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Abstract

Advancements in deep learning-based brain tumor image segmentation have significantly contributed to the rapid and accurate diagnosis
of brain tumors. U-Net, a deep learning model used for brain tumor image segmentation, serves as the basic architecture for many such
models. Although U-Nets are categorized into two-dimensional (2D) and three-dimensional (3D) models, it remains unclear which model is
more effective for brain tumor image segmentation. Therefore, this study compared the performances of 2D and 3D U-Net models for brain
tumor image segmentation. In this study, for 2D U-Net, we employed batch normalization. For the 3D models, three variants with distinct
normalization techniques were used: 3D BN U-Net with batch normalization, 3D GN U-Net with group normalization, and 3D IN U-Net
with instance normalization. The dataset consisted of brain MRI images from 600 patients with brain tumors and expert-labeled mask images.
Experiments were conducted using 5-fold cross-validation, and the results revealed that the 3D GN and IN models outperformed the 2D
model. In conclusion, for U-Net models in brain tumor image segmentation, the 3D GN and IN U-Net models, which replaced batch normal-
ization with group normalization or instance normalization, proved to be the most effective.
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L. INTRODUCTION been consisten‘.dy rese.arched in the field of b.rain j[umor irr.l—
age segmentation, with numerous models in this domain
based on the U-Net structure.

The U-Net architecture is categorized into two-dimen-
sional (2D) and three-dimensional (3D) U-Net based on di-
mensionality, each possessing distinct advantages. The 2D

U-Net incurs lower computational costs owing to the

In South Korea, the number of patients with brain tumors
has increased by approximately 30% over four years, from
approximately 49,000 in 2017 to approximately 64,000 in
2021 [1]. Typically, the diagnosis of brain tumors involves
the manual delineation of tumor areas by specialists based

on brain images obtained using magnetic resonance imag-
ing (MRI) [2]. However, this method is time-consuming other hand, 3D U-Net, unlike the 2D structure, can utilize

smaller number of parameters used in the model. On the

and may be influenced by the diagnostician’s skills and er- inter-slice information, enabling more accurate segmenta-
rors. Computer-aided diagnostic methods have garnered tion [5].

considerable attention for addressing these challenges. However, in medical image segmentation using U-Net
Among these, the application of deep-learning-based image models, there is often no significant difference between 2D
segmentation has been actively researched owing to its ac- and 3D U-Net, or 2D U-Net sometimes performs better [6-
curacy and simplicity [3]. 9]. We hypothesize that this is due to the decreased perfor-

U-Net is a prominent CNN-based deep learning model mance of batch normalization with small batch sizes.

widely employed in medical image segmentation, achiev- Batch Normalization included in the basic structure of U-
ing high accuracy through its encoder-decoder architecture Net contributes to model performance improvements [10],
and utilization of skip connection techniques [4]. U-Net has but it may not perform well when the batch size is too small
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[11]. The high computational cost of 3D U-Net, which
makes it challenging to set a large batch size, therefore,
might lead to a decrease in performance. In such cases, re-
placing batch normalization with alternative normalization
methods that are not affected by batch size, such as group
normalization or instance normalization, could be a solu-
tion [11-12].

However, we found that most studies comparing 2D U-
Net and 3D U-Net applied batch normalization to the 3D
models.

Therefore, this study conducted a comparative analysis
of the brain tumor image segmentation performance be-
tween 2D U-Net and 3D U-Net employing various normal-
ization techniques (batch normalization, group normaliza-
tion, and instance normalization). Through this experiment,
we aim to determine the effectiveness of replacing batch
normalization with other normalization methods (group
normalization and instance normalization) in 3D U-Net,
and to evaluate which model, 2D U-Net or 3D U-Net, is
more effective for brain tumor segmentation.

II. RELATED WORKS

2.1. Al in Tumor Diagnosis

Vimala et al. used the EfficientNet family (EfficientNet
BO to B4) pre-trained on the ImageNet dataset as the back-
bone for brain tumor detection and classification. They
added simple customized layers to EfficientNet to enable
tumor classification and applied transfer learning using the
CE-MRI Figshare brain tumor dataset. EfficientNet B2
achieved the highest performance with an accuracy of 99.06
% (98.57% before data augmentation) on tests. In cross-da-
taset validation using an external brain tumor classification
dataset from the Kaggle repository, EfficientNet B2 also
achieved the highest accuracy of 92.23% [13].

