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Abstract: Image segmentation is one of the most important steps in computer vision and image processing. Image 
segmentation is dividing the image into meaningful regions based on similarity pixels. We propose a new segmentation 
algorithm based on de-noising of images, good segmentation results depends on the noisy free images. This means that, 
we may not get the proper segmentation results in the presence of noise. For this, image pre-processing stage is 
necessary to denoise the image. An image segmentation result depends on the pre-processing results. In this paper, 
proposed a new integrating approach based on de-noising and segmentation which is called Level Set Segmentation of 
Images using Block Matching Local SVD Operator Based Sparsity and TV Regularization (BMLSVD-TV). The 
proposed method is dividing into two stages, in the first stage images are de-noised based on BMLSVDTV algorithm. 
De-noising images is a crucial aspect of image processing, there are a few factors to keep in mind during image de-
noising such as smoothing the flat areas, safeguarding the edges without blurring, and keeping the textures and new 
artifacts should not be created. Block Matching, Updating of basis vector, Sparsity regularization, and TV regularization. 
This method searches for blocks that are comparable to each other in block matching. The data in the array 
demonstrates a high level of correlation after the matching blocks are grouped together. The sparse coefficients will be 
gathered after adequate modification. Most of the noise in the image will be minimized through the sparsity 
regularization step by employing different de-noising algorithms such as Block matching 3D using fixed basis vectors. 
The edge information will be retained and the piecewise smoothness  
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of the image will be produced using the TV regularization step. Later, in the second state create a contour on the de-
noised image and evolve the contour based on level Set function (LSF) defined. This combined approach gives better 
performance for segmenting the image regions over existing level set methods. When compared our proposed level set 
method over state of art level set methods. The proposed segmentation method is superior in terms of no.of iterations, 
CPU time and area covered over the existing level set methods. By this model, we obtained a good quality of restored 
image from noisy image and the performance of the image quality assessed by the two important parameters such as 
PSNR and Mean Square Error (MSE). The higher value of PSNR and lower value of MSE leads to good quality of 
image. In this research work, the proposed denoising method got higher PSNR values over existing methods. Where 
recovering the original image content is essential for effective performance, image denoising is a key component. It is 
used in a variety of applications, including image restoration, visual tracking, image registration, image segmentation, 
and image classification. This model is the best segmentation method for accurate segmentation of objects based on 
denoising images when compared with the other models in the field. 
 
Index Terms: Block Matching, Basis Updating, Sparsity Regularization, TV Regularization, Level Set Model. 
 
 

1.  Introduction 

Image denoising has a long history and is a key low level computer vision problem. In this research work we 
concentrate on the traditional additive Gaussian white noise removal problem. Denoising of the images plays a crucial 
role in image processing systems. The noise from a noise-contaminated image will be suppressed during the image 
denoising process to obtain the original image. The image's main elements include high-frequency components such as 
edge, texture, and noise. We cannot distinguish certain pieces in the image denoising process, so some of the image's 
information will be lost. The essential goal, however, is to extract useful and valuable information from the noisy image. 
When executing the image denoising process, pay special attention to the smoothness of flat areas, the avoidance of 
blurred edges, the preservation of textures, and the avoidance of the creation of new artifacts. In this case, we 
concentrate on the removable of the white Gaussian noise. The noisy image is represented mathematically as y = H + n, 
where ‘H’ constitute the clear image and 'n' constitute the Gaussian white noise with zero means. Researchers in the 
field of image processing have proposed many methods to restore H from y. The total variation approach is proposed to 
preserve the irregularity of 'I,' although this method is not ideal for denoising cartoon images. However, because TV is 
unable to identify the texture of the image, the texture will be lost along with the noise. As a result, image denoising 
uses self-similarity information to maintain the texture.  

