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ARTICLE INFO ABSTRACT

Keywords: An effective retrospective correction method is introduced in this paper for intensity inhomogeneity which is an
Intensity inhomogeneity correction inherent artifact in MR images. Intensity inhomogeneity problem is formulated as the decomposition of acquired
Bias field image into true image and bias field which are expected to have sparse approximation in suitable transform
MRI

domains based on their known properties. Piecewise constant nature of the true image lends itself to have a
sparse approximation in framelet domain. While spatially smooth property of the bias field supports a sparse
representation in Fourier domain. The algorithm attains optimal results by seeking the sparsest solutions for the
unknown variables in the search space through L; norm minimization. The objective function associated with
defined problem is convex and is efficiently solved by the linearized alternating direction method. Thus, the
method estimates the optimal true image and bias field simultaneously in an L; norm minimization framework
by promoting sparsity of the solutions in suitable transform domains. Furthermore, the methodology doesn't
require any preprocessing, any predefined specifications or parametric models that are critically controlled by
user-defined parameters. The qualitative and quantitative validation of the proposed methodology in simulated
and real human brain MR images demonstrates the efficacy and superiority in performance compared to some of

Sparsity constraints
L; norm minimization

the distinguished algorithms for intensity inhomogeneity correction.

1. Introduction

Magnetic Resonance Imaging (MRI) and its variants are extensively
employed for human brain analysis as they deliver high resolution
images non-invasively. However, the inherent artifacts present in raw
MR images may have a substantial impact on numerous commonly used
automatic medical image processing techniques in clinical applications
such as segmentation and registration [1-3]. One among the potential
artifacts is the intensity inhomogeneity as it alters the intensity levels of
homogenous tissue regions with respect to location. Moreover, this
artifact is severe in high strength field MRI scanners and can even re-
strict visual analysis of MR images [4].

Intensity inhomogeneity artifact also known as bias field, occurs
from two sources: the hardware and the subject [5-8]. Intensity in-
homogeneity from the hardware is caused by static magnetic field
heterogeneity, reception coil heterogeneous sensitivity and eddy cur-
rents from gradient coils. The subject introduced inhomogeneity de-
pends on the dielectric properties, magnetic permeability and orienta-
tion of the subject inside the scanner. Andrzej Materka and Michal
Strzelecki have clearly demonstrated the importance of intensity in-
homogeneity correction prior to the texture analysis based MR image
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quantification [9]. The bias field correction strategies existing in the
literature can be broadly categorized into retrospective and prospective
corrections [10]. The prospective corrections focus on the calibration of
the MRI acquisition process and are therefore ineffective to correct
inhomogeneity introduced by the subject. Whereas, the source of in-
homogeneity is inconsequential to the accuracy of retrospective tech-
niques as they rely solely on information from the acquired images.
According to the literature survey of Vovk et al. [10], the retro-
spective correction techniques can be classified into filtering-, seg-
mentation-, histogram- and surface fitting- based strategies. The retro-
spective methods exploit the fact that the bias field is a spatially smooth
multiplicative artifact. Filtering methods utilize a low-pass filter
mainly, mean [11] or median filter [12] to extract the smoothly varying
bias field. Some of the advanced filtering techniques in the literature
extract the bias field through spatial-frequency decomposition of the
acquired image [13]. However, the optimal parameter selection of the
filters is a deciding factor in the accuracy of the filtering based ap-
proaches. Further, the segmentation based methods yield simultaneous
segmentation and correction as the estimation of the bias field is guided
through a segmentation process. And the preferable techniques for
segmentation are maximum likelihood or maximum a posteriori
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probability (MAP) [14-16], fuzzy c-means (FCM) [17-19] and non-
parametric clustering such as meanshift and maxshift [20,21]. The
mathematical image model was modified in the aforementioned stan-
dard segmentations to incorporate the multiplicative effect of the arti-
fact to extract an accurate segmentation thereby facilitating simulta-
neous bias field estimation. A new multiplicative intrinsic component
optimization (MICO) has been presented by Li et al. [22] where bias
field smoothness is ensured by linear combination of 20 polynomial
basis functions. The convergence of the method is independent of in-
itialization and is relatively fast. However, the segmentation is based on
fuzzy clustering and does not consider spatial information for the
clustering. The state-of-art method, N4 [23] is a histogram based
technique that seeks a slowly varying bias field that maximizes the high
frequency histogram contents. Many of the surface fitting methods
approximate the bias field to a slowly varying parametric surface from
significant points obtained after feature extraction in the acquired
image through an iterative process [24-26]. The feature points are
identified based on intensity or the gradients of intensities. Therefore, a
typical constraint of the method is the existence of large homogeneous
tissue region in the image. Albeit, certain segmentation based methods
involved manual interaction and atlases for parameter initialization for
instance, the tissue class model parameters.

The recent contributions to retrospective correction include ap-
proaches based on level set models that have gained widespread at-
tention in medical image segmentation over the past decade as they
facilitate easy representation and modification of complex topologies.
Some of the level set methods interweave bias field estimation, seg-
mentation and registration [27,28]. Li et al. [29] have proposed a re-
gion based variational level set framework to implement a local in-
tensity clustering property that simultaneously obtains segmentation
and bias field estimation. The proposed energy functional was not
convex and could be trapped in local minima [30]. Zhan et al. [31]
have introduced a method by improving the clustering in [29] with
Gaussian distributions subjected to bias field as local region descriptor
which enables identification of regions with identical mean intensities
and different variances. The method was later modified in the works of
Zhang et al. [30] where a more robust model was implemented and the
maximum likelihood energy function was defined in a transformed
domain. The mapping to the transformed domain enabled robustness to
noise and better separation of intensity distributions. Ji et al. [32] have
proposed a local likelihood image fitting variational approach based on
the assumption that neighborhood are disjoint regions and the neigh-
borhood statistics are utilized to construct the local likelihood function.
Lately, Tang et al. [33] formulated a non-convex weighted energy in-
tegral which is a local Gaussian distribution fitting function with
weights as local entropy. The local entropy estimated from local grey
level histogram and is responsible for bias field correction and noise
removal. However, this two-phase method has to be extended to mul-
tiphase level set formulation to enable brain MR segmentation. A
Modified Mumford-Shah model [34] has been proposed by Yupping
et al. in [35] where L, gradient regularizer is used for piecewise smooth
approximation. The data fidelity term in the proposed model enables
estimated field to be influenced by neighborhood and in addition L,
norm of the gradients is penalized to achieve smooth bias field.

Recently, split Bregman method has been effectively utilized to
solve the energy functional associated with level set methods [36,37].
Cui et al. [37] have developed a localized kernel mapping method for
segmentation under intensity inhomogeneity by integrating the kernel
mapping functions [38,39] formulated in local neighborhoods. The
intensity inhomogeneity is ignored in the segmentation as the kernel
mappings are defined in local regions. The energy function is solved via
split Bregman method. But, the number of predefined parameters in the
algorithm is high and also the kernel width and neighborhood radius
are critical in the algorithm performance. Chen et al. [36] have pre-
sented a multi-phase level set method where a local energy function
depict local Gaussian distributions in a neighborhood using a kernel
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function. The local energy functions integrated over the image domain
is optimized using split Bregman method. Ivanovska et al. [40] in-
troduced a two-phase segmentation method where energy function in-
cluded intensity clustering property proposed by Li et al. [29] and an
explicit TV regularization for bias field. Yang et al. have proposed
models for simultaneous bias field estimation and segmentation ap-
plying split Bregman method such as region scalable fitting [41],
multiphase Vese-Chan model [42] and an enhanced local and global
intensity fitting model [43,44]. Lately, Yang et al. [45] have presented
an enhanced two-phase level set evolution model with split Bregman
method with extension to multi-phase and the vector valued formula-
tions. Inspired from the MICO model [22], Meng et al. [46] have de-
veloped an active contour method that utilizes a linear combination of
orthogonal basis functions to improve the smoothness of the estimated
bias field. Also, the method implements Student's t-distribution fitting
to image intensity and hidden markov model to incorporate spatial
information to improve the robustness to noise and weak edges. The
energy function constructed is convex and was optimized through split
Bregman algorithm.

It is to be remarked that many of the aforementioned works on
intensity inhomogeneity correction adopt a predefined parametric
model to the spatially slowly varying bias field. This strategy for bias
field estimation is shown to be robust against noise as well. However,
there are several shortcomings to the parametric model approximation.
The parameters of the model need to be predefined and are significant
in controlling the smoothness of the estimated bias field thereby critical
in deciding the accuracy of correction [47]. In Bspline based fitting
[48-50], the distance between the knots is to be user specified. And in
multivariate polynomial based model fitting [26,51], the degree of bias
field smoothness is conditioned on the order of the polynomial which is
user-defined. Accordingly, in many of the model fitting methods, degree
of smoothness of the bias field cannot be specified adaptively rather
needs to be predefined. Apart from the parametric model fitting for bias
field, the segmentation based methods that utilize a probabilistic fra-
mework for correction also require predefined distribution parameters
[14,17,52]. Consequently, the accuracy of the correction methods
based on probability distributions such as the EM strategies greatly
depends on the initializations made such as the class distribution
parameters. The local region methods in the segmentation based cor-
rection strategies are sensitive to predefined window radius and are
computationally intensive as they operate in local level. In general, the
methods with too many parameters reduce robustness of the algorithm
as they require a large number of tuning parameters which will ulti-
mately result in numerical instability [35]. The current paper in-
troduces an algorithm for intensity inhomogeneity correction that
doesn't necessitate any predefined parameters that control the degree of
smoothness of the bias field. The algorithm is an L; norm minimization
framework that estimates bias field and true image effectively by pro-
moting their sparsity in suitable transform domains.

