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Abstract: Brain tumor segmentation is critical in clinical diagnosis and treatment planning. Existing methods for brain tumor segmentation with
missing modalities often struggle when dealing with multiple missing modalities, a common scenario in real-world clinical settings. These methods
primarily focus on handling a single missing modality at a time, making them insufficiently robust for the additional complexity encountered with
incomplete data containing various missing modality combinations. Additionally, most existing methods rely on single models, which may limit
their performance and increase the risk of overfitting the training data. This work proposes a novel method called the ensemble adversarial co-
training neural network (EACNet) for accurate brain tumor segmentation from multi-modal magnetic resonance imaging (MRI) scans with
multiple missing modalities. The proposed method consists of three key modules: the ensemble of pre-trained models, which captures diverse
feature representations from the MRI data by employing an ensemble of pre-trained models; adversarial learning, which leverages a competitive
training approach involving two models; a generator model, which creates realistic missing data, while sub-networks acting as discriminators
learn to distinguish real data from the generated “fake” data. Co-training framework utilizes the information extracted by the multimodal path
(trained on complete scans) to guide the learning process in the path handling missing modalities. The model potentially compensates for missing
information through co-training interactions by exploiting the relationships between available modalities and the tumor segmentation task.
EACNet was evaluated on the BraTS2018 and BraTS2020 challenge datasets and achieved state-of-the-art and competitive performance
respectively. Notably, the segmentation results for the whole tumor (WT) dice similarity coefficient (DSC) reached 89.27 %, surpassing the
performance of existing methods. The analysis suggests that the ensemble approach offers potential benefits, and the adversarial co-training
contributes to the increased robustness and accuracy of EACNet for brain tumor segmentation of MRI scans with missing modalities. The
experimental results show that EACNet has promising results for the task of brain tumor segmentation of MRI scans with missing modalities
and is a better candidate for real-world clinical applications.
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body. In oncology, MRI plays a crucial role in identifying

.2

0 Introduction tumors and tracking the effectiveness of cancer treatments'™®.

Brain tumors pose a significant and ongoing public health Computer-aided diagnosis (CAD) has emerged as a

. . . valuabl 1 in ophthalmol leveraging machin
challenge worldwide. These complex and life-threatening a ua.b ¢ too op t amo Ogy’ eve ag g‘ i ?C 'e
. o _ learning and deep learning techniques to assist clinicians in
conditions affect millions of people annually, cutting across i , i : ,
o 0 ) disease diagnosis. To streamline this process, the
all ages, races, ethnicities, and genders™. In the United . . . .
) ) development of efficient deep learning models is essential.
States alone, brain tumors were estimated to affect over

25400 individuals in 2023, with nearly 18 800 succumbing

to the disease”. Magnetic resonance imaging (MRI) is a

In practice, MRI scans often encounter the challenge of

missing modalities, which can hinder the accurate

segmentation and localization of tumor regions'".

versatile imaging tool with broad applications in medical
diagnostics, including ophthalmology. Its ability to produce
detailed, non-invasive images makes it indispensable for

detecting and monitoring various conditions throughout the

Addressing the issue of missing modalities is crucial for
improving the diagnostic capabilities of MRI in clinical
settings. By recovering missing modalities, we can enhance
the quality and reliability of tumor segmentation, ultimately
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leading to more accurate and timely diagnoses. This further
highlights the critical need for advancements in this area.
Early detection and accurate localization of brain tumors are
critical for timely intervention and personalized treatment
planning, leading to improved patient outcomes and
survival rates”. MRI plays a vital role in brain tumor
diagnosis, providing detailed anatomical information of the
brain’. Multi-modal MRI scans are used to integrate
complementary features from different sequences, which
is particularly useful when some data (modalities) are
missing. However, acquiring a complete set of MRI
modalities T1, contrast-enhanced T1-weighted (Tlce),
T2 and fluid attenuated invension recovery (FLAIR) can
be time-consuming due to lengthy scan protocols or
impractical due to patient limitations (e.g., claustrophobia)
or cost constraints”.

In recent years, deep learning has demonstrated
remarkable success in various computer vision tasks,
including image recognition, object detection, and
segmentation. lLeveraging the power of deep neural
networks, it has shown promising results in brain tumour
segmentation, surpassing traditional methods in accuracy
and robustness®”. Various MRI modalities offer
complementary information. For instance, T1 images excel
at revealing anatomical structures, while T1ce, T2 images
and FLLAIR sequences are better suited for visualizing
tumors due to their superior contrast between tumors and
surrounding tissues”. The absence of any modality can
hinder the ability to definitively identify the presence or
absence of a tumor.

Existing works” " that addressed missing modalities
demonstrated promising results in handling missing
modalities for brain tumor segmentation. However, most
of these existing works"' " primarily focus on scenarios
with a single missing modality. Real-world clinical settings
encounter cases with multiple missing modalities,
potentially impacting the effectiveness of models.

The proposed ensemble adversarial co-training neural
network (EACNet) framework addresses the challenge of
missing MRI modalities in brain tumor segmentation. By
employing an ensemble of pre-trained models, co-training,
and adversarial learning, the method demonstrates robust
performance and high accuracy. As illustrated in Fig.1, the
framework utilizes four modalities of MRI scans to handle
missing data. The ensemble approach leverages the
strengths of multiple pre-trained models, enhancing the
model$ robustness and generalization ability. Co-training
allows the model to learn from different subsets of available
modalities, while adversarial learning ensures that the
model can effectively handle variations in missing data

patterns. Rigorous evaluations on the BraT$S challenge
datasets validate the effectiveness of the EACNet
framework, demonstrating its capability to accurately
segment brain tumors even in the presence of missing

modalities.

T1 Tlce T2
Fig. 1 Four modalities of MRI images and ground truth label

1 Related works

The works conducted by Shen et al."* developed a brain
tumor segmentation algorithm resilient to missing
modalities, employing a channel-independent encoding
path and a feature-fusion decoding path. Their approach
incorporates self-supervised training via channel dropout
and introduces a novel domain adaptation technique on
feature maps to compensate for absent channels. Findings
reveal varying segmentation quality based on the missing
modality. Meanwhile, Feng et al." proposed a deep
learning model for brain tumor segmentation using a
modified 3D U-Net architecture with adjustments in
training and testing strategies, network structures, and
model parameters. Instead of selecting a single optimal
model, they utilized an ensemble of multiple models trained
with varying hyper-parameters to mitigate random errors
and enhance performance.

