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Abstract

Using multi-atlas registration (MAR), information carried by atlases can be transferred onto a new
input image for the tasks of region of interest (ROI) segmentation, anatomical landmark detection,
and so on. Conventional atlases used in MAR methods are monomodal and contain only normal
anatomical structures. Therefore, the majority of MAR methods cannot handle input multimodal
pathological images, which are often collected in routine image-based diagnosis. This is because
registering monomodal atlases with normal appearances to multimodal pathological images
involves two major problems: (1) missing imaging modalities in the monomodal atlases, and (2)
influence from pathological regions. In this paper, we propose a new MAR framework to tackle
these problems. In this framework, a deep learning based image synthesizers are applied for
synthesizing multimodal normal atlases from conventional monomodal normal atlases. To reduce
the influence from pathological regions, we further propose a multimodal low-rank approach to
recover multimodal normal-looking images from multimodal pathological images. Finally, the
multimodal normal atlases can be registered to the recovered multimodal images in a multi-
channel way. We evaluate our MAR framework via brain ROI segmentation of multimodal tumor
brain images. Due to the utilization of multimodal information and the reduced influence from
pathological regions, experimental results show that registration based on our method is more
accurate and robust, leading to significantly improved brain ROl segmentation compared with
state-of-the-art methods.
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[. Introduction

USING multi-atlas registration (MAR), information carried by atlases can be transferred
onto a new input image for tasks such as segmentation [1]-[3], landmark detection [4], and
surgical planning [5]. Atlases adopted in MAR methods are generally obtained from
monomodal normal images (e.g., T1-weighted MR images of normal brains) [6]-[9]. Thus,
the majority of MAR methods cannot be applied to multimodal pathological images. This is
because registering monomodal normal atlases to multimodal pathological images involves
two major problems: (1) missing imaging modalities in the monomodal atlases, and (2)
influence from pathological regions because of lacking correspondence between
pathological and normal regions. However, multimodal pathological images are often
collected in routine image-based diagnosis. For example, T1-weighted, T1 contrast-
enhanced (T1c), T2-weighted and FLAIR MR images are usually acquired for patients with
brain tumors.

One way to deal with the problem of missing imaging modalities is by discarding the
modalities that are not available in the monomodal atlases, but at the cost of losing useful
information. An alternative is to use cross-modal similarity metrics such as mutual
information (MI) [10] and normalized mutual information (NMI) [11] for cross-modality
registration. However, unlike monomodal similarity metrics, such as the mean squared
difference of image intensity, local anatomical similarity cannot be directly or efficiently
calculated with MI or NMI [12].

To reduce the influence from pathological regions, Brett et al. [13], [14] proposed a cost
function masking (CFM) strategy to exclude pathological regions from registration, and
registration is driven only by normal regions. Gooya et al. [15], [16] synthesized
pathological regions (i.e., tumors) in a normal brain atlas to make the brain atlas similar to
the input tumor brain image, facilitating subsequent registration. Liu et al. [17], [18] used a
method called Low-Rank plus Sparse matrix Decomposition (LRSD) [19] to recover
normal-looking brain image from the input tumor brain image. Then typical image
registration methods [20]-[24] can be used to register normal brain atlases to the recovered
normal-looking image.

In this paper, we propose a new MAR framework to solve the two aforementioned problems
in traditional MAR methods, which have not been well addressed in the literature. Our MAR
framework can handle multimodal pathological images based on conventional monomodal
normal atlases. In our framework, deep learning based image synthesizers are introduced to
produce multimodal normal atlases from conventional monomodal normal atlases. Then
based on the resulting multimodal normal atlases, a multimodal low-rank method is further
proposed to recover a multimodal normal-looking image from the input multimodal
pathological image. Finally, the multimodal normal atlases are registered to the recovered
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multimodal image in a multi-channel way, where each channel operates one modality guided
by monomodal image similarity metric. In our MAR framework, the multimodal low-rank
recovery and the multi-channel registration are iteratively refined until convergence. We
demonstrate the effectiveness of our MAR framework via segmentation of brain region of
interest (ROI) in multimodal tumor brain images. The experimental results indicate that
segmentation is significantly improved compared with state-of-the-art methods.

Methods

Since brain tumor is a common brain disease, and multimodal MR tumor brain images are
usually captured for patients with suspicious brain cancer syndromes, our MAR framework
is formulated for multimodal MR tumor brain images. By default, each multimodal MR
tumor brain image has four modalities: T1, T1c, T2 and FLAIR, denoted as

=T 10110 T2 TFLAIR)- The monomodal brain atlases adopted in our framework are

N T1-weighted MR normal brain images, denoted as «. -.,, /=1, ..., N. An overview of our

i T
framework is shown in Fig. 1.

Our MAR framework consists of three main components. The first component contains
CycleGAN [25] based image synthesizers, which synthesize the brain atlases of missing

modalities, i.e., o . ;1) and o, i FLAIR’ from o . LTI =1, ..., N, resulting in the

o

i, Tlc?

multimodal brain atlases o= {d. o d

LT J, /=1, ..., . This component

i, Tlc? i, FLAIR
is needed to be executed only once. The second component uses a low-rank method called
multimodal SCOLOR (Spatially COnstrained LOw-Rank), which is an improvement of our
prewously proposed method [26], to recover multimodal normal-looking image

={7. 1> T Tie g 12T FLAIR} from the input multimodal tumor brain images I based on

i, T2

the information provided by o, /=1, ..., . The third component involves multi-channel
image registration of the multimodal brain atlases «,, /=1, ..., N'to the recovered

multimodal image 7, where each channel operates one modality using monomodal image
similarity metric. The multimodal SCOLOR based image recovery and the multi-channel
image registration components are iteratively proceeded to refine the image recovery and
registration results until convergence (illustrated by the two blue arrows in Fig. 1). Details
on each component are presented next.