The researches on sparse representations have received a lot of at-
tention in the recent years and the same are shown to be effective in the
image processing field for image denoising [53,54], inpainting [55-58]
and reconstruction problems [59-61]. The sparsity constraints are
suitable in solving the intensity inhomogeneity problem as the nature of
bias field and true image supports sparse representations in a suitable
transform domain. The true image is assumed to follow piecewise
constant property as the intensities of different tissues regions are dis-
tinct and clear tissue region boundaries exist under the absence of in-
tensity inhomogeneity. This spatial property favors sparse representa-
tion of the true image under a tight framelet system. Similarly, the
spatially smooth property of bias field enables it to have a sparse re-
presentation in the Fourier domain corresponding to a low-frequency
dominant spectrum which has been already demonstrated in the fil-
tering based techniques for inhomogeneity correction. Besides, the
proposed method estimates bias field based on the identical logic of
filtering techniques without requiring any critical predefined
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parameters such as the filter specifications. The intensity in-
homogeneity correction is formulated as a decomposition problem of
the acquired image into two sparse images in suitable transform do-
mains. The sparse solutions are obtained by minimizing L, norm of the
transformed coefficients. Further, the algorithm utilizes the linearized
alternating direction method to efficiently solve the associated objec-
tive function that is convex and non-differential due to presence of L;
norm.

The contents of this paper are organized as follows; the metho-
dology section explains the image model and the formulation of the
proposed L; norm minimization framework from a primitive energy
minimization model. The results section demonstrates the validation of
the proposed algorithm in both simulated and real human brain data-
sets. The subsequent section draws discussions and conclusions based
on the findings in the result section. A brief introduction to the framelet
transform is provided in the appendix.

2. Methodology

Intensity inhomogeneity is introduced in the images through a
slowly varying multiplicative bias field. A stable mathematical model of
the image degraded by intensity inhomogeneity and noise [62] is de-
scribed as follows;

R(x,y) = S(x,y)B(x,y) + 1 (@)

where R(x,y) and S(x,y) are the observed intensity and actual intensity
levels at the location (x,y). n represents the additive noise present in the
acquired image. The bias field at the location (x,y) is denoted as B(x,y)
and the multiplicative effect of bias field becomes additive in log do-
main as given below.

r(x,y) =s(xy) + b(x,y) + 17 )

where, r(x,Y), s(x,y) and b(x,y) represent the log-transformed values of
R(x,y), S(x,y) and B(x,y) respectively. The noise term remains as a high
frequency component in the log domain and is denoted as #;.

2.1. The primitive energy minimization problem

The objective of any retrospective correction strategy is to accu-
rately estimate the true image, s when the acquired image, r is known.
The estimation of s and b simultaneously for a given r from Eq. (2) using
least squares L? fit as shown below is an ill-posed problem since two
unknowns have to be solved from a single equation.

.1
arg min — Ilr — s — bli3
s,b

3)

This section details the evolution of the proposed L; norm mini-
mization framework from a primitive energy minimization model built
on the above ill-posed problem. The primitive minimization formula-
tion is grounded on the work proposed by Xi Chen et al. [63] for in-
tensity inhomogeneity correction in MR images. The above problem
leads to stable solutions if certain constraints are imposed on the un-
known variables to confine their search space. The constraints are ap-
plied based on the spatial properties of true image and bias field. Since
an ideal MR brain image contains tissue regions of nearly uniform in-
tensity, the true image, s is expected to be piecewise constant. In the
view of this fact, the uniformity in the tissue region intensity levels of
the corrected image has been attained by constraining the total varia-
tion (TV) norm of the corrected image. Total variation is essentially the
L; norm of the gradients. Since the bias field is known to be smoothly
varying in spatial domain, the constraint on the bias field, b should
enforce it to be spatially smooth. It is realized by the extensively used
regularization technique of penalizing L, norm of gradients to achieve a
smooth function. Finally, the primitive energy minimization problem is
formulated to solve s and b simultaneously with two regularization
constraints and is defined as follows;
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arg min E(s,b) = arg min llr — s — b3 + a IVBIE + B IVslh

s,b s,b @

The energy minimization problem defined in Eq. (4) simultaneously
achieves a piecewise constant corrected image and a spatially smooth
bias field. The regularization parameters in the minimization problem,
a and f decide the tradeoff between regularity and good fit of the so-
lutions. It is to be noted before solving for b and s that E is a convex
function with respect to b for a given value of s and vice versa. How-
ever, the function E is not jointly convex with respect to b and s.
Therefore, the joint minimization problem is solved using an alter-
nating minimization (AM) algorithm that iteratively solves the asso-
ciated Euler-Lagrange equations of the problem with respect to b and s.
The Euler-Lagrange equation of the energy function E with respect to b
is as follows;

2 2
O=r—s—b—-a Q+ﬂ

ox?  9y? 5)
O0=r—s—b—alAb (6)

where A represents the Laplacian operator. And the Euler-Lagrange
equation of the energy function with respect to s is as given below;

0 Sy 0 Sy
O=r—s—b-f + —
[ax \/Sx2+sy2 dy \/sz +sy2] )
O:r—s—b—ﬁv.(&)
IVsl (8

The presence of the term ﬁ makes Eq. (8) degenerate because of
the singularity in the function when s is locally constant. Therefore, a
perturbation is added to the total variation norm and Eq. (8) is re-

written as

O:r—s—b—BV.(L)
VIVsP + ¢ 9
The images in the above formulation are interpreted as real valued
functions defined on a domain, Q that is bounded and open in R?. The
above equations are formulated under homogeneous Neumann
boundary condition ie. % =0 and % = 0 on the boundary,0Q2 respec-
tively for Egs. (6) and (9) where n is the normal vector of 0Q.
Let the known initial guess for b and s be b® and s°. The AM scheme
solves E(s%b') = arg min E(s%e¢) followed by E(s},b) =

b
arg min E(+,b%).0Or equivalently, if s and b* are known, s**! and

b<*Lare solved using AM as follows;

Solve for b**from the following equation,

0 =r— sk — bk+1 — gApk+! (10)
Subsequently solve for s* by solving,
0=r—sttl—prtl — BV, v
VIVS"HI2 4 ¢ an

In the AM scheme, the function E always reduces with iterations.
The equations Eq. (10) and Eq. (11) are solved using the basic time
evolution approach introduced by Rudin et al. [64] where the solutions
are considered as time dependent. More precisely, the optimal solution
b(x,y) is obtained when the steady state of the following parabolic
equation is reached with a given initial condition;

ob

T r—s—b—aAbs. t. b(x,y, =0 = b°

12)

Similarly, an optimal value for s(x,y) is obtained as the solution of
the parabolic equation given below,

0os Vs
—=r—5—-b—-pV.| ————
ot (wa+z

)s. t. 506y, =0 = °
(13)
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Fig. 1. Comparison of gradient maps of the corrected images. [a] Original T1-w axial simulated image (40% intensity inhomogeneity). Gradient maps of [b] 0%
intensity inhomogeneity image [c] Corrected image from Algorithm 2.1 (using TV norm regularizer) [d] Corrected image from Algorithm 2.2 (using framelet norm
regularizer), [e] Magnified portion of [b], [f] Magnified portion of [c], [g] Magnified portion of [d].

Here, the evolution in time is realized by considering a fixed time h is the grid size. V., V,, 7, V.", V. denote the backward (-) and
interval At. Subsequently, Eq. (12) is rewritten by considering the time forward (+) difference operators in the respective directions (x or y).
step At as follows; The iterations are continued till the normalized mean square error

in s and b fall below predefined thresholds. The overall algorithm is

w =r—s(t)— b(t) — aAb(t) summarized below;

At as
Algorithm 2.1.

Input: Acquired image, r

The optimal solution is obtained when b converged to a steady state
as t increases. The numerical algorithm corresponding to the above
equation as follows;

Initialization: b° is assumed as a Guassian low pass filtered version of r;s° =r

. ku+1_bk" . ”sk+1_skH
bi}c+1 while Toe] < wp and o] < ws
— bk 4 At pi— sk pk bi]:-h,j + bik—h,j + bil,{j+h + bi{{j—h - 4bi]3' 1. Solve for b**! using Eq. (15)
] nl? Sij ij @ n? 2. Normalize b¥+1
3. Solve for s¥** using Eq. (17)
(15)
end while
Similarly, s(t + At) is solved by rewriting Eq. (13) as follows; Output: Corrected image, s; bias field, b
t+ At) —s(t Vs (t
M:r_s(t)_b(t_'_At)_ﬁv_ #
At JIVS(@®)P? + ¢ (16)
+.k +k
kel ook ALk pk+1 _ gl v= Vs v- ViSi
Sy _S’j+hr’/ Sy i g O toky2 +k—k2+y Foky2 Fok y—ok\y2
Je+ (Visg)? + (m(Visi,Visi)) \/E + (Visg )2 + (m(Visg,Visy)) a7
Where,
+ b
te=kAt, k=0, 1, .,bf = b,y t), s§ = (%1,Y), ), m(a,b) = (M) min(lal, 1bl)

210



M.M. George and S. Kalaivani

Let the algorithm discussed above be referred to as ‘the primitive
method’. The implementation of the primitive method for intensity
inhomogeneity correction in MR brain images as well as in some
phantom images lead to some significant conclusions. Though mini-
mization of TV norm was shown to be effective to maintain the uniform
intensity levels, the weak edges were found to be diminished. The finer
structure details in the brain images were observed to be over smoothed
in the corrected image. This observation can be correlated to the results
obtained by D. Dobson et al. [65] and Zhenghua Huang et al. [66] for
denoising and illumination correction applications in natural images.
Therefore, the current paper suggests a suitable replacement for TV
norm in the view of preserving fine structures.

