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Abstract

:

In the area of musculoskeletal MR images analysis, the image denoising plays an important role in enhancing the spatial image area for further processing. Recent studies have shown that non-local means (NLM) methods appear to be more effective and robust when compared with conventional local statistical filters, including median or average filters, when Rician noise is presented. A significant limitation of NLM is the fact that thy have the tendency to suppress tiny objects, which may represent clinically important information. For this reason, we provide an extensive quantitative and objective analysis of a novel NLM algorithm, taking advantage of pixel and patch similarity information with the optimization procedure for optimal filter parameters selection to demonstrate a higher robustness and effectivity, when comparing with NLM and conventional local means methods, including average and median filters. We provide extensive testing on variable noise generators with dynamical noise intensity to objectively demonstrate the robustness of the method in a noisy environment, which simulates relevant, variable and real conditions. This work also objectively evaluates the potential and benefits of the application of NLM filters in contrast to conventional local-mean filters. The final part of the analysis is focused on the segmentation performance when an NLM filter is applied. This analysis demonstrates a better performance of tissue identification with the application of smoothing procedure under worsening image conditions.
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1. Introduction


The musculoskeletal system comprises a set of organs that allows a person to move (Latin locomotion—hence the name locomotor system). In principle, we can divide this system into a system of muscles, which are their own executors of motion, and a bone (support) system, where, in addition to bones, we can also include joints, ligaments and tendons [1,2,3,4]. In addition to the basic motor functions, this complex system performs many other indispensable tasks, such as upright posture, protection of vital organs, especially the central nervous system and organs in the abdominal cavity, heat generation needed to maintain a constant body temperature, metabolic function protein supply and, finally, communication functions (e.g., the contraction of mimic muscles expresses our feelings, gesticulation is an important part of interpersonal communication) [5,6]. Based on these facts, the musculoskeletal system is substantially important for a range of human activities. Therefore, a proper investigation of these tissues is crucially important for diagnostic information [7,8,9,10].



The main important aspect of the prevention and treatment of potential musculoskeletal disorders is a proper investigation by using imaging systems. Clinically, ultrasound and MR (magnetic resonance) examination are conventionally used [11,12,13]. Magnetic resonance imaging is a non-invasive examination method that has become an irreplaceable part of the complex of imaging methods used by modern medical science. MR is principally based on the changing magnetic moments of atomic nuclei. The patient is placed into a very strong magnetic field, where a short radio frequency pulse is sent and after at its end a magnetic signal is sensed [14,15]. It forms the nuclei of hydrogen atoms in the patient’s body. The signal is then measured and used to reconstruct the image. However, an absolute contraindication is a pacemaker, electronically controlled implants, vascular clamps made of ferromagnetic or unknown material and metal foreign bodies in the eye. Relative contraindications include metal alien bodies, claustrophobia, first trimester of pregnancy, total endoprosthesis (TEP), stents, and clamps up to 6 weeks after implantation [16,17].



MR examination is indicated for the evaluation of muscle and tendon trauma, to distinguish cysts, ganglia, and hematomas, to diagnose hidden fractures, acute chronic osteomyelitis and to assess traumatic and non-traumatic joint changes [18]. Moreover, MR is an excellent method for evaluating bone marrow disease changes; for example, in bone circulatory disorders, in the early stages of fatigue fractures, in inflammation and some malignancies. The most used investigative technique is to determine the T1 (longitudinal) and T2 (transverse) relaxation times, where T1 time is the time constant which determines the rate at which excited protons return to equilibrium, and T2 time represents the time constant which determines the rate at which excited protons reach equilibrium or go out of phase with each other [19]. The basic investigative procedures include a spin–echo sequence, which is a basic examination. Individual tissues have different T1 and T2 times and thus differences in signal strength, which is reflected in the difference in grayscale. Darker structures are hyposignal and the lighter structures are hypersignal, and the images thus obtained are called T1- and T2-weighted images [20,21].



As we reported earlier, magnetic resonance plays an essential role in the musculoskeletal system investigation. In order to perform a proper investigation of the individual issues in this system, the quality of medical images represents a crucial factor. When the image data are corrupted with image noise or artefacts, the extraction of clinically important parameters is limited, and interpretation of the diagnostic information may be misleading. Therefore, image smoothing represents a very important aspect of the algorithms, which are aimed at the extraction of tissues, and its features of interest. In this context, the concept of non-local means (NLM) methods appears to be an effective alternative for image smoothing, when compared with conventional smoothing methods such as average or median image filters, taking advantage of only a local neighborhood of a representative pixel. The main aim of this study is the investigation of a novel NLM approach, taking advantage of pixel and patch similarity information to improve the filtration effect. We mainly study the effectivity of the proposed method for various settings in the contrast with a standard NLM algorithm, as well as conventional local means techniques. We provide the analysis of the filter effectivity and robustness under the influence of selected image noise generators (Gaussian, Rician and Salt and Pepper) with dynamic noise intensity to objectively report the dynamical noise intensity influence on the filtration quality. To justify the noise effect on the quality of musculoskeletal features extraction, we also provide an analysis of the robustness of selected issues of interest identification, when using the proposed filter under various noise effect.



The rest of the paper is organized into the following sections. Section 2 deals with the recent research in the area of local and non-local filtration techniques for image smoothing. Section 3 is focused on the design of the NLM filter with the pixel and patch similarity information. Section 4 is focused on the analysis and results of the NLM filter for dynamical noise influence, statistical analysis of intensity differences and the analysis of the filter application for regional segmentation performance.




2. Recent Work


In this section, we are focused on the recent approaches and advances for medical image smoothing. This area belongs to the procedures of image preprocessing, with the focus on enhancing the quality of the image features, which are crucial for a proper diagnosis of the areas of interest of musculoskeletal images. In this context, as a standard, we require the performance of the spatial image area smoothing to reduce a level of image noise and artefacts and, at the same time, we strive to preserve the image edges, which represent substantial information for the identification of tissues.



There are many smoothing methods that have been proposed for the task of edge-preserving image smoothing. Such methods may be classified into two groups. The first group refers to the methods, utilizing local information in the surrounding of a representative pixel, formed by a local window [22,23,24]. In this category, we can mention bilateral filters, average, median, weighted median filters (WMF), anisotropic diffusion (AD) and edge-avoiding wavelet (EAW) [25,26]. One of the substantial limitations of such local filters is producing artefacts in the form of halos along the image edges [27]. This limitation is caused by computing only local statistics for the purpose of filtering. Therefore, it is impossible to control the statistical features of the filtered images [28,29,30,31].



The second group of the filters is global optimization approaches. In this case, the resulting smoothed image is determined as the result of solving a global objective function. Such a function usually involves a data term. A data term procedure does constrain the distance between the original and smoothed image. A smoothness is performed by using a regularization term. In this section, we can mention weighted least square smoothing (WLS) [32,33], fast global smoother (FGS) [34], SD filter [35], and improved dictionary learning with global structure and local similarity preservations [36]. These methods typically overcome some limitations, which are connected with the local filters, such as halo effect and gradient reversals. On the other hand, we should mention that these filters are usually more time consuming when compared with the local based filters [37,38,39,40,41].



Each filter is considered in several ways. Firstly, the effectivity of a filter is very important in the context of removing unwanted image noise and artefacts [42,43]. However, as we mentioned earlier, an important aspect is also computing time, which determines the time efficiency. This factor gains particular importance when processing a batch of images, when time demanding procedures cause significant limitations in such procedures [44,45]. Besides these facts, the filter robustness represents a very important factor, reporting the filter behavior in dynamical image environments caused by dynamic image noise. These characteristics objectively report the filter stability (robustness) in different image conditions, which is one of the main issues of this paper.



