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Abstract: In this study, a post-processing filter to enhance diffusion sensitivity, resulting in larger intensity changes in regions
with the abrupt transition of local diffusivity in raw diffusion weighted image (DWI) volumes. Weights computed using a non-
linear three-dimensional neighbourhood operation are assigned to each voxel within the neighbourhood, with the weighted
average representative of the enhanced DWI. The processed images exhibit better distinction among regions with differing
levels of physical diffusion. While the resulting improvements in diffusion sensitivity are highlighted with the help of colour maps,
parametric maps, and tractography, implications of the filtering process to recover missing information is illustrated in terms of
ability to restore portions of fibre tracts which are otherwise absent in the unprocessed diffusion tensor imaging. Quantitative
evaluation of the filtering process is performed using a metric representative of the estimated b-value, which is the consolidation

machine parameters used for DWI acquisition.

1 Introduction

Diffusion tensor imaging (DTI) is a magnetic resonance imaging
technique for three-dimensional (3D) characterisation of spin
diffusion leading to an analysis of white matter fibre orientation
[1-8]. DTI is formulated based on the fact that directions of
dominant spin diffusion are aligned along the orientation of fibre
tracts [9—17]. Diffusion tensor (D) quantifies the diffusion at each
voxel that is computed from a set of diffusion weighted image
(DWI) volumes [18-20]. Parametric maps derived from D are then
used for quantification and visualisation of fibre bundle
orientations. In this paper, we address two main issues related to
post-processing: (i) increase the reliability of missing tract
estimation and (ii) localised filtering to enhance diffusivity
changes.

It is well known that the reliability of fibre tract estimation
depends on the sequence parameters used for acquisition. It also
depends on the methods used for tract reconstruction and post-
processing techniques employed to improve the accuracy of
diffusion tensor calculation. In particular, the failure to visualise
crossing, branching, and kissing fibres in addition to the depiction
of the fibre termination point can result in suboptimal tractography.
Further to add to the complexities in each processing step, different
post-processing softwares for fibre tracking have known to yield
reconstructions that are quite different. A popularly accepted form
of clinical validation method consists of analysing the resulting
fractional anisotropy (FA) maps acquired either as grey scale or
colour images for interpretation of results by both quantitative and
qualitative image analysis. More often, the FA maps fail to provide
true depictions of fibres at locations of low signal amplitudes
including those with crossings and acute angulations. This results
in either the radiologist avoiding commenting or giving a wrong
interpretation. Hence, it is essential to develop post-processing
tools that can help visualise fibres that are not seen due to a poor
signal to noise ratio, anisotropy, or angulation.

In connection with the second problem to be addressed, it is
noteworthy that considering a three-factor dependence of the
quality and usability of DTI derived visualisations. The first factor
signifies a form of diffusion sensitivity that resolves differences
between fast and slow diffusions at neighbouring voxels. This is
typically a function of machine parameters involved in DWI
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acquisition and referred to as the b-value. The second factor
consists of the number of DWI volumes acquired along different
non-colinear gradient diffusion weighing directions (DWDs) [21—
24]. Increase in number of DWD (nDWD) leads to improved
accuracy of tensor computation [25, 26]. Finally, better image
acquisition with reduced noise levels also contributes to the
improved accuracy of tensor computation [27-33]. A key concern
in support of the current processing requirements to address the
second problem arises from the physical limitations in increasing
the b-value [34, 35] and acquisition time with an increase in
nDWD. Although methods exist for mitigation of noise effects
[36-39], none of these has addressed the problem of improving
image quality in terms of resolving fast and slow diffusions. The
most widely used DTI post-processing techniques include various
forms of anisotropic diffusion filters (ADF) [40—43], non-local
means (NLM) filtering [44—49], wavelet-based noise reduction
[50-52], and Weiner filtering [51, 53].