The sparse representation of the image signal can be done using various basis vectors in sparsity regularization and 
then there is the orthogonal basis, which includes things like SVD, FFT, Wavelets, DCT, and so on. The BM3D 
approach, on the other hand, is employed in sparsity regularization. Similar blocks are joined together in a three-
dimensional array in this manner, and these arrays will be sparsely represented using basis vectors. The sparse 
coefficients are threshold to approximate the image. However, there are two faults with this method: there are not 
enough sparse coefficients for image blocks, and the basis vectors are fixed. By using block stacking method, the image 
will be affected by the artificial ringing effects during the refurbishment, and global TV is used to remove this effect. In 
recent years Low-rank image denoising algorithm got a lot of attention. By utilizing the self-similitude characteristic, 
this approach can provide good refurbishment. Low-rank regularization is of type sparsity regularization that is linked 
to a lo minimization issue for a singular values matrix.  The basis vectors are selected as the matrix of SVD in low rank 
approach. Although it is a good approach but it is difficult to solve and is non-convex. For approximating the low-rank, 
the nuclear norm is described by addition of a singular values of a matrix and can be solved uncomplicatedly using a 
singular value restricting method, is a viable candidate. The tightest convex relaxation of l1 is known as the l1 norm. The 
convex relaxation of a low-rank technique in matrix complexion is understood by a nuclear norm as a vector whose l1 
norm is the singular norm of its matrix. Many approaches for enforcing sparsity have been proposed, including 
truncated nuclear norm, reweighting, Schatten Norm, and weighted nuclear norm. These strategies, on the other hand, 
just increase the sparsity and ignore the basis. It is crucial to use a system of basis functions that is suitable for sparse 
depiction. Using local SVD operators, this paper proposes a sparsity and total variation regularization method. 
Alternatively, this method is made by combining the confined nuclear norm with a different problem, and it may have 
simply referred to a variety of other issues.SVD based local operators can be obtained by vectorization. We can fine 
basis functions and obtain redundant image block representation by using these local SVD operators. The TV 
regularization is required to reduce artificial ringing which is induced by image block processing. The minimization 
problem can be solved by using splitting strategies. According to tests, it can produce very impressive denoising results. 
According to test results, it can deliver some impressive denoising outcomes. Even though BM3D is usually considered 
as a cutting-edge denoising method, it outperforms it in both PSNR and visual performance [1-3]. 

In this paper, we propose an integrating approach based on image denoising and then segmentation of image 
regions using level set method. In this paper, propose a new integrating approach based on de-noising and segmentation 
which is called Level Set Segmentation of Images using Block Matching Local SVD Operator Based Sparsity and TV 
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Regularization (BMLSVDTV). By this model, we obtained a good quality of restored image from noisy image and the 
performance of the image quality assessed by the two important parameters such as PSNR and Mean Square Error 
(MSE). The higher value of PSNR and lower value of MSE leads to good quality of image. In this research work, the 
proposed denoising method got higher PSNR values over existing methods. Where recovering the original image 
content is essential for effective performance, image denoising is a key component. It is used in a variety of applications, 
including image restoration, visual tracking, image registration, image segmentation, and image classification. The 
proposed method is dividing into two stages, in the first stage images are de-noising based on BMLSVDTV algorithm. 
Later stage, create a contour on the de-noised image and evolve the contour according to the used defined level Set 
Function (LSF).  Osher [4] presented the level set approach in 1998, which implicitly shows the closed contour. This 
eliminates the requirement to track the contour evolution process. And also tackles the contour split and merging issue. 
Nevertheless, after a period of contour evolution, the level set technique becomes numerically unstable. Re-initialization 
causes longer calculation times and a slower rate of contour. Finally, the proposed method is the integrating pre-
processing and post-processing stages which is called Block Matching Local SVD Operator Based Sparsity and TV 
Regularization (BMLSVDTV) using Level Set Method for accurate segmentation. This combined approach gives better 
performance for segmenting the image regions over existing level set methods. When compared our proposed level set 
method over state of art level set methods. The proposed segmentation method has superior in terms of no. of iterations, 
CPU time and area covered over the existing level set methods. The proposed model is the best method for 
segmentation of object details very accurately. This segmentation method is mainly used in image recognition system 
because it extracts the regions of Interest (ROI).  

