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Abstract—We propose two near real-time nonlinear anisotropic
diffusion filtering (NADF) methods for the 2D and 3D X-ray
computed tomography (CT) and magnetic resonance (MR) image
denoising. Typically, NADFs are preferred for the medical image
denoising due to its edge preserving feature though they are
computationally expensive. Recently, a computation-time efficient
2D NADF has been proposed which uses local pixel intensity-
based geometric parameters for diffusion. But it has limitations
resulting from (i) its assumption that the neighboring pixels are
non-noisy while deciding on an interrogated pixel being noisy
or not, and (ii) its confinement of working only on a 2D image.
Motivated from this, we propose an improved 2D NADF method
that uses additional neighboring pixels in an effective way to
lower the noise impact on the estimated geometric parameters.
We also extend our 2D method into 3D that considers all the
three directions for information diffusion. The performance of
the proposed methods is evaluated using a 3D synthetic phantom,
and in vivo CT and MR data which demonstrates an average
signal-to-noise-ratio-gain improvement of approximately 58% in
2D and 96% in 3D phantom data, and approximately 79% in 2D
and 127% in 3D in vivo data, compared to the state-of-the-art
method.

Index Terms—Diffusion filter, computed tomography, magnetic
resonance imaging.

I. INTRODUCTION

Typically medical images are of low contrast and often
characterized with a complex type of noise. This noise can be
introduced from acquisition systems, transmission storage, and
display devices [1]. Noise in the X-ray computed tomography
(CT) images is typically characterized by the Poisson distribu-
tion [2]. However, the Gaussian distribution can be used for the
CT noise modeling as an accurate continuous approximation
for the Poisson distribution [3], [4]. On the other hand, noise in
a magnetic resonance (MR) image is fundamentally different
than that of a CT image, and is characterized by the Rician
distribution [1], [5]. But here also, for an MR image with
high signal-to-noise ratio (SNR), the Rician noise pdf can be
approximated by a Gaussian pdf [6], [7], [8]. Image denoising
is very crucial in digital CT imaging as it may lead to reduced
X-ray dose to patients without noticeable degradation of the
image quality. Besides, MR imaging plays an important role in
modern medical diagnosis and therapy because of their non-
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invasiveness, high-resolution and isotropic voxels, but often
challenged by the noise that degrades the quality of an image.

To denoise both the CT and MR images, a number of
methods have been developed, e.g., the Wiener filtering [9],
Gaussian filtering [10], nonlinear anisotropic diffusion filter-
ing (NADF) [11], total variation minimization [12], wavelet
thresholding [13], and bilateral filter [14]. NADF is one of the
most widely used denoising techniques in medical imaging,
specially in the CT and MR imaging; due to its capability of
preserving image features (e.g., anatomical edges) compared to
other methods during a noise removing process [15]. However,
NADF scheme needs large amount of computation for the
calculation of diffusion coefficients and gradients at every
pixel [16]. Recently, a geometric parameter-based 2D NADF
model has been proposed to use in the X-ray image denoising
[17]. It uses geometric parameters derived from the local pixel
intensity distribution in calculating the diffusion coefficients
in the horizontal and vertical directions rather than employing
four directional gradients around the pixel of interest as tradi-
tionally used in NADF models [7], [11]. This filter [17] has
shown better performance than those in [7], [11] in terms of
edge preservation and noise reduction while the computation
time has been greatly reduced. However, it also has some built-
in limitations. Firstly, it assumes the neighboring pixels non-
noisy while deciding on an interrogated pixel either it is noisy
or not. This assumption is not always true since the whole
image usually becomes corrupted by noise. And secondly,
it is designed to work on a single 2D X-ray or CT or MR
image slice. But since the CT and MR images are acquired in
3D volumes, and detailed spatial information of the images is
stressed in all three directions, it is important to consider all
three directions for information diffusion.

In this paper, we mitigate the limitations of the previously
reported geometric parameter-based NADF method in [17] by
proposing two effective methods for 2D and 3D near real-time
geometric NADF for the CT and MR image denoising. Our
improved 2D method considers additional neighboring pixels
to reduce the noise impact on the geometric parameters which
in turn allows the method not to rely on the assumption that the
neighboring pixels are non-noisy as assumed in [17]. Finally,
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we extend our improved 2D method into 3D that considers the
whole 3D image volume at a time to estimate the geometric
parameters rather than the 2D slice-by-slice approach adopted
by Gonzalez et al. [17]. The proposed 3D method takes the
challenge of denoising a 3D image volume in near real-time
which exploits the spatial information from all three directions.
The performance of the proposed methods is evaluated using
the 3D synthetic phantom, and in vivo CT and MR data.