Initial findings indicate the efficacy of this approach,
leading to the 9th place ranking in the fiercely competitive
2018 Multimodal Brain Tumor Segmentation BraTs$S
Challenge. However, their method is computationally
expensive. Furthermore, the method proposed by Liu et
al." introduced a mixture of experts and a semantic-guided
network for brain tumor segmentation with missing
modalities. Their model employs a transformer-based
encoder with modality-specific feature learning through
mixture-of-experts blocks, aided by learnable modality
embedding. Additionally, a semantic-guided decoder
enhances attention to tumor regions. Extensive experiments
BraTS2018 dataset

segmentation performance, achieving top or near-top

on the demonstrate superior
results in most cases with lower computational costs. The
model accurately segments brain tumor sub-regions,
indicating a promising potential for clinical applications.
Similarly, the work conducted by Jeong et al. ™,
employed a training technique called adversarial learning to

create features for missing information based on complete
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data. They combines these features using an “attention”
mechanism to create a single, unified representation.
Additionally, Li et al."" introduced a local-global modelling
module to improve intramodal feature representation in the
encoder. To address irregular tumor shapes, a deformation-
adaptive perceptual multimodal representation learning
module 1s developed, learning deformation information
from incomplete image sets for accurate tumor localization.
Furthermore, a reconstruction-driven key information
mining module aids in extracting essential tumor
discriminate features. During inference, this module is
omitted to reduce computational load. Experimental results
on two benchmark datasets demonstrate superior
performance compared to existing methods for brain tumor
segmentation with missing modalities. Yuan. et al. "
proposed a unified generative adversarial network (GAN)
featuring pairwise modality shared feature disentanglement.
Their approach incorporates a multi-pooling feature fusion
module to merge features from all modalities,
complemented by a distance loss and a margin loss to ensure
feature symmetry regularization. Demonstrating superior
performance, their model surpasses existing state-of-the-
art methods for missing modality completion, particularly
enhancing generation quality and aiding brain tumor
segmentation, especially in regions requiring detailed

information from multiple modalities for accurate diagnosis.

Besides the success shown by these methods, many of
the methods, such as ensemble learning and transformer-
based models, are computationally intensive. This can
limit their practical deployment in real-time clinical
settings where critical.

speed and efficiency are

Furthermore, as medical imaging technology advances,

new modalities and imaging techniques emerge.
Adapting existing models to incorporation and
effectively  utilizing these new modalities while

maintaining performance and accuracy is an ongoing
challenge. Handling missing modalities requires robust
generalization across different datasets and clinical
scenarios. Variability in data quality, imaging protocols,
and tumor characteristics can affect the model’ s
performance, and reliability is still a challenge for these

methods.

2 Methods

This section highlights the structure of the proposed
framework for brain tumor segmentation, the network
aims to handle missing modalities in MRI scans which
normally contain some missing data. The general
framework utilizes adversarial learning and a co-trained
approach to handle missing modalities. Fig. 2 illustrates
the framework of the proposed method, detailing the
components integrated within the EACNet architecture.

MRI withmissing modality

Individual sub-network ‘ ’Individual subnetworks predictinr{

Combining model prediction

i L,

Pre-trained DeepLabV3+

i

Prediction 3

X5 . .
multi Pre-trained attention UNet|
’ MRI with full modalitics Feature extraction Iayer

Ensemble learning
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!
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Fig. 2 Overall architectural framework of ensemble adversarial co-training network (EACNet) for brain tumor segmentation
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Fig.2 provides a clear overview of the core modules and
their interactions. Each component is designed to enhance
the network’ s ability to handle missing MRI modalities for
accurate brain tumor segmentation.

2.1 Overview

EACNet’ s architecture is designed to tackle the
complex problem of brain tumor segmentation in MRI
scans, specifically addressing the frequent issue of
missing modalities. The approach is divided into three
interlinked modules, each contributing to the overall
effectiveness of the segmentation process.

1) Co-training module

This module is crucial for handling incomplete MRI
data. It employs two separate processing paths: one for
complete scans, and another for incomplete scans. Each
path utilizes pre-trained deep learning models, which
have been trained on diverse MRI datasets.

The complete scan path provides a baseline for
generating high-quality soft segmentation maps,
indicating the probability of each pixel belonging to
specific tissue classes, such as tumor or healthy tissue.
For incomplete scans, the model generates initial soft
segmentation maps based on available modalities. This
dual-path strategy allows the model to maintain
segmentation performance even when certain modalities
are missing, thereby
variability in MRI data.

2) Ensemble learning module

accommodating  real-world

This module enhances the segmentation accuracy by
integrating predictions from various pre-trained models,
each with distinct architectures and training conditions.
By combining outputs from these diverse models,
EACNet captures a broader spectrum of features and
patterns present in the MR data.

The ensemble approach not only mitigates the risk of
overfitting to any single model but also increases the
results. This s

robustness of the segmentation

particularly beneficial in medical imaging, where
variations in data can significantly impact the reliability
of predictions.

3) Adversarial learning module

The adversarial learning component introduces a
discriminator that evaluates the entropy maps generated
from soft segmentation maps. The entropy maps provide
insight into the confidence of the model regarding pixel
classifications.

In this setup, the incomplete scan path functions as a
generator, aiming to produce entropy maps that closely
resemble those from the complete scan path. The

discriminator’ s role is to differentiate between the two
sets of entropy maps, guiding the generator to improve
its outputs. This adversarial training fosters a stronger
learning process, allowing the incomplete scan path to
refine its predictions and better emulate the performance
of the complete scan path.

The training strategy of EACNet employed a multi-
stage approach, facilitating seamless integration of the
three modules as follows.

1) The co-training module operates first, where pre-
trained models analyze both complete and incomplete
scans to produce initial soft segmentation maps. This
foundational step sets the stage for further refinement.