In medical image preprocessing, the NLM filter and its variants are frequently used for image denoising and smoothing. The basic idea of NLM is based on the estimation of the mean values of all pixels in the image, which are weighted by similarity of these pixels to the target pixels. This is the major difference when comparing with conventional local mean approaches [46,47]. There are similar modifications of the NLM filter, taking advantage of weighted functions to improve the denoising effect, such as an optimized self-similar patch-based filter [48], an NLM filter with adaptive similarity functions [49], an NLM filter based on recursive calculation of similarity weights [50], and an NLM filter with patch similarity [51]. An interesting study [52] deals with the Rician noise removal by the application of NLM filtering for low signal to noise ratio images.




3. Materials and Methods


In this section, we introduce the proposed concept of NLM filter, utilizing pixel and patch similarity information in the application of musculoskeletal MR images. The basic concept of a non-local means algorithm, unlike conventional local means filters, which consider the mean value of the pixel’s neighborhood of a representative pixel, takes a mean value of all the pixels in the image area, weighted by the term, representing the pixel’s similarity to the representative pixel. This approach has been frequently proven to be more effective in terms of detail loss reduction, when compared with the conventional local means approaches.



The model of an ideal noisy image (Y) can be represented by the image intensity   y  ( i )   , which is composed of Gaussian noise   n  ( i )   .    (   σ 2   )    stands for Gaussian noise with zero mean value   x  ( i )    is the variance and intensity of the image, and (X) is not containing noise. Such an ideal form of the image noise model can be formulated in the following way:


  y  ( i )  = n  ( i )  + x  ( i )  , x  ( i )  ∈ X ,   y  ( i )  ∈ Y  



(1)







3.1. Original RNLM Algorithm


The principle of the NLM filter is focused on the estimation of    x ^   ( i )    by calculating the weighted average intensity of the considered pixels located in a search window    (  w  ( i )   )    being centered at a pixel (i). The estimation of    x ^   ( i )    can be formulated in the following way:


   x ^   ( i )  =   ∑   j ∈ W i n  ( i )    w  (  i , j  )  . y  ( j )   



(2)







In this formulation,   w  (  i , j  )  = φ  (  i , j  )  /  (    ∑   ∀ j ∈ W i n  ( i )    φ  (  i , j  )   )    stands for normalized weight function, which is given by the distance calculated between the noisy patches located at the pixel    (  N  (  Y  ( i )   )   )    and the second pixel    (  N  (  Y  ( j )   )   )   , belonging to the noisy image (Y). In the next step, the weight function before normalization between pixels i and j   ( φ  (   (  i , j  )   )    is formulated in the following way:


  φ  (  i , j  )  = e x p  (  − ‖ N  (  Y ( i  )  ) − N  (  Y ( j  ) )   ‖  2 , a  2   )  /  h 2  , ∀ j ≠ i  



(3)







In this formulation, the term   ‖ .  ‖  2 , a  2    stands for the Gaussian weighted Euclidean distance,   Y  ( i )  ,   Y  ( j )    stands for the intensity vectors of a local neighborhood of the representative pixels i and j, a is the standard deviation of Gaussian function, and h stands for the decay rate of weights. The parameter h is substantially important in terms of controlling the degree of smoothing. The image (I) is divided into a finite set of nonoverlapping patches, having the same dimension N × N pixels. The patch (Y) of the neighborhood 3 × 3 between pixels i and j is defined in the following way:


  Y  (  i , j  )  =  [      I  (  i − 2 , j − 2  )      I  (  i − 2 , j  )      I  (  i − 2 , j + 2  )        I  (  i , j − 2  )      I  (  i , j  )      I  (  i , j − 2  )        I  (  i + 2 , j − 2  )      I  (  i + 2 , j  )      I  (  i + 2 , j + 2  )       ]   



(4)







One of the possible limitations of this approach is the over-weighting of pixel i. To avoid this unfavorable effect, the weight   ( φ  (   (  i , j  )   )    is assigned the maximal weight of non-central pixels from the search window. This operation is formulated by this way:


  φ  (  i , j  )  = m a x  {  φ  (  i , j  )   }  , ∀ j ≠ i  



(5)







The original concept of NLM supposes zero Gaussian noise. In order to generalize this concept for MR images, this concept of an NLM algorithm should be adapted to non-zero bias, which is typical case of Rician noise. Thus, the original definition of an RNLM filter [52] is given in the following way:


  R N L M  (   x ^   ( i )   )  =   m a x  (   (    ∑   j ∈ W i n  ( i )    w  (  i , j  )  . y    ( j )   2   )  − 2  σ 2  , 0  )     



(6)







In this formulation,    σ 2    stands for the variance of Gaussian noise, which can be estimated from the background as:   σ =   μ / 2    , where  μ  denotes the mean value of squared magnitude of the MR image background. One of the significant limitations of an RNLM algorithm is reducing small regions, manifesting as particles, which may represent an important information, such is for instance tiny bone lesions. Therefore, we deal with a novel patch and pixel similarity approach.




3.2. RNLM Algorithm with Patch and Similarity Information


The aim of the proposed method is retaining small high-contrast particle details in MR images. This task should be performed by using weighting method, combining patch and pixel similarity information, which is described in this section. In contrast with the original RNLM algorithm [52], it takes advantage of the maximum weight of non-central pixels in the form of self-weight. In this way, it has the same problem as the NLM filter with particle loss.



In the case of presence of such small intensity clusters (particles) in the MR image, their intensity spectrum is significantly different from the image background in a search window. We suppose that the mentioned intensity spectrum difference is significantly higher than the spectrum caused by the image noise. This fact can be taken advantage of in order to mitigate the so-called particle-blurring issue of the NLM filter. Particle-blurring is a typical effect of NLM and RNLM filters, which have a tendency to suppress small particles (spots) in MR images. Since such spots may represent significantly important locations such as cartilage lesions or the early signs of cartilage deterioration, this blurring effect should be compensated. For this reason, the proposed filter utilizes the patch and pixel’s intensity similarity (    φ    (  i , j  )   *   ). The proposed method calculates the weight function    (  φ    (  i , j  )   *   )    as a combination of the patch and pixel similarity level in the following way:


  φ    (  i , j  )   *  = φ  (  i , j  )  . ρ  (  i , j  )  , i ≠ j  



(7)






  ρ  (  i , j  )  =  1  1 +    (   |  y  ( i )  − y  ( j )   |  / D e  g c   )   ω     



(8)







In this formulation,   φ  (  i , j  )    stands for the similarity between patches given by the pixels i and j and   ρ  (  i , j  )    stands for the pixel’s function of similarity, formulated as a decreasing function for the intensity spectrum difference    |  y  ( i )  − y  ( j )   |   . This decreasing function ensures the assignment of higher weights for the pixels with intensity closely related to the central pixel. The parameters   D e  g c    and  ω  ensure control of the position and the slope of transition, respectively. The parameter   ρ  (  i , j  )    is limited in the range    [  0 ; 1  ]   , which classifies the situation (  ρ  (  i , j  )  = 0  ) when the intensity pixel (j) is significantly different from the central pixel (i). Based on these formulations in Equations (6) and (7), only the pixels simultaneously having higher patches and higher levels of similarity are classified as higher weights in the filtering procedure. The self-weight function is defined by the formulation:


  φ    (  i , j  )   *  = φ    (  i , k  )   *  ϑ  (  i , k  )   



(9)




where   k = a r g  {  m a  x j   {  φ    (  i , k  )   *  , ∀ j ≠ k  }   }   


  ϑ  (  i , k  )  =  (  1 +      (  2 r a  d p  + 1  )   2    1 +    (  D e  g c  /  |  y  ( i )  − y  ( k )   |   )   ω     )   



(10)







In this formulation, (k) stands for the non-central pixel index, having the highest level of similarity to the central pixel (i) within a search window, and   φ    (  i , j  )   *    represents the maximal weight. When compared with the Equation (7), the function, representing pixel’s similarity   ϑ  (  i , k  )    is given as an increasing function of the pixel’s intensity difference. Each search window is represented by its radius parameter (  r a  d p   ). The scale factor   ϑ  (  i , k  )    increases with the absolute pixel’s intensity difference    |  y  ( i )  − y  ( k )   |   . In the case of tiny intensity particles, having a high contrast, where the central pixel (i) has a significantly different intensity spectrum than the pixel (k), a higher weight function (  ϑ  (  i , k  )  ≫ 1  ) will be assigned. That is the case when    |  y  ( i )  − y  ( k )   |    is higher than   D e  g c   . By using this principle, such small clusters of pixels are preserved by the filtering procedure. In the case of the small contrast spots, when the intensity of the central pixel I is significantly different from the selected pixel (k), higher weights (  ϑ  (  i , k  )   ) should be classified. This situation predetermines the fact that such particles will be classified and thus preserved. The final form of the filter is formulated (by using Equation (6)) in the following way:


  R N L  M *   (   x ^   ( i )   )  =   m a x  (   (    ∑   j ∈ W i n  ( i )    w    (  i , j  )   *  . y    ( j )   2   )  − 2  σ 2  , 0  )     



(11)







In this formulation, the parameter   w    (  i , j  )   *    represents the weight function after the normalization procedure   φ    (  i , j  )   *   .