This paper is organized as follows. Section II presents an
overview of the geometric NADF method [17], and subse-
quently the proposed methods in detail. Section III presents
the simulation and experimental results to demonstrate the
strength of the proposed algorithms. Concluding remarks are
presented in Section IV.

II. METHODS
A. Overview of the Traditional 2D Geometric NADF (T2DF)

Typically, in detecting an edge along a line of intensity
pixels on a 2D image grid, we may face two types of pixels:
the noise pixel and edge pixel (see Fig. 1). A noise pixel
is one which has much higher or lower intensity than the
adjacent pixels having similar intensities. The edge pixel is
one which is either on an inclining or declining slope. Using
these topologies, Gonzdlez et al. [17] defined the following
parameters:

A A
2 2
£ £
E g
a a
Pixels (West to East) . Pixels (West to East) i’
(a) Noise Pixel Model (b) Edge Pixel Model
Fig. 1. Representation of a typical (a) noise pixel and (b) edge pixel.
1
Ax = 5(1E+IW), (D
Vg -V -y if |[VE—Vw [>9
0 otherwise,
I = Is*%DX if I, > Ax 3)
5T Is + §DX if Is < AXa
Px =1I., - Ax, )

where I and Iy represent the image intensity values at the
East (E) and West (W) neighboring pixels, Ax represents the

average of the neighboring pixels in the xz—direction (E-W),
Vp=1Ip—1I;, (P=FE and W), and I; is the intensity value
of the interrogated pixel. An auxiliary parameter § € [0, o]
is defined to prevent small noise regions to be identified
as edges, where o is the standard deviation of the image
noise. In [17], median absolute deviation is used for automatic
computation of 4. For the y—direction (North (N)-South (S)),
similar parameters Dy, Ay, I "w, and Py are estimated. Then
the diffusivity function along the E-W and N-S directions,
respectively, are defined as [17]

o(Dx, Px) = m
oDy, Py) = ey

®)

Finally, the geometric NADF is defined as [17]
Iirat It + At x [¢(Dx, Px) - (Ve + Vi)

+ ¢(Dy,Py)- (VN +Vs)l, (6)

where At is the time step in each iteration.

B. Improved 2D Geometric NADF

To mitigate the first limitation of the T2DF method, we
consider the rest of the neighboring pixels Ing, Inw, IsE
and Igy along with Iy, Iy, In and Ig pixels to estimate the
parameters Dx, I ;m and Px in Eqns. (2)-(4) so that the impact
of the corrupted neighboring pixels become lesser than that of
the traditional way. However, an universal limitation of using
information from a greater number of directions is that the
step size At cannot be greater than 1/2d in order to fulfill the
stability requirement of a discretized diffusion filtering process
[16], [17], where d is the number of directions along which the
gradients/intensity parameters are calculated. Using two addi-
tional directional (i.e., North east (NE)-South west (SW) and
North west (NW)-South east (SE)) information on a 2D image
grid causes A\t become much smaller which results in smaller
amount of information flow in each iteration. Consequently,
the computation time is expected to be increased considerably
compared to the T2DF method to perform the similar noise
reduction as that by the T2DF method.

Considering all the limiting factors above, we devise a
simple but very effective way of using four directions (i.e.,
E-W, N-S, NS-SW and NW-SE) for information flow while
At still holds the value for only two directions (i.e., E-W and
N-S). We estimate Vg, Vyy, Vi and Vg differently than that
in the T2DF method by using the mean intensities of one-sided
neighboring pixels as

Vp = Dbt
Vw = Inwt+Iw+Isw — I,

’ )

_ Inp+IN+T
Vy = vetintivw _ 7

3
I Is+1
Vg = se+ §+ swo_ T

We use these modified Vg, Vyy, Vy and Vg values into
Eqns. (1)-(6) to improve the T2DF method which we call the
improved 2D geometric NADF (IM2DF) method.
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Fig. 2.

