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ABSTRACT

In this work, a comprehensive analysis of the impact of intensity value regularization methods on 3D MRI seg-
mentation for three neurological disorders: glioblastoma, multiple sclerosis, and epilepsy, is presented. The ex-
periments were conducted through three architectures: nnU-Net (convolutional neural network), WNet (hybrid
combining convolutional and transformer elements), and Primus (transformer-based), considering both FLAIR
and T1-weighted images, as well as FLAIR-only scenarios.

The statistical analysis conducted underscores the crucial role of intensity regularization in the performance.
The results indicate that among the intensity regularization methods tested in this study, KDE, White-stripe, and
Z-score standardizations proved to be particularly effective. Furthermore, nnU-Net is the most robust architecture
against intensity variability, with small improvements of around 3%. Meanwhile, methods incorporating TF
elements are more sensitive to these variations. WNet demonstrates slightly greater gains, around 6%. While
Primus can be less stable and underperform compared to nnU-Net and WNet in most cases; nonetheless, it remains
a promising and competitive option. Additionally, it has been demonstrated that adding an extra channel does

not necessarily guarantee improved performance, while also increasing computational cost.

1. Introduction

Object segmentation is a key research topic in computer vision, es-
pecially in medical imaging, where lesion segmentation can be a time-
consuming factor and it can be affected by subjectivity due to the intra-
and inter-observer variability. Magnetic Resonance Imaging (MRI) is a
fundamental tool used to analyze brain anatomy for diagnosing, moni-
toring, and assessing treatment responses in neurological disorders, in-
cluding brain tumors, Alzheimer’s disease, multiple sclerosis (MS), and
epilepsy [1]. Accurate voxel-level outlining of abnormalities and regions
of interest is crucial for diagnosis, prognosis, and treatment guidance
[2]. Nevertheless, MRI scans may be affected by various factors, such as
noise, artifacts, and intensity variations coming from acquisition proto-
cols, patient position and characteristics, resonance machines, magnetic
field strength, or scans from the same patient at different time points [3].
Therefore, in MRI analysis, preprocessing is an essential step to correct
these imperfections to obtain more homogeneous and comparable im-
ages intra- and inter-patients [4].

* Corresponding author.

Deep Learning-based segmentation methods require a previously ac-
curate preprocessing step [5], but its impact on the performance and
robustness is under-explored. In the state-of-the-art, most works on
MRI lesion segmentation apply registration and skull-stripping steps
[6,7], with only a few incorporating intensity normalization [8-11]
or bias field correction [12,13] because performance improvement re-
lies on architecture modifications or hyperparameter optimization [14].
Nonetheless, some studies have studied the effect of intensity regular-
ization. For instance, Reinhold et al.[15] concludes that while nor-
malization methods enhance the results, they have similar effects on
MRI synthesis. Ghazvanchahi et al.[16] states that White-stripe and
Z-score standardizations improve white matter lesion (WML) segmen-
tation using Fluid-Attenuated Inversion Recovery (FLAIR) images. Ja-
cobsen et al. [17] employs T1-weighted (T1-w) images for cerebellum
segmentation, showing that intensity normalization strategies influence
the CNN performance. Meanwhile, Kondrateva et al. [18] notes a neg-
ligible effect of different inter-subject alignment approaches and some
image enhancement with 3D segmentation considering a multimodal
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Fig. 1. Preprocessing pipeline. Intensity values are normalized for visualization purposes.

input — 4 MRI sequences —. There is a lack of studies on the effects of
preprocessing and input influence on 3D segmentation DL-based archi-
tectures across different architectures and considering various patholo-
gies. This results in non-uniform and non-reproducible protocols, which
hinder the understanding of DL solutions and their application in clini-
cal settings [19].

Our proposal examines the impact of intensity regularization in the
preprocessing step for 3D MRI segmentation tasks. The main contribu-
tion is the comprehensive analysis conducted of five different inten-
sity regularization strategies, unimodal and multimodal approaches, and
three different Depp Learning (DL) architectures — convolutional neural
network (CNN), Transformer (TF), and hybrid (CNN + TF) — are explored
across three pathologies —glioblastoma (GBM), multiple sclerosis (MS),
and epilepsy —. This study aims to identify shortcomings, requirements,
and potential improvements in 3D segmentation solutions.

