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ABSTRACT

Magnetic Resonance Imaging (MRI) plays a pivotal role in the diagnosis and treatment of brain
tumors, making its accurate assessment critically important. However, the inherent three-dimensional
nature of MRI presents several challenges, leading to the common practice of conducting analyses on
two-dimensional projections. While this simplification reduces complexity, it also introduces poten-
tial biases. Conversely, the more time-intensive three-dimensional evaluations, such as segmentation,
can yield precise estimates of various spatial characteristics, enhancing our understanding of disease
progression. Recent research focusing on segmentation tasks has demonstrated that Deep Learning
techniques outperform traditional computer vision algorithms, although the problem remains
complex. In this paper, we introduce a deep cascaded approach for the automatic segmentation of
brain tumors. Our method, akin to contemporary object detection techniques, leverages neural
networks and includes modifications to the 3D UNet architecture and augmentation strategies to
effectively process multimodal MRI data. Additionally, we present a method to improve segmentation
quality by incorporating contextual information from models of the same architecture operating on
downscaled datasets. We assess our proposed approach using the BraTS 2018 dataset and provide a
discussion of the results.
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Introduction

Multimodal magnetic resonance imaging (MRI) is a powerful technique extensively used in human
brain research. Although it has diverse applications, its main roles lie in disease diagnosis and
treatment planning. Accurate interpretation of MRI data is crucial at every stage of this process. Since
MRI scans consist of multiple three-dimensional arrays, manual analysis is inherently complex, time-
intensive, and demands specialized expertise. Limited availability of professional time and resources
can result in less-than-optimal outcomes. Clinicians often review MRI images in two-dimensional
slices or projections, which limits the amount of information assessed and can introduce bias in their
interpretations. In contrast, precise segmentation and three-dimensional reconstruction provide
deeper understanding of disease progression and enhance treatment planning. Nevertheless, these
advanced approaches are rarely used due to the significant time required for manual annotation. To
address this challenge, the Brain Tumor Segmentation (BraTS) challenge [1, 10] was established as
an annual competition that offers a standardized platform for developing and benchmarking cutting-
edge segmentation methods. Participants are tasked with producing segmentation maps for different
glioma subregions, including the enhancing tumor (ET), tumor core (TC), and whole tumor (WT).
The training dataset [2, 3] includes 210 MRI scans of high-grade gliomas and 75 scans of low-grade
gliomas, each carefully labeled by expert annotators. The test data is split into two parts: a validation
set, which is used for continuous evaluation throughout the challenge, and a final test set, reserved
for the conclusive assessment of method performance. Evaluation of the segmentation approaches
relies on metrics such as the Dice coefficient, Sensitivity, Specificity, and Hausdorff distance.
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Objective

The main objective of the study is to use a deep cascading approach for automatic segmentation of
brain tumors, which is similar to modern object detection methods and uses neural networks. It
includes modifications to the 3D UNet architecture and a supplementation strategy for effective
processing of multimodal MRI data.

Methods

| propose a method for brain tumor segmentation that relies on neural networks. This approach
involves a series of classifiers Ci , each having an identical structure F, where each classifier
progressively refines the segmentation output generated by the previous one. Although these
classifiers share the same architectural design, each classifier Ci has its own unique set of parameters
Wi that are independently trained. The output at iteration i, represented as Yi, is computed by applying
the function

Y = F(Xii Yi—l! Yi—Z' Wi)a

with Xi being the input at iteration i. This framework is illustrated in Figure 1. Every classifier Ci is
based on a modified UNet architecture, specifically adapted for glioma segmentation. Unlike the
original UNet model [11] and its 3D variant [5], our design incorporates multiple distinct encoders to
handle various input modalities and includes a specialized fusion mechanism to combine their outputs
effectively.

The conventional UNet architecture [11], extended for volumetric data processing [5], consists
primarily of an encoder and a decoder. The encoder extracts hierarchical features and contextual
information across different scales, while the decoder generates segmentation maps by integrating
these features with contextual cues obtained during encoding. To facilitate better feature learning at
deeper layers, skip connections link corresponding stages of the encoder and decoder, allowing
comparison of features at identical spatial resolutions but with differing receptive fields. Although
this architecture is well-suited for processing multimodal MRI data, it treats each modality identically
by merging all inputs at the initial stage.