2.2. Sparsity constraint for true image in framelet domain

The ideal MR image can be regarded a piecewise constant image.
Such images have a sparse representation under a tight framelet system
that is highly redundant and offers high localization in spatial and
frequency domains [67,68]. The redundant nature of the system also
ensures robustness to noise [69]. Since framelet transform facilitates
multi-resolution analysis, the multi-scale edge structures can be well
captured [66,70]. Therefore, the current paper suggests framelet reg-
ularization as an alternative to TV norm regularization to effectively
preserve details in the image.

The analysis and synthesis operators of the framelet transform are
realized by a set of filters associated with the tight framelet system
constructed via unitary extension principle [68]. Here, the piecewise
linear B-spline framelet system is considered. The filters considered are
as follows;

V2

1 1
ho==[1,2,1]; by = ~=[1,0,~1]; h, = —[-1,2,-1
0= L2k m=—"-] Lh=-1 ]

18)

A detailed formulation of the decomposition matrix W of the above
framelet system without downsampling under the Neumann boundary
condition [70] is provided in the appendix. The primitive energy
minimization formulation is updated by replacing the TV regularization
as given below.

arg min E(s,b) = arg min llr — s — bll} + & IVBIEZ + B IIWsll,

s,b s,b (19)

The above energy minimization formulation seeks the sparsest so-
lution in the framelet domain which is ultimately the piecewise con-
stant corrected image. Since the above energy minimization problem is
not jointly convex with respect to s and b, alternating minimization is
utilized and the associated sub-problems with respect to the unknown
variables are formulated as below.

b sub-problem

b1 = arg min lIr — s* — bl + o VDI
b (20

s sub-problem

sk+l = arg Smin llr — s — b**12 + B IIWslh @1
The above sub-problems can be solved more efficiently using other
numerical algorithms compared to time marching strategy. During the
experimental analysis of the primitive method, the time marching for
solving the sub-problems was found to be slowly convergent when step
size restrictions [64] were imposed for stability. Therefore, a more ef-
ficient numerical algorithm is considered here for solving the sub-pro-
blems. Since the b sub-problem is a differentiable optimization problem,
the optimality condition obtained from the associated Euler-Langrange
equation can be solved easily by using Fourier transform as follows;

F (r — s5) )
F A+ a(F*V).ZF V) + 7*(V).7Z (W)

pk+1 = f—l(
(22)

where V;, and V, are the gradient operators in horizontal and vertical

Magnetic Resonance Imaging 61 (2019) 207-223

directions and .#, .Z#~! and .Z* represent the Fourier transform, its
inverse and complex conjugate respectively. Thus the b sub-problem
can be solved computationally efficiently. Whereas, the coupling be-
tween the L; term and the L, term in the s sub-problem makes it hard to
solve. And moreover, the s sub-problem doesn't have a closed form
solution and hence has to be solved iteratively. This difficulty can be
overcome by introducing auxiliary variables [71,72]. In the works of
Jian-Feng Cai et al. [73], Houzhang Fang et al. [74] and Yi chang et al.
[75], it was shown that Split Bregman algorithm was powerful in sol-
ving framelet L; regularization problems for image restoration appli-
cations such as noise removal, deblurring, destripping etc. [70,73,74].
The decoupling of the L; regularization problem in Split Bregman al-
gorithm is realized by introducing an auxiliary variable. Accordingly,
Split Bregman is utilized here to decouple the terms in the s subproblem
as follows,
arg znin llr —s — bX* 2 + B lldlly 5. t. d = Ws (23)
The above constrained problem is converted to unconstrained by
adding an L, penalty term and is rewritten as follows;
arg znin llr —s — b3 + B lidlly, + A ld — Ws — by 112 24
where, b, is the Bregman parameter and A is positive. An alternating
minimization scheme can be used solve to the above formulation. The
sub-problem of Eq. (24) with respect to s is differentiable and the op-
timality condition of the same obtained using Euler-Lagrange equation

has a closed form solution as given below;
S = (1 4+ )7 = b+ A WL(dk - b)) (25)

where, W™ ! is the inverse transform of W. The auxiliary variable d in
the above problem is updated by using shrinkage operator as follows;

)

where, shrink(X,0) = max{abs(X) — 6,0} sign(X)

dktl = shrink(Wsk“ + bf,
(26)

@7
The Bregman variable is updated in the iterative scheme as follows;
b1k+1 - blk + (Wsk+1 _ dk+1) (28)

Therefore, the iterative strategy for solving the energy minimization
problem defined in Eq. (19) is summarized below;

Algorithm 2.2,

Input: Acquired image,
Initialization: b° is assumed as a Guassian low pass filtered version of r;s° = r;d® = 0;b) = 0

o pRri-pk|

Ls+os]
while Toe] d

fls*+]

< Wy an < wg

sk
. Solve for b** using b**! = F’l( Fr-s) )

1 ___ Fo-sH
F(1+a(F* (Va)F (Va)+F* (Vo) F (V)

2. Normalize b**t

3. Solve for s¥*1using s¥*1 = (1 + )1 — b¥*1 + AW~1(d¥ — b))

4. Solve for d**! using d**! = shrink (Ws"*" + bfé)

5. Update b¥*!using b¥*t

end while

= bk 4+ (Wsk+1 — gl+1)

Output: Corrected image, s; bias field, b

It is observed from the experimental analyses of Algorithm 2.2 that
the application of framelet regularizer assisted to preserve the small
scale edges better compared to TV norm regularizer. Fig. 1 compares
the magnitude of the gradient map obtained by applying Sobel edge
detector on the corrected images from both regularization strategies. It
is evident that the small scale edges and details in the corrected image
are over-smoothed when using TV regularizer whereas framelet reg-
ularizer preserves the same. This is because edges and finer details in
the image lead to larger framelet coefficients and are preserved well
during the L; norm minimization [76].

Despite the finding that the finer details edges were preserved in the
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Fig. 2. Intensity inhomogeneity correction on simulated data. [a—c] T1-w, T2-
w, PD original images (3% noise, 40%intensity inhomogeneity), [d—f]
Estimated bias fields of [a—c], [g-i] Corrected images of [a—c].

corrected image, the bias field obtained was not found to be smooth as
desired. Alternatively, the degree of smoothness possible for bias field
via penalizing the L, norm was not found to be satisfactory. It is also
evident in the results obtained by Yuping Duan et al. [77] and Xi Chen
et al. [63] for bias field estimation in MR images. Therefore, the paper
proposes an efficient replacement for the L, norm penalization to es-
timate the smooth bias field without constraining to any specific
parametric model.

2.3. Sparsity constraint for bias field in Fourier domain

The bias field is smoothly varying in spatial domain and hence has
dominant low frequency spectrum. Therefore, it is reasonable to assume
a sparse representation for bias field in the Fourier domain. Thus the
optimization problem aims to decompose the acquired image into a
piecewise constant image and a bias field that are approximated to be
sparse in framelet and Fourier domain respectively. The sparse con-
straint in Fourier domain regulates the smoothness of the bias field and
is realized by regulating the L; norm of the Fourier transform of bias
field. The intensity inhomogeneity problem is expressed as a con-
strained minimization problem as follows;

arg min IWslh + a I.#Z (b)lys. t. r=s+ b

s,b (29)

where, .7 (b) represents the Fourier transform of the bias field. The
minimization problem is solved using the linearized augmented
Lagrangian method [78] which linearizes the quadratic term penalty
term added in the alternating direction method while solving the sub-
problems. The linearization eliminates the necessity for auxiliary vari-
ables thereby reducing the computational complexity in updating them.
In addition, convergence is relatively faster without the auxiliary
variables [78]. The Linearized Augmented Lagrangian function of the
above problem Eq. (29) is written as follows;

L(b,s;Y,u) = IWslh + o 1.7 ()l + (Y,r —s = b) + p llr — s — bllp
(30)
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where, Y denotes the Lagrangian multiplier. ||||r is the Frobenius norm
and the penalty parameter u > 0. The functional L in Eq. (30) can be
split into different sub-problems. The sub-problem to solve b**1 is given
below;

bk = arg min L(b,s*, Y¥, uky
b

(31)
arg min L(s*, b, Y*, uky
b
=arg min o .7 (b))l + (Y,r —s —b) + uk llIr —s — bl|
5 ' g (32)
Eq. (32) leads to the following closed form solution easily:
Z (b = Shrink( F (Y + F (r — sk — bk + YF/ub), %)
1% (33)
pk+1 = y—l(bkﬂ) (34)
The s sub-problem that solves to obtain s**?! is given below;
arg min L(s, b+, Y*, k)
= arg min IWsll, + (Y%, r — s — b*t1) 4 uk |Ir — s — bFH1|
g ! b+ ¢ ) +u 3 35)

The above sub-problem in Eq. (35) is solved to obtain the following
solution:

Temp = Shrink(Wsk + W(r — sk — b*1 4 Yk/uk), Lk)
H (36)

sk+1 = W1 Temp (37)

where, Temp is a temporary variable. The Lagrangian and the penalty
parameters are updated as shown below:

Yk+1 — Yk + Mk(r _ Sk+1 _ bk+l) (38)

uHl = p ik (39)

The algorithm iterates between the sub-problems until a predefined
criteria is satisfied. Finally, the bias field and the corrected images are
obtained after taking the exponential of the optimal solutions for b and s
repsectively. The iterative algorithm is summarized below;

Algorithm 2.3.