2) The ensemble learning module combines predictions
from the previous stage to create a more accurate refined
segmentation map. This collective intelligence enhances the
model’s understanding of the data.

3) Finally, adversarial learning is used to improve the
performance of the incomplete scan path. Through
iterative training, the model learns to produce outputs
that mimic those of the complete scan path, thus
enhancing segmentation accuracy.

Overall, EACNet’ s robust design allows it to achieve
reliable brain tumor segmentation even in the presence of
missing  MRI  modalities,

marking a significant

contribution to medical imaging and deep learning.
2.2 Co-training approach

This section describes the co-training approach within
EACNet for brain tumor segmentation with missing
modalities in MRI scans. Co-training is a technique that
is used when data have multiple perspectives or features.
Each perspective is trained separately, and together they
offer a more complete understanding. In the same way,
combining different brain MRI scans gives a full picture
of the brain’s structure and function. The co-training
approach in this context involves training two separate
models.

Inspired by the work of Wang et al.”, we denote X,,,
as an incomplete model input, representing a subset of
MRI modalities available for a given sample; X, as full
model input, containing all MRI modalities for a sample;
and X, as ground truth labels, indicating the correct
segmentation for each voxel in the image.

In terms of co-training with incomplete modalities,
we trained two separate models: full modality model
(FMM) trained on X, and X,, incomplete modality
model (IMM) trained on X,,; and X,, and this was done
concurrently (co-training) .

Via concurrent training, we enable the model IMM to
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learn complementary information from the full and
incomplete modalities. By leveraging the strengths of
both models through concurrent training process,
segmentation performance is improved even when the
model faces missing data in the MRI scans.

Both FMM (multimodal path) and IMM (unimodal
path) are passed to the common backbone architecture of
U-Net, 3D-UNet, and
Deeplabv3-+ to extract generic features from the MRI

pre-trained models of

data, which helps to ensure consistency and reduce the
computational overhead.

As for the framework of co-training block, it takes
MRI data as input, which are either complete or
incomplete. Complete MRI data (X,,;) include all
available modalities for a given MRI scan, typically T1,
T2, Tlce, and FLAIR. Incomplete MRI data (X,,)
contain only a subset of the available modalities, with at
least one modality missing.

In the co-training block consisting of FMM and
IMM, FMM processes the complete MRI data (X,,,;) by
extracting features from all modalities and learning a
comprehensive representation of the brain tumor, and
IMM processes the incomplete MRI data (X,,) for the
purpose of handling missing modalities and learning from
the available information.

For FMM and IMM, each model has modality-
specific convolutional layers, processing incomplete
MRI scans with incomplete modality and MRI scans
with complete modality effectively. These layers were
designed to capture the unique characteristics of each
modality while handling missing information. Dilated
convolutions were applied to capture long-range
dependencies in incomplete MRIs.

IMM and FMM were designed to incorporate
modality-specific layers which are crucial for capturing
the unique characteristics of different modalities and
handling missing data effectively. Also, modality-
specific layers were designed to focus on the available
modalities and reduce the impact of missing data in MRI.
A dilation rate was employed to determine the spacing
between the filter elements.

In this setup, a dilation rate of 3 was used to expand
the receptive field, a 3><3 filter to reduce computational
complexity, 32 filters per convolutional layer to balance
model capacity, and Rel.U activation to introduce non-
linearity.

The output from the co-training block is segmentation
predictions (soft segmentation maps) denoted as Y,
and Y, resulting from FMM and IMM respectively,
and they are expressed as

Y i = Orpm ( Xt ), (1)
Y i = Onm ( X ). (2)

2.3 Adversarial learning

The EACNet framework shown in Fig. 2, designed
for brain tumor segmentation with multimodal missing
modalities in MRI scans, is further augmented by
incorporating an adversarial training component.

Adversarial training hinges on competitively training
two models, one model is the generator G, which
creates realistic representations of missing modalities
based on the available data in each sub-network’s
training scenario; the other model is the discriminator,
which acts as the sub-networks themselves in this case,
and aims to distinguish between genuine missing
modalities and the generator’s synthetic versions.

In our setup, the inputs of adversarial learning are
segmentation maps of IMM and FMM (Y,, and Y,..)-
The aim is to allow generator G to learn and create
realistic synthetic representations of the missing
modality that can fool the corresponding sub-network
sub-network

acting as the discriminator. Each

incorporates a  generator-discriminator  pair  for
adversarial training. The generator creates synthetic data
(synthetic T1 images for a network handling missing T'1
data) to deceive the discriminator. The discriminator, in
turn, strives to distinguish real missing modality data
from the synthetic data. This iterative process helps sub-
networks better handle unseen missing modality patterns
during testing, leading to a more robust EACNet
framework.
2.3.1 Network structure of discriminator

Input: Ground-truth segmentation mask (real) and
predicted segmentation mask generated by the FMM or
IMM (fake) .

Architecture:  The
convolutional layers, and a PatchGAN allows focusing

discriminator is based on
on local patches of the image rather than the entire image.
Convolutional layers: Multiple layers of convolutions
are used to extract features from the input soft
segmentation mask, and these layers are followed by
batch normalization and L.eaky Rel.U activation.
Patch-based output: The discriminator produces a
(patch-level)
corresponds to whether a particular patch of the input is

probability map where each value
real or fake. Patch-based output is a probability score for
each patch (or the whole segmentation mask) where the
output closer to 1 means real and 0 means fake.

Loss functions: Discriminator loss is evaluted by

binary cross-entropy (BCE) loss for classifying real vs.
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fake segmentations. The discriminator’ s role is to
provide feedback by correctly distinguishing between
real and generated augmentations, thus improving the
generator over time.

2.3.2 Adversarial training loop

In the adversarial training component of the co-
training framework, the combined predictions from the
FMM and IMM (Y, and Y,,) were used as input to a
discriminator network. The discriminator’s task is to
distinguish between the segmentation predictions
generated by FMM and IMM. This forces the models to
learn complementary information and improve their
ability to generate accurate and diverse predictions.

