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only minor declines on the more heterogeneous BraTS2021 dataset.
Medical image segmentation; Notably, SepU-Net delivers a 32.34% improvement in Tumor Core
segmentation and a 10.14% gain in Enhancing Tumor segmentation over
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Computational efficiency; (0.9921/0.9915) across datasets. SepU-Net requires only 8.3 GFLOPs per
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to balance accuracy and efficiency, enabling real-time segmentation in
clinical settings. Future work will integrate attention mechanisms and
extend the architecture to 3D for enhanced spatial context.
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1. Introduction

Accurate segmentation of brain tumors in magnetic resonance imaging (MRI) is crucial for
diagnosis, treatment planning, and monitoring patient progress [1], [2]. Manual delineation by
specialists is not only time-consuming butalso subjectto significant inter-observer variability,
especially when tumor boundaries are complex or ambiguous. As a result, there is an increasing demand
for automated, reliable, and consistent segmentation solutions [3], [4].

Convolutional neural networks (CNNs) [5], particularly the U-Net architecture, have become the
standard for medical image segmentation due to their ability to extract multi-scale features and preserve
spatial information through skip connections [6], [7]. However, conventional U-Net models are
parameter-heavy and require substantial computational resources and memory, posing challenges for
deployment on resource-constrained devices such as mobile workstations or embedded systems in
clinical settings [4], [8], [9]-

To address these limitations, recent research has focused on developing lightweight U-Net variants
that balance segmentation accuracy with computational efficiency. Among these, SepU-Net stands out
by replacing all standard convolutions with Depthwise Separable Convolutions and integrating the
Efficient Channel Attention (ECA) mechanism [10]-[12], substantially reducing the number of
parameters and computational cost while maintaining competitive segmentation performance.
Additionally, SepU-Net optimizes skip connections and regularization techniques, further improving
model stability and generalization [9], [13]. Unlike previous studies that typically evaluate on a single
dataset, this work extends the assessment of SepU-Net to both the BraTS2020 [14] and the more
heterogeneous BraTS2021 [15], [16] datasets, which better reflect real-world clinical diversity. SepU-
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Net is systematically compared with the conventional U-Net and other lightweight models in terms of
segmentation accuracy, computational efficiency, training speed, and memory usage [7], [13]. In this
study, the Result show that SepU-Net maintains high performance across major tumor regions with
strong Dice scores, while reducing parameters by 69.3% and GFLOPs by 58.5% compared to the
original U-Net [16], confirming its practical potential for deployment in resource-limited clinical
environments

1.1. BraT$S 2020 Data and Pre-processing

This study utilizes the BraTS2020 dataset for brain tumor segmentation, specifically focusing on two
selected MRI modalities as input channels and their corresponding manual segmentation labels as
ground truth [14], [17]. These labels delineate three crucial tumor sub-regions: Necrotic and Non-
Enhancing Tumor Core (NCR/NET), Peritumoral Edema (ED), and Enhancing Tumor (ET) [18].

The dataset is provided in NIfT1 format (.nii.gz), containing 3D image volumes. We use the NiBabel
library to convert these 3D images into 2D slices for model input [19], [20]. For a deeper understanding
of how NiBabel works, let's look at an example in Figure 1. As shown in Figure 2, each subject contains
four MRI modalities and a ground truth segmentation mask, which are extracted into separate 2D
datasets. Figure 3 presents examples of FLAIR images and corresponding ground truth masks after
preprocessing.
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Figure 1. Illustrate the data preprocessing process using NiBabel, including the steps of intensity normalization,
3D—2D slicing, and histogram equalization [20)].

Figure 1 shows a table with MRI slices, labeled from File slice #12 to File slice #01. Each row
represents a slice, with a Slice code indicating its position (e.g., "1st", "2nd", etc.). Some slices are
labeled as "Not MRI acquired” or padded slices, meaning they are not actual MRI data but filler data
[20].

For example, below

Let: Sgrqrt = #02; Sonq = #11 represent the first and last slice indices (typically along the Z-
axis).