2. Methodology
2.1. Datasets

Three open-access annotated datasets, composed of different MRI
sequences, from different pathologies have been considered to reliably
study the impact of intensity regularization on 3D segmentation perfor-
mance.

Glioblastoma (GBM) is the most common and lethal brain tu-
mor [20]. The UPenn-GBM dataset [21] includes MRI scans — T1-
weighted (T1-w), T2-weighted (T2-w), Fluid-Attenuated Inversion
Recovery (FLAIR) images, and T1-weighted with gadolinium (T1-Gd)
- from 611 patients diagnosed with de novo glioblastoma, featuring reg-
istered and skull-stripped images. The annotated regions correspond to
enhancing tumor (ET), the necrotic tumor core (NCR), and edema (ED).
ET and NCR are visible in T1-Gd scans, while ED is revealed as a hyperin-
tense signal in FLAIR scans. This study employs a multimodal approach,
utilizing both FLAIR and T1-Gd sequences, to address the multiclass seg-
mentation problem, as the FLAIR approach alone is insufficient, as only
ED is distinguishable.

Multiple Sclerosis (MS) is a chronic neurological disease that dam-
ages myelin sheaths, which protect nerve fibers, disrupting normal neu-
rological function [22]. The annotated MSLesSeg dataset [23,24] com-
prises 53 patients with different time points, with already preprocessing
steps: registering and skull-stripping.

Epilepsy is a neurological disorder that can be considered focal if
the seizures originate in a specific cerebral area [25]. Focal cortical dys-
plasias (FCD) are circumscribed malformations of cortical development
leading to an increased risk of seizures with functional disruptions [26].
While FCD type I is very subtle and presents a normal brain MRI, FCD
II cases are characterized by abnormalities on MRI (mainly on FLAIR),
such as a non-uniformly localized signal increase at the gray-white mat-
ter junction, resulting in subtle blurring, abnormal gyration patterns,
and slight variation in cortical thickness [27]. Schuch et al. [28] created
an open-access annotated dataset of 85 epilepsy patients — 78 suspected
FCDII, 5 MRI-negative, and 2 with other abnormalities — and 85 healthy
controls. The MRI scans are intra-subject registered and defaced. The
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Table 1

Datasets summary. “Reg” = registration; “Skull-str.” = skull-stripping.

Dataset Classes N. Patients / Control ~ Base preprocessing
UPenn-GBM [21] Multiclass 611 SRI24 reg. + skull-str.
MSLesSeg [23,24]  Binary 53 MNI152 reg. + skull-str.
Epilepsy [28] Binary 78/ 85 Defacing

details of the open-access datasets, before the application of additional
preprocessing as described below, are summarized in Table 1.

2.2. Preprocessing

Raw MRI data undergo preprocessing to ensure intra- and inter-
subject homogeneity before learning tasks. This involves four main
steps: registration, information reduction, bias correction of inhomo-
geneous intensities, and intensity regularization. The preprocessing
pipeline is illustrated in Fig. 1 and described below.

Registration: MRI sequences were registered from an original to a
common space to ensure correct alignment across subjects. This itera-
tive transformation was already performed in the UPenn-GBM dataset to
the SRI24 space and the MSLesSeg dataset to the MNI152 space, while
the epilepsy dataset was affine and deformable registered to the 1mm>
MNI152 space.

Skull-stripping: non-brain tissues were removed to reduce and focus
the information. This phase has already been performed in the UPenn-
GBM and MSLesSeg datasets. For the epilepsy dataset, the brain extrac-
tion function from the ANTs library was used [29].

N4 bias field correction: the bias field is observed as a slight non-
uniformity in the intensity values corresponding to the same tissue in dif-
ferent locations, which hinders the consistency of medical images [30].
The N4 algorithm [31] was applied to homogenize intensities from the
same tissue in the UPenn-GBM, MSLesSeg, and epilepsy datasets.