This research work main contributions are as follows: 
 
• We construct a variational formulation for the low rank block matching approach. This novel formulation is 

easily generalised to a wide range of other image processing issues including deblurring. 
• We formally integrate the TV into the cost functional and add it to the block matching-based technique. 
• In the pre-processing stage, we developed a new strategy for image denoising based on Block Matching Local 

SVD Operator Based Sparsity and TV Regularization (BMLSVDTV) 
• After getting the denoising image using pre-processing stage, later i.e Post-processing stage we create a 

contour on it and evolve the contour based on user defined level set function (LSF) to find the region of 
interest. 

• Finally, the proposed method is the integrating pre-processing and post-processing stages which is called 
Block Matching Local SVD Operator Based Sparsity and TV Regularization (BMLSVDTV) using Level Set 
Method for accurate segmentation. 

 
To increase the PSNR value for good quality of image in de-noising and decreasing the computational time in 

image segmentation. There are existing methods like DRLSE and Chan-Vese models in image segmentation and BM3D 
in image de-noising. Chan-Vese model is the best segmentation model but it takes more computational time. To 
decrease the computational time and for better segmentation we proposed Level Set segmentation based on 
BMLSVDTV. 

The rest of the paper is organized as follows: section 2 clearly explained the related work of this research, the 
proposed method and its implementation of pre-processing and post-processing stages for accurate segmentation is 
discussed in section 3, section 4 and 5 explained the simulation results and conclusion of the paper respectively.  

2.  Relevant Work 

2.1 Annotations 

We will start with some annotations. The matrices are indicated by letters like P, Q and R throughout this work. 
Column vectors are shown in lower case characters. Let a, g∈ SN represent images. When superimposing columns in a 
matrix A, sometimes lower-case letters an or vec(A) are used to designate a column vector., and the vec inverse 
operator is set to array(a), that is array(a) = A.In matrices like Qi j, the superscripts i, j always denote separate matrices. 
Qi j is an extract matrix, in which the components of every row are zeros except for one with the value 1. It (⊗ ) 
represents a Kronecker product [5-7]. 

2.2 Block Matching 3-D (BM3D) 
 

A well-known denoising method is the BM3D method. It has become a benchmark algorithm for evaluating 
denoising techniques. The following steps are included in BM3D: The first phase is block matching: related image 
pieces with size √m × √m are gathered in classes with member number Hj for every image block situated at j. Each 
group's image pieces are stacked together to create a√m x √mx Hj 3-D data array. Second, 3-D matrices are uncorrelated 
using invertible 3D transformation then strained making use of a thresholding in the sparsity regularization step. Finally, 
all the estimated image patches are combined to produce the restoration. By limiting the SVD's singular values, the shell 
approach puts redundant information in relation. Because no satisfactory SVD exists for an array in addition with two 
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dimensions, a typical choice in method based on SVD is to generate m x Hj 2-D matrices for all columns of a piece in 
concatenating that is [8, 9]. 

 
1 2, ,....... JH jj j jN Q g Q g Q g =    

 
where Qi j∈Sm x U, Hj is an i-th vector image block most like the j-frame patch, and Qi j g ∈ Sm is an i-th vectorized 
nearest image patch at j.. The refurbishment issue might be put down as follows on a local level: 
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2
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where ||. ||* denotes the nuclear norm, which is described as summation of the singular values of Xj, and jµ denotes the 
regularization parameter. We will develop the matter (1) with function of basis and distributed to enhance this strategy. 
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It's worth noting that, coefficient array jX∑  might not be possible to be a diagonal. Lagrangian version of this 
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The "entry-wise" l1 norm is represented by i.e., ||B||1 = ( )ijij

b∑  for any array B = (bij). 

 

 
Fig. 1. Scheme of BM3D 

3.  Proposed Model  

3.1 Pre-processing: Image Denoising by Block Matching Local SVD Operator Based Sparsity and TV Regularization 
(BMLSVDTV) 

In preprocessing, input image will be a noisy image and given to the Block matching algorithm. The group of 
pixels is called a block. In block matching, a window or block of any size will be taken from a frame as a reference and 
that block will be slide over the frame. While window or block sliding if you find similar blocks then those blocks are 
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grouped together in the form of a three-dimensional array. A similar block is not just the mean gray but also how the 
noise was distributed within the block. So, BM3D is a collaborative filtering process [10-12]. 
 