= N =Sena — Sstare =10

At is slice duration(time taken to acquire one slice); t, is offset time(time at which
acquisition starts)

N is the number of slices along the Z-axis.

MRI acquisition order (even/odd interleave):

MRI slices may be acquired in interleaved order to reduce interference. The acquisition index K; for

slice j is computed as [21] (1):
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This ordering helps preserve the temporal consistency of slice acquisition.
Slice acquisition time [21]:
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Figure 2. Different modalities MRI and a Mask channel of MRI’s BraTS2020; (a) Image FLAIR; (b) Image T1;
(c) Image T1lce ; (d) Image T2 ;(e) Image Mask.

Figure 2 provides four MRI modalities and a ground truth segmentation mask for brain tumor
analysis from BraTS2020 datasets [14]: (@) FLAIR is a T2-weighted pulse sequence modified to
suppress cerebrospinal fluid signals, thereby highlighting peritumoral edema as hyperintense
regions. (b)T1-weighted images deliver soft-tissue (c) Contrast-enhanced T1-weighted (T1ce) images
acquired after gadolinium injection accentuate leaky vasculature, enabling precise segmentation of the
enhancing tumor sub-region (ET). (d) Standard T2-weighted images depict fluid and pathological
changes as hyperintense signals, supporting edema visualization but with lower specificity compared to
FLAIR.

We extracted all the 2D MRI data from the 3D dataset for BraTS 2020. For this study, two modalities
(FLAIR and T1ce) used for training and testing were selected as input channels, along with the ground
truth segmentation. The Figure 3 presents all slices from an example FLAIR modality of the dataset; the
remaining modalities are displayed in the same way.
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a) Total FLAIR slices are pre-processed. b) Total Ground truth slices are pre-processed.

Figure 3. Two sets of FLAIR and Ground Truth in a Brain.
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1.2. The main Architecture of SepU-Net

Based on the U-Net model [7], [22], Depthwise Separable Convolutions [23], and Pointwise
Convolutions [24], for MRI image segmentation, we suggest a novel architecture termed SepU-Net,
which has brought significant improvements in speed and complexity (the proposed model has a
considerably lower number of parameters compared to equivalent models), while also enhancing the
overall accuracy of the model. This section begins by providing a detailed explanation of the Depthwise
Separable Convolutions described in Figure 4, which are used to create the SepU-Net architecture and
reduce the number of parameters in the model. We will go into detail about the three primary parts of
the SepU-Net architecture, which are Down Block, Up Block, and Bottleneck Block. Finally, the SepU-
Net architecture's specifics will be discussed.

Cout

""// 7
W *

H

Depthwise —
Convolution Pointwise
Convolution
Figure 4. Description of Depthwise Separable Convolution.

Depthwise Separable Convolution is an optimal operation that minimizes the number of parameters
while preserving comparable performance [23], [24]. The number of filters in a traditional convolution
is equal to the number of output feature map channels, and the depth of a filter is comparable to the
number of input channels. As a result, the input channels and spatial information are mixed to create
each output element. However, as Figure 4 shows, Depthwise Separable Convolution is made up of two
architectures: Depthwise Convolution and Pointwise Convolution. A feature map of the same size as the
input is produced by Depthwise Convolution, which convolves each input channel independently with
its matching filter. To combine the unique information retrieved from the final feature map, Pointwise
Convolution is carried out after Depthwise Convolution is finished. Pointwise Convolution is an
operation that is identical to a regular convolution with a filter size of 1 x 1 [25].

Global Average Pooling
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Figure 5. Overview of the Efficient Channel Attention (ECA) Block.