Ahamed et al. emphasized the importance of federated
learning. High-performance Al tumor diagnosis requires
large datasets from various sources. However, collecting
medical data is challenging due to privacy concerns. Feder-
ated learning addresses this by allowing models to learn
from diverse data without direct data transmission, thereby
maintaining privacy while enhancing model effectiveness
and generalization [14].

Almutairi et al. proposed the GTO-DQL model for breast
cancer classification, achieving accuracy rates of 98.90%
on the WBCD dataset, 99.02% on the WDBC dataset, and
98.88% on the WPBC dataset, outperforming traditional
models such as RBF-ELB, PSO-MLP, and GA-MLP. This
model utilizes Gorilla Troops Optimization (GTO) for fea-
ture extraction from the datasets and employs Deep Q
Learning with a Deep Neural Network (DNN) to update Q-
values for tumor classification. Finally, the Local Interpret-
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able Model-agnostic Explanations (LIME) model is used to
explain the results to the user [15].

In summary, these examples demonstrate that fine-tuning
pretrained models, utilizing data augmentation techniques,
and applying federated learning are effective strategies for
enhancing Al models. Additionally, it is evident that rein-
forcement learning can be a beneficial approach in certain
situations.

2.2. U-Net

In 2017, Dong et al. utilized a U-Net-based FCN (fully
convolutional network) model to segment the BRATS 2015
dataset. They achieved Dice scores of 0.86 for the whole
tumor, 0.86 for the tumor core, and 0.65 for the enhancing
tumor [16].

In 2019, Jiang et al. introduced a Two-stage Cascaded U-
Net model. This architecture combines two U-Net struc-
tures, where the first U-Net segments the input data and the
result is concatenated with the input data before being fed
into the second U-Net for the final segmentation. The model
achieved first place in the segmentation task category of the
BRATS 2019 challenge, recording Dice scores of 0.89 for
the entire tumor, 0.84 for the tumor core, and 0.83 for the
enhancing tumor [17].

In 2020, Lee et al. [18] devised a patchwise U-Net model
for brain imaging by dividing brain images into multiple
patches, segmenting each patch individually, and then com-
bining them. Although this model requires more training
time owing to the need to train for a number of patches, it
presents advantages such as reduced memory usage. The
model demonstrated performance improvements of 3% and
10% compared with the conventional U-Net and SegNet-
based approaches, respectively, recording an average Dice
score of 0.93.

In the BRATS 2020 challenge, the nnU-Net, which
stands for "no new U-Net," achieved the top ranking in the
image segmentation category, displaying Dice scores of
0.89 for the whole tumor, 0.85 for the core tumor, and 0.82
for the enhancing tumor [19]. nnU-Net is essentially iden-
tical to the traditional U-Net, except for the use of Leaky
ReLU as the activation function instead of ReLLU, and the
adoption of instance normalization instead of batch normal-
ization.

In 2022, Maji et al. introduced the AG Res-U-Net with
Guided Decoder model, which exhibited superior perfor-
mance compared to the Two-stage Cascaded U-Net model.
This model adopts a structure applying the Guided Decoder
technique to the Attention Res U-Net algorithm, incorporat-
ing the output not only from the last layer but also from in-
ternal layers of the U-Net's decoder into the loss function
for training. Utilizing the BRATS-2019 dataset for image
segmentation, the model achieved Dice scores of 0.92 for
the whole tumor, 0.85 for the tumor core, and 0.83 for the
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enhancing tumor [20].

Qin et al. proposed an improved U-Net3+ model. This
model incorporates a stage residual structure into the en-
coder of the U-Net3+ architecture to minimize the vanish-
ing gradient problem caused by the extensive use of ReLU
layers and enhance feature extraction performance. Addi-
tionally, it replaces batch normalization and the ReLU acti-
vation function with filter response normalization and the
TLU activation function, respectively, eliminating depend-
ency on batch size and increasing learning capability. Alt-
hough the performance slightly lags behind the 3D V-Net,
it demonstrates excellent performance considering the sig-
nificantly lower number of parameters [21].

2.3. Batch Normalization and Other Normalization
Layers

Normalization layers smooths the loss function, enhanc-
ing the stability of model training and preventing the model
from getting stuck in local optima [10].

Batch normalization normalizes the mean and variance
of each mini-batch using trainable parameters y (gamma)
and B (beta), respectively [10].

Group normalization divides the channel dimension into
multiple groups and normalizes the mean and variance
within each group using trainable parameters y (gamma)
and B (beta) [11].

