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Abstract. This research presents the use of the intensity-curvature functional 

(ICF) as k-space filter. The k-space magnitude of the following four image 

space filters was calculated: two high pass filters (termed as HPF and PSOHPF) 

and two gradients (termed as GRADX and GRADY). Two dimensional images 

of the human brain were collected with Magnetic Resonance Imaging (MRI) 

and they were processed using the following k-space filtering technique. The 

images were fitted with the bivariate linear model function. The real and the 

imaginary parts of the k-space of the ICF were subtracted from the k-space of 

the filters and the k-space of the gradients. The ensuing k-space was inverse 

Fourier transformed so to obtain four k-space filtered images. The major 

contribution of this paper is thus the comparison between four k-space filtering 

techniques. Data confirms the aptitude of the ICF to behave as high pass filter in 

image space. Moreover, the k-space filtered images present a level of 

demarcation of the boundaries of the vessels which is slightly superior to the 

details observable in the image space filters. In conclusion, vessels demarcation 

in MRI can be obtained using the ICF as k-space filter. 

Keywords: K-space · Image space filters · K-space filtered images · Intensity-

curvature functional ·Demarcation of the boundary · High pass filter. 

1 Introduction 

The literature relevant to the research presented in this paper spans across two topics: 

(i) vessels segmentation; and (ii) image filtering techniques. For a review on vessel 

segmentation techniques with applications in computed tomography angiography 

(CTA) and magnetic resonance angiography (MRA), the reader is referred to the 

research conveyed in [1]. For a review on neurovascular structure vessel segmentation 

techniques, algorithms and methods with categorization on the basis of technology 
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and methodology the reader is referred to the research reported in [2]. Image filtering 

techniques can be classified into two main categories: (i) image space filtering 

techniques, and (ii) k-space filtering techniques. Normally, due to the sensitivity of 

the k-space which, when filtered, might yield to image degradation, the image 

filtering techniques have been developed mainly to denoise the image space. 

Particularly interesting are the wavelet denoising techniques because of their 

applicability to MRI and ultrasound brain imaging [3]. Moreover, state of the art 

approaches in MRI k-space filtering usually function, rather than after data 

acquisition, through the optimization of the parameters of the pulse sequence at the 

time of data acquisition [4]. The idea of the research proposed in this paper is to 

investigate if the intensity-curvature functional (ICF) [5, 6] is a k-space filter effective 

to demarcate the boundary of human brain vessels detected with MRI. This paper thus 

proposes that k-space filtering can be done after MRI data acquisition through image 

processing techniques. To validate the effectiveness of k-space filtering this research 

therefore uses the vessels of the human brain so to see if the vessels appear 

demarcated, and in such case, the k-space filter is deemed valid. In order to perform 

the investigation, the ICF is used as k-space filter on four image space filters: (i) the 

high pass filter (HPF); (ii) the gradient image along the x direction (GRADX); (iii) 

the gradient image along the y direction (GRADY); (iv) the particle swarm 

optimization [7] algorithm based high pass filter (PSOHPF). K-space filtering an 

image space filter can be classified as a filtering technique. What follows from the 

idea is that four k-space filtering techniques are available for comparison. When 

employing the k-space filtering technique here proposed, the image space filters 

(HPF, GRADX, GRADY and PSOHPF) are processed as follows. 1. The image space 

filter is Fourier transformed into k-space. 2. It is calculated the difference between the 

k-space of the image space filter and the k-space of the intensity-curvature functional 

of the image. The aforementioned difference is computed both for the real and for the 

imaginary part of the k-space. 3. The k-space difference is inverse Fourier 

transformed, and so the reconstructed signal is obtained and compared to the image 

space filter. Computing was performed using in house software which was coded to 

develop this research.  

2 Theory 

2.1 The Calculation of the Intensity-Curvature Functional (ICF) 

The objective of this section is to illustrate how to calculate the ICF of an image. The 

ICF is also an image and it can be calculated when a model polynomial function is 

fitted to each pixel of the departing image. There are two constraints that the function 

needs to obey to. 1. Second order differentiability. 2. At least one of the partial second 

order derivatives of the function needs to be non-null when calculated at the grid 

point (x, y) = (0, 0) of the pixel. Let h(x, y) be the model polynomial function and let 

it be the bivariate linear function which takes the form [5]:  

 



 

h(x, y) = f(0, 0) + x (f(1, 0) - f(0, 0)) + y (f(0, 1) - f(0, 0)) + 

                                           xy (f(1, 1) + f(0, 0) - f(0, 1) - f(1, 0))                           (1) 