Efficient Channel Attention (ECA) block is an extremely lightweight channel-attention module that
automatically adjusts the importance of each feature map without significantly increasing computational
complexity. Specifically, ECA performs global average pooling and applies a 1D convolution to capture
local inter-channel relationships. This allows the model to adaptively emphasize important channels,
improving the model's ability to segment complex tumor regions while maintaining computational
efficiency. Unlike other attention mechanisms such as Squeeze-and-Excitation (SE) [26], [27] or
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Convolutional Block Attention Module (CBAM) [28], the ECA does not reduce the channel dimensions,
preserving the full capacity of the feature maps and making it an ideal choice for lightweight models
like SepU-Net. First, it applies global average pooling to the input tensor to produce a channel descriptor
vector; next, it uses a one-dimensional convolution with kernel size k, which is automatically determined
based on the number of channels, to model interactions between each channel and its k neighboring
channels; finally, it applies a sigmoid activation to generate attention weights that amplify or attenuate
each channel’s response. By restricting connections to only k local channels and avoiding any reduction
in channel dimensionality, ECA preserves a direct correspondence between inputs and attention weights
while incurring minimal parameter overhead, making it ideal for integration into lightweight CNN
architectures (Figure 5) [29], [30].
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Figure 6. The SepU-Net architecture consists of three main building blocks: the Down Block, the Bottleneck
Block, and the Up Block.

By replacing traditional convolutions with Depthwise Separable Convolutions, SepU-Net reduces
the number of parameters by 69.3%, making it highly efficient in terms of both memory usage and
computational cost, which is essential for real-time segmentation in resource-limited environments. The
architecture consists of three main building blocks: Down Block, Bottleneck Block, and Up Block (show
as Figure 6).

Down Block: Each Down Block contains two Depthwise Separable Convolutions (kernel 3x3,
padding='same’), each followed by a ReLU activation function [31], then Dropout layer (rate = 0.2) to
reduce overfitting [32]. and finally, a MaxPooling2D operation (2x2) to halve the spatial resolution [33].
The ECA module recalibrates channel responses immediately after these convolutions. A 2x2 max-
pooling layer then halves the spatial dimensions, and the pre-pooled tensor is stored for skip connections,
preserving high-resolution details for the decoding path [34], [35].

Bottleneck Block: The Bottleneck Block adopts a residual dual-branch design: the main branch
comprises three separable convolutions interleaved with Batch Normalization and ReLU (post-first
normalization) plus dropout (rate=0.2), while the shortcut branch performs a single separable
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convolution and Batch Normalization. ECA is applied to the main branch output before element-wise
addition with the shortcut branch, and a final ReLU activation refines the fused features, ensuring
effective information flow despite network slimming.

Up Block: Each Up Block begins with a Conv2DTranspose layer (kernel 2x2, stride 2) for
upsampling [35]. concatenates with the corresponding encoder feature map via skip connection [15],
[22], and applies two Depthwise Separable Convolutions (kernel 3x3, padding="same’, ReLU). The ECA
module at the end of this block refines the concatenated feature map by emphasizing salient channels,
completing the decoder stage with minimal latency. SepU-Net processes 128x128-pixel two-channel
inputs (T1ce and FLAIR) and predicts multi-class segmentation masks for Necrotic Core, edema, and
enhancing tumor. It is trained with the Adam optimizer (learning rate=0.001) using categorical cross-
entropy loss and dropout regularization [14]. Segmentation performance is quantified by accuracy,
means Intersection-over-Union (mloU), and Dice coefficient.

2. Experiments and Results

Having established the SepU-Net architecture with its lightweight design principles, we now evaluate
its performance through comprehensive experiments on the BraTS2020 and BraTS2021 datasets.

Database: The study utilizes the BraTS2020 dataset [14], [18], which contains 3D multimodal MRI
scans divided into 221 training volumes, 74 validation volumes, and 74 test volumes. These 3D volumes
are converted into 2D axial slices, resulting in 285,975 slices for training, 11,500 for validation, and
11,500 for testing. This preprocessing step ensures compatibility with standard 2D convolutional neural
network architectures while preserving spatial and contextual tumor features.

Training Produce: In this experiment, we focused on designing a SepU-Net architecture from an
existing U-Net architecture [36], which excellently won the gold medal at BraTS2020 on Kaggle. In the
original SepU-Net architecture, we achieved positive improvements, and it can be integrated into low-
configuration devices; details can be seen in Table 1 and Table 2.

