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ABSTRACT. This article aims to build a framework of brain tumor segmentation for 3D MRI brain images
by using the UNet-based deep learning method with optimal mass transportation (OMT) for data pre-
processing. For this purpose, we develop a novel 2-phase UNet-based OMT to increase the ratio of brain
tumors in the input OMT tensors. Moreover, due to the scarcity of training data, we change the density
function by different parameters to increase the data diversity. For the post-processing, we propose an
adaptive ensemble procedure by computing the eigenvector of the Dice similarity matrix corresponding
to the largest eigenvalue and then using it to aggregate the probability as the predicted label. Using Seg-
ResUNet with OMT input tensors to train the data for the adult glioma (Task 1), Sub-Sahara-Africa adult
glioma (Task 2), and meningioma (Task 3) in the international Brain Tumor Segmentation Cluster of Chal-
lenges 2023, the Dice scores of (whole tumor, tumor core, enhanced tumor) for online validations of Tasks
1, 2, and 3 are (0.9214, 0.8823, 0.8411), (0.8747, 0.8344, 0.8267), and (0.8316, 0.8395, 0.8401), respectively.
Compared with random crop pre-processing, OMT is far superior.

Keywords. Optimal Mass Transportation, Density function, 2-Phase UNet-based OMT, Brain Tumor
Segmentation.
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1. INTRODUCTION

Gliomas are the most common type of malignant adult brain tumors. WHO divides glioblastoma into
grades 1 to 4. The higher the grade, the more malignant it is. Glioblastoma, a WHO grade 4 astrocytoma,
is extremely intrinsically heterogeneous in appearance, shape, and histology. Isocitrate dehydrogenase
(IDH) mutation status has been suggested as the most critical marker for glioma diagnostic decisions
[21]. IDH mutation status on magnetic resonance imaging (MRI) can be accurately and objectively
predicted using deep learning [6, 8, 24]. Most deep-learning studies need to automatically segment
glioma regions along the edge of the lesion [9]. Therefore, brain tumor detection and segmentation
from MRI are essential tasks.

Brain tumors, in general, are challenging to diagnose from MRI scans. The Brain Tumor Segmenta-
tion (BraTS) Challenge dataset [1, 4, 2, 3, 19] has provided a formidable platform. It has been designed
to encourage research in medical image segmentation to develop deep-learning algorithms that can
accurately segment brain tumors from MRI scans. BraTS Cluster of Challenges 2023 contains about
4500 benchmark 3D MRI brain images with nine tasks, of which five tasks are the brain tumor segmen-
tation of whole tumor (WT), tumor core (TC), and enhanced tumor (ET) regions in the human brain.
Tasks 1-5 are the segmentations of the adult glioma, Sub-Sahara-Africa adult glioma, meningioma, brain
metastases, and pediatric tumors, respectively. Each MRI brain image contains four modalities, namely,
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native (T1), post-contrast T1-weighted (T1Gd), T2-weighted (T2), and T2 Fluid Attenuated Inversion
Recovery (T2-FLAIR). Each modality is a 240 x 240 x 155 tensor image.

In the past decade, U-Net-based neural networks have become an essential and effective method
for medical image segmentation. In particular, remarkable achievements have been achieved in brain
tumor segmentation. The encoder-decoder architecture with skip connections, introduced in the U-Net
[7, 22], has outperformed other traditional methods in brain glioma segmentation [13, 17]. These works
focus on the developed deep-learning algorithms for targeting brain tumor segmentation. Recently,
an ensemble of DeepSeg [30], nnU-Net [13], and DeepSCAN [18] for automatic glioma boundaries
detection in pre-operative MRI is proposed in [29]. There are few discussions about the pre-processing
of the data.

Random cropping of the raw brain images is often used as the data pre-processing in deep learning for
brain tumor segmentation. However, it needs more croppings to cover entire regions of the brain image
[22]. To adequately address the 3D structure, a two-stage mass-preserving optimal mass transport
(OMT) is proposed to transform an irregular 3D MRI brain image into a 128 x 128 x 128 cube [14, 15].
The OMT map satisfies the minimal deformation on the set of volume- or mass-preserving mappings
and preserves the global information of the brain image.

