparse 2 (c).  Group Sparse 3 

 

  
 

(a).  Extracted Foreground 1 (b).  Extracted Foreground 2 (c).  Extracted Foreground 3 

 

   
(a).  Precision 1 (b).  Precision 2 (c).  Precision 3 
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(a).  Recall 1 (b).  Recall 2 (c).  Recall 3 

 

 

 

 
(a). False Positive 

 

Conclusion: 

Input video is converted into frames. The frames were decomposed based on LSD. Decomposed frames 

were then optimized using ALM. Motion Saliency check is applied to the optimized frames. The identified 

saliency is optimized using convex optimization problem. The optimized saliency is then compared with the 

previous saliency and the final foreground objects were obtained. The performance of the process is measured 

based on the performance metrics. The values of the precision, recall, F-measure and False Positives were 

compared with existing methods. We have presented a method for robust principal component analysis that can 

be used for automatic learning of linear models from data that may be contaminated by outliers. The approach 

extends previous work in the vision community by modeling outliers that typically occur at the pixel level. 

Furthermore, it extends work in the statistics community by connecting the explicit outlier formulation with 

robust M-estimation and by developing a fully automatic algorithm that is appropriate for high dimensional data 

such as images. The method has been tested on natural and synthetic images and shows improved tolerance to 

outliers when compared with other techniques. 
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