Intensity regularization strategies: since MRI sequences come
from different resonance machines, intensity value regularization is
essential to get intensity values within the same dynamic range and
aligned histograms. To analyze the influence of intensity modification
on DL solutions, five regularization strategies were explored [15]:

0. None: intensities are unmodified.
1. Min-Max normalization (MinMax):
I-1

[ o min €D
minmax Ima_x _ Im,n
where [ is the intensity value of a voxel, and I,,,, and I,,;, are the

maximum and minimum intensity values of the image, respectively.
2. Kernel Density Estimate-based (KDE) standardization:

1
I =- 2)
KDE= 7
where p is the white-matter (WM) intensity peak.
3. White-stripe standardization (Ws):
I —
Ly = — 208, ®)
O,

ws
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Fig. 2. Histograms of FLAIR scans from the MSLesSeg dataset for each proposed intensity regularization method, with background intensities thresholded for
visualization purposes. The x axis represents the available range of possible values a voxel could have, and the y axis represents the total number of voxels that have

each specific value, i.e., the absolute frequency of each intensity value.

(a) None (d) Ws

(b) MinMax

(c) KDE

(e)Zs

Fig. 3. FLAIR axial samples from subjects 5 (first row) and 39 (second row) of
the MSLesSeg dataset with each proposed intensity regularization approach.

is based on parameters obtained from a sample of normal-appearing
white-matter (NAWM) through the segmentation of the WM. Let y,,,
be the WM intensity peak, and o, the standard deviation within
10% of it.

4. Z-score standardization (Zs):
1=k @

o

where u and ¢ are the mean and the standard deviation of the inten-
sity values, respectively.

Selected intensity regularization strategies were applied indepen-
dently after the previous steps, as is described in Fig. 1. Fig. 2 depicts
the histograms of FLAIR scans from the MSLesSeg dataset; and Fig. 3
shows the differences between intensity regularization strategies com-
paring two subjects.

3. Experiments
3.1. Setup
Experiments are coded as XYZ, where X indicates the pathology, Y

corresponds to unimodal or multimodal approach - for GBM only a mul-
timodal strategy is addressed due to in FLAIR scans only edema (ED)

Table 2
Experiment code details.
X Y VA
6 - UPenn-GBM 0 - FLAIR 0 - None
7 - MSLesSeg 1-FLAIR + T1l-w 1 - MinMax
8 - Epilepsy + control 2 - KDE
9 - Epilepsy 3-Ws
4-17s

region can be visualized —, and Z denotes the intensity regularization
method applied to the previously preprocessed images, as aforemen-
tioned in Section 2.2. Details are reported in Table 2.

To analyze the impact of preprocessing approaches on a broad range
of DL-based methods, we selected three 3D segmentation models: nnU-
Net[32,33], which is a CNN-based model considered the benchmark in
3D MRI segmentation [34]; WNet [35], a novel hybrid model that inte-
grates convolutional and transformer elements; and Primus [36], which
is an innovative entirely Transformer-based architecture.

The three models are embedded in the “nnunet” library, and the
custom configuration implemented inherits from “3d fullres”, with a
batch size of 8 and “NoNormalization” scheme in order to provide the
input data already preprocessed with the complete pipeline detailed
in Section 2.2. For nnU-Net, WNet, and Primus, the “nnUNetTrainer”,
“WNet3D_S”, and “Primus_M” trainers, along with their default train-
ing parameters, were used. Each dataset was randomly split into train-
ing (80%) and testing (20%) subsets, ensuring that sequences from the
same patient across different time points were included in the same sub-
set. The training subset was used to conduct a 5-fold cross-validation
scheme with 250 epochs. The best model identified during each train-
ing was then independently evaluated on the same held-out test subset.

3.2. Results

For evaluating segmentation performance, the commonly used Dice
Similarity Coefficient (DSC) was selected. The DSC is a commonly used
overlap measure that quantifies the similarity between the predicted
segmentation and the ground truth, ranging from 0 to 1. A DSC of 1 in-
dicates perfect overlap, while a value of 0 indicates no overlap. Table 3
reports DCS values as the mean + standard deviation from predicting the
held-out test subset with the best model identified during each training
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Fig. 4. Pimus prediction example in a FLAIR sequence of MSLesSeg with each intensity regularization method (71Z). Blue = ground truth mask; Green = intersection
between ground truth and predicted masks. Intensity values are normalized for visualization purposes.