The generator and discriminator networks were
trained iteratively. The generator aims to produce more
realistic synthetic T1-weighted images to deceive the
discriminator, while the discriminator aims to accurately
distinguish between real and synthetic T1-weighted
images. We employed concepts from GANs and deep
learning, specifically from works conducted by Chen et
al."”, Sahoo et al.””, and Kalejah et al.”".

For generator operation, generator network G takes
input modalities from IMM and FMM (T2, Tlce,
FLAIR images) and generates synthetic images as

Synthetic I+, = G (Lo, Iviee, Tpram ), (3)

where I, stands for the synthetic image, I, stands for
T2-weighted image, It stands for the T1ce-weighted
image, and I ik stands for the FILAIR-weighted image.

In terms of discriminator operation, the discriminator
network D receives both real T1-weighted images and
synthetic T1 images, and then predicts whether the input
is real or fake. The discriminator’ s output can be
represented as a probability distribution over real or fake

classes, namely
po=D(Real I,/Synthetic I, ). 4)

The discriminator’s output is interpreted as the
probability that the input is a real T1-weighted image.
During training, D learns to maximize this probability
for real images and minimize it for synthetic ones. The
adversarial training process optimizes both the generator
and discriminator networks iteratively. The generator
synthetic  T1

indistinguishable from real ones, while the discriminator

aims to produce images that are

aims to correctly classify real and synthetic images. The
generator’s objective function G is formulated as

G = —log (D(syntheticI,)). (5)

The generator aims to minimize this objective, i.e., it

tries to generate synthetic T1 images that have high

probability of being classified as real by the
discriminator. Similarly, the discriminator’s objective

function is formulated as a binary cross-entropy loss:

L cross-entropy

—log(Reall; )—log(1 - D (synthetic11,)). (6)

The discriminator aims to minimize this objective,

1. e., it tries to correctly classify real and synthetic
images. During training process, the parameters of
generator and discriminator networks are updated using
gradient descent. The generator updates its parameters
to minimize G, while the discriminator updates its

parameters to MiNIMIZe L cos entropy-
2.4 Ensemble learning

As for ensemble approach within the EACNet
framework shown in Fig.2, EACNet utilizes an ensemble
architecture consisting of multiple sub-networks. Each sub-
network within the EACNet architecture incorporates a pre-
trained model specifically selected to address unique
missing modality challenges.

Selection criteria for sub-networks involves three
criteria as follows:

1) Capturing local and contextual information. It is
crucial to capture spatial dependencies and local features.
3D U-Net excels at this due to its U-shaped architecture.

2) Multi-scale contextual awareness. DeeplabV 3
with atrous convolutions is well-suited for understanding
broader context in scans, especially important with
missing information.

3) Focusing on critical regions. Attention U-Net excels
at directing focus to these crucial regions using attention
mechanisms. The final prediction for brain tumor presence
is derived by combining the outputs from all sub-networks.
Each sub-network independently processes the MRI scans
and generates individual predictions, focusing on learning
complementary features from available modalities. This
approach aims to extract diverse and informative features
even with incomplete data.

Afterwards, the predictions from each sub-network
are aggregated using an averaging approach. Let p,
represent the probability of brain tumor presence
predicted by the ith sub-network within the ensemble,
and N is the total number of sub-networks within the
EACNet Densemble

prediction for brain tumor presence is calculated as the

ensemble. presenting  ensemble
average probability across all sub-networks.

In the co-training framework of EACNet, the pre-
trained models serve as the shared backbone for both the

FMM and the IMM. This means that the same set of
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pre-trained models are used to extract features from both
complete and incomplete MRI data.
follows: The

ensemble receives the complete and incomplete MRI

Feature extraction process 1is as
data as iput. Each pre-trained model within the
ensemble processes the input data independently. Each
model extractes its own set of features using its internal
architecture (e.g., convolutional layers, pooling layers,
attention mechanisms). We set model parameters in
each model as described in subsection 3.2 including
pooling, maxpooling, convolutions, down-sampling
and up-sampling layers in U-Net.

Then, ensemble fusion is performed. The individual
predictions of U-Net, 3D U-Net, and

DeeplLabV + in the ensemble block are denoted as p,, p.

model

and p,, respectively.

For the unimodal path, there is

pﬁ:]: — Xuni ( Mg ) (7)
For multimodal path, there is
P;ﬁni = Xt (7301 ), (8)

where P"" is the prediction corresponding to each model
in the ensemble block. The individual network (pre-
trained model) predictions are fused via averaging
techniques to obtain the final result as

1

pﬁnalzﬁpw (9)

3 Experiment and results

The BraTS2018 and BraTS2020 training datasets™
consist of 285 multi-contrast MRI scans with four
modalities: native (T1), post-contrast(T1lce), T2-
weighted (T2), and T2 FLAIR volumes. Each of these
modalities captures different properties of brain tumor sub-
regions which are the GD-enhancing tumor (ET), the
peritumoral oedema (ED), and the necrotic and non-
enhancing tumor core (NCR/NET) .

These sub-regions are combined into three nested
sub-regions, WT, tumor core (TC), and ET. All the
volumes have been co-registered to the same anatomical
template and interpolated to the same resolution.

Experiments were implemented in Pytorch and
performed on a computer with memory 12 GB of GPU of
NVIDIA GTX 1080 and a processor of Intel 17 with
2.5 GHz clock speed 12th generation family. The
training process consisted of 300 epochs in each run with
an input patch size of 160X 192X 128 and a batch size of
1. The Adam optimizer was applied, and the initial

learning rate was set as 0.000 1 and progressively

decreased according to a poly policy as

0.9
Z\]cpoch )

(10)
Nepo('h , max

U/ 7]0( 1—

We randomly split the dataset into training and validation

sets at a ratio of 2 : 1. The detection performance was

evaluated on each nested sub-region of brain tumors using

“The Dice similarity coefficient (DSC)” and “Hausdorff

distance (HD95)”. A higher DSC and a lower HD95
indicate a better prediction performance.