The main task of this paper is focused on using our proposed mass-preserving OMT map to deal with
the data pre-processing in brain tumor segmentation. We are using these OMT tensors as deep learning
input to segment brain tumors accurately for medical brain images. Specifically, we transform the
irregular 3D parenchymal brain image into a 128 x 128 x 128 OMT tensor and use the characteristics of
OMT to design the appropriate density function to enlarge the possible tumor region in the OMT tensor.
Furthermore, we can conveniently augment data by distributing different density function parameters
to increase data diversity, effectively performing accurate segmentation for brain tumors.

The main contributions of this paper are twofold.

(i) By controlling the density of the possible tumor region and its surroundings, the OMT map be-
tween the brain image and the 1283 cube can properly enlarge the tumor region in the cube, which
is very beneficial for deep learning in identifying and predicting labels. We propose two-phase
U-Net-based OMT deep learning to predict and segment the tumor region. The goal of Phase I is
used to indicate the possible tumor region. Phase II is a data pre-processing and segmentation of
the brain tumor, which transforms the brain image into an OMT tensor with the density function
defined by the predicted tumor region. Furthermore, we can make effective data augmentation
through different density control to increase the robustness of the model.

For the post-processing, we propose an adaptive ensemble procedure by computing the eigen-
vector, a probability distribution, of the Dice similarity matrix corresponding to the largest eigen-
value and then using this eigenvector to aggregate the ensembling probabilities as the predicted
label.

(ii) To demonstrate the effect of our proposed data pre-processing and adaptive ensemble, we use
Residual UNet [25], SegResNet [20], SwinUNETR [10], HarDNet-FCN [5, 16] as our benchmark
training models to predict and segment the tumor regions for Tasks 1-3 in BraTS 2023 dataset. The
Dice scores in Tables 3 and 4 show that these data pre-processing techniques suit these training
models and get reasonable Dice scores for Task 1. Using SegResUNet with OMT input tensors,
the Dice scores of (WT, TC, ET) for online validations of Tasks 1, 2, and 3 are (0.9214, 0.8823,
0.8411), (0.8747, 0.8344, 0.8267), and (0.8316, 0.8395, 0.8401), respectively, which demonstrates our
proposed method can be applied to detect and segment the brain tumor for different dataset.

This paper is organized as follows. In Section 2, we introduce the data pre-processing by the area-
measure-preserving and volume-measure-preserving OMT maps. Then, we propose a two-phase UNet-
based deep learning method and an adaptive ensemble to predict the tumor region. In Section 3, we
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introduce the setup of the training method. Numerical results are introduced in Section 4. Finally,
concluding remarks are given in Section 5.

2. METHODS

2.1. Two-Stage OMT Map. To preserve the global information of the 3D MRI brain image, the op-
timal mass transportation (OMT) with mass-preserving parameterizations [14, 15, 26] is proposed to
transform the irregular brain image into a solid unit ball B3, which minimizes the transport cost and
preserves the local mass ratios. Let M be a simplicial 3-complex that describes an irregular 3D brain
image with a genus-zero boundary, where M is a tetrahedral mesh composed of sets of vertices V(M),
edges E(M), faces F(M) and tetrahedrons T(M).

Let p be a density map on V(M). Denote

G,={g:0M — 8B3| pla)lal = |g(a)|, Va € F(OM)}
and
F,={f: M= B| p(r)|r| = |f(7)], VT € T(M)}

as the sets of all area-measure-/mass-preserving piecewise linear maps, where |«| and |7| are the area
and volume of o and 7, respectively. The spherical area-preserving parameterization g € G, with

9¥i) = (9}, 97,9)i=1....,m=#V(OM),g" = (gf,-..,9) .t = 1.2,3and g = [g', 8%, g%| €
R™*3 can be computed by minimizing stretch energy [28] defined as

Es(g) = strace (" Ls(9)8) ,
in which Lg(g) is the stretched Laplacian matrix defined as

1 cot(0i,;(9)) cot(0;,i(g)) P S
2 <0’g_1([’vif’v]‘,vk}) + O'g—l([UJj,’Ui,’Ug])) lf [U’Lv v,]] S E(M>3

[Ls(9))ij = 4 - > 0zilLs(9)lie if j =1,

0 otherwise,

where ;-1 : F(M) — R is the local stretch factor defined as

_ P(@)]a]
o4-1(a) : ()]’ a € F(OM),
6; ;(g) and 6, ,(g) are two angles opposite to edge g([v;, vj]). A stretch energy minimization (SEM)
algorithm is proposed in [28] to compute the minimizer of Fg(g). Furthermore, the volumetric stretch
energy minimization (VSEM) algorithm [27] with fixed a given spherical area-preserving parameteri-
zation g € G, as the boundary sphere of f € F, is proposed to compute the mass-preserving param-
eterization f by minimizing the volume-weighted stretch energy [27] defined as