3.2  Intermediate Process 

Our strategy is mostly focused on (2). Next the linear operator representation of (2) is obtained. To an image
Ng S∈ , please recollect  
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The local SVD operator is referred to as 
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Hence, we get 

 
( )j

j
N

vec Y g=∑  
 

We suggest the following generic de-noising model based on the above analysis: 
 

                                  min 2
2
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where Yj is a local SVD operator that matches a block defined in (3). Pixel positions are represented by {1,2,.... }.j J∈

|| . ||q  is the q norm, where q might be 0 (low rank) or 1 (high rank). T V is the discrete isotropic TV operator, and its 
discrete expression is as follows: 
 

2,1,( ) || ||TV a a= ∇  
 

Where 1 2(( ) , ( ) )a H E a E H a∇ = ⊗ ⊗  and E1, E2 are two one dimensional distinction matrices with respect to x 
and y directions. The primary part in (4) could be a transformation domain fidelity term that demands that the remodel 
coefficients of clear image and buzzing image g be identical. The priority word in (4) regulates the scantiness of a's 
remodel coefficients. Lastly, the last term could be a structural domain restriction that regulates the glibness of reformed 
tiny image blocks. The Pj and Rj within the native SVD operator Yj will on paper be any rectangular matrices. 
Nevertheless, as antecedently indicated, mistreatment the incorrect basis arrays might lead to the image blocks classes 
not having a distributed illustration. 

3.3  Post Processing by Level Set Method 

The level set approach is a post-processing technique for image segmentation and analysis. The level set 
approaches are effective numerical algorithms [13,14]. The definition of a speed function that determines curve 
evolution is required for this procedure. The fundamental construct is to explain curves because the zero-level set of 
higher-dimensional hyper-surface. This method not solely permits for additional precise numerical implementation 
however additionally permits for simple topological alteration. The subsequent could be a common level set movement 
formula [15, 16]. 
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| | 0t Fφ φ+ ∇ =                                                                               (5) 
 

F denotes the pace with which a function connected to changing surface and image attributes evolves. When 
applied to image segmentation, F's design is determined by the image's information, and at the target’s the absolute 
value is zero. Because of its stability and lack of dependence on topology, the level set approach excels at handling 
problems like corner point generation, curve breaking, and combining [17, 18]. 

The proposed methodology online region based active contour model (ORACM).ORACM confuses a region based 
contour method which recites no parameter there by resulting less time in computation without changing segmentation. 
This adds its importance over the conventional method as discuss in previous chapter. Here in this proposed 
methodology the ORACM perform a block thresholding process for each iteration sets and this threshold process 
outcomes rigid boundaries which helps to remove all the small particles there by obtaining smooth and consisted proper 
object contour. The level set function is defined based on image de-noised shown as [19-21]. 

 

( ( ( ))). ( )DenoisedH spf I x x
x
φ φ∂
=

∂
                                                                  (6) 

 
Where H(.) is the Heaviside function , spf(.) is signed pressure function, If(x) denotes an de-noised image and 

( )xφ  denotes current level set. The block diagram of the proposed method is shown in figure 2. 

3.4  The proposed Methodology and its work flow  
 

Noisy Input Images

De-noising Image

Block Matching Bias Updating Sparsity
Regularization

TV
Regularization

Create Contour on
De-noising Image

Evolve Contour
using Eqn.(6)

Final Segmentation
Results

Image Pre-processing  Stage

Image post-processing  Stage

 
Fig. 2. The Proposed methodology and its work flow using Level set method based on BMLSVDTV 

This model takes a noisy image as input and this image undergo Block Matching phenomenon where similar 
blocks grouped together. After that Sparsity Regularization, where sparse coefficients grouped using fixed basis vectors. 
Most of the noise present in the image was minimized in this step. Through TV Regularization step the edge 
information should be retained and piecewise smoothness of the image produced. A de-noised image was generated 
here and after that the image undergoes segmentation through Level Set segmentation. From that, the objects present in 
the image were detected by contour lines in the image. 