T2DF
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Tlustration of the diffusion filtering performances using the synthetic data. (a) A slice from the true phantom image volume. (b) A slice from the

corrupted phantom image volume with the additive white Gaussian noise of standard deviation 0.0036 (SNR = 5dB), and the same slice is filtered by (c) the
T2DF, (d) IM2DF, and (e) 3DF methods. In all the cases, the number of iterations = 3.

C. 3D Geometric NADF

Finally, to mitigate the second limitation of the T2DF
method, we propose a 3D geometric NADF (3DF) by ex-
tending our IM2DF method into 3D. Typically, a 3D NADF
scheme needs large amount of computation for the calculation
of diffusion coefficients and gradients for every voxel in all
three directions. In our proposed 3DF method, we exploit the
same concept of estimating the diffusivity functions as in the
IM2DF method which saves a large amount of computation
time. In addition, the proposed 3DF method considers the
whole 3D image volume to estimate 6 € [0,o] rather than
each individual 2D slice as in [17]. We estimate parameters
Az, Dz, IS ,» and Pz for the elevation direction (i.e., the
direction perpendicular to the E-W-N-S plane) using Eqns. (1)-
(4) and (7). Then the diffusivity function along the elevation
direction is defined as

1
1+ (Dz/Pz)*
Finally, the discrete implementation of the 3DF is defined as
I + At x [e(Dx, Px) - (Ve + Vw)
+ C(Dy,Py) . (VN + Vs)
+ oDz, Pz)- (Vo +Va)], 9)

where T' and B denotes the top and bottom neighbors of the
I voxel along the elevation direction, respectively.

c(Dz,Pz) = ®)

t+At
IS

III. RESULTS

We provide comparative results of our proposed IM2DF
and 3DF methods with the T2DF method [17] using the
synthetic Shepp-Logan head phantom, and in vivo CT and
MR data. We also compare the performance of different
methods in terms of numerical metrics: signal-to-noise-ratio-
gain (SNRG) [17] and mean structural similarity (MSSIM)
[18]. We use four different SNR values (1, 5, 10 and 15dB)
while adding the Gaussian noise to the data to analyze the
SNRG and MSSIM performance. For consistency analysis, we
use 100 realizations of each of the data sets at each SNR.
The SNRG is evaluated for a uniform-intensity ROI on a
single image slice as SNRG = ?NV%, where SNR; and
SNR, are the SNR values in the filtered and true images,
respectively. On the other hand, typically it is assumed that

the human visual perception is highly adapted for extracting
structural information from a scene. The MSSIM is shown
to be an excellent predictor of the image perceptual quality. It
considers contrast, luminance and structural similarity between
the filtered and true images to compute the value of the
index. So, as closer the MSSIM index to the unity is, more
visually closer the filtered and true images are. Due to space
limitation, we do not provide the detail description of the
MSSIM estimation process in this paper. Note that we refer
the original machine acquired in vivo images as true images
in this paper. Also note that we use At = 0.25 and 0.16 for
the 2D and 3D filtering approaches, respectively, and to filter
the 3D image volumes with the 2D methods (i.e., T2DF and
IM2DF), we perform filtering slice-by-slice individually.

A. Synthetic Data Results

To show the efficacy of our proposed methods, we use a
3D Shepp-Logan head phantom image of 512x512x 16 voxels
[19]. We show a true image of a single slice of the 3D Shepp-
Logan phantom in Fig. 2(a). We also show the noisier (SNR
= 5dB) version of the same slice in Fig. 2(b). The 2D image
slices (of 3D volumes) filtered by the T2DF, IM2DF and 3DF
methods are shown in Figs. 2(c), (d) and (e), respectively. We
see that the proposed IM2DF method better removes the grainy
noise from the image than the T2DF method. In addition,
the 3DF method performs the best among all the methods
by producing more smooth image while preserving the image
features (e.g., edges) at the same time. Our claim can be better
realized from Fig. 3 where we show the magnified versions of
the rectangular regions in Figs. 2(c)-(e).

T2DF IM2DF

3DF

o~—"

Fig. 3.