Ev(f) = %trace (fTLV( f) f) , 2.1)
where Ly (f) is the mass-weighted Laplacian matrix with
—wi;(f) if [vi, v;] € E(M),
[Lv(f)l;; = Doz wie(f) =14,

0 otherwise,

in which w; ;(f) is the stretched cotangent weight given by

wi;(f)=—¢5
’ 947 p(7)|7]

1 5 |F (Vi Vi, VeI ([v5, Ve, vie]) | cos 057 ( f)
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with the dihedral angle 6} () between [f;, f, f;] and [f;, £, fi]. Here, f; = f(v;) = (7, f2, f}) € R,
fort =1,....,n=#V(M)and f = [f]",--- ,f]]T € R™*3. The R-linear convergence of SEM and
VSEM have been proved in [12] and [11], respectively.

The discrete OMT problems on M and M with respect to || - ||2 consist of finding a g, € G, and
[/, € F, that solve optimal problems

g, = argmin Z [V — g(¥)]13a,(¥) = argmin Co(g), (2.2a)
9€Gr Seviom) 9€Gop

f, = argmin Z v — f(v)||I3m,(v) = argmin C(f), (2.2b)
€Fp Levim) FEF,

where a,(V) and m,(v) are the local area/volume measures at v € V(dM) and v € V(M), respec-
tively, defined as

W@ =5 3 el m) =7 3 el

aEN (V) TEN(V)

in which N(v) is the set of 1-ring neighboring tetrahedrons of v. A projected gradient method with
using SEM algorithm as a projector is proposed in [26] to compute the area-measure-preserving OMT
map g, in (2.2a). Using VSEM algorithm with fixed this unit sphere g; as a projector, a projected
gradient method, called V-OMT algorithm, is proposed in [11] to compute f; in (2.2b).

Now, we can apply the V-OMT algorithm to transform an irregular 3D brain image M into a cube C
to satisfy the input format of the 3D Unet-based deep learning. To compute the cubic mass-preserving
OMT map f , from M to C, we utilize the V-OMT algorithm to compute the mass-preserving OMT maps
fp i M— B3 and f; : C — B3 (p = 1), respectively. Then, the composition map f; =(ff)to fr:
M — C, as shown in Figure 1, is the desired cubic mass-preserving OMT map.

155 ({Z’e) RBp=1 e (@.p=1)
240 " a (o
MRI brain image f* = () Lo fr
P 1 P

FiGure 1. A diagram illustrating the construction of the OMT map f; between (M, p)
and (C,p=1)

2.2. Two-Phase UNet-based OMT for training and testing sets. From the definition of mass-
preserving map, ie., p(7)|7| = |f(7)], the tumor region in cube C will be enlarged if the density of
the tumor in the brain image M is larger than 1. This will be helped to detect and segment the tu-
mor region in the deep learning. In general, as shown in Figure 2, the FLAIR modality of the adult
glioma typically reflects the distribution of WT and the grayscale values of the WT region are greater
than those of other regions. Therefore, the adapted grayscales on the voxel can help with defining
the density map on V(M). Let He denote the normalized contrast-enhanced histogram equalization
grayscale values of the FLAIR modality of a brain image and He (v) denote the value of He at the voxel
v. According to He, the associated density function p., on the voxel v belonging to the brain is defined
as

py(v) = exp(vHe(v)), (2.3)



MASS-PRESERVING OPTIMAL MASS TRANSPORTATION FOR BRAIN TUMOR SEGMENTATION 5

where 7 is a hyper-parameter chosen from the interval [0, 2]. However, density function p., in (2.3) not
only enlarge the tumor region but also enlarge the other region. To tackle this problem, we define a
step-like density function

(2.4)

s exp(YHe(v)), if v € WT region,
p5(v) = .
1, otherwise.

and construct a new smooth density function p. using the image filtering technique by convolving o7,
in (2.4) with a m x m x m blur box tensor, as follows:

s Lxmxm
Py (v) = p5(v) ® %, ve M. (2.5)

(A) brain (B) tumor

FIGURE 2. Brain image of FLAIR modality for the adult glioma and the associated tumor
region