Since diffusion weighing is expressed in terms of an amount of
signal attenuation, fast diffusion corresponds to low intensity
regions. In the proposed method, the filtered intensities are such
that lower intensities are further reduced, and higher intensities are
further enhanced using a localised non-linear spatial filtering
model. This is equivalent to computationally improve the diffusion
sensitivity. The filtering step consists of choosing a fixed 3D
neighbourhood region around each voxel. Weights are then
assigned to each neighbourhood voxel based on the respective
voxel intensity differences and the weighted average is replaced as
the diffusion sensitivity enhanced voxel value. The sensitivity
enhancement is mainly determined by the neighbourhood size. The
filtering is presented in two forms: global and spatially adaptive
approaches. In the former, the neighbourhood size is fixed for all
voxels and chosen using a search procedure. The search consists of
computing a measure signifying the degree of sensitisation for an
increasing order of neighbourhood sizes. A size corresponding to
the maximum degree of sensitisation is then chosen. In the adaptive
approach, a search is performed for each voxel in an increasing
order of neighbourhood sizes, where the neighbourhood size with
maximum diffusion sensitivity enhancement (which is the
difference between original and enhanced intensities) is chosen for
the filtering operation. The procedure is then repeated for every
other voxel. A summary of the procedure is shown in Fig. 1.
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As the proposed method is using diffusion weighted signals
selected from a neighbourhood, it helps in a form of normalised
enhancement throughout the image. This leads to better diffusion
distinction to be achieved in both regions with high and low
diffusion rates. Especially in regions with low diffusion rate, the
neighbourhood will be representing voxels of similar diffusion rate
and local operation contributes to maximising the numerical
difference between them. As a result, local diffusion pattern
dissimilarity will be increased, leading to better local anisotropy
profile. This is the key factor in revealing an anisotropic profile
with more stable diffusion directionality in respective tensors. This
increase in diffusion directionality in regions suffering due to
suboptimal tractography helps to increase the magnitude of
measured anisotropy (better FA values). Increase in FA value thus
shifts more suboptimal tractography regions to optimal
tractography regions. This impact on tractography performance
with the use of the proposed filter is shown by the restoration or
visualisation of more white matter anatomy (tracts) in regions
having low FA values before filtering.

2 Theory
2.1 Diffusion TI

Physical diffusion in brain tissues is measured using a Stejskal—
Tanner imaging sequence [54] together with a gradient constituting
a pair of dephase—rephase pulses. The amount of diffusion in each
voxel is measured in terms of the signal attenuation with reference
to a non-diffusion weighted baseline signal [55-60]. The signal
equation of DWI is expressed as the equation below:
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S, is the magnetic resonance signal with no diffusion sensitisation,
y is the gyro magnetic, G denotes the magnitude of the applied
gradients (G = [g,, &» &), & is the pulse width of the individual
gradient, A is the time interval between the centres of dephase and
rephase pulses, and D is the diffusion coefficient. Higher b-value
helps to achieve better diffusion sensitivity (Fig. 2).

DWI is capable of providing the net amount of physical
diffusion for a given voxel location. In DTI, the diffusion
coefficient is regarded as a tensor with values along all radial
directions. When the diffusivity is considered to be vectors, the
surface encompassing the tip of each vector is treated as an
ellipsoid with principal axes orientated along directions represented
by orthonormal unit vectors v, v,, and v;. Denoting the lengths of
each axis as 4, 4,, and 4, the diffusion tensor D is given by the
equation below:

A 0 0
D=V|0 2 OfT )
0 0 4

where V = [v), vy, 1;]. From (2), D is now represented as a
symmetric 3 X 3 matrix with elements consisting of the diffusion
coefficients along xx, yy, zz, xy, vz, and xz directions. As there are
six unknown diffusion coefficients, a minimum of six DWI
volumes is used to compute D. The quality of DTI derived
visualisations can be improved either by increasing the diffusion
sensitivity or accurately estimating the diffusion tensor coefficients
at each location. The maximisation of b-value is achieved by
maximising the parameters such as y, G, and A. The limitations in
the maximisation of these three parameters [34, 35] are (i)
increasing A reduces tissue contrast, (ii) & is limited by A, and (iii)
increasing G is limited by hardware constraints. Furthermore,
increasing nDWD is constrained by increasing requirement of time
and space for acquiring and storing a large number of DWI
volumes. The approaches discussed above are restricted due to
their physical limitations. Further quality improvement can only be
possible by application of pre-filtering methods applied to raw
DWI volumes.

2.2 Measured brain anisotropy and fibre tracking

Tractography algorithms relay on the measured anisotropy per-
voxel and track the direction of physical diffusion by which
identifying white matter fibre tract/bundles [61-67]. Tractography
methods use diffusion tensors to compute dominant diffusion
direction by means of eigendecomposition as described in the
above section. This indicates toward the dependency between
correctness and strength of measured anisotropic diffusion and
fibre tracking algorithms.