A. CycleGAN based image synthesizers

We use CycleGAN [25] to get multimodal brain atlases by synthesizing missing modalities
from available monomodal brain atlases. CycleGAN is a special kind of generative
adversarial network (GAN). Conventional GAN [27] consists of a generator G: X+—— Y
which is responsible for synthesizing image y € Yfrom image x € Xand a discriminator D
which is responsible for discriminating the synthesized images G(x), x € X, from the images
in Y. Gis typically a fully convolutional network (FCN) [28], and D s a convolutional
neural network (CNN) [29]. Given a set of training data X'= {x, ..., Xpz} (from the reference
modality) and Y'={)A, ..., ¥m} (from the desired modality), the objective function of GAN
is

IEEE Trans Image Process. Author manuscript; available in PMC 2020 June 17.



1duosnue Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Tang et al.

Page 4

Zean(G. D, X, Y) = mGin m[z)lx([Eyi c Y(log(D(yi))) (€D)]

+E, e x(log(1 = D(G(x)))) -

To minimize (1), G should produce synthetic images G(x) that cannot be discriminated by D
from images in Y. On the other hand, Dtries to reject all synthetic images produced by G,
i.e., D(G(X)) = 0. The optimization process consists of two steps. In the first step, the
discriminator D is updated by stochastic gradient ascent

1

Vﬁi

(log(D(y;)) + log(1 = D(G(x}))))- ()

Mz

1

In the second step, the generator G is updated by stochastic gradient descent

1
M .
i

M=

Vaz 2 (log(l =D(G(x)). ()

1

These two steps are iterated until convergence, i.e., the discriminator D cannot differentiate
the synthetic images G(x) from the images in Y. GAN requires paired training data to make
G(x;) have consistent image content with x; However, paired normal brain images of
different modalities are usually unavailable. Therefore, we use CycleGAN, which only
require unpaired training data. The CycleGAN can be regarded as a combination of two
GANSs. Given a set of unpaired training data X = {%1, %M} of the reference modality and

Y = {3,.....5,,] of the desired modality, One GAN (G and D) is created for X — Y, and the

other GAN (G, and D) is created for ¥ — X. The objective function of CycleGAN is
defined as

< (G,G,D,D,Y,?): min max ( 4)
CycGANN-1° 2221 =2
GI’GZ DI’D2 s
Z6an(G1: D1, X, Y)
+ ZGan(Ga Dy, Y. X)

+ % (G, Gy)

where £, (G, D1, X.Y) and Z , ((G,. D,. Y, X) are two GANS defined in (1), Aisa

weighting factor, and EZCYC(GI, GZ) is the cycle consistency loss which is defined as
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ZeyelG1:Gy) = [Eyl. e 7<‘|G1(G2(yi)) - yi” 1) ©)
+ [Exl. c Y(|‘G2(Gl(}i)) - ii”l) :

The cycle consistency loss encourages G,(G,(5;)) = 5; and G,(G,(;)) = X,, therefore it

prevents images in X from mapping to random images in Y.

We construct three CycleGAN image synthesizers, each of which is used to synthesize the
brain atlases of one of the three missing modalities (i.e., T1c, T2 and FLAIR) from available
T1-weighted brain atlases. Three training datasets, each containing images from the
available modality (i.e., T1) and one of the desired modalities (i.e., one of T1c, T2 and
FLAIR) are used to train the image synthesizers. Ideally, these training datasets should be
collected from normal brain images. However, normal MR brain images with all four
modalities are rare. For example, the T1c modality is only used for tumor cases. Therefore,
we create these three training image datasets based on a tumor brain image dataset called
BRATS2015 [30]. In BRATS2015, the multimodal MR image of each subject has T1, T1c,
T2 and FLAIR modalities. For each modality, 1000 image slice sections containing only
normal brain regions, are extracted from 100 subjects in BRATS2015. Each image slice
section has three consecutive 2D image slices in an MR image. Based on the resulting four
sets of image slice sections, the three training datasets, i.e., (T1, T1c), (T1, T2) and (T1,
FLAIR), can be created and used to train each CycleGAN based image synthesizer. In the

testing stage, for each T1-weighted MR normal brain atlas «/; 1, /=1, ..., , every image

slice section in ;1 is proceeded by the three CycleGAN based image synthesizers to

produce synthetic image slice sections of respective modalities. Then center slices of the
resulting synthetic image slice sections of each modality are stacked into the final synthetic
brain atlas of the corresponding modality. In this way, the multimodal brain atlases of four

modalities ;= {/, 11, 110 ;12 %; pLa)» 7= L, -, N can be obtained. Fig. 2 shows

an example of a multimodal brain atlas, which has T1, T1c, T2 and FLAIR modalities. It is
worth noting that, except the T1 modality which is real, the other modalities are synthetic.

B. Multimodal SCOLOR based image recovery

We represent a set of MR brain images of the same modality as a matrix
I=1,...1y] € R > W with each image in a column. Wis the number of images, and His

the number of voxels in each image. Conventional low-rank methods, e.g., Low-Rank plus
Sparse matrix Decomposition (LRSD) [19], can recover a low-rank matrix

I=1,....7,) € R *W from I by minimizing the following function:

min(lZ = Ill, + ANI|l.) . (6)
1
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The first term of (6) is the residual error constraint, which is a L1 norm of residual error
I—1, encouraging T to be close to |. The second term is the low-rank constraint, which is a
nuclear norm of 7, preventing T having large rank. If images in | contain tumor regions, the
rank of | will be larger than the case that | is comprised of normal brain images. This is
because tumors usually have inconsistent image appearances and locations. Therefore, tumor
regions in | are recovered by normal-looking brain regions in T to make 7 satisfy the low-
rank constraint. In this way, if an MR brain image /; € | contains tumors, ?l. elisits

corresponding recovered image of normal-looking brain. To achieve effective recovery of
tumor regions, the residual error constraint has to be relaxed to allow large difference
between | and 1, i.e., large residual error I — 1. Since the residual error constraint is equally
imposed on the whole images in | regardless of tumor regions or normal brain regions,
effective recovery of tumor regions is always at the cost of seriously distorted normal brain
regions in recovered images.