For the 3D brain images in the training set, we can apply the two-stage OMT method with the density
function p, in (2.5) and the given WT label region to transform the brain image with four modalities
into a 128 x 128 x 128 x 4 tensor. But we can not directly apply p, to construct the OMT map for the
validation and testing data because we need to estimate the associated WT region firstly. A novel 2-
Phase UNet-based algorithm combined with optimal mass transport (2P-UNetB-OMT) for the training
and inference has been proposed in [15] as shown in Figure 3. In Phase I, the density function p, in
(2.3) is applied to construct the 128 x 128 x 128 x 4 OMT tensors. The UNet-based model with these
input tensors is used to train a model to accurately detect the possible WT region of the validation and
testing data. In Phase II, the possible tumor regions of WT are expanded by m voxels with morphology
dilation, denoted by R,, € M, and modify p7, in (2.4) for the validation and testing data as

P (v) = {exp(vHe(v)), if v € Ry,
5

(2.6)
1, otherwise.

The new 128 x 128 x 128 x 4 OMT tensors for the training data and validation/testing data are then
constructed by using density p, in (2.5) with pJ in (2.4) and (2.6), respectively. The UNet-based model
with new OMT tensors is applied to train a new model to predict the WT, TC, and ET of the valida-
tion/testing data.

By defining the density function, we want to enlarge the tumor region after the OMT map. But,
when the grayscale values of the tumor region do not larger than those of other brain region as shown
in Figure 4, the percentage of the tumor region in OMT tensor may be less than that in raw brain region.
For example, for the MRI 3D brain image in Figure 4, the percentages of the tumor region in raw 3D
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Phase I-OMT
5 OMT with
Testing data @ —_—
2,(v) = exp(yHg(v))
Training data *
: OMT with Training -
fifyﬂ% —‘M—_ a | U-Net-based raining learning
£,0) = exp(rHg(») machine learning model
Predict + dilation
y Conversion
@ =" e
Phase 1T
o OMT with

Testing data @ —_—

4 exp(yHe(v)), lifve Z,,

V) = -
1, otherwise .
Training data r
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: machine learning model
) = {cxp(yHe(\’)), if v e W, T
V=10, otherwise. Predict +

S Conversion
& —

- e

FiGure 3. A flow chart of 2P-UNetB-OMT framework

brain region and OMT tensor region for Phase I with v = 1 are 0.00963 and 0.00878, respectively. The
tumor region in OMT tensor is minified. Since Phase I is just used to detect the possible WT region
of the validation/testing data, we can use UNet-based model, e.g., Residual UNet and SegResNet, with
raw brain images to train a model and then predict the possible WT region. In this paper, we use UNet-
based model with random crop pre-processing for the raw brain images to replace the mass-preserving
OMT tensors in Phase I, which is shown in Figure 5, and call the algorithm of Phase II with random
crop Phase I as 2P-Crop-OMT-UNetB algorithm.

(a) brain (B) tumor (green region)

FIGURE 4. Brain image of T2 modality for the meningioma and the associated tumor
region
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Phase I-crop

Testing data @

Toiingdata Sy
‘ N random crop U-Net-based Training 1 ing
ﬁr% —_— | fOAMN
W machine learning model

Predict * dilation

%@W ——=—  Phasell

FiGURE 5. A flow chart of Phase I with random crop pre-processing for the raw brain
images

2.3. Data Augmentation. The OMT with mass-preserving parameterizations transform the irregular
brain image into a solid unit ball B3 to preserve the global information of the 3D MRI brain image.
Furthermore, the tumor region in the OMT tensor can be enlarged by the various hyper-parameter
v in (2.4) and (2.6). This means that for a 3D MRI brain image we can construct many OMT tensors
with different tumor regions by using various hyper-parameter . Each OMT tensor keeps the global
information of the brain image so that we can use them to augment the training tensors to increase
data diversity. Here, we take v = 1.0, 1.5, 1.75, and 2.0 in (2.4) for n training brain samples to obtain
4n augmented training OMT tensors.

To avoid over-fitting and enhance the robustness of a model, we can apply the data augmentation
techniques to these 4n tensors and from which we choose n tensors to train the model. In this paper,
we use following data augmentation techniques:

: (Aul). Randomly flipping: With probability 0.25, we flip the image left and right.

: (Au2). Randomly rotating: With probability 0.25, we rotate the image counterclockwise by 90
degrees.

: (Au3). Randomly adjusting brightness: With probability 0.1, we set the bright value range
from 0.9 to 1.1 and modify the grayscale. Then we truncate the bright value to [0, 1] if necessary.