FA map is a DTI derived quantification representing the relative
amount of voxel-wise anisotropy. Ideally, FA assumes value 1
when the voxel is of maximum anisotropic nature and 0 for
isotropic nature. Even though the white matter is anisotropic, due
to the variations in tissue types and fibre bundle crossings the
measured diffusion rate may vary from region to region. This
variation can be clearly seen from varying intensities in FA maps
[3] [for example, the cortex has low measured anisotropy
(FA < 0.2)].

Fig. 3 shows a sample FA map (Fig. 3a) and fibre tracts
computed (coloured regions in Fig. 3b) for the same slice. It is
clearly visible that tracts are not computed at regions with low FA
values. The plot represents the comparison between normalised
histograms computed from FA values belonging to regions, where
the tractography algorithm succeeds in finding fibre tracts and
regions where it has failed. The plots depict a clear picture on the
favourable and unfavourable FA range for fibre tracking
algorithms. It is shown that the regions where tracking was not
possible have FA values <0.2-0.3 range, whereas the tracking was
possible beyond that range (that is FA>0.2).
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Fig. 3 Comparison of favourable and unfavourable FA range for fibre tracking algorithms. From FA map
(a) Fibre tracts computed, (b) It is visible that tracking fails in the region with low FA values and a normalised histogram of FA values, (c) Regions with tracts have a favourable FA

range >0.2. The resolution of the images is of 128 x 128

1: function SEF(S, w)
neighborhood or kernel size

> Where S: DWI volume, w:

2: IND = all the indices or voxel locations in .S
3 Ksize = w?
4: for i =1 to length(IND) do
5: Wiernel = oD neighborhood or kernel of size w,
selected at i*" location of S
6: Se=0
7: for j =1to Kg;,. do
8: diff = S(L) - wke'r”n,r:l(j)
9: kernel = W (dif f), W is weight calculation func-
tion )
10: So = So + zukm,,,,‘.,,(].)><k:e'r'nel
1 Sp(i)=8(i) + Se
12: Sy is the diffusion sensitivity enhanced DWI volume

Fig. 4 Algorithm 1: Sensitivity enhancement filter (SEF)

It can be concluded that FA values beyond a threshold become
necessary for robust fibre tracking. This is the motivation for this
paper and a post-processing of raw DWI data is proposed to
improve local distinction between measured physical diffusions (in
DWI, it is in the form of signal attenuation). A clear distinction
between nearby differing diffusion levels is thus improved, leading
to betterment in measure anisotropy values. As the proposed
method focuses on the enhancement of diffusion distinction or in
other words a computational approach to achieve diffusion
sensitivity enhancement, the method is referred to as diffusion
sensitivity enhancement filtering.

3 Proposed method

Increased diffusion sensitivity improves the numerical distinction
between diffusion weighing in DWI depending on the region-wise
varying physical diffusion levels. The numerical difference
between region-wise diffusion weighted signals determines the
strength of measured anisotropy. Hence, the approach is to
maximise the existing numerical difference between neighbouring
regions based on the intensities distribution selected from a given
neighbourhood size. Neighbourhood operation results in the
enhancement of local anisotropic patterns and helps in the better
measurement of anisotropy in both high and low diffusion regions.
Thus, the required enhancement filter should be capable of
maximising the numerical distance between regions based on local
diffusion profile.

The proposed filtering method defines the enhanced DWI (S)
expressed as the summation of original intensity (S) and the
weighted average of neighbouring voxels (S.), (3) [Algorithm 1
(see Fig. 4) step 11]

Se=S+S. 3)
where S. is computed using a non-linear filter applied to the

original DWI S. For a cubic neighbourhood (w X w X w) with R
pixels, S, is expressed as below [Algorithm 1 (Fig. 4) steps 5-101]:
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R
5.p) = 5 D KOS(P)G) @

i=1

where k(i) represents the weight calculated at the ith kernel
location, p is the reference voxel location on raw DWI data, and S
(1) which is enhanced using the proposed filtering. k(i) is
considered as a function of positive and negative grey-level
differences [6S(i)) = S(p) — S(i)]. S. has a very important role in
determining the degree to which S is enhanced. It is because S,
eventually signifies or quantifies the difference between different
diffusion levels in the enhanced versions of S. Thus, maximising S,
leads to an increased resolution between neighbouring regions. For
deriving the weights for each neighbourhood voxel, the S, can
either be an addition or subtraction. The extremum cases are
separately shown in the equations below:

R
5(p) = S(0) + 5 D S(p) )

i=1

with k(i) = 1, Vi and

R
5P = S~ D S(p) (©)

i=1

with k(i) = — 1, Vi. Also, the minimum or zero degrees of
enhancement will result when S, assumes a value equal to 0. Using
(5) and (6), the weight calculation function W[8S(i)] can be
summarised as below:

1 if8SGE) >0
W@ sS@) =410  ifoSG) =0 @)
-1 ifoSG@) <0

Algorithm 1 (Fig. 4) outlines a pseudocode for the proposed
method.

Neighbourhood sizes are determined from the spread of
intensity uniformity at each location. Since the neighbourhood
sizes can be locally determined, a mere global maximisation of the
degree of sensitisation will not be sufficient to retrieve complete
information on fibre orientations. Also, the practical applicability
of the proposed method in real-time operations is limited by the
time and space complexity involved in this approach.

In consideration of the above facts, the proposed method is
modified to locally adapt the neighbourhood sizes at each location.
In this approach, the filtering procedure is initiated with a small
neighbourhood size at all locations [Algorithm 2 (see Fig. 5) step
3]. The values of || S, || at each location are then compared with
those obtained using the next incremental step increase in
neighbourhood size [Algorithm 2 (Fig. 5) step 10]. For every step
change, locations that exhibit reduced values of || S, || are assigned
the neighbourhood size corresponding to the previous step
[Algorithm 2 (Fig. 5) step 11]. As the iteration proceeds toward
larger neighbourhood sizes, the number of locations requiring

IET Comput. Vis., 2018, Vol. 12 Iss. 7, pp. 950-956
© The Institution of Engineering and Technology 2018

85UB017 SUOWILIOD 3A1I1D 3|cedl|dde auy Ag pausenob a1e saple YO ‘@SN JO SaINJ 10} Aeig 1 3UIIUO AB|IM UO (SUOIPUOD-PUR-SUIBYLI0D A8 | 1M AReAq | BU1|UO//SONY) SUORIPUOD PUe SWUB L 83U} 89S *[5202/0T/7T] Uo ArigiTauluo A|IM ‘AiseAIUN AakeqrezeN Aq £T2S'8TOZ 1A0-B /60T OT/I0p/LI00 A8 | M AfeiqBUI U0 Yo Jessa 1 1//:Sany Woiy papeojumoq ‘L ‘8TOZ ‘0v96TSLT



1: function iSEF(S, wg) > Where S: DWI volume, wq: initial
neighborhood or kernel size

2: IND = all the indices or voxel locations in .S

3: w = wy > initialize kernel size w as wyq

4: while sizeof(IND) > 0do > runs till all pixel indices
undergo filtering

5: IND{=IND > First index from IN D

6: IND = Removelndex(IND, 1) > Removes first
index value from IN D

7: o =0 > a variable to later store

magnitude of S computed for the smallest kernel size from two
consecutive kernel sizes w.r.t each iteration in optimum kernel
size selection, initialized as 0

8: while in finite do > Infinite While loop

9: 1S, = ||Se,w|| > magnitude of Se w.r.t kernel size w
computed at /N Dy voxel

10: if o > pg, ., then > checks whether

the magnitude of S for previous kernel size is greater than the
immediate higher kernel size

11: Sp(IND1)=S(IND1)+ Se -2 b diffusion
sensitivity enhanced DWI value at I N D; voxel, where S, from
previous kernel size (w — 2), Se,y—2 is added to S

12: o =0 > reset pg as 0 for next index from IN D

13: w = wo > reset w as wq for next index from
IND

14: break > breaks while loop w.r.t N Dy and
proceeds to next index in IN D

15: else

16: HO = LS, > update po as pg, ,, for

comparison against next kernel size in next iteration
17: w=w+ 2 > w incremented to next size

Fig. 5 Algorithm 2: Iterative window optimised model, iSEF

further neighbourhood optimisation will decrease. This iterative
approach significantly reduces the time and space requirements
needed for the best possible filter performance. Algorithm 2
(Fig. 5) describes the key steps in the locally adaptive iterative
filter.