Input: Acquired image,
Initialization: b° is assumed as a Guassian low pass filtered versionof r; s® =1;Y°=0; u° >0

[ Lsk+-st)
[ESE] [Bag]

. F@*) = Shrink (FOK) + F@r - 55— b+ yk/uk),ﬁ)

. bRl = Fo1(pkny

. Normalize b¥+t

1
2
3
4. Temp = Shrink (Wsk +W(r—sk—pk+t + Yk/[lk),ﬁ)
5
6.
7.

while

< wp and < wy

. sl =W Temp
. Update Y1 using Y**1 = Yk 4+ pk (3 — sk+1 — pk+1)

k1 k+1

. Update u¥*! using pk+t = p p*
end while

Output: Corrected image, s; bias field, b

The proposed algorithm optimizes the corrected image and the bias
field iteratively according to the Linearized Augmented Lagrangian
method updating scheme. The algorithm seeks the sparse solutions for s
and b in Framelet and Fourier domains respectively through L; mini-
mization. The sparse solution obtained in Fourier domain for b can
effectively achieve desired smoothness in the spatial domain without
constraining to any parametric model. Hence the proposed metho-
dology eliminates necessity for predefined parameters that critically
control the degree of smoothness.
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Fig. 3. Comparison of intensity profiles. Intensity profiles before and after the correction of an axial T1-w image (0% noise, 40% intensity inhomogeneity) along a
selected line marked in turquoise color. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1
CV values in grey matter on T1-w axial images.
Noise level (%)  Bias field (%)  Original N4 LSACM MICO IACM Proposed NIMS MFCM
1 20 9.66 + 0.38 9.14 = 0.36 9.23 + 0.68 9.19 + 1.86 9.13 = 0.58 9.11 + 0.43 9.12 = 0.61 9.33 = 0.81
40 10.86 = 0.39 9.19 = 0.35 9.32 = 0.90 9.22 + 1.66 9.27 = 0.79 9.23 + 0.64 9.18 + 0.55 9.38 = 0.78
60 12.36 + 0.40 9.58 + 0.33 9.67 + 1.01 9.61 + 0.98 9.60 + 0.71 9.56 + 0.60 9.57 + 0.63 9.69 + 0.99
80 13.95 = 0.41 9.83 = 0.39 9.88 + 0.67 9.75 = 1.07 9.68 = 0.93 9.69 * 0.65 9.81 = 0.72 9.85 = 0.79
5 20 11.71 += 0.32 11.27 + 0.31 11.35 + 0.48 11.25 += 1.07 11.23 + 0.69 11.21 + 0.72 11.25 = 0.74 11.37 += 0.87
40 12.72 + 0.34 11.30 *= 0.31 11.40 + 0.42 11.28 *= 0.95 11.29 + 0.83 11.27 + 0.60 11.29 * 0.65 11.45 + 0.81
60 14.03 = 0.35 11.41 = 0.31 11.59 + 0.44 1147 = 090 11.38 = 0.86 11.34 = 0.61 11.40 + 0.88 11.58 = 0.99
80 15.45 + 0.36 11.73 = 0.31 11.90 £ 045 11.81 = 1.08 11.72 + 0.68 11.71 = 0.72 11.78 + 0.89 11.89 = 0.77
9 20 15.37 + 0.27 15.10 = 0.27 15.24 + 0.66 15.27 + 0.99 15.05 + 0.71 15.04 + 0.64 15.07 + 0.61 15.25 + 0.81
40 16.17 £ 0.29 15.24 = 0.27 15.31 + 0.53 1548 = 0.99 15.18 + 0.88 15.15 = 0.68 15.22 * 0.70 15.34 * 0.62
60 17.22 + 0.30 15.50 = 0.27 16.64 = 0.43 16.67 = 0.95 15.45 = 0.70 15.43 = 0.61 15.52 = 0.63 15.75 + 0.64
80 18.41 + 0.32 15.87 = 0.28 16.68 = 0.38 16.90 = 0.92 15.67 + 098 15.63 = 0.71 15.75 + 0.74 15.73 = 0.71
Table 2
CV values in white matter on T1-w axial images.
Noise level (%)  Bias field (%)  Original N4 LSACM MICO IACM Proposed NIMS MFCM
1 20 5.19 = 0.37 4.14 = 0.48 4.31 = 0.62 4.20 = 0.69 4.10 = 1.01 4.11 = 0.61 4.12 = 0.58 4.25 = 0.92
40 6.81 = 0.41 4.18 + 0.45 4.38 = 1.04 4.26 = 0.54 4.15 = 0.98 4.14 = 0.62 4.15 += 0.65 4.40 = 0.89
60 8.53 + 0.69 4.48 + 0.38 4.62 = 1.13 4.43 + 0.74 4.40 = 0.94 4.42 + 0.56 4.46 = 0.70 4.68 + 0.73
80 10.17 + 1.02  5.05 * 0.37 5.12 = 0.82 5.00 = 0.88 5.04 = 0.12 5.02 = 0.71 5.04 = 0.72 5.12 = 0.98
5 20 7.24 = 0.32 6.50 + 0.33 6.71 = 0.70 6.63 = 0.71 6.44 + 0.69 6.46 = 0.60 6.48 + 0.53 6.74 = 0.73
40 8.49 + 0.35 6.51 = 0.32 6.65 = 0.73 6.60 = 0.58 6.47 = 0.79 6.47 = 0.58 6.50 = 0.55 6.64 + 0.84
60 9.92 + 0.59 6.57 + 0.29 6.86 = 0.49 6.88 + 0.53 6.51 + 0.81 6.50 + 0.59 6.53 + 0.67 6.88 + 0.52
80 11.37 £ 0.89 6.79 = 0.25 6.89 = 0.73 6.90 = 0.76 6.68 = 0.75 6.67 = 0.52 6.75 = 0.55 6.91 = 0.62
9 20 10.54 + 0.31 10.08 = 0.30 10.17 = 0.57 10.25 = 0.57 10.05 + 1.01 10.07 = 0.64 10.06 = 0.58 10.21 + 0.68
40 11.44 = 0.31 10.17 £ 0.29 10.28 = 0.36 10.34 + 0.56 10.15 = 0.89 10.14 * 0.69 10.15 = 0.61 10.23 + 0.73
60 1255 £ 0.46 10.36 = 0.28 10.40 = 0.34 10.63 = 0.52 10.27 + 0.81 10.2 = 0.78 10.31 + 0.64 10.41 = 0.58
80 13.74 = 0.71 10.65 = 0.27 10.56 = 0.43 10.61 + 0.49 10.40 = 0.75 10.39 = 0.72 10.42 += 0.88 10.59 + 0.54
Table 3
CV values in grey matter on T2-w axial images.
Noise level (%)  Bias field (%) Original N4 LSACM MICO IACM Proposed NIMS MFCM
1 20 16.41 + 0.51 16.37 + 0.56 16.41 = 0.81 16.40 = 0.71 16.33 + 0.32 16.32 + 043 16.35 = 0.66 16.43 = 0.45
40 16.77 + 048 16.31 = 0.57 16.73 = 0.75 16.48 = 0.65 16.30 + 0.46  16.34 = 0.51 16.36 = 0.62 16.68 + 0.32
60 17.35 = 0.54 16.41 = 0.55 1691 + 0.89 16.50 = 0.62 16.41 + 0.44 16.38 = 0.48 16.40 = 0.60 16.93 = 0.62
80 18.06 + 0.73 16.74 + 0.52 18.00 + 0.63 16.77 + 0.60 16.76 + 0.56 16.70 = 0.49 16.72 + 0.58 17.98 + 0.72
5 20 19.68 + 0.37 19.62 = 0.40 19.67 * 0.50 19.66 = 0.68 19.65 * 0.62 19.60 = 0.58 19.63 * 0.62 19.64 = 1.05
40 19.98 + 0.38 19.58 = 0.41 19.97 + 0.54 19.73 = 0.62 19.65 = 0.65 19.60 + 0.57 19.64 = 0.57 19.89 + 0.78
60 20.48 *+ 0.48 19.69 + 0.39 20.45 *+ 1.04 20.02 = 0.55 19.71 + 0.55 19.64 + 0.63 19.65 + 0.54 20.38 = 0.61
80 21.10 = 0.67 20.00 + 0.37 21.03 = 1.06 20.33 * 0.49 20.05 *= 0.63 19.93 + 046  19.92 *= 0.51 20.42 = 0.51
9 20 25.40 = 0.31 25.33 = 0.32 25.41 = 0.21 25.39 = 0.41 25.37 = 0.87  25.09 = 0.71 25.12 = 0.82 25.44 + 0.84
40 25.64 = 0.34 2532 + 0.32 2563 = 1.17 25.63 + 0.39 2538 = 0.79 25.15 + 0.68 2520 = 0.78 25.60 = 1.08
60 26.05 = 0.44 25.44 + 0.31 25.89 + 0.89 2591 * 0.37 2542 *+ 0.68 25.32 + 0.59 2538 = 0.75 25.88 *+ 0.91
80 26.55 = 0.61 2570 = 0.32 2592 * 0.60 2580 * 0.36 25.68 * 0.83 25.35 *= 0.81 25.40 = 0.71 2597 + 0.87
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Table 4
CV values in white matter on T2-w axial images.
Noise level (%)  Bias field (%)  Original N4 LSACM MICO IACM Proposed NIMS MFCM
1 20 7.46 = 0.79 7.26 = 0.49 7.40 £ 0.47 7.28 + 0.52 7.25 = 0.70 7.27 = 0.67 7.26 = 0.81 7.38 = 0.89
40 8.09 = 1.14 7.31 = 0.69 7.59 = 0.68 7.38 £ 0.38 7.26 = 0.64 7.25 = 0.75 7.28 + 0.84 7.98 + 0.83
60 8.92 + 1.48 7.54 + 0.92 7.85 + 2.71 7.55 = 0.31 7.47 = 0.71 7.45 + 0.77 7.48 + 0.83 8.12 + 0.83
80 9.85 = 1.81 8.12 + 1.26 8.96 + 2.90 8.36 = 0.30 8.16 + 0.84 8.06 = 0.81 8.09 + 0.87 8.16 + 0.87
5 20 17.61 = 0.23 17.46 = 0.27 17.51 = 0.85 17.58 + 0.64 17.48 = 0.90 17.45 = 0.55 17.44 = 0.45 17.99 + 0.45
40 1791 + 0.36 17.46 *= 0.25 17.77 + 1.13 17.66 = 0.58 17.51 + 0.87 17.41 = 0.76 17.40 * 0.43 17.98 + 0.43
60 18.33 £ 0.55 17.60 = 0.30 17.84 = 0.96 18.07 = 0.52 17.64 = 0.69 17.50 = 0.48 17.52 * 0.42 17.99 + 0.42
80 18.83 = 0.78 17.90 = 0.43 18.51 + 0.98 17.99 + 0.46 17.95 = 1.01 17.84 = 0.59 17.87 = 0.40 17.99 += 0.40
9 20 28.61 = 0.40 28.52 = 0.44 28.58 = 1.20 28.60 = 0.56 28.50 = 0.89 28.51 = 0.63 28.55 = 0.70 28.59 = 0.63
40 28.81 = 0.42 2854 + 043 2868 = 0.72 28.78 + 0.54 2858 + 0.62 2850 + 0.82 28.56 * 0.61 28.68 *+ 0.72
60 29.08 = 0.48 28.64 = 045 2875 = 0.64 28.79 * 049 2870 = 0.98 28.58 * 0.61 28.60 = 0.59 28.98 x 0.56
80 29.42 = 0.59 28.83 = 0.50 29.11 = 0.58 28.85 = 0.51 28.79 = 0.92 28.76 = 0.63 28.78 = 0.58 29.08 = 0.88
Table 5
CV values in grey matter on PD axial images.
Noise level (%)  Bias field (%) Original N4 LSACM MICO IACM Proposed NIMS MFCM
1 20 4.14 = 0.19 3.35 + 0.18 3.86 = 0.31 3.91 + 0.56 3.37 = 0.09 3.34 = 0.12 3.33 + 0.15 3.88 + 0.22
40 6.09 = 0.51 3.47 = 0.19 3.87 £ 0.17 3.99 = 0.54 3.41 = 0.12 3.42 = 0.10 3.44 = 0.18 3.86 = 0.20
60 8.11 + 0.83 3.60 = 0.20 3.88 = 0.17 4.01 = 0.55 3.56 = 0.17 3.55 = 0.14 3.58 = 0.19 3.87 = 0.19
80 10.03 + 1.15 3.71 += 0.21 3.89 + 0.39 4.09 + 0.57 3.56 + 0.18 3.57 = 0.11 3.58 + 0.25 3.87 + 0.20
5 20 6.96 = 0.12 6.68 = 0.14 6.80 = 0.11 6.80 + 0.25 6.62 = 0.20 6.62 = 0.15 6.63 = 0.18 6.82 = 0.16
40 8.28 + 0.37 6.71 = 0.15 6.81 = 0.17 6.83 = 0.21 6.63 = 0.19 6.61 = 0.18 6.64 = 0.20 6.83 = 0.17
60 9.87 = 0.67 6.71 = 0.15 6.80 = 0.12 6.85 = 0.19 6.67 = 0.21 6.64 = 0.19 6.65 = 0.12 6.85 = 0.14
80 11.51 + 098 6.78 + 0.12 6.81 + 0.21 6.89 + 0.17 6.70 + 0.16 6.65 + 0.14 6.68 + 0.13 6.88 + 0.24
9 20 10.97 = 0.13 10.78 + 0.12 10.86 = 0.12  10.88 =+ 0.22 10.73 = 0.11 10.74 = 0.09 10.76 = 0.14 10.89 x 0.19
40 11.86 = 0.29 10.82 = 0.14 10.86 += 0.11 1091 + 0.18 10.75 = 0.19 10.75 = 0.12 10.80 += 0.15 10.91 + 0.21
60 13.03 + 0.53 10.89 + 0.16 10.87 = 0.16 1091 =+ 0.16 10.76 + 0.21 10.78 + 0.14 10.81 = 0.18 10.96 + 0.18
80 14.33 = 0.81 10.96 + 0.12 10.88 = 0.15 1093 = 0.14 10.82 + 0.14 10.81 = 0.18 10.82 * 0.16 10.98 = 0.23