: (Au4). Randomly adding noise: With probability 0.1, we add the Gaussian noise with a stan-
dard deviation of 0.01 to the grayscale image.

: (Au5). Normalized image: We rescale the grayscale range to [0, 1] using Min-Max normaliza-
tion.

2.4. The Adaptive Ensemble Method. In this subsection, we propose a novel ensemble method for
the validation and testing sets that can adapt the weight of aggregation by solving the eigenvector of
the Dice similarity matrix.

According to the expanded WT region of the validation (testing) set in Phase I, the irregular 3D brain
samples are transformed into 128 x 128 x 128 x 4 OMT tensors with density functions p and p in (2.6)
and (2.5), respectively. Here, we take v = 1.5. For each OMT tensor (called R1), we further construct
(m—1) 128 x 128 x 128 x 4 tensors (called Ro, . . ., R,,) by using data augmentation techniques to R,
e.g. flipping, rotating, noise in Section 2.3. Therefore, we have m tensors for each brain image sample.
In the training process, we choose ¢ training models at k;-th, ..., k;-th epoch. Let P, (;_1),, denote
the probability of the prediction £; { (j_1)y, of the brain image from the tensor R; by using the training
model j fori =1,...,m,j =1,...,£ Our goal is to aggregate {P; | i = 1,...,m{} to get the finial
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prediction. In what follows, we propose a method that automatically detects outliers and gives a higher
weight to the important prediction.

First, we compute the Dice similarity coefficientof {£; | i = 1,..., m{} pairwise, thatis, Dice(L;, L;)
for i,j = 1,...,m/, and form the matrix D = [Dice(L;, L;)] as shown in Figure 6. Let v =
(v1,+++ ,Ume) | with ||v][1 = 1 be the eigenvector of D corresponding to the largest eigenvalue Ay ax.
Since D > 0 is irreducible, by Perron-Frobenius Theorem, A\pax = p(D) and 0 < v; < 1 for
i =1,...,mf. That is v is a probability distribution. Then we define the final probability P as

21, Py

%5, P,

Rot90 —— .

rot90(-1)

D 7, P,

— —— D = [Dice(Z;, £)] € R™

fliplr

: n : % :
flipud : Predict .
AR g flipud
rot90(fliplr) N —_—
o i fliplr(rot90(-1))

FiGURE 6. Adaptive Ensemble Processing: Assume there are five predictions
{L1,...,Ls} with probabilities {P,...,Ps} of the brain image. Let D =
[Dice(Li, L;)] € R>5 and v = [v;] with ||v|]|; = 1 be the eigenvector of D cor-
responding to the spectral radius p(D). The ensembling probability P is taken as
P= 215:1 vi B

fliplr

3. TRAINING SETUP

3.1. Model Architecture. To predict the regions of WT, TC, and ET at the same time in Phase II, we
develop a multi-head mechanism, which contains three decoders at the end of the model, in the UNet-
based training model as shown in Figure 7. Since tumors have an inclusion relation ET C TC C WT, we
add the output of the ET decoder to the output of the TC decoder and the output of the TC decoder to
the output of the WT decoder. The multi-head mechanism can be applied to Residual UNet, SegResNet,
SwinUNETR, and HarDNet-FCN, which are the common UNet-based models.

3.2. Loss Function. The segmentation task can be seen as pixel-wise classification. The most popular
loss function in classification tasks is cross-entropy. However, if the cross-entropy is chosen for the
segmentation task, it will suffer from a foreground and background imbalance problem; that is, the loss
is small when the objective region is small. To deal with this issue, we adopt the combination of dice
loss

23 5 ke PigkcGigke
Yigke Pighe 20 ke Gigike

'CDice(Pa G) =1-



MASS-PRESERVING OPTIMAL MASS TRANSPORTATION FOR BRAIN TUMOR SEGMENTATION 9

WT

Decoder Block
Decoder Block ]—V TC

ET

= | Encoder Block

..................... -P[Dccodcr Block

pal

[En(:oder Block } .- -P[ Decoder Block ]

Bridge Block

FIGURE 7. Architecture of the multi-head mechanism

Encoder Block

Decoder Block

===sp skip connection

1 addition

and focal loss

Lrr(P,G) =— Z a(l=Pjpc) logPijrc,
1,5,k
where C'is the category of Gi; j 1 and «r,y > 0 are hyperparameters, as the segmentation loss, in which
P,G € R™*™*PX4 gre the prediction and ground truth, respectively.