3.1 Results

This section presents experimental results of EACNet
in segmenting brain tumors on MRI scans with missing
modalities. The results are expressed in terms of DSC
scores and HD95,
accuracy, reported across various regions and modalities.
3.1.1 Quantitative results on BraTS2018

Experimental results on BraTS2018 dataset show that

key metrics for segmentation

the EACNet achieves a competitive performance on
DSCin ET, WT, and TC regions. For ET, this region
represents the most critical part of the tumor, often
exhibiting aggressive growth. High and consistent DSC
across modalities for EACNet indicate its ability to
accurately segment this vital area, even when data are
missing. WT encompasses the entire tumor volume.
The strong performance of 83.67% in this region
suggests that EACNet effectively captures the overall
tumor size and shape, which is crucial for treatment
planning and monitoring. For TC, this region denotes
the central, most malignant part of the tumor. High DSC
in this region showcases EACNet’s ability to precisely
delineate the core, which is essential for guiding
treatment decisions.

Table 1 shows the results of the proposed method in
DSC on ET, WT, and TC regions of MRI scans based
on each modality, in the table missing modalities are
denoted by X and modalities present by ~/ . EACNet
demonstrates superior performance in all three MRI
regions (ET, TC, and WT) for brain tumor detection
with complete MRI data. This highlights the
effectiveness of the ensemble approach and the potential
benefits of adversarial co-training.

Table 1 Results of EACNet on BraTS2018 in DSC

Modality DSC/%

FLAIR T1 Tlce T2 ET TC WT  Average

45.67  69.95  69.95 68.45
80.91 85.51 86.34 83.67
44.47 83.36  84.56 68.89
46.39 65.34 89.48 68.89

40X X

X LOX X
X X <4 X
X X X 4
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Table 2 shows the results of the proposed method in
HD95on ET, WT, and TC regions of MRI scans based
on each modality, in the table missing modalities are
denoted by >, and modalities present by /.

Table 2 Results of EACNet on BraTS2018 in HD95

Modality HD95/mm

FLAIR Tl Tlce T2 ET TC WT  Average

X X X NG 7.21 562  6.98 6.45
X X J X 843  6.78  7.62 6.67
X N X X 562 594  6.76 6.89
N X X X 595 775 7.75 6.86

EACNet also demonstrates superior performance in
all three MRI regions (ET, TC, and WT) for brain
tumor detection with complete MRI data. This also
highlights the effectiveness of the ensemble approach
and the potential benefits of adversarial learning.

3.1.2 Qualitative results on BraT S2018 dataset

Fig.3 presents segmentation results from the EACNet
model with ground truth data across different MRI
modalities.

R

(a) Input T1

(b) Ground truth (¢) Output

(d) Input T1Ce

g) Input FLAIR
Fig. 3 Segmentatlon results of EACNet

e) Ground truth

(f) Output

) Ground truth

(i) Output

Fig. 3 includes three columns: (a) input modality,
(b) ground truth annotated by experts, and (c) segmented
output from EACNet.

Input modality represents the raw MRI images presented
for segmentation. This column furthermore displays the

original MRI images that serve as input to the segmentation

process, providing critical contextual information necessary
for accurate tumor delineation. For ground truth, this
column of figures present expert-annotated segmentations
that serve as the benchmark for evaluating accuracy. These
annotations reflect precise and clinically verified
delineations of tumor boundaries, which are crucial for
performance assessment. For EACNet segmented output,
this column presents the predicted tumor regions generated
by the EACNet model. These outputs represent the
model’s capacity to segment and identify tumor boundaries
with precision, closely mirroring the expert ground truth
segmentations. This visual comparison highlights
EACNet’ s

regions, showcasing a strong correspondence between

effectiveness in accurately delineating tumor

EACNet’s outputs and the expert-annotated ground truths
across multiple MRI modalities, and demonstrating strong
alignment with the ground truth across various MRI inputs.
It underscores EACNet’s capability to generalize well even
under diverse and complex input conditions. The
comprehensive comparison offers compelling evidence of
EACNet’ s performance, showcasing its consistency,
adaptability, and precision in handling multimodal input
data while maintaining high segmentation accuracy.
3.1.3 Quantitative results on BraT S2020 dataset
EACNet was further rigorously evaluated on more
complex BraTS2020 dataset, which

validation set comprising 50 additional training samples

includes a

and 59 additional validation samples. The incorporation
of this expanded dataset led to a notable enhancement in
segmentation performance.

Experimental results show that EACNet achieves the
highest DSC for the ET sub-region,
superior delineation of this critical tumor component.

demonstrating

Competitive DSC scores are also attained for the WT
and TC sub-regions.

Furthermore, EACNet exhibits the best HD95 across
all tumor types, indicating improved localization
accuracy. These results underscore the effectiveness of
EACNet in handling the intricacies of brain tumor
segmentation and its potential for clinical translation.

Table 3 below shows that the inclusion of different
modalities significantly influences the segmentation
performance. The combination of FLLAIR, Tlce, and
T2 modalities (row 1) yields the best overall DSC
scores, indicating the importance of these modalities for
accurate brain tumor segmentation. The T1lce modality
appears to be crucial for achieving high DSC scores,
especially for the ET sub-region. Removing T1lce (rows
2 and 3) leads to a substantial drop in ET DSC,

highlighting its significance in tumor delineation. While
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removing individual modalities (T1 or T2) degrades
performance compared to the full modality setup, the
EACNet model still demonstrates reasonable results,
suggesting its robustness to missing data scenarios.

Table 3 Results for EACNet on BraTS2020 in DSC

Modality DSC/%

FLAIR TI1 Tlce T2 ET TC WT  Average

X X X N 88.21 69.95 79.27  78.45
X X i X 70.91 7551 76.34  73.67
X J X X 7145 67.36  74.56 78.89
N X X X 77.51 75.34 79.48  78.89

EACNet exhibits a relatively balanced performance
across different tumor sub-regions (ET, TC, WT),
indicating its ability to segment various tumor
components accurately. EACNet achieves promising
results on the BraTS2020 dataset, particularly when all
modalities are available. The model demonstrates a
certain level of robustness to missing modalities,
although performance 1s generally better with more
complete data. These findings highlight the potential of
EACNet as a valuable tool for clinical applications in
brain tumor segmentation.