 

Where f(1, 0), f(0, 1) and f(1, 1) are the pixels in the neighborhood of f(0, 0). f(0, 

0) is the pixel of the image. Let us posit the following finite differences between f(0, 

0) and the pixel intensity values located in the neighborhood of f(0, 0):  

 

θx = [f(1,0) - f(0,0)]             (2) 

 

θy = [f(0,1) - f(0,0)]                                     (3) 

 

ωf  = [f(1,1) + f(0,0) - f(0,1) - f(1,0)]            (4) 

 

It follows that:  

 

h(x, y) = f(0,0) + x θx + y θy + xy ωf                                   (5) 

 

The intensity-curvature term of h(x, y) at the grid point (x, y) = (0, 0) is called 

intensity-curvature term before interpolation (Eo(x, y)) and is computed for each pixel 

of the image: 

 

Eo(x, y) =  ∫  ∫ f (0, 0) ⋅ ((∂2 h(x, y) / ∂x2) + (∂2 h(x, y) / ∂y2) +                                                          

(∂2 h(x, y) / ∂x∂y) + (∂2 h(x, y) / ∂y∂x))(0, 0) dx dy =  

                        ∫  ∫ f (0, 0) 2 ωf dx dy = f (0, 0) 2 x y ωf                   (6) 

 

The intensity-curvature term of h(x, y) at any intra-pixel location (x, y) is called 

intensity-curvature term after interpolation (EIN(x, y)) and is computed for each pixel 

of the image: 

 

EIN(x, y) =  ∫  ∫ h(x, y) ⋅ ((∂2 h(x, y) / ∂x2) + (∂2 h(x, y) / ∂y2) + 

                              (∂2 h(x, y) / ∂x∂y) + (∂2 h(x, y) / ∂y∂x))(x, y) dx dy = 

                          ∫  ∫ h(x, y) 2 ωf dx dy = 2 ωf  Hxy(x, y)                            (7) 

 

Hxy is the primitive of h(x, y) respect to the variables x and y and is defined as: 

 

Hxy(x, y) = f(0,0) xy + yx2/2 θx + xy2/2 θy + y2x2/4 ωf                 (8) 

 

For each pixel of the image, the ICF of h(x, y) is thus calculated as [5]: 

 

ΔE(x, y) = Eo(x, y) / EIN(x, y) = f (0, 0) x y / Hxy (x, y)                   (9) 

2.2 The Input and Output Functions of the ICF 

This section shows the formulae relevant to the characterization of the ICF based high 

pass filter when the model polynomial function fitted to the image is the bivariate 



linear function. For additional details on the math procedure the reader is referred to 

recent research [5]. Let the transfer function (TF) of the ICF filter be [5]: 

 

TF(x, y) = Y (x, y) / X (x, y) = { [ xy f(0,0) ]  / { f(0,0) xy + [yx2 (f(1,0) – f(0,0)) / 2] 

+ [xy2 (f(0,1) – f(0,0)) / 2] + [x2y2 (f(0,0) + f(1,1) - f(1,0) - f(0,1)) / 4 ] } } / [ f(0, 0) ] 

                                                                                                   (10)  

 

The input function x[n] and the output function y[n] of the ICF filter are computed 

from (10) as [5]: 

 

x[n] = { { { 1 } – y[n] { 1 – x / 2 – y / 2 + xy / 4 } } / { [x f(1,0) / 2 + y f(0,1) / 2 + 

                    (f(1,1) - f(1,0) - f(0,1)) xy / 4] y[n] } }– 1                              (11) 

 

y[n] = { { xy x[n] }  / { x[n] xy + [yx2 (f(1,0) – x[n]) / 2] + [xy2 (f(0,1) – x[n]) / 2] + 

                  [x2y2 (x[n] + f(1,1) - f(1,0) - f(0,1)) /4 ]} }                  (12) 

 

The illustration of the outcome of equations (10), (11) and (12) is given in Fig. 2.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a)  (b)  (c)  (d)  (e)  

 (f)  (g)  (h)  (i)  (j)  

     (k)  (l)  (m)  (n) (o)  

     (p)  (q)  (r)  (s)  (t)  



 

Fig. 1. (a) MRI image. (b), (c), (d), (e): The HPF image; the GRADX image; the GRADY 

image and the PSOHPF image, respectively. The k-space magnitude in (f), (g), (h), (i), (j) is 

calculated from: the MRI image, the HPF image; the GRADX image; the GRADY image and 

the PSOHPF image, respectively. (k) The ICF image. (l), (m), (n), (o): The inverse Fourier 

transformation of the difference between the k-space of the image space filters (b), (c), (d), (e) 

and the k-space of the intensity-curvature functional, respectively. (l), (m), (n), (o) are the k-

space filtered images. The k-space magnitude in (p), (q), (r), (s), (t) is calculated from: (k), (l), 

(m), (n), (o), respectively.  