3.3. Learning rate. It is known that the deep learning model is very sensitive to the initial weights.
If we choose a high learning rate, it may bring instability to the resulting model. The warm-up method
is used to guarantee the gradual stabilization of the model at the beginning. Let 7,4, and 7y, be the
maximum and minimum learning rates, respectively, ¢,,q,m, be the warm up iteration, and i; be the total
iteration. Then, we adopt the learning rate ; with the cosine decay and warm-up mechanism at the
i-th iteration as

72172:;% if t <iwarm
Vi = 1 i o .
Yrmin + §('7maz - ’Vmin) (1 + cos <wﬁﬂ-)) s ifi > Lwarm-

4. RESULTS

Brain Tumor Segmentation (BraTS) 2023 Cluster of Challenges contains 9 tasks. In this section, we
focus on Tasks 1, 2, and 3. Task 1 is the same adult glioma population as in the RSNA-ANSR-MICCAI
BraTS 2021 Continuous Challenge [1, 4, 2, 3, 19]. Tasks 2 and 3 are the underserved sub-Saharan African
brain glioma patient population and intracranial meningioma, respectively.

: (i). BraTS 2021 Continuous Challenge database contains 2,040 brain images with 1,251 training
images and 219 unlabeled brain image samples for validation. The others are unreleased brain
image samples for testing. For the 1,251 brain image samples, we randomly choose 1,000 samples
for training and 251 for cross-validation.

: (ii). The Sub-Sahara-Africa Adult Glioma contains 60 training images, randomly chosen 48 sam-
ples for training and 12 for cross-validation, and 15 unlabeled brain image samples for online
validation.

: (iii). ASNR-MICCAI BraTsS Intracranial Meningioma Challenge contain 1,000 training MRI im-
ages, randomly chosen 800 samples for training and 200 for cross-validation, and 141 unlabeled
brain image samples for online validation.

Residual UNet, SegResNet, SwinUNETR, and HarDNet-FCN are the common UNet-based models. In

this section, we compare the predicted results of the cross and online validations for using these UNet-
based models to demonstrate the accuracy of the brain tumor segmentation by using the proposed
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preprocessing and post processing techniques. Here, Residual UNet, SegResNet, and SwinUNETR are
implemented in PyTorch and the Medical Open Network for AI (MONAI) [23], and HarDNet-FCN is
downloaded from the open source GitHub. The parameters of experiment models are shown in Table
1 with the batch size being 12 and the total epochs being 1,000. All trainings are performed on a linux
server equipped with two NVIDIA Tesla A100 PCle 40 GB GPUs.

TaBLE 1. Parameters of the experiment models

Model Initial Filters | Width | Depth | Activation | Norm | Dropout
Residual UNet 32 2 4 PReLU Instance 0.25
HarDNet-FCN 32 1 4 Mish Instance 0.1

SegResNet 32 2 3 ReLU Instance 0.25
SwinUNETR 32 1 4 LeakyReLU | Instance 0

In Phase II, we compute OMT maps with the smooth density functions p., with v = 1.0, 1.5, 1.75,
and 2.0 in (2.5) with p5 in (2.4) for 1,000 brain samples to obtain 4,000 augmented 128 x 128 x 128 x 4
OMT tensors. The techniques (Aul)-(Au5) in Section 2.3 are used to randomly generate 1,000 training
samples from 4,000 augmented OMT tensors. Furthermore, for cross-validation and online validation,
the density function , with pf in (2.6) and R, in Phase I are used to compute the associated 128 x
128 x 128 x 4 OMT tensors.

For the adaptive ensemble in Section 2.4 of the cross-validation and online validation, we select the
three learning models (¢ = 3) at epoch ki, k2, k3, which have the first three best Dice scores, and use
the techniques (Aul)-(Au5) (m = 6) to augment the validation OMT tensors in each epoch. That is we
aggregate m{ = 18 predictions to determine the finial prediction.