Table 3

DSC obtained on the same held-out external test subset by each model trained through 5-fold cross-validation in
the format mean + standard deviation. CNN = Convolutional Neural Network; TF = Transformer. The highest model
values are in bold, and the highest by intensity regularization are underlined.

Architecture CNN CNN + TF TF
Dataset Sequences Intensity regularization Code nnU-Net WNet Primus
UPenn-GBM FLAIR + T1-Gd None 610 0.862 + 0.002  0.835+0.025 0.505 + 0.402
FLAIR + T1-Gd MinMax 611 0.866 + 0.003  0.864 +0.001 0.850 +0.001
FLAIR + T1-Gd KDE 612 0.868 + 0.002  0.867 +0.002 0.853 + 0.002
FLAIR + T1-Gd  Ws 613 0.866 + 0.002  0.759 + 0.098 0.849 +0.001
FLAIR + T1-Gd  7Zs 614 0.773 £ 0.052  0.174 +0.347 0.409 +0.229
MSLesSeg FLAIR None 700 0.685 + 0.008  0.676 +0.009 0.636 + 0.009
FLAIR MinMax 701 0.685 + 0.002 0.686 + 0.007 0.635 +0.008
FLAIR KDE 702 0.690 + 0.006  0.682 + 0.007 0.640 + 0.009
FLAIR Ws 703 0.688 +0.010 0.691 + 0.006  0.675 + 0.008
FLAIR Zs 704 0.681 +0.010 0.686 + 0.005 0.663 +0.012
FLAIR + T1l-w None 710 0.683 +0.014  0.590 +0.174 0.003 + 0.002
FLAIR + T1-w MinMax 711 0.680 + 0.008  0.678 +0.014 0.643 +0.007
FLAIR + Tl-w KDE 712 0.681 + 0.008 0.686 + 0.007 0.653 +0.008
FLAIR + Tl-w Ws 713 0.677 £0.011 0.685 + 0.004  0.659 + 0.008
FLAIR + T1l-w Zs 714 0.679 = 0.009 0.680 + 0.013 0.654 + 0.007
Epilepsy + Control ~ FLAIR None 800 0.245 +0.034  0.199 +0.100 0.087 £0.016
FLAIR MinMax 801 0.224 + 0.056 0.233 +0.027  0.124 +0.013
FLAIR KDE 802 0.213 +0.060  0.177 +0.114 0.141 £ 0.031
FLAIR Ws 803 0.211 +0.024 0.221 + 0.027  0.091 +0.013
FLAIR Zs 804 0.231 +0.049 0.272 +0.029  0.142 +0.038
FLAIR + T1l-w None 810 0.256 + 0.065  0.221 +0.038 0.004 + 0.002
FLAIR + T1l-w MinMax 811 0.233+0.039  0.173 +0.124 0.144 +£0.012
FLAIR + Tl-w KDE 812 0.282 + 0.027  0.209 +0.115 0.166 + 0.010
FLAIR + Tl-w Ws 813 0.236 + 0.026  0.214 +0.029 0.130 £ 0.023
FLAIR + Tl-w Zs 814 0.258 + 0.050  0.227 + 0.041 0.166 + 0.030
Epilepsy FLAIR None 900 0.206 = 0.037 0.267 + 0.033 0.215 +0.020
FLAIR MinMax 901 0.201 +0.032 0.267 + 0.046  0.253 +0.024
FLAIR KDE 902 0.244 + 0.035 0.313 + 0.026  0.294 + 0.055
FLAIR Ws 9203 0.215 +0.029 0.296 + 0.014  0.251 +0.020
FLAIR Zs 904 0.228 +0.037 0.308 + 0.026  0.303 + 0.051
FLAIR + Tl-w None 910 0.268 +0.038 0.290 + 0.023  0.119 +0.034
FLAIR + Tl-w MinMax 911 0.290 + 0.046 0.294 +0.053 0.297 + 0.036
FLAIR + Tl-w KDE 912 0.324 + 0.039  0.320 +0.017 0.303 +0.049
FLAIR + T1l-w Ws 913 0.274 £ 0.025 0.318 + 0.023  0.293 +0.036
FLAIR + Tl-w Zs 914 0.295 +0.048 0.298 +0.038 0.333 + 0.042

in the 5-fold cross-validation scheme; i.e., the test subset was predicted
five times per experiment. A qualitative MS example is depicted in Fig. 4
where the prediction of each intensity regularization approach is illus-
trated.