3. Results and discussion

The performance of the proposed methodology was extensively
evaluated on simulated and real brain datasets. The results were qua-
litatively analyzed by an expert radiologist. The performance of the
algorithm was compared with our previous approach, NIMS [13], an
FCM based methodology proposed by Ahmed et al. [79] addressed as
‘MFCM’, N4 method [23] and some recent retrospective correction
methods such as MICO [22] by Li et al., LSACM by Zhang et al. [30] and
an improved active contour method by Meng et al. addressed as ‘TACM’
[46].

The efficacy of the proposed methodology was evaluated through
various quantitative measures which include coefficient of variation
(CV) and coefficient of joint variation (CJV). An efficient intensity in-
homogeneity correction method is expected to reduce the intra-class
intensity variations while improving the inter-class intensity separation.
Coefficient of variation is a measure of the intra-class tissue intensity
variations alone and coefficient of joint variation provides details on the
inter-class separation. Here, both the measures are calculated with re-
spect to two distinct tissue regions S; (grey matter) and S, (white
matter) and are defined as follows,

cvisy =281
1(S) (40)
CIV(S,,S,) = g(S) +a(Sy)
1 (Sy) — u(S)! (41)

u and o represent the mean and standard deviation of tissue class
respectively. The quantitative results are assessed when the algorithm
was run on a Windows system with 4GB RAM and Pentium(R) dual-core
2.2GHz processor in MATLAB 2016a.
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3.1. BrainWeb simulated database

The BrainWeb database' [80] offers brain dataset generated
through an MRI simulator. The performance of the proposed metho-
dology was evaluated on BrainWeb datasets of T1-w, T2-w and PD
modality volumes of 181 x 217 x 181 dimensions with 1 mm slice
thickness. The ground truth segmentations are also available in the
database and were utilized for quantitative analysis.

The analysis was made for results obtained with 2D images of T1-w,
T2-w and PD modalities corrupted by 20%, 40%, 60% and 80% levels of
intensity inhomogeneity. The intensity inhomogeneity was introduced
in the images utilizing three different reference bias fields provided in
the dataset fields namely field A, field B and field C and were multiplied
to T1-w, T2-w and PD volumes respectively.

The intensity inhomogeneity corrected images obtained after the
application of the proposed methodology on three different modality
images are provided in Fig. 2. The first column of Fig. 2 shows the
original axial mid-slices of T1-w, T2-w and PD with 3% noise level
degraded by 40% intensity inhomogeneity. The second and third col-
umns of the same figure display the estimated bias field and final cor-
rected images of the corresponding original images shown in the first
column.

The tissue regions in the corrected images of Fig. 2 appear to be
more uniform in the intensity level in visual analysis after the appli-
cation of the proposed methodology which indicates a better correction
of the artificially introduced 40% inhomogeneity. The contrast between
different tissue regions is also enhanced after intensity inhomogeneity
correction which shows a reduction in the overlap of different tissue
region intensity levels caused by bias field. Moreover, significant re-
duction in the noise is also evident which can be attributed to the
sparseness constraint imposed in the framelet domain which has

! http://www.bic.mni.mcgill.ca/brainweb
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Table 6
CV values in white matter on PD axial images.
Noise level (%)  bias field (%)  Original N4 LSACM MICO IACM Proposed NIMS MFCM
1 20 3.72 = 0.51 3.11 = 0.21 3.69 = 0.23 3.70 = 0.48 3.06 = 0.19 3.08 = 0.26 3.12 = 0.18 3.66 = 0.19
40 5.22 = 0.97 3.12 = 0.18 3.70 = 0.24 3.78 = 0.47 3.10 = 0.22 3.12 = 0.28 3.12 = 0.21 3.71 = 0.21
60 6.84 + 1.41 3.12 = 0.21 3.70 = 0.24 3.82 = 0.49 3.18 = 0.18 3.17 = 0.29 3.13 = 0.24 3.72 = 0.16
80 8.40 + 1.81 3.14 = 0.20 4.13 = 0.54 3.92 = 0.53 3.19 = 0.19 3.18 = 0.30 3.14 = 0.17 4.09 = 0.27
5 20 7.46 = 0.25 7.26 = 0.06 7.44 £ 0.18 7.44 £ 0.22 7.21 = 0.13 7.22 = 0.10 7.25 = 0.10 7.38 £ 0.22
40 8.34 + 0.61 7.26 = 0.08 7.44 £ 0.18 7.47 = 0.19 7.22 = 0.15 7.23 = 0.11 7.26 = 0.12 7.40 = 0.21
60 9.47 = 1.03 7.27 = 0.06 7.45 = 0.18 7.48 = 0.17 7.25 = 0.14 7.25 = 0.11 7.26 = 0.09 7.42 = 0.15
80 10.67 = 1.44 7.28 = 0.09 7.70 £ 0.31 7.48 £ 0.16 7.26 £ 0.11 7.27 = 0.12 7.27 = 0.14 7.45 = 0.25
9 20 12.29 = 0.19 12.16 = 0.12 12.27 = 0.19 12.27 = 0.21 12.11 + 0.21 12.16 = 0.14 12.15 = 0.12 12.25 = 0.21
40 12.86 + 0.42 1216 = 0.15 1228 = 0.19 1234 * 0.19 1212 * 0.19 1217 = 0.16 12.15 = 0.15 12.26 * 0.22
60 13.64 £ 0.73 1217 = 0.16 1228 * 0.19 1232 = 0.17 1215 * 0.20 1217 = 0.14 12.16 = 0.18 12.26 * 0.19
80 14.52 = 1.07 12.18 = 0.19 12.31 = 0.27 12.40 *= 0.15 12.19 = 0.17 12.19 += 0.14 12.16 = 0.20 12.29 = 0.20

already proven to be effective in suppressing random noise [76].