Instance normalization normalizes the mean and vari-
ance independently for each channel of each sample using
trainable parameters y (gamma) and B (beta). Instance nor-
malization is equivalent to group normalization with a
group size of 1 [22].

In the case of batch normalization, if the batch size is
small, a few samples can have a significant impact on the
overall statistics, causing the calculated mean and variance
to not accurately reflect the true data distribution [11]. As a
result, the model may fail to converge to the global opti-

mum, potentially reducing the accuracy of the segmentation.

However, group normalization and instance normaliza-
tion are not affected by batch size, allowing them to func-
tion reliably even with small batch sizes. According to He's
experiments, batch normalization performed better when
the batch size was 16 or more, but group normalization out-
performed batch normalization when the batch size was 8
or less [11]. In Kolarik's study, batch normalization, group
normalization, and instance normalization were compared
when the batch size was 1. The results showed that group
normalization and instance normalization outperformed
batch normalization [12].

2.4. 2D U-Net VS 3D U-Net

3D U-Net has greater potential than 2D U-Net because it
can utilize inter-slice information, which is lost in the 2D

approach [5]. However, in studies comparing 3D U-Net and
2D U-Net, instances where 2D U-Net performed better
were found, all of which involved 3D U-Net using batch
normalization despite having a small batch size or presum-
ably small batch size.

In Nemoto's study, both 2D U-Net and 3D U-Net
achieved the same dice similarity coefficient (DSC) score
of 0.990 in the segmentation of lung CT images [6]. In
Srikrishna's study, 2D U-Net showed significantly higher
DSC in brain segmentation [7]. In Nemoto's and Srikrish-
na's studies, 3D U-Net used batch normalization, and while
the batch size was not specified, it is presumed to be low
given the equipment and patch size used in the experiments
(32x128x%128 in both experiments).

In Zettler's study, segmentation of five abdominal organs
showed that while 3D U-Net performed better for the pan-
creas, 2D U-Net had higher DSC scores for the other four
organs. The batch size in this study was set to 8, and batch
normalization was used [9].

In Yoo's study, the performance of 2D and 3D U-Net was
compared for the segmentation of the maxillary sinus. The
DSC for 2D and 3D U-Net was 0.938 and 0.891, respec-
tively, indicating that 2D U-Net had higher performance.
The 3D U-Net used in this study employed batch normali-
zation, with a batch size of 1 [8].

On the other hand, there were cases where 3D U-Net per-
formed better, which occurred when batch normalization
was used in 3D U-Net, but also when no normalization
layer was used at all, or when other normalization layers
were used instead of batch normalization.

In the 2016 study by Cigek et al., the proposed 3D U-Net
model outperformed the 2D U-Net with a DSC of 0.863 in
semi-automated segmentation, compared to 0.796 for the
2D U-Net [23]. In this experiment, even though the batch
size of the 3D U-Net was 1 and batch normalization was
used, the 3D U-Net without any normalization layer still
achieved a DSC of 0.843, showing better performance than
the 2D model.

In Chen's 2023 study, the SYNAPSE MULTI-ORGAN
CT DATASET was segmented using various CNN models
for comparison. It was confirmed that the 3D nnU-Net and
3D TransU-Net showed higher performance than their 2D
versions (the 3D versions of nnU-Net and TransU-Net
achieved DSCs of 87.33 and 88.11, respectively, while the
2D versions achieved DSCs of 82.92 and 84.36, respect-
tively). The batch size in this experiment was 2, and both
models used instance normalization and layer normaliza-
tion instead of batch normalization [24].

III. MATERIALS AND METHODS

This study utilized Python programming language ver-
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sion 3.7.12, TensorFlow framework version 2.7.0, as the
backend for Keras version 2.7.0. Computational resources
were provided by a Tesla T4 GPU (NVIDIA, Santa Clara,
USA). Statistical analyses were performed using IBM
SPSS Statistics for Windows version 27.

This study utilized MRI images from 600 patients with
brain tumors at the Gachon University Gil Medical Center
(IRB Number: GDIRB2021-192) (Fig. 1). The MRI tech-
nique used was T1 imaging, and the tumor label data were
considered consistent when agreed upon by two radiolo-
gists. Among these, 400, 100, and 100 images were used as
training, validation, and test data, respectively.

The patients consisted of 322 males and 278 females,
with a mean age of 66.36x11.5 years and a median age of
66. The number of tumors in the patients varied from 1 to
more than 26. Among them, 267 patients (44.5%) had 5 or
fewer tumors, whereas 109 patients had 26 or more tumors.
The median, mean, and standard deviation of the tumor
counts were 7, 24.5, and 69.4, respectively (Table 1).