To effectively recover tumor regions and avoid introducing distortion to normal brain regions
in the recovered image, in our previous study, we proposed a low-rank method called
spatially constrained low-rank (SCOLOR) [26] for image recovery. Unlike conventional
low-rank methods, a tumor mask is introduced to impose different residual error constraints
on tumor regions and normal brain regions. Specifically, weak residual error constraint is
imposed on tumor regions for effective recovery, whereas strong residual error constraint is
imposed on normal brain regions for good preservation. The objective function of SCOLOR
is

min||1 - €) © I = DIz + Al @)

1,C
+a z P, -C,..

1<h<HI <Ww
th, kW|Chw - Ckw|

+p
1 Sw<Ww

IN
A
=

M

IN

h,

1
T

<

where1e R1*W 1, =11< h< H 1< ws W, € e R *W is the tumor mask whose
elements Cy,, are equal to 0 (normal brain regions) or 1 (tumor regions). Therefore, only the
residual error of normal brain regions is restricted by the first item (Frobenius norm). The
second item is the nuclear norm which is the same as the conventional low-rank methods,
e.g., LRSD. The third and fourth items are constraint and regularization terms for the tumor
mask C. Specifically, P € R * W in the constraint term is the probability map of normal
brain regions, and it has large values in normal brain regions and small values in tumor
regions. C is constrained by P, which will be discussed later. W e R X W) X (X W) jq o
adjacent matrix, and its element W, 4, = 1 means Cp,, and Cy, are adjacent to each other,
otherwise Wp,,, 4= 0. So the regularization term encourages adjacent elements in C have
the same label (i.e., 1 or 0). In this paper, for each element in C, its adjacent elements are set
to be within its 1 voxel radius (i.e., 26-voxel neighborhood) in the same image (3D space),
which corresponds to the same column of C. Optimization of (7) is composed of two steps.
In the first step, T is updated with fixed tumor mask C, then (7) becomes
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minf|(1- €)@ = DIy +AlI|l.. (8)
1

(8) is a matrix completion problem which can be solved by soft impute method [31]. Based
on the result of (8), the probability map of normal brain region P can be obtained by

ol |1 =T =71 =17
P, o= e 2 ©)

where r, (I - 11) is the average absolute residual error in 3x3x3 image patch centered at the

A" voxel (i.e., row) in the Wi image (i.e., column) of absolute residual error I — 1. It is
worth noting that both r, (11 - 1) and (= 11) are calculated in 3D image space where

each column of 17 — T is reformed as a 3D image. The definition of P is based on the
observation that tumor regions usually have inconsistent positions and big values in 17 — 11,
while normal brain regions usually have consistent positions and small values in 17 —1I.
Therefore, the value of P is larger in normal brain regions than in tumor regions. In the
second step, C is updated with fixed 7, then (7) can be rewritten as

. ~ 2
min z (aPhw - (Ihw - Ihw) )Chw (10)
Cl<h<Hl<sws<W
+5 Z th, kw|Chw - Ckw| te
1<hk<HIZ<wW

where eis a constant. Element in C, i.e., Cp,, tends to be 0 (normal brain regions) when Py,
is larger and 1 (tumor regions) when Py, is smaller. This is because large Py, indicates

. . . . A~ 2.
normal brain region, and the corresponding square residual error (I, 1, ) is usually

small. In this way, the first item of (10), i.e., (aP,, — I}, - ?hw)z), is of high probability to

be positive, which encourages C,, to be 0. While small P, means tumor region, whose
corresponding square residual error is usually large, making the first item of (10) be
negative. So Cy,, is encouraged to be 1. (10) is in the form of Markov random field and can
be solve by graph cut method [32]. These two steps are iterated until convergence, for
obtaining recovered images 1. It is worth noting that, in the first iteration, all elements in C
are set to 0. Therefore, SCOLOR is identical to conventional low-rank methods. As the
iteration goes, C is refined based on the square residual error from previous iteration. Since
the objective function of SCOLOR (7) decreases in each step and has a low bound, the
convergence of SCOLOR is always guaranteed.

Original SCOLOR proposed in [26] accepts monomodal images only. In this paper, we
improve the original SCOLOR to make it work in the context of multimodal images. The
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new SCOLOR is denoted as multimodal SCOLOR. In our MAR framework, the multimodal
SCOLOR is responsible for recovering the multimodal normal-looking image
T =T 11 T 110 T 72 T par) from the input multimodal tumor brain image

T =T 11T 110 7 120 T FLAIR) based on the information of multimodal brain atlases

&i:{&i o A ol

1

ot Ymie @t Y FLAIR}, i=1, ..., N. Specifically, the objective function of the

multimodal SCOLOR is defined as

. 1 = 2 7
min m%‘ama = 0) 0 Tyoq = Lol + Al egll) (1)

mod’C
+a P -C.
I<h<HT<w<Ww
+p Z th, kw Chw - Ckw
L<hk<Hl<w<w
- - _ HX(N+1)
where input matrices 1, o =7 o) oDy mod| € R ,mod € {T1, T1c, T2,

FLAIR}, Imod| is the number of possible modalities, and here |mod| = 4. Similar to the
original SCOLOR defined in (7), optimization of (11) consists of two steps: one is the
matrix completion problem which can be solved by soft impute method

1 5 2 S
?mmmmzodum =) O Uppoq = Lol + Al gl ). (12)

mod

and the other is the graph cut problem

. , 1 - 2
min( Z (aPy,, — fmod| Z Ty, mod = Tiw, mod) Wy (13)
C 1<h<HISw<N+1 mod

+p Z th,kw|Chw_Ckw| +e)
1<hk<HI<w<N+1

where | 4moq and ihw mod &re values at the /th row and uth column of the input matrix and

the low-rank matrix of each modality, respectively. P” is the probability map of normal brain
region, which is defined by

5 52
{ _ z:mod(rhw(|lm0d - Im0d|) B rhl(llmod B Im0d|))
P/ - e 2|m0d| . (14)

The two steps of the multimodal SCOLOR are iterated until convergence, and each modality
in the recovered multimodal normal-looking image 7 = {7 ;. Ty 7 19 7 pramr) 1S at the
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first column of the corresponding low-rank matrix 1, 4 =7 - nodr -+ ¥ N moal» MO

mod’
€ {T1, Tlc, T2, FLAIR}. It is worth noting that, the first column of | ,oq is the tumor brain
image, and the rest columns are normal brain atlases. Thus, only the first column of C is
needed to be calculated using (13), and the values for the rest columns of C are all 0, i.e.,

normal brain regions.