It is observed from Fig. 2 that the estimated bias fields are smooth
surfaces that do not contain any anatomical details of the input images.
This directs to the efficacy in estimating bias field by approximating a
sparse representation in the Fourier domain. It is also worth to note that
the edges of the input images are well preserved in the corrected images
which could be attributed to the sparsity constraint imposed in the
framelet domain. This is due to preservation of the larger framelet
coefficients corresponding to edges and finer details during the L; norm
minimization. The advantages of sparsity constraint in the framelet
domain is twofold; it helps to recover the piecewise constant image and
also aids in noise removal.

The improved homogeneity in white matter tissue region after the
correction strategy is evident in the intensity profile plot given in Fig. 3.
The figure plots the intensity profiles along the selected line marked in
turquoise color, before and after correction in the simulated T1-w axial
image with 0% noise and 40% intensity inhomogeneity. The intensity in
the white matter region along the selected line in the original image
varies smoothly due to intensity inhomogeneity so that the maximum
intensity variation in white matter region (between 50 and 175 along
the x-axis) is around 25. This variation in the intensity with respect to
location has disappeared after the correction and the intensity level is
consistent around 115, suggesting a good correction for intensity in-
homogeneity. The singularities in the intensity at various distances
indicate the presence of tissue region boundaries and are not affected
by the correction. This clearly shows that the proposed correction
strategy is effective for intensity inhomogeneity correction while pre-
serving the edges and finer details in the input images.

The performance of the proposed scheme was compared against N4,
LSACM, MICO, IACM, NIMS and MFCM quantitatively in terms of CV
and CJV values. The comparison was made on original images at 20%,
40%, 60% and 80% intensity inhomogeneity levels for 1%, 3%, 5% and
9% noise levels. The comparison of CV values in Grey matter region
before and after the correction by various methods is given in Tables 1,

3, 7 for T1-w, T2-w and PD data respectively. Tables 2, 4, 8 provide the
comparison of CV in white matter tissue region on T1-w, T2-w and PD
simulated data respectively. The axial slices containing > 1000 pixels
were only considered for this CV calculation. The parameters for each
method are set with the default values specified in the corresponding
paper which are listed in Appendix B. The N4ITK bias field corrections
were performed in the 3DSlicer software (https://www.slicer.org)
which has an integrated N4 correction module.

It is clear from the Tables 1 to 6 that the CV values have been re-
duced when all the seven correction methods were applied. The overall
performance of the proposed methodology is comparable to IACM, N4
and NIMS. But, N4 produced a moderate performance at higher noise
levels. The performance of MICO at lower noise levels is comparable to
N4. For all the cases considered in the tables, a significant reduction in
the CV values has been observed for the proposed methodology in-
dicating a good correction. This indicates that the proposed metho-
dology reduces the intensity scatter in the white matter and grey matter
regions significantly. It is also verified from the quantitative analyses
that the methodology corrects for intensity inhomogeneity effectively
irrespective of the image modality. Moreover, the methodology has
maintained consistency in performance for distinct noise levels and has
shown superior performance in most of the cases considered. Hence, the
quantitative analysis in simulated brain data proves the efficacy of the
proposed method under higher noise levels and bias field.

The CJV values are compared in reference to white matter and grey
matter regions and are provided in Tables 7-9 respectively for T1-w,
T2-w and PD BrainWeb simulated data. It depicts that the proposed
methodology shows better performance in reducing the CJV values
compared to the other algorithms considered. The considerable reduc-
tion in the CJV indicates an improved separation in the intensity levels
of white matter and grey matter tissue regions. The same also amounts
to the improved contrast observed in the corrected images which was
already verified during the qualitative analysis. In some of the cases,
MFCM and LSACM have shown to increase the CJV while offering lower

Table 7
Coefficient of joint variation on T1-w axial images of BrainWeb dataset.
Noise level (%) Bias field (%) Original N4 LSACM MICO IACM Proposed NIMS MFCM
1 20 0.50 = 0.03 0.46 = 0.03 0.53 = 0.11 0.45 = 0.07 0.46 = 0.04 0.45 + 0.06 0.46 = 0.04 0.51 + 0.05
40 0.59 + 0.04 0.46 = 0.03 0.61 + 0.08 0.48 + 0.05 0.44 + 0.08 0.45 = 0.04 0.46 = 0.07 0.60 = 0.09
60 0.69 + 0.06 0.48 = 0.03 0.70 = 0.09 0.53 + 0.06 0.47 = 0.03 0.47 = 0.05 0.47 += 0.06 0.71 = 0.07
80 0.79 = 0.09 0.51 = 0.03 0.80 = 0.12 0.53 + 0.12 0.51 = 0.09 0.50 = 0.10 0.51 * 0.13 0.80 = 0.09
5 20 0.65 *+ 0.04 0.63 = 0.03 0.68 + 0.07 0.64 = 0.08 0.61 + 0.03 0.61 + 0.04 0.63 = 0.05 0.69 + 0.06
40 0.72 = 0.04 0.63 += 0.03 0.77 = 0.06 0.64 = 0.06 0.62 + 0.04 0.62 = 0.05 0.63 = 0.04 0.75 = 0.08
60 0.80 = 0.06 0.63 = 0.04 0.86 = 0.07 0.73 £ 0.12 0.64 = 0.06 0.63 += 0.04 0.64 + 0.04 0.81 = 0.09
80 0.88 + 0.09 0.64 + 0.04 0.92 + 0.06 0.74 = 0.15 0.63 + 0.05 0.62 + 0.04 0.63 *= 0.02 0.89 + 0.05
9 20 0.90 + 0.05 0.89 + 0.05 1.02 = 0.10 0.89 + 0.15 0.88 + 0.08 0.87 += 0.06 0.88 + 0.09 1.01 = 0.08
40 0.94 = 0.06 0.92 + 0.05 1.04 = 0.09 0.93 £ 0.15 0.88 + 0.06 0.89 = 0.08 0.90 + 0.07 1.02 = 0.06
60 1.00 = 0.07 0.93 + 0.06 1.06 = 0.09 1.02 + 0.14 0.90 + 0.06 0.90 + 0.09 0.94 + 0.08 1.05 = 0.04
80 1.07 = 0.09 0.94 + 0.06 1.11 = 0.18 1.07 = 0.14 0.92 + 0.08 0.91 *= 0.07 0.95 * 0.09 1.09 = 0.05
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Table 8
Coefficient of joint variation on T2-w axial images of BrainWeb dataset.
Noise level (%) Bias field (%) Original N4 LSACM MICO IACM Proposed NIMS MFCM
1 20 0.71 = 0.05 0.69 = 0.05 0.75 = 0.35 0.70 = 0.04 0.70 = 0.02 0.70 = 0.03 0.69 = 0.07 0.72 = 0.16
40 0.75 £ 0.06 0.70 = 0.05 0.76 = 0.19 0.72 = 0.04 0.74 = 0.04 0.70 = 0.06 0.70 = 0.07 0.75 = 0.09
60 0.80 * 0.07 0.72 * 0.06 0.86 = 0.21 0.71 = 0.04 0.74 + 0.07 0.72 = 0.04 0.73 = 0.07 0.87 = 0.14
80 0.86 = 0.08 0.76 = 0.07 0.89 = 0.24 0.71 = 0.05 0.73 = 0.08 0.72 = 0.06 0.74 = 0.06 0.88 + 0.04
5 20 1.06 = 0.06 1.04 = 0.05 1.13 = 0.20 1.03 = 0.06 1.02 = 0.09 1.02 = 0.05 1.04 = 0.09 1.15 = 0.18
40 1.10 = 0.06 1.05 = 0.05 1.16 = 0.11 1.03 = 0.06 1.01 = 0.05 1.02 = 0.08 1.04 = 0.08 1.15 = 0.16
60 1.15 = 0.07 1.08 = 0.06 1.19 = 0.10 1.03 = 0.06 1.02 = 0.07 1.04 = 0.04 1.06 = 0.08 1.21 = 0.09
80 1.20 = 0.09 1.12 = 0.06 1.24 = 0.09 1.03 = 0.05 1.02 = 0.10 1.06 = 0.07 1.10 = 0.08 1.23 = 0.15
9 20 1.58 = 0.09 1.55 = 0.08 1.67 = 0.22 1.49 = 0.10 1.47 = 0.13 1.46 = 0.09 1.54 = 0.16 1.68 = 0.12
40 1.63 = 0.10 1.57 = 0.08 1.70 = 0.16 1.49 = 0.10 1.48 = 0.15 1.47 = 0.15 1.55 = 0.11 1.69 = 0.17
60 1.68 = 0.11 1.61 = 0.08 1.77 = 0.15 1.49 = 0.09 1.48 = 0.15 1.50 = 0.14 1.62 = 0.12 1.79 = 0.16
80 1.74 = 0.13 1.66 = 0.09 1.80 = 0.14 1.50 = 0.08 1.48 = 0.15 1.50 = 0.07 1.63 = 0.10 1.81 = 0.09

Fig. 4. Intensity inhomogeneity correction on real T1-w images. [a, d] T1-w
axial original images of two randomly chosen patients, [b, e] Estimated bias
field in [a] and [d], [c, f] Corrected images of [a] and [d].

5 iterations of the AM scheme. The processing times on different
modalities were found to be almost similar when implemented with
same values for parameters. It was also noted that the average pro-
cessing time remained almost constant irrespective of the in-
homogeneity level in the input image.

3.2. HCP dataset

A detailed validation of the proposed methodology was carried out
on real brain MR images of the HCP dataset” [82]. The dataset contains
T1-w and T2-w structural MR images of healthy adults from a Siemens
Skyra 3T scanner. Scanning protocol details are provided in [83].