3 Results 

This research conveys results obtained with one subject’s T1 MRI from the OASIS 

MRI data repository [8-13] (see Fig. 1), four subjects’ localizer scans of the MRI 

acquisition (see Figs. 3 through 9) and one subject’s T2 MRI (see Fig. 10). The 

subjects in the figures are labeled as: K, A, L, P and Z. The choice of the localizer in 

this paper is supported by previous research, which shows the feasibility to demarcate 

human brain vessels when using another type of inverse Fourier transformation 

procedure [14]. For three additional subjects the method did perform not as well as 

the aforementioned subjects however, at least in part, the vessels were detected too. 

  

3.1 The Inverse Fourier Transformation Procedure 

Fig. 1 presents the following image space filters: ICF, HPF, GRADX, GRADY and 

PSOHPF (see Fig. 1 in (k), (b), (c), (d) and (e)); and their k-space magnitude (see Fig. 

1 in (p), (g), (h), (i) and (j)). The following processing was done. 1. The inverse 

transformation procedure used in this paper entails the subtraction of the k-space (real 

and imaginary parts) of the ICF from the k-space (real and imaginary parts) of the 

image space filters (HPF, GRADX, GRADY and PSOHPF). 2. The resulting 

differences (in the real and the imaginary parts) were inverse Fourier transformed so 

to obtain the image space back again, and the images are presented in Fig. 1 in (l), 

(m), (n) and (o). 3. From the image space obtained at the step 2, the direct Fourier 

transformation was used in order to calculate the k-space magnitude (see Fig. 1 in (q), 

(r), (s) and (t)) of the k-space filtered images (see Fig. 1 in (l), (m), (n) and (o)). K-

space filtering the image space filters yields the k-space filtered images (see (l), (m), 

(n), (o) in Fig. 1). It is possible to make the following observations: A, B and C. A. 

The HPF and the GRADX images in (b) and (c) were similar and this is consequential 

to their math formulation, and therefore, the reconstructed HPF and reconstructed 

GRADX in (l) and (m) are also similar. Note that the HPF image is calculated through 

the recursive gradient along the X direction. B. The outward show of the GRADY 

image in (d) is a direct consequence of the calculation of the gradient along the Y 

direction (versus the GRADX image in (b)). C. The PSOHPF image in (e) is similar 

to the HPF image (compare (b) versus (e)), and so are the reconstructed images in (l) 

and (o).  



3.2 Preliminary Analysis 

This section of the paper presents a preliminary analysis aimed to compare the 

properties of the image space filters versus the intensity-curvature functional (ICF) 

image (see Fig. 1). The similarity between the HPF and the ICF was recently 

documented in [5]. The results reported here, also document the expected superiority 

of the ICF versus the GRADX and GRADY images. The aforementioned superiority 

is a consequence of the difference in the math that calculates the gradients versus the 

math that calculates the ICF. The determinant of the superiority is described by the 

following reasoning. 1. The GRADX and GRADY images were obtained as finite 

differences of adjacent image pixel intensity values along the X and Y direction, as 

shown in equation (2) and equation (3) respectively. 2. On the other hand, the ICF is 

more complex and comprises of terms, in its defining equation (9), that go beyond the 

simple calculation of the finite differences of (2) and (3). 3. The ICF was also tested 

versus the PSOHPF and the results indicate that (after the inverse Fourier 

transformation procedure) the PSOHPF achieves observable level of demarcation of 

the details which are similar to the initial PSOHPF image (compare (e) versus (o) in 

Fig. 1). However, the ICF is sharper (compare (k) versus (o) in Fig. 1). 4. Generally, 

though, the k-space filtered images shows demarcation of the sulci and gyri of the 

MRI in (a) (see Fig. 1 and compare (a) which is the MRI, versus (l), (m), (n), (o), 

which are the k-space filtered images). These results were obtained using OASIS MRI 

data [8-13]. 
 