4. Results


In this section, we provide a quantitative evaluation and performance analysis of the NLM filter, incorporating the patch and similarity information in the contrast of standard NLM filter and conventional local mean approaches, including average and median filter to demonstrate its robustness in various environment, caused by the effect of additive noise generators with dynamic noise intensity. Since the filtration procedure, providing smoothing of image area is a common part of the object identification from MR images, we also provide a quantitative analysis of a regional segmentation performance, when using the proposed filter. Figure 1 represents an example of the MR database, which we use for the testing.



4.1. Musculoskeletal MR Images


For the purpose of analysis, we used three retrospective MR datasets, including the MR cartilage data of fat saturation techniques, proton density-weighted imaging, and shoulder joints images. The datasets used for the filter’s testing are from the public database, The Osteoarthritis Initiative (OAI).



Commonly, the fat saturation technique is used for the MR cartilage imaging. This technique involves the excitation and dephasing of the spinning protons in fat by applying lipid-specific radiofrequency pulse, which is utilized before each repetition of 2D or 3D SE or GRE imaging sequence. A great advantage is increase in the contrast between lipid and non-lipid surfaces, in addition to suppression of the chemical shift artefact. In this study, we have a total of 80 of the cartilage images from the fat saturation technique.



With the proton density-weighted imaging, we can depict the surface of cartilage effects as well as the internal cartilage abnormalities composition. The proton density-weighted imaging techniques provide a reliable investigation of the cartilage morphological assessment as well as menisci and ligaments (ligamentous structures). In our study, we use retrospective data, including 70 MR images of proton density-weighted imaging.



The last dataset comprises a normal anatomy of the elbow muscle individual compartments. We analyze coronal fat-saturated proton density-weighted images. These images are a good demonstration of a common low signal intensity of the common flexor tendon, located at the medial epicondyle. Additionally, we have coronal gradient echo images, which are focused on common extensor tendons at the lateral epicondyle. We have a total of 40 MR images of the elbow, which we use for this analysis.



Table 1 summarizes the acquisition parameters for individual datasets, including FOV (field-of-view), matrix spatial resolution, acquisition time, slice thickness, interslice gap, and scan mode.




4.2. Additive Noise Generators


The characteristic performance demonstration of the NLM filter is based on the additive noise generators, including Rician noise, which is typical for the MR images, the impulse noise of type Salt and Pepper, and Speckle noise. All the types of the noise generators are controlled by using their steering parameters, enabling control the noise intensity. The noise generators are implemented in the form of gradual dynamical noise. That allows us to investigate the dynamical features of the smoothing effectivity in the form of robustness characteristics, which provides the information about the filter response in various image conditions. To demonstrate the influence of various forms of noise, we provide examples of MR images of articular cartilage corrupted via Salt and Pepper noise with different noise intensity (Figure 2) and Rician noise (Figure 3).



Rician noise is the most typical model of the image noise, which appears in the real MR images. This noise is derived from Gaussian noise. The signal magnitude can be expressed in the following way:


  M =      (  A +  n 1   )   2  +  n 2 2     



(12)







In this formulation, M stands for the signal magnitude, A is the original noise-free image, and    n 1    and    n 2    represent not correlated variables of the Gaussian noise with zero mean value and the same dispersion    σ n 2   . The probability density function (PDF) for such image is indicated as Rician distribution in the following way:


  p ( M | A ,  σ n 2  ) =  M   σ n 2    exp  (  −    M 2  +  A 2    2  σ n 2     )   I 0   (    A M    σ n 2     )  u  ( M )   



(13)







In this formulation,    I 0   ( . )    stands for 0th-order modified Bessel function of the first kind and the parameter   u  ( . )    represents Heviside step function [53].



Speckle noise is manifested as a granulated texture and causes the gray level average increment in the target area. It is perceived as an unwanted feature. This noise intensity is given by its dispersion (v). This noise can be interpreted by the formulation:


  J = I + n * I  



(14)







In this formulation, I stands for the input image, J represents the noise distribution in the image, and n represents unified zero mean value of the noise in image.



The last considered noise in this study is an impulse noise—Salt and Pepper. This noise is represented by white and black pixels of defined density (d). The noise manifestation predetermines its binary intensity spectrum.




4.3. Set up of the NLM Filter and Parameters Optimization


Herein, we analyze the settings of the proposed filter for MR image smoothing. An important issue of this implementation is a set of the filter parameters, not having deterministically given values. These values can be theoretically set empirically, but more precise way, which we use is focus on an optimization procedure, which will predict and recommend a proper value setting. We use an optimization procedure to find the best combination of the filter parameter bases on the difference evaluation (MSE) cost function (Figure 4).



This filter uses the three following parameters. Their values should be optimized to find the best combination, which correspond with the most effective results of filtration. Firstly, we search for optimal values of parameter (h =    σ 2  ∈ 〈 0 ; 1 〉  ), which represents the smooth controlling parameter; the next parameter, (  r a  d p  ∈ ℤ  ) represents a radius of patch window,   d e  g k    controls the position, (k) determines a level of the steepness (  d e g ∈ 〈 0 ; 1 〉   and   k ∈ ℤ  ); parameter  ω  represents the slope of transition (  ω ∈ ℤ  ).



To find optimal values for individual parameters, we implemented a set of generators of random values from the defined interval parameters described above. The optimization procedure randomly generates n combinations of the parameters, with the values from defined ranges. For each combination, we evaluated the filter settings effectivity based on the Mean Squared Error (MSE) between the result of the proposed filter and the original noisy-free image. We performed this procedure for 80 records of MR data (20 images from each dataset) corrupted with Rician noise with the settings:   σ =  [  0.05 ,   0.1 ,   0.15 ,   0.2 ,   0.3  ]   . Finally, for each filter settings, all the values were averaged. Based on the MSE evaluation, we selected the combination of the filter parameters, minimizing MSE function and, thus, difference between original image and the filter output.



We evaluated the MSE for each combination (n) of filter parameters. Based on this evaluation, we report the spectrum of MSE values, showing a distribution of the error function for individual parameter’s settings (Figure 5).



We evaluated these characteristics by the minimal value of MSE (Table 2). These results indicate the filter design combination as having the smallest difference between the filter output and native (noise-free). Based on the MSE comparison for individual combination of the filter’s parameters, we select the combination, minimizing MSE. This result always indicates the best parameter’s combination to be used for image smoothing as the minimization error between the noise-free image and filtered image.