Table 1. Demographic data (sex, age, number of tumors) of the
patients.

The tumor sizes in the patients varied from less than 100
mm? t0>3,000 mm?3. The total number of tumors in the da-
taset was 26,400, with tumors smaller than 100 mm? ac-
counting for approximately 47.7% (12,600). The median,
mean, and standard deviation of the tumor sizes were 123.3,
470.4, and 946.3, respectively (Table 2).

The Pearson skewness coefficients for age, number of tu-
mors per patient,

and tumor size for all patients were 0.08, 0.75, and 1.1,
respectively. Pearson skewness is an indicator of the asym-
metry of data distribution, with positive values indicating
right skewness and negative values indicating left skewness.
The larger the absolute value, the greater the skewness. The
Pearson skewness (Sk) was calculated using the following
formula (1):

_ 3(X-M)
s

Sk , (1)
where Sk is Pearson skewness, X is the sample mean, M is
the median, and S is the standard deviation of the sample.

Nearest-neighbor interpolation was employed as a pre-
processing technique to scale the images and normalize
them to a size of 128x128%128 (Fig. 2).

Group Number (n=600) Ratio (%) ) . ' . .
ol n 37 The algorithm employed in this study is the Attention U-
Sex ale ‘ Net architecture. Attention U-Net is a model that enhances
Female 278 463 the performance by incorporating an attention gate algo-
20-40 16 2.7 rithm into the conventional U-Net model [25].
41-50 34 5.7 Fig. 3 illustrates the architecture of the U-Net used in this
51-60 121 20.2
Age
61-70 219 365 Table 2. Size of the brain tumors in the data used in the experi-
71-80 147 24.5 ment.
Over 80 63 10.5 Tumor size (mm?) Number (n=26,400)  Ratio (%)
1-5 267 44.5 =100 12,600 47.7
6-10 105 17.5 101-500 7,398 28.0
Brain
Number of 11-15 55 9.2 501-1,000 2,400 9.1
tumor
tumors 16=20 41 6.8 size 1,001-2,000 3,400 12.9
21-25 23 38 2,001-3,000 800 3.0
Over 26 109 18.2 Over 3,000 602 2.3

(a) (b)

Fig. 1. Examples of brain MR data used in this experiment.
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Fig. 2. Flow chart of the brain tumor segmentation experiment. BN, GN, IN stand for batch normalization, group normalization, and

instance normalization, respectively.
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Fig. 3. Architecture of 2D U-Net used in the experiment.

study. U-Net utilizes convBlocks, in which the convolution-
normalization-activation functions are sequentially ar-
ranged. For the convolution, similar to the conventional U-
Net, 3x3x3 kernels with the same padding were applied to
the 3D model, and 33 kernels were used for the 2D model.

The conventional U-Net model employs batch normali-
zation for the normalization layer. However, in this study,
for 3D U-Net, in addition to the conventional batch normal-
ization model, models using group and instance normaliza-
tion were utilized (Fig. 4). The 3D models using batch,
group, and instance normalization are referred to as the
Batch normalization (BN), Group normalization (GN), and
Instance Group normalization (IN) models, respectively.
BN, GN, and IN represent batch, group, and instance nor-
malization, respectively. The group size for group normali-
zation was fixed at a default value of 32. The 2D model uti-
lizes only batch normalization.

The original U-Net has 64 filters in its first convolution
layer. However, based on the experimental results, it was
determined that setting the number of filters in the first con-

[ o [ Ja—T

Lt

122 wp 128 =D 128 | 128 wp| 128 |

P conv
» (Conv+BN+ReLU)x2

== Skip connection
O Attention Gate

§ Maxpooling | Gating Signal

_T Upsampling

volution layer to 16 for the 2D model and to 32 for the 3D
model was more suitable. Therefore, the model was light-
weight according to the findings of the preliminary experi-
ments.