(a) (b) (c)  

Fig. 2. The transfer function TF (equation (10)), the input function X (equation (11)), and the 

output function Y (equation (12)) of the ICF-based high pass filter, are presented in (a), (b) and 

(c) respectively for an MRI image with emphasis on the vasculature. The images were 

calculated using the MRI localizer as the input image. The subject’s ID is K. 

3.3 The ICF as Image Space and K-space Filter 

This section analyzes the effect of the ICF when used as image space high pass filter 

and when used as k-space filter. Fig. 2 shows the effect in image space of ICF-based 

high pass filtering when applied to the detection of human brain vasculature [14]. Fig. 

3 shows the effect of k-space filtering the image space filters: HPF (compare (c) 

versus (e); and (d) versus (f)); and PSOHPF (compare (g) versus (i); and (h) versus 

(j)). After k-space filtering HPF and PSOHPF, the vessels appear as bright areas 

surrounded by black contour and so this means that the boundary of human brain 

vessels is demarcated. Fig. 4 through Fig. 8 expands on the results presented in Fig. 3. 

The intensity-curvature functional (ICF) of the bivariate linear model function (see (s) 

in each figure) is used to k-space filter the image space filters: HPF (c), GRADX (g), 

GRADY (k), PSOHPF (o) (see Figs. 4, 5, 6, 7 and 8). The vessels of the MRI (see (a)) 



 

are demarcated, which means that it appears a dark contour line surrounding bright 

regions located at the vessels position, and this is one finding of this research. The 

effect is more accentuated when k-space filtering HPF and GRADX, than it is when 

k-space filtering GRADY and PSOHPF (see Figs. 4, 5, 6, 7 and 8). This is because 

the math formulation of HPF, GRADX and the bivariate linear model function (from 

which the k-space filter ICF is calculated), all include finite differences between 

adjacent pixels located along the X direction (see equation (2)). The implication of 

aforementioned finding is to improve the image space filters HPF and GRADX. The 

images in (e) and (q) (see Figs. 4, 5, 6, 7 and 8) were obtained k-space filtering HPF 

and PSOHPF using the ICF as k-space filter, and they show bright areas surrounded 

by the black contour at the location of the border of the vessels, and so this means that 

the boundary of human brain vessels is demarcated. The images labeled with (u) in 

Figs. 4, 5, 6, 7 and 8 show the threshold segmentation of the vessels observable in (a). 

However, k-space filtering was superior to threshold segmentation (compare the k-

space filtered images in (e), (i), (m) and (q) with the image in (u)). 

 

(a)  (b)  

(c)  (d)  

(e)  (f)  

(g)  (h)  

 (i)  (j)  

Fig. 3. MRI images in (a), (b); HPF images in (c), (d); k-space filtered HPF images in (e), (f); 

PSOHPF images in (g), (h); k-space filtered PSOHPF images in (i), (j). The k-space filtered 

images are obtained after inverse Fourier transformation and they show bright areas surrounded 

by the black contour in (i) and (j) and more so in (e) and (f). The k-space filtering is more 

effective for the HPF images than it is for the PSOHPF images (compare (e) and (f) versus (i) 

and (j) to see the demarcation of the boundary of human brain vessels). The subject’s ID is A. 

K-space filtering of MRI images performed at the aim to highlight human brain 

vessels (make the vessels prominent) was reported earlier in [14]. The intensity-

curvature term after interpolation (ICTAI) of the bivariate cubic Lagrange model 

function [6] was found to be a suitable k-space filter. This research investigates k-



space filtering using the intensity-curvature functional (ICF) of the bivariate linear 

model function. Hence, a comparison between the k-space filtering ability of ICTAI 

and ICF is worth of consideration. In relationship to the aforementioned ability, Fig. 9 

shows the advantage of k-space filtering using the ICTAI (see (c)) versus k-space 

filtering using the ICF (see (d)). In Fig. 9, the ICTAI [14] is presented in (b). The 

boundaries of the vessels indicated by the arrows in (c) are demarcated after k-space 

filtering the MRI in (a) using the ICTAI as k-space filter. As visible, the ICTAI 

provides clearer demarcation of the boundary of the vessels than the ICF provides 

(compare the k-space filtered signal in (c) versus (d)). The ICTAI is thus more 

powerful as k-space filter than the ICF is. 