4.1. 2P-UNetB-OMT algorithm for BraTS 2021 Continuous Challenge. In the first, we compare
the Dice scores of 219 online validation samples in Phase I with 128 x 128 x 128 x 4 OMT tensors
for Residual UNet, HarDNet-FCN and SegResNet. Here, we take v = 1.5 in (2.3) to construct the
density function. The WT dice scores for online validation are 0.9154, 0.9174, and 0.9204 for Residual
UNet, HarDNet-FCN and SegResNet, respectively. This result shows the learning model produced by
SegResNet can get better Dice score than that Residual UNet and HarDNet-FCN. To compare Phase I-
crop in Figure 5, we take twice random crop pre-processing, provided by MOANALI, for each raw brain
image to obtain 2000 128 x 128 x 128 X 4 training tensors. Table 2 shows the Dice scores of WT, TC,
and ET of the online validation produced in Phase I-OMT and Phase I-crop. From Table 2, we can see
that all Dice scores have improved by using OMT tensors in Phase I. Furthermore, SegResNet model
can get more accuracy of the WT region for both Phase I-OMT and Phase I-crop. Therefore, we use
such WT region to construct R, in (2.6) for the validation samples in Phase II.

TaBLE 2. Dice score of the online validation data for random crop and OMT

Online validation

Model Pre-processing WT TC ET

Residual UNet | Random Crop | 0.9172 0.8586 0.8090
SegResNet Random Crop | 0.9194 0.8542 0.8242
SegResNet OMT 0.9204 0.8683 0.8272

Similarly, we use Residual UNet, HarDNet-FCN, SwinUNETR as the training model in Phase II of
2P-UNetB-OMT algorithm and choose the three best models to perform the adaptive ensemble. The
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associated final Dice scores of cross-validations and online validations for these four UNet-based models
are shown in Table 3. These results show that the Dice score of WT produced by these three training
models are only slightly different. There are obviously different for the Dice scores of TC and ET. From
the results in Table 3, SegResNet produces the best Dice scores for WT, TC, and ET in these UNet-based
training models. Compared the results of SegResNet in Table 3 with Table 2, the Dice scores of TC and
ET have significantly improved in Phase II.

TaBLE 3. Dice scores of WT, TC, and ET for cross-validation data and online validation
data in 2P-UNetB-OMT algorithm with various UNet architectures

Cross-validation Online validation
WT TC ET WT TC ET
Residual UNet | 0.9307 0.9101 0.8602 | 0.9167 0.8560 0.8293
SegResNet 0.9371 0.9152 0.8819 | 0.9214 0.8823 0.8411
HarDNet-FCN | 0.9349 0.9145 0.8554 | 0.9187 0.8676 0.7776
SwinUNETR 0.9330 0.9091 0.8686 | 0.9171 0.8568 0.8283

Model

4.2. 2P-Crop-OMT-UNetB algorithm for BraTS 2021 Continuous Challenge. In above, we dis-
cuss the Dice scores of WT, TC, and ET for using 2P-UNetB-OMT algorithm with four UNet-based
models and find that SegResNet produces the best Dice scores. Therefore, we also use SegResNet as
the training model of Phase II for 2P-Crop-OMT-UNetB algorithm. From Table 2, SegResNet in Phase
I-Crop can get more accuracy of the WT region than that of Residual UNet. Thus, we use the WT region
produced by SegResNet to construct R,, and take v = 1,1.5,1.75, 2 to construct the OMT tensors for
the validation samples.

For each 7, the learning models produced by Phase II with the adaptive ensemble is used to predict
the associated validation OMT tensors. The predicted results of the Dice scores of WT, TC, and ET are
shown in Table 4. In average, the Dice scores at v = 1.75 is slightly better than that of the other three
~ values. Comparing the result in Table 4 for v = 1.75 with that of SegResNet in Table 3, we can see
that the Dice scores produced by 2P-UNetB-OMT and 2P-Crop-OMT-UNetB are only slight different.
They almost have the same prediction even they use different method in Phase I to detect the possible
WT region. This indicates the importance of the OMT maps in Phase II. It is a stable method for brain
tumor segmentation.

TaBLE 4. Dice score of the 219 online validation produced by 2P-Crop-OMT-UNetB
algorithm with various «y

y WT TC  ET
v =10 |0.9227 0.8782 0.8398
v =15 |0.9208 0.8784 0.8455
v3=1.75 |0.9228 0.8808 0.8420
74 =20 09221 0.8756 0.8424
1,72, 73,74 | 0.9237 0.8815 0.8413

If the spending time for the inference is not an issue, then we can use multiple v values to ensemble
the final prediction. For example, we can use all above predictions (4 x 18) for v = 1,1.5,1.75,2 to
get the final prediction. The last row of Table 4 shows the associated Dice score of WT, TC, and ET
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for such 72 ensembles. The results show that the Dice scores of WT and TC have slight improvements.
This is an another advantages for our proposed OMT map.