Table 1. Comparative Performance and Computational Efficiency of U-Net and SepU-Net on BraTS2020

Dataset.
Metric/Parameter U-Net [36] SepU-Net Relative Difference
Parameters 7,759,908 2,385,110 169.3%
GFLOPs ~20 ~8,3 1 58.5%
Test Loss 0.0179 0.0183 12.23%
Accuracy 0.9941 0.9938 10.03%
Mean loU 0.8312 0.8420 1 1.3%
Dice Coefficient 0.6512 0.8460 129.91%
Dice - Necrotic Core 0.6559 0.8680 1 32.34%
Dice - Edema 0.7894 0.8212 14.03%
Dice - Enhancing Tumor 0.7457 0.8513 110.14%
Precision 0.9944 0.9940 10.04%
Sensitivity 0.9927 0.9921 10.06%
Specificity 0.9981 0.9979 10.02%
Inference Time (per epoch) 28s 28s ~ 0%

Based on the results in Table 1, SepU-Net demonstrates substantial improvements in computational
efficiency compared to the conventional U-Net architecture. Specifically, SepU-Net achieves a 69.3%
reduction in trainable parameters (2,385,110 vs. 7,759,908) and requires 58.5% fewer GFLOPs per
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inference (8.3 vs. 20), making it highly suitable for deployment on resource-constrained devices. In
terms of segmentation performance, SepU-Net delivers a 29.91% higher overall Dice Coefficient
(0.8460 vs. 0.6512) and a 32.34% improvement for Necrotic Core segmentation (Dice: 0.8680 vs.
0.6559). Notably, SepU-Net achieves a 10.14% increase in Dice for the Enhancing Tumor region
(0.8513 vs. 0.7457) and a 4.03% increase for Edema segmentation (0.8212 vs. 0.7894). Both models
achieve comparable accuracy (0.9941 for U-Net, 0.9938 for SepU-Net), mean loU, precision,
sensitivity, and specificity, with only marginal differences (all less than 0.1%). The training time per
epoch is nearly identical (28 seconds for both models), further confirming SepU-Net’s efficiency.

To verify the stability and generalizability of SepU-Net, we conducted additional evaluation on the
BraTS2021 dataset [16], which was provided by the Radiological Society of North America (RSNA),
American Society of Neuroradiology (ASNR), and Medical Image Computing and Computer Assisted
Interventions (MICCAI). Note that, unlike BraTS2020, the BraTS2021 dataset includes only testing data
and does not include training data. This distinction may partially explain the slight decrease in
segmentation performance of SepU-Net when compared to the results on BraTS2020, where the model
was evaluated on both the training and testing data.

Table 2. Comparative Performance and Computational Efficiency of SepU-Net on BraTS2020 and BraTS2021
Datasets with 11,500 slices for testing and evaluation.

Group Metric/Parameter SepU-Net (BraTS 2020)  SepU-Net (BraTS 2021)
GFLOPs ~8.3 ~8.6
General Metrics
Test Loss 0.0183 0.023
Accuracy 0.9938 0.994
Segmentation 42 10U 0.842 0.8318
Performance
Dice Coefficient 0.846 0.8325
Precision 0.994 0.9942
Other Metrics Sensitivity 0.9921 0.9915
Specificity 0.9979 0.988

Table 2 presents the segmentation performance and computational efficiency of SepU-Net on both
the BraTS2020 and BraTS2021 datasets, using 11,500 slices for testing and evaluation. In terms of
computation, the GFLOPs of SepU-Net increased slightly from 8.3 (BraTS2020) to 8.6 (BraTS2021),
indicating that the model maintains high computational efficiency despite a minor increase in
computational demand. Although Test Loss increases slightly from 0.0183 (BraTS2020) to 0.023
(BraTS2021), this reflects the higher complexity and increased variability of the BraTS2021 dataset.