The results obtained after application of the proposed methodology
on real T1-w images are shown in Fig. 4. Fig. 4.a and Fig. 4.d are T1-w
mid-slices of two randomly chosen patient's data and the second
column shows the estimated bias field and corrected images after the
application of the proposed methodology is provided in the third
column. The images in the database were free from noises. From Fig. 4,
it is observed that intensities in various tissue regions of the corrected
images appear more identical compared to that of the original images.
This is clearly evident in the white matter regions of the T1-w image
provided in Fig. 4.c and Fig. 4.f.

Fig. 5 shows the results obtained on T2-w axial images of two dif-

Table 9
Coefficient of joint variation on PD axial images of BrainWeb dataset.
Noise level (%) Bias field (%) Original N4 LSACM MICO IACM Proposed NIMS MFCM
1 20 0.58 * 0.07 0.44 = 0.03 0.59 + 0.12 0.51 = 0.10 0.45 + 0.04 0.43 = 0.05 0.44 = 0.04 0.61 = 0.15
40 0.88 = 0.14 0.45 = 0.02 0.69 = 0.05 0.52 = 0.09 0.46 = 0.05 0.44 = 0.08 0.44 + 0.06 0.80 = 0.12
60 1.22 = 0.24 0.45 = 0.07 0.71 = 0.05 0.52 = 0.10 0.46 = 0.04 0.45 = 0.04 0.45 = 0.08 0.71 = 0.17
80 1.58 = 0.38 0.46 = 0.05 0.71 = 0.14 0.53 = 0.08 0.48 = 0.08 0.45 = 0.09 0.47 £ 0.05 0.72 = 0.12
5 20 1.06 = 0.09 0.95 + 0.06 1.08 = 0.09 0.94 = 0.09 0.98 + 0.08 0.92 + 0.08 0.94 = 0.07 1.00 = 0.15
40 1.29 = 0.16 0.97 = 0.08 1.25 = 0.07 0.95 += 0.07 0.99 + 0.05 0.93 = 0.11 0.96 = 0.10 1.06 = 0.09
60 1.58 = 0.27 0.96 + 0.08 1.54 = 0.08 0.95 + 0.08 1.01 = 0.07 0.94 = 0.13 1.00 = 0.04 1.08 = 0.14
80 1.91 + 0.42 0.97 + 0.10 1.58 = 0.19 0.94 = 0.09 1.00 = 0.10 0.94 = 0.15 1.01 = 0.08 1.35 = 0.19
9 20 1.73 = 0.15 1.53 = 0.14 1.75 = 0.16 1.58 = 0.12 1.51 = 0.12 1.50 = 0.09 1.52 = 0.12 1.55 = 0.09
40 1.94 = 0.24 1.54 = 0.13 1.90 = 0.19 1.61 = 0.10 1.54 = 0.12 1.51 = 0.11 1.52 = 0.14 1.58 = 0.17
60 2.20 = 0.37 1.54 = 0.12 2.01 = 0.17 1.60 = 0.14 1.55 = 0.13 1.52 = 0.12 1.53 = 0.15 1.58 = 0.21
80 2,51 + 0.57 1.54 = 0.11 2,51 = 0.26 1.62 = 0.12 1.58 = 0.09 1.53 = 0.14 1.56 = 0.13 1.97 = 0.26

CV values in white matter and grey matter regions. This observation
might be taken as an indirect evidence of the ineffective smoothing
strategy adopted for the estimated bias field [81]. The quantitative
results from Tables 1-6 pronounce the robustness of the proposed
methodology to noise. The proposed methodology provided the least
CJV in higher simulated noise levels. The results verify the property of
L; norm minimization of the framelet coefficients to suppress noise. The
sparse approximation of the corrected image in the framelet domain not
only helps to preserve the multiscale edges but also offers robustness to
noise. In this experiment, the algorithm was converged in an average of
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ferent randomly chosen patients' data provided in Fig. 4. It is observed
from Fig. 5 that the bias field estimated was found to be smooth and the
contrast between white matter and grey matter regions was improved
after the correction. Thus the efficacy of the proposed method for in-
tensity inhomogeneity correction in real data is verified visually. This
has been confirmed again by comparing the intensity profile plots of the
original data and the corrected data which is given in Fig. 6. It is

2 http://www.humanconnectome.org
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Fig. 5. Intensity inhomogeneity correction on real T2-w images. [a, d] T2-w
axial original images of two randomly chosen patients, [b, e] Estimated bias
field in [a] and [d], [c, f] Corrected images of [a] and [d].
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Fig. 6. Comparison of intensity profiles. Intensity profile plots of the original
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gend, the reader is referred to the web version of this article.)

Table 10
Coefficient of variation on HCP real dataset.
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observed that the variations in the white matter region before correc-
tion have been significantly reduced after the application of the pro-
posed methodology. It is also worth to note that the sudden variations
indicating the edges in the profile plot are preserved which could be
attributed to the sparsity constraint imposed in the framelet domain.

The CV values were calculated before and after the application of
the proposed methodology in order to evaluate the reduction in the
intra-class variations in white matter and grey matter tissue regions.
Table 10 shows the average CV values of the 30 selected image vo-
lumes. The corresponding box-whisker plot of the CV values is shown in
Fig. 7.

It is evident from Table 10 that there is an obvious reduction in the
average CV values after the application of all the seven algorithms
under consideration. And the proposed methodology has shown su-
perior performance in the correction in terms of CV values. The cor-
rection of high intensity variations visible in white matter tissue regions
in T1-w image by visual analysis has been effectively justified quanti-
tatively through the reduction of CV values in white matter. The
average CJV values between white matter and grey matter are also
tabulated in Table 11 and the same is depicted in box-whisker plot in
Fig. 8. It is clearly evident that the performance of proposed metho-
dology is found to be satisfactory and is better than other seven algo-
rithms considered in terms of both CV and CJV values. The AM algo-
rithm took an average of 4 AM iterations in the HCP dataset.

During the implementation of the proposed algorithm on both da-
tasets, u° and p were taken to be 3 and 2 empirically. The value of a was
considered to be Il.Z (r)Il; /1.7 ( b°)ll; where r is the input image and b is
the initial estimate of the bias field. The initial estimate b° is a Gaussian
low-pass version of the input image. A higher a value delivers a greater
degree of sparsity to the bias field in Fourier domain which in turn
improves the degree of smoothness. The iterations were stopped if

normalized mean square errors ”bﬁ;;ﬁk” ! S‘k:kl ;l;k” fall below
chosen thresholds, w;, and w; respectively. Both the thresholds were
chosen to be 102 for simulated and real datasets. This stopping cri-
terion was selected empirically by observing the satisfactory reduction
in CV and CJV values with respect to the ground truth image in simu-
lated database. The proposed algorithm requires only four predefined
parameters that are u°, p, wp and w,. The number of user-defined
parameters is significantly fewer and they don't critically control the
correction unlike the other algorithms considered. However, the pro-
posed algorithm is designed for inhomogeneity correction in 2D images
and therefore volume data will be processed only in slice-by-slice
manner. Further, framelet transform computations contribute to an
increased computational complexity. The computational complexity of
the algorithm increases with the size of the input image and rescaling
the input image may reduce the accuracy of the correction.

4. Conclusion

An effective retrospective correction method for intensity in-
homogeneity in MR images is proposed in this paper.

Input Bias field corrected data
N4 LSACM MICO IACM Proposed NIMS MFCM
T1-w GM 28.54 = 4.20 19.77 + 2.88 14.38 *= 1.02 12.25 = 0.62 15.48 + 1.30 12.08 + 0.82 13.67 = 1.14 20.65 = 1.45
WM 24.26 + 3.67 12,51 = 2.59 896 + 1.41 8.87 + 1.98 11.60 = 1.31 8.05 = 0.73 9.50 = 1.14 16.26 = 2.75
T2-w GM 30.97 + 3.64 21.21 + 3.40 20.57 + 2.19 20.46 + 2.45 21.77 = 2.46 15.75 * 1.49 17.66 + 2.26 25.27 = 3.29
WM 33.65 = 5.00 27.40 = 4.52 19.92 + 2.82 22.48 = 3.11 22.20 = 2.49 18.34 + 2.93 20.04 = 2.70 30.37 = 3.82
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Fig. 7. Box-whisker plot of average CV. Row 1: CV in percentage for grey matter (left) and white matter (right) in T1-w images, Row 2: CV in percentage for grey

matter (left) and white matter (right) in T2-w images.

Table 11
Coefficient of joint variation on HCP real dataset.

Input Bias field corrected data
N4 LSACM MICO IACM Proposed NIMS MFCM
T1-w 2.84 = 0.57 1.61 = 0.30 1.22 = 0.28 0.98 + 0.08 1.21 = 0.14 0.80 = 0.11 0.91 = 0.14 1.94 = 0.28
T2-w 1.41 = 0.22 1.27 = 0.18 1.07 = 0.14 1.16 = 0.12 1.02 = 0.11 1.03 = 0.10 1.17 * 0.10 1.33 = 0.18

The proposed methodology was evolved from a primitive energy
minimization model for intensity inhomogeneity correction. In the
proposed methodology, the primitive model is suitably modified to
accomplish effective intensity inhomogeneity correction by considering
sparsity constraints in appropriate transform domains. Intensity in-
homogeneity problem is formulated in an optimization framework that
seeks decomposition of the acquired image into a piecewise constant
corrected image and a smooth bias field with sparsity constraints. The
sparsity constraints are imposed based on the known spatial properties
of bias field and true image. The sparse representation under a tight
framelet system realized with L; norm minimization can effectively
impose piecewise constant nature in the corrected image while pre-
serving the multi-scale edges. Further, the spatial smoothness of the
bias field ensures a sparse representation in the Fourier domain and
hence L; norm minimization of the Fourier coefficients enforces to
obtain slowly varying bias field.