The dimensions, convolution filter numbers, and overall
structure, excluding the normalization techniques, were the
same for both the 2D and 3D U-Net models. The batch sizes
for 2D and 3D U-Net were set to 128 and 1, respectively.
Preliminary experiments confirmed that the 2D U-Net
showed the best performance with a batch size of 128. For
the 3D U-Net, it was impossible to increase the batch size
due to memory limitations. The number of epochs was set
to 200, as no further decrease in validation loss was ob-
served beyond this point. The learning rate starts at 0.001
and is reduced by a factor of 0.3 whenever there is no sig-
nificant decrease in the validation loss over five epochs.
The initial learning rate was determined by experimenting
with a wide range of values, including 0.05, 0.01, 0.005,
0.001 and 0.0005. The Adam optimizer was employed, and
the loss function used was the Dice loss. The experiments
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Fig. 4. Architecture of 3D U-Net used in the experiment. We used batch/group/instance normalization as normalization layer.

were conducted using 5-fold cross-validation.

As a post-processing step, binarization was applied to the
predicted masks obtained through model segmentation to
remove noise.

In this study, image segmentation was conducted using
both 2D and 3D artificial intelligence models, resulting in
two types of predicted masks: 2D and 3D. Because the ob-
jective of this study is to compare the performance of the
2D and 3D U-Net models, for a fair evaluation, the pre-
dicted masks from the 2D model were merged into a
128x128x128 format to align with the dimensions of the
3D model.

The model performance evaluation utilized the average
of 5-fold cross-validated DSC, precision, and recall as the
evaluation metrics.

IV. RESULTS

3D GN and IN models exhibited higher DSC and recall
values than those of the 2D model (p<0.05). The 3D IN
model showed higher DSC, precision, and recall than the
3D GN model, but these differences were not statistically
significant(p>0.05). The 3D BN model demonstrated a
lower DSC and precision than the 2D model (p<0.05),
whereas the recall was higher, although not statistically sig-
nificant (p>0.05) (Table 3).

According to the F-test results, the 3D BN model showed
a statistically higher standard deviation in DSC, precision,
and recall compared to the 2D BN model. In contrast, for
the 3D GN and IN models, no statistically significant dif-
ferences were observed compared to the 2D model in the F-
test results (p>0.05).

The time required to segment the brain tumor image of
one patient using the model was 96 ms, 110 ms, and 104 ms
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Table 3. Segmentation results for 2D/3D U-Net (mean DSC/pre-
cision/recall£SD).

Mean+STD
Model
DSC Precision Recall
3D BN 0.7340.054"V  0.7740.049"Y 0.75+0.37V
3D GN 0.7740.016" 0.824+0.008 0.7840.019"
3D IN 0.7840.014" 0.821+0.016 0.7840.013"
2D 0.7440.009 0.8240.009 0.73£0.011

In the context of comparing 3D models with 2D models, an as-
terisk (*) has been added in cases where the paired #test results in
p<0.05, and a triangle symbol (V) has been added in cases where
the F-test results in p<0.05.

for the 3D model with batch, group, and instance normali-
zation, respectively. By contrast, the 2D model took only 7
ms for the same segmentation task.

Fig. 5 shows a Bland—Altman plot comparing the DSC
results of the 3D and 2D models. Although the average DSC
of the 3D GN and IN models were higher than that of the
2D model, they did not consistently outperform the 2D
model across all datasets. Similarly, although the average
DSC of the 2D model was higher than that of the 3D BN
model, there were instances in which the 3D BN model per-
formed the segmentation better. Therefore, it was con-
firmed that a model with a higher average DSC might not
necessarily perform better segmentation across all datasets.

The model successfully segmented the images as shown
in Fig 6. However, there were instances in which the seg-
mentation accuracy was lower, as shown in Fig. 7.

V. DISCUSSION

In this study a performance comparison of brain tumor
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Fig. 5. Bland-Altman Plots of DSC for 2D and 3D Models. Bland-Altman plots for comparing DSC between 2D and 3D models are
presented in subplots A, B, and C, corresponding to BN, GN, and IN models, respectively. The average difference between the 2D and
3D models is depicted by the black line, and the 95% confidence interval is represented by the gray dashed line. Although GN and IN
models generally exhibited higher average DSC compared to the 2D model, it is important to note that they did not consistently outper-
form the 2D model in segmentation.
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Fig. 6. Successful tumor segmentation by the models. (2) MRI brain image, (b) Segmentation result of 2D U-Net, (c) Segmentation result
of 3D BN U-Net, (d) Segmentation result of 3D GN U-Net, (e) Segmentation result of 3D IN U-Net, (f) Ground truth label.

(b) (c) (d)

Fig. 7. Cases with low segmentation accuracy. (top) false negatives, (bottom) false positives. (a) MRI brain image, (b) Segmentation
result of 2d u-net, (c) Segmentation result of 3D BN U-Net, (d) Segmentation result of 3D GN U-Net, (e) Segmentation result of 3D IN

U-Net, (f) Ground truth label.
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image segmentation was conducted using 2D and 3D U-Net
models.