~—"

o~—"

Magnified illustration of the rectangular regions in Figs. 2(c)-(e) for
the (a) T2DF, (b) IM2DF, and (c¢) 3DF methods.
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TABLE I
ESTIMATED SNRG AT DIFFERENT SNR VALUES FOR THE T2DF, IM2DF
AND 3DF METHODS USING THE SHEPP-LOGAN HEAD PHANTOM

SNR = 1dB 5dB 10dB 15dB

T2DF 3.13+148  3.12+£1.33  3.09+1.39 3.15£1.19

IM2DF  4.98+1.13  4.85£1.19 4.89£1.07 4.91£0.89

3DF 6.23+0.45 6.13£0.39  6.02+0.51  6.18+0.41
TABLE II

ESTIMATED MSSIM AT DIFFERENT SNR VALUES FOR THE T2DF, IM2DF
AND 3DF METHODS USING THE SHEPP-LOGAN HEAD PHANTOM

SNR = 1dB 5dB 10dB 15dB

T2DF 0.68+0.25 0.83+0.19  0.93+0.13  0.9740.09
IM2DF  0.83£0.16 0.92£0.12  0.97£0.08  0.98+0.05
3DF 0.90+0.15 0.964+0.08 0.98+0.04  0.9940.01

We also demonstrate the quantitative performance compar-
isons of the T2DF, IM2DF and 3DF methods in terms of the
SNRG and MSSIM in Tables I and II, respectively. In Table I,
we see that the mean SNRG values produced by the IM2DF
method are greater than those of the T2DF method at all the
SNR values. In addition, the 3DF method outperforms all other
methods by producing the highest mean SNRG values at all
the SNRs. Similarly, we see in Table II that the mean MSSIM
values produced by the IM2DF method are greater than those
of the T2DF method, and the 3DF method outperforms all
other methods by producing the highest mean MSSIM values
at all the SNR values. In addition, the estimated standard
deviation values for both the SNRG and MSSIM metrics are
lower, higher and the highest for the 3DF, IM2DF and T2DF
methods, respectively, at all four SNR values.

B. In Vivo Data Results

1) Filtering of the CT Images: To illustrate the efficacy
of our proposed methods with respect to the T2DF method,
we use two sets of 3D CT image volumes (see Figs. 4 and
5) which are available in [20] to use in the research related
purposes. In Figs. 4(a) and 5(a), we show the transverse view

TABLE III
ESTIMATED SNRG AT DIFFERENT SNR VALUES FOR THE T2DF, IM2DF
AND 3DF METHODS USING THE CT IMAGE VOLUME SETS-I AND II

Set  SNR = 1dB 5dB 10dB 15dB
T2DF 271£1.23  281£1.29 281£1.34 2.77£1.19

I IM2DF  5.08+1.03  5.01£1.07 5.17+£0.96  5.00%1.13
3DF 6.42+0.38 6.39+£041 6.38+0.55 6.36+0.47
T2DF 273£1.38  2.53£1.13  2.72£1.28 2.92+1.18

1I IM2DF  4.94+0.90 4.58+£1.01 5.04+£1.03  5.26%0.99
3DF 6.41+0.47 6.09£0.44  6.35+0.52 6.3140.51

TABLE IV

ESTIMATED MSSIM AT DIFFERENT SNR VALUES FOR THE T2DF, IM2DF
AND 3DF METHODS USING THE CT IMAGE VOLUME SETS-1 AND II

Set  SNR = 1dB 5dB 10dB 15dB
T2DF 0.33£0.21  0.47£0.18  0.58£0.15  0.66£0.12

I IM2DF  0.40+0.15 0.51£0.12  0.61£0.10  0.73£0.08
3DF 0.4740.09 0.55+0.07 0.64+0.07  0.784+0.05
T2DF 0.67+0.38  0.70£0.33  0.81+£0.29  0.90%0.19

I IM2DF  0.76£0.30  0.80£0.27 0.87£0.21 0.93£0.13
3DF 0.80+0.23  0.88+0.18  0.93+0.12  0.97+0.07

TABLE V
ESTIMATED SNRG AT DIFFERENT SNR VALUES FOR THE T2DF, IM2DF
AND 3DF METHODS USING THE MR IMAGE VOLUME SETS-I AND II

Set SNR = 1dB 5dB 10dB 15dB
T2DF 2.74+121  2.88£1.31 3.09+1.31 3.20%£1.22

I IM2DF  4.97+£1.07 4.78£1.11 5.46£0.98 5.32+£1.15
3DF 6.24+0.40 6.30£0.39  6.40+0.53  6.25+0.53
T2DF 2.50+1.42  2.70£1.16  2.524+1.26 2.52+1.21