Multiple encoders Unet. Our proposed approach addresses this limitation by learning separate
feature representations for each modality, then combining them at a later stage in the network.

Figure 1. lllustrating the method used in this study

The abbreviations T1, T2, T1ce, and FLAIR represent different MRI input modalities. The labels x4
and x2 denote the downsampling rates applied to the network inputs. Dashed arrows show the links
between the classifiers Ci , which are depicted as simple blocks.

This is achieved through grouped convolutions within the encoder, where the number of groups
matches the count of input modalities—allowing each modality to be processed separately. The
feature maps generated by these modality-specific encoders are combined by taking the element-wise
maximum across them. To preserve the spatial dimensions after this fusion, a point-wise convolution
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(1x1x1) is applied. Following the design principles of the original UNet, our model doubles the
number of feature channels with each downsampling stage and halves them during each upsampling
step, using ReLU activation functions after every convolutional layer.

The proposed cascaded UNet architecture, illustrated in Figure 1, is composed of three identical
blocks based on the UNet model, each equipped with its own loss function at the output. Each block
receives the downsampled segmentation output from its predecessor and produces a segmentation
map of matching size. Mirroring the DeepMedic architecture [9], this design processes the input at
multiple scales simultaneously, retaining features specific to each scale. Additionally, the feature map
from just before the final convolution in each block is concatenated with the corresponding feature
map from the block at the next finer scale, enabling the exchange of contextual information across
networks handling different resolutions.

Figure 2. Architecture of multiple encoders UNet

T1, T2, T1CE, FLAIR stand for input modalities. N is a base number of filters, K is a number of
filters in context feature map obtained from lower scale models.
Within the UNet framework, the decoder’s output at a given scale i is influenced by two sources: the
encoder’s output at the corresponding scale, accessed through skip connections, and the decoder’s
output from the preceding scale:
df = f(ef,df_y)

Here, d} represents the decoder output at scale e} denotes the encoder output at the same scale, and t
refers to the network index. By expanding the initial convolution operation of the function f, we
obtain:

di = g(Wi.ef + Wiydi_,)
Here, W stands for the learnable parameters. Our approach improves upon this by integrating
contextual information from networks operating at lower scales, achieved by concatenating the output
of the corresponding network yt (depicted with dotted arrows in Figure 2). This leads to the following
updated equation:

df = g(Wief + Wiydi_ + Wiyt
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This technique combines several networks working at various scales, promoting progressive
refinement of outputs from earlier stages.

Preprocessing & Data augmentation. The preprocessing strategy outlined in [7] proved highly
effective. Following the same procedure, we apply z-score normalization specifically to the non-zero
voxels corresponding to brain tissue. Afterward, to minimize noise and eliminate outliers, all voxel
values are clipped to fall within the interval from -5 to 5.

Figure 3. Design of the residual block

In the final preprocessing step, brain voxel intensities are scaled to lie within the range [0, 10], while
background voxels are set to zero. To augment the training dataset offline, we expand the number of
samples by applying b-spline deformations to the original images, utilizing the ITK library [8].
During training, input images are randomly flipped along the sagittal axis, and some input modalities
are randomly “muted” with a fixed probability to prevent the network from relying solely on a single
modality. To further encourage the model to use all modalities, we introduce Gaussian noise to the
input channels with a 10% chance per channel, which results in a 34% probability that at least one of
the four modalities is muted during training.

Figure 4. llustration of registration artifacts observed within the training dataset [12]

Training. Training is performed on brain regions resampled to a fixed size of 128x128x128 voxels.
We opt for down - sampled inputs to preserve important contextual cues, which we consider crucial
for achieving reliable segmentation across multimodal MRI scans obtained from various institutions
and scanner types. The Mean Dice loss function is employed during training, where g represents the
ground truth and p the network’s prediction. Optimization is carried out using stochastic gradient
descent with an initial learning rate of 0.1, which decays exponentially by 1% every epoch.
Additionally, a weight decay of 0.9 is applied, and training is conducted with mini-batches containing
4 samples each. The Mean Dice loss formula is defined as follows:

1 i ptat
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Here, C represents the collection of classes. The convolutional neural network was built using the
MX - Net library [4] and trained across four GTX 1080TI GPUs, employing a batch size of 4 to
facilitate data parallelism. The model was trained over the course of 500 epochs.