The core of SCOLOR is the tumor mask C, by which tumor regions can be effectively
recovered without distorting normal brain regions in the recovered image. In essence, the
accuracy of the tumor mask heavily depends on the intensity difference between tumor
regions and normal brain regions in the input images. If tumor regions have discriminative

image intensity from normal brain regions, (I, - ?hw)z in (10) and

Imlmzmod(lhw, mod ~ Ihw, mo
Chu be prone to 1 (tumor regions). Comparing with (10) proposed in original SCOLOR,
which is based on mono-modality, (13) utilizes multi-modality to calculate the tumor mask.
Usually, tumor regions can be more easily discriminated from normal brain regions using
multi-modality than mono-modality. Therefore, the resulting tumor mask calculated based
on multi-modality could be more accurate and reliable than that using mono-modality. With
improved tumor mask, tumor regions can be more effectively recovered and normal brain
regions can be better preserved in the resulting recovered images.

d)z, mod € {T1, Tlc, T2, FLAIR} in (13) will be large, making

C. Multi-channel image registration

At this stage, we have the multimodal brain atlases </, = {d o o

i1 e 12 praw ) =
1, ..., Nfrom the Cycle-GAN based image synthesizers and the recovered multimodal image

of normal-looking brain 7 = (7. 71 T 1 T g arr} frOm the multimodal SCOLOR
based image recovery. Thus, each atlas <, can be registered to Z in a multi-channel way,

where each channel operates one modality. We choose SyN [20] to do multi-channel
registration, which uses the monomodal similarity metric mean squared difference (MSD).
The objective function of the multi-channel SyN is

o ( 1
min }H

(T mod®  (15)
d, = mode (TLTIC T2FLAIR
1

xeQ

2
— o oad, =)
l

where dd 5 is the deformation field warping </, to 7, Q is the whole image, and His the
number of voxels in an image.

In our MAR framework, the multimodal SCOLOR based image recovery and the multi-
channel image registration components are iteratively proceeded to mutually refine their
results until convergence. Specifically, in the " iteration, the original multimodal brain
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atlases o/, /=1, ..., Nare warped using the deformation fields 4 =

di -9
produced by the multi-channel image registration in the previous iteration, i.e.,

o ;od pi=1..,N (7"~ s the recovered multimodal image in the previous

—~f—

Qfl. -
iteration). The warped multimodal brain atlases and the original input multimodal tumor
brain image 7 = {FJTI,FIHC, T 1o 9‘FLAIR} can then be combined into new input matrices

1 _ g
Imod - [‘/ mod’ ‘Qil,mod od

oy moa®d /J(;t_l],modE{Tl, Tlc, T2,

—~t— 1’
d1—>7 Q[N—>

FLAIR}, which are proceeded by the multimodal SCOLOR based image recovery to get the

new recovered multimodal image 7' Then the original multimodal brain atlases o, /=

1, ..., Nare registered to the new recovered multimodal image ' by the multi-channel

image registration. The resulting deformation fields 4 _p /=1..., Nare used to warp the
Ad.—-T
l

original multimodal brain atlases o/, /=1, ..., Vagain for the next iteration.

It is worth noting that in the first iteration (1), the multimodal brain atlases in Ifnod are

aligned to the input multimodal tumor brain image 7 by affine transformation on T1

N r

modality, i.e., I 4= 9mod’d1,mod°ddl 1T ""dN,mod°dng . .—>9‘T1]' mod €

{T1, Tlc, T2, FLAIR}, where d - ,1=1, ..., Nmeans the affine transformation
11~ 7T

from o, , to 7. Itis clear that images cannot be well aligned using affine transformation

only. Therefore large modification in Ifnod is needed in the multimodal SCOLOR based

image recovery to meet the low rank criterion, which results in a relatively low quality
recovered multimodal image 7. Such kind of 7 could also make the subsequent multi-
channel image registration inconvenience. As the iteration goes, images in I;nod get well

aligned. Therefore, little modification in Iinod is required to make ?inod satisfy the low-rank
criterion, making the recovered multimodal image 7 has more consistent normal brain
regions with 7 in each modality. In turn, with improved recovered multimodal image 7,
images in Iinod can get further aligned. The iteration stops when 7 is stable or changes

little.