4 Discussion and Conclusion 

Resent research has demonstrated that the intensity-curvature functional (ICF) of the 

bivariate linear model function can be tuned as a high pass filter [5].  
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Fig. 4. MRI with vessels in (a). (b) k-space of (a). (c), (g), (k), and (o) show the image space 

filters of the MRI in (a): HPF, GRADX, GRADY, and PSOHPF. (d), (h), (l), and (p) show the 

k-space of the image space filters: HPF, GRADX, GRADY, and PSOHPF, respectively. The 

intensity-curvature functional (ICF) of the MRI is presented in (s). The ICF is used as k-space 

filter. The k-space of the ICF is presented in (t). K-space filtering is used on HPF, GRADX, 

GRADY, and PSOHPF, respectively. (e), (i), (m) and (q) show the intensity-curvature based k-

space filtered images. The images in (f), (j), (n) and (r) show the k-space of (e), (i), (m) and (q), 

respectively. The image in (u) was obtained through threshold segmentation of the MRI in (a) 

The subject’s ID is K. 

Recent brain research aimed to the visualization of human brain vessels make use 

of Susceptibility Weighted Imaging (SWI) [15], Magnetic Resonance Angiography 

(MRA), Magnetic Resonance Angiography and Venography (MRAV) and 

Quantitative Susceptibility Mapping (QSM) [16] in a single MRI acquisition protocol 

[17].  
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Fig. 5. Cropped MRI image displaying human brain vessels in (a). (b) k-space of (a). The 

image space filters of (a) (HPF, GRADX, GRADY, PSOHPF) are presented in (c), (g), (k) and 

(o). The images in (d), (h), (l), and (p) show the k-space of HPF, GRADX, GRADY, and 

PSOHPF, respectively. The intensity-curvature functional (ICF) of the MRI image presented in 

(a) is displayed in (s). The ICF is used as k-space filter and its k-space is presented in (t). The 

images in (e), (i), (m) and (q) show the intensity-curvature functional based k-space filtered 

images (the image space filters were filtered in k-space by the ICF). The images in (f), (j), (n) 

and (r) show the k-space of (e), (i), (m) and (q), respectively. The image in (u) was obtained 

applying threshold segmentation to the MRI in (a). The subject’s ID is K. 

SWI is keen to visualize vessels, detect micro-vascularity, image micro-bleedings 

and identify susceptibility changes in tumor tissues in the human brain [18], and also 

to create novel MRI imaging protocols useful to study the tissue properties in the 

human brain [19].  
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Fig. 6. Human brain vessels imaged with MRI are presented in (a). (b) k-space of (a). The 

images in (c) and (o) are the HPF and PSOHPF, respectively. The images in (g) and (k) are the 

GRADX and GRADY, respectively. The images in (d), (h), (l), and (p) show the k-space of 

HPF, GRADX, GRADY, and PSOHPF, respectively. The ICF of the MRI image presented in 

(a) is in (s). The ICF is used as k-space filter and its k-space is presented in (t). (e), (i), (m) and 

(q) show the intensity-curvature functional (ICF) based k-space filtered images. (f), (j), (n) and 

(r) show the k-space of (e), (i), (m) and (q), respectively. The image in (u) is the threshold 

segmented MRI presented in (a). The subject’s ID is L. 
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Fig. 7. The MRI of human brain vessels is presented in (a). (b) k-space of (a). The image space 

filters HPF and PSOHPF are presented in (c) and (o), respectively. The image space filters 

GRADX and GRADY are displayed in (g) and (k), respectively. The k-space of HPF, GRADX, 

GRADY, and PSOHPF is presented in (d), (h), (l), and (p), respectively. The intensity-

curvature functional (ICF) of the MRI image (a) is displayed in (s). The ICF is used as k-space 

filter and its k-space is presented in (t). (e), (i), (m) and (q) show the intensity-curvature 

functional (ICF) based k-space filtered images, obtained filtering the images in (c), (g), (k) and 

(o). (f), (j), (n) and (r) show the k-space of (e), (i), (m) and (q), respectively. The MRI in (a) 

was segmented applying the threshold so to obtain the image in (u). The subject’s ID is L. 