Consequently, we analyze the variance of individual parameters from Table 2 for individual datasets including 80 images of the fat saturation (FS) technique, 70 MR images of proton density-weighted imaging (PDw), and 40 coronal fat-saturated proton density-weighted images (FS-PDw). This analysis is provided for 9 different noise levels of Rician, Salt and Pepper, and Speckle noise. Table 3 reports the averaged values for individual tests. Based on the results, the lowest variance is mostly achieved for Rician noise, which is the most typical for MR images. This fact leads to the conclusion that the optimal filter’s settings appear to be mostly stable when Rician noise is present. On the other hand, typically higher modification of selected parameters is reported in the case of presence of Speckle noise.




4.4. Quantification Parameters for NLM Filter Evaluation


For each test, we evaluated a respective evaluation parameter based on the comparison between the native (noise-free) image and the result of the filter. We do not aim for providing such a comparison for single noise intensity, but the main task of this quantitative evaluation is to provide the analysis of dynamical behavior (features) of the proposed filter under various image conditions, meaning dynamic influence of the noise intensity. We consider the objectivization parameters: SNR, PSNR, Q-index and SSIM.



Signal to noise ratio (SNR) is a frequently used evaluation parameter. It indicates the relation between the power of useful image information and noise. The higher values of SNR we obtain, the less noise is present in the image. In this way, it is possible to evaluate the filtration effectivity and accurateness of noise estimation. SNR is calculated in the following way:


  S N  R  d B   = 10   log   10       ∑  n   s 2   ( n )      ∑  n     (  s  ( n )  −  s ^   ( n )   )   2     



(15)







In this definition,   s  ( n )    stands for the image after filtration and    s ^   ( n )    is the native image.



Quality index (Q-index) evaluates several parameters. Firstly, it evaluates a degree of linear correlation between a noisy and filtered image. In the next part, a similarity of average intensity between noisy and filtered image is evaluated. The last considered attribute is a contrast similarity. Q-index is calculated in the range   〈 − 1 ; 1 〉  . This parameter is expressed in the following way:


  Q =    σ  x y      σ x   σ y      2  x ¯   y ¯       (  x ¯  )   2  +  (  y ¯  )      2  σ x   σ y    2  σ x 2  −  σ y 2     



(16)







In this formulation    σ  x y     is a standard deviation between a noisy and filtered image,    σ x   σ y    are individual standard deviations, the parameters    x ¯    , y  ¯    represent averaged values of the pixels in the mask, where Q-index is computed.



Structural Similarity Index (SSIM) is a parameter, which is aimed on the measurement of distorted image quality. This parameter compares noisy and reference image (after filtration). This parameter utilizes three attributes: contrast similarity, intensity similarity, and structural similarity. Furthermore, it is designed in such a way as to consider a human’s visual system. This parameter is normalized in the range    [  0 ; 1  ]   , where higher values indicate better results. The formulation of this parameter is given:


  S S I M ( x ,   y ) =    [  l  (  x , y  )   ]   α  ⋅    [  c  (  x , y  )   ]   β  ⋅    [  s  (  x , y  )   ]   γ   



(17)







The parameter   l  (  x , y  )    compares a similarity of intensity functions,   c  (  x , y  )    signals contrast, and   s  (  x , y  )    measures a structural similarity of both signals. The individual components are given by the formulations:


  l  (  x ,   y  )  =   2  μ x   μ y  +  C 1     μ x 2  +  μ y 2  +  C 1     



(18)






  c  (  x ,   y  )  =   2  σ x   σ y  +  C 2     σ x 2  +  σ y 2  +  C 2     



(19)






  s  (  x , y  )  =    σ  x y   +  C 3     σ x   σ y  +  C 3     



(20)







The parameters    μ x  ,    μ y    represent mean values of signals x, y,    σ x  ,    σ y    are dispersions of signals, and    σ  x y     stands for a mutual covariation of considered signals.




4.5. Filter Performance and Statistical Analysis


In this section, we present the analysis of filter performance and a statistical analysis of the result of the proposed NLM filter against standard NLM filter, and local filtering, comprising average and median filter with various filter’s kernels. Firstly, we present the results of the filter behavior under various noise intensity levels, evaluated by the mentioned evaluation parameters, including: SSIM, SNR, PSNR, and Q-index for individual datasets. These characteristics (Figure 6) should objectively report the dynamical features of the smoothing procedure in the environment with gradually changing spatial image distribution conditions caused by the dynamic noise influence. This approach enables evaluation of the filter robustness when various noise intensity is present.



Figure 4 shows individual dynamical characteristics for considered evaluation parameters. All the characteristics are constructed for the dynamical effect of Rician noise, where we set nine various settings of  σ , and Salt and Pepper noise with nine various setting of the filter’s density (d). Both noise parameters are constructed in the range:   σ ,   d ∈  [  0.1 ; 0.9  ]   .



We present the characteristic for optimal filter settings, based on the optimization procedure, presented in Table 1. For contrast, we present the results of   h =  σ 2  = 0.8   as the best compromise from the optimization procedure against two other alternatives:    σ 2  = 0.1 ,   0.5   (Figure 6). These characteristics are constructed as average values of all the images from three reported datasets for 9 noise percentual levels. The dynamical trend characteristics (Figure 6) report monotonic trends for all the parameters, which should be understandable since a gradual noise influence has consecutive increasing impact on the intensity distribution in the image spatial domain. All the reported characteristics should be perceived as a similarity evaluation, meaning that the higher values we obtain, the better results we achieve (a higher level of agreement). Judging by the results, the parameter    σ 2    has a substantial influence on the quality and robustness of the smoothing procedure. The settings    σ 2  = 0.8   achieves mostly higher and thus better results when comparing with other settings. Additionally, there are noticeable differences between the considered noise generators. These are caused by the fact that both noise models have different manifestations in the image intensity distribution. When comparing the noise influence, Salt and Pepper achieves higher results when compared with Rician noise. This fact predicts a better elimination of impulse noise influence with using this smoothing procedure. Additionally, the important aspect of the evaluation is only slighter differences in Salt and Pepper noise for    σ 2  = 0.5 ,   0.8  .



We provide a statistical analysis dealing with the intensity distribution difference between native (noise-free) and filtered images (Figure 7). This part of the statistical analysis should report the error function as intensity difference between the noise-free MR images and smoothed images via different smoothing techniques. This comparative analysis investigates the average intensity difference for all the noise levels for individual Rician, Salt and Pepper, and Speckle noise. Here, we compare local approaches, including average filter (Av), median filter (Med) and the proposed filter with four settings of the parameter (h). For the average and median filters, we compared three sizes of the filter kernel: 5 × 5, 7 × 7, and 15 × 15 kernel’s size. When comparing the results, there are noticeable intensity differences for the local mean approaches, typically in the range 10–30%, depending on the kernel’s size. In the contrast with these results, NLM filter settings for individual settings (h) do not show significant average intensity differences among each other.



The second part of the statistical analysis reports a comparison among the mentioned various settings of average and median filter in the contrast of the proposed technique with different settings (h). To objectively evaluate a statistical significance of intensity difference (ID), we calculated for each distribution two parameters of the position, including median (  x ˜  ) as 50% quantile and modus, reporting the most frequent value in each distribution (Mod(x)). The analysis of variance is represented by variance (   σ 2   ) for each distribution of intensity difference. Table 4 provides the descriptive statistical analysis for the MR images corrupted with Rician noise.



Based on this descriptive statistical analysis, we found that the settings (h = 0.1) appear as the most effective in the context of the lowest median and modus of intensity difference and variance that show the lowest variability of intensity difference distribution. On the other hand, this statistical analysis shows significant differences of the proposed method against conventional local statistical filters such is median and average filter. In this comparison, the average filter with the kernel 5 × 5 appears to be the least effective from the view of median and modus of intensity difference. Contrarily, we found the highest variance of intensity difference in average filter 7 × 7.



We also compared the proposed optimized RNLM filter (RNLM-optim) with the RNLM filter [52]. To extend our analysis of the optimized RNLM filter, we also compared the differences between these filters on T2 mapping images of knee cartilage acquired by quantitative MRI. The data represent cases of symptomatic osteoarthritis (OA) progression. For this comparison, we used a total of 50 images of T2 maps of cartilage images, with the spatial resolution: 384 × 384 pixels, slice thickness 0.7 mm, and acquisition time of 11 min. The data acquisition was performed on 3.0 T Siemens whole body MAGNETOM Trio 3T scanner (Siemens, Erlangen, Germany), with the use of standard extremity coil.