3.5  Algorithm Steps of the Proposed Method 

In order to solve (4), we will be introducing some additional variablesα = α1,α2,α3,…….. αJ 
For l = 1, 2..., set the starting a0 = g and some regularization parameters, 

1 ., , , jη η µ µ . 
Step 1: Block Matching: Find the Hj most similar image block for every image block of 

1 1

lg ag η
η η

∧

= +
+ +

. This is 

the same as getting the Qj j, j = 1,2,3, 4..., J, i = 1,2,3,4..., Hj extract matrix. 
Step 2: Basis updating: Obtain the Y j, l local Singular Value Decomposition transform operator. 
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Step 3: Sparsity Regularization: Calculate lα  using either a soft or a hard thresholding operator. 
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Step 4: Total Variation Regularization: To get la , solve the TV sub-problem,   
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\With multiple Bregma iterations. Stop and get the restoration result if la  meets the stopping criterion 
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Step 5: Langrangian multiplier updating: Compute 
 

1 ,( ), 1, 2,...,l l j l l l
j j jY a j Jλ λ δ α−= + − =

                                                    (10) 
 

Step 6: Create Contour on de-noised image 
Step 7: Evolve the contour based on user defined LSF in eqn.(6), this method allows for more precise numerical 

implementation and allows for easy topological changes. 
Step 8: To get final Segmented Images 
Step 9: STOP 

4.  Results and Discussion 

In proposed method we mentioned the functions of basis updating and sparsity regularization, this algorithm 
follows the block by block. For this we have chosen eight different images like peppers, monarch, cameraman, square, 
house, Barbara, boat, hill. We will get the final Peak Signal to Noise Ratio (PSNR) values for different images and 
those values were tabulated. These values were compared with the values of previously proposed methods of image de-
noising for same images. Those comparison tables shown below and output images of different images were attached 
below. Table-1 depicts the PSNR values of different images for different sigma values. In this table we compared the 
PSNR values of existing method BM3D and the proposed method. The Proposed method PSNR values were greater 
when they compared with the PSNR values of BM3D. From table-1 we can say that the proposed technique de-noises 
the image more efficiently when compared with BM3D method. 
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             ( a )                                                       ( b )                                                          ( c )                                   ( d )                             ( e ) 

Fig. 3. Depics the simulation results using proposed and existing methods, figure (a) is the first column represents the different input images named as 
Peppers, Monarch, Cameraman, Square, House, Barbrara, Boat and Hill. Second column figure (b) shows the output images of the proposed 
denoising method which contains two images one image is noisy image and another one is restored denoised image.Third column figure (c) represents 
the output image of Chan-Vese model which is one of the existing method of image segmentation. Fourth column figure (d) represents the output 
image of Distance Regularised Level Set Evolution(DRLSE) model which is also one of the existing image segmentation method. Finally the last 
column figure (e) represents the output image of proposed image segmentation  model using Level Set model. 

In this research work, we have taken images from the dataset from BSD68 image denoising benchmark 
(https://www2.eecs.berkeley.edu/Research/Projects/CS/vision/bsds/). We have taken different noisy images from the 
dataset named as 1.Peppers, 2.Monarch, 3.Cameraman, 4.Square, 5.House, 6.Barbrara, 7.Boat, 8.Hill. The performance 
of the proposed as well as existing level set methods are tested on BSD68 dataset images.  

From Fig. 3 when we compare the (c), (d), (e) columns segmentation done by the proposed model gave better 
results. Chan-Vese model takes less time to segment the given image, but this model does not segment the image 
properly. It misses the small patches present on the object and due tocontinuity it misses the sharp edges present in the 
image. When comes to DRLSE model which starts the segmentation from one dark region of the image, after that it 
starts spresding. It stops spreading when there is no dark region connection between the objects present in the image. So, 
this model also fails to do the efficient segmentation. For better segmentation we proposed the Level Set method which 
yields the better segmentation results i.e., upon increasing the number of iterations the detection of regions also 
increasing. And this method consumes less time when compared to the existing segmentation methods. Table 2. depicts 
the two types of comparisions one was the number of iterations that the model need to did the proper segmentation 
according to our requirement and the other comparision is the computational time that the model  taken to did the 
segmentation to get the required output. 