Regarding segmentation performance, Accuracy remains very high on both datasets, with 0.9938 on
BraTS2020 and 0.994 on BraTS2021, showing that SepU-Net maintains stable performance when
handling a more complex dataset. However, segmentation metrics such as Mean loU and Dice
Coefficient show a slight decrease when moving from BraTS2020 to BraTS2021, with Mean loU
dropping from 0.842 to 0.8318, and Dice Coefficient decreasing from 0.846 to 0.8325. These changes
reflect the higher difficulty and diversity of BraTS2021 compared to BraTS2020, resulting in a small
decrease in segmentation performance. Despite these changes, Precision and Sensitivity remain high,
with Precision at 0.994 and Sensitivity at 0.9921 (BraTS2020) and 0.9915 (BraTS2021), showing that
the model continues to accurately classify and detect tumors across both datasets. Specificity drops
slightly from 0.9979 (BraTS2020) to 0.988 (BraTS2021), reflecting a small decrease in the model’s
ability to classify true negatives when dealing with the more complex BraTS2021 dataset.

Summary: Based on the results presented in Table 2 and Table 3 SepU-Net stands out as a highly
efficient and stable model for medical image segmentation, offering significant improvements over the
traditional U-Net architecture. The model achieves remarkable computational efficiency, drastically
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reducing the number of trainable parameters and the required computational resources (GFLOPs),
making it highly suitable for resource-constrained environments. Despite these reductions, SepU-Net
shows superior segmentation performance, especially in key tumor regions, such as the Necrotic Core,
Enhancing Tumor, and Edema, providing notable improvements over U-Net. Additionally, SepU-Net
maintains a stable and reliable performance across both BraTS2020 and BraTS2021 datasets, which
vary in complexity. On both datasets, SepU-Net demonstrates strong segmentation results with high
accuracy, precision, and sensitivity, showing its robustness in handling different levels of dataset
difficulty. Even with slight decreases in some metrics when transitioning to the more complex
BraTS2021, the model remains highly effective, proving its stability and versatility across diverse and
challenging datasets. Overall, SepU-Net offers a highly efficient and stable solution for segmentation
tasks, with clear advantages over U-Net in terms of computational cost and consistent performance
across multiple datasets.

Table 3. Comparison of SepU-Net and Lightweight Architectures on BraTS2020.

Dice Dice Dice Main

Model Parameters GFLOP (ET) (NCR/NET) (TC) Advantages Limitations
Lower
SepU-Net Lightest, fast, performance on
(Prg osed) ~2.39M ~8.3 0.8513 0.8420 0.8460 mobile/edge- ET/TC vs.
P friendly ~ SGEResU-Net,
EfficientNetB4
Residual + More complex,
SGEng]U-Net ~3.5M ~15 0.8331 0.9164 0.8685 attention, high requires stronger
segmentation hardware
Highest
- i Very heavy, not
EfficientNetB4- oM ~120 0851 0903 08795  %UEY:  giitapile for mobile
Unet [37] multi-scale
. or embedded
attention
Good balance, ET performance
LIU-Net [9] ~1.5M ~8 0.8646 0.9027 0.9092 Inception lower than
blocks SGEResU-Net
Multi-branch, Increased
MBDFE;;U'N‘“ ~3M ~12 0846 0912 0.846 dilated conv,  computational
multi-scale complexity

The Table 3 presents a side-by-side comparison of SepU-Net and four other lightweight segmentation
models on the BraTS2020 dataset. Despite having the fewest parameters (~2.39 M) and one of the lowest
computational costs (~8.3 GFLOPs), SepU-Net achieves Dice scores of 0.8513 (ET), 0.8420 (NCR/NT)
and 0.8460 (TC). By contrast, SGEResU-Net attains a 2.96 % higher Dice on the enhancing tumor
region (0.8765 vs. 0.8513) but requires nearly 50 % more parameters (~3.5 M) and almost twice the
computational power (~15 GFLOPSs). This corresponds to roughly a 40 % reduction in memory footprint
for SepU-Net and allows deployment on mobile or edge devices with extended battery life. Such a
favorable trade-off between accuracy and efficiency is crucial for time-sensitive clinical scenarios, such
as intraoperative tumor localization, where rapid on-site inference is required.