Based on this quantitative comparison, different effectivity could be seen in the application of both filters. For the objective comparison, we selected two evaluation parameters: SSIM and correlation index (Corr). We report the objective evaluation of this parameters (Table 5) as averaged values for nine noise intensity levels as we report in Figure 4. We obtained a percentage difference between RNLM-optim and RNLM for each type of noise. Based on the averaged results for all the analyses, we found the highest differences in effectivity for Salt and Pepper noise. Moreover, the proposed optimized filter achieved the most significant results. Contrarily, in the case of Speckle noise, the differences were significantly lower.



The results between the RNLM filter and the optimized variant show notable differences in the comparison of their effectivity. In all the results, the optimized filter achieved better results, measured in difference of SSIM and correlation index. Judging by the results, for individual noise generators, the highest differences are achieved in the case of Salt and Pepper noise with impulse character. On the other hand, in the case of Speckle noise the differences were the lowest. Comparing routine anatomical imaging and T2 maps we noted slight differences in the filter effectivity. It is notable that in the case of T2 maps, differences of selected objective parameters were lower in the contrast of other MR sequences, which are considered in this study.




4.6. Impact on Segmentation Performance


The last part of the proposed filter evaluation deals with the segmentation performance. We analyzed the effect of the smoothing procedure on the regional segmentation performance (Figure 8). Regional segmentation enables the spatial image area decomposition into a certain number of regions, which should correspond with identified objects in the image. The effectivity of this procedure is dependent on the spatial intensity distribution of individual objects of interest. When the spatial image distribution is affected with the image noise, the segmentation performance is supposed to worsen. This leads to the improper identification of the objects of interest, thus a worse quality of extracted features reporting the object’s manifestation. For the segmentation experiments, we use the concept of Fuzzy soft thresholding [46].



Here, we suppose that the increasing noise intensity will have a gradually stronger impact on the segmentation performance. We provide the analysis of the impact of various noise generators on the segmentation performance between using/not using the proposed filter for different settings of regional segmentation. Since we suppose that the number of regions should have the influence on the segmentation performance when the image noise is presented, we compare two numbers of regions, three and eight, for the filter evaluation to report how the number of regions influences the total segmentation performance between using/not using the proposed filter. We also use the evaluation parameters of SSIM and SNR for quantitative evaluation of the dynamical features of the segmentation performance under increasing noise intensity (Figure 9).



Based on the comparative analysis of the segmentation performance, it is noticeable that differences in effectivity appear. Predominantly, there are noticeable differences between the situations when the proposed filter is/is not applied. Predominantly, after applying the smoothing procedure, the segmentation performance is better, which is indicated by higher values of SSIM and SNR. We also studied the influence of the number of segmentation classes (regions) on the segmentation performance. Here, is noticeable that a lower number of classes (we use three) achieve better segmentation performance than eight classes. Regarding the dynamical trend of the segmentation performance, we can see the increasing tendency. This fact is understandable; when the noise with increasing intensity is applied, then the similarity between the native segmentation and actual noisy image segmentation is lower due to a higher modification of the spatial intensity distribution.



To contrast these quantitative results with those of the median filter, we present Table 6, a comparison between the optimized RNLM filter and the median filter with various kernels: 5 × 5, 7 × 7, and 15 × 15. All the comparisons present percentage differences between respective settings of median filter and the optimized RNLM algorithm. This comparison should report the differences between the different smoothing approaches with the influence on the regional segmentation performance. We present this comparison for Rician and Salt and Pepper noise for nine levels of the noise intensity.



Based on the results (Table 6) of the differences of SSIM between various kernel settings of the median filter and the optimized RNLM filter, notable differences are present. Firstly, all the differences report that the optimized RNLM filter contributes to better segmentation performance when compared with any median filter’s settings. When comparing the number of the segmentation classes, predominantly, a higher number of the classes (eight regions) report a higher difference in segmentation performance. This fact reports that the median filter appears to be less robust than higher numbers of the segmentation regions. The second important fact is the comparison between impulse and Rician noise from the view of the segmentation performance. In the case of impulse noise, we report a higher difference between median and optimized RNLM filter than in the case of Rician noise. That means that the impulse noise is more effectively eliminated with the effect of better segmentation performance.





5. Conclusions


Image smoothing is one of the essential procedures in the MR image preprocessing. This operation enables an enhancement of spatial image area by suppressing noise and artefacts, which cause image deterioration. These additive image signals lead to improper tissues identification and consequent features extraction, which is essential for proper medical diagnosis. In this context, image smoothing allows for homogenization of the intensity distribution. Conventional approaches, which are based on the local means principle, utilize a searching local window, where statistical features are computed such as an average or median filter. These methods are capable of smoothing image areas; however, on the other hand, they cause attenuation of image edges, which are crucial for tissue interpretation. In this paper, we analyzed the performance of a powerful approach, which is based on a non-local means algorithm, taking advantage of pixel intensities and patch similarity information in the contrast of these standard methods. This filter is completed with the optimization procedure, which is aimed to produce optimal filter settings. A highly important feature of each smoothing method is its robustness under a dynamically changing environment, where we suppose that the image intensity distribution is significantly modified by additive noise with dynamic intensity.



One of the main contributions of this study is studying the dynamical features of the NLM method under dynamical noise influence. To provide a robust analysis, we employed three different noise generators (Rician, Salt and Pepper and Speckle), which are determined by its parameters, controlling noise intensity. In this way, we simulate the dynamic effect of each type of noise to gradually deteriorate the MR image area. We perform the testing on the real retrospective MR image data, including the images of articular cartilage and elbow muscles images. For the objectivization of the smoothing performance, we used four qualitative parameters of similarity: SSIM, SNR, PSNR, and Q-index to evaluate the dynamical influence of each noise. Based on the testing, we evaluated the trend of all the parameters, which have decreasing tendency under gradual noise influence. This is predictable, since higher noise intensity causes a deeper modification of intensity distribution and, thus, the smoothing procedure is less effective when noise is increasing. As the next part of the testing, we were focused on the statistical evaluation of average intensity differences between native and smoothed images for all the levels of the noise. This statistical comparison mainly shows significant differences among various settings of local means approaches and the NLM concept, which achieves comparatively smaller differences than the average and median filters, which also predetermines its higher effectivity.



The last part of the analysis deals with the segmentation performance of a multiregional segmentation in the form of Fuzzy soft thresholding. Here, we studied the dynamical features of the segmentation performance when the NLM smoothing procedure is/ is not employed for Rician and Salt and Pepper noise. In nearly all the comparisons, we found that the filter presence has the impact on SSIM and SNR parameters to improve the smoothing accuracy. In this segmentation analysis, we were also focused on the segmentation settings, which may have the influence of the segmentation performance, when additive noise is present. Here, we compared two settings of the multiregional segmentation to evaluate the differences between these settings. We reported that a lower number of segmentation regions (we used three regions) indicates objectively better segmentation performance, when compared with eight regions.



The main aim of this paper was to point out on the performance of improved non-local means filter in various noise influence. This analysis has a strong potential to evaluate the dynamical features of the smoothing procedure. Since, in the MR imaging, the regional segmentation plays a crucial role with the aim to extract and identify tissues of interest, combination with an NLM filter appears to be a suitable alternative. Segmentation is typically aimed at the extraction of clinically important features, enabling a quantification of the objects of interest. In this way, the future trend in the application of NLM filters should be their influence on performance of extracting features under various image conditions. Such analysis should investigate the preciseness and reproducibility of clinically important features and their inclination to individual image noise and its intensity.