I IM2DF  4.69£0.95 4.93£1.11 4.71£1.13  4.04£0.96
3DF 593+£043  6.03£041 598+0.48 5.29+0.53

TABLE VI

ESTIMATED MSSIM AT DIFFERENT SNR VALUES FOR THE T2DF, IM2DF
AND 3DF METHODS USING THE MR IMAGE VOLUME SETS-I AND II

Set  SNR = 1dB 5dB 10dB 15dB
T2DF 0.28+£0.19  0.44+0.16  0.49+£0.19  0.59%0.15

I IM2DF  0.33£0.14  0.45+£0.15  0.55£0.13  0.68+0.11
3DF 0.38+0.07  0.494+0.06  0.624+0.08  0.7540.08
T2DF 0.62+0.43  0.71£0.37  0.82+0.32  0.90+0.21

II IM2DF  0.69+0.33  0.75£0.29  0.86+0.25 0.94+0.18
3DF 0.72+0.21  0.83+0.15 0.93+0.13  0.974+0.09

slices from two sets of true CT image volumes acquired
around the human pelvic and chest regions, respectively. These
volumes are then corrupted with the additive white Gaussian
noise of standard deviation 0.0036, of which two slices are
shown in Figs. 4(b) and 5(b). These corrupted image volumes
are then filtered by the T2DF, IM2DF and 3DF methods;
corresponding single slices are shown in Figs. 4(c) and 5(c),
4(d) and 5(d), and 4(e) and 5(e), respectively. Similar to the
phantom results, we see from these figures that the proposed
IM2DF method better removes the grainy noise from the
images than the T2DF method (see Figs. 4(c), (d) and 5(c),
(d)). In addition, the 3DF method performs the best among
all the methods by producing more smooth images while
preserving the image features (see Figs. 4(e) and 5(e)).

Similar to the phantom results, we also demonstrate the
quantitative performance comparisons of the T2DF, IM2DF
and 3DF methods in terms of the SNRG and MSSIM in Tables
[T and IV, respectively, using the CT image sets-I and II. In
Table III, we see that the mean SNRG values produced by
the IM2DF are greater than those of the T2DF method at
all the four noise powers for both the data sets. In addition,
the 3DF method outperforms all other methods by producing
the highest mean SNRG values at all the cases. Similarly, we
see in Table IV that the mean MSSIM values produced by
the IM2DF are greater than those of the T2DF method, and
the 3DF method outperforms all other methods by producing
the highest mean MSSIM values at all the four noise powers
for both the data sets. In addition, the estimated standard
deviation values for both the SNRG and MSSIM metrics are
lower, higher and the highest for the 3DF, IM2DF and T2DF
methods, respectively, at all the cases.

2) Filtering of the MR Images: In addition to the filtering
performance evaluation using the CT image volumes, we also
demonstrate the efficacy of our proposed methods with respect
to the T2DF method using two sets of 3D MR image volumes
available in [20] (see Figs. 6 and 7). In Figs. 6(a) and 7(a),
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T2DF IM2DF 3DF

True Image Noisy Image

Fig. 4. Tllustration of the diffusion filtering performances using the in vivo CT image set-1. (a) A slice (transverse view) from the true CT image volume
captured around the human pelvic region. (b) A slice from the corrupted image volume with the additive white Gaussian noise of standard deviation 0.0036
(SNR = 5dB), and the same slice is filtered by (c) the T2DF, (d) IM2DF, and (e) 3DF methods. In all the cases, the number of iterations = 3.

True Image Noisy Image

Fig. 5. [Illustration of the diffusion filtering performances using the in vivo CT image set-Il. (a) A slice (transverse view) from the true CT image volume
captured around the human chest (cardiac) region. (b) A slice from the corrupted image volume with the additive white Gaussian noise of standard deviation
0.0036 (SNR = 5dB), and the same slice is filtered by (c) the T2DF, (d) IM2DF, and (e) 3DF methods. In all the cases, the number of iterations = 3.

True Image Noisy Image T2DF IM2DF 3DF

Fig. 6. Illustration of the diffusion filtering performances using the in vivo MR image (T1-weighted) set-1. (a) A slice (coronal view) from the true MR
image volume captured around the human head-neck region. (b) A slice from the corrupted image volume with the additive white Gaussian noise of standard
deviation 0.0036 (SNR = 5dB), and the same slice is filtered by (c) the T2DF, (d) IM2DF, and (e) 3DF methods. In all the cases, the iterations number = 3.