Table 4 presents the model’ s segmentation results in
the HD95 metric for different MRI modalities used in
tumor segmentation. The modalities assessed include
FLAIR, T1, Tlce, and T2. The table highlights the
segmentation performance for different tumor regions,
ET, TC, and WT, along with an overall average HD95
across these regions. A checkmark (~/) indicates the
modality used for a specific test configuration, while a
cross (X)) denotes its exclusion. The values show the
accuracy of tumor boundary predictions, where lower
HD95 values indicate better segmentation performance.

Table 4 Results of EACNet on BraTS2020 in HD95

available modality (T1ce).

The primary goal of this study is to assess the
individual contributions of different components within
the EACNet framework to the overall segmentation
performance. The first row establishes a baseline
performance using only the L., loss function, without
incorporating any additional modules such as adversarial
learning (AM) , co-training (CM) , or ensemble learning
(EM) . A co-training baseline network is established that
solely utilizes the consistency loss (L.,) function. This
baseline serves as a reference point for evaluating the
impact of the proposed modules. Each proposed module
was progressively added to the baseline network to
analyze their individual and combined contributions.

Table 5 presents the results of the study. The results
show that the performance of the unimodal path,
responsible for handling the missing modality (all
modalities except Tlce), improves steadily with the
addition of each module (AM, CM, and EM). This
observation suggests a mutually beneficial relationship
between the co-training approach and the proposed
modules. Each module contributes to an overall
improvement in the network’ s ability to handle the
missing modality.

Table 5 Segmentation results in DSC from an ablation study

DSC/%
Model Modality
ET TC WT  Average

LeonAM 76.56  85.71  79.23 80.50

Leo, TCM 78.23  82.90  78.98 80.04

L TEM Tlce 78.34 8445 79.34 81.71
LegytCM+EM 77.45 8596  79.56 81.04

Leo, FCM+EM-+AM 79.79  85.98  91.97 81.78

~“Con

Modality HD95/mm

FLAIR T1 Tlce T2 ET TC WT  Average

X X X N 521 6.92  6.98 6.65

X X N X 7.34 718  7.62 6.67

X N X X 6.62 7.94 8.76 7.89

N/ X X X 6.45 6.95 7.98 6.86
Furthermore, the table compares the effect of

different modality combinations on the segmentation
results, helping evaluate the impact of each modality on
the overall accuracy.

3.2 Ablation study

3.2.1 Segmentation results of several models

This section investigates the effectiveness of each
proposed module within the EACNet framework for
brain tumor segmentation when dealing with a single

When an AM 1s added to the model, a consistent
improvement in all evaluation metrics (ET, TC, WT,
exhibited ,

effectiveness in enhancing segmentation performance.

and  Average) is demonstrating its

Furthermore, when a CM is added, the segmentation
accuracy is further increased, particularly for the ET and
WT metrics. This suggests that the co-training strategy,
which leverages information from both complete and
incomplete data, contributes significantly to the model’ s
accuracy.

The addition of the EM further improves the
segmentation accuracy, especially for the ET and TC
metrics. This indicates that combining multiple models
can enhance the model’s ability to capture diverse
features and improve segmentation accuracy.

The final row shows the performance of the full
EACNet model, incorporating all three modules. This
configuration achieves the best overall performance
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across all evaluation metrics, highlighting the synergistic
effect of combining the different components. The
ablation study results demonstrate the effectiveness of
each module within the EACNet framework.

The adversarial, co-training, and ensemble learning
modules all contribute to improved segmentation
performance. The combination of these modules in the full
EACNet model yields the best overall results, emphasizing
the importance of a comprehensive approach to address the
challenges of brain tumor segmentation.

3.2.2 Evaluation of unimodal vs. multimodal path
contributions in EACNet segmentation

To assess the impact of both unimodal and multimodal
paths on the segmentation performance of EACNet, we
extended our ablation study by conducting experiments
designed to isolate and evaluate the contributions of each
approach. This comprehensive evaluation sought to
determine how the fusion of multiple MRI modalities
influences  segmentation accuracy, compared to
processing single modalities independently.

1) Unimodal path analysis

In this study, EACNet was firstly trained using each
MRI modality separately—T1, Tlce, T2, and FLAIR.
By isolating each modality, we aimed to understand how
EACNet effectively segments brain tumors when it
relies solely on the features extracted from a single input
source. This process offered valuable insight into the
unique contribution and discriminative power of each
modality. For instance, certain modalities, like FLAIR,
are known to better highlight edema regions, while T1ce
images provide more defined tumor core boundaries. By
quantifying the segmentation performance for each
unimodal input, we were able to observe the strengths
and weaknesses of using each modality in isolation.

2) Multimodal path analysis

Next, the segmentation performance was examined
when all modalities were fused and processed
simultaneously by EACNet. This approach leverages
complementary information present across different MRI
sequences. For example, integrating data from T1,
Tlce, T2, and FLAIR allows the model to gain a more
comprehensive understanding of both the tumor and
surrounding tissues, leading to enhanced segmentation
accuracy and robustness. This multimodal approach
aligns with clinical practices where combining various
imaging modalities often yields better diagnostic
accuracy than any single modality alone.

3) Results comparison and key findings

The results of the study demonstrated that the
multimodal  path

substantially  outperformed the

unimodal paths across key segmentation metrics, such
as DSC, precision, and recall. This improvement can be
attributed to the ability of the multimodal approach to
capture richer and more diverse features, thereby
enhancing the model’ s ability to generalize and identify
complex tumor structures. Conversely, while some
unimodal paths (notably FLAIR and Tlce) offered
relatively strong segmentation results, they were

consistently  outperformed by  their multimodal
counterpart due to the lack of cross-modal feature fusion.

Fig.4 below presents an ablation study that evaluates
the segmentation performance using different input
modalities and approaches of the wunimodal and
multimodal paths, including the full EACNet model, for
brain tumor segmentation in MRI images. The results
are displayed in multiple columns, with each row
corresponding to different input MRI sequences. The
detailed description is as follows.