Results

We evaluate our MAR framework via multi-atlas segmentation (MAS) of brain ROI of
multimodal tumor brain images. Specifically, a label fusion stage is added after our MAR
framework to get the final segmentation result from registered atlases for each input image.
The accuracy of the final segmentation result mainly depends on the registration quality
between the atlases and the input image. Both synthetic and real multimodal tumor brain
images are used to evaluate our method. Each multimodal tumor brain image contains four
modalities: T1, T1c, T2 and FLAIR. In addition, other four different MAS methods, which
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use different MAR frameworks, are also tested. Particularly, the first MAS method uses
conventional MAR framework, which registers each brain atlas to the input image by typical
image registration methods, hence it can only handle normal brain images, and we denote it
as ORI+MAS. The second MAS is based on the MAR framework which adopts a well-
known strategy called cost function masking (CFM) [13] for registering normal brain atlases
to pathological brain images, and we denoted it as CFM+MAS. The third one integrates a
conventional low-rank method i.e., LRSD (defined in (6)) to handle registration of tumor
brain images, and we denote it as LRSD+MAS. The last one is similar as LRSD+MAS
except that the low-rank method is SCOLOR (defined in (7)) instead of LRSD, and we
denoted it as SCOLOR+MAS. LRSD+MAS and SCOLOR+MAS have similar processing
flow as our method, where image recovery and registration of normal brain atlases to the
recovered image are iterated until convergence. The difference is that our method works with
multimodal images while monomodal images are used in LRSD+MAS and SCOLOR
+MAS. Note that, these four MAS methods can only handle monomodal brain images which
have the same modality as the adopted brain atlases. For CFM+MAS, the tumor mask used
in original CFM is delineated manually, but for the sake of fairness, the tumor mask used in
CFM+MAS is the same as the tumor mask calculated in SCOLOR+MAS. The brain atlases
used in all methods under comparison are T1-weighted MR normal brain images from
LPBAA40 [33], and each brain atlas carries 54 manually labeled brain ROIs. Therefore,
except our method, ORI+MAS, CFM+MAS, LRSD+MAS and SCOLOR+MAS can only
use T1 modality of the multimodal tumor brain images. The registration algorithm used in
our method is multi-channel SyN, and the other four MAS methods under comparison use
single-channel SyN. All the MAS methods under comparison adopt joint label fusion [9] to
do the label fusion. Table I gives the summary of all MAS methods under comparison. The
multimodal tumor brain images are preprocessed by affine transformation [34] with
reference to MN1152 [35] of 182x218x182 voxels (1x1x1 mm? voxel) and histogram
matching [36] with reference to a multimodal brain atlas used in our method (i.e., generated
by the Cycle-GAN based image synthesizers).

A. Parameter tuning

Like most low-rank based methods [17], [26], [37], [38], in LRSD+MAS, SCOLOR+MAS
and our method, the parameter A, which is used to balance the residual error constraint and
the low-rank constraint, is heuristically determined in the experiment. Actually, the
recovered images are relatively insensitive to A, and the final segmentation results of our
method keep a relatively consistent quality within a large range of A.. Particularly, for all the
testing images including synthetic and real tumor brain images, A is set to 800 in LRSD
+MAS and 40 in SCOLOR+MAS and our method. In section I11-D, we will show the impact
of A on the final segmentation results of SCOLOR+MAS and our method. Parameters a and
Bin SCOLOR (see (10)) and multimodal SCOLOR (see (13)) are used to control the balance
between the constraint and the regularization terms of the tumor mask C. In the experiment,
we set a = 0.08 and =1 for SCOLOR in SCOLOR+MAS, and a = 0.1 and =1 for
multimodal SCOLOR in our method. In section I11-E, we will show the impact of a and 8
on the resulting tumor mask C in SCOLOR+MAS and our method.
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B. Evaluation of synthetic tumor brain images

The synthetic multimodal tumor brain images are produced based on LPBA40 image dataset
which consists of 40 T1-weighted MR normal brain images of different subjects. For each
test, one image from LPBA40 is selected to make the synthetic multimodal tumor brain
image, and the rest are used as the available monomodal brain atlases. Specifically, a
synthetic multimodal normal brain image is first produced from the selected image by
CycleGAN based image synthesizers. Then tumor(s) in a real multimodal tumor brain
image, which is randomly selelcted from BRATS2015 [30], are inserted into the synthetic
multimodal normal brain image. The mass effect of the inserted tumor(s) is also considered.
Particularly, since images are aligned with MNI1152 by affine transformation in the
preprocessing stage, tumor regions in the real multimodal tumor brain image are directly
used to replace the image contents at the same location of the synthetic multimodal normal
brain image. The mass effect of the inserted tumor(s) to the surrounding normal tissues is
simulated by adding deformation fields at the boundaries of the inserted tumor(s) (with
perpendicular direction to the tumor boundaries and diffused by a Gaussian kernel with o=
3.0) to deform the surrounding normal tissues. The magnitude of the resulting deformation
vectors at the boundary of the inserted tumor(s) is around 3 mm. An example of a synthetic
multimodal tumor brain image is shown in Fig. 3.

Totally, 40 synthetic multimodal tumor brain images, each of which contains tumor(s) from
different real multimodal tumor brain image in BRATS2015, are made and tested in our
experiment. Details of the 40 synthetic multimodal tumor brain images are listed in the
supplement. Since we have the ground truth of tumor-free image and the corresponding 54
manually labeled brain ROIs for each synthetic multimodal tumor brain image, recovery
quality (for LRSD+MAS, SCOLOR+MAS and our method) and segmentation accuracy are
evaluated. The recovery quality is quantified by recovery error ratio which is defined as

_ Zx €Q |‘(7mod(x) - ?mod(x)|

E — >
" Zx eQ |(gmod(x)|

(16)

where Q stands for the whole image, 7 (vand Z__(x)are image intensities at position x

mod mod
in the recovered image and the ground truth of tumor-free image of certain modality,
respectively. Since the real tumor-free images are T1-weighted MR images, and only T1-
weighted recovered images can be produced by LRSD+MAS and SCOLOR+MAS, the

recovery error ratio is evaluated using T1 modality, i.e., mod = T1.

Fig. 4 shows some recovered images in LRSD+MAS, SCOLOR+MAS and our method.
Specifically, Fig. 4 (a) shows an input synthetic multimodal tumor brain image. The square

residual errors of each modality using SCOLOR, i.e., (I imod)z, and multi-modality

mod —
. . . Zmod(lmod - ?mod)2

using multimodal SCOLOR, i.e., T ,mod € {T1, Tlc, T2, FLAIR}, are

shown in Fig. 4 (b). The resulting tumor masks are presented in Fig. 4 (c). Since the tumor

mask C of multimodal SCOLOR in our method is calculated based on the square residual
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error of multi-modality, the resulting tumor mask is much closer to the ground truth than
SCOLOR in SCOLOR+MAS which is based on the square residual error of T1 modality.
Consequently, the recovered image of our method contains more effectively recovered tumor
regions and better preserved normal brain regions than both LRSD+MAS and SCOLOR
+MAS, especially in the regions marked by red circles in Fig. 4 (d).