This trade-off between performance and computational efficiency highlights SepU-Net's design
philosophy, which prioritizes embedded systems overachieving the highest accuracy in every
segmentation task. In comparison, other architectures like SGEResU-Net, EfficientNetB4-Unet, and
LIU-Net leverage advanced components such as residual connections, attention mechanisms, and multi-
scale feature extraction to achieve higher Dice scores and more robust segmentation, especially for small
or complex tumor regions. However, these models are more demanding in terms of hardware and are
less suited for mobile or embedded applications.
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Therefore, the choice between SepU-Net and other lightweight models should depend on the specific
application requirements, particularly whether computational efficiency or segmentation accuracy is the
priority. SepU-Net is ideal for environments where computational resources are limited but still requires
a strong balance between segmentation quality and performance.

BraTS2020
FLAIR

Tlce

(@) (b) (© (d) (€ ®
Figure 7. Presents the multi-class segmentation performance of SepU-Net on representative axial slices from the
BraTS2020 and BraTS2021 testing datasets; (a) The original FLAIR or T1ce Images; (b) The Ground Truth; (c)
Red zone: Necrotic Core (NCR/NET); (d) Green zone: Peritumoral edema (ED); (e) Magenta zone: Enhancing
tumor (ET).

Result: FFigure 7, presents the multi-class segmentation performance of SepU-Net on representative
axial slices from the BraTS 2020 and BraTS 2021 testing datasets. This Figure is divided into the
following sections: (a) The original FLAIR or T1ce images, which serve as the input modalities; (b) The
ground truth annotations for the tumor regions; (c) The red zone represents the Necrotic Core
(NCR/NET), indicating the non-viable central tumor area; (d) The green zone highlights the Peritumoral
Edema (ED), corresponding to the swelling and surrounding tissue affected by the tumor; (e) The
magenta zone marks the Enhancing Tumor (ET), which indicates the actively growing and contrast-
enhanced portion of the tumor. These zones clearly demonstrate how the SepU-Net model accurately
segments and distinguishes between different tumor regions across both the BraTS 2020 and BraTS
2021 datasets. By comparing the results from the FLAIR and T1ce modalities, we can observe the
complementary roles they play in achieving precise tumor delineation.

JTE, Volume 21, Issue 01, 02/2026 43



JTE JOURNAL OF TECHNICAL EDUCATION SCIENCE
Ho Chi Minh City University of Technology and Engineering

Website: https:/jte.edu.vn

ISSN: 2615-9740 Email: jte@hcmute.edu.vn

HCM-UTE

3. Conclusions

In this study, we proposed SepU-Net, a lightweight and efficient deep learning architecture for brain
tumor segmentation on MRI images. By systematically replacing standard convolutions with Depthwise
Separable Convolutions and integrating an efficient channel attention mechanism, SepU-Net achieves a
substantial reduction in model parameters and computational cost while maintaining strong
segmentation performance. Through comprehensive experiments on both the BraTS2020 and the more
challenging BraTS2021 datasets, SepU-Net demonstrated its robustness and generalizability.
Specifically, the model maintained high accuracy, mean loU, and Dice coefficients across both datasets,
with only minor declines observed on BraTS2021 due to its increased heterogeneity and complexity.

The comparative results confirm that SepU-Net consistently delivers reliable segmentation of all
tumors sub-regions, including Necrotic Core, edema, and enhancing tumor. while offering significant
advantages in computational efficiency compared to conventional U-Net and other lightweight models.
These findings highlight SepU-Net’s suitability for deployment in resource-constrained clinical
environments, where both accuracy and efficiency are critical. While the model’s performance remains
strong, the slight reduction in segmentation metrics on BraTS2021 suggests that further improvements
could be achieved by incorporating more advanced attention mechanisms or extending the model to 3D
architectures. Future work will focus on these directions to further enhance SepU-Net’s ability to handle
complex and diverse clinical data.

Overall, SepU-Net provides a practical and effective solution for automatic brain tumor segmentation
in real-world medical imaging scenarios, supporting more accessible and timely diagnosis and treatment
planning, especially in settings with limited computational resources.

Future work will focus on integrating advanced attention mechanisms into SepU-Net to enhance
feature representation and improve segmentation performance for challenging regions such as
peritumoral edema. Additionally, extending the architecture to fully 3D implementations is a promising
direction to better capture volumetric context and spatial continuity, which are critical for
comprehensive brain tumor analysis.
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