There are some findings worth mentioning. Firstly, epilepsy lesions
are clearly the worst-segmented because of their reduced size and chal-
lenging discernment. A representative sample is depicted in Fig. 5 where
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the DSC attained is 0.787. Secondly, Primus underperforms compared to
CNN-related architectures, while the highest DSC values are equally dis-
tributed between nnU-Net and WNet. In the UPenn-GBM dataset, nnU-
Net performs best, while WNet excels in the epilepsy dataset. Results
for MSLesSeg are more evenly distributed. Additionally, Primus shows
significant outliers at values of 610, 710, and 800, indicating unstable
training with raw intensity values (XYO0). This instability arises from the
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Fig. 5. nnU-Net prediction example in a FLAIR sequence of epilepsy with Z-
score standardization (914). DSC of 0.787. Blue = ground truth mask; Yellow
= predicted mask; Green = intersection between ground truth and predicted
masks. Intensity values are normalized for visualization purposes.

sensitivity of the attention blocks in TF methods to initial embedding
scales, which depend directly on the intensities, resulting in a saturated
attention layer and unstable gradients. Thirdly, focusing on the inten-
sity regularization method, KDE achieves the highest values, closely fol-
lowed by Ws and Zs, while None and MinMax strategies retrieve lower
outcomes. This fact is discussed in depth in Subsection 3.3.

Fig. 6 illustrates the trade-off between the time-consuming and the
DSC achieved. This figure explores the behavior across different mod-
els, represented by marker shapes, and the task addressed, indicated
by marker color. Additionally, the use of one or two input sequences
is represented by the intensity of the color. The isolated instances of
the Primus and WNet models correspond to the outliers previously dis-
cussed.

Considering each pathology, the DCS values are quite similar, re-
gardless of the number of input channels and the specific model used.
However, epilepsy outcomes exhibit more dispersed values. Regarding
architectures, it is clear that Primus, followed by WNet, requires more
training time to converge, as TF-based models are slower than CNN mod-
els. There is a noticeable difference in performance between the datasets
due to the complexity of the problem and the limited number of samples
available.

Additionally, the multimodal version (using FLAIR and T1-w), indi-
cated in a more intense color, requires more computational time due to
the incorporation of this extra channel. However, in most cases, the per-
formance is very similar. To analyze in more detail whether the inclusion
of an additional sequence improves performance, we compare the dif-
ferences between using a unimodal approach (only FLAIR scans) and a
multimodal approach (both FLAIR and T1-weighted scans), as shown in
Fig. 7. For nnU-Net, adding T1-weighted images actually worsens perfor-
mance, especially in epilepsy instances (8YZ and 9YZ cases). For WNet
and Primus, there are instances where a multimodal approach leads to
higher performance due to the aforementioned irregularities in the train-
ing process. For Primus, when we exclude outlier values, adding an extra
channel does not generally improve the DCS. Meanwhile, for WNet, the
performance differences are negligible, making it unclear whether the
additional channel is beneficial. Overall, incorporating the extra chan-
nel appears to have no substantial effect on performance. Additionally,
when considering computational costs and time requirements, 3D seg-
mentation of MS and epilepsy lesions with any DL-based proposed ar-
chitecture may be unnecessary.

3.3. Statistical analysis

This section provides a statistical analysis conducted to assess the
statistical significance of the observed differences in test results of
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Fig. 6. Trade-off between mean DSC values — Table 3 - and training time.
Marker shapes and colors represent the architecture and dataset, respectively.

Table 3. Specifically, we analyze the effect of intensity adjustment
on DSC performance across all experiments for each proposed model.
Due to the limited sample size, the non-parametric Wilcoxon rank-
sum test [37] was conducted. The Wilcoxon test evaluates the null
hypothesis (H,) that DSC values from 5-fold cross-validation with
proposed intensity adjustments come from the same distribution, us-
ing a significance level of a = 0.05. The alternative hypothesis (H,)
“less” was tested, where the distribution of the first group (using the
left methodology in pairwise combinations) is stochastically less. Be-
sides, the Bonferroni correction was applied to adjust the confidence
interval, «, making the criterion for significance stricter. Fig. 8 de-
picts the p — values obtained from the Wilcoxon test as a heatmap.
In this representation, a p — value < 0.05 (blue tonality) indicates a
rejection of H,. Additionally, the p — values that meet the Bonfer-
roni correction criteria (p — value < 0.005) are highlighted with yellow
edges.