Details of the evaluation result of recovery error ratio using LRSD+MAS, SCOLOR+MAS
and our method are shown in Fig. 5 (a). The recovery error ratios of the three methods
decrease after each iteration. This is because as atlases and synthetic tumor brain images get
well aligned after each iteration, less modification in the input image matrix is required to
make the resulting recovered images satisfy the low-rank constraint. Due to the tumor mask
in SCOLOR and multimodal SCOLOR, normal brain regions are well preserved, making the
recovered images of SCOLOR+MAS and our method closer to their ground truth tumor-free
images than LRSD+MAS. In contrast, normal brain regions are usually distorted in the
recovered images using LRSD. Therefore, recovery error ratios of SCOLOR+MAS and our
method are smaller than LRSD+MAS after each iteration. Since the multimodal SCOLOR
used in our method works with multimodality where complementary information of tumor
regions of different modalities is used, the tumor mask calculated in the multimodal
SCOLOR is more accurate than the SCOLOR used in SCOLOR+MAS. Furthermore, as
different modalities may contain exclusive features of the same anatomical structure, images
could be better registered in multi-channel way than single-channel way. As a result, the
recovery error ratio of our method is the smallest. For each synthetic brain tumor image,
LRSD+MAS needs less than 7 iteration to reach to convergence, while less than 4 iterations
are required for SCOLOR+MAS and our method.

Segmentation results are evaluated by calculating the Dice index [39] of the whole brain (54
brain ROIs) between each segmented result and the corresponding ground truth, which is
defined as

4 yat 2|Q§egnQ?T|
i; VO Jaree + ST

. (17

where VET and V?T are the volume (number of voxel) of the whole brain and the A brain

ROI in the ground truth, respectively. Q:°¢ and QfT are the segmented A" brain ROI and its

corresponding ground truth, respectively. Fig. 5 (b) shows the average of 40 whole-brain
Dice indices of segmented synthetic tumor brain images using ORI+MAS, CFM+MAS,
LRSD+MAS, SCOLOR+MAS, and our method after each iteration. Moreover, original
tumor-free images of LPBA4O0 are also tested using the same MAS method as ORI+MAS,
which is denoted as TF+MAS in Fig. 5 (b). Obviously, TF+MAS achieves the highest
average whole-brain Dice index of all methods under comparison. Because of distorted
normal brain regions in recovered images using LRSD, the average whole-brain Dice index
after the first iteration of LRSD+MAS is even lower than ORI+MAS. But as the iteration
goes in LRSD+MAS, atlases get aligned with input tumor brain images, which improve both
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the recovered images and the registration results, eventually outperforming ORI+MAS after
the second iteration. The averages and standard deviations of the 40 whole-brain Dice
indices after the final iteration of all methods under comparison are ORI+MAS
(0.82140.015), CFM+MAS (0.828+0.017), LRSD+MAS (0.83+0.018), SCOLOR+MAS
(0.834+0.017), our method (0.847+0.012) and TF+MAS (0.853+0.01). The Wilcoxon signed
rank test [40] is adopted to do statistical significance test over the 40 whole-brain Dice
indices after the final iteration of ORI+MAS, CFM+MAS, LRSD+MAS, SCOLOR+MAS
and our method. The p values between our method and other four methods are all
3.569x1078, indicating that our method is better than the other four methods with statistical
significance.

C. Evaluation of real tumor brain images

Totally, 50 real multimodal tumor brain images of different subjects are randomly selected
from BRATS2015 as testing images. Details of the 50 real multimodal tumor brain images
are listed in the supplement. 40 T1-weighted MR normal brain images from LPBA40 are
used as brain atlases in all methods under comparison. For each testing image, LRSD+MAS
requires no more than 6 iterations to reach to convergence, whereas SCOLOR+MAS and our
method need no more than 4 iterations. Due to the lack of tumor-free images, recovery error
ratio cannot be calculated, and the recovery quality is evaluated by visual inspection.
Benefiting from multimodal SCOLOR, the recovered images in our method have better
visual quality than LRSD+MAS and SCOLOR+MAS. Fig. 6 shows an example of a real
multimodal tumor brain image and its corresponding recovered T1-weighted MR images
using LRSD+MAS, SCOLOR+MAS and our method after the final iteration. It is clear that,
in the square residual error using multimodal SCOLOR, high value elements cover most of
the tumor regions than the square residual error of each modality using SCOLOR (see Fig. 6
(b)). Therefore, as Fig. 6 (c) shows, the tumor mask calculated by multimodal SCOLOR in
our method (based on the square residual error of multi-modality) is much closer to the
ground truth than SCOLOR in SCOLOR+MAS (based on the square residual error of T1
modality). As a result, the recovered image of our method contains more effectively
recovered tumor regions and better preserved normal brain regions than LRSD+MAS and
SCOLOR+MAS, especially in the regions marked by red circles in Fig. 6 (d).

Segmentation results are evaluated by calculating Dice indices of grey matter (GM), whiter
matter (WM), and cerebrospinal fluid (CSF) between the segmented result of each method
and the ground truth. Specifically, we use SPM12 [41] to coarsely segment GM, WM and
CSF from the 50 tumor brain images and the 40 brain atlases. Then these segmented results
are further revised by an expert and regarded as the ground truth. Fig. 7 shows the Dice
indices of GM, WM and CSF of the segmentation results using ORI+MAS, CFM+MAS,
LRSD+MAS, SCOLOR+MAS and our method after each iteration. It is worth noting that
tumor regions are ignored in the calculation of Dice index. Our method outperforms other
methods in GM, WM and CSF after each iteration. LRSD+MAS gets the lowest Dice
indices of GM, WM, and CSF after the beginning iterations because of distorted normal
brain regions in the recovered images.
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Table Il shows average Dice indices and standard deviations of GM, WM, and CSF of the
final segmentation results using ORI+MAS, CFM+MAS, LRSD+MAS, SCOLOR+MAS,
and our method. Statistical significance test is perform over these evaluation results (50 Dice
indices of GM, WM, and CSF for each method) using Wilcoxon signed rank test. Our
method outperforms all the other methods in GM, WM and CSF with statistical significance
(p <0.05).