Author Contributions


Conceptualization, J.K. and M.P.; methodology, J.K.; software, J.K. and M.S.; validation, D.V., M.C. and M.S.; formal analysis, J.K.; investigation, M.C. and O.P.; resources, M.P.; data curation, J.K.; writing—original draft preparation, J.K. and D.V.; visualization, D.V.; supervision, M.P. and O.P.; project administration, M.C. and M.P.; funding acquisition, M.P. All authors have read and agreed to the published version of the manuscript.




Funding


This paper was supported by project No. CZ.02.1.01/0.0/0.0/17 049/0008441, Innovative Therapeutic Methods of Musculoskeletal System in Accident Surgery within the Operational Programme Research, Development and Education financed by the European Union and by the state budget of the Czech Republic. The work and the contributions were supported by the project SP2021/112 ‘Biomedical Engineering systems XVII’.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable. We used the MR images from publicly available database The Osteoarthritis Initiative.




Data Availability Statement


Data are used from publicly open clinical database The Osteoarthritis Initiative.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Tang, Y.; He, L.; Lu, W.; Huang, X.; Wei, H.; Xiao, H. A novel approach for fracture skeleton extraction from rock surface images. Int. J. Rock Mech. Min. Sci. 2021, 142, 104732. [Google Scholar] [CrossRef]

	



Ramu, S.M.; Rajappa, M.; Krithivasan, K.; Jayakumar, J.; Chatzistergos, P.; Chockalingam, N. A method to improve the computational efficiency of the Chan-Vese model for the segmentation of ultrasound images. Biomed. Signal Process. Control. 2021, 67, 102560. [Google Scholar] [CrossRef]

	



Modenese, L.; Renault, J.-B. Automatic generation of personalised skeletal models of the lower limb from three-dimensional bone geometries. J. Biomech. 2021, 116, 110186. [Google Scholar] [CrossRef] [PubMed]

	



Syväri, J.; Ruschke, S.; Dieckmeyer, M.; Hauner, H.H.; Junker, D.; Makowski, M.R.; Baum, T.; Karampinos, D.C. Estimating vertebral bone marrow fat unsaturation based on short-TE STEAM MRS. Magn. Reson. Med. 2021, 85, 615–626. [Google Scholar] [CrossRef] [PubMed]

	



Jabbar, S.I.; Day, C.R.; Chadwick, E. Automated measurements of morphological parameters of muscles and tendons. Biomed. Phys. Eng. Express 2020, 7, 025002. [Google Scholar] [CrossRef]

	



Shin, Y.; Yang, J.; Lee, Y.H.; Kim, S. Artificial intelligence in musculoskeletal ultrasound imaging. Ultrasonography 2021, 40, 30–44. [Google Scholar] [CrossRef] [PubMed]

	



Janumala, T.; Ramesh, K.B. Development of an Algorithm for Vertebrae Identification Using Speeded up Robost Features (SURF) Technique in Scoliosis X-Ray Images. In Advances in Intelligent Systems and Computing; Springer Science and Business Media LLC: Berlin, Germany, 2020; pp. 54–62. [Google Scholar]

	



Klontzas, M.E.; Papadakis, G.Z.; Marias, K.; Karantanas, A.H. Musculoskeletal trauma imaging in the era of novel molecular methods and artificial intelligence. Injury 2020, 51, 2748–2756. [Google Scholar] [CrossRef]

	



Sukhavasi, S.; Sukhavasi, S.; Elleithy, K.; Abuzneid, S.; Elleithy, A. Human Body-Related Disease Diagnosis Systems Using CMOS Image Sensors: A Systematic Review. Sensors 2021, 21, 2098. [Google Scholar] [CrossRef]

	



Moran, M.; Faria, M.; Giraldi, G.; Bastos, L.; Conci, A. Do Radiographic Assessments of Periodontal Bone Loss Improve with Deep Learning Methods for Enhanced Image Resolution? Sensors 2021, 21, 2013. [Google Scholar] [CrossRef]

	



Bishop, J.H.; Shpaner, M.; Kubicki, A.; Clements, S.; Watts, R.; Naylor, M.R. Structural network differences in chronic musk-uloskeletal pain: Beyond fractional anisotropy. NeuroImage 2018, 182, 441–455. [Google Scholar] [CrossRef]

	



Roemer, F.W.; Aydemir, A.; Lohmander, L.S.; Crema, M.D.; Marra, M.D.; Muurahainen, N.; Felson, D.T.; Eckstein, F.; Guermazi, A. Structural effects of sprifermin in knee osteoarthritis: A post-hoc analysis on cartilage and non-cartilaginous tissue alterations in a randomized controlled trial. BMC Musculoskelet. Disord. 2016, 17, 267. [Google Scholar] [CrossRef]

	



Bolog, N.; Nanz, D.; Weishaupt, D. Muskuloskeletal MR imaging at 3.0 T: Current status and future perspectives. Eur. Radiol. 2006, 16, 1298–1307. [Google Scholar] [CrossRef]

	



Manger, B. New developments in imaging for diagnosis and therapy monitoring in rheumatic diseases. Best Pr. Res. Clin. Rheumatol. 2004, 18, 773–781. [Google Scholar] [CrossRef]

	



Dong, M.; Jiao, Z.; Sun, Q.; Tao, X.; Yang, C.; Qiu, W. The magnetic resonance imaging evaluation of condylar new bone remodeling after Yang’s TMJ arthroscopic surgery. Sci. Rep. 2021, 11, 1–7. [Google Scholar] [CrossRef]

	



Cao, L.; Wen, J.-X.; Han, S.-M.; Wu, H.-Z.; Peng, Z.-G.; Yu, B.-H.; Zhong, Z.-W.; Sun, T.; Wu, W.-J.; Gao, B.-L. Imaging fea-tures of hemangioma in long tubular bones. BMC Musculoskelet. Disord. 2021, 22, 27. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, K.-X.; Chai, W.; Zhao, J.-J.; Deng, J.-H.; Peng, Z.; Chen, J.-Y. Comparison of three treatment methods for simple bone cyst in children. BMC Musculoskelet. Disord. 2021, 22, 1–7. [Google Scholar] [CrossRef]

	



Blum, A.G.; Gillet, R.; Athlani, L.; Prestat, A.; Zuily, S.; Wahl, D.; Dautel, G.; Teixeira, P.G. CT angiography and MRI of hand vascular lesions: Technical considerations and spectrum of imaging findings. Insights Imaging 2021, 12, 1–22. [Google Scholar] [CrossRef] [PubMed]

	



Wathen, C.A.; Foje, N.; Van Avermaete, T.; Miramontes, B.; Chapaman, S.E.; Sasser, T.A.; Kannan, R.; Gerstler, S.; Leevy, W.M. In Vivo X-Ray Computed Tomographic Imaging of Soft Tissue with Native, Intravenous, or Oral Contrast. Sensors 2013, 13, 6957–6980. [Google Scholar] [CrossRef]

	



Sharon, H.; Elamvazuthi, I.; Lu, C.-K.; Parasuraman, S.; Natarajan, E. Development of Rheumatoid Arthritis Classification from Electronic Image Sensor Using Ensemble Method. Sensors 2019, 20, 167. [Google Scholar] [CrossRef]

	



Wellard, R.M.; Ravasio, J.-P.; Guesne, S.; Bell, C.; Oloyede, A.; Tevelen, G.; Pope, J.M.; Momot, K.I. Simultaneous Magnetic Resonance Imaging and Consolidation Measurement of Articular Cartilage. Sensors 2014, 14, 7940–7958. [Google Scholar] [CrossRef]

	



Romdhane, F.; Villano, D.; Irrera, P.; Consolino, L.; Longo, D.L. Evaluation of a similarity anisotropic diffusion denoising approach for improving in vivo CEST-MRI tumor pH imaging. Magn. Reson. Med. 2021, 85, 3479–3496. [Google Scholar] [CrossRef]

	