1) Input MRI modalities (column 1). Images (a),
(f), and (k) show the input MRI scans in T1, T2, and
FLAIR modalities, respectively. These inputs represent
the baseline data used for segmentation by different
models.

2) Ground truth (column 2) . Images in the subfigures
labelled (b), (g), and (1) illustrate the ground truth
segmentation labels, highlighting different tumor regions
such as the necrotic core, and enhancing tumor tissue with
distinct colours for accurate visual comparison. Columns
3 — 5 visualize segmentation results for multimodal and
unimodal paths.

3) Columns with subfigures labelled (¢), (d), (h), (i),
(m), and (n) depict the segmentation results from
unimodal and multimodal paths. These paths use different
combinations of MRI input data and provide insights into
how each approach affects the segmentation accuracy.

4) Full EACNet. Images in subfigures (e), (j), and
(o) present the segmentation output of the full EACNet
model. This configuration leverages all input paths and
modalities, resulting in more comprehensive and precise
tumor segmentation.

5) Key observations. The ablation study clearly
demonstrates the enhanced segmentation accuracy of the
full EACNet model compared to unimodal or partial
combinations of modalities. In each instance, the full
EACNet model (shown in images (e), (j), and (o))
offers the most accurate and complete delineation of
tumor regions, reflecting the advantage of combining
multiple input paths and modalities in a full EACNet
model in achieving superior segmentation performance
for brain tumors in multimodal MRI data.
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(a) Input T1 b) Ground truth

’

(f) Input T2

(g) Ground truth

¢) Multimodal

(h) Unimodal path

d) Unimodal e) Full EACNet

(i) Multimodal path (j) Full EACNet

(k) Input FLAIR

(1) Ground truth

(m) Unimodal path

(n) Multimodal (0) Full EACNet

Fig. 4 Segmented results of an ablation study

3.3 Comparison with other recent methods

This section presents a comparative analysis of the
proposed EACNet method with other recent methods
and approaches for brain tumor segmentation with
missing modalities. The primary goal of this comparison
is to highlight the unique advantages and contributions of
EACNet in handling multiple missing modalities and

improving the overall accuracy of brain tumor
segmentation.
Comparison results demonstrate that EACNet

outperforms other methods in handling multiple missing
achieving DSC of 89.27% for WT
BraTS2018 dataset. This

significant improvement can be attributed to the

modalities,
segmentation on the

ensemble approach and adversarial co-training, which
enhance the model’s robustness and accuracy in handling
incomplete data as shown in Tables 6—8.

Tables 6 — 8 show the segmentation results of various
including ET, TC, and WT,
demonstrating the superior performance of EACNet on
the BraTS2018 dataset. Compared to three recent
methods for brain tumor segmentation, MS3AE™,
SMU-Net® | and ACNPY, EACNet achieves the
highest DSC score, specifically for the WT

tumor regions

segmentation  task.  This
highlights the effectiveness of EACNet’ s ensemble

quantitative  advantage
adversarial co-training strategy in handling missing
modalities within MRI scans.

Table 6 DSC scores of various missing modalities of MRI
scans in ET region

Modality DSC/%

FLAIR T1 Tlce T2 EACNet MS3AE SMU-Net ACN
X X X N 76.5 75.3 70.6 67.8
X X NG X 82.1 83.4 80.4 79.8
X NG X X 62.5 70.8 61.8 60.6
N X X X 79.9 78.6 86.7 70.8
NG X NN 71.82 70.9 66.9 66.7
X NG NG X 85.43 74.2 80.4 78.9
X NG X NG 74.2 72.2 60.4 63.9
N N/ NS 73.98 73.8 67.2 66.1
NG X N/ X 48.90 84.7 73.3 92.6
N NG X N 75.52 75.7 68.2 67.2
N X J NG 86.26 84.8 75.5 68.3
X N N NG 75.75 73.8 67.2 66.1
Furthermore, superior performance in other

segmentation metrics (e.g., TC and ET DSC scores)
suggests that EACNet offers a robust and generalizable
approach for brain tumor segmentation in challenging
clinical scenarios.

Table 8 presents the segmentation results of various
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MRI scan modality combinations (FLAIR, T1, Tlce,
and T2) for the WT region,
performance of four segmentation models: EACNet,
M3AE", SMU-Net*, and ACN™.

Table 7 DSC Scores of various missing modalities of MRI

and compares the

scans in TC region

Modality DSC/ %

FLAIR T1 Tlce T2 EACNet MB3AE SMU-Net ACN
X X X N 76.5 75.3 70.6 67.8
X X NG X 82.1 83.4 80.4 79.8
X N X X 62.5 70.8 61.8 60.6
N X X X 79.9 78.6 86.7 70.8
NG X N N 71.82 70.9 66.9 66.7
X NG NG X 85.43 74.2 80.4 78.9
X N/ X NG 74.2 72.2 60.4 63.9
NG N N X 73.98 73.8 67.2 66.1
Ni X N X 48.90 84.7 73.3 92.6
NG NG X N 75.52 75.7 68.2 67.2
N X N/ NG 86.26 84.8 75.5 68.3
X N N N 75.75 73.8 67.2 66.1

Table 8 DSC scores of various missing modalities of MRI

scans in WT region

Modality DSC/%

FLAIR T1 Tlce T2 EACNet MS3AE SMU-Net ACN
X X X N 75.6 74.5 72.7 68.5
X X J X 83.1 82.4 81.4 77.8
X N X X 64.5 72.8 66.8 63.6
J X X X 80.9 78.6 88.8 75.8
NG X N N 74.82 76.9 68.9 69.7
X NG NG X 84.33 83.2 79.4 73.9
X N/ X N 74.2 72.2 62.4 64.9
NG N N X 72.98 70.8 68.2 67.1
NG X N X 49.90 82.7 75.3 94.6
N NG X NG 74.52 76.7 66.2 65.5
N X v Y 87.26 85.8 75.5 68.3
X N N N 75.75 75.8 68.2 65.1