Result

We report the evaluation outcomes obtained from the online validation platform hosted by the
challenge organizers. To prevent the model from over-relying on any single modality, we introduce
channel-out augmentation, which randomly replaces input modalities with Gaussian noise,
supplementing the standard augmentations such as mirroring and elastic deformations. Results are
presented both with this augmentation enabled (see Table 2) and disabled (see Table 1). The challenge
validation set [2, 3] includes 66 MRI scans acquired from various scanners and institutions. Validation
results on this dataset are summarized in Table 3. A comparison of glioma segmentation performance
without channel-out augmentation is provided in Table 1, reporting Dice scores for different tumor
regions: WT (whole tumor), ET (enhancing tumor), and TC (tumor core).

Conclusion

This study introduces an automated segmentation technique aimed at addressing two key challenges
in brain tumor segmentation from multimodal imaging: managing complex and diverse input data,
and reducing excessive confidence in classifier predictions. Table 2 presents the glioma segmentation
outcomes achieved with channel-out augmentation, reporting Dice scores for Whole Tumor (WT),
Enhancing Tumor (ET), and Tumor Core (TC).

Table 3. Evaluation results of the suggested approach on the BraTS-2018
validation_set, showing Dice scores

To address the challenge posed by heterogeneous input data, we introduced the use of multiple
encoders, with each input modality independently producing its own set of feature maps. Alongside
this, we developed a technique to effectively combine these modality-specific feature representations.
We also explored the impact of channel-out augmentation on the model’s performance, showing that
this robust strategy enhances the model’s output. By randomly masking individual input modalities
during training, channel-out augmentation encourages the model to rely on all available modalities
rather than over-depending on a single one. This leads to increased robustness against noisy or
corrupted data present in both training and validation sets.

Furthermore, we designed an efficient framework for integrating several models that operate at
different spatial resolutions, forming a cascade of classifiers. Each subsequent classifier refines the
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segmentation output of the previous stage at its specific resolution, enabling iterative improvement
while requiring fewer parameters compared to conventional deep networks. As part of our
participation in the BraTS-2018 challenge [10, 1], we implemented and assessed our approach
through the challenge’s online validation platform. Our method achieved impressive results, with
high average scores and outstanding median values, including mean Dice coefficients of 0.908, 0.784,
and 0.844 for the Whole Tumor, Enhancing Tumor, and Tumor Core regions respectively on the
validation dataset.
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XULASO

Magnetik Rezonans Goriintiilomoa (MRI), beyindoki siglorin diagnostikasi vo miialicasindo miihiim
rol oynayir, buna goéra do onun doaqiq qiymatlondirilmasi ¢ox vacibdir. Lakin, MRI-nin tobii ti¢Sl¢iilii
tabioti bir sira ¢otinliklor yaradir vo buna gora do analizlorin iki6l¢iilii proyeksiyalar iizorindos aparil-
masi genis yayilmis bir tocriibadir. Bu sadolosdirmo miirokkabliyi azaltsa da, eyni zamanda potensial
tohriflora sobab ola biler. Digor torafdon, daha cox vaxt talob edon ti¢ol¢iilii giymotlondirmalar,
masolon, seqmentasiya, miixtolif mokan xiisusiyyatlorinin doqiq toxminlarini tomin edorok xastoliyin
iralilomasini daha yaxsi basa diismoyimize kémok edir. Son tadqiqatlar seqmentasiya tapsiriglarina
yonalmis va gdstorib ki, Darin Oyronma texnikalar1 enonovi kompiiter gérmo alqoritmlorini iistalayir,
baxmayaraq ki, problem holo do miirokkabdir. Bu moagalods biz, beyin siglorinin avtomatik
seqmentasiyasi ti¢lin dorin kaskadli yanasma toqdim edirik. Yontomimiz, miiasir obyekt agkarlama
texnikalarina banzoyorok neyron sabokoalorindon istifads edir vo 3D UNet arxitekturasina vo artirma
strategiyalarina doyisikliklor daxil edorok multimodal MRI mslumatlarini effektiv sokilds isloyir.
Olava olaraq, biz, eyni arxitektura ilo igloyon vo kigildilmis verilonlor dostlori {izorindo isloyan
modellordon kontekstual molumat daxil edorok seqmentasiya keyfiyystini yaxsilagdirmaq tigiin bir
metod toqdim edirik. Toklif etdiyimiz yanagmani BraTS 2018 verilonlor dastinds qiymaotlondiririk vo
naticalorin miizakirasini toqdim edirik.