4 Results
4.1 Neighbourhood size selection

Neighbourhood size selection is based on the maximisation of
diffusion sensitivity. From (3) to (6), the diffusion sensitivity will
be maximum when the magnitude of S, assumes maximum value.
The plot in Fig. 6 illustrates the choice of optimum neighbourhood
size based on maximising the degree of sensitisation using the
equation below:

Sdegree = max (Z ” Se(x, y) ” ) (8)

The improvement in region-wise distinction (RWD) of diffusion
sensitised intensities is quantitatively illustrated in Table 1 with the
help of a second measure, further referred to as senmsitisation
difference measure (Spyy). For a given region-of-interest (ROI), this
is defined using the maximum and minimum intensities as
formulated using the equation below:

_ max (Sror) — min (Sror)
max (Srop) + min (Sror)

)

Spm

Spm assumes values ranging from 0 to 1, with the 0 representing
zero improvements in RWD, and 1 indicating maximum RWD for
a given ROI. Table 1 shows Spy; values computed for arbitrarily
chosen ROIs. The mean Spy; increases from 0.3823 for original (.S)
to 0.8108 for the filtered version (S,).

Optimisation using a degree of sensitisation is meaningful only
when S, is computed using the same neighbourhood size at all
locations. For the iterative window optimised model, it is found
that the optimal window size for each location is different. Fig. 7
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Fig. 6 Optimum window size search; optimal neighbourhood/kernel size is
chosen to correspond to maximum degree of sensitisation (11 X 71)

shows the number of voxel locations optimised for each
incremental neighbourhood size. It is observed that majority of
voxel locations is optimised at the lower neighbourhood sizes. The
number of voxel locations optimised at larger increments of the
neighbourhood size decreases monotonically, thereby decreasing
the spatial and time complexities.

Figs. 8a2—d2 display the optimal window sizes mapped to each
voxel. Brighter regions correspond to larger neighbourhood sizes
and vice versa. It is observed that regions representing a higher
degree of diffusion require larger neighbourhood sizes for
enhancement.

4.2 Qualitative analysis

Quality enhancement of DTI derivations achieved using other
known approaches such as ADF, NLM filter, wavelet filter, and
Weiner filter are compared against the proposed method.
Qualitative analysis is performed with the help of FA maps, colour-
coded orientation diffusion directions, and fibre tracts are
computed using ExploreDTI. FA maps are the commonly used
parametric maps for the quantification of anisotropy, where
brightest region represents maximum anisotropy and vice versa.
Colour-coded orientation maps provide information regarding the
direction of the diffusion process. Such colour-coded orientation
maps are further used in computing/tracking various fibre tracts for
understanding brain connectivity between various brain faculties.
Although gold standards are not available for quantifying the
quality of DTI derivations, a relative evaluation is performed in
terms of the robustness in computing fibre tracts in addition to
visual comparison.

FA maps and colour-coded orientation maps are computed for
two raw DTI data sets. The first data set (Dataset 1 obtained from
ExploreDTI sample data) consists of 60 DWI volumes along with
six non-diffusion weighted baseline volumes and the h-value used
in image acquisition is 1210. The second data set (Dataset 2
obtained from University College London (UCL) camino) contains
three unbiased T2-weighted volumes and 30 DWI volumes with a
b-value of 1000.

Fig. 9 illustrates the colour-coded orientation maps and FA
maps computed from original raw DTI and its various pre-
processed versions for both datasets. From the visual evaluation of
the results, it is seen that the proposed filter significantly enhanced
the quality of signal strength and discrimination of fibre bundles in
comparison with other filtering methods. On a closer observation,
it is observed that the proposed filter is able to restore many fibre
bundles which are hidden, and otherwise generates discontinuities
in the unfiltered and other processed versions. The use of our
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Table 1 Sensitisation difference measure computed for
random ROls

ROI Sensitisation difference measure (Spy)
Original version (S) Processed version (S,)

1 0.5872 0.9625
2 0.4569 0.9900
3 0.5341 0.9966
4 0.4632 0.7804
5 0.2769 0.6706
6 0.1737 0.7371
7 0.3656 0.7864
8 0.3420 0.5954
9 0.2356 0.9377
10 0.3872 0.6510
average 0.3823 0.8108
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Fig. 7 Number of voxel locations (in percentage) optimised for each
window size, w for evaluating the iterative window optimised approach.
There is a significant reduction in the number of voxel locations yet to be
optimised for higher window size in subsequent iterations

filtering also contributes to a better understanding of the
boundaries between different bundles. This can be easily inferred
from ventricular regions in both FA and colour maps. Better
distinction between bundles will serve to improve the fibre tracking
performance. Improved results for tractography are discussed in a
later section. There is a tremendous and visible increase in the
signal strength, leading to a better understanding of anisotropy
inside the brain.