Impact of A on the segmentation result

The 40 synthetic and 50 real tumor brain images are used to evaluate the impact of the
parameter A. in SCOLOR and multimodal SCOLOR on the segmentation result of SCOLOR
+MAS and our method. Specifically, we test SCOLOR+MAS and our method using A from
10 to 100 with step size of 10. For each A, we calculate the Dice indices of the
corresponding segmentation results of SCOLOR+MAS and our method. Fig. 8 shows the
evaluation result. It is clear to see that as the A increases, the Dice indices of segmentation
results using both SCOLOR+MAS and our method are first increased because of the
recovered tumor regions and then decreased because of the distorted normal brain regions
using large A, i.e., over strength low-rank constraint. The segmentation results of both
SCOLOR+MAS and our method are good and stable using A from 30 to 60. Furthermore,
since multimodal SCOLOR and multi-channel registration are used in our method, the
segmentation result of our method is more stable than SCOLOR+MAS. For example, the
largest differences of the average whole-brain Dice index of segmented 40 synthetic tumor
brain images using A within the range of 30-60 are 0.004 (SCOLOR+MAS) and 0.001 (our
method), and the largest differences of the average Dice indices of GM, WM, and CSF of
segmented 50 real tumor brain images using A. within the range of 30-60 are 0.01, 0.013,
and 0.005 (SCOLOR+MAS), and 0.002, 0.003, and 0.002 (our method). Therefore, we set A
to 40 for SCOLOR+MAS and our method in the experiment as mentioned before.

Impact of a and g on tumor mask

For both SCOLOR used in SCOLOR+MAS and multimodal SCOLOR used in our method,
the tumor mask C, which is used to discriminate tumor regions and normal brain regions,
plays an important role. For tumor regions defined in C (values of corresponding elements in
C are 1), strong recovery is performed, while relatively weak recovery is used for normal
brain region defined by C (values of corresponding elements in C are 0). Therefore, with
accurate tumor mask, recovered images of effectively recovered tumor regions and well
preserved normal brain regions can be produced. According to the objective functions of C,
i.e., (10) (SCOLOR) and (13) (multimodal SCOLOR), the result of tumor mask C is
influenced by parameters a and g which control the strength of the constraint and
regularization terms imposed on C. In our experiment, we evaluate the impact of a and gon
the resulting tumor mask C after the final iteration of SCOLOR+MAS and our method.
Particularly, we evaluate the resulting tumor masks for the 90 tumor brain images (40
synthetic and 50 real tumor brain images) using different value of a and . For each tumor
brain image, its corresponding manually segmented tumor regions are available and used as
the ground truth. We change a and g separately and calculate the average Recall and
Precision [42] of the resulting tumor masks according to the ground truth. Evaluation result
is shown in Fig. 9. High Recall means most of tumor regions are correctly defined in the
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tumor mask, and tumor regions can be effectively recovered. High Precision means most
tumor regions defined by the tumor mask are correct, and normal brain regions can be well
preserved in the recovered image. As shown in Fig. 9 left, when a becomes bigger, Recall is
decreased and Precision is increased. Similar results can be observed when g becomes
bigger as shown in Fig. 9 right, except that Recall and Precision are relatively more stable
within a large range of Sthan that of a. It is clear that high Recall and Precision of the
resulting tumor masks could produce good recovered images, which could enhance the
subsequent image registration as well as the final segmentation result. Therefore, a trade-off
between Recall and Precision has to be made. In our experiment, we found that for
recovered images, ineffectively recovered tumor regions could degrades the registration
quality and the final segmentation result more than low-rank distorted normal brain regions
of comparable region size. So as a or gincrease, the registration quality and the final
segmentation result would be first improved as the shrunken low-rank distorted normal brain
regions, which are much larger than the real tumor regions at the beginning (i.e., high Recall
and low Precision). Then as the low-rank distorted normal brain regions shrink to a
comparable size as the ineffectively recovered tumor regions (i.e., similar Recall and
Precision), the registration quality and the final segmentation result would be degraded. So
as aforementioned, in the experiment, a is set to 0.08 (SCOLOR+MAS) and 0.1 (our
method), and gis set to 1 for both SCOLOR+MAS and our method. The corresponding
average Recall and Precision of the 90 tumor images after the final iteration of SCOLOR
+MAS and our method are (0.701, 0.670) and (0.833, 0.785), respectively. It is clear that, the
average Recall and Precision of our method are higher than SCOLOR+MAS. This is
because tumor regions are more discriminative using information from multimodal images
than monomodal images. Table I11 shows the average Recall, Precision and Dice index of the
tumor masks of 40 synthetic and 50 real brain images after the final iteration of SCOLOR
+MAS and our method in detail.

V. Conclusion

We proposed a new multi-atlas registration (MAR) framework for input multimodal
pathological images using conventional monomodal normal atlases. Our framework
systematically solved two challenging problems in existing MAR methods: one is the
missing modality in monomodal normal atlases, and the other is the registration of normal
atlases to pathological images. Specifically, by using deep learning (CycleGAN) based
image synthesizers, desired modalities can be produced from available monomodal normal
atlases. With the proposed multimodal SCOLOR based image recovery, influence of
pathological regions in registration can be effectively reduced. Finally, information of
multimodal atlases and recovered images is fully utilized by multi-channel image
registration. In our experiment, synthetic and real tumor brain images were used to evaluate
our method. Our method showed better performance than state-of-the-art methods in terms
of both image recovery quality and segmentation accuracy (i.e., registration accuracy
between atlases and input images).