Acar sozlor: seqmentlogdirmoa, BraTS, UNet, kaskadl1 UNet, dorin 6yronma.
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PE3IOME

MarnuTtHo-pe3onancHas Tomorpadust (MPT) urpaer kiodeByro poiib B JUATHOCTHKE W JICUCHUU
OIyXOJIeH TOJIOBHOTO MO3Ta, YTO JEJaeT €€ TOUYHYIO OLEHKY KPUTHYECKH BakHOH. OmHako Tpex

MepHas npupoga MPT co3maer psin mpobiem, 4TO IPUBOIUT K PACIIPOCTPAHEHHOH MPaKTUKE IPOBE
JIEHUS aHAJIM30B HA ABYMEPHBIX IPOEKLHUAX. XOTS 3TO YNPOUICHHE CHIKACT CIIOKHOCTh, OHO TaKXKE
BHOCHUT NOTEHIMAJIbHBIE cMeneHus. 11 HaobopoT, Oosiee TpyaoeMKHe TPEXMEPHBIE OLIEHKH, TaKHhe
KaK CerMeHTalusl, MOTYT JaTh TOYHBIC OICHKH PA3JIMYHBIX MPOCTPAHCTBEHHBIX XapaKTEPHCTUK,
yiIydllasi Halle IOHMMaHue IporpeccupoBanus 3abonesanus. HenaBHue ucciaenoBanms, COCpeoTo
YEeHHBIE Ha 3a/1a4aX CETMEHTAINH, IPOIEMOHCTPUPOBAIIH, YTO METO/IBI IITyOOKOT0 00yUYeHNUs IPEBOC
XOJST TPaJUIMOHHBIE aJITOPUTMBI KOMIIBIOTEPHOT'O 3peHHs, XOTs IpoliemMa ocTaeTcs CIOoXHOH. B
9TOW CTaThe MbI MPEJCTABISAEM ITYOOKHMI KACKaAHBINA MOAXOJ JUIS aBTOMATUYECKOW CerMEHTAIUn
OMyXOJlel TOJMOBHOTO Mo3ra. Ham meron, poJCTBEHHBI COBPEMEHHBIM METOJaM OOHApYXECHHS
00BEKTOB, UCTIONB3yeT HEHPOHHBIE CETH U BKIIoUaeT Moaudukanuu apxutektypsl 3D UNet u ctpa
TEruu JONOTHEeHUS 1715 9 HEKTUBHOM 00pabOTKH MyTBTUMOAANBHBIX JaHHBIX MPT. Kpome Toro, Mei
NPEeACTaBIsIeM METOJ YITy4dlIeHUs! KadecTBa CETMEHTAIUU IyTeM BKJIFOYEHUS KOHTEKCTHON MH(Op
Malluy U3 Mojelie ToH e apXUTEKTYpbl, paboTaloLIMX Ha YMEHBIIEHHBIX HaOopax JaHHbIX. MBI

OIICHMBAEM Halll IpelJiaraeMblil IOAXOJI ¢ UCTIONIb30BaHueM Habopa nanHbix BraTS 2018 u npuBonum
00CyXKIeHHE PE3YIIBTATOB.
KmroueBsie cioBa: cermenTanus, BraTS, UNet, kackagueiii UNet, rimy0okoe oOydeHue.
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