In addition, Cliff’s Delta effect size measure was calculated. The ob-
tained value indicates the difference in the probability of one group be-
ing larger than the other. In Fig. 9, Cliff’s Delta values are represented
as a heatmap, ranging from -1 to 1. Positive values suggest that observa-
tions from the first group are greater than those from the second group
(indicated by blue tones), while negative values indicate the opposite
(red tones). The intensity of the color represents the magnitude of the
value; the larger the value, the greater the difference between the two
groups.

Firstly, it can be observed that both tests exhibit similar patterns,
thereby corroborating and complementing the information. In broad
terms, the various negligible outcome values in the nnU-Net compar-
isons, as shown in Fig. 8, indicate a minimal influence of the inten-
sity regularization strategy used across the three pathologies consid-
ered. Complementing this information with Fig. 9, it is evident that
for GBM, the KDE standardization stands out compared to the others.
However, for MS and epilepsy, there are no clear indicators of a supe-
rior method, and the magnitude of Cliff’s Delta values remains small.
This suggests that the nnU-Net outcomes are quite similar, indicating
its robustness against input fluctuations. WNet, as illustrated in Figs. 8
and 9, exhibits some statistical significance spread. This demonstrates
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first group, while red tones indicate higher values in the second group. Experiment codes are detailed in Table 2.

that the KDE, Ws, and Zs outperformed both the None and MinMax

options.

Finally, the Primus analysis highlights several significant differences,
even applying the Bonferroni correction, as shown in Fig. 8. It also
obtains high magnitude values in Cliff’s Delta measure, as depicted in

small”, “medium”, or “large”. Blue tones represent higher values in the

Fig. 9, which can be attributed to larger spread values and some anoma-

lous training examples. This indicates a general sensitivity to inputs and
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unstable behavior. Nonetheless, in the GBM results, KDE once again out-
performed other methods, and in the cases of MS and epilepsy, both the
Ws and Zs also demonstrate strong performances.
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4. Conclusions

This work presents a comprehensive study on the effects of intensity
value regularizations and the number of input channels — whether uni-
modal or multimodal- across CNN-based, TF-based, and hybrid models
for 3D MRI segmentation of three neurological disorders: glioblastoma,
multiple sclerosis, and epilepsy.

The experiments conducted across the nnU-Net, WNet, and Primus
architectures indicate that proper intensity processing is essential.
Among the intensity regularization methods tested in this study, KDE,
White-stripe, and Z-score standardizations proved to be particularly
effective. Particularly, KDE and White-stripe are designed to exploit
anatomical MRI properties, supporting the need not to isolate images
from their context and consider the biological meaning of intensity val-
ues.

A statistical analysis of the results showed that, regardless of the
pathology, nnU-Net is the most robust architecture against intensity
variability, with small improvements of around 3%. Meanwhile, meth-
ods incorporating TF elements are more sensitive to these variations.
WNet exhibits slightly larger gains by about 6%. Nonetheless, for the
epilepsy dataset, WNet outperformed nnU-Net by 30%. On the other
hand, Primus can be more unstable and underperform compared to nnU-
Net and WNet in most cases. Nonetheless, it remains a promising and
competitive option in medical imaging due to its TF elements, which
allow for the easy integration of other clinical data formats. Addition-
ally, it has been demonstrated that incorporating an extra channel may
decrease performance while increasing computational cost.

The findings can be summarized as follows: intensity regularization
is essential, adding more information does not guarantee better per-
formance, and CNN-based methods remain the benchmark in medical
imaging segmentation.

Future work should explore additional segmentation architectures,
such as mamba-based models, and focus on improving epilepsy perfor-
mance through hyperparameter optimization algorithms or data aug-
mentation techniques using generative models — diffusion models or
GAN-based — methods should be applied to enhance results in epilepsy
cases.
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