Theoretically, input images of any possible number and types of modalities can be handled
by our framework using conventional monomodal normal atlases. Moreover, images
containing pathological regions which have similar properties as the brain tumor (e.g.,
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relatively large region, inconsistent location across subjects and different image appearance
from normal regions) can be proceeded by our framework.
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image registration

Recovered input multimodal image

Overview of our multi-atlas registration framework for multimodal pathological brain

images.
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T1 Tlc T2 FLAIR

Fig. 2.
Example of a multimodal brain atlas of T1, T1c, T2 and FLAIR modalities. The T1 modality

is real, and other modalities are produced by the CycleGAN based image synthesizers. A 2D
slice at the same level is used to represent the brain atlas of each modality.
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Tl Tlc T2

Fig. 3.
An example of a synthetic multimodal tumor brain image.
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Tumor masks €
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SCOLOR+MAS

(c)

Our method
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Recovered images (T1)

Ground truth

SCOLOR+MAS

(a) Example of input synthetic multimodal tumor brain image; (b) The square residual errors
of each modality using SCOLOR and multi-modality using multimodal SCOLOR; (c) The
tumor masks calculated by SCOLOR in SCOLOR+MAS and multimodal SCOLOR in our
method. Since the multimodal SCOLOR utilizes multimodal information, the tumor mask is
much closer to the ground truth than SCOLOR which is based on T1-weighted MR images
only; (d) The recovered image of our method contains more effectively recovered tumor
regions and better preserved normal brain regions than LRSD+MAS and SCOLOR+MAS,

especially in the regions marked by red circles.
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Fig. 5.
(a) Recovery error ratios of 40 synthetic tumor brain images after each iteration of LRSD

+MAS, SCOLOR+MAS and our method; (b) Average of 40 whole-brain Dice indices of
segmented synthetic tumor brain images after each iteration using ORI+MAS, CFM+MAS,
LRSD+MAS, SCOLOR+MAS, our method and TF+MAS. TF+MAS applies the same MAS
method as ORI+MAS to segment original tumor-free images in LPBA40. ORI+MAS, CFM
+MAS and TF+MAS have no iterative process, so their average Dice indices after each
iteration are constant.
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Multimodal tumor brain image Square residual errors (I — I)2 Tumor masks € Recovered images (T1)

(a)

EE B [

Ground truth LRSD+MAS
FLAIR Multi-modality SCOLOR+MAS Our method SCOLOR+MAS Our method
(b) (©) (d)
Fig. 6.

(a) Example of input real multimodal tumor brain image; (b) The square residual errors of
each modality using SCOLOR and multi-modality using multimodal SCOLOR; (c) The
tumor masks calculated by SCOLOR in SCOLOR+MAS (based on the square residual error
of T1 modality) and multimodal SCOLOR in our method (based on the square residual error
of multi-modality); (d) The recovered image of our method contains more effectively
recovered tumor regions and better preserved normal brain regions than LRSD+MAS and
SCOLOR+MAS, especially in the regions marked by red circles.
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Average Dice indices of segmented GM, WM, and CSF of 50 real MR tumor brain images
using ORI+MAS, CFM+MAS, LRSD+MAS, SCOLOR+MAS, and our method after each

iteration.
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Average whole-brain Dice indices of 40 segmented synthetic tumor brain images (left) and

average Dice indices of GM, WM and CSF of 50 real tumor brain images (right) using

different A. in SCOLOR+MAS (top) and our method (bottom).

IEEE Trans Image Process. Author manuscript; available in PMC 2020 June 17.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Tang et al.

Fig. 9.

SCOLOR+MAS

——Recall (#=1)

——Precision (f = 1)

0.75
0.73
0.7
069
067
065
0.63
0.61
0.5
057

——Recall (0 =0.08)

=—=Precision (o =0.08)

0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1 0.11 0.120.13 0.14 0.15
@

(4]

0.55

ur method

05 06 07 08 09 1 11 12 13 14 15
B

——Recall (8 = 1)

—=—Preciston (ff = 1)

0.85
083
051
0.79
0.37
0.75
0.73
0.71
065
0.67
065

——Recall l&=0.1)
—=Precision (o =0.1)

0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1 0.11 0,12 0,13 0.14 0.15
@&

05 06 07 08 09 1 11 12 13 14 1§
£

IEEE Trans Image Process. Author manuscript; available in PMC 2020 June 17.

Page 28

Average Recall (left) and Precision (right) of resulting tumor masks after the final iteration
of SCOLOR+MAS (top) and our method (bottom) using different a and S.
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Average Dice index and standard deviation of the final sigmentation result obtained by each method under

comparision.
GM WM CSF
ORI+MAS  0.639+0.050  0.698+0.040  0.566+0.053
CFM+MAS  0.657+0.045  0.712#0.034  0.5710.047
LRSD+MAS  0.657+0.038  0.711+0.036  0.573+0.038
SCOLOR+MAS ~ 0.669+0.044  0.719+0.036  0.580+0.046
Ourmethod ~ 0.701+0.035* 0.748+0.030%  0.5930.041*

Asterisk indicates the evaluation result is better than the other four methods with statistical significance (A<0.05 in Wilcoxon signed rank test).
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Table Il

Evaluation result of tumor masks calculated by SCOLOR in SCOLOR+MAS (S) and multimodal SCOLOR in
our method (O).

Recall Precision Dice

0.73:0.07(S)  0.70:0.17(S)  0.700.10 (S)

Synthetic tumor brain images
0.90+0.05* (0)  0.83+0.12* (O)  0.86+0.08* (O)

0.68+0.12(S)  0.65:0.18(S)  0.640.10 (S)

Real tumor brain images
0.7840.10* (O)  0.75+0.13* (O)  0.76+0.10* (O)

Asterisk means statistical significance (£<0.05 in Wilcoxon signed rank test).
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