The 3D GN and IN models exhibited a higher DSC and
recall than the 2D model, with no significant difference in
precision. In contrast, the 3D BN model showed a lower
DSC, precision, and recall than the 2D model. The 3D IN
model demonstrated the highest DSC, precision, and recall
among all the models, and the 3D GN model also showed a
segmentation performance high enough to have no statisti-
cally significant difference compared with the IN model.

In terms of the F-test results for the standard deviation
across folds, the 3D GN and IN models showed no signifi-
cant differences compared to the 2D model. However, the
BN model exhibited a considerably larger standard devia-
tion than the 2D model.

Batch normalization smoothens the loss function during
training, thereby aiding the model in effectively converging
to a global minimum. However, in our experiment, the 3D
model had a small batch size, rendering the batch normali-
zation less effective. Therefore, the 3D BN model would
have had difficulty converging to the global minimum. This
is presumed to be a contributing factor to the observed low
performance and high standard deviation of the 3D BN
model.

However, models utilizing group normalization and in-
stance normalization, which are not affected by batch size,
appear to better leverage the potential of 3D structures.

Beyond the performance, notable distinctions were ob-
served between the 3D GN and IN models and the 2D
model. First, the 2D model struggled to effectively identify
the upper and lower ends of the tumor compared with the
3D GN and IN models. This phenomenon is likely attribut-
able to the tendency of brain tumors to have smaller cross-
sectional areas towards the distal end. In slices at the distal
end of the tumor, the tumor area can be very small, posing
a challenge for the 2D model because it cannot leverage
contextual information across slices. In contrast, 3D models
that do not segment on a slice-by-slice basis exhibit a better
tendency to segment the distal end of the tumor. The ad-
vantage of 3D models in utilizing context information
across slices may contribute to improved performance as
technology evolves or the dataset expands.

Second, the 3D model demonstrated a higher recall/pre-
cision ratio than the 2D model. It is crucial to detect all
brain tumors during their diagnosis. However, a low recall
implies a higher likelihood of overlooking existing tumors,
potentially leading to the failure of early and accurate diag-
nosis.

In summary, the 3D GN and IN models outperformed the
2D model in terms of both overall performance and having
a higher potential, particularly in achieving a relatively
higher recall. However, its superiority over the 2D model
was not consistent across all aspects.
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The 2D model exhibited advantages in terms of training
time, requiring more than twice the time per step during
training, and the application time was more than 13 times
shorter than that of the 3D models.

Additionally, as evident in the Bland Altman plots, it was
not always the case that the 3D GN and IN models consist-
ently outperformed the 2D model in segmentation; in some
instances, the segmentation by the 2D model was more ac-
curate. Because 3D models can utilize information between
slices, they are likely to have higher accuracy in regions
where inter-slice information is important. However, due to
the greater complexity of the model, they may be more
prone to overfitting, which could explain the lower perfor-
mance in specific cases. Complex models require more data
for adequate generalization, indicating that more data
would be necessary [26]. Additionally at this stage, it would
be beneficial to leverage the advantages of both 2D and 3D
structures, possibly through hybrid approaches that incor-
porate both structures.

In this experiment, the DSC, precision, and recall of the
Al segmentation results were not high compared to those in
other studies. This could be attributed to the fact that the
dataset used in this experiment contained numerous images
of small and abundant brain tumors compared to the da-
tasets used in other studies.

Additionally, the group size for group normalization was
fixed at a default value of 32. Therefore, future research
should involve experiments with a larger dataset, experi-
ments using brain tumor images with, on average, larger
sizes, and experiments comparing different group sizes for
group normalization.

As advancements in technology may enable the use of
larger batch sizes in 3D U-Net models in the future, further
experiments will be necessary to determine which normali-
zation layer will be the most effective under those condi-
tions.

VI. CONCLUSION

A comparison of 2D U-Net and 3D U-Net for brain tu-
mor image segmentation in this study revealed that the best
performance was achieved by 3D U-Net utilizing group or
instance normalization.

Therefore, when using 3D U-Net, if a large batch size
cannot be used, it is effective to use instance normalization
(IN) or group normalization (GN) instead of batch normal-
ization.

Subsequent studies should explore more extensive da-
tasets, larger tumor sizes, and varying group sizes for group
normalization.
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