Kinani, J.M.V.; Silva, A.R.; Mújica-Vargas, D.; Funes, F.G.; Díaz, E.R. Rician Denoising Based on Correlated Local Features LMMSE Approach. J. Med Syst. 2021, 45, 40. [Google Scholar] [CrossRef]

	



Joshi, N.; Jain, S.; Agarwal, A. Discrete Total Variation-Based Non-Local Means Filter for Denoising Magnetic Resonance Images. J. Inf. Technol. Res. 2020, 13, 14–31. [Google Scholar] [CrossRef]

	



Mehmood, R.; Kaur, A. Modified Difference Squared Image Based Non Local Means Filter. In Proceedings of the 2020 11th International Conference on Computing, Communication and Networking Technologies (ICCCNT), Kharagpur, India, 1–3 July 2020. [Google Scholar] [CrossRef]

	



Jeevakala, S.; Brintha Therese, A. Edge preserving de-noising method for efficient segmentation of cochlear nerve by magnet-ic resonance imaging. Int. J. Biomed. Eng. Technol. 2020, 32, 161–176. [Google Scholar] [CrossRef]

	



Chandrashekar, L.; Sreedevi, A. Multimodal Image Fusion of Magnetic Resonance and Computed Tomography Brain Images—A New Approach. Biomed. Pharmacol. J. 2020, 13, 1523–1532. [Google Scholar] [CrossRef]

	



Sarkar, S.; Tripathi, P.C.; Bag, S. An Improved Non-local Means Denoising Technique for Brain MRI. Adv. Intell. Syst. Comput. 2020, 999, 765–773. [Google Scholar]

	



Zhu, M.; Hu, Y.; Yu, J.; He, B.; Liu, J. Find Outliers of Image Edge Consistency by Weighted Local Linear Regression with Equality Constraints. Sensors 2021, 21, 2563. [Google Scholar] [CrossRef] [PubMed]

	



Ahmed, A.; Jalal, A.; Kim, K. A novel statistical method for scene classification based on multi-object categorization and lo-gistic regression. Sensors 2020, 20, 3871. [Google Scholar] [CrossRef] [PubMed]

	



Liu, N.; Schumacher, T. Improved Denoising of Structural Vibration Data Employing Bilateral Filtering. Sensors 2020, 20, 1423. [Google Scholar] [CrossRef]

	



Ioannidis, G.S.; Marias, K.; Galanakis, N.; Perisinakis, K.; Hatzidakis, A.; Tsetis, D.; Karantanas, A.; Maris, T.G. A correlative study between diffusion and perfusion MR imaging parameters on peripheral arterial disease data. Magn. Reson. Imaging 2019, 55, 26–35. [Google Scholar] [CrossRef]

	



Mehranian, A.; Belzunce, M.A.; McGinnity, C.J.; Prieto, C.; Hammers, A.; Reader, A.J. Multi-modal weighted quadratic pri-ors for robust intensity independent synergistic PET-MR reconstruction. In Proceedings of the 2017 IEEE Nuclear Science Symposium and Medical Imaging Conference, Atlanta, GA, USA, 21–28 October 2017. [Google Scholar]

	



Gracheva, I.; Kopylov, A.; Krasotkina, O. Fast Global Image Denoising Algorithm on the Basis of Nonstationary Gamma-Normal Statistical Model. Commun. Comput. Inf. Sci. 2015, 542, 71–82. [Google Scholar] [CrossRef]

	



Xing, L.; Sun, Z.; Fan, Y. Static/dynamic filter with nonlocal regularizer. J. Electron. Imaging 2021, 30, 013013. [Google Scholar] [CrossRef]

	



Cai, S.; Kang, Z.; Yang, M.; Xiong, X.; Peng, C.; Xiao, M. Image Denoising via Improved Dictionary Learning with Global Structure and Local Similarity Preservations. Symmetry 2018, 10, 167. [Google Scholar] [CrossRef]

	



Rodríguez, C.; López-Fernández, A.; García-Pinto, D. A new approach to radiochromic film dosimetry based on non-local means. Phys. Med. Biol. 2020, 65, 225019. [Google Scholar] [CrossRef]

	



Tian, Q.; Zaretskaya, N.; Fan, Q.; Ngamsombat, C.; Bilgic, B.; Polimeni, J.R.; Huang, S.Y. Improved cortical surface recon-struction using sub-millimeter resolution MPRAGE by image denoising. NeuroImage 2021, 233, 117946. [Google Scholar] [CrossRef]

	



Arabi, H.; Zaidi, H. Non-local mean denoising using multiple PET reconstructions. Ann. Nucl. Med. 2021, 35, 176–186. [Google Scholar] [CrossRef] [PubMed]

	



Heo, Y.-C.; Kim, K.; Lee, Y. Image Denoising Using Non-Local Means (NLM) Approach in Magnetic Resonance (MR) Imaging: A Systematic Review. Appl. Sci. 2020, 10, 7028. [Google Scholar] [CrossRef]

	



Kanoun, B.; Ambrosanio, M.; Baselice, F.; Ferraioli, G.; Pascazio, V.; Gomez, L. Anisotropic Weighted KS-NLM Filter for Noise Reduction in MRI. IEEE Access 2020, 8, 184866–184884. [Google Scholar] [CrossRef]

	



Chen, G.; Dong, B.; Zhang, Y.; Lin, W.; Shen, D.; Yap, P.-T. Denoising of Diffusion MRI Data via Graph Framelet Matching in x-q Space. IEEE Trans. Med Imaging 2019, 38, 2838–2848. [Google Scholar] [CrossRef] [PubMed]

	



Toa, C.-K.; Sim, K.-S.; Lim, Z.-Y.; Lim, C.-P. Magnetic resonance imaging noise filtering using adaptive polynomial-fit non-local means. Eng. Lett. 2019, 27, 527–540. [Google Scholar]

	



Yu, H.; Ding, M.; Zhang, X. Laplacian Eigenmaps Network-Based Nonlocal Means Method for MR Image Denoising. Sensors 2019, 19, 2918. [Google Scholar] [CrossRef] [PubMed]

	



Kim, K.; Choi, J.; Lee, Y. Effectiveness of non-local means algorithm with an industrial 3 MeV LINAC high-energy X-ray sys-tem for non-destructive testing. Sensors 2020, 20, 2634. [Google Scholar] [CrossRef] [PubMed]

	



Aja-Fernández, S.; Curiale, A.H.; Vegas-Sánchez-Ferrero, G. A local fuzzy thresholding methodology for multiregion image segmentation. Knowl. Based Syst. 2015, 83, 1–12. [Google Scholar] [CrossRef]

	



Buades, A.; Coll, B.; Morel, J.-M. A Non-Local Algorithm for Image Denoising. In Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, San Diego, CA, USA, 20–25 June 2005; Volume 2, pp. 60–65. [Google Scholar]

	



Gayathri, A.; Christy, S. Image de-noising using optimized self similar patch based filter. Int. J. Innov. Technol. Explor. Eng. 2019, 8, 1570–1578. [Google Scholar]

	



Bic, C.; Terebes, R. An improved NLM filter with increased noise robustness and adaptive similarity function. In Proceedings of the 2019 IEEE 15th International Conference on Intelligent Computer Communication and Processing (ICCP), Cluj-Napoca, Romania, 5–7 September 2019; pp. 365–370. [Google Scholar] [CrossRef]

	



Karnaukhov, V.N.; Mozerov, M.G. Fast Non-Local Mean Filter Algorithm Based on Recursive Calculation of Similarity Weights. J. Commun. Technol. Electron. 2018, 63, 1475–1477. [Google Scholar] [CrossRef]

	



Zhang, X.; Hou, G.; Ma, J.; Yang, W.; Lin, B.; Xu, Y.; Chen, W.; Feng, Y. Denoising MR Images Using Non-Local Means Filter with Combined Patch and Pixel Similarity. PLoS ONE 2014, 9, e100240. [Google Scholar] [CrossRef]