The corrected image is assumed to have a sparse representation in
the framelet domain as it imposes piecewise constant nature while
preserving the multi-scale edges. The bias field is known to be spatially
smooth and therefore is expected to be sparse in the Fourier domain. In
the proposed methodology, the optimal sparse solutions for corrected
image and bias field in the suitable transformed domain are realized by
L; norm minimization. The proposed constrained optimization problem
which is convex is efficiently solved by the linearized augmented
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Lagrangian method. Thus ill-posed problem of intensity inhomogeneity
correction is solved effectively with only sparsity constraints avoiding
the need for any predefined specifications or parametric models that are
critically controlled by user-defined parameters.

The performance of the proposed algorithm was evaluated quanti-
tatively on simulated BrainWeb dataset through CV in white matter and
grey matter regions in T1-w, T2-w and PD modalities. The results va-
lidate the reduced intra-class variations in the intensity levels observed
in the qualitative analysis. A considerable reduction in CJV values was
also noticed irrespective of the image modality and the inhomogeneity
level. It is observed from the quantitative validation on the simulated
dataset that the proposed algorithm offered better performance in terms
of CV and CJV values when compared with some of the distinguished
algorithms for intensity inhomogeneity correction. The proposed
methodology maintains consistency in the performance irrespective of
the noise level unlike the some of the other methods considered. The
sparisty constraint imposed in framelet domain to enforce the piecewise
constant nature inherits to suppress noise while preserving multi-scale
edges. This justifies the consistent performance at higher noise levels as
observed during the experimental analysis.

The proposed algorithm delivered a satisfactory correction for in-
tensity inhomogeneity in real human brain MR dataset. The quantita-
tive results in terms of CV and CJV prove that inter-class separation is
improved and intra-class intensity variations are also reduced after the
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correction. The proposed algorithm produced the lowest CV and CJV
values during the performance comparison with other algorithms in

both T1-w and T2-w modalities. It is worth to note from the intensity

Appendix A. Tight framelet system

Magnetic Resonance Imaging 61 (2019) 207-223

profile analysis of the corrected image in real data that the framelet
norm constraint has helped to obtain a piecewise constant image
without diminishing the edges in the image. And the smoothness has
been achieved without assuming any parametric model to the bias field
that required critical parameters to be defined. The methodology re-
quires less number of user defined parameters and the impact of the
parameters on the accuracy of intensity correction is significantly re-
duced compared to the other distinguished algorithms considered.
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Images have sparse approximations under certain tight frame systems such as curvelets, framelets, Gabor transform, translation invariant wa-
velets etc. Sparsity under suitable tight frame systems have been utilized in various image restoration applications [84-86]. Tight frames form
redundant orthogonal bases in R". The redundant nature of the tight frame facilitates robustness againt noise and partial loss of data. Let the analysis
and synthesis operators of a tight frame be D and D" and they must satisfy the criteria DD = I.

A countable set X C L%(R) is a tight frame if

f=3 (f.@)0vfe PR)

dex

where, <, is the inner product of L%(®). For a finite set of generating functions, W : = {ya,y>, ...

dilations and shifts as follows;

X(®): =229 (2l — k)1 <1< m;j,k €z}

(A1)

JWnt C L3(R), the wavelet system defined by

(A.2)

X(W) is called a tight wavelet frame if it forms a tight frame of L*(R) and each y is called a framelet.
A set of framelets can be constructed from a compactly supported refinable function ¢ which is a scaling function and refinement mask z,

satisfying,

¢ 2w) = 146 (w)

(A.3)

where, ¢ represents the Fourier transform of ¢ and 7, is a polynomial satisfying 7,(0) = 1 which implies it to be a lowpass filter. If a refinable
function ¢ is known, then the finite set W in Fourier domain that forms the tight framelet system satisfies the following for some 2s-periodic Ty

P (2w) = 1p¢ (W)

(A.4)

By unitary extension principle, the following criteria also has to be satisfied to construct tight wavelet frame,

(@)@ + y7m) + ), 1y Ty (@ + ym) =6() ¥y = 0,1
1

(A.5)

The above equation insists {z,,} to be a high pass filter. In a framelet system, an image can be considered as the coefficients obtained {y; =
&y, ®( — 1)Y/?}. The framelet decomposition of the image at a level L consists of the coefficients, {<y, 22 ®(2L- — j)>}. Therefore, the L—level
decompisition of the image will have the coefficients, {<y, 212 q/i(2l~ -jP,l=sis< n®> — 1} for 1 < [ < L. This composition can be realized into a
linear operator W € R**" satisying W'W = I and the row vactors of the analysis operator form a tight frame system in R". The derivation of W from
the filters associated a framelet is provided below.

Considere a vector a = [aop,a;,0as,.... ay] of length N. Here, W which is a Toeplitz-Hankel matrix is derived assuming the Neumann boundary
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conditions. Let there be K filters associated with the framelet system denoted by {h;};— X ~'. The analysis operator W is formed from a set of Toeplitz-
Hankel matrices of the associated filters denoted by {Q;};— o<~ '. Where, Q; = Toeplitz — Hankel (h,).
The Toeplitz-Hankel matrix for a filter g = [g_n,§—N+1,---&0> --- »&N—1,&n] is defined by,

Toeplitz—Hankel (g) = Hankel () + Toeplitz (g) + Hankel (g,)

[& - &
Hankel (g) =] : -
| 8v 0
o .
Hankel (g,) = IR
(g 8
[ & 81 v &n+2 &N
& 8 7 8-nN+3 8-nN+2
Toeplitz (g) = | : Yoo :
8v—2 8v-3 0 & 81
| 8v-1 8n—2 1 & 8o (A.6)

Therefore, for the vector a under the perfect reconstrunction of the framelet transform,

a= Z Q"Qia a7

A piecewise linear B-spline framelet formation is provided in [69] for which the refinement mask 74 (w) = cos? (%) The lowpass filter corre-

sponding to this refinement mask is hy = %[1, 2,1].And the framelets 7, = —% sin (w) and 7y, = sin? (%) are highpass filters given as by = % [1,0,—1]

and h, = %[—1, 2,—1].The analysis opertor W of this framelet system can be obtained from hy, h;, h, by procedure descibed above.
Appendix B

The performance of the proposed method was compared with some of the recent retrospective methods. This section lists the parameters utilized
for all the other algorithms considered in the performance comparison. For a fair comparison, the methods requiring contour initialization have been
set using K-means algorithm

N4

The N4 bias field corrections were performed in the 3DSlicer software (https://www.slicer.org) which has an integrated N4ITK MRI Bias cor-
rection module. The default parameters of N4 in the slicer software were utilized for corrections in simulated and real brain datasets. The following
screenshot shows the defaults parameters for N4 in the Slicer software followed by detailed description of the default values.

@ 3DSlicer
P Help & Acknowledgement
F

¥ M4 Parameters
BSpline grid resolution i i
Spline distance 0.00 (Used only if the grid resolution is not listed) (5
Bias field Full Width at Half Maximum | g.00 (Zero implies use of default value 0.15) =
¥ Advanced N4 Parameters
Mumber of iterations 50,40,30
Convergence threshold | ,0001 :
BSpline order 3 :
Shrink factor 4 =
Weight Image Mone =
Wiener filter noise 0.00 (Zero implies use of default value 0.01) =
Mumber of histogram bins | o (Zero implies use of default value 200) = -

Status: Idle
Restore Defaults ’ AutoRun A Cancel i Apply

Fig. B1. N4ITK panel with default parameters in the 3D slicer software.
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The spline distance is used only when the grid resolution is not specified. The value of Bias field Full Width at Half Maximum, Wiener filter noise
and Number of histogram bins are set to zero to imply the use of default values which are 0.15, 0.01 and 200 respectively.

N4 default parameters in slicer software:

= BSpline grid resolution: This parameter is a sequence of three numbers that specify the initial bspline grid resolution. The actual resolution will
be defined by adding the bspline order (3) to the resolution which results in a 4 X 4 X 4 grid of control points here.

m Spline distance: This parameter refers to the distance between the control points and is used only if the grid resolution is not listed.

= Bias field Full Width at Half Maximum: This parameter is set as zero to imply use of the default value (0.15).

m Advanced N4 Parameters:

= Number of iterations: Maximum number of iterations at each level of resolution.
= Convergence threshold: The stopping criterion for the iterative algorithm.

= BSpline order: Order of B-spline used in the approximation.

m Shrink factor: Defines how much the image should be upsampled before estimating the inhomogeneity field.

= Weight Image: Weight Image

= Wiener filter noise: Wiener filter noise. Zero implies use of the default value.
= Number of histogram bins: Number of histogram bins. Zero implies use of the default value.

Slicer code for N4ITK  with  detailed description

is

available  at  https://framagit.org/OpenAtWork/Slicer/blob/

465f34f241ca219b24080a8b84ef10a7587264ef/Applications/CLI/N4ITKBiasFieldCorrection/N4ITKBiasFieldCorrection.xml
The default parameters were utilized for the other six algorithms which are listed below;

Method

Parameters and values

LSACM

Time step for level set evolution At

Time step for regularization At; = 1

e=1

Region scale parameter p = 6
Maximum number of iterations = 15

MICO
e=0.
N=3
q=1
A
§=3

NIMS

M = 20

001

_ (M+N)
- 6

kg = 0.55

My, Np =

MFCM
p=2

a=0.

7

where M,N are the input image dimensions

Max (M,N)
4

Nr = 9 (3 x 3 window)
e =0.01

Proposed
o=

=3

w, = 1072
w, =103

IACM
B=o.

m=4

e =0.001

02

L=15

y=1

v =100
Patch size = 3 X 3
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