4.3 Fibre tracking

Robustness of tracking algorithms [61-67] in improving the
distinction between computed tracts and the number of tracts
identified for a given dataset is very important in brain connectivity
studies. For these reasons, this paper compares the 2D fibre tracts
computed for Dataset 1 (Fig. 10).

From Fig. 10, it is clearly seen that the proposed filter
significantly improves the robustness of the tracking algorithm. As
compared to the unfiltered data and other filtering methods
discussed earlier, there is a clear increase in the number of tracts
identified. The results also evidence restoration capabilities of the
proposed filter. Furthermore, this increased number of computed
tracts clearly shows that the proposed filter definitely improves the
diffusion sensitivity.

5 Discussion and conclusion

DTI computes various parametric maps and colour-coded
orientation diffusion direction maps from the 3 X 3 tensors, for
visualisation and quantification of the physical diffusion
characteristics [68—73]. Such DTI derivations are further used for
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(a2) (b2) (c2) (a2)

Fig. 8 Optimal window size mapped at each voxel location
(al-d1) Input DWI slices, (a2—-d2) Window size maps. Brighter regions display larger
window sizes

(“) 3

Fig. 9 Colour-coded orientation maps (al—f1, a3—f3) and FA maps (a2—f2,
a4—f4) for Dataset 1 and Dataset 2

(al-a4) Unfiltered, (b1-b4) Anisotropic diffusion filtered, (c/—c4) NLM filtered, (d1-
d4) Wavelet filtered, (eI—e4) Weiner filtered, and (f1-f4) current method

evaluating the quality of the diffusion sensitisation achieved by our
filter.

Our filtering method improves the distinction between
neighbourhood regions with different diffusion levels leading to
sensitivity enhancement. The filter uses a 3D filtering operation to
compute a non-linear weighted average (S.) from the voxel
neighbourhood and added to the original image (S) to obtain its
enhanced version (S¢). The neighbourhood sizes are optimised
using indirect measures that reflect the degree of sensitisation. The
sensitivity enhancement is quantified and presented in Table 2
using three measures: (i) average increase in diffusion sensitivity
(IDS), (ii) standard deviation of local diffusion sensitivity (ops),
and (iii) estimated b-value enhancement. The average IDS defined
using mean( || (Sf — S)/S, || ) provides an indication of an increase
in the magnitude of diffusion sensitisation. The standard deviation
of local diffusion sensitivity defined using std(S;/S,) reflects a
direct relationship to sensitivity. To understand the third measure,
we first follow the signal equations for both filtered and unfiltered
data. Denoting the original b-value and the enhanced b-value as b,
and b, and treating D to be an unchanged physical parameter
independent of any post-processing step, the signal equations are
expressed as the equations below:

§ =S (10)
Sp=Se ™’ (11)

From the above equations (10) and (11), the enhanced b-value
for each voxel is estimated as the equation below:
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Fig. 10 Tractography results

(a) Fibre tracts computed (2D) for dataset 1, (h) Anisotropic diffusion filtered, (c) NLM filtered, (d) Wavelet filtered, (¢) Weiner filtered, and (f) current method. Application of the
proposed method helps in enhancing the efficiency and robustness of the fibre tracking algorithm. More tracts are identified with the improved distinction between fibre bundles,

leading to a better understanding of the brain connectivity

Table 2 Comparison with other state-of-the-art methods

Data used Average IDS  Standard deviation of local diffusion Estimated b-value from processed DWI
sensitivity (opg) versions (b,)

original not applicable 0.1423 1210
ADF [40-43] 0.0199 0.1300 1236
NLM [44-49] 0.0196 0.1379 1213
wavelet [50-52] 0.0248 0.1423 1210
Weiner [51, 53] 0.0278 0.1320 1236
globally optimised proposed 0.1060 0.2244 1577
iteratively optimised proposed 0.1873 0.3005 1891

Bold values show improved performance.

log(S¢/Sy) Referen
by = by o (12) 6 References
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