True Image Noisy Image

T2DF IM2DF 3DF

Fig. 7. Illustration of the diffusion filtering performances using the in vivo MR image (T2-weighted) set-II. (a) A slice (sagittal view) from the true MR image
volume captured around the human lumber-spine region. (b) A slice from the corrupted image volume with the additive white Gaussian noise of standard
deviation 0.0036 (SNR = 5dB), and the same slice is filtered by (c) the T2DF, (d) IM2DF, and (e) 3DF methods. In all the cases, the iterations number = 3.

we show the coronal and sagittal view slices from a T1- and T2-weighted true MR image volumes acquired around
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the human head-neck and lumber-spine regions, respectively.
These volumes are then corrupted with the additive white
Gaussian noise of standard deviation 0.0036, of which two
slices are shown in Figs. 6(b) and 7(b). These corrupted
image volumes are then filtered by the T2DF, IM2DF and
3DF methods; corresponding single slices are shown in Figs.
6(c) and 7(c), 6(d) and 7(d), and 6(e) and 7(e), respectively.
Similar to the CT image results, we see from these figures that
the proposed IM2DF method better cleans the images than the
T2DF method (see Figs. 6(c), (d) and 7(c), (d)). In addition,
the 3DF method outperforms rest of the methods by producing
more smooth images while preserving the image features at
the same time (see Figs. 6(e) and 7(e)).

We also demonstrate the quantitative performance compar-
isons of the T2DF, IM2DF and 3DF methods in terms of the
SNRG and MSSIM in Tables V and VI, respectively, using
the MR image sets-I and II. Similar to the CT image results,
we see that the mean SNRG values produced by the IM2DF
are greater than those of the T2DF method at all the four
noise powers for both the data sets (see Table V). In addition,
the 3DF method outperforms all other methods by producing
the highest mean SNRG values at all the four noise powers
for both the data sets. Similarly, we see in Table VI that the
mean MSSIM values produced by the IM2DF are greater than
those of the T2DF method, and the 3DF method outperforms
all other methods by producing the highest mean MSSIM
values at all the cases. In addition, the estimated standard
deviation values for both the SNRG and MSSIM metrics are
lower, higher and the highest for the 3DF, IM2DF and T2DF
methods, respectively, at all four SNR values for both the data
sets as evident in Tables V and VI.

C. Computation Time

We estimated the computation time on a personal computer
with a CPU: Intel(R) Core(TM) i5 @ 2.40GHz, Memory:
4GB. The filters have been implemented using the MATLAB
(The Mathworks, Inc., Natic, MA.) and the computation
time is evaluated excluding the data readout time from the
disk to the PC memory. Considering a single iteration, the
computation times by the Perona-Malik NADF [11], Weikert
NADF [16], T2DF, IM2DF and 3DF methods for generating
a filtered image (of size 512x512x1 voxels) are 0.95, 1.25,
0.51, 0.61, and 0.65s, respectively.

IV. CONCLUSIONS

In this paper, we proposed two effective methods for 2D
and 3D near real-time geometric nonlinear diffusion filtering
for the CT and MR image denoising. Our improved 2D
method considered additional neighboring pixels to reduce
the noise impact on the geometric parameters which in turn
allowed the method not to rely on the non-noisy neighboring
pixels assumption as assumed in [17]. We also extended our
improved 2D method into 3D that considered the whole 3D
image volume at a time to estimate the geometric parameters
so that it can exploit the spatial information from all three
directions. The performance of the proposed methods was

evaluated using the 3D synthetic phantom, and in vivo CT and
MR data. Our test on the phantom data reported an average
improvement of approximately 58% and 96% in terms of
the SNRG, and 9% and 13% in terms of the MSSIM by
the IM2DF and 3DF methods, respectively, compared to the
state-of-the-art method. In addition, our test on the in vivo
CT and MR data demonstrated an average improvement of
approximately 79% and 127% in terms of the SNRG, 10%
and 18% in terms of the MSSIM by the IM2DF and 3DF
methods, respectively, compared to the state-of-the-art method.
Although there is a little increment of the computation times
for the IM2DF and 3DF methods compared to the T2DF
method, these single iteration run-times are still below 1s
and thus, we believe that the graphics processing unit-based
implementation of these methods shall accelerate the execution
time of these methods to real-time.
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