	



Wiest-Daesslé, N.; Prima, S.; Coupe, P.; Morrissey, S.P.; Barillot, C. Rician Noise Removal by Non-Local Means Filtering for Low Signal-to-Noise Ratio MRI: Applications to DT-MRI. In Transactions on Petri Nets and Other Models of Concurrency XV; Springer Science and Business Media LLC: Berlin, Germany, 2008; Volume 11, pp. 171–179. [Google Scholar]

	



Aja-Fernandez, S.; Alberola-Lopez, C.; Westin, C.-F. Noise and Signal Estimation in Magnitude MRI and Rician Distributed Images: A LMMSE Approach. IEEE Trans. Image Process. 2008, 17, 1383–1398. [Google Scholar] [CrossRef]








[image: Sensors 21 04161 g001 550] 





Figure 1. Example from MR datasets: (A) T1 weighted image, showing a weak contrast between the cartilage surface and synovial fluid, (B) proton density-weighted image, (C) coronal fat-saturated proton density-weighted image of elbow muscle, showing a low signal intensity of the common flexor tendon, which is located at the medial epicondyle (arrow), and (D) coronal gradient echo image of elbow muscle, showing a normal manifestation of a normal extensor tendon at the lateral epicondyle (arrow). 
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Figure 2. Selected area of interest (RoI) for MR image of articular cartilage with dynamic Salt and Pepper noise intensity (d): (a) d = 0.08, (b) d = 0.12, (c) d = 0.5, and (d) d = 0.85. 
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Figure 3. Selected area of interest (RoI) for MR image of articular cartilage with dynamic Rician noise intensity: (a)   σ = 0.02  , (b)   σ = 0.09  , (c)   σ = 0.15  , and (d)   σ = 0.75  . 
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Figure 4. A proposed scheme for the filter parameters optimization bases on the random selection and MSE evaluation. 
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Figure 5. A comparison of MSE evaluation for number of filter parameter’s combinations (n = 100) left and (n = 1000) right for 80 MR records (averaged values for each n). 
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Figure 6. Quantitative characteristics of filter’s performance based on SSIM, SNR, PSNR and Q-index for Rician (R) and Salt and Pepper noise (SaP) with dynamic intensity for optimal filter settings, defined in Table 2 (averaged values). 
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Figure 7. Intensity difference distribution of (A) Rician noise, (B) Salt and Pepper and (C) Speckle noise. 
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Figure 8. Extract of MR images: native MR image (up left), Salt and Pepper: d = 0.1 (up middle), and d = 0.5 (up right). Regional segmentation based on Fuzzy thresholding with 8 classes: segmentation of native image (down left), Salt and Pepper: d = 0.1 (down middle), and d = 0.5 (down right). 
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Figure 9. Segmentation based on Fuzzy thresholding performance (3 and 8 regions) with dynamical influence of noise Rician and Salt and Pepper based on SSIM and SNR analysis. 
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Table 1. Acquisition parameters for analyzed datasets of articular cartilage and elbow muscle.
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	Fat Saturation (Cartilage)
	Proton Density-Weighted Imaging (Cartilage)
	Fat-Saturated Proton Density-Weighted Images (Elbow Muscle)





	FOV (mm)
	160 × 160 × 80
	160 × 160 × 80
	140 × 140 × 70



	Matrix size
	288 × 245
	288 × 245
	288 × 245



	Acquisition time
	2:55
	4:22
	5:54



	Slice thickness (mm)
	1.5
	1.5
	1.5



	Interslice gap (mm)
	0.15
	0.15
	0.21



	Scan mode
	2D
	2D
	2D



	Findings
	Early cartilage osteoarthritis
	Cartilage lesions
	Healthy elbow muscle
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Table 2. Optimal values of the filter parameters based on the testing for 80 MR images from various datasets.
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	Filter Parameter
	n = 100
	n = 1000
	Average Values





	H =    σ 2   
	0.8
	0.8
	0.8



	   d e  g k    
	6
	7.31
	6.65



	   r a  d p    
	3
	4
	3



	  ω  
	3
	5
	4
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Table 3. Analysis of variance of optimized filter’s parameter for individual datasets and additive noise.
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Variance of Filter Parameter

	
Rician Noise

(FS|PDW|FSPDW)

	
SaP Noise

(FS|PDW|FSPDW)

	
Speckle Noise

(FS|PDW|FSPDW)






	
h =    σ 2   

	
0.05

	
0.21

	
0.08

	
0.09

	
0.32

	
0.09

	
0.11

	
0.39

	
0.44




	
   d e  g k    

	
0.21

	
0.73

	
0.45

	
0.38

	
0.42

	
0.88

	
0.42

	
0.42

	
0.65




	
   r a  d p    

	
0.004

	
0.005

	
0.003

	
0.005

	
0.009

	
0.002

	
0.12

	
0.22

	
0.19




	
  ω  

	
0.48

	
0.51

	
0.49

	
0.53

	
0.68

	
0.77

	
0.87

	
0.92

	
0.91
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Table 4. Descriptive statistical analysis of various average and median filter’s settings in contrast to selected variants of optimized RNLM filter for MR images corrupted with Rician noise.






Table 4. Descriptive statistical analysis of various average and median filter’s settings in contrast to selected variants of optimized RNLM filter for MR images corrupted with Rician noise.





	Filter Settings
	      I D  ˜     [ % ]       
	Mod(ID) [%]
	     σ 2   (  I D  )   [ − ]       





	Av (5 × 5)
	23.78
	26.51
	0.42



	Av (7 × 7)
	21.27
	20.32
	0.52



	Av (15 × 15)
	16.35
	15.41
	0.46



	Med (5 × 5)
	11.34
	10.11
	0.48



	Med (7 × 7)
	9.45
	9.0041
	0.083



	Med (15 × 15)
	8.31
	8.011
	0.021



	h = 0.05
	3.61
	2.55
	0.38



	h = 0.07
	1.21
	1.0084
	0.018



	h = 0.1
	0.092
	0.091
	1.94 × 106



	h = 0.3
	0.65
	0.55
	0.0036



	h = 0.8
	0.45
	0.45
	9.46 × 104
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Table 5. A comparison for RNLM filter and proposed optimized variant based on SSIM and correlation difference for routine anatomical imaging and quantitative Magnetic Resonance Imaging (T2 maps) of cartilage.
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Evaluation Parameter

	
Rician Noise

(RNLM-Optim-RNLM)

	
Salt and Pepper

(RNLM-Optim-RNLM)

	
Speckle Noise

(RNLM-Optim-RNLM)




	
Routine Anatomical Imaging|Quantitative Magnetic Resonance Imaging (T2 Maps)






	
Diff(SSIM)

	
12%

	
8%

	
24%

	
20%

	
6%

	
5%




	
Diff(Corr)

	
15%

	
10%

	
23%

	
21%

	
8%

	
12%











[image: Table] 





Table 6. A comparison of the regional segmentation performance for two different settings of regions (segmentation classes) in application of median and optimized RNLM filter under influence of Rician and Salt and Pepper noise.
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Rician Noise

(3 Classes|8 Classes)

	
Salt and Pepper Noise

(3 Classes|8 Classes)






	
Diff(SSIM(Med 5 × 5))

	
19.24%

	
14.61%

	
26.12%

	
19.55%




	
Diff(SSIM(Med 7 × 7))

	
17.87%

	
12.56%

	
21.44%

	
19.77%




	
Diff(SSIM(Med 7 × 7))

	
9.56%

	
6.15%

	
14.47%

	
12.22%




	
Diff(Cor(Med 7 × 7))

	
18.56%

	
17.44%

	
19.15%

	
18.86%




	
Diff(Cor(Med 7 × 7))

	
14.32%

	
14.11%

	
16.45%

	
15.78%




	
Diff(Cor(Med 7 × 7))

	
10.15%

	
9.51%

	
11.56%

	
11.12%
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