4.3. 2P-Crop-OMT-UNetB algorithm for Sub-Sahara-Africa Adult Glioma and Intracranial Menin-
gioma Challenge. To reduce the spending time of computing OMT tensors in Phase I-OMT for the
inference, we use 2P-Crop-OMT-UNetB algorithm with SegResNet to predict and segment the tumor
regions of Sub-Sahara-Africa Adult Glioma and Intracranial Meningioma Challenge. The OMT tensors

of the validation samples in Phase II are constructed by using v = 1.5. The Dice scores of WT, TC, and

ET are listed in Table 5. The statistical analysis of the Dice scores is shown in Figure 8.

TaBLE 5. Dice score of the online validation by using 2P-Crop-OMT-UNetB with Seg-

ResNet
Sub-Sahara-Africa Intracranial Meningioma
WT TC ET WT TC ET
mean 0.8747 0.8344 0.8267 | 0.8316 0.8395 0.8401
sd 0.1347 0.2507 0.2343 | 0.2725 0.2782  0.2799

25 quantile | 0.8624 0.8862 0.8628 | 0.8838 0.8778  0.8923
median 0.9206 0.9219 0.9091 | 0.9440 0.9581 0.9594
75 quantile | 0.9369 0.9480 0.9192 | 0.9655 0.9793  0.9779

There are 1, 3, and 2 outliers of WT, TC, and ET, respectively, for the sub-Sahara-Africa adult glioma
as shown in Figure 8a. The Dice scores of these outliers are obviously less than that of the other samples.
Except these outliers, we can get high Dice scores of WT, TC, and ET for 25 quantile, median, and 75
quantile even the training data of sub-Sahara-Africa adult glioma has only 48 samples.

There are 23, 22, and 23 outliers of WT, TC, and ET, respectively, in the 141 online validation samples
for the intracranial meningioma. The Dice scores of WT, TC, and ET for these outliers are less than
0.7480, 0.6797, and 0.7535, respectively. The results in Table 5 show that 2P-Crop-OMT-UNetB with
SegResNet can get very well predictions of WT, TC, and ET for the 25 quantile, median, and 75 quantile
of the Dice scores.

5. DiscussioN

In this paper, we propose an UNet-based brain tumor segmentation framework via OMT-based pre-
processing. The OMT map transforms an irregular domain to a solid unit ball with minimal deformation
and keeping the global information of the original image. Through the density control, it can enlarge the
tumor proportion to help the detection and segmentation of the model. Moreover, data augmentation by
using different density parameters can increase the data diversity to enhance the model generalization
ability.

Two phase processes with OMT maps are used to detect and segment the tumor region of Tasks 1
(adult glioma), 2 (BraTS-Africa adult glioma) and 3 (meningioma) in Brain Tumor Segmentation 2023
Cluster of Challenges. In Phase I, UNet-based model with OMT tensors or random crop tensors as the
input tensors to predict the possible WT region of validation and testing data and then expand the 4
pixels by morphology dilation as the domain of the density function in Phase II. The OMT tensors with
the new densities are re-constructed to train and inference the data in Tasks 1, 2, and 3.

By using SegResNet training model, the Dices scores of (WT, TC, ET) of the online validations are
(0.9214, 0.8823, 0.8411), (0.8747, 0.8344, 0.8267), and (0.8316, 0.8395, 0.8401) for Tasks 1, 2, and 3, respec-
tively. We have very well predictions of WT, TC, and ET for Task 1. The 25 quantile of the Dice scores
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FIGURE 8. Statistical analysis for Dice scores of online validation data for sub-Sahara-
Africa adult glioma and intracranial meningioma

of (WT, TC, ET) for Tasks 2 and 3 are (0.8624, 0.8862, 0.8628) and (0.8838, 0.8778, 0.8923), which are well
predictions. These results demonstrate that our proposed 2-phase UNet-based machine learning with
OMT pre-processing is suitable for the segmentation of different types of brain tumors.

Some of the brain images and the associated tumor regions for the cross-validation are shown in
Figure 9. We can see that the tumor regions are dark. Due to the smaller density function value in the
dark gray area, its proportion in the OMT tensors is also smaller than in the original image. This leads
to less accurate predictions of this area. The choice of a more effective density function to improve the
prediction accuracy of the dark gray regions is one of our main research topics in the near future.
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