1) Impact of missing modalities

The table also shows the segmentation performance
when different MRI modalities (FLAIR, T1, Tlce,
T2) are either present (~/) or absent (X). By observing
the scores, it can be seen that the absence of certain
modalities affects the segmentation performance across
different models. When only T2 is present (other
modalities are missing) , EACNet achieves a DSC of
75.6%, outperforming all other methods, with M3AE
at 74.5% and ACN lagging at 68.5% . This suggests that
EACNet is more robust to missing modalities and can
extract meaningful features from the remaining T2
modality. But when only Tlce is present, EACNet
achieves the highest DSC score of 83.1%, followed
closely by M3AE at 82.4%., and SMU-Net and ACN
show lower performance, with DSC scores of 81.4%
and 77.8%, respectively. When only T1 is present,

EACNet underperforms compared to the M3AE method
in this case, with a DSC of 64.5% (compared to 72.8%
for M3AE) . This suggests that EACNet is more reliant
on other modalities than on T1 alone, where M3AE
seems more capable of leveraging T1 data. When only
FLAIR is present, SMU-Net achieves a high DSC
score of 88.8% , outperforming EACNet (80.9%) and
the other methods, showing that SMU-Net benefits
more from FLLAIR when other modalities are missing.
ACN also performs relatively well here with a DSC of
75.8% but still lags behind SMU-Net.

2) Performance with multiple modalities

When Tlce, T1, and FLLAIR are present, EACNet
outperforms all other methods with a DSC score of
87.26% , suggesting its strength in multimodal learning.
M3AE follows with a DSC of 85.8%, while ACN
performs worse with 68.3%. When FLAIR, Tlce, and
T2 are present, EACNet continues to dominate with a
DSC of 84.33%, slightly outperforming M3AE
(83.2%). and ACN and SMU-Net trail behind at
73.9% and 79.4% , respectively. Across the different
EACNet consistently
indicating its robustness to

missing modality scenarios,
achieves high scores,
incomplete modalities in MRI scans. Its ability to
maintain competitive performance despite missing inputs
suggests that its ensemble, co-training, and adversarial
learning strategies are effectively mitigating the absence
of certain modalities. M3AE also shows competitive
performance, especially when only one modality is
missing, but falls behind EACNet when more than one
modality 1s missing. SMU-Net appears to perform
exceptionally well in certain scenarios (such as when
only FLAIR is present) , but overall, it struggles more
than EACNet when multiple modalities are absent.

ACN shows the weakest performance across most
scenarios, indicating that it is less capable of handling
missing data compared to the other methods.
Furthermore, EACNet shows its strength across the
board, especially when dealing with multimodal inputs.
Its ability to integrate information from different
modalities and handle missing data proves effective.
M3AE is a close competitor, particularly when fewer
modalities are available, but tends to underperform
slightly when there is more than one missing modality.

SMU-Net shines in cases where FLLAIR is present but
struggles to match the performance of EACNet when
other combinations of modalities are missing. ACN
consistently underperforms compared to the other
methods, indicating that it may not be well-suited for
handling missing modalities in this context.
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EACNet delivers the most robust performance across
varying levels of missing modalities, proving its value in
dealing with incomplete MRI data. Its integration of
ensemble learning, co-training, and adversarial learning
helps it achieve competitive segmentation results even in
challenging scenarios.

M3AE remains a strong competitor but falls short in
SMU-Net has
specific strengths (like FLAIR-based segmentation) but
struggles more than EACNet with missing data. ACN
appears less effective than the other models in handling

certain multimodal configurations.

missing modalities, consistently yielding lower DSC
scores.

Finally, these results show segmentation results of
various missing modalities of MRI scans in the WT, TC
and ET regions, demonstrating that EACNet (our
model) achieves the best results in most cases,
consistently outperforming the other methods for case
where one or other modality is missing in MRI scans.

Table 9 compares the DSC performance of the
proposed EACNet model with three other state-of-the-
art methods: M3AE, ACN, and SMU-Net. EACNet
achieves a DSC of 89.27%, which is the highest among
all the models compared.

Table 9 Comparison of EACNet with other recent methods

Method DSC/%
M3AE? 84.8
ACN® 86.34
SMU-NET® 85.27
EACNet (Ours) 89.27

This improvement demonstrates the effectiveness of
the EACNet in accurately segmenting regions of
interest, likely due to its advanced ensemble and co-
training mechanisms, which handle multimodal data and
missing modalities more robustly. The substantial
EACNet over

demonstrates its consistent performance across different

improvement  of other methods
scenarios, particularly in complex multimodal datasets
with challenges such as missing or noisy modalities.

The EACNet’s innovative use of ensemble adversarial
co-training enhanced its ability to generalize and achieve
higher segmentation accuracy. This design ensures that
features are learned collaboratively from multiple
modalities, even when some data are missing. EACNet
exhibits significant advancements in segmentation accuracy
compared to existing state-of-the-art models. The
improvement in DSC reflects its capability to handle
complex datasets and outperform traditional methods in
multimodal medical image segmentation. These results

validate the contribution of EACNet to the field and its

potential for broader application.

4 Conclusions

In conclusion, our work introduces EACNet, a novel
deep learning framework, for brain tumor segmentation
from multi-modal MRI scans with missing modalities.
EACNet leverages the power of an ensemble of pre-
trained models to capture diverse feature representations
and incorporates adversarial co-training to enhance
robustness against data variations. By effectively
combining ensemble learning, adversarial training, and
co-training strategies, EACNet demonstrates superior
performance compared to state-of-the-art methods on
the challenging BraTS2018 and 2020 datasets. This
combination is highly effective, achieving state-of-the-
art performance on the BraTS2018 challenge dataset and
achieving competitive performance on BraTS2020
dataset.

The model excels in handling missing modalities,
maintaining competitive accuracy even in the absence of
crucial imaging information while EACNet has shown
promising results. However, further validation on a wider
range of datasets is crucial to assess its generalizability
across different clinical settings. Additionally, an ablation
study provides deeper insights into the individual
contributions of each module within EACNet. Exploring
methods to reduce computational cost would also be
beneficial for real-world implementation.

Despite these considerations, EACNet’ s promising
results pave the way for further advancements in automated
brain tumor segmentation, potentially leading to improved

clinical outcomes for brain tumor patients.
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