Even though we gave 1000 iterations to Chan-Vese model and 3760 iterations to DRLSE model these models fails 
to give the satisfactory outcomes for the denoised images, and these models consumes more time. Whereas the 
proposed Level set model gives the efficient outcomes which are shown above in Fig-1(e) and it consumes less time 
compared to Chan-Vese and DRLSE models. The computational time taken by these models for different images were 
tabulated below in Table-2. From Table-2 we came to know that proposed model is more efficient and give better 
results. 

For every noisy image the proposed model undergoes several iterations by displaying PSNR value for every 
iteration. As the number of iterations increasing the PSNR value of the image also increases slightly and also the noise 
present in the image decreases slightly. The final PSNR value of the every image should be tabulated. The tabulated 
PSNR values will be compared with existing method PSNR values and also by viewing images. The comparison results 
shows that the proposed model provides better results in terms of quality of image, PSNR values and elapsed time for 
segmentation. The Simulation results and its performance of the proposed method have not affected the environment. 

Table 1. PSNR values of different images using BM3D and BMLSVSTV image de-noising methods 

 σ=10 σ=20 σ=50 σ=75 σ=100 
Images 
Name BM3D Proposed                

model BM3D Proposed 
model BM3D Proposed 

model BM3D Proposed 
model BM3D Proposed 

Model 

peppers 
Monarch 

Cameraman 
Square 
House 

Barbrara 
Boat 
Hill 

34.59 
34.16 
34.09 
44.84 
36.60 
34.99 
33.69 
33.39 

34.88 
34.93 
34.34 
45.48 
36.49 
35.31 
33.96 
33.67 

31.12 
30.42 
30.10 
38.60 
33.72 
31.30 
30.13 
30.16 

31.49 
31.14 
30.68 
39.50 
33.82 
32.18 
30.95 
30.75 

25.92 
25.44 
25.21 
31.65 
29.07 
25.78 
26.80 
26.54 

26.97 
26.37 
26.43 
32.84 
30.20 
27.62 
26.95 
27.29 

 23.27 
22.50 
22.73 
29.00 
26.39 
24.12 
23.59 
24.21 

25.10 
24.46 
24.56 
30.60 
28.13 
25.48 
25.25 
25.80 

21.76 
19.78 
20.93 
27.13 
23.90 
22.53 
22.84 
23.57 

23.65 
23.04 
23.29 
29.10 
26.63 
24.28 
24.14 
24.71 
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Table 2. Performance of proposed method with respect to existing models in terms of number of total iterations and computational time 

5.  Conclusion 

In this paper, we have proposed a new integrating approach based on Block Matching Local SVD Operator Based 
Sparsity and TV Regularization (BMLSVDTV) and Level set method for accurate segmentation of objects from the 
noisy images. The proposed method is having two steps, in the first step image denoising is performed using 
BMLSVDTV algorithm. This denoising algorithm is efficiently utilizing the sparsity and TV regulation method based 
on local SVD operator. This gives an impressive restoration results. The texture recovering ability of the local SVD 
basis functions can be improved, and the global TV can reduce some artificial ringing effects in the restoration. In the 
second step, create a contour on denoising image using defined level set Function (LSF). This integration of pre-
processing and post-processing stage is called Block Matching Local SVD Operator Based Sparsity and TV 
Regularization (BMLSVDTV) using Level set method. This method is maily used for various applications in image 
processing including image restoration, visual tracking, image registration, image segmentation, and image 
classification. This model is the best segmentation method for accurate segmentation of objects based on denoising 
images compared with the other existing models in the field. The comparative results and experimental outputs depicts 
that the proposed level set model is more efficient in terms of number of iterations, CPU time, PSNR and area covered 
over existing Chane-Vese (C-V) and DRLSE models respectively. In future scope, we further improve the performance 
of restoring the image from noisy image in the pre-processing stage using latest developments such as deep learning, 
optimization methods etc.   
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