QSM was able in recent times to build a 4D susceptibility atlas [20]. Moreover, 

functional MRI, at ultra-high magnetic fields, has been shown to provide improved 

sensitivity to: (i) deoxygenated hemoglobin, through which is possible to record the 

blood  
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Fig. 8. The MRI image with human brain vessels in presented in (a). (b) k-space of (a). (c), (g), 

(k), (o) show the image space filters (HPF (c), GRADX (g), GRADY (k), PSOHPF (o)). The k-

space of HPF, GRADX, GRADY, and PSOHPF, is presented in (d), (h), (l), and (p) 

respectively. The ICF of the MRI is presented in (s). The ICF is used as k-space filter and its k-

space is presented in (t). The intensity-curvature functional (ICF) based k-space filtered images 

are displayed in (e), (i), (m) and (q), respectively. The images in (f), (j), (n) and (r) show the k-

space of (e), (i), (m) and (q), respectively. The vessel imaged through the MRI in (a) was 

segmented applying a threshold and is shown in (u). The subject ID is P. 

oxygenation level-dependent (BOLD) effect, and also (ii) cerebral blood volume 

(CBV) [21]. To describe the difference between the aforementioned approaches and 

the methodology adopted by this research, it is necessary to prompt the attention to 

the following facts. 1. This research does not make use of minimum intensity 

projections, neither maximum intensity projections across 2D slices [17]. 2. The root 

notion of this paper is the intensity-curvature concept, which unifies the image 

intensity with the sum of second order partial derivatives of the model function fitted 

to the MRI data. 3. The main signal processing technique used here, along with the 

intensity-curvature concept, is the inverse Fourier transformation of k-space 

differences, which in recent time has been used to highlight human brain vasculature 

[14]. 4. The MRI protocol processed so to demarcate the boundary of the vessels of 

the human brain vessels (see Fig. 3a, and Fig. 4a through Fig. 9a) is the localizer 

which is the simplest MR imaging protocol. This last point adds value to the signal 

processing techniques here presented, which find verification on a MRI protocol that 

is very simple to acquire.  

(u) 



(a) (b)   

(c)  (d)   

Fig. 9. MRI image in (a) with emphasis on the vessels (see arrows). The intensity-curvature 

term after interpolation (ICTAI) of the image in (a), is shown in (b). The result of k-space 

filtering the MRI in (a) with the ICTAI [14] is presented in (c) (see the demarcation of the 

boundary of the vessels). (d) The picture shows the k-space filtered image obtained k-space 

filtering the MRI in (a) using the ICF as k-space filter. Note that the boundary of human brain 

vessels is more demarcated in (c) than it is in (d). The subject’s ID is A. 

(a) (b) (c)   

Fig. 10. T2 MRI in (a). K-space filtered images obtained k-space filtering the MRI are 

presented in (b) and (c). The model functions fitted to the MRI are: the bivariate cubic 

Lagrange (b), the bivariate cubic B-Spline (c). The arrows point to the vessel structure. The 

subject ID is Z. 

Concurrently, k-space high pass filtering has been reported to be effective in 

human brain segmentation [22]. Along these lines of thought, the rationale of this 

paper is to explore the characteristics of the intensity-curvature functional when used 

as k-space filter. The contribution of this research is three folded. 1. The results 

present the comparison between the filtering characteristics of four image space filters 

(HPF, GRADX, GRADY, PSOHPF) and the high pass filtering properties of the ICF. 

2. Moreover, the paper compares the k-space of the four image space filters after the 

ICF is used as k-space filter on them. 3. Consequently, the major contribution of this 

research is to compare four k-space filtering techniques (see Fig. 1 and Figs. 4 

through 9). The expectation from k-space filtering the image space filters is at least to 

achieve consistent demarcation of the boundaries of the vessels and this was 

confirmed by the results. Also, the results extend on the capability of the ICF to be a 

filter of the frequency domain and this is the major implication of this research. This 

paper extends on the similar findings obtained through the k-space filtering technique 

reported recently in [23] (technique called ONE) where the MR images were fitted 

with the bivariate linear and the bivariate cubic Lagrange model functions. This 

research uses the bivariate model function too. Although in this research, the k-space 

filtering techniques were successful in demarcating the boundary of the vessels, the 

number of subjects that were analyzed is eight. Certainly, additional data analysis 

would be useful to magnify the weight of the results. To introduce future research, 



 

Fig. 10 present results that address the aptitude to demarcate the boundary of the 

vessels in MR images using the ICF as k-space filter when the following model 

functions are fitted to the data: bivariate cubic Lagrange polynomial (see Fig. 10 in 

(b)) and bivariate cubic B-Spline polynomial (see Fig. 10 in (c)). In conclusion, 

though, adding up to the results presented recently in [23], the ICF can demarcate the 

boundary of the vessels when used as k-space filter and when the model function 

fitted to the MRI